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Preface

The objective of the 14th International Advanced Computing Conference (IACC 2024)
was to bring together researchers, developers, and practitioners fromacademia and indus-
try working in the domain of advanced computing. Researchers were invited to share
their thoughts and present recent developments and technical solutions in the domains of
Generative AI, Advances in Machine Learning and Deep Learning, Advances in Appli-
cations ofArtificial Intelligence in InterdisciplinaryAreas, Reinforcement Learning, and
Advances in Data Science. The conference took place on the 13th and 14th December
2024 in Bali, Indonesia. All editions of the series are successfully indexed in ISI, Scopus,
DBLP, Compendex, SJR, Google Scholar, etc.

The conference followed a single-blind review process and had the policy of at least
two reviews per paper. This year’s conference received 89 submissions, of which 17
articles were accepted. The conference has a track record of acceptance rates ~19% in
the last 13 years. More than 12 IEEE/ACMFellows hold key positions on the conference
committee, giving it a quality edge. In the last 13 years the conference citation score has
been consistently increasing.

This has been possible due to adherence to quality parameters of the review process
and acceptance rate without any exceptions, which allows us to make some of the best
research available through this platform.
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Suneet Kumar Gupta
Mohammad Najafzadeh



Organization

Honorary Co-chairs

Sundaraja Sitharama Iyengar Florida International University, USA
Sartaj Sahni University of Florida, USA
Jagannathan Sarangpani Missouri University of Science and Technology,

USA
Ajith Abraham Bennett University, India
P. N. Suganthan Qatar University, Qatar
Jaume Anguera Universitat Ramon Llull, Spain
Joel J. P. C. Rodrigues Federal University of Piauí (UFPI), Brazil

General Co-chairs

Deepak Garg SR University, India
Suneet K. Gupta UPES, India
Vishnu Pendyala San José State University, USA
Mohammad Najafzadeh Graduate University of Advanced Technology,

Iran

Program Co-chairs

Kit Wong University College London, UK
George Ghinea Brunel University London, UK
Carol Smidts Ohio State University, USA
Ram D. Sriram National Institute of Standards & Technology,

USA
Sanjay Madria University of Missouri, USA
Marques Oge Florida Atlantic University, USA
Vijay Kumar University of Missouri-Kansas City, USA
Ajay Gupta Western Michigan University, USA
Xiaochun Cheng Middlesex University London, UK



viii Organization

Technical Program Committee/International Advisory Committee

Shivani Goel SR University, India
Sumeet Dua Louisiana Tech University, USA
Roger Zimmermann National University of Singapore, Singapore
B. V. R. Chowdari NUS, Singapore & Nanyang Technological

University, Singapore
Hari Mohan Pandey Edge Hill University, UK
Selwyn Piramuthu University of Florida, USA
Bharat Bhargava Purdue University, USA
Omer F. Rana Cardiff University, UK
Javed I. Khan Kent State University, USA
Harpreet Singh Wayne State University, USA
Rajeev Agrawal North Carolina A&T State University, USA
P. Prabhakaran St. Joseph University, Tanzania
Yuliya Averyanova National Aviation University, Ukraine
Mohammed M. Banet Jordan University of Technology, Jordan
Dawid Zydek Idaho State University, USA
Wensheng Zhang Iowa State University, USA
Bal Virdee London Metropolitan University, UK
Qun Wu Harbin Institute of Technology, China
Anh V. Dinh University of Saskatchewan, Canada
Lakshman Tamil University of Texas, USA
P. D. D. Dominic Universiti Teknologi Petronas, Malaysia
Zablon Akoko Mbero University of Botswana, Botswana
V. L. Narasimhan University of Botswana, Botswana
Kin-Lu Wong National Sun Yat-sen University, Taiwan
Pawan Lingras Saint Mary’s University, USA
P. G. S. Velmurugan Thiagarajar College of Engineering, India
N. B. Balamurugan Thiagarajar College of Engineering, India
Mahesh Bundele Poornima University, India
N. Venkateswaran Sri Sivasubramaniya Nadar College of

Engineering, India
S. Sundaresh IEEE Madras Section, India
Premanand V. Chandramani SSN College of Engineering, India
Mini Vasudevan Ericsson India Pvt. Ltd., India
P. Swarnalatha VIT, India
P. Venkatesh Thiagarajar College of Engineering, India
B. Venkatalakshmi Velammal Engineering College, India
M. Marsalin Beno St. Xavier’s Catholic College of Engineering,

India
M. Arun VIT, India



Organization ix

Porkumaran K. NGP Institute of Technology, India
D. Ezhilarasi NIT Tiruchirappalli, India
Ramya Vijay SASTRA University, India
S. Rajaram Thiagarajar College of Engineering, India
B. Yogameena Thiagarajar College of Engineering, India
S. Joseph Gladwin SSN College of Engineering, India
D. Nirmal Karunya University, India
N. Mohankumar SKP Institute of Technology, India
A. Jawahar SSN College of Engineering, India
K. Dhayalini K. Ramakrishnan College of Engineering, India
Diganta Sengupta Meghnad Saha Institute of Technology, India
Supriya Chakraborty Amity University, India
Mamta Arora Manav Rachna University, India
Om Prakash Jena Ravenshaw University, India
Sandeep Singh Sengar University of Copenhagen, Denmark
Murali Chemuturi Chemuturi Consultants, India
Madhu Vadlamani Cognizant, India
A. N. K. Prasannanjaneyulu Institute of Insurance and Risk Management,

India
O. Obulesu G. Narayanamma Institute of Technology &

Science, India
Rajendra R. Patil GSSSIETW, India
Ajay Kumar Chitkara University Institute of Engineering &

Technology, India
D. P. Kothari THDC Institute of Hydropower Engineering and

Technology, India
T. S. N. Murthy JNTUK Vizianagaram, India
Nitesh Tarbani Sipna College of Engineering & Technology,

India
Jesna Mohan Mar Baselios College of Engineering and

Technology, India
Manoj K. Patel CSIR, India
Pravati Swain NIT Goa, India
Manoj Kumar University of Petroleum and Energy Studies, India
E. S. Gopi National Institute of Technology Tiruchirappalli,

India
Mithun B. Patil NKOCET, India
Priya Saha LPU, India
Sahaj Saxena Thapar Institute of Engineering and Technology,

India
Dinesh G. Harkut Prof Ram Meghe College of Engineering &

Management, India
Pushpendra Singh National Institute of Technology Hamirpur, India



x Organization

Nirmala J. Saunshimath Nitte Meenakshi Institute of Technology, India
Mayank Pandey MNNIT, India
Sudeep D. Thepade Pimpri Chinchwad College of Engineering, India
Pimal Khanpara Nirma University, India
Rohit Lalwani MIT University of Meghalaya, India
Loshma Gunisetti Sri Vasavi Engineering College, India
Vishweshwar Kallimani University of Nottingham, UK
Amit Kumar Mishra DIT University, India
Pawan Whig Vivekananda Institute of Professional Studies,

India
Dhatri Pandya Sarvajanik College of Engineering and

Technology, India
Asha S. Manek RV Institute of Technology and Management,

India
Lingala Thirupathi Methodist College of Engineering & Technology,

India
P. Mahanti University of New Brunswick, Canada
Basanta Joshi Tribhuvan University, Nepal
S. R. N. Reddy IGDTUW, India
Mehran Alidoost Nia University of Tehran, Iran
Ambili P. S. Saintgits Group of Institutions, India
M. A. Jabbar Vardhaman College of Engineering, India
Lokendra Kumar Tiwari Ewing Christian College, India
Abhay Saxena Dev Sanskriti Vishwavidyalaya, India
Kanika Bansal Chitkara University, India
Pooja M. R. Vidyavardhaka College of Engineering, India
Pranav Dass Bharati Vidyapeeth’s College of Engineering,

India
Avani R. Vasant Babaria Institute of Technology, India
Bhanu Prasad Florida A&M University, USA
Barenya Bikash Hazarika NIT Arunachal Pradesh, India
Ipseeta Nanda Gopal Narayan Singh University, India
Satyendra Singh Bhartiya Skill Development University, India
Sudip Mandal Jalpaiguri Govt. Engineering College, India
Naveen Kumar IIIT Vadodara, India
Parag Rughani National Forensic Sciences University, India
K. Shirin Bhanu Sri Vasavi Engineering College, India
R. Malmathanraj NITT, India
Latika Singh Ansal University, India
Gizachew Hailegebriel Mako Ethio telecom, Ethiopia
Tessy Mathew Mar Baselios College of Engineering and

Technology, India



Organization xi

Grzegorz Chodak Wrocław University of Science and Technology,
Poland

Neetu Verma D.C.R.U.S.T Murthal, India
Sharda A. Chhabria G H Raisoni Institute of Engineering &

Technology, India
Neetesh Saxena Cardiff University, UK
R. Venkatesan Ministry of Earth Sciences, India
V. Jayaprakasan IEEE Madras Section, India
D. Venkata Vara Prasad SSN College of Engineering, India
Jayakumari J. Mar Baselios College of Engineering and

Technology, India
P. A. Manoharan IEEE Madras Section, India
S. Salivahanan IEEE Madras Section, India
P. Santhi Thilagam National Institute of Technology Karnataka, India
Umapada Pal Indian Statistical Institute, India
S. Suresh NIT Trichy, India
V. Mariappan NIT Trichy, India
T. Senthil Kumar Anna University, India
S. Chandramohan JNTUA College of Engineering, India
D. Devaraj Kalasalingam Academy of Research &

Education, India
J. William Agnel Institute of Technology & Design, India
R. Kalidoss SSN College of Engineering, India
R. K. Mugelan Vellore Institute of Technology, India
V. Vinod Kumar Government College of Engineering Kannur,

India
R. Saravanan VIT, India
S. Sheik Aalam iSENSE Intelligence Solutions, India
E. Srinivasan Pondicherry Engineering College, India
B. Surendiran National Institute of Technology Puducherry,

India
Varun P. Gopi NIT Tiruchirappalli, India
V. Vijaya Chamundeeswari Velammal Engineering College, India
T. Prabhakar GMRIT, India
V. Kamakoti IIT Madras, India
N. Janakiraman KLN College of Engineering, India
V. Anandakrishanan NIT Trichy, India
R. B. Patel MMEC, India
Adesh Kumar Sharma NDRI, India
Gunamani Jena JNTU, India
Maninder Singh Thapar University, India
Manoj Manuja NIT Trichy, India



xii Organization

Ajay K. Sharma Chitkara University, India
Manjit Patterh Punjabi University, India
L. M. Bhardwaj Amity University, India
Parvinder Singh DCRUST, India
M. Syamala Punjab University, India
Lalit Awasthi NIT Jalandhar, India
Ajay Bansal NIT Jalandhar, India
Ravi Aggarwal Adobe Systems, USA
Sigurd Meldal San José State University, USA
M. Balakrishnan IIT Madras, India
Malay Pakhira KGEC, India
Savita Gupta PU Chandigarh, India
Manas Ranjan Patra Berhampur University, India
Sukhwinder Singh PU Chandigarh, India
Dharmendra Kumar GJUST, India
Rajinder Nath Kurukshetra University, India
Manjaiah D. H. Mangalore University, India
Himanshu Aggarwal Punjabi University, India
R. S. Kaler Thapar University, India
Pabitra Pal Choudhury Indian Statistical Institute, India
S. K. Pal DRDO, India
G. S. Lehal Punjabi University, India
Rajkumar Kannan Bishop Heber College, India
Yogesh Chaba GJUST, India
Sh. Sriram Birudavolu Oracle India Limited, India
Ajay Rana Amity University, India
Kanwal Jeet Singh Punjabi University, India
C. K. Bhensdadia DD University, India
Savina Bansal GZSCET, India
Mohammad Asger BGSB, India
Rajesh Bhatia PEC, India
Stephen John Turner VISTEC, India
Chiranjeev Kumar IIT (ISM) Dhanbad, India
Bhim Singh IIT Delhi, India
A. K. Sharma BSAITM, India
Rob Reilly MIT, USA
A. K. Murthy CDAC, India
Karmeshu JNU, India
Sandeep Sen IIT Delhi, India
Suneeta Aggarwal MNNIT, India
Raghuraj Singh HBTI, India
D. K. Lobiyal JNU, India



Organization xiii

R. S. Yadav MNNIT, India
Bulusu Anand IIT Roorkee, India
R. K. Singh KEC Dwarahat, India
Sateesh Kumar Peddoju IIT Roorkee, India
Divakar Yadav JIIT, India
Naveen Kumar Singh IGNOU, India
R. S. Raw AIACTR (NSUT East Campus), India
Vidushi Sharma GBU, India
Sumit Srivastava Manipal University, India
P. K. Saxena DRDO, India
B. K. Das ITM University, India
Y. Raghu Reddy IIIT Hyderabad, India
B. Chandra IIT Delhi, India
R. K. Agarwal JNU, India
Basim Alhadidi Al-Balqa’ Applied University, Jordan
Emmanuel Ndashimye University of Rwanda & CMU-Africa, Rwanda
Naveen Garg IIT Jodhpur, India
K. S. Subramanian IGNOU, India
Biplab Sikdar NUS, Singapore
Sreeram Ramakrishna NUS, Singapore
Vikas Mathur Citrix, India
Hari Krishna Garg NUS, Singapore
Raja Dutta IIT Kharagpur, India
Vishakha Vaidya Adobe, India
Sudipto Shankar Dasgupta Infosys Limited, India
Atal Chaudhari Jadavpur University, India
Gangaboraiah Andanaiah KIMS, India
Champa H. N. UVCE, India
Ramakanth Kumar P. RVCE, India
S. N. Omkar IISC Bangalore, India
Balaji Rajendran CDAC, India
Annapoorna P. Patil MSRIT, India
K. N. Chandrashekhar SJCIT, India
Mohammed Misbahuddin CDAC, India
Saroj Meher ISI, India
Jharna Majumdar NMIT, India
N. K. Cauvery RVCE, India
G. K. Patra CSIR, India
Anandi Jayadharmarajan Oxford College of Engg., India
K. R. Suneetha BIT Mesra, India
M. L. Shailaja AIT, India
Ramesh Paturi Microsoft, India



xiv Organization

S. Viswanadha Raju JNTU, India
C. Krishna Mohan IIT Chennai, India
R. T. Goswamy Techno International New Town, India
B. Surekha K S Institute of Technology, India
P. Trinatha Rao GITAM University, India
G. Varaprasad BMS College of Engineering, India
M. Usha Rani SPMVV, India
P. V. Lakshmi SPMVV, India
K. A. Selvaradjou PEC, India
Ch. Satyananda Reddy Andhra University, India
Jeegar A. Trivedi Sardar Patel University, India
S. V. Rao IIT Guwahati, India
Suresh Varma Adikavi Nannaya University, India
T. Ranga Babu RVR & JC College of Engineering, India
D. Venkat Rao Narasaraopet Inst. of Technology, India
N. Sudhakar Reddy S V Engineering College, India
Dhiraj Sunehra Jawaharlal Nehru Technological University, India
Madhavi Gudavalli JNTU Kakinada, India
B. Hemanth Kumar RVR & JC College of Engineering, India
A. Sri Nagesh RVR & JC College of Engg., India
Bipin Bihari Jaya Singh CVR College of Engg., India
M. Ramesh JNTU, India
P. Rajarajeswari GITAM University, India
R. Kiran Kumar Krishna University, India
D. Ramesh JNTU, India
B. Kranthi Kiran JNTU, India
K. Usha Rani SPM University, India
A. Nagesh MGIT, India
P. Sammulal JNTU, India
G. Narasimha JNTU, India
B. V. Ram Naresh Yadav JNTU, India
B. N. Bhandari JNTUH, India
O. B. V. Ramanaiah JNTUH College of Engineering, India
Anil Kumar Vuppala IIIT Hyderabad, India
Duggirala Srinivasa Rao JNTU, India
Makkena Madhavi Latha JNTUH, India
Anitha Sheela Kancharla JNTUH, India
B. Padmaja Rani JNTUH College of Engineering Hyderabad, India
S. Mangai Velalar College of Engg. & Tech., India
P. Chandra Sekhar Osmania University, India
Chakraborty Mrityunjoy IIT Kharagpur, India
Manish Shrivastava IIIT Hyderabad, India



Organization xv

Uttam Kumar Roy Jadavpur University, India
Kalpana Naidu IIIT Kota, India
A. Swarnalatha St. Joseph’s College of Engg., India
Aaditya Maheshwari Techno India NJR Institute of Tech., India
Ajit Panda National Institute of Science and Technology,

India
R. Anuradha Sri Ramakrishna Engg. College, India
B. G. Prasad BMS College of Engg., India
D. Murali VIT, India
Deepak Padmanabhan Queen’s University Belfast, UK
Firoz Alam RMIT University, Australia
Frederic Andres NII, Japan
Srinath Doss Botho University, Botswana
Munish Kumar Maharaja Ranjit Singh Punjab Tech University,

India
Norwati Mustapha UPM, India
Hamidah Ibrahim UPM, India
Denis Reilly Liverpool John Moores University, UK
Ioannis Kypraios De Montfort University, UK
Yongkang Xing De Montfort University, UK
P. Shivakumara University of Malaya, Malaysia
Ravinder Kumar TIET Patiala, India
Ankur Gupta Rishihood University, India
Rahul Kr. Verma IIIT Lucknow, India
Mohit Sajwan NSUT, India
Vijaypal Singh Rathor IIITDM, India
Deepak Singh NIT Raipur, India
Simranjit Singh NIT Jalandhar, India
Suchi Kumari Shiv Nadar University, India
Kuldeep Chaurasia Bennett University, India
Indrajeet Gupta SR University, India
Shakti Sharma Bennett University, India
Hiren Thakkar PDPU, India
Mayank Swankar IIT (BHU) Varanasi, India
Tapas Badal Bennett University, India
Vipul Kr. Mishra Gatishakti University, India
Tanveer Ahmed Bennett University, India
Madhushi Verma Bennett University, India
Gaurav Singal NSUT, India
Anurag Goswami Bennett University, India
Durgesh Kumar Mishra Sri Aurobindo Institute of Technology, India



xvi Organization

S. Padma Madanapalle Institute of Technology & Science,
India

Deepak Prashar Lovely Professional University, India
Nidhi Khare NMIMS, India
Sandeep Kumar IIT Delhi, India
Dattatraya V. Kodavade D.K.T.E Society’s Textile & Engineering

Institute, India
A. Obulesu Anurag University, India
K. Suvarna Vani V R Siddhartha Engineering College, India
G. Singaravel K.S.R. College of Engineering, India
Ajay Shiv Sharma Royal Melbourne Institute of Technology,

Australia
Abhishek Shukla R.D. Engineering College Technical Campus,

India
V. K. Jain Teerthanker Mahaveer University, India
Deepak Poola IBM India Private Limited, India
Bhadri Raju M. S. V. S. S.R.K.R. Engineering College, India
Yamuna Prasad IIT Jammu, India
Vishnu Vardhan B. JNTUH College of Engineering Manthani, India
Virendra Kumar Bhavsar Univ. of New Brunswick, Canada
Siva S. Skandha CMR College of Engineering, India
Vaibhav Anu Montclair State University, USA
V. Gomathi National Engineering College, India
Sudipta Roy Assam University, India
Srabanti Maji DIT University, India
Shylaja S. S. PESU, India
Shweta Agrawal SIRT, India
Shreenivas Londhe Vishwakarma Institute of Information

Technology, India
Shirin Bhanu Koduri Vasavi Engineering College, India
Shailendra Aswale SRIEIT, India
Shachi Natu TSE College Mumbai, India
Santosh Saraf Graphic Era Deemed to be University, India
Samayveer Singh Ambedkar National Institute of Technology, India
Sabu M. Thampi IIIT and Mgt-Kerala Thiruvananthapuram, India
Roshani Raut Vishwakarma Institute of Information

Technology, India
Radhika K. R. BMSCE, India
R. Priya Vaijayanthi NSRIT, India
M. Naresh Babu NIT Silchar, India
Krishnan Rangarajan Dayananda Sagar College of Engineering, India
Prashant Singh Rana Thapar Institute of Engg. & Tech., India



Organization xvii

Parteek Bhatia Washington State University, USA
Laxmi Lydia VIIT, India
Nikunj Tahilramani Dolcera IT Services Pvt. Ltd., India
Navanath Saharia IIIT Manipur, India
Nagesh Vadaparthi MVGR College of Engineering, India
Manne Suneetha VR Siddhartha Engineering College, India
Sumalatha Lingamgunta JNTU Kakinada, India
K. Subramanian IIT Kanpur, India
Singaraju Jyothi Sri Padmavati Mahila Visvavidyalayam, India
Vinit Jakhetiya IIT Jammu, India
Yashwantsinh Jadeja Marwadi University, India
Harsh Dev PSIT, India
Yashodhara V. Haribhakta Government College of Engineering Pune, India
Gopal Sakarkar GHRCE, India
R. Gnanadass Pondicherry Engineering College, India
K. Giri Babu VVIT, India
Geeta Sikka B R Ambedkar National Institute of Technology,

India
Gaurav Varshney IIT Jammu, India
G. L. Prajapati Devi Ahilya University, India
G. Kishor Kumar RGMCET, India
Krishna Kiran Vamsi Dasu Sri Sathya Sai Institute, India
Sisira Kumar Kapat Utkal Gaurav Madhusudan Institute of

Technology, India
Kuldeep Sharma Chitkara University, India
Zankhana H. Shah BVM Engineering College, India
Rekha Ramesh Shah and Anchor Kutchhi Engineering College,

India
Gopalkrishna Joshi MIT Vishwaprayag University, India
Ganga Holi AMC Engineering College, India
K. Kotecha Symbiosis International, India
Radhakrishna Bhat MAHE, India
Kuldeep Singh Carnegie Mellon University, USA
Binod Kumar JSPM’s Rajarshi Shahu College of Engineering,

India
Raju Kumar Chandigarh University, India
Nitin S. Goje Webster University in Tashkent, Uzbekistan
Pushpa Mala S. Dayananda Sagar University, India
Ashish Sharma GLA University, India
Ashwath Rao B. Manipal Institute of Technology, India
Deepak Motwani Amity University, India
V. Sowmya Amrita School of Engineering, India



xviii Organization

Jayashri Nair VNR VJIET, India
Rajesh C. Sanghvi G.H. Patel College of Engineering & Technology,

India
Ashwin Dobariya Marwadi University, India
Tapas Kumar Patra CET Bhubaneswar, India
J. Naren Rathinam College of Arts and Science, India
Rekha. K. S. National Institute of Engineering, India
Mohammed Murtuza Qureshi Digital Employment Exchange, India
Vasantha Kalyani David Avinashilingam Institute for Home Science and

Higher Education for Women, India
K. Sakthidasan Hindustan Institute of Technology and Science,

India
Shreyas Rao Sahyadri College of Engineering and

Management, India
Hiranmayi Ranganathan Lawrence Livermore National Laboratory, USA
Sanjaya Kumar Panda National Institute of Technology Warangal, India
Puspanjali Mohapatra IIIT Bhubaneswar, India
Manimala Mahato Shah & Anchor Kutchhi Engineering College,

India
B. Senthil Kumar Kumaraguru College of Technology Coimbatore,

India
Jyoti Prakash Singh National Institute of Technology Patna, India
Abhinav Tomar Netaji Subhas University of Technology, India
M. G. Sumithra Dr. N.G.P. Institute of Technology, India



Contents

Advancements in Artificial Intelligence and Machine Learning

Extractive Text Summarization Employing a Graph-Based Ranking
System with Context Transfer . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

Virat Giri, M. M. Math, Sheetal Kusal, and Shruti Patil

ViT-GPT2: Vision Transformer Based Automatic Image Captioning . . . . . . . . . . 20
Chanda Srija, B. Padmaja, Yennum Smrithi, and Metla Karthikeya

Multimodal Language Models for End-to-End Automated Speech
Recognition Using Bidirectional Recurrent Neural Network . . . . . . . . . . . . . . . . . 33

Thayyaba Khatoon Mohammad, Puranam Revanth Kumar,
Gifta Jerith, and E. Krishnaveni Reddy

Advanced Deep-Learning Framework for Comprehensive Audio
Forensics: Classification and Frequency Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . 48

Swetanshu Agrawal, Astitva Veer Garg, and D. Anitha

Enhancing Deepfake Detection Accuracy with Vision Transformers:
A Generative AI Approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

Anugrah Srivastava, Tapas Badal, Mohit Agarwal, Karnika Dwivedi,
and Advait Hemant Naik

Applications of Large Language Models

Large Language Models for Quantitative Analysis of Statutory Stringency
and Its Correlation with Sexual Assault Crime Rates . . . . . . . . . . . . . . . . . . . . . . . . 81

Samhita Konduri and Vishnu S. Pendyala

Application of Large Language Models for Search Engine Optimisation:
Methodology for Assessing the Efficiency of Content Creation . . . . . . . . . . . . . . . 95

Klaudia Błażyczek and Grzegorz Chodak

Real-Time Query Management with FAQ Generation for Large Scale
Online Classes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

Kamal Bijlani, Sreya Sunil, Navabhaarathi, S. P. Saran Dharshan,
E. Vigneshwar, and A. Aadharsh Aadhithya



xx Contents

Enhancing Warehouse Operations with Voice-Activated SQL Streamlining
Using LLM Technology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121

V. Ramani Bai, Suryajit Ithiparambil Sudheeran, Abhinand K. Prasad,
and Abhinav Raj

AI in Healthcare and Medical Imaging

Enhancing Medicinal Plant Prediction Through Deep Neural Network
Algorithms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139

M. Swapna, C. Sireesha, Sanjana Gavada, and Barigela Sreeja

A Comprehensive Review of Medical Image Captioning: Techniques,
Challenges, and Future Directions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

Mallemputi Sai Teja, Chinta Vijaya Pandu Ranga Reddy, U. Muthaiah,
and B. S. Vidhyasagar

An Explainable Artificial Intelligence Based Approach for Prediction
and Classification of Multiple Sclerosis Disease: A Mental Health Disorder . . . . 168

Vaishali Mehta, Jyoti Garg, Dolly Sharma, Saurabh Yadav,
and Ravi Kumar

Multimodal Image Prior Integration for Unsupervised MRI
Super-Resolution with Guided Residual Dense Networks . . . . . . . . . . . . . . . . . . . . 181

Siddhartha Choubey, Abha Choubey, Dipti Jaiswal, and Manuraj Jaiswal

AI for Disaster Management and Renewable Energy

AID-SAR: Aerial Image Dataset for Search and Rescue in the Aftermath
of Disasters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 197

Arya Itkyal, Gargi Joshi, Rahee Walambe, and Ketan Kotecha

Solar PV Power Generation Forecasting Using Synergy of Artificial
Intelligence and Metaheuristics Based Approaches . . . . . . . . . . . . . . . . . . . . . . . . . 210

Pankaj Yadav, Gulshan Sihag, Vikas Pratap Singh, and Vivek Vijay

Challenges and Ethical Considerations in AI

Unraveling the Enigma of Classification of Synthetic and Genuine
Information Using Machine Learning and Explainable AI . . . . . . . . . . . . . . . . . . . 229

Vishnu S. Pendyala



Contents xxi

Challenges and Limitations of TVAE Tabular Synthetic Data Generator . . . . . . . 243
A. Kiran, P. Rubini, and S. Saravana Kumar

Author Index . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 243



Advancements in Artificial Intelligence
and Machine Learning



Extractive Text Summarization Employing
a Graph-Based Ranking System

with Context Transfer

Virat Giri1 , M.M. Math2, Sheetal Kusal3(B) , and Shruti Patil3(B)

1 Computer Science, Sanjay Ghodawat Institute, Kolhapur, India
2 Computer Science, Gogate Institute of Technology, Belgaum, India

mmmath@git.edu
3 Artificial Intelligence and Machine Learning, Symbiosis Institute of Technology,

Pune, India
{sheetal.borhade,shruti.patil}@sitpune.edu.in

Abstract. Text summarization has been an area of active research in
the domain of natural language processing. Extractive text summariza-
tion focuses on highlighting the most essential parts of a document as its
summary without any external additions to the original text. Conven-
tional methods have focused on using sentence ranking algorithms like
text rank, which uses position and similarity-based features to create
graphs. However, the recent advent of deep learning, transfer learning,
and context inclusion have been relatively undiscovered in this domain.
This work proposes a graph-based ranking mechanism that uses rele-
vant context to solve the task of extractive text summarization. Lan-
guage modeling generates word representations that can provide a more
comprehensive graph representation and achieve better results. The pre-
sented approach relies on graph-based ranking and the relevance and
interpretation of each word in the document. The work is carried out on
documents in the Marathi language with a standard-sized dataset. The
proposed model has achieved a 75% F1 score and a Rouge L F1 score
of 71%. The results obtained by the proposed system outperform those
of state-of-the-art approaches. The system’s effectiveness is proved using
the multiple performance metrics relevant to the text summarization
task.

Keywords: Extractive Text summarization · Natural Language
Processing · Deep Learning · Graph based ranking · Transfer
Learning · Pretrained Models

1 Introduction

Text is the most prevalent form of data available online. It is mainly in the
form of books, news, blogs, etc. Manual summarization of such a large amount
of data lacks feasibility due to the costly and time-consuming nature of the
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process. Because of this, automatic text summarization has become an abso-
lute necessity. It is the process of forming a concise version of a large textual
document by extracting the important chunks of the document [1]. Text sum-
marization is a process that involves reducing long text pieces into shorter ones
to create a more coherent and fluent summary. It is commonly used in ML and
NLP processing to improve the readability of a document. The goal of auto-
matic text summarization is to reduce lengthy documents into shorter versions,
which can be very costly to carry out manually. Based on the way summary
is generated, kinds of input sources, purpose of text summarization, language
of input sources, methods and genre, there are various taxonomies that can
be considered for text summarization are shown in Fig. 1. From that extrac-
tive and abstractive summary are the ways summary generated from input. The
Extractive summary method is about extracting the significant and important
sentences of source documents which are deemed as informative. Figure 2 shows
the process of extractive text summarization. The high scoring sentences are
located by assigning scores to different sentences and the high scoring sentences
are used as summary. In extractive summary one can find the exact sentences
that appear in the source document. Abstractive summary is like a human sum-
marizing a document who has basic domain knowledge. The system recognizes
the text by Natural Language Processing (NLP) and paraphrases the sentences
for the purpose of summarizing the text. Figure 3 shows the process of abstrac-
tive text summarization. Abstractive summarization is thus a challenging task
due to the complexity of NLP. Given the availability of extensive information
and processed summarized datasets in conventional languages like English, The
abundance of data in these languages makes them ideal for developing automatic

Fig. 1. Taxonomies of Text Summarization
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Fig. 2. Extractive Text Summarization

Fig. 3. Abstractive Text Summarization

summarizers. But this is not true with Indic languages like Marathi, Hindi, or
other languages. Therefore, traditional deep learning-based approaches used for
English summarization cannot be readily used for such languages due to the
need for large processed data to be retrained in such languages. Furthermore,
standard preprocessing techniques like lemmatization and tokenization depend
on the language grammar. Thus, these techniques also need to be restructured
for such languages. Traditional approaches for Indic language-based summa-
rization use cosine similarity between sentences to determine the importance of
the sentences. But the cosine similarity method is unable to capture semantic
similarity. Some approaches use positional tagging or other natural language
processing-centric features to extract the significance of the sentence. Although
these techniques are effective, they lack context and semantic analysis for such
tasks. There are some architectures proposed that use recurring neural network
(RNN) architecture, but rather than working directly on the Languages, they
convert it to English for summarization and convert the summary back into the
original language. In this paper, the use of unsupervised Marathi context-based
word embeddings has been presented as an alternative to the traditional word
occurrence vector. The authors then utilize the degree of similarity between these
context vectors to rank the phrases. This approach performs superiorly to tradi-
tional approaches and provides more human-like summarization than previous
ones. Clearly, contributions through this paper are stated as follows:
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– Generate summaries using semantic and context vectors instead of
occurrence-based vectors.

– The use of transfer learning as an intermediate step rather than using it for
an end-to-end system. Thus, it benefits from minimal learning complexity
compared to standard deep learning-based summarization approaches.

– The Language Model Fine-tuning approach is used to extract context embed-
dings.

The remainder of the paper is structured as follows. Section 2 provides infor-
mation about background work in this domain. Section 3 elaborates on the pro-
posed methodology with experimental setup. The results obtained are discussed
in Sect. 4. And the paper concludes in Sect. 5.

2 Background and Related Work

Automatic text summarization is an important area of research in the domain of
natural language processing [2](NLP). Text summarization has become promi-
nent in NLP mainly due to deep learning techniques. Figure 4 shows the classi-
fication of text summarization. The algorithms in this area are categorized into
two types. Firstly, an extractive summarization based algorithm [1] which uses
words from the source text to create the summary. The attention mechanism
has seen an evident rise in applications in sentiment analysis [3], opinion mining
[4], and text summarization tasks. Derek Miller [5] fine-tuned transformer-based
BERT architecture for extractive text summarization. Secondly, an abstractive
summarization-based approach uses words that are not limited to the words
present in the source text - Nallapati et al. [6] leveraged the Sequence to Sequence
RNN architecture to develop an abstractive text summarizer. Li et al. [7] devel-
oped a multi-attention-based architecture for abstractive summarization on the
Gigawords dataset. Although effective, these approaches have only been lever-
aged in the English language. In recent times, Indic language summarization
approaches have been undergoing a lot of research. Table 1 shows summary of
literature studied.

Giri et al. [8] presented a survey on the various techniques available for sum-
marization for Indic languages. Sarwadnya et al. [9] leveraged the graph-based
text rank approach for Marathi text summarization, and it used the similar-
ity between the occurrence of words in sentences to determine the importance
of the sentence. Patil et al. [10] developed a rule-based Part-of-Speech tagger
for Marathi Language. Bhosale et al. [11] used the frequency count of words in
Marathi e-newspaper to determine the text summary. Bhoir et al. [12] proposed
using fuzzy logic for Multi-document Marathi text summarization. Dalal et al.
[13] used the concept of Semantic Graph summarization combined with Particle
Swarm Optimization for Hindi text summarization. Kumar et al. [14] used the
occurrence of the radix of thematic words as a measure to perform extractive
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Fig. 4. Various Classification approaches of Text Summarization

summarization on Hindi documents. Bhargava et al. [15] used Generative Adver-
sarial Networks for paraphrase detection for Indic Languages. It can be seen that
the previously proposed Indic summarizers use mostly an occurrence-based sim-
ilarity approach for text summarization. It lacks the context and semantic-based
understanding that is observed in English Summarizers. The only approach that
shows the presence of such understanding was the work proposed by Chaudhari
et al. [16], who leveraged the use of the Encoder-Decoder model for Marathi
summarization by converting the text to English and then converting the sum-
mary back to Marathi. Though effective, it could not summarize the jargon and
grammar present in Marathi. So, it shows ample scope for improvement in the
area of Marathi text summarization.

3 Proposed Methodology

The proposed architecture combines deep learning and a traditional graph-based
approach to tackle the problem of understanding the context in Marathi sum-
marization. The block diagram of our proposed architecture is shown in Fig. 5.
The further intricate details are divided into sections for a more fundamental
understanding of the architecture:
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Table 1. Literature Surveyed

Ref Dataset Description Technique Task

[3] Code-mixed
Hindi dataset

Detection of cyber
abuse based on
Multilingual

Deep learning -
BERT model

Cyber abuse
detection

[4] toxic comment
dataset

Multi-label profanity
detection

Attention based
ensemble model

Toxicity detection

[5] MOOC lectures Extractive Text
summarization of
lectures notes

Deep learning -
BERT model with
k means clustering

Extractive Text
Summarization

[6] DUC Corpus, 3
CNN/Daily Mail
Corpus

Multi sentence text
summarization

Attention based
Encoder-decoder
model

Abstractive Text
Summarization

[7] DUC Corpus Multi-document
compressed
summarization

A cascaded neural
attention based
unsupervised
salience estimation
method

Compressive Text
Summarization

[9] EMILLE
(Enabling
Minority
Language
Engineering)

Marathi text
summarizer

Graph based
models - text rank
algorithm

Extractive Text
Summarization

[10] Self-curated
Marathi dataset

POST of Marathi
language

Rule based method,
morphological
analysis

Part of
speech tagging

[11] newspaper
web site

Marathi text
summarizer

Frequency count
based model

Keyword based
text summarizer

[12] Self-curated
Hindi dataset

Multi-document
Hindi text
summarization

Fuzzy Logic model Extractive text
summarization

[13] Hindi dataset Hindi text
summarizer

Graph based model
using Particle
swarm optimization

Automatic text
summarizer

[14] Hindi dataset Hindi text
summarizer

Thematic
Approach

Extractive text
summarization

[15] Multiling 2015
Dataset,
Opinosis Dataset

Text summarization
using paraphrase
detection

Deep learning
Generative
Adversarial
networks

Abstractive
multilingual text
summarization

[17] Marathi Dataset Marathi Text
summarization

Latent Semantic
Analysis

Extractive text
summarization
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3.1 Preprocessing

The source text passes through the following preprocessing pipeline before it is
converted into a model-friendly numerical format-

– Miscellaneous Symbol Remover- The source text is removed from punctuation
marks, hyperlinks, and other symbols that are not useful for the summariza-
tion.

– Tokenization- The processed text is then converted into a set of word tokens.
– Stop Word removal - The tokens were filtered based on a custom set of repet-

itive stop words in the text.
– Lemmatization - The filtered tokens were then converted into their basic form

by stripping affixes through the designed Marathi-centric rules.

Fig. 5. Proposed pipeline for Extractive summarization

Table 2 shows an example of a Marathi textual output after passing through
the preprocessing pipeline.
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Table 2. Preprocessed Output

3.2 Word Embeddings

The concept of transfer learning is used to fine-tune the embeddings from a
universally trained language model. This presented approach derives inspira-
tion from the Universal Language Modelling Fine-tuning [16,18] algorithm to
form the context word embeddings. Our approach involves an inductive trans-
fer learning-based approach which fine-tunes a pretrained Language Model for a
specific task. Particularly, the AWD-LSTM [19] model is used to apply this tech-
nique and extract the word embedding for further processing. The three steps
performed for extracting the final word embeddings are as follows -

1. Pretraining of the Language Model- The model was pretrained on the Marathi
Wikipedia corpus comprising 85,000 articles. It allows the model to under-
stand the general trend followed by the language. Though this is a costly
processing step, it must be performed once.

2. Fine-tuning the model- This step focused on fine-tuning the model for clas-
sifying the text based on the presence of the Marathi Language. The main
focus of this step is to train the model for understanding the task better. The
technique proposed two methods to increase the effectiveness of this step -

– Discriminative Fine-tuning- Different extract layers have different fea-
tures. Therefore, different learning rates for different layers were used in
the model. Furthermore, the update rule followed by the SGD was also
modified to the Eq. 1 and 2 stated below- The weights of layer l at itera-
tion t are updated by subtracting the product of:

• The learning rate for layer l (ηl).
• The gradient of the error function (∇θlJ(θ)).

θl
t = θl

t−1 − Δθl (1)

where:

Deltaθl = ηl · ∇θlJ(θ) (2)

Here, Δθl represents the adjustment to the weights for layer l during this
iteration.
Where θ = the weight,
t = iteration
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l = layer
∇θl J(θ) = error gradient
η = learning rate and
J = error function.

– Slanted Triangular Learning Rates - The use of a decaying learning rate
while the learning progresses. The learning-rate update equations are as
follows by Eqs. 3, 4 and 5
The cutoff iteration (cut) is defined as:

cut = T · cutfrac (3)

where:
• T : Total number of iterations.
• cutfrac: Fraction of iterations where the learning rate is increased.
– The intermediate value p is defined as:

p =

⎧
⎨

⎩

t
cut , if t < cut (increasing phase)
1 − t−cut

cut·
(

1
cutfrac

−1
) , if t ≥ cut (decreasing phase) (4)

– The learning rate at iteration t is given by:

ηt = ηmax · 1 + p · (ratio − 1)
ratio

(5)

where:
• ηmax: Maximum learning rate.
• ηmin: Minimum learning rate.
• ratio = ηmin

ηmax
: Ratio of minimum to maximum learning rate.

• T = number of iterations
• cutfrac = the fraction of iterations that the LR is increased, and
• p = number of iterations that the LR is going to be decreased or has

been decreased. Additionally,
• ratio defines etamin/etamax, and
• cut = cutoff iteration where the model switches from an increasing

LR to a decreasing LR.
3. Fine-tuning of classifier- A classification network was added to the AWD-

LSTM model which was trained from scratch for the target task of classifying
the presence of Marathi in text. Additional details about the training of the
architecture are as follows-
(a) The classification network is fed with the concatenated vector of the last

hidden layers and the average and max pooled output of the previously
hidden layers.

(b) Training the whole architecture is an error-prone and time consuming
process as there is a loss of information during fine-tuning of the pre-
trained architecture. Therefore, each layer was retrained in a sequential
manner using the Gradual unfreezing technique until the whole AWD-
LSTM architecture was trained. LSTM will be able to handle long-term
context in the document.
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(c) Both forward and backward Language model was trained, and the final
prediction was an average of both the predicted output.

The embedding layer of this trained architecture is then used for converting
each word into model-friendly numerical embedding. A 400-dimension vector of
each word present in the sentence is extracted using the embedding layer and
averaged across the whole sentence using the following formula. Figure 6 shows
the whole word embeddings extraction architecture.

Fig. 6. Word Embeddings Architecture

The details of the individual blocks present in this architecture are as follows:

– Embedding layer:
Embedding is a n dimensional representation of a word such that similar
words have similar embedding values. In this work, 400 dimensional embed-
ding values are extracted and used. As opposed to the conventional TF-IDF
and statistical count-based approaches for vectorization of tokens, embed-
dings provide more contextual as well as semantic understanding of the words
by benefiting from the language structure that it has learned by the initial
pre-training.

– LSTM layer:
The LSTM i.e. Long short term memory layer relies upon the use of cell state
to carry forward the context of memory over longer lengths of the sequence
[20]. Every LSTM unit consists of three gates i.e. forget gate, input gate and
output gate to modify the existing representation when moving from one unit
to another. Equations 6, 7, 8

ft = σ(Wf .[ht−1, xt] + bf ) (6)
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it = σ(Wi.[ht−1, xt] + bi) (7)

ot = σ(Wo.[ht−1, xt] + bo) (8)

where ft,it,ot indicate the outputs given by the three gates respectively. W
and b indicate the weights and bias. hi indicates the intermediate output for
a particular instance i, and is a function of the cell state C.

– Fully connected layer and Softmax layer:
The fully connected layer involve complete connections between nodes of a
current layer and the previous and next layers. The values in the fully con-
nected layers are activated using a ReLU function while the Softmax layer
produces the task-specific prediction, which would be a class label in case
of classification tasks. For the task in consideration, the output is extracted
from the final embeddings layer instead of the Softmax layer as it is used
further for the extractive text summarization task.

3.3 Graph-Based Approach for Extractive Summarization

The text rank [21] approach is deployed to determine the set of sentences present
in the final summary. It is a graph-based unsupervised extractive summarization
algorithm which determines the summary based on cosine similarity between
sentences. The steps performed for extracting final summary is as follows-

1. The cosine Similarities between the sentence averaged context vectors are
then calculated and stored in a matrix. The formula of cosine similarity is as
follows-

cosine similarity =
A.B

||A|| × ||B|| (9)

where A and B are numerical vectors.
2. The matrix is then converted into a graph, in which sentences are the vertices

while the similarity scores are the edges.
3. The user-dependent top-ranked n sentences form the final summary from the

source text.

4 Results and Discussion

The proposed architecture is evaluated on a custom dataset of 100 Marathi
documents that were manually summarized by a human. The dataset consisted of
text from various topics. The custom dataset consists of 100 Marathi documents,
each summarized manually by human annotators. It encompasses a variety of
textual sources, including news items, educational materials, government reports,
blog posts, opinion pieces, legal documents, banking reports, and excerpts from
Marathi literature, such as poetry, narratives, and essays. The documents vary
in length from 100 to 500 words, with summaries comprising 20 to 30% of the
original text length. This dataset encompasses a range of writing styles, from
formal to narrative, guaranteeing topic diversity and language complexity. It
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Table 3. Example of Source Text

establishes a solid framework for assessing summarization models, presenting a
combination of cultural, educational, and informative content pertinent to the
Marathi language. Table 3 shows an example of the text present in the dataset.
Due to the unsupervised nature of the proposed architecture, it is evaluated
over all the 100 documents present in the dataset. For comparison, we compare
our results with the traditional Indic Language summarization approaches of
Fuzzy logic [12] which use the values of fuzzy variables calculated for individual
sentences for determining the summary, positional text rank approach [9] [21]
which uses weighted vector of the sentence extracted using the position of the
word in the corpus for summarization. Finally, the standard Text Rank [9] [21]
and Singular Value Decomposition [22] approach which uses occurrence vector
for extracting summary sentences. The precision, recall and F1 scores of each
approach has been stated in Table 4.

Here, precision refers to the number of predicted words originally present in
the summary, recall refers to the number of actual words predicted correctly by
the summarizer and the F1 score is the harmonic mean of Precision and recall.
The formulas of the same have been stated below in Eq. 9, 10, 11 and 12-

Recall =
number of overlapping words

total words in reference summary
(10)

Precision =
number of overlapping words

total words in system summary
(11)

F1 score =
2 × Precision × Recall

Precision + Recall
(12)



Extractive Text Summarization Employing a Graph-Based Ranking System 15

Table 4. Performance on traditional metrics for the task of extractive summarization

Approaches Precision Recall F1-Score

Position based Textrank 0.626 0.744 0.667
Similarity-based Textrank 0.64 0.73 0.671
SVD 0.705 0.693 0.682
Fuzzy Logic 0.625 0.655 0.63
Pre-trained LM + Textrank (Proposed) 0.706 0.806 0.753
Improvement over previous best (%) 0.14 8.33 10.41

Fig. 7. Metrics Visualization

It can be seen that our proposed approach outperforms the previous
approaches by a comfortable margin in terms of all the above-mentioned metrics.
Figure 7 shows the graphical visualization of these metrics for better understand-
ing. Further, we evaluate the performance of our proposed model on the basis of
ROUGE-1, ROUGE-2, and ROUGE-L metric which is considered as the tradi-
tional way of evaluating a summarization model. Table 5 states the comparison
on the basis of ROUGE-1 metrics. While Table 6 and Table 7 states the compar-
ison on the basis of ROUGE-2 and ROUGE-L metrics. The proposed model has
shown a clear advantage over the existing models across all standard metrics.
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Table 5. ROUGE-1 metrics for the task of Extractive summarization

Approaches Precision Recall F1-Score

Position based Textrank 0.712 0.611 0.646
Similarity based Textrank 0.702 0.621 0.648
SVD 0.632 0.623 0.612
Fuzzy Logic 0.641 0.625 0.623
Pre-trained LM + Textrank (Proposed) 0.66 0.765 0.694
Improvement over previous best –7.3 22.4 7.1

Table 6. ROUGE-2 metrics for the task of Extractive summarization

Approaches Precision Recall F1-Score

Position based Textrank 0.653 0.561 0.592
Similarity based Textrank 0.637 0.567 0.591
SVD 0.531 0.519 0.512
Fuzzy Logic 0.561 0.546 0.546
Pre-trained LM + Textrank (Proposed) 0.607 0.701 0.637
Improvement over previous best –7.04 23.63 7.6

Here, the ROUGE-1 metrics are the precision, recall, and F1-scores based on
words taken individually(unigrams). While ROUGE-2 determines the metrics on
the basis of bigrams which are pairs of words. Lastly, ROUGE-L considers the
whole sentence to determine the final metrics. It can be observed that our pro-
posed approach performs superiorly in comparison to the traditional approaches.
While there is a reduction in precision value as compared to previous best, it is
compensated heavily with considerable increase in the recall and the more bal-
anced F1-score metric. It also suggests the ability of the proposed approach to
extract more context-based human-like summaries, unlike previous approaches.
Table 8 shows an example of the output summary formed by the proposed archi-
tecture in comparison to the true summary.

The proposed graph-based ranking system with context transfer for extrac-
tive text summarization performs well in the majority of cases. Nevertheless,
several failure instances were noted during the assessment, including the inabil-
ity to capture semantic nuances, challenges with long-distance dependencies, and
difficulties with domain-specific vocabulary. Furthermore, it must also be noted
that the training cost and model size of those approaches are also quite high.
Therefore, the use of such architectures lacks feasibility in commercial scenarios.
A trade-off between the cost and results when taking into consideration makes
a strong case for the use of the proposed architecture.

The practical applications of this proposed study include search engines that
may produce concise snippets for user queries by rating and summarizing content
from websites in the Marathi language. News platforms need concise summaries
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Table 7. ROUGE-L metrics for the task of Extractive summarization

Approaches Precision Recall F1-Score

Position based Textrank 0.734 0.615 0.659
Similarity based Textrank 0.72 0.627 0.661
SVD 0.665 0.614 0.626
Fuzzy Logic 0.659 0.636 0.640
Pre-trained LM + Textrank (Proposed) 0.689 0.771 0.716
Improvement over previous best –6.13 21.22 8.32

Table 8. Predicted Summary vs True Summary for a sample document
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of stories from various sources while preserving narrative coherence. Legal Doc-
ument Analysis involves the extraction of significant information from lengthy
case files and contracts to optimize time efficiency. Additionally, business intel-
ligence can furnish insights from extensive financial reports for leaders.

The future trends in extractive summarization in Indic languages depend
on the development of inclusive, efficient, and contextually aware algorithms
utilizing extensive multilingual datasets. Integrating improvements in graph-
based algorithms, multilingual embeddings, and cross-lingual transfer can enable
research to address the linguistic diversity of Indic languages and meet the
increasing demand for multilingual AI solutions.

5 Conclusion

In this paper, we have combined language modeling with word embedding extrac-
tion and graph-based ranking as an architecture for extractive text summariza-
tion. Superior results have been achieved in comparison to traditional Indic
Language summarization approaches. Furthermore, we also were able to extract
more context-based human-like summaries, unlike previous occurrence-based
approaches. Though the use of heavy attention-based models and modern sum-
marization architectures used in English can work much more efficiently on this
task, the lack of proper standard annotated datasets makes the training of such
architectures exceedingly difficult for non-English text. Future works include the
designing of a new metric that defines the importance of the sentence based on
the context of the text. This could then replace the cosine similarity present in
text rank and perform the task of summarization much more efficiently. Hence,
the use of context-based word embeddings combined with a traditional graph-
based approach provides a much more human-like and semantic summary.
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Abstract. Automatic image caption generation using deep learning is rapidly
bridging computer vision with natural language processing. Envision a system
that might be able to carefully study a picture and then describe it in natural lan-
guage. This technology has huge potential for totally revolutionizing theway inter-
actions with images are undertaken, greatly improving accessibility for visually
challenged users, more accurate image search, and streamlined image organiza-
tion. It makes use of Vision Transformers, especially the ViT-GPT2 model for the
extraction of image features from Flickr8k dataset. Features extracted in this stage
are further fed into the Vision Encoder Decoder Model for processing to output
grammatically correct and contextually relevant captions. For proposed model,
Standard evaluation metrics used are BLEU, METEOR, GLEU, and ROUGE-L.
The experimental results show a great improvement over the present approaches.
Obtained results on Flickr8k dataset are BLEU-1 score 0.7024, METEOR score
0.5127, GLEU score 0.2431 and ROUGE-L score 0.5491. It is a model that under-
scores important progress to be achieved in AI systems for sense-making and
describing visual content in the natural language.

Keywords: Deep learning · Image captioning · Natural language processing
(NLP) · Vision Transformers (ViTs) · ViT-GPT2 · Vision Encoder Decoder
Model

1 Introduction

Automatic image captioning is one of the most wonderful research areas in computer
vision,which has gained a huge amount of popularity. It became possible after combining
all the concepts from computer vision and natural language processing. It is, therefore
considered a multidisciplinary technique that has conquered much attention in the recent
years, as it entails a great number of applications in the real world, starting from content
indexing up to recommendations on social media and improvements in accessibility [1].
This plainlymeans that creation of a system correctly analyzing an image and production
of a coherent phrase, appropriately describing it, is a task hard to hit for exhaustive
comprehension of both linguistic structures and visual content [2]. This problem is
more challenging than, for instance, tasks like object detection and image classification.
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While object detection focuses on the identification of the objects in an image and
possibly labeling them, captioning requires that not only the objects be identified but
also their relation and context in which they appear [3]. Humans do this with much ease,
incorporating both the innate cognitive aspect of human beings and learned experiences.
However, in machines, this can be replicated only after extensive training on different
datasets to achieve human-like performance in accuracy [4].

Applications in image captioning are enormous. For instance, image captioning will
greatly improve the accessibility to visually impaired persons by describing what is in
the images. Apart from that, it will facilitate the work of virtual assistants, index images,
and even provide recommendations in social media by understanding and summarizing
visual content [5]. Image captioningmainly proposesmethods including template-based,
retrieval-based, and deep learning-based, categorized into three groups. One type of
predefined structure in images, the template-based methods miss the semantic contents
of thewhole image considerably.Retrieval-basedmethods generate captions bymatching
a given input image to a set of images most similar to it. These approaches, however,
often face challenges when handling novel images [7]. Recently, many deep neural
network-based approaches were found to dominate the research landscape because they
can encode and interpret an image’s complex features and provide more contextually
accurate captions through methods that use CNNs and RNNs [8, 9].

VisionTransformers represent probably one of themost radical developments in deep
learningmethods for image captioning. Not like traditional CNNs, which process images
locally, ViTs cut images into patches and use self-attention mechanisms that capture
global contexts [10]. Therefore, performance is improved in a holistic way by modeling
long-range dependencies and complex interactions within the image. Its application was
originally adapted from the Transformer architecture of Natural Language Processing;
therefore, it is obvious that a notable boost over CNN-basedmethods has been given [11].
Designed an encoder-decoder deep-learning model that generates automatic captions
on images using Vision Transformers and Generative Pre-trained Transformer (GPT-
2). Utilized Vision Transformers for robust image feature extraction and GPT-2 for
generating coherent and contextually relevant captions. Conducted a comprehensive
evaluation of the model on Flickr8k dataset based on the various metrics related to
accuracy as well as descriptiveness of captions.

In this paper, we introduced related work within the field, including a comprehensive
literature review in Sect. 2. Section 3 describes the methodology behind our suggested
model, that is, the integration of Vision Transformers with GPT-2 for image captioning.
Section 4 outlines results and analysis regarding the model’s performance, evaluating
it on different evaluation metrics. The findings are summarized in Sect. 5, and future
directions discussed and followed by references.

2 Literature Review

VGG16 Hybrid Places 1365 and LSTMmodel integrates VGG16 that is a convolutional
neural network fine-tuned in a Places 1365 dataset and then applies Long Short-Term
Memory network, LSTM network for the generation of image captions. Being a deep
architecture-basedmodel, it extracts the high-level features froman image by applying its
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optimized pre-trainedweights that are tuned exclusively for scene recognition [12]. Then,
these extracted features feed the input to LSTM, thus capturing temporal or sequential
patterns, improving contextual understanding and relational dynamics within a picture.
This hybrid approach leverages the strengths of both CNNs in feature extraction and
LSTMs in sequence modeling, making it particularly effective for tasks such as video
analysis and dynamic scene interpretation [13].

The introduction of an element of memory storage, together with a reading process
that is selective, makes the Memory-enhanced captioning with external memory and
the mechanism of Selective Reading Mechanism model more efficient and effective in
information processing systems [14]. This vital information will have a higher degree
of relevance than less important data. ResNet50 has been utilized for image features
and LSTM with soft attention for sentence generation [16]. The strengths of ResNet50
with advanced feature extraction and LSTM in stochasticity modelling of sequences,
congregate together to elucidate these dynamic visual data more accurately [10].

Dual-GCN with a transformer has been introduced for spatial relations and object-
level features, refined by a linguistic transformer [17]. Dual-GCN and Transformer
combine Graph Convolutional Networks with Transformer architectures for the han-
dling of heavy representations in many tasks. The Transformer processes graph features
using self-attention mechanisms for long-range dependencies and context information
[18]. Visual and semantic information has been combined with adaptive attention for
image captioning [7]. Hierarchical deep neural networks (HDNN) are a well-developed
architecture designed to model data at different levels of abstraction to improve learning
and prediction [19]. HDNN has been enabled the utilization of various methods in order
to solve different problems, those complex decision-making tasks which require under-
standing of the data from the simple Eighth level up to the most difficult level, important
for accuracy of the results [20, 21].

The CNNs are a special class of deep neural networks has been developed to achieve
image classification, detection. This is mainly because of the emerging prevalence in
recent times with applications including but not restricted to autonomous vehicles and
security systems. This way, CNNs has been designed to extract and recognize patterns
from visual data [22–24]. On the other hand, when involving sequential inputs, RNNs do
well in things such as language translation and speech recognition. Sentiment analysis
problems have dominatedmost of the RNN applications; nonetheless, transformer-based
models are more efficient and have taken over most sentiment analysis problems [25,
26]. LSTM networks are an instance of the RNN, which is adequately effective in
maintaining long-distance dependencies within sequences and can perform fairly good
with the application wherein some form of temporal processing is required, for example,
recognition of handwriting and machine translation [27].

After going through the literature on variousmethodologies of generating image cap-
tions, our approach involves integrating a ViT with a GPT-2 decoder using the Vision
Encoder DecoderModel for generating descriptions that maintain the flavor of the visual
and contexts of an image. In the proposed approach, capitalizing on the strengths of
Vision Transformers in fine-grained feature extraction of visual modality and language
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modeling abilities of GPT-2, very accurate contextually rich captions have been gener-
ated. Quality is measured with multiple metrics: BLEU (Bilingual Evaluation Under-
study), GLEU (Generalized Language Evaluation Understanding), METEOR (Metric
for Evaluation of Translation with Explicit ORdering), ROUGE-L (Recall-Oriented
Understudy for Gisting Evaluation - Longest Common Subsequence).

3 Methodology

The objective of the proposed methodology is to make automatic and well-formed cap-
tion generation for the input images. To a large extent, the development of an effective
methodology that will result in well-formed captions for input images needs feature
extraction, sentence generation, and evaluation. Figure 1 depicts the block diagram of
the process for image caption generation with inputting as an image, which undergoes
processing from the Vision Transformer (ViT) Feature Extractor. Apart from this, after
extracting the features through the Vision Encoder-Decoder Model then sent to Auto
Tokenizer that converts it into the final output text.

Fig. 1. Block Diagram of the Proposed Model

The flowchart, Fig. 2, outlines the methodology applied to the generation process of
image captions: beginning with collection, followed by cleaning and filtering to ensure
high-quality input data; feature extraction and preprocessing so that the data was ready
for model training. Finally, the trained models captioned an image, and results were
evaluated for measuring performance and accuracy.

Implementing ViT and GPT-2 for image captioning requires high-performance com-
puting. On the software side, it shall require the use of TensorFlow with libraries like
Transformers and PIL. For hardware, a GPU with sufficient memory is necessary to
handle the actual computational requirements of ViT’s image processing and GPT-2’s
large language model capabilities, especially during training and fine-tuning.

3.1 Dataset

The work is based on caption and image data part of the Flickr8k dataset, which is of
great use in the research community mainly because of its rich collection of images and
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Fig. 2. Flowchart of the Methodology.

interesting descriptions. The dataset constitutes 8000 images; each image is annotated
with a number of captions that are produced by human generators. This dataset otherwise
is quite rich in both linguistic diversity and context. 5 captions are maintained for each
image and out of 8000 images, 6000 are used for training purpose, 1000 for development
purpose, and the remaining 1000 images are used for testing purpose. Average caption
length is 12 and resolution varies from 256 × 500 to 500 × 500. The Flickr8k dataset is
available at Kaggle.

The computational complexity and scalability of the proposed model were tested
using the Flickr8k dataset. On account of the transformer-based architecture of ViT,
its use for feature extraction and GPT-2 for text generation inherently incur overhead
due to additional requirements in terms of computation. Still, these components are
planned to scale up well and apply parallel processing capabilities with larger datasets.
Future evaluations on larger datasets such as Flickr30k or MS COCO could even give
further insight into the scalability and performance of the model across more diverse
and complex distributions of the data.

3.2 Feature Extraction

Feature extraction was performed by the pretrained ViT Feature Extractor. First, the
input image is checked to ensure it is in RGB color mode; any other type of input format
is transformed into RGB format. Then, the image is further processed with ViT Feature
Extractor, which extracts the pixel values in tensor form of size of size 3 × 224 × 224.
These pixel values now serve as input to the Vision Transformer model to delve deeper
into features that will be beneficial in further steps of an image captioning pipeline.

For each image Ii from the list of images {I1, I2, . . . , In}, the image is loaded and
converted to RGB mode if necessary:

Ii → IRGBi (1)



ViT-GPT2: Vision Transformer Based Automatic Image Captioning 25

where IRGBi is the processed image in RGB format. From (1), the processed images{
IRGB1 , IRGB2 , . . . , IRGBn

}
are then passed through the ViT feature extractor:

X = ViT_FeatureExtractor(IRGB1 , IRGB2 , . . . , IRGBn ) (2)

Xpixels = FeatureExtractor(IRGBi ) (3)

where Xpixels are the pixel representations extracted from image.

3.3 Proposed Model

The image caption generation here includes using amodel relying on the Vision Encoder
Decoder Model, which combined use of an encoder comprising the Vision Transformer,
ViT with GPT-2 as its decoder. The model ViT does a lot of feature extraction from
the images, capturing intricate patterns and details by dividing the image into patches
and treating them just like transformers do with sequences. These features that are
being extracted then give an input to the GPT-2 model to describe and give coherent
captions. To enhance themodel’s performance, fine-tuning is conducted using a Flickr8k
dataset. This process involves loading the data through a Data Loader, which efficiently
handles batching and shuffling. The fine-tuning process is crucial for adapting the model
to specific domains or datasets, ensuring that the generated captions are relevant and
accurate. During fine-tuning, it learns how to map visual features to textual descriptions,
meaning mapping to captions, by adjusting its parameters to the Flickr8k dataset so that
it can generate captions closer to the desired output.

The training process is driven by an Adam with Weight Decay (AdamW) optimizer,
which is well-suited for large transformer models due to its ability to handle sparse
gradients and provide stable convergence. Cross Entropy Loss is used as a loss function,
which compares the generated captions with the target captions, penalizing incorrect
predictions. The training loop iteratively adjusts the model’s weights by minimizing
the loss, gradually improving the quality of the captions. It makes sure that model has
learned enough from the data by training themodel over dataset. TheVision Transformer
processes the pixel values from (2) to produce a feature representation. The resultant
feature representation is used as input to the GPT-2 decoder.

Efeatures = ViTEncoder(Xpixels) (4)

where Efeatures is the encoded feature representation from the Vision Transformer. The
GPT-2 model generates a sequence of output token IDs Yids based on the encoded
features.

Yids = GPT2Decoder
(
Efeatures

)
(5)

Combining (3), (4), (5) we get

(6)
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The Auto Tokenizer is then used to generate the output caption from token IDs which
is generated as shown in (6). Auto Tokenizer is the tokenizer that automatically converts
text into tokens, which are smaller units of meaning, for easy processing by machine
learning models. In this work, it will be used to prepare and format text for ViT-GPT-2
model image captioning; therefore, it will allow the model to understand and generate
captions for images.

Fine-tuning would mean tweaking the hyperparameters, like batch size and learning
rate, with the intent of adjusting performance. For this project, a batch size is set at 32,
and the learning rate is 5e-5, but certainly other combinations would continue to help
improve the results. The impact of these variations, involving the number of epochs,
will be analyzed in terms of an effect on response from the model. Future experiments
can also look into using gradient clipping or a learning rate scheduler to stabilize the
training process. All in all, the proposed model would make it possible to leverage the
best qualities of transformers such as ViT as encoder, GPT-2 as decoder and fine-tuning
approaches in achieving high-quality image captioning. This allows forwell-formed cap-
tions and contextually accurate captions. Therefore, the model becomes a very powerful
tool for numerous computer vision and natural language processing applications.

Fig. 3. Sample Imageswith their reference captions from the dataset alongwith generated caption
using proposed model
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3.4 Caption Generation

In the process of creating a caption, when the model is generating output IDs for
tokens, those IDs form a sequence of tokens for a caption predicted. The Auto
Tokenizer will use those output IDs to decode their text format. The tokenizer
will take that sequence of token IDs and convert that sequence to words and sentences
to rebuild, in effect, a textual caption out of the model’s predictions. This is a really cru-
cial step as it’s actually taking the numeric output from the model and converting it
into some meaningful caption. The output token IDs Yids from (5) are finally decoded
by the tokenizer into the final predicted caption Ycaption given by (7).

Ycaption = Tokenizer(Yids) (7)

In Fig. 3, the reference captions depict the ground truth description of the images,
while the generated captions have been selected from the output of the ViT-GPT-2 image
captioning model. Such comparison depicts how well the captions were generated by
the model; in other words, whether the captions are relevant to their context or just
automatically generated statements.

3.5 Evaluation Metrics

A number of metrics were utilized to ensure the performance of the proposed model of
image captioning was comprehensively evaluated. BLEU scores of the n-grams preci-
sion in the generated captions against reference captions. ROUGE-L is added for the
longest common subsequences. This is through the alignment of exact, stemmed, and
synonym matched words. On the other hand, GLEU measures the quality of captions
generated against reference captions it puts more emphasis on the grammaticality of
the captions. Together, they provide a robust measure of the model’s effectiveness in
generating accurate and contextually relevant captions.

4 Results and Analysis

To establish whether the proposed Vision Encoder Decoder Model was good at gener-
ating meaningful captions for given images, strict procedures were used to arrive at the
final conclusion. It was about keeping the focus on whether the produced captions really
represent content in the image and offer comprehensible descriptions to human users.
The Fig. 4 is the image with its reference captions given in the dataset. For this image,
the result caption produced is “group of dogs playing in field”, which shows that the
model could generate descriptive and contextual text based on the visual content.

The model’s performance was assessed using several metrics, reflecting its ability
to generate relevant and coherent captions. The BLEU scores—ranging from 0.7024
for BLEU 1 to 0.2411 for BLEU-4—indicate a high level of precision in capturing
n-grams, with a gradual decrease in score as the n-gram length increases. ROUGE-L
score is 0.5491, which indicates a moderate rate of agreement in the longest common
subsequences between the reference and the generated captions. The METEOR score is
at 0.5127; this score perfectly balances precision and recall, as well as the GLEU score
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Fig. 4. Sample image with reference captions.

of 0.2431, which reflects the ability of the model to perform fairly well in evaluating
the modules of small dimensions. Cumulatively, these results point to the ability of the
model to yield inferences that do result in the generation of accurate and contextually
relevant captions, while needing improvement in other dimensions.

Tables 1 and 2 compare the performance of the proposed model with multiple other
models over different evaluation metrics. The table has six different models with scores
on seven different evaluation metrics: BLEU-1 to BLEU-4, ROUGE-L, METEOR and
GLEU. Each row depicts a different model, with each column referring to a specific
measure of evaluation. In this manner, the table enables one to make a quantitative
comparison in terms of the performance of models across these metrics.

Table 1. Performance of different models based on BLEU scores

S No Model Decoder BLEU-1 BLEU-2 BLEU-3 BLEU-4

1 M-RNN [19] LSTM 0.5650 0.3860 0.2560 0.1700

2 V-S.M [20] MESHED MT 0.579 0.383 0.245 0.160

3 DL [21] LSTM 0.5335 - - -

4 AICRL [5] LSTM 0.619 0.452 0.3668 0.262

5 EL [15] LSTM 0.634 0.400 0.287 0.151

6 CL [17] LSTM 0.6373 0.4500 0.3087 0.2113

7 CLA [17] LSTM 0.6532 0.4692 0.3281 0.2258

8 ResNet152 [24] LSTM 0.6230 0.4424 0.3084 0.2121

9 VGG16 [22] LSTM 0.6056 0.4198 0.2866 0.1951

10 Densenet161
[23]

LSTM 0.6312 0.4468 0.3076 0.2079

11 VGG16 Hybrid
Places1365 [1]

B-LSTM 0.6666 0.4704 0.3893 0.2878

12 Proposed
Model

ViT with GPT-2 0.7024 0.4941 0.3537 0.2411
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TheBLEU-1 toBLEU-4metrics thatmeasure the overlap of n-gramused for sentence
alignment are carried out for the 12modelswith the proposedmodel presented in Table 1.
Under the baselinemodels, the BLEU-1 score is recorded as the highest value byVGG16
Hybrid Places1365 [1] at 0.6666, but this is surpassed by the score of the proposedmodel
at 0.7024 that bettered this with a good quality of sentences. BLEU scores decrease with
higher n, reflecting the difficulty in capturing longer sequences, yet the Proposed Model
prevails on BLEU-2 (0.4941), BLEU-3 (0.3537), and BLEU-4 (0.2411), showing much
better contextual alignment. Its ViT with GPT-2 decoder does justice to the subtleties of
the language compared to the LSTM-based architectures.

Table 2 assesses models with ROUGE-L, METEOR, and GLEU metrics with a
focus on structural similarity, semantic accuracy, and fluency. The Proposed Model
outperformed others with the highest ROUGE-L: 0.5491, indicating superior sentence
structure alignment and METEOR: 0.5127, showing excellent semantic accuracy as
opposed to baseline models that had scores below 0.209. Its GLEU value is slightly
lower at 0.2431 than the score of 0.2469 for the VGG16 Hybrid Places1365 [1], but
such minute difference makes the model equally coherent and grammatical. In general,
the improvement in fluency and generation of meaningful sentences with the Proposed
Model is significantly visible.

Table 2. Comparative Analysis of ROUGE-L,METEOR andGLEU scores with ProposedModel

S No Model Decoder ROUGE-L METEOR GLEU

1 M-RNN [19] LSTM - - -

2 V-S.M [20] MESHED MT - - -

3 DL [21] LSTM - - -

4 AICRL [5] LSTM - 0.209 -

5 EL [15] LSTM - - -

6 CL [17] LSTM 0.4641 0.1995 -

7 CLA [17] LSTM 0.4695 0.2087 -

8 ResNet152 [24] LSTM 0.4616 0.1950 -

9 VGG16 [22] LSTM 0.4482 0.1904 0.1542

10 Densenet161 [23] LSTM 0.4619 0.2000 0.1550

11 VGG16 Hybrid Places1365
[1]

LSTM 0.3076 0.5060 0.2469

12 Proposed Model ViT with GPT-2 0.5491 0.5127 0.2431

The Table 1 and Fig. 6 represents the comparison done amongst various models,
including the proposed model, based on BLEU-1 scores on the Flickr8k dataset. BLEU-
1 scores describe the precision of the models while generating the captions, and here,
the proposed model is showing the best performance. The comparison depicted here
signifies the potency of this proposed approach in performing image captioning.
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Fig. 5. ROUGE-L scores of different models

Fig. 6. BLEU-1 scores of different models

The Table 2 and Fig. 5 represents a comparative analysis graph of ROUGE-L scores
achieved by various models. The line plot illustrates the performance of different models
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in terms of ROUGE-L metric, providing a visual representation of their summarization
or translation capabilities. By examining the graph, one can identify the model with the
highest ROUGE-L score and assess the relative performance of each model.

5 Conclusion

In conclusion, the objectives in developing a deep learning-based encoder-decodermodel
for automatic image captioning were well achieved. The model developed herein, char-
acterized by the use of Vision Transformers for robust image feature extraction and
GPT-2 for coherent and contextually relevant caption generation, really proved effective
for proper caption generation. Results obtained on the Flickr8k dataset were ROUGE-L:
0.5491, METEOR: 0.5127, GLEU: 0.2431, BLEU-1: 0.7024, BLEU-2: 0.4941, BLEU-
3: 0.3537, BLEU-4: 0.2411. These were indicative of a high level of accuracy and
relevance in the generated captions.

For future work, this can be extended to more diverse datasets to enhance general-
ization. Further advanced transformer architectures or the integration of domain-specific
pre-trained models may lead to better quality and applicability of the generated captions.
The further fine-tuning of models in application fields, including real-time processing
applications, medical imaging, or autonomous systems, may extend the scope of this
research into practical applications.
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Abstract. End-to-end Automated Speech Recognition (ASR) has recently ben-
efited from advancements in multimodal language models, which combine audio
and visual data to improve transcription accuracy and context understanding. Neu-
ral networks have become increasingly popular for the task of language model-
ing. A language model (LM) is a mathematical representation of the likelihood
of a word sequence that offers a solution to word prediction in different types
of information systems. Learning the long-span dynamics of a continuous-space
word sequence is a powerful task for a Recurrent Neural Network (RNN). On
the other hand, with a high-dimensional hidden layer and a huge dictionary size,
training the RNN-LM becomes an ill-posed task. In contrast to traditional uni-
directional networks, which rely solely on historical data to provide predictions,
bidirectional networks can take into account both current and future inputs. In this
research, we suggest using bidirectional Recurrent Neural Networks (BRNN) for
language modelling in speech recognition. We examine bidirectional models on
an Indian English Broadcast News transcription assignment and talk about prob-
lems that come up when using them for speech. With the use of testing data from
50 epochs, the audio speech of proposed dataset was accurately recognized with a
97.74% accuracy rate and a precision rate of 95.23%. Hence, multimodal BRNN-
based ASR framework offers a robust approach to end-to-end speech recognition,
providing a foundation for further exploration into multimodal enhancements.

Keywords: Language models · Speech recognition · Bidirectional neural
network · Deep learning · Sentiment analysis

1 Introduction

Speech is a ubiquitous and essential mode of communication among humans, facilitating
the expression of ideas, thoughts and emotions and enabling engagement in meaning-
ful conversations [1]. As our lives become increasingly intertwined with machines and
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smart devices, new communication techniques that align with our digitalized world have
emerged. Speech recognition has played a pivotal role in enabling us to adapt to these
novel modes of communication: it not only empowers individuals with disabilities to
interact, share knowledge and engage in open conversations, but also holds promise for
revolutionizing communication between machines using natural language [2]. Statis-
tical language models (LMs) are crucial components in a wide-range of applications,
including automatic speech recognition (ASR) systems. Pattern recognition techniques
also enable the mapping of audio features to linguistic units, such as phonemes, words or
sentences, exploiting statistical consistencies within the speech signal. Machine learning
(ML) algorithms, including deep neural networks (DNNs), have proven instrumental in
learning and recognizing these patterns, leading to accurate and efficient speech recog-
nition. The future of speech recognition technology holds promising prospects [3]. It is
poised to surpass our expectations in meeting the evolving needs of the community and
has the potential to facilitate seamless communication between machines using natural
languages [4]. By continuously advancing the boundaries of research and development,
speech recognition systems will continue to enhance our ability to communicate effec-
tively and effortlessly in an increasingly interconnected world. Conventional recurrent
neural network (RNN) and long short-term memory (LSTM) models are unidirectional,
meaning that the input data is processed in the order of time, and the output probabilities
are estimated based solely on the context of the past [5]. Despite the obvious importance
of future context, unidirectional models do not account for how words in the future
might affect the likelihood of the current word. Rather, the impact of the present word
on the likelihood of subsequent words is the sole means by which this dependency may
be represented. Building models that move both ahead and backward in time to take
advantage of model combination seems like it could be a good idea, at least intuitively.
This is because dependencies can work both ways. An attractive foundation for merg-
ing data from both the past and the future is provided by bidirectional RNNs [6]. By
analysing the input data in reverse order, an additional hidden layer called the backward
hidden layer is trained in bidirectional RNNs. Rather of being directly linked, the origi-
nal hidden layer (also known as the forward hidden layer) and the backward hidden layer
both connect to the same output layer. By substituting memory blocks for the hidden
units in a bidirectional RNN, bidirectional LSTMs can be created [7]. Applications of
bidirectional RNNs and LSTMs include audio modelling and handwriting recognition
[8, 9].

Algorithms for voice recognition are able to more accurately recognise ambivalent
words thanks to speech recognition’s lipreading and image processing capabilities [10].
Building a model for audiovisual speech recognition that can translate visual and audi-
tory inputs is, hence, the primary objective. This study examined the limitations and
performance of a hybrid model used for audiovisual speech recognition; the findings are
presented in this publication to help future research in this field [11]. Assisting those
who are hard of hearing is the driving force behind the planned project. Lipreading is a
common way for people who have trouble hearing to communicate, especially in busy
places or when speech is difficult to make out [12]. However, lipreading is an acquired
skill, and it can be difficult for the deaf to understand spoken language [13]. The solu-
tion to this difficulty and the ability for people with hearing impairments to engage in
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Fig. 1. A pretrained LLM-based speech recognition model with audio and optional text tokens.

discussions can be found in audiovisual speech recognition, which involves the inter-
pretation of both audio and visual information. Helping those who are hard of hearing is
the driving force behind this work speech recognition algorithm development. The goal
is to be able to anticipate spoken words from videos without audio and vice versa. This
research work primarily aims to accomplish the following:

• Establish a database comprising Indian English;
• Create an algorithm for visual speech recognition;
• Modify the neural network to enhance pattern learning and feature extraction;
• Achieve the highest quality audiovisual speech recognition outcomes.

The scientific significance of the anticipated models includes the understanding of
many models, neuroscientific insights, and cross-model learning. On the other hand, the
practical significance of the anticipated models comprises improvements in regard to the
accuracy of voice recognition, accessibility, security, and authentication. The rest of the
article is structured as follows: In Sect. 2, we will go over the current approaches and
resources for automated speech detection. The suggested method is detailed in Sect. 3.
In Sect. 4, the results are detailed. Section 5 details the conclusion and following works.

2 Related Work

In the realm of machine learning and deep learning, convolutional neural networks
(CNNs) are by far the most used for processing and recognizing audio [14]. A minimum
weight-sharing approach has been proposed that effectively handles speech features, in
contrast to the traditional full weight-sharing CNN designs used for image processing.
Rather than pooling layer overlap, pooling size is the primary factor affecting automatic
voice recognition performance [15]. When compared to the conventional ANN-based
method, the CNN-based strategy for voice recognition achieves superior accuracy [16].
The spoken digit recognition data is classified using a CNN that is trained using charac-
teristics taken from the Bark spectrogram [5]. Compared to other parameter-based meth-
ods, CNNoutperforms them by generating voice classes from unprocessed speech inputs
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[17]. The stride-based convolutional neural network (SCNN) is an innovative method
that improves computational stability by reducing the number of convolutional layers and
removing the pooling layers [18]. A BiLSTM model could potentially be transformed
into a low-latency end-to-end UniLSTMmodel through the process of knowledge distil-
lation [19]. When compared to a regular GRU, the Li-GRU layer reduces computational
complexity by a largemargin, improves recognition performance, and saves training time
by over 30% [20]. When trained with LSTM-RNN, accuracy and learning rate are not
mutually exclusive [21]. Convolutional LSTMswith 15 layers of deep learning achieve a
word-error rate of 10.5%without language model or a dictionary [22]. During decoding,
the biassing strings of a weighted finite state transducer (WFST) were added by [23].
The scores of the RNN-T system and the biassing WFST are interpolated. One benefit
of these approaches is their adaptability; after training is over, they may be linked to any
system. Contextualization end-to-end during model training is another area of research
in deep biassing approaches [24]. Onemajor drawback of these methods is that they only
consider the phrase level, not the entire context. Furthermore, these methods necessitate
the incorporation of specialized biassing modules within the primary ASR architecture.
Several methods that use LLMs for speech-related tasks were also introduced at the same
time in this study. Together with audio representations, [25] used LLaMA LLM to trans-
late spoken language by attaching a textual instruction (“Translate audio to language
X”). For STT and STT-to-speech tasks, the Audio Palm [26] model combines audio and
text tokens. Using multilingual data, [27] demonstrated how to enable speech recogni-
tion capabilities for the LLaMAmodel. Table 1 gives the summary of the state-of-the-art
speech recognition algorithms.

Table 1. Overview of multimodal language models for ASR

Reference Methods Dataset Limitations

Gambhir et al. [1] BRNN with Multimodal
Embeddings

Libri speech, AV
Speech

Limited ability to
generalize to noisy or
unseen domains due to
domain dependency

Almadhor et al. [4] Multimodal Transformer
+ BRNN for Audio and
Visual Features

LRS3, TED-LIUM High computational
cost and memory
requirements

Djeffal et al. [5] Hybrid BRNN with
Attention Mechanism
combining Audio and
Text features

VoxCeleb,
Common Voice

Limited to specific
language accents;
requires large
annotated datasets

Gan et al. [6] Audio-Visual Speech
Recognition using
BRNN and Multimodal
Feature Fusion

TIMIT, VoxForge Performance degrades
with misalignment in
visual and audio inputs

(continued)
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Table 1. (continued)

Reference Methods Dataset Limitations

Chang et al. [9] BRNN with
Cross-Modal Attention
between Language and
Visual Modalities

Common Voice,
TED-LIUM

Difficulty handling
real-world noise and
occlusions in visual
data

Fukuda et al. [11] Multimodal
Encoder-Decoder with
BRNN for ASR and
Gesture Analysis

GRID,
TCD-TIMIT

Limited performance
on spontaneous and
casual speech,
especially in
low-resource
languages

Reza et al. [13] BRNN-based
Multimodal ASR with
Pre-trained Vision and
Audio Models

AISHELL-1, AV
Speech

Limited by the high
cost of pre-training
and real-time
application challenges

Radha et al. [14] Vision-Enhanced BRNN
for ASR, incorporating
Visual Speech
Recognition (VSR) in
noisy settings

VoxCeleb2,
YouTube-8M

Reduced accuracy in
low-light or occluded
visual conditions

Oruh et al. [20] BRNN with Multimodal
Semantic Embeddings
for Language and Audio
Fusion

Mozilla Common
Voice, LJ Speech

Dependency on
high-quality labelled
data; limited
scalability for diverse
speech patterns

Bhaskar et al. [24] Sequential Multimodal
BRNN using
Self-Supervised
Learning

Audio Set, How2 Struggles with speech
from unfamiliar or
complex linguistic
patterns

A Whisper model recently used a biassed method, where the transcription of the
previous segment was included in the longform speech recognition prompt [28]. Unlike
their work, our approach is influenced by the unstructured and occasionally irrelevant
textual background. This is because video titles and descriptions do not necessarily
correspond to the context of spoken language. Another review study surveyed mouth
interface devices based on sensors for the recognition of speech using DL techniques
[29]. It also focused on communication difficulties for disabled people, visual speech
recognition, and a silent speech interface. Another study conducted a brief review of 17
papers on Arabic speech recognition using neural networks [7]. For the same language,
another survey highlighted the models found in 35 studies and the evaluation techniques
andmetrics used in dialectalArabic speech [1]. The studyprovideddetails on the progress
of dialectal Arabic and summarized the challenges and issues raised in previous research.
Another review of speech recognition using DL concluded that using both probabilistic
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neural networks and RNNs can correctly recognize 98% of phonemes, followed by
hidden Markov models (HMMs) [3]. In a related study conducted by [10], the basic
principles of voice recognition technology, related theories and problemswere surveyed.
The study presented optimization methods of artificial intelligence (AI) and simulation
training for speech recognition based on DL. It highlighted several issues that affect the
quality of this technology, such as its capability to handle noisy environments and low
endpoint detection levels. To address these challenges, the study introduced methods
of optimization and analysis aimed at improving speech recognition performance by
processing information more effectively.

3 Methodology

In this section the steps used to build the dataset, extract and categories features from
the audio model, do the same for the visual model, and then use a DCNN to combine
the two sets of data. The proposed block diagram of this procedure is shown in Fig. 1.

3.1 Dataset Description

An Indian English Broadcast News assignment was the subject of our experiments. The
GALE voice transcription system developed by IBM in 2007 serves as the foundation
for the baseline system [14]. The 30 h of broadcast news audio are used to train the
speaker-adaptive acoustic model. The standard 4-g model, which has a vocabulary of
over 84,000 words and was trained on 50 million words from various sources, serves as
the foundational language model. Eight males and eight females, ranging in age from
18 to 35, contributed eighty movies to the study’s collection. The recordings were made
in an isolated room with no outside noise or disturbances. The data was gathered with
the intention of improving and assessing the lipreading process through the use of voice
recognition and similar technologies. Eight words were spoken by each of the sixteen
participants, and each word was recorded five times. Consequently, there were 640 bytes
of data in the dataset, representing 8 words x 5 times 16 people [2].

‘About’, ‘Bad’, ‘Bottle’, ‘Come’, ‘Cow’, ‘Good’, ‘Pencil’, ‘Read’, and ‘Where’ are
the nine words that were utilised here. These terms were chosen at random from a pool
of around eighty movies [14]. Using a Microsoft Video editor, the videos in the dataset
were trimmed to include only one second of audio for every word. A frame rate of 60
frames per second was used for the video.We split the data into two sets: one for training
that included 75% of the movies and another for validation that included 25% of the
movies, for a total of 25% of the dataset. The model was trained using the training set,
and its performance was evaluated using the validation set.

3.2 Proposed Bidirectional RNN Training Criteria

A subset of the original 50 million words is used to train BRNN language models,
which consist of 12 million words. We utilised the python libraries to execute training
algorithms for the LSTM and RNN language models, both bidirectional and unidirec-
tional [15]. Using a GPU and back propagation over time with mini-batch updates, the
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RNN/LSTM models are trained. The network parameters are adjusted after processing
all of the words in a mini-batch of sentences that are propagated individually through
the network during mini-batch training. Each sentence in a minibatch should have the
same length to maximise the use of the quick matrix operations on a GPU. On the other
hand, particularly in the realm of broadcast news, there can be a great deal of variation in
sentence length. While it is possible to make shorter phrases the same length by padding
them with special symbols, this reduces the efficiency gain that may be achieved by
utilising a GPU.

Fig. 2. Proposed speech recognition block diagram

Fig. 3. Bidirectional RNN architecture unfolded in time.

Maximising the loglikelihood, or minimising the Cross Entropy (CE) measure of
the training data, is the goal of conventional RNNLM training. The objective function
is defined as follows for a series of words with a length of Nw in Eq. (1):

JCE(θ) = − 1

Nw

∑Nw

i=1
lnPRNN(wi | hi) (1)
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PRNN(wi | hi) = exp
(
θ�
i vi−1

)

∑|V |
j=1 exp

(
θ�
j vi−1

) = exp
(
θ�
i vi−1

)

Z(hi)
(2)

If the probability of the word wi given the history were defined by Eq. (2), The
weight vector linked to word i at the output layer is represented as hi.θ i. The size of the
vocabulary in the output layer is denoted as |V|, and | The size of the vocabulary in the
output layer is denoted as |V|, and vi−1 is the hidden history vector that was computed
in the hidden layer. Typically, while training RNNLMs using CE, the gradient in Eq. (3)
is:

∂JCE(θ)
∂θ

= − 1
Nw

∑Nw
i=1

(
∂
(
θ�
i vi−1

)

∂θ

)
(3)

In Eq. (4), the normalisation is applied to the entire output layer by the denominator

term Z(hi) = ∑
exp

(
θ�
j vi−1

)|V |
j=1

. In Section I, we covered how computing the RNNLM

probabilities during test time and CE based training using the gradient information of
[3] is computationally expensive.

3.2.1 Variance Regularization

Incorporating the standard CE-based objective function of Eq. (4) with the variance of
the normalization term is one way to increase testing speed. The normalization term
at the output layer can be disregarded during testing time, leading to substantial speed
increases, if the variance of the SoftMax normalization term is deliberately minimized
during variance training. The standard CE objective function is adjusted as:

JVR(θ) = JCE(θ) + γ

2Nw

∑Nw

i=1
(lnZ(hi) − lnZ)2 (4)

In Eq. (5), the CE based training criterion is denoted as JCE(θ), the softmax nor-
malisation term is denoted as Z(hi), and the mean of the log scale normalisation term,
computed over the Nw words in the train set, is denoted as ln Z.

lnZ = 1

Nw

∑Nw

i=1
ln(Z(hi)) (5)

The VR term’s contribution can be adjusted via an adjustable parameter called γ. By
explicitlyminimising the variance of the softmax normalisation term, the above objective
function can bemaximised directly in Eq. (6) duringVR based RNNLM training. Virtual
reality training uses the gradient provided by:

∂JVR(θ)
∂θ

= ∂JCE(θ)
∂θ

+ γ
Nw

∑Nw
i=1(lnZ(hi) − lnZ) (6)
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The typical RNNLM probabilities calculated using Eq. (7) with normalisation, and

PRNN(· | hi) is the CE gradient given in (5), where ∂JCE(θ)
∂θ

is the gradient. During eval-
uation time, VR permits the employment of a history-independent, constant SoftMax
normalisation term. Therefore, the RNNLM probabilities are estimated as:

PVR
RNN(wi | hi) ≈ exp

(
θ�
i vi−1

)

Z
(7)

Since the normalization is no longer needed, the calculation at the output layer is
greatly reduced. With this change, the computation speed at the output layer can be
increased by a maximum of |V| times throughout test time, regardless of the amount of
the output layer vocabulary, |V|. The effective context length of an RNN is quite short,
despite the fact that RNNs can theoretically use arbitrarily lengthy histories. To overcome
this problem, neural networks with Long Short-TermMemory were suggested. A LSTM
neural network swaps out the RNN’s nonlinear units in the hidden layer with memory
blocks that hold value-storingmemory cells andmultiplicative gates that read, write, and
reset these values. The value of a memory cell can be updated by collecting activations
from both inside and outside a memory block, and memory cells can store information
for lengthy periods of time.

The LSTM equations are given as follows:

it = σ(Wxixt + Whiht−1 + Wcict−1 + bi) (8)

ft = σ
(
Wxf xt + Whf ht−1 + Wcf ct−1 + bf

)
(9)

ct = ftct−1 + it tanh(Wxcxt + Whcht−1 + bc) (10)

ot = σ(Wxoxt + Whoht−1 + Wcoct + bo) (11)

ht = ot tanh(ct) (12)

where the input gate it , forget gate ft , output gate ot , and cell activation vector ct are shown
at time t, respectively. For example,Wxi is the weight matrix between the input layer and
the input gates, andWxi is the matrix that denotes the weights between different layers,
gates, and cells. The logistic sigmoid function is represented by σ(·), and the gate and
cell bias terms are bi, bf , bo, and bc. LSTMequations are used to compute the conditional
word probabilities P(wt | wt−1, ht−2) for language modelling after calculating ht .

3.2.2 Bidirectional Recurrent Neural Networks

The input data is processed in both directions by bidirectional RNNs, which allows them
to take use of both the past and the future respectively. Figures 2, and 3 displays the
two-time step unfolding of a bidirectional RNN architecture. By iterating through the
input sequence from t = 1, . . . ,T , bidirectional RNNs construct a forward hidden layer
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hFt and a backward hidden layer hBt , as illustrated in the figure. In order to create a single
output layer, the following equations are used to merge the two hidden layers.

hFt = tanh
(
WF

xhxt + WF
hhh

F
t−1 + bFh

)
(13)

hBt = tanh
(
WB

xhxt + WB
hhh

B
t+1 + bBh

)
(14)

yt = WF
hyh

F
t + WB

hyh
B
t + by (15)

Replacing the activations of the hidden layers with memory blocks yields bidirec-
tional LSTMs. The algorithm strikes a fair balance between training speed and perfor-
mance, according to our data. Splicing sentences together to generate chunks of about
the same length is another strategy for fast RNNLM training on GPUs. Reduces padding
needed to equalize batch sizes [16]. When training or evaluating a language model using
a neural network, the output layer computation often takes up most of the computational
resources. We restrict the output vocabulary to the 10,000 most frequent terms in the
vocabulary tomake this expensemoremanageable. In the out-of-shortlist class, all words
that do not belong in this output vocabulary are assumed to have the same likelihood.
Classifying the output layer is another approach to improving the computational effi-
ciency of neural network language models [3, 5]. One way to reduce the overall number
of parameters is to use an input projection layer. A d-dimensional continuous feature
vector is generated for every word in the lexicon using a shared weight matrix across
word positions. The continuous feature representation of the word at time t,Wt , is given
by xt in Eq. (19). Using back propagation across time, word feature vector representa-
tions, weight matrices, and biases are learnt continuously. Train your RNN or LSTM
language model using a 3D-dimensional linear projection layer, a 3D-dimensional hid-
den layer, and an output layer with 20,000 dimensions. Although the dimensions of the
projection, hidden, and output layers are identical across all networks, the total number
of parameters varies. Since LSTMs use memory blocks instead of hidden units, they
use about four times as many parameters as RNNs. Because bidirectional models need
to calculate a backward hidden state in addition to the forward hidden state, they use
around twice as many parameters as unidirectional models. An additional LSTM layer
with 128 hidden units and eight timestamps was used to keep an eye on these, along
with a dropout layer and a batch normalization layer.

c1
∧〈l〉 = tanh

(
W1c

[
a1〈〉〉, x〈l〉] + b1c

)
(16)

�1u = σ
(
W1u

[
a1〈t−1〉, x1<>〉] + b1u

)
(17)

�1f = σ
(
W1f

[
a1〈t−1〉, x1〈t〉] + b1f

)
(18)

�1o = σ
(
W1o

[
a1<t−1>, x1<>〉] + b1o

)
(19)

c1〈t〉 = �1uc1
∧〈i〉 + �1f c1

〈t−1〉 (20)
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a1〈>〉 = �1otanh
(
c1〈〈〉) (21)

Deep layers and dropout happen after the LSTM layer. Therefore, the dense layer
equation that follows is:

yv = R
(
W2 × a1<i> + b2

)
(22)

The feature maps from the audio-only portion’s first dense layer and the visual-only
portion’s first LSTM layer were combined. Following this, we got by putting the values
into Eqs. (3) and (12).

ac =
[
a1〈〈〉, y2

]
(23)

The output featuremapwas used as input for the three dense layers of theDCNN.The
third and final dense layer was created following the batch normalization and dropout
layers. In order to get the network’s predictions as near to the actual labels as feasible,
we need to minimize the loss function. Deep Convolutional Neural Networks (DCNNs)
have proven they can generalize their learning fromone dataset or job to another. Because
pretrained models may be fine-tuned for specific tasks, this is especially helpful when
working with little labelled data.

4 Results

This section examines the evaluation and comparison of the performance of the proposed
approach to the performance of existing methods based on a variety of metrics including
training and testing accuracy, the number of epochs, the accuracy plot, the loss plot, the
confusionmatrix, and the classificationmatrices. The proposed speech recognition stage
classification model is evaluated with the help of a Indian English dataset, which results
in the provision of a robust framework for evaluating its performance. The findings of
all the trials will be presented in the next part, which will shed light on how well the
suggested model works and how far it can go in accurately detect speech recognition. A
desktop computer system with i7 processor Intel RDX 8GB 3050Ti, twelve cores, and
twenty-four threads, along with 16 GB of RAM, was used to conduct the research.

It goes on to compare and contrast the audiovisual, visual, and auditory models.
Figure 4 shows that after 60 epochs of training on the English dataset, the training
accuracy reached 98.74%. A test accuracy of 97.74% was attained. We evaluated the
suggested model’s training and validation accuracies according to the epoch count.
Figure 4 displays the outcomes. Figure 5a shows the confusion matrix of word audio
classifications.

The first word, “About,” was correctly recognized 88% of the time and misclassified
12%. The second word, “bad,” accurately foretold that it would be identified with a
perfect score, free of misclassification. The graph shows that “Bottle” was properly pre-
dicted 95% of the time, whereas “About,” “Bad,” and “Cow” were mistakenly classified
10% of the time. Only a quarter of the time was the word “About” incorrectly identified
as the fourth word, “Come,” which had an accuracy rate of 97%. With an accuracy rate
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Fig. 4. Accuracy and loss graph of the proposed model

Fig. 5. Confusion matrix for the speech recognition. (a) Audio, (b) Visual Speech

of 97%, the fifth word “Cow” was more often accurately predicted than misclassified as
“About” or “Coming” (14%). “Good” was the sixth word that was rightly classified 98%
of the time and wrongly classified 2% of the time. “Pencil” was the sixth word that was
identified and predicted accurately without a single mistake. “Read,” the eighth word,
was expected 96% of the time but was mistakenly projected as “were” 3% of the time.

There was zero misclassification and a perfect prediction rate for the ninth word,
“Where”. The audio database’s categorization report is shown in Table 2. With respect
to the suggested system, the corresponding perceived precision, recall, accuracy, and F1-
score were 95%, 96%, and 97%, respectively. The confusion matrix displays the total
amount of words classified into different kinds. The visual model’s confusion matrix
was used to train the English datasets. Figure 5b shows the correct and incorrect word
visual speech classifications.
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Table 2. Comparison of quantitative evaluation for automatic speech recognition.

Words Accuracy Precision Recall F1-score

About 88.33 89.23 90.33 90.13

Bad 91.62 90.12 91.32 94.32

Bottle 95.35 96.45 95.25 92.25

Come 97.74 95.34 94.24 92.24

Cow 92.42 90.12 91.22 93.22

Good 98.63 95.23 94.53 96.63

Pencil 94.13 97.23 96.13 96.73

Read 96.22 97.12 96.12 95.22

Where 97.10 95.00 94.10 97.80

Accuracy 93.23 94.23 97.23 94.13

Macro average 95.33 92.23 98.13 96.53

Weighted average 94.14 95.34 93.14 94.24

5 Conclusion

In order to overcome the computational obstacles associated with deep learning, this
study introduces a novel dataset and a feed-forward neural network for audiovisual
voice identification. After training on an Indian English dataset, the authors achieved a
98.71% success rate in training and a 97.74% success rate in testing. Integrating visual
and auditory cues yields the best performance, according to the data. The proposed
method outperforms the current methods. We compared the outcomes of audiovisual
speech recognition with those of previous methods and software, and we looked at how
well it worked for Indian English words. The authors propose a number of changes that
might be made to future research that would lead to better findings. These include con-
structing a dataset from numerous perspectives rather than only looking at the speaker,
using more datasets to train different deep learning algorithms, and trying out other
machine learning and deep learning algorithms. Ultimately, researchers will train the
system using a variety of deep learning and machine learning techniques using datasets
created in noisier surroundings or with artificial noise injected. In the actual world,
researchers can build a portable device and use it unsupervised using microcontrollers
and microprocessors.
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Abstract. Aiming at an automated method for forensic audio analysis, the
Advanced Deep-Learning Framework for Comprehensive Audio Forensics: Clas-
sification and Frequency Analysis searches Leveraging deep learning tech-
niques—more especially, combining a hybrid model with Convolutional Neural
Networks (CNNs) with Bidirectional Long Short-Term Memory (BiLSTM) lay-
ers—enhanced by attention mechanisms—the proposed framework classifies and
evaluates several audio types. Essential for forensic investigations, the architecture
is designed to discover abnormalities, split frequency ranges, and manage several
audio sources.

CNNs derive features from preprocessing and frequency segmentation. For
sequential analysis, bi-LSTM layers inherit these properties, therefore ensuring
a robust understanding of temporal trends. The attention mechanism helps to
enhance the model even further sharpens the model’s focus on relevant frequency
bands for exact classification and anomaly identification. In many environmental
contexts, our deep learning architecture enables the recognition of significant
acoustic characteristics.

The tool can control several forensic audio sources, ranging in frequency from
skating to sleeping to snoring. This provides law enforcement and forensic experts
with a quick tool for objective audio analysis since it offers flexibility in practical
forensic environments. Apart from classification, the framework consists in audio
segmentation, frequency detection, and anomaly detection, so augmenting the
overall forensic analysis of audio data.

Keywords: Audio Forensics · Deep Learning · CNN-BiLSTM Hybrid Model ·
Attention Mechanism · Frequency Analysis · Audio Classification · Anomaly
Detection · Temporal Features · Spectral Features · Forensic Investigations

1 Introduction

1.1 Background

Within forensic science, audio forensics is the study of sound recordings as evidence
for court cases. Usually missed by human witnesses, these recordings provide important
fresh perspectives on events or ambient noises [1]. Since conventional audio analysis
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methods are labor-intensive and prone to biases, they underline the need of automated
systems able to offer accurate and fast analysis [2]. Deep learning techniques enable
one extract information including frequency patterns, temporal dynamics, and particu-
lar sound qualities [3] and offer significant revolutionary promise in this discipline. To
recognize and analyze several audio formats [4], the proposed Advanced Deep Learn-
ing Framework comprises hybrid CNN-BiLSTM architectures reinforced by attention
mechanisms, thereby tackling background noise and distortions. This scalable approach
offers consistent tool for accurate objective forensic audio analysis.

1.2 Value of the Research

Accelerating the analysis of enormous amounts of audio data—needed for surveillance
and evidence evaluation—a deep learning automated system changes forensic investi-
gations [2]. Effective audio input processing by the model increases forensic procedure
dependability and speed of operation.

1.3 Related Works

1.3.1 OpenSMILE

Widely used before data entering machine learning models, OpenSMILE is a flexible
tool for audio feature extraction [1]. While it does well in feature extraction, alternative
models are needed in classification problems.

1.3.2 WaveNet

Originally developed for voice synthesis, WaveNet’s generative architecture offers
forensic audio analysis possibilities specifically for the identification of minute sound
components in raw data [3].

1.4 Approach

1.4.1 Compositional Analysis and Data Management

The method examines many forensic audio sources in turn, including human speech
and ambient noise. Important preprocessing techniques assure the effective collecting
of spectral and temporal features [4] including feature extraction (e.g., STFT, MFCCs)
and noise reduction.

1.4.2 Create a Structural Framework

Emphasizing temporal and spatial aspects of audio, the hybrid CNN-BiLSTM model
compiles localized spectrogram data while BiLSTM layers assess sequential relation-
ships. Focus on important auditory components assures resilience and accuracy by use
of attention techniques [5, 8].
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1.4.3 Classification and Frequency Study

After training, the model detects frequency components and classifies audio into identi-
fied categories (e.g., speech, ambient noise) therefore allowing forensic investigators to
identify certain sounds or audio modifications [5].

1.5 Uses in Law Enforcement Investigation

The architecture opens forensic uses including:

• finding speakers for surveillance audio or phone calls [4]
• categorizing ambient noises for reconstruction of a crime scene detectingmanipulated

audio evidence [5].
• The framework’s Analyzing frequency components helps one find sources or settings

of sound [3].

1.6 Future Discoveries

Future research aims to discovermodified audio and expand capabilities for cross-lingual
or multilingual speech recognition utilizing generative models like VAEs or GANs,
therefore enhancing its international forensic significance [5].

2 Literature Review

The study “Deep Audio Analyzer: A Framework for Audio Forensics” underlines how
spectrum measures like as spectral centroid and bandwidth help the system to differ-
entiate changed from authentic audio recordings. For forensic investigations needing
consistent audio evidence processing, scalable implementation in real-world forensic
contexts is made possible by neural networks built using tools like SpeechBrain. Empha-
sizing spectral centroid and bandwidth enables the system to differentiate actual from
manipulated data [6].

This work emphasizes the need of identifying synthetic voices in forensic investi-
gations, especially when voice modification affects audio evidence. The paper “ADD
2023: Towards Audio Deepfakes” proposes a transfer learning-based method for iden-
tifying audio deepfakes using pre-trained speech synthesis models and finetuning them
with frequencies modulated and MFCC to improve accuracy over both small and large
datasets [7].

This approach is resilient and supported by King Saud University’s speech corpus,
making it suitable for forensic scenarios that require ambient audio evidence validation.
In “Digital Audio Forensics: Microphone and Environment Classification Using Deep
Learning”, CNN and RNN architecture deep learning systems recognize recorded envi-
ronment and microphone type. Audio recordings’ veracity depends on the microphone
and calmness in loud environments [3].

The framework detects deepfake audio generated by TTS systems with high accu-
racy, proving its usefulness in forensic audio applications like synthetic voices linked to
crime. In “Deep Learning Framework for Audio Deepfake Detection,” CNNs for acous-
tic feature extraction and BiLSTM layers for temporal analysis are used to detect bogus
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sounds. Attention approaches focus the model on auditory components likely to change
[8, 9].

CNNs, RNNs, and transformers are evaluated in “Audio Classification Using Deep
Learning: A Survey” for forensic audio challenges, highlighting their benefits and weak-
nesses. In spectrogram and MFCC forensic audio analysis, we go into detail. This eval-
uation helps choose model architectures for forensic audio analysis. Comprehensively
deep learning techniques for ambient noise, voice, and music are evaluated, highlighting
CNNs, RNNs, and transformers’ merits and weaknesses [10].

CNN is used tomerge audio segments in “SplicingDetection inDigital AudiosUsing
CNN”. Using audio source spectrograms, the model detects tiny frequency spectrum
changes, suggesting manipulation. This automatic audio manipulation detection method
is useful in forensic contexts where audio integrity is crucial and provides a constant
means of checking recordings [11].

Audio forensic investigators require this work to manage synthetic voice record-
ings as speech modification and synthesis become more widespread in forensic cases.
Mel-frequency cepstral coefficients (MFCC) and CNNs help to classify real from syn-
thetic audio. Using deepfakemodifications [9], the article demonstrates how successfully
MFCC characteristics distinguish synthetic from real-world recordings.

“Audio Event Recognition Using Deep Learning Models” detects ambient and
anomalous noise. CNN feature extraction and BiLSTM sequential analysis organize
gunshots and footfall. In forensic audio analysis, automatically selecting probable rel-
evant noises can help investigations by finding crucial events from massive audio data
[12].

The research “Detection of False AudioUsingMachine Learning andDeep Learning
Techniques.“ compares conventional machine learning methods like SVMs to more
recent deep learning models, mostly CNNs and LSTMs, to show that deep learning
models outperform traditional methods in detecting minute audio data changes and
identifying false audio [13].

Using MFCCs, spectral contrast, and temporal dynamics, “Sonic Sleuth: A Deep
Learning Model for Audio Deepfake Detection” presents a multi-branch neural network
that detects synthetic audio produced by advanced text-to-speech systems, addressing
forensic investigation’s growing deepfake audio issues. Sonic Sleuth can handle high-
quality deepfakes, protecting court speech records [14].

In forensics, MFCCs, chroma, and zero-crossing rate improve model accuracy. This
strategy helps legal forensic investigators identify between crucial audio events and back-
ground noise in audio evidence. The study “Deep Learning for Audio Signal Processing”
examines numerous deep learning models for environmental noise detection and clas-
sification, highlighting CNNs and RNNs’ effectiveness in non-speech audio processing
[15].

CNN’s “AComprehensiveSurvey onVoiceForgeryDetectionUsingDeepLearning”
emphasizes the difficulties of recognizing artificial voices and examines deep learning
models like GANs and RNNs for voice forgery detection. Since digital evidence may
include forged voice recordings, the study compares models trained on actual and altered
datasets and emphasizes its relevance to forensic audio [16].
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In forensic investigations requiring scene reconstruction, it helps identify the record-
ing environment, verifying the context of an audio recording. “Neural Networks for
Acoustic Scene Classification” tests CNN and BiLSTM deep learning-based acoustic
environment classification for spatial and temporal sound feature acquisition [17].

Deep learning can automate, scale, and accurately analyze audio evidence to
detect deepfakes and tampered recordings, improve low-quality audio, and integrate
multimodal data, changing forensic investigations.

3 Dataset Explanation

Across 10 urban sound categories—air_conditioner, car_horn, children_playing,
dog_bark, drilling, engine_idling, gun_shot, jackhammer, siren, and street_musicians—
the “UrbanSound8K” dataset comprises 8732 short audio clips (≤4 s). Freesound field
recordings provide these noises; metadata for classification—file names, Freesound IDs,
start and end times, salience (foreground or background), class IDs, and fold assignments
[31] accompanies these sounds.

Ten predetermined folds separate the dataset for 10-fold cross-valuation, therefore
guaranteeing consistent experimentation and avoiding overlap between training and test-
ing samples—which would otherwise inflate performance measures [32]. Maintaining
this framework for result integrity and comparability with previous investigations is
highly advocated of researchers [33].

Widely utilized in urban sound classification challenges, the dataset helps to create
automatic sound recognition models fit for noisy metropolitan settings. Its methodical
design and information inclusion make it an important tool for developing and accessing
strong sound categorization systems [34].

4 Methodology

This work aggregates deep learning methods for audio categorization and frequency
analysis to efficiently automate forensic audio processing. Here is a list of the several
steps the procedure consists in.

4.1 Preprocessing and Audio Input

The user (as depicted in Fig. 1) offers a preprocessed audio file aimed to balance the
signal and eliminate noise. Getting the data suitable for more investigation allows it to
become spectrograms or finds important trends. First splitting the audio into discrete
frequency ranges [18] the frequency segmentregator module helps to enable targeted
processing.

4.2 Frequency Extraction and Frequency Segmentation

The frequency band separator divides the preprocessed audio across many frequency
bands (as depicted in Fig. 2), therefore isolating the streams pertinent for forensic anal-
ysis. One may determine complete temporal and spectral features of the audio by use of
Spectral contrast and Mel-frequency cepstral coefficients (MFCCs). This essential stage
[18] determines whether auditory occurrences or manipulations identify themselves.
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Fig. 1. Preprocessing audio input and segmenting frequencies for downstream analysis.

Fig. 2. Frequency segmentation using bandpass filtering to isolate distinct acoustic components.

4.3 Feature Processing CNN and BiLSTM Layers

Fig. 3. Feature extraction using CNN followed by temporal pattern recognition via BiLSTM.

Using a convolutional neural network (CNN) allows one to find pitch variations
in processed segmented audio. Analyzed are sequential patterns arising from layers of
bidirectional long short-term memory (BiLSTM). This clarifies the temporal relations
in auditory events such as gunshots or speech [19] (Fig. 3).
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4.4 Feature Weighting Attention Mechanism

An attention mechanism (Fig. 4) fed the BiLSTM outputs allocates either more or
less weights depending on their relative significance. This highlights important audio
components to let more precisely the system discover changes or abnormalities [19].

Fig. 4. Attention mechanism emphasizing relevant segments of the BiLSTM output for enhanced
classification.

4.5 Separating and Classifying Audio Events

Fig. 5. Segregation and classification of high- and low-frequency components in forensic audio.

Separating the audio into low- and high-frequency domains helps the technique to
stress significant audio characteristics. These results enable forensic investigators to
evaluate evidence by means of changed or dubious audio parts [19] (Fig. 5).

This deep learning-based system automates forensic audio processing by using
CNN, BiLSTM, and attention techniques thereby improving the validity of forensic
investigations. It reaches amazing accuracy and scalability.
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5 Explanation of the Deep Learning Model with Mathematical
Foundations

5.1 Feature Extraction and Input Layer

The model processes audio data by extracting Mel Frequency Cepstral Coefficients
(MFCCs), emphasizing human-perceived frequencies. Starting with an input layer
shaped as (None, 40, 1), these coefficients reflect the power spectrum of the audio
signal over time.

5.1.1 Fourier Transform

The audio signal x(t) is is first transformed from the time domain to the frequency
domain using the Discrete Fourier Transform (DFT): (Eq. 1)

X[k] =
N−1∑

n=0

x[n] · e−j 2πknN , k = 0, 1, . . . . . . ..,N − 1 (1)

Where X[k] represents the frequency bin coefficients, and N is the number of time-
domain samples [19].

5.1.2 Mel Filterbank

Frequency bins are grouped using a Mel scale filter:

f mel = 2595 · log10
(
1 + f

700

)
(2)

This emphasizes frequencies perceptible to humans [19] (Eq. 2).

5.1.3 Logarithm of Amplitudes

The Mel-filtered amplitudes are transformed logarithmically [21]:

log(Energy) = log

(
∑

k

X[k] · H[k]

)
(3)

Where X [k] is the Mel filter applied to the k-th frequency bin (Eq. 3).

5.1.4 Discrete Cosine Transform (DCT)

Compresses Mel-scaled energies into fewer coefficients:

C(n) =
K−1∑

k=0

log(Energy[k]) · cos
[
πn(2k + 1)

2K

]
, n = 0,1, . . . ,N − 1 (4)

Resulting MFCCs are used as input to the neural network [20] (Eq. 4).
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5.2 Conv1D Layers: Local Feature Extraction from Time-Series Data

The Conv1D layer uses 64 filters and a kernel size of 3 to capture local features from
MFCCs. For a 1D convolution, the output at time step t is:

yt = σ

(
k−1∑

i=0

xt+i · wi + b

)
(5)

Where xt+i is the input feature, wi the kernel weight, b the bias, and σ the activation
function (ReLU) [21].MaxPooling1D reduces dimensionality by selecting themaximum
value over segments (Eq. 6):

yt = max
(
xt, xt+1, . . . , xt+p−1

)
(6)

This highlights the most important features [21].

5.3 Batch Normalization

Batch normalization stabilizes training by normalizing activations:

x
∧ = x − m√

s2 + e
(7)

Where μ is themean, σ2 the variance, and ϵ a small constant (Eq. 7). Trainable parameters
γ and β allow the model to scale and shift normalized values (Eq. 8):

y = γ x
∧ + β (8)

This helps improve convergence and stability [22].

5.4 Bidirectional LSTM Layer: Capturing Long-Term Dependencies

A Bidirectional LSTM layer with 64 units captures past and future context. The gates
controlling the flow of information are:

5.4.1 Forget Gate [23] (Eq. 9)
f t = s

(
Wf · [

ht−1, xt
] + bf

)
(9)

5.4.2 Input Gate (Eq. 10, Eq. 11)
it = s

(
Wi ·

[
ht−1, xt

] + bi
)

(10)

∼
Ct= tanh

(
WC · [

ht−1, xt
] + bC

)
(11)
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5.4.3 Update the Cell State (Eq. 12)

Ct = f t · Ct−1 + it·
∼
Ct (12)

5.4.4 Output Gate: (Eqs. 13, 14)
ot = s

(
Wo · [

ht−1, xt
] + bo

)
(13)

ht = ot · tanh(Ct) (14)

The bidirectional architecture processes input in both temporal directions [23]. This
gated memory mechanism is particularly effective in distinguishing temporal anomalies
in synthetic audio, as validated in [8].

5.5 Attention Layer: Enhancing Focus on Key Features

The attention mechanism computes a weighted sum of hidden states from the LSTM:

5.5.1 Scores: (Eq. 15)
et = score(ht, st−1) (15)

5.5.2 Weights: (Eq. 16)

at = exp(et)∑
t
′ exp

(
et′

) (16)

5.5.3 Context Vector: (Eq. 17)
ct =

∑

t

atht (17)

This allows the model to focus on important input features for better classification
[24].

5.6 Dense Layers and Dropout: Final Classification

After attention, Dense layers classify audio into 10 classes using a softmax activation
(Eq. 18):

softmax(zi) = exp(zi)∑K
j=1exp

(
zj

) (18)

Dropout with a 40% rate prevents overfitting by randomly deactivating neurons
during training [25].
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5.7 Model Training and Evaluation Metrics

The model is trained using the UrbanSound8K dataset. It employs categorical cross-
entropy loss and the Adam optimizer to update weights.

5.7.1 Cross-Entropy Loss

L = −
K∑

i=1

yilog
(
pi

)
(19)

Where yi is the true label, and pi is the predicted probability for class i [26].
Evaluation metrics include accuracy, confusion matrices, and ROC-AUC scores [29]

(Eq. 19).

5.8 Pipeline for Prediction and Testing

5.8.1 Audio Preprocessing

Audio is preprocessed using MFCC extraction and bandpass filtering to focus on key
frequency bands [27].

5.8.2 Bandpass Filtering

A bandpass filter is applied to isolate specific frequency bands of interest, which could
contain key information for classifying the audio.

5.8.3 Short-Time Fourier Transform (STFT)

STFT generates spectrograms (Eq. 20) representing frequency content over time [28]:

STFT(t,&) =
∑∞

n=−∞ x[n]ω[n − t]e−j&n (20)

5.8.4 MFCC Extraction for Prediction

Extracted MFCCs are passed through the model to classify each audio segment.

5.8.5 Prediction

The softmax layer predicts classes based on learned patterns, identifying sounds such
as “siren” or “dog bark.”

This pipeline effectively combines signal processing with deep learning for forensic
audio analysis and real-time classification [29].

5.9 Real Time Audio Processing Pipeline

The real-time processing system detects, classifies, and localizes audio events using
a CNN-BiLSTM-Attention model. It leverages MFCC feature extraction, STFT, and
bandpass filtering to isolate key audio signals. This pipeline enables accurate forensic
analysis, noise reduction, and classification tasks like identifying sirens or barking in
dynamic settings [29].
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6 Model Comparisons

Model Architecture Key Layers Test
Accuracy
(%)

Observations

Conv1D-based Model Conv1D,
MaxPooling1D,
Dense, Dropout

Conv1D (2 layers),
MaxPooling1D,
Dense (2 layers with
dropout), Softmax

87.69 Simpler
architecture; good
baseline
performance;
limited ability to
capture temporal
dependencies

GRU-based Model GRU, Dense,
Dropout

GRU (1 layer),
Flatten, Dense (2
layers with dropout),
Softmax

87.75 Handles temporal
dependencies
better; slightly
better than
Conv1D-only
model

GRU-BiLSTM-Attention
Model

GRU, Bidirectional
LSTM, Attention,
Dense, Dropout

GRU (1 layer),
BiLSTM (1 layer),
Attention
Mechanism, Flatten,
Dense (2 layers with
dropout), Softmax

88.9 Attention
mechanism helps
focus on
important
features; complex
architecture with
slightly better
results compared
to GRU and
Conv1D-based
models

CNN-BiLSTM-Attention
Model

Conv1D,
MaxPooling1D,
BatchNormalization,
Bidirectional LSTM,
Attention, Dense,
Dropout

Conv1D (2 layers),
MaxPooling1D,
BiLSTM (1 layer),
Attention
Mechanism, Dense
(2 layers with
dropout),
BatchNormalization,
Softmax

91.36 Best performance;
combines spatial,
temporal, and
feature
importance
efficiently;
balances
complexity and
accuracy; suitable
for final
deployment

7 Output Analysis and Prediction

7.1 Model Analysis

While validation accuracy platesaus, on the training set the Training and Validation
Accuracy Over Epochs (Fig. 6) shows the model achieving essentially perfect accuracy.
Once more emphasizing overfitting is this discrepancy between training and validation
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accuracy. The ensuing flattening of validation accuracy reveals the limits of the gener-
alization of the model, even if the early fast growth in accuracy indicates that the model
fits the data quite well.

Fig. 6. Training vs. validation accuracy
curve showing overfitting beyond early
epochs.

Fig. 7. Per-class precision-recall curves
demonstrating strong classification performance
across categories.

Every Class’s Precision-Recall Curve (Fig. 7) offers a complete study of how well
the model could balance recall with precision for every class. The chart shows that most
classes preserve a strong balance with high accuracy and recall values, thereby showing
good classification performance for urban noises. However, in certain of the curves—
especially with more noisy or uncertain data—reductions in sections of the curve point
to where the model might be having trouble detecting specific sounds.

Plotting a precision-confidence curve (Fig. 8) shows that, as the model’s confidence
increases, accuracy increases generally across all classes. This suggests that, when the
model is more sure about its projections, it is usually correct. Particularly in classes like
street_music and children_playing, lower confidence levels show some early decreases
in accuracy; so, it suggests that feature similarity between classes may be causing
classification issues.

Fig. 8. Precision vs. confidence curve
indicating higher accuracy with increased
model confidence.

Fig. 9. Cohen’s Kappa Score indicating high
inter-annotator agreement and model
reliability.

Measuring inter-annotator agreement, Cohen’s Kappa Score (Fig. 9) reveals a high
value close to 1, therefore suggesting consistent and reliable model predictions. This
score significantly helpful in correcting class discrepancies as it considers the possibility
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agreement. A high Cohen’s Kappa value denotes the dependability and accuracy of the
model’s predictions for multiple urban sound categories.

Plotting true positive rates against false positive rates enables ROC curves for all
classes to be examined more closely about the model’s classification capacity. For most
classes—including air_conditioner and dog_bark—the AUC values, which are close
to 1, suggest that the model has high capacity to differentiate between true and false
positives. Lower AUC values for categories like street music indicate some uncertainty
and room for improvement in separating overlapping sound parts.

Fig. 10. Per-class distribution of false positives
vs. false negatives illustrating model challenges in
overlapping classes.

Fig. 11. Enhanced confusion matrix
showing class-wise prediction strengths
and errors.

Every class’s false positives and false negatives are shown by the graph False Pos-
itives against False Negatives per Class (Fig. 10). High false negatives in street music,
for example, show that the model struggles to correctly classify these events; high false
positives in dog_bark, on the other hand, show that the model regularly mislabels unre-
lated noises as dog barks. This difference highlights how challenging it is to combine
sounds of comparable acoustic quality.

The Enhanced Confusion Matrix (Fig. 11) helps one to evaluate the model for every
class more easily. Although misclassifications between children’s playing and street
music highlight challenges the model has in separating similar sounds, high diago-
nal values imply most classes are exactly classified. The confusion matrix is a helpful
instrument for finding where the model produces errors and guides modifications in data
preparation and feature extraction.

A fundamental graphic representation of audio signals, the spectrogram (Fig. 12)
depicts the frequency component distribution across time. The color intensity corre-
sponds to energy levels; brighter areas at specific frequencies imply greater sound energy.
This is the reason the model recognizes components from various urban sound cate-
gories. The spectrogram records significant time-frequency data needed for the model’s
classification.

Two somewhat significant representations are provided by theWaveform andMFCC
(Fig. 13). While the MFCC plot (right) provides frequency characteristics, which are
needed for differentiating sound types, the waveform plot (left) shows the temporal
aspects of the audio signal by showing its amplitude with time. These representations
enable the model to acquire spectral as well as temporal input, so accurate classification
depends on them.
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Fig. 12. Spectrogram illustrating the
energy distribution of audio signals
across frequency and time.

Fig. 13. Waveform and MFCC visualization for
temporal and spectral representation of the input
audio.

The model’s performance in predicting every sound type depicted in the previous
ConfusionMatrix (Fig. 14).While certain off-diagonalmisclassifications are clear-cut—
between children_playing and street_musicians, high diagonal scores show correct pre-
dictions. This uncertainty suggests the need ofmore precisely customized feature extrac-
tion or additional training data to improve the model on related-sounding categories.
Though the model performs well in most categories, the confusion matrix reveals that
overlapping audio features resulted in certain misclassifications. Sometimes the over-
lapping, complex sound frequencies of children playing and street musicians caused
confusion. Gun_shot and drilling experienced issues due to their fast, transitory sound
qualities; dog_bark was often misclassified as siren due of overlapping tone patterns.
These problems included feature overlap, background noise, and feature extraction tech-
niques unable to identify the minute changes in these produced sounds. Furthermore
causing misclassifications were the imbalanced dataset and poor class representation.

Fig. 14. Detailed confusion matrix indicating challenges in distinguishing overlapping acoustic
events.

These representations help to clearly show the strengths and weaknesses of the
model, thereby offering opportunities for future enhancement including overfitting, fea-
ture extraction optimization, and dataset balance to control demanding sound classes.
The taken-together figures provide a good understanding of themodel’s ability to classify
urban sounds.
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7.2 Pipeline Analysis

Different figures show notable audio processing properties and analysis grounded on
the above-described code results. (Fig. 15) shows three primary peaks in the frequency
spectrum observed in the audio file at around 150 Hz, 236 Hz, and 667 Hz. Based on
these frequency ranges, the approach forecasts two events of “engine idling” and one of
“dog bark”; thereafter, these frequencies are passed through a bandpass filter for further
analysis. This graphic captures the frequency components in the audio streamby showing
how the Short-Time Fourier Transform (STFT) peaks where energy is concentrated.

(Fig. 16) shows the MFCCs—mel-frequency cepstral coefficients—for the treated
audio. This heat map helps one to grasp the special characteristics of the sound signal by
showing the strength ofmany frequency ranges over time. The smooth gradients and clear
lower-frequency components show the relevance of MFCCs in separating audio classes
since this representation reduces complex audio input into an acceptable format for the
deep learning network to comprehend. The color intensity in the graphic demonstrates
how sound energy fluctuates over multiple MFCC coefficients over time, so accurate
audio classification depends mostly on this factor.

Fig. 15. STFT-based frequency peaks
identifying key acoustic events in real-time
processing.

Fig. 16. MFCC heatmap of the audio clip
visualizing frequency strength variation
over time.

(Fig. 17) shows the waveform of the input audio, therefore providing a visual repre-
sentation of the amplitude variation throughout the audio stream across time. This graph
shows waveform fluctuations at specified periods that correspond with the commence-
ment of more intense or louder sound events. For the 7–10 s interval, for example, strong
amplitude spikes might indicate an auditory event especially. The waveform plot allows
one to understand the temporal nature of the sound and also displays how loudness
changes—a relationship that would be relevant to different sound genres.

(Fig. 18), the spectrogram, logs the frequency content of the audio stream over
time. This graph vividly illustrates how different frequencies add to the audio along the
time axis. Important in many kinds of sounds, the high energy patches in warm colors
complement more dominating frequency components. Strong energy lower frequency
zones, for example, might complement ambient noises like engine idle. By way of the
thorough frequency breakdown of this spectrogram, the CNN-BiLSTM-attention model
extracts frequency information necessary for class prediction.

Figure 19 is last, the first shown output from the command line indicates the fre-
quency bands and their corresponding expected classes, where the system essentially
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Fig. 17. Waveform of the audio signal highlighting
amplitude variation and peak events.

Fig. 18. Spectrogram mapping
frequency content against time for
forensic sound classification.

Fig. 19. CLI output of frequency-to-class prediction pipeline showing mapping of frequencies to
sound events.

recognizes distinct classes depending on frequency peaks, so highlighting the require-
ment of frequency-based analysis in audio classification issues. Each frequency seg-
ment is band-pass filtered and handled to provide accurate class predictions, therefore
reflecting the ability of the model to generalize over many frequency ranges.

8 Scenario

Among the outside noise the testing pipeline could faithfully identify and classify were
automobile horns, dog barking, street music, and drilling. The pipeline separates pow-
erful audio components using frequency-specific bandpass filtering, therefore ensuring
clarity and noise reduction. Peak frequency detection and the Short-Time Fourier Trans-
form (STFT) help one to link classified sounds to their matching frequency ranges. Fig-
ures 20, 21, 22, 23 and 24 show results that in challenging environments the model can
identify instances of overlapping sounds and locate frequencies. This shows how dynam-
ically real-world settings including urban noise monitoring, intelligent surveillance
systems, and audio forensics could profit from it.
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Fig. 20. Detection of real-world overlapping
sounds such as dog barking, engine idling,
and street music across various acoustic
environments.

Fig. 21. Detection of real-world overlapping
sounds such as dog barking, engine idling, and
street music across various acoustic
environments.

Fig. 22. Detection of real-world overlapping
sounds such as dog barking, engine idling, and
street music across various acoustic environments.

Fig. 23. Detection of real-world
overlapping sounds such as dog barking,
engine idling, and street music across
various acoustic environments.

Fig. 24. Detection of real-world overlapping sounds such as dog barking, engine idling, and street
music across various acoustic environments.
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9 Conclusion

Regarding digital forensics, our results highlight the great potential of deep learningmod-
els, primarily CNN-BiLSTM architecture reinforced by attention mechanisms. By use
of feature extraction techniques including MFCCs and sequential audio input process-
ing capability, the model amazingly correctly recognizes ambient noises. Spectrograms,
waveforms, and frequency peak detection provide correct analysis of audio data in foren-
sic situations, therefore enabling major portion of the discovery of important sounds in
demanding acoustic conditions. Simultaneously, this is adaptable and scalable. Beyond
present categorization capabilities, it can investigate a wide spectrum of auditory signals
and may incorporate more complicated sounds such mechanical noises, environmental
disturbance, or human speech.

The ability of the framework to support the analysis of crime scene audio recordings
and the reconstruction of maybe overlooked auditory signals is fairly important for law
enforcement and forensic investigations. Furthermore, real-time functioning of apps has
significant implications. The capacity of the model to discern between important noises,
such gunshots, breaking glass, or screams, has the capability to transform the manage-
ment of sound-based data in forensic research. This capacity speeds up research by
enabling quick identification and processing of significant audio data. Apart from foren-
sic applications, this approachmay be helpful in security systems andmonitoring since it
ensures continuous sound detection to track unusual behavior. By using this method into
current forensic technology, law enforcement may better understand audio recordings
and hence enable more extensive investigations and better outcomes in criminal cases
[29, 30].
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Abstract. Deepfake images are increasingly impacting everyday life, posing sig-
nificant challenges to society. As the technology behind deepfakes evolves and
becomes more accessible, various categories of deepfake photos emerge. Con-
currently, deepfake detection methods are improving, ranging from basic feature
analysis to deep learning approaches. However, there is no consistent method that
can completely detect such images. The objective of this research is to provide an
overview of current deepfake detection techniques and to examine the accuracy of
Vision Transformer (ViT) based models when analyzing and detecting deep fake
images. We implement a ViT model-based deepfake detection technique that is
trained and tested on a hybrid dataset of FaceForensics++, Celeb-DF, and DFDC,
which include both real and fake content images, the proposedViTmodel achieves
accuracy rates of 94.3%, 92.5%, and 95.1% against FaceForensics++, Celeb-DF,
and DFDC, respectively. These results demonstrate the robustness of the ViT
model’s performance and ability to combat deepfake propagation.

Keywords: Deepfake Detection · Vision Transformer (ViT) · CNN · Attention
Mechanism

1 Introduction

Multimedia content manipulation has been significantly impacted by recent devel-
opments in artificial neural network (ANN) technologies. AI-based software tools
allow users to modify facial appearances, hairstyles, genders, ages, and other personal
attributes, producing realistic-looking phony audio, video, and images. The widespread
availability of these tools and the manipulated content they produce was coined in 2017
as “deepfake,” derived from “deep learning (DL)” and “fake.“ This term encompasses
applying deep learning methods to generate very realistic fake content [1–3], while
deepfakes can be used for legitimate and creative uses, they are often misused to create
fake news or misleading images [4, 5]. The increasing sophistication and capabilities of
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computer vision and deep learning techniques have made the emergence of deepfakes
easier [6, 7]. As Deepfake Technology Evolves to Address Potential Dangers Related
to Deepfake and the development of advanced detection methods has become essential
to reduce [8, 9]. This study focuses on identifying depth images. It has gained atten-
tion because of its ability to be mistaken for a real image by the human eye. Several
deep learning models have been created to identify such images, such as Convolutional
Neural Networks (CNN) and, more recently, Vision Transformers. ViT can determine
how well packed images are by using their capabilities to identify complex patterns and
long-lasting interconnections in visual input.

The main contribution of this study focuses on the detection of deepfake images,
which have become a pressing issue as they are not easily distinguishable to human.
Vision Transformers (ViT) and Convolutional Neural Networks (CNNs) are two of the
deep learning models that have been created to identify such images. This work inves-
tigates how well ViT-based models identify deepfake photos by utilizing their capacity
to identify intricate patterns and long-range dependencies in the visual data.

Overall, this study is structured in the following sections as follows: Sect. 1 elaborates
the introduction about deepfake and some recent utilizations of Artificial Intelligence
(AI). Section 2 describes the literature review about effective detectionmechanisms used
to solve real-world problems. Section 3 defines the main methodology used in this study
for deepfake detection and the datasets used for the implementation of the proposed
model. Section 4 represents the results of the experiments and discusses the significance
of the vision transformers in the deepfake detection process. Overall, the presented study
and the research work’s future direction are concluded in Sect. 5.

2 Literature Review

Thefield of deepfake detection has evolved significantly as the sophistication of synthetic
media continues to advance. Early research in this domain primarily focused on iden-
tifying inconsistencies and anomalies within manipulated content. These initial efforts
paved the way for more complex and effective detection mechanisms.

2.1 Traditional Detection Techniques

Traditional detectionmethods relied on visual artifacts and inconsistencies in the physics
of face andbodymovements. Techniques such asmotionmagnification and image artifact
detection were utilized to identify subtle deviations in movement and texture that human
eyes could not easily detect [10, 11]. However, these methods often suffer from high-
quality depth that is very close to real media.

2.2 Machine Learning Approaches

As deepfake generation techniques improve the shortcomings of previous approaches
became apparent. Researchers have turned to machine learning models that can detect
and recognize complex patterns in data. Among the initially developed models used for
deepfake detection were support vector machines (SVM) and random forest classifiers.
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These models require manual feature engineering to retrieve valuable characteristics
from the data [12, 13], although they are successful in controlled environments.However,
they lack robustness in the face of a variety of unseen data.

2.3 Deepfake Detection Through Convolutional Neural Networks

Especially the Convolutional Neural Network (CNN) is a technique for improving deep
learning and it marks a major milestone in deepfake detection. CNN is good at handling
visual tasks. Its capacity to learn independently hierarchical feature representations is
the cause of this. This is important for understanding and interpreting images. Data
models such as Xception and VGGNet have been deployed to detect subtle anomalies in
facial features and textures [14, 15]. It can effectively capture and analyze complex pat-
terns and details. This may indicate manipulation or fabrication. These models achieved
commendable performance. However, this often requires extensive training data and
computational resources.

2.4 Recurrent Neural Networks and Temporal Analysis

DeepFake in video content introduces a temporal dimension. This requires a model that
can process frame sequences. The temporal dependencies in videos were captured using
a recurrent variation of neural networks (RNN) [22]. By analyzing the continuity and
consistency of facial movements between frames, these models enhanced the detection
of deepfake videos.

2.5 Vision Transformers in Computer Vision

Transformers, which originally emerged for natural language processing, have trans-
formed computer vision by identifying intricate linkages and lengthy dependencies in
image data. The architecture of the Vision Transformer (ViT) [29, 30] handles pictures
as patterns of patches, similar to words in a phrase, which enable the model to focus on
different areas of the picture at the same time [16, 17, 28]. In a number of image recog-
nition applications, such as object detection and segmentation, ViTs have demonstrated
promise in outperforming CNNs. Their ability to capture global context makes them an
ideal candidate for deepfake detection, as they can identify inconsistencies across the
entire image [18, 19, 27].

2.6 Comparative Analysis of CNNs and ViTs

Recent studies have compared the performance of CNN and ViT in detecting deepfakes.
Unlike CNN, which is good at capturing local features, Vision Transformers (ViT) offer
increased performance in understanding long latency and complex context informa-
tion. Comprehensive this study aims to use a ViT-based model and a traditional CNN-
based method for deepfake detection. This comparison remains to be further verified by
comparing their performance as well.
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2.7 Emerging Trends and Future Directions

As deepfake technology advances, detection techniques must continually adapt and
evolve to keep up. Emerging trends include the use of multiple inputs. Which has both
audio and video signals to improve detection accuracy. In addition, AI interpretabil-
ity and model interpretation are gaining attention as they reveal the search model’s
basic decision strategy [22, 24]. Which increases trust and credibility. Literature has
highlighted advances from basic feature analysis to complex deep learning models in
deepfake detection. Vision Transformer provides a cutting-edge method. It offers a fresh
approach to dealing with the problems caused by DeepFake technology.

3 Methodology

This section defines the detailed description of the methodology used for the detection
of deepfake using a deep learning-based CNN network. The integration of a vision
transformer-based network having self-attention andmulti-head attentionmodulemakes
the detection process effective in case of detecting the deepfake. The transformer network

Fig.1. Structural Layout of the Deepfake Detection Process
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has the capability to extract the feature from long-range dependency which allows the
attention module more significant to capture the essential spatial information from the
images. The datasets utilized in this study are explained in Sect. 3.1 and the flow chart
of the proposed methodology is given in Fig. 1.

3.1 Dataset

This research uses the datasets Celeb-DF [Li et al. 2020], DFDC [Dolhansky et al.
2020], and FaceForensics++ [Rossler et al. 2019]. FaceForensics++ has 500,000 images,
Celeb-DF has 890,000 images, and DFDC has 1.2 million images. Each dataset has a
similar distribution of real samples and depth samples. It provides a strong benchmark
for in-depth evaluation of deepfake detection models. Images are resized to a standard
size of 224x224 pixels to comply with ViT model specifications. Data augmentation
methods include random cropping, horizontal flip, and color jitter. It is used to improve
the regularization performance of the model [20, 21].

To maximize the training and evaluation process, the preprocessed dataset is sys-
tematically divided into three subsets. Seventy percent of the data forms the training set.
This allows the model to train and adjust latent patterns within the data set. A validation
set containing fifteen percent of the data was used to check the model’s performance dur-
ing training and adjust the hyperparameters to reduce overfitting. A test set comprising
fifteen percent of the data was utilized to determine the predictive model’s effectiveness
on the new data. This careful preprocessing and division of the dataset ensured a bal-
anced and diverse set of samples, enhancing the model’s capability to effectively detect
deepfake images and generalize across different scenarios.

3.2 CNN-Based Feature Extraction

Before feeding the images into theViTmodel, we extract features using aCNNbackbone
to capture essential spatial information. The CNN is configured with multiple convolu-
tional and pooling layers to create feature maps that represent different aspects of the
images. The output of the CNN is flattened and serves as the input to the ViT model [22,
23].

Convolutional layers in a CNN apply filters to input images by calculating dot prod-
ucts at various positions, resulting in featuremaps as the filter slides over the image. After
convolution, a non-linearity is introduced through an activation function like the Rec-
tified Linear Unit (ReLU), which makes negative values equal to zero. Pooling layers,
frequently with max pooling, then select the maximum value within a specified window
to shrink feature maps, which helps to cut down on parameters and combat overfitting.
The output from these layers is reshaped into a feature vector and fed into dense neural
layers to make final predictions. Dropout involves randomly deactivating a subset of
the input units during training in order to minimize overfitting. This iterative process
enables CNN to capture increasingly complex features, from basic edges to intricate
patterns like facial structures or signs of manipulation (Fig. 2).
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Fig. 2. CNN Structure Process

3.3 Vision Transformer (ViT) Architecture

Within the ViT framework, images are segmented into patches, and each patch is lin-
early projected into a decreased-dimensional space. These projected patches are then
processed by a transformer encoder that includes multiple layers of one-way neural
networks and self-attention layers with numerous heads [16, 24].

The Vision Transformer-based model divides images into smaller-sized square
patches, say 16*16, and then flattens these patches with their positional embedding.
These patches are passed through as state-of-the-art Transformer Encoder blocks to get
the feature maps of these patches. The final transformer encoder block output is fed to a
softmax layer to get the correct class of image. This architecture is explained in Fig. 1
and is trained in a supervised manner on the train set.

Once the provided picture has been segmented into smaller patches, the Vision
Transformer (ViT) architecture uses self-attention to highlight significant areas. These
separated areas are then embedded into a reduced-dimensional space. Multiple trans-
former layers process the embedded patches, capturing global dependencies across the
entire image. The self-attention process greatly improves the framework’s capacity to
precisely identify significant patches. One essential component of the transformer archi-
tecture is the attention mechanism, which aids the model in determining the significance
of different patches while making predictions [25, 26]. The ViT model requires a set of
parameters for training, testing, and speed optimization. The size and number of inputs
are dictated by image size and patch size, which set the size of the input images and patch
images, both measured in pixels. At the core of the model performance are the learning
rate, for which smaller values typically lead to slower but more accurate convergence,
and the weight decay, which is the penalty for the loss function; the two parameters
also influence the total number of epochs for learning the model. The model’s learning
rate is also influenced by the batch size, which dictates the level of parallelism for the
processing of the model. Figure 3 shows the Vision Transformer training process for
DeepFake detection. By analyzing images as a series of patches and using transformer
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encoders for processing, the ViT architecture excels at capturing extended dependencies
and the wider context of the image data.

Fig. 3. ViT Structure Process

4 Results and Discussion

We implemented theViTmodel in Python. The software usedwasAnacondawith Spyder
as IDE for Python coding and development. The programwas executed onNVIDIADGX
v100 runningUBUNTU20.0.1 and outfittedwith 40600CUDAcores, 5120 tensor cores,
and 128 GB of RAM.

The implementation takes a dataset as input, including a mix of real and fake images,
then applies patching to each image and encodes the positioning of each patch. Themodel
includes the multi-head attention, normalization, and MLP layers that take in the inputs.
The training process is rather computationally demanding. The preliminary evaluation
aimed to determine the rate of learning of the model, avoid overtraining, and optimize
the use of computational resources.

The Vision Transformer (ViT) model’s effectiveness was examined on three
datasets—FaceForensics++, Celeb-DF, and DFDC—using assessment criteria such as
accuracy, precision, recall, and F1-score. FaceForensics++ consists of 500,000 images,
while Celeb-DF and DFDC include 890,000 and 1.2 million images, respectively, with
an equal distribution of real and deepfake content. The experimental setup consists of a
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ViT model configuration with 12 levels, 8 attention heads, and 768 hidden dimensions.
For processing, each image is broken down into 16x16 pixel patches. Using the Adam
optimizer, training was carried out with a batch size of 32 and a learning rate of 1 ×
10–4 over 50 epochs, with early stopping to prevent overfitting.

Here’s Table 1 with the results of the ViT model across the FaceForensics++, Celeb-
DF, and DFDC datasets:

Table 1. Performance Metrics.

Dataset Accuracy Precision Recall

FaceForensics++ 94.3% 93.7% 94.8%

Celeb-DF 92.5% 91.8% 93.2%

DFDC 95.1% 94.6% 95.5%

The experimental findings demonstrate how effective the ViT model is in detecting
deepfakes. It is more reliable and efficient than conventional CNN-based models since it
can capture fine details as well as overall context. The architecture’s promise for practical
applications is demonstrated by its strong accuracy, precision, recall, and F1 score across
several datasets.

The research emphasizes the critical role of modern architectures, like the Vision
Transformer (ViT), in addressing the issues arising from the advancement of deepfake
technologies. While CNNs have long been the preferred choice for image-related appli-
cations, the introduction of transformers has provided fresh opportunities for computer
vision development. An ablation study assessed the impact of various componentswithin
the ViT model, revealing substantial performance degradation when the attention mech-
anism was removed or when the number of attention heads was reduced, as reflected by

Fig. 4. Comparative Performance Metrics
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lower accuracy and F1-scores. The ViT model was evaluated based on F1-score, recall,
accuracy, and precision metrics. As shown in Fig. 4, the ViT model performs better than
other baseline models and traditional CNN approaches on all datasets.

5 Conclusion

We introduced a deepfake image detection model in this paper that focuses on the Vision
Transformer (ViT) architecture. Through comprehensive experimentation on three
benchmark datasets—Celeb-DF, FaceForensics++, and DFDC—our model demon-
strated superior performance over traditional convolutional neural network (CNN)
approaches and other baseline models. The proposed ViT model effectively captures
intricate visual features and patterns inherent in deepfake images, enabling high detection
accuracy and robustness.

The method we used shows remarkable accuracy rates of 94.3%, 92.5%, and 95.1%
on the FaceForensics++, Celeb-DF, and DFDC datasets, respectively, as indicated by
the results. These findings highlight the efficacy of leveraging the self-attention mecha-
nism and transformer architecture in handling complex manipulations found in deepfake
images. Additionally, the ablation study emphasized how crucial numerous attention
heads and attention mechanisms are to improving model performance.

This research helps in solving the deep fake problem by using ViT to detect fake
generated images and to create robust applications that uphold security, trust, and ethical
use of AI-generated content. The proposed ViT-based model for deepfake detection
holds significant results and achieves high detection accuracy acrossmultiple benchmark
datasets, which makes it more reliable.

Despite these promising results, identifying deepfakes is still a challenge, especially
as adversaries continue to innovate. Future work will explore the integration of ViT with
other cutting-edge architectures and broaden the training datasets to include more varied
and sophisticated deepfake samples.
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Abstract. Sexual assault (SA) crimes are among the most important
issues for our current society to solve, with these crimes in particular hav-
ing long-term consequences on victims and their communities. To solve
this issue, one approach is to make laws and penalties for these crimes
stricter. However, there have not been any studies on the relationship
between stricter penalties and lower crime rates, especially about SA
crimes, in a quantitative manner. The biggest barrier to conducting a
quantitative study on the strictness of laws and statutes is the lack of a
standardized measure of how strict a legal text is. This paper explores
the use of Large Language Models (LLMs) to generate such a measure.
The work utilizes LLMs to generate ratings of the relative strictness of
SA crime penalties for each state in the United States of America and
compares this to SA crime rates for each. Another question addressed in
this work is how well LLMs can extract information and categories from
statutes, and which LLMs perform better for these tasks. The paper con-
cludes that among the top open-source LLMs available today tested for
this work, Mistral AI performs the best for categorizing statutes accord-
ing to relative strictness. The work suggests that there is a weak corre-
lation between stricter statutes and lower crime rates for SA, indicating
that directing efforts to other solutions, such as grassroots movements,
might be more fruitful.

Keywords: Large Language Models (LLMs) · Few-shot Learning ·
Mistral AI · Llama 2/3 · Sexual Assault Statutes · U.S. State Laws ·
Correlation Study · ANOVA · Pearson’s Correlation · Mann-Whitney
U Test · Kruskal-Wallis H Test

1 Introduction

Sexual assault (SA) crimes are a large problem in society today, with estimates
that every 68 s, an American is sexually assaulted [20]. To address this issue,
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researchers have surveyed and suggested improvements to criminal SA statutes
[3], but whether stricter SA statutes actually correlate to lower SA crime rates
or not has not yet been determined. In order to address this key component of
how we approach lowering SA crime rates, this work uses quantitative metrics
and artificial intelligence (AI).

Machine learning, which is the workhorse powering AI, is increasingly being
used for societal improvement, modernization, and progress [16] and affordable
quality of life [19]. Despite views that AI algorithms lack the cognitive reason-
ing required for legal practice, AI has increasingly been found to be capable
of certain legal tasks, specifically when detecting patterns in the data [23]. In
fact, there have been calls for an AI-driven democracy [18] and to amend the
U.S. Constitution for the legislative powers of Congress to be supported by data
science tools and technologies [17]. Large Language Models (LLMs) have had
success in applications to the legal field [8], showing the potential for LLM anal-
ysis of legal texts, including government statutes. The project aims to address
the following research questions.

– RQ1: How effective are different LLMs (Mistral, Llama 2, Llama 3, Falcon,
and Orca) at categorizing how strict or lenient SA statutes of U.S. states are?

– RQ2: How do the strictness of SA statutes correlate with lower SA crime
rates?

This study reveals that there is a relatively weak correlation between stricter
punishments in SA statutes and lower SA crime rates, contradicting common
assumptions about the efficacy of law in reducing crime.

As in the literature survey in Sect. 2, previous qualitative studies in legal
and psychology journals have explored how laws and statutes affect crime rates.
However, much of this work is not in the legal area of SA. To the best of our
knowledge, this work uniquely utilizes LLMs and conducts a quantitative study
on this relationship between statutes and crime specifically for sexual assault
crimes.

This article is organized as follows: Sect. 2 contains a literature survey of
previous work related to this study. Section 3 contains the methodology, broken
into subsections for the data, analysis of the accuracy of the LLMs, analysis of
the correlation between statutory strictness and crime rates, and the statistical
methods used for the analysis. Section 4 contains the experiments and results,
broken into three subsections for the analysis of the accuracy of LLM-generated
ratings, and for the correlation study between SA statutory strictness and crime
rates. The final subsection of Sect. 4 answers the research questions. Finally,
Sect. 5 summarizes the results of the study, including a discussion of limitations
and future work.

2 Related Work

Within the SA subset of law, previous work has studied the effect of the legal
system on SA survivors, suggesting that survivors’ experiences vary based on
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reporting procedures and perceptions of police [10]. However, this study does
not analyze the criminal punishments in statutes themselves, and how effectively
they discourage SA crime. Previous work did include a quantitative study on how
sex offender registration requirements affect recidivism rates [24]. However, this
study is from much before the development of LLMs, and uses a time-series
analysis of comparing before and after a certain change in the requirements,
rather than directly analyzing the text of the law/statute.

There have been a few quantitative studies studying the effects of statutes on
crime rates, although they are not in the SA area of law. Specifically in the area
of gun control, there have been studies finding no support for the conclusion that
gun control laws have reduced crime [13]. Struggling to define a measurement
for gun control laws, the authors used an index constructed by a different study
years prior. This issue of generating quantitative measurements of legal texts is
addressed in this work by the use of LLMs and specific prompts, as explained in
Sect. 3.

There have been many studies exploring the relationship between crime and
law, but no studies have been conducted utilizing the development of LLMs for
this work. There has, however, been work in using machine learning for other
legal tasks. For example, LLMs have been found to have considerable success
in finding sections of laws most applicable to certain cases [22]. Other work has
found LLMs capable of extracting information from legal documents, even in
ancient Greek documents [9].

A limitation of using LLMs is that there is a chance of reflecting biases and
other inaccuracies in data interpretation. To mitigate these inaccuracies, studies
have found that providing factual legal information may be helpful [2]. This
work uses this technique, providing the legal statutes in the LLM instruction.
Additionally, studies have found that despite these perceptions, the content of
AI-generated analyses and human-generated ones are indistinguishable [7].

3 Methodology

There are two key parts to the project, each addressing one of the two research
questions. First, the use of LLMs and their accuracy in determining the relative
strictness of statutes is justified. Second, the correlation between these LLM-
generated strictness ratings of statutes and SA crime rates is analyzed using
various statistical tools. The following subsections contain more details about
the methodology.

3.1 Data

The data for the SA statutes of each of the 50 U.S. states was obtained from a
variety of sources by subtype of law, as the full laws would be larger than the
maximum input for the LLMs. Specifically, this work is focused on the punish-
ments for SA offenders, in terms of prison time and parole (or lack of parole). The
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summaries of each state’s SA charges and penalties came from a legal site, writ-
ten and published by a licensed federal defense attorney [14]. Many legal works
refer to “forcible rape” and “sexual assault” interchangeably [4]. The forcible rape
crime rates per U.S. state were accessed from FBI data [5] published on Statista,
a data gathering platform.

3.2 LLM Analysis

In order to compare the strictness of SA statutes in U.S. states with SA crime
rates in a quantitative manner, this work uses LLMs to generate numerical rat-
ings of the strictness of statutes. Given LLMs’ relatively poor mathematical
reasoning skills [1], a prompt simply instructing the LLM to give a rating on a
scale of 1 to 5 would not yield appropriate results. This is also because determin-
ing a rating of 1 versus 2 is difficult for LLMs without clear definitions. Instead,
the prompt used in the experiments instructs the LLM to choose an option from
multiple choices, as in Fig. 1. Figure 1 also shows the two-shot approach taken in
providing two examples of rating the statute strictness (California and Louisiana)
before the prompt for the specific state in question. Every instruction starts with
the “SYSTEM” section, followed by the “USER” and “ADVISOR” sections for
both Louisiana and California (these are the two examples). The third “USER”
section changes based on the state that the instruction is for.

Figure 2 shows examples of the prompts and LLM responses for clarity.
As Louisiana’s statute includes life imprisonment, explicitly without parole,

which is the most severe punishment that can be given, the example suggested
a rating of (5) extremely strict. California had the lowest average prison time
out of all of the states, with 8 years as the only time mentioned, and thus was
suggested a rating of (2) lenient. A rating of (1) was not given because there are
prison times that can be much shorter, such as 6 months to a few years.

Because the two-shot prompt includes manually generated strictness rat-
ings for California and Louisiana’s SA penalty statutes, those two states were
excluded from the subsequent statistical analysis. Therefore the statistics were
only for 48 states.

In order to justify the use of LLMs for extracting data from statutes, and
also to answer RQ1, the relative accuracy of LLM categorization needed to be
confirmed. Therefore, the correlation between LLM-generated category ratings
and the actual quantitative prison times in the inputted statutes was first ana-
lyzed. For example, for the prompt in Fig. 1, the statute for the state of Alabama
contains a specific maximum prison time of 20 years for SA. This is used as a
quantitative measure of how strict the statute is, with a few changes made to
have completely numerical data that accurately represents the statute. Some
statutes presented a range of possible prison times, instead of a maximum sen-
tence. For these statutes, the average of the minimum and maximum prison
times is used in the analysis. For example, the state of West Virginia has the
following criminal SA statute: “Sexual assault in the first degree carries a penalty
of 15 to 35 years in prison.” In this case, the average of 15 and 35 years, or 25
years, was used for the analysis.
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Fig. 1. An example of the LLM prompt instruction, for the state of Alabama. The
bold text is included for ease of reading in this paper and does not indicate anything
about how the LLM prompt was used and formatted in the experiments.

Fig. 2. Example prompts and responses for the state of Alabama from each of the tested
LLMs. The “...” denotes the “SYSTEM” and two “USER” and “ADVISOR” sections that
are detailed in Fig. 1. For brevity, the full prompt is not repeated for each LLM.
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Another issue was the treatment of life sentences. Over 40% of the states’
statutes included some mention of a life sentence, which is considered to be
stricter wording and a more severe punishment symbolically, than extended 70
or 100-year sentences [6]. Therefore, life sentences were assigned a value of 120
years, which is harsher than 100-year sentences due to generally having lower
chances of parole. These values of 120 years were used when calculating average
prison sentences previously explained as well. As the results of this experiment
were used to show the categorization capability of LLMs, and no other significant
analysis, this usage of an arbitrary value for life sentences is justified.

In order to justify the use of LLMs in this work, the LLM-generated strictness
ratings must strongly correlate with these prison times. This would show that
LLMs can understand and extract information from legal statutes. Using the
statistical tools detailed in Subsect. 3.4, the correlation between the ratings of
strictness of SA penalties and actual prison times is studied.

To answer RQ1 about comparing different LLMs, five different LLMs’
responses were compared. All five LLMs, Mistral, Llama 2, Llama 3, Orca 2,
and Falcon were given the exact same instruction in Fig. 1. Orca 2 and Falcon
both responded completely inaccurately, frequently outputting responses that
did not resemble any of the 5 options in the prompt. Thus, there was not suffi-
cient data to analyze and report from these two LLMs. Therefore, the statistical
analysis and LLM comparison is done for Mistral, Llama 2, and Llama 3.

3.3 Correlation Between SA Statutes and Crime Rates

After confirming the accurate usage of LLMs in generating strictness ratings of
statutes in Subsect. 3.2, the relationship between the strictness ratings of statutes
and crime rates was studied. The results from the first research question indi-
cated that one of the LLMs produced significantly higher quality ratings, and
thus the ratings from that LLM only were used for the subsequent correlation
analysis with SA crime rates. The same ratings used in the first set of analysis,
with the same prompt, were used. As with the previous experiment, the statis-
tical tools detailed in Subsect. 3.3 are used to study the correlation between the
statute strictness ratings and crime rates for SA.

3.4 Statistical Analysis

The following statistics were used to report correlation: ANOVA, Pearson’s Cor-
relation Coefficient, the Mann-Whitney U Test, and the Kruskal-Wallis H Test.
All 4 methods are calculated using Python’s SciPy library, which returns the
statistic and p-value for each. All statistical tests are conducted on the scaled
z-scores of the two groups being analyzed.

P-values are measures of how likely it is that the chosen statistic was cal-
culated by chance rather than due to a real relationship between the data. If
the p-value is less than 5%, then the null hypothesis is rejected. If the p-value
is greater than or equal to 5%, then the null hypothesis is not rejected. Each
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statistic used in this study has a null hypothesis associated with the reported
p-value.

The one-way ANOVA method in SciPy has some assumptions in order for
the p-value to be valid. These assumptions include that the samples are from
normally distributed populations, and homoscedasticity, the concept that pop-
ulation standard deviations of the groups are all equal. This is not met by the
data, so the ANOVA p-values are not reported and were not used in this study.
ANOVA (analysis of variance) testing is a statistical tool used to measure the
difference in the means of two groups and determine whether that is due to
chance.

Pearson’s Correlation Coefficient measures the extent of linear correlation
between two variables. It is between -1 and 1, where -1 is an extremely strong
negative correlation and 1 is an extremely strong positive correlation [21]. The
final two tests are used in similar cases to ANOVA but are both nonparametric
tests. The Mann-Whitney U Test determines whether two distributions or groups
differ based on a single variable [12]. The Kruskal-Wallis H Test is similarly used
for comparing the differences between two or more distributions [15], and is
considered a more generalized form of the Mann-Whitney U Test [11].

These are the null hypotheses of the statistics for which p-values are used,
which are rejected if the p-value is less than 5%.

– Pearson’s Correlation Coefficient: the correlation is zero.
– Mann-Whitney U Test: the two distributions are equal.
– Kruskal-Wallis H Test: the population medians of the groups are equal.

For example, if the p-value for Pearson’s correlation coefficient is less than
5%, the null hypothesis would be rejected and the conclusion would be that there
is a non-zero correlation between the variables. If the p-value was greater than
5%, the null hypothesis would be supported and the conclusion would be zero
correlation.

4 Experiments and Results

The LLM ratings were generated programmatically using code to download the
LLM and obtain inferences based on instructions. All of the code for the LLM rat-
ings and statistical analysis was executed on Google Colab Jupyter Notebooks,
using a T4 GPU, using Python code. The crime data and ratings were stored in
Google Drive. The data was accessed by mounting the drive on Colab. As men-
tioned in Subsect. 3.4, all methods used for the statistical analysis were from the
Python library SciPy’s statistical functions. The z-score method (stats.zscore())
was used to scale all of the data before the statistical tests.

4.1 LLM Efficacy

The first part of evaluating LLM efficacy for analyzing and categorizing statutes
was to confirm that LLMs were able to comprehend the statutes accurately. As
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can be observed in the plots in Fig. 3, compared to the Llama 2 and Llama 3
graphs, which appear to have much more noise and randomness, Mistral’s graphs
largely show consistent, clean bins of data being categorized into strictness rat-
ings.

Visually comparing the ratings from Mistral, Llama 2, and Llama 3 showed
that Mistral seems to perform the best in categorizing and understanding
statutes. Then, the statistical analysis tests were conducted to quantitatively
verify the observed results. As seen by Pearson’s Correlation Coefficients and
p-values, Mistral strictness rankings have the highest correlation with the actual
prison times in the laws, reflecting a higher capability to understand and extract
information from the statutes.

Table 1. The statistics and p-values for the statistical analysis of LLM strictness
ratings of SA penalty statutes (the bolded column headers specify which LLM was
used) and the numerical average prison time in each statute.

Mistral Llama 3 Llama 2

ANOVA Statistic 5.994e–31 1.868e–30 2.028e–30
Pearson’s Correlation Coefficient 0.714 –0.269 –0.143
Pearson’s Correlation P-Value 1.256e–08 0.065 0.331
Mann-Whitney U Test Statistic 1080.0 1140.0 1089.0
Mann-Whitney U Test P-Value 0.594 0.932 0.640
Kruskal-Wallis H Test Statistic 0.289 0.008 0.222
Kruskal-Wallis H Test P-Value 0.591 0.929 0.637
Statistics and P-Values for LLM Strictness Ratings of SA
Statutes and AveragePrison Time in Statute

The relatively poor performance of the Llama models can be attributed to
their poorer mathematical reasoning abilities, as indicated by the brief explana-
tions given for each rating. For example, for the state of Alabama, which has
a maximum prison sentence of 20 years and no minimum, Llama 3 suggested a
rating of (1) extremely lenient, offering the following explanation: “because 20
years in prison is the least amount of time in prison a person can receive for
a sexual assault.” This flawed reasoning stems from a relatively poor ability to
contextualize and compare numerical data. When a previous example had an
8-year prison sentence categorized as (2) lenient, the reasoning should see that
20 years is greater than 8 years, and thus the rating should be (2) or higher.
This reasoning is lacking in both of the Llama models when compared to the
Mistral LLM, as seen in both the graphs in Fig. 3 and Table 1.

The explanation given for Mistral’s ratings demonstrates the need for LLMs
for this task, as opposed to simply comparing the prison times to crime rates. For
example, the state of Iowa has the following SA penalties: “Sexual abuse in the
first degree is a Class “A” felony, punishable by up to a life sentence.“ If manual
ratings were simply going by average prison time since this statute does not have
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Fig. 3. The average prison time for sexual assault offenders in each state’s statute (in
years), plotted against the strictness category from 1 to 5 for that statute from (a)
Mistral (b) Llama 3 (c) Llama 2. Each point in the plot represents a U.S. state (a
total of 48 states, barring California and Louisiana because they are examples in the
prompt).
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a minimum, the value assigned would be 120 for the life sentence, and it would
be placed in the (5) category for extremely strict. However, the Mistral LLM
added a necessary nuance: the output response said, “(4) moderate, because if a
person is given a life sentence for sexual assault, it is still an extreme penalty, but
it does not rule out the possibility of shorter sentences in accordance with the
criminal statute.” Essentially, using an LLM to analyze text that contains some
quantitative data allows the extraction of a comprehensive rating that takes into
account the verbiage and exceptions in the statute, along with numerical prison
times.

Specifically looking at the statistics for Mistral, the higher p-values for the
Mann-Whitney U Test and the Kruskal-Wallis H Test mean a failure to reject the
null hypothesis, suggesting that the distributions are similar, with similar medi-
ans. The Pearson’s Correlation p-value is significantly lower than 5%, suggesting
a correlation between the actual prison times and strictness ratings. Particularly,
a coefficient of 0.714 indicates a relatively strong positive correlation. Thus, the
LLM strictness ratings accurately represent the stringency of the statutes in
terms of prison times and are appropriate for analyzing statute stringency in
relation to crime rates in the next section.

4.2 Correlation Between SA Statutes and Crime Rates

Table 2 reports the same method of statistical analysis to answer RQ2, comparing
SA crime rates and the strictness of the SA statutes per U.S. state.

Table 2. The statistics and p-values for the statistical analysis of Mistral strictness
ratings of SA penalty statutes and the SA crime rates in each of the 48 U.S. states
analyzed.

Mistral Strictness Rating of Statutes vs Crime Rates for SA

ANOVA Statistic 1.206e-32
Pearson’s Correlation Coefficient 0.165
Pearson’s Correlation P-Value 0.261
Mann-Whitney U Test Statistic 1044.0
Mann-Whitney U Test P-Value 0.424
Kruskal-Wallis H Test Statistic 0.645
Kruskal-Wallis H Test P-Value 0.422
Statistics and P-Values for LLM Strictness Ratings of SA Statutes and SA Crime Rates

The p-values from the Mann-Whitney U Test and the Kruskal-Wallis H Test
are both greater than 5%. These tests indicate that the distributions are similar,
indicating the strictness of statutes and crime rates are related.

Pearson’s Correlation Coefficient shows a weaker, but positive, correlation of
0.165, along with a p-value much greater than 5%, indicating that the correlation
between stricter SA statutes and lower SA crime rates, if it exists, is relatively
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weak. There is still some relation between the two variables, as indicated by the
Mann-Whitney and Kruskal-Wallis tests, but the correlation shows us that it is
not as strong as generally assumed.

The graph in Fig. 4 visualizes the lack of a clear trend between the two
variables, suggesting a weak correlation and the relationship between them. The
heatmap in Fig. 5 further shows the lack of a clear pattern across the data.

Fig. 4. The number of forcible rape crimes committed per every 100,000 people, plotted
against the strictness category from 1 to 5 for that statute from Mistral. Each point in
the plot represents a U.S. state (a total of 48 states, barring California and Louisiana
because they are examples in the prompt).

4.3 Discussion of Results

Based on the above findings, the research questions can be answered as follows.

– RQ1 answer: With a two-shot approach of providing two labeled examples in
the LLM instruction, Mistral has considerable success in categorizing the rel-
ative strictness of SA statutes of U.S. states. Other LLMs lack enough math-
ematical reasoning capabilities to accurately assign statutes to categories.

– RQ2 answer: There is a relatively weak correlation between stricter SA
statutes for prison time and lower SA crime rates.
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Fig. 5. A heatmap displaying the distribution of strictness ratings from Mistral versus
the SA crime rate in each state. For this visualization, the crime rates are divided into
6 bins. The number inside each cell, also shown by the color of the cell, represents the
number of samples (states) with the range of SA crime rates in that column and the
statute strictness rating of that row.

5 Conclusion

In this paper, different LLMs and their efficacy in categorizing the relative strict-
ness of SA statutes across U.S. states are compared, with Mistral outperforming
Llama 2/3, Orca 2, and Falcon. The strictness rankings are then compared with
forcible rape (SA) crime rates by state, demonstrating a relatively low corre-
lation between the two. Future studies can try to improve the trustworthiness
of LLM strictness rankings by involving a human-in-the-loop. This can include
legal experts verifying the LLM-generated ratings and associated explanations.

There may be some socio-political factors that are correlated with both
stricter SA laws and lower SA crime rates, meaning the true relationship between
stricter laws and lower crime is even weaker. These confounding variables may
include law enforcement practices or political ideologies and can be controlled for
and studied in future work. Additionally, the concept of using LLMs to generate
quantitative measures of legal statutes can be used in future studies to enable
quantitative studies on the effects of various types of laws, supporting more
evidence-based policy choices. However, a broader application of the method-
ology will require data availability of laws for that crime domain, and prompt
engineering to form an LLM instruction that leads to accurate rating outputs.
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The findings suggest that tougher punishments in the legal system for SA
may not be the most effective strategy for combating such crime. Steering efforts
towards prevention programs and community initiatives may be more effective
solutions. For example, an alternative solution can be to implement a grassroots
movement to increase awareness about consent.
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Abstract. The study explores the application of generative models in creat-
ing website content optimised for search engines and evaluates their effective-
ness compared to human-generated content. The paper begins by introducing the
search engine and SEO issues, followed by a discussion of the generative mod-
els employed in the experiment, specifically ChatGPT and DALL·E. The primary
focus lies in the presentation of the research methodology, which includes an
original approach to designing the experiment for website content evaluation.
Furthermore, the paper introduces a novel indicator for measuring SEO effec-
tiveness in terms of website visibility in search engine results. The results of the
study compare the performance of three website versions, one of which featured
content generated by AI models. Additionally, a survey was conducted to assess
the quality of the content from the perspective of users. The findings indicate that
content created by a professional human copywriter consistently outperformed
generative model-based content in both SEOmetrics and user quality evaluations.
These results highlight the limitations of current generative models in replicating
the nuanced expertise of human professionals in the context of SEO-driven con-
tent creation. These findings point to a broad field of research into the quality of
content produced by generative models.

Keywords: Large Language Model · Search Engine Optimization · Generative
Model · ChatGPT · Website Content

1 Introduction

Developments in technology are constantly influencing the way businesses operate. In
particular, we are referring to artificial intelligence technologies, which are opening up
new opportunities for automation, personalisation and content optimisation, which can
be crucial for web content management.
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The aim of this paper is to propose a methodology for measuring the effects of
search engine optimisation (SEO) activities in the context of comparing content created
by human copywriters and large generative models. The paper focuses on exploring how
modern artificial intelligence tools can impact SEO [1], increasing the effectiveness and
visibility of an organisation’s websites in search results.

The following research questions were posed:

– How to measure the efficiency of content creation by LLMs in the context of SEO?
– What is the impact of content generated by generative models on the search results

of an organisation’s sites?
– Can content generated by generative models engage users as effectively as content

invented or selected by humans?

The structure of the paper is the following. The first part of the article briefly intro-
duces the topic of search engines and SEO. This is followed by a discussion of the
generative models used in the experiment, i.e. ChatGPT and DALL E. The main part of
the paper is a demonstration of the research methodology, in which the original method
for conducting the experiment on website content evaluation is described in the first
part, followed by a description of the original indicator for measuring SEO effects, in
the context of the visibility of the company’s website in search results. The results of the
evaluation of the analysed websites using the proposed indicator were then presented,
comparing three versions of the sites, one of which had content created by the generative
model. This is followed by a survey in which respondents evaluated the three sites in
terms of content quality. The article concludes with the conclusions of the research.

2 Search Engine Optimization

In the field of information retrieval, an Internet search engine is defined as a digital
application or service designed to search the global web to find specific resources or
content. Its main aim is to facilitate efficient and organised access to the vast amounts of
data available on the Internet. Central to the interaction between the user and the search
engine is the query interface, where the user enters search terms [12]. The search engine
processes these queries and presents the results on a search engine results page (SERP),
which serves as an interface displaying ranking links, summaries andmultimedia content
relevant to the user’s query [14]. The SERP is therefore a key element of the user
experience, linking the user’s query to the search engine results.

Query processing starts with the query parser, which breaks down the user input
into meaningful components and relevant phrases for further analysis [15]. The core
functionality of the search engine is its search algorithm, which works by comparing
phrases from the query parser with an indexed database containing key phrases, URLs
and related metadata [12]. This index is populated through an indexing process, which
involves the collection, analysis and storage of data from web pages [13].

Search engines use indexing robots, also known as robots or spiders, to explore and
collect data from websites. These robots index new or updated web content as a priority
[3]. In addition, search engines build datasets that map relationships between topics and
concepts. This integration enhances the search engine’s understanding of user intent and
contextual relevance of queries [3].
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Ranking of results is crucial and is based on the various data sources in the index.
These sources include textual content, graphics, documents, hyperlinks andmetadata, all
of which are evaluated by the search algorithm to determine their relevance and quality
[2]. This approach ensures the delivery of results tailored to users’ needs.

SEO is a broad field that cannot be described in its entirety in a short text, so only
the most important elements for building a website’s position in search results, in the
context of content quality, will be mentioned here. In order to achieve a high ranking
in search engines such as Google, Bing or Baidu, a website should contain rich and
unique content. In addition, it is important to fill in the page title tags (<title>) with the
right keywords. Header tags (<H1>, <H2>, <H3>) should be used in the text. Pages
should also have correctly defined metatags (<description>, <keywords>) containing
relevant keywords [12–14]. In addition to the elements mentioned, there are many other
SEO elements, such as internal and external links, server quality or Core Web Vitals
introduced in 2022 by Google [16] and others.

3 AI Generative Models for Content Creation

There are currently several large generative models on the market and new ones are
being developed all the time. Among the most popular are: ChatGPT, Gemini, Qwen,
Copitol, LLaMa, Mistral, Command Cohere, Claude, Grok, Poe. As ChatGPT was used
in the experiment described later for textual content creation, it will therefore be briefly
characterised.

3.1 ChatGPT

ChatGPT is the artificial intelligence model created by OpenAI (AI research lab in San
Francisco, founded in 2015 [3]) to produce text content and offer a chatbot capable of
engaging in conversations with human-like qualities [4].

Generativemodels such as ChatGPT andDALL-E are becoming increasingly impor-
tant, contributing to the evolution of SEO and SEM practices. According to the ‘State of
SEO 2024’ report, almost 82% of businesses are feeling the impact of these technologies
on their SEO strategies [5]. The use of generative technologies still faces barriers and
requires further research and integration with traditional content management methods
[6].

ChatGPT utilizes a multi-layered transformer architecture to generate responses to
user queries. A transformer is a specific type of neural network architecture, and a neural
network is a set of data processing nodes that mimic the action of the human brain [7].
ChatGPT uses transformers specialised in natural language processing. The primary
advantage of transformers is their efficient parallelism, enabling the scaling and training
of largemodels. This architecture allows the system to grasp the context and interpret the
meaning of ambiguous words by analyzing their surrounding words within a sentence
[8]. This is a difficult task for a machine, but ChatGPT achieves this, making its answers
human-like and understandable.

As of November 22, 2024, OpenAI offers several versions of ChatGPT, each with
distinct features and capabilities [9]:
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1. GPT-3.5: The foundational model that powers the free version of ChatGPT.
2. GPT-4: An advanced model available to ChatGPT Plus subscribers. GPT-4 enhances

the quality of responses, offering more nuanced and context-aware interactions
compared to GPT-3.5.

3. GPT-4o (“Omni”): Introduced in May 2024, GPT-4o is a multimodal model designed
to process and generate text, images, and audio. It is accessible to all users, with
free users having certain usage limits and Plus subscribers who have higher message
allowances.

4. GPT-4omini: A streamlined version ofGPT-4o, released in July 2024. It offers similar
multimodal capabilities with optimized performance, replacing GPT-3.5 Turbo in the
ChatGPT interface.

5. o1-preview: Launched in September 2024, this model focuses on complex problem-
solving by spending more time analyzing tasks before responding. It excels in areas
like competitive programming, mathematics, and scientific reasoning.

6. o1-mini: A faster and more cost-effective variant of o1-preview, providing enhanced
reasoning capabilities.

Work on new generative models is still in progress, so expect further versions of
ChatGPT in the near future.

3.2 DALL·E - Graphic Content Generator

DALL·E represents a collection of deep learning models created by OpenAI for gener-
ating images from textual descriptions. The original DALL·E, introduced in 2021, is a
12-billion parameter autoregressive transformer model that generates images by sequen-
tially predicting pixels based on textual input [10]. In 2022, OpenAI released DALL·E
2, which employs a two-stage process: a prior model that generates CLIP image embed-
dings from text, and a decoder that produces images conditioned on these embeddings.
This approach enhances the realism and accuracy of generated images [11].

DALL·E 3, announced in 2023, further improves upon its predecessors by integrating
more advanced language understanding and image generation capabilities, resulting in
images that closely align with complex textual prompts [9].

4 Methodology of Research

Two research methods will be used during the study: experimental and survey. As part
of the experimental research, three organisation websites will be evaluated.

The studywas carried out using three websites as an example, to investigate how they
would rank in search results. The experiment lasted 13 weeks, during which the sites’
content was modified every three weeks. Key elements such as key phrases, page meta
descriptions, titles, text, links, images and alternative image textswere subject to changes
to optimise each site’s search engine positioning. These changes were made based on the
sites’ current position data, allowing the content to be adjusted as effectively as possible.
During the final week of the study, the content of the sites was not changed in order to
conduct a user survey to assess how the modified content affected their engagement and
perception of the sites.
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In order to carry out authoritative research, one of the sites will be a kind of bench-
mark. In general, its technical SEO, content and other elements important from an SEO
perspective will be done poorly, will be of low quality or will not exist. We can say that
site 1 will be the reference point for the others, site 2 will have content creation and
selection by copywriters, and site 3 will have content generated by generative models.
This division will address the problem of the unknown impact of content generated by
generative models on search results.

Each site covered the same subject matter, had the same information architecture and
an identical number of pages on the given subject matter. In addition, each site domain
had an SSL certificate purchased from the hosting provider. Site 1 did not have semantic
HTML, Long Tail SEO phrases, page meta descriptions or an XML sitemap, while sites
2 and 3 had the listed elements.

In sites 2 and 3, the key phrases will be in both metatags and content, where copy-
writers and the chosen generative model will be responsible for coming up with them
in turn. All three sites had page titles, page text, images, domain name and URLs. Site
1 did not have alternative text to images, while sites 2 and 3 did. All three sites were
hosted with the same service provider to minimise the impact of Core Web Vitals on the
positioning of the sites relative to each other.

In the case of Site 1, the content will be created and selected by someone with no
SEO experience.

For Site 2, content will be selected by a team of two copywriting professionals with at
least 2 years’ experience. This is in order to best replicate the real-life situation in which
people are involved in creating website content. The previously mentioned elements
were created and selected while adhering to SEO rules and recommendations.

For site 3, content was generated using the ChatGPT-4 and DALL E 3 generative
models. The listed elements were generated while adhering to SEO rules and recommen-
dations. Propmpting of the model followed the prompt engineering recommendations
described in the publication [17]. An example of the set of prompts used to build the
page content is shown below.

User
The theme of my website, is guide services in the Sudetenland, which will be a showcase
for a group of mountain guides in the Sudetenland who offer their services to people
planning mountain trips in this mountain range. The website will have 5 pages:

– Home page with favourite routes and general information,
– Tours, which will include the most popular and new tours proposed by the guides,
– A Tourist Guide, which will include practical advice for those planning a mountain

trip and information on mountain safety,
– About Us, which will contain information about the guides and the team,
– Contact, which will include a contact form.
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Remember this information

ChatGPT
Information about your website about the services of guides in the Sudetenland has been
memorised. If you need help with content creation, page design, or any other aspect of
the site, let me know! How can I help now?

User
My goal is to get my website as high as possible in search results through SEO. Please
note this information

ChatGPT
I have remembered that your goal is to position your website about Sudetenland guide
services as best as possible in the search results thanks to SEO. If you need advice on
search engine optimisation, content strategy, or technical aspects of SEO, let me know
how I can help you!

User
The tours page will contain some of the most popular and interesting hiking tours in
the Sudetenland. Make up a title for this page, a name in the url path, a subtitle for the
section with themost popular hikes and a subtitle for the section with themost interesting
hikes.

ChatGPT
Here are my suggestions:

– **Page title:** ‘Discover the Sudetes: a Guide to Tours’.
– **Name in URL path:** ‘/discover-tours’.
– **Subtitle for the section with the most popular hikes:** ‘The Trails That Tourists

Love’.
– **Subtitle for the section with the most interesting excursions:** ‘Gems of the

Sudetes: Excursions Full of Mysteries’.

Such names and sub-headings can catch the attention of visitors, encouraging them
to further explore the content of the website and the services you offer.

Of course, a reliable assessment of the quality of propmpts would require a broader
analysis and many more experiments. Prompt engeeniering, however, is not the focus of
this publication, so only an example is included to show how content was generated for
the site.

Due to the limited volume of the paper, detailed analyses of the textual and graphic
content will not be presented. These are available in the paper [1].

Once the sites weremade public on theWorldWideWeb, datawas collected through-
out the study period on the position of all three sites in Google search results for specific,
pre-selected key phrases. The experimental study lasted 13 weeks, of which for the first
12weeks the content on all the study sites wasmodified every 3weeks (site hosting and 3
iterations of modifications), in order to increase the chances of more visits by the index-
ing robots, which was expected to have a positive impact on positioning. Key phrases,
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page meta descriptions, titles, texts, links, images and alternative texts of images were
modified. During themodification, the authors of the changes had data on the positioning
of the sites for specific phrases so that they could make the best possible changes in their
opinion. During the last week, the content of the sites was not changed for the survey,
which required the content to remain unchanged.

The Evaluation of the Website
In terms of the business aspect, understood as the visibility of the brand in search results,
it is worth noting whether the site is in the top 10 search results, due to the estimated
CTR (Table 1).

Table 1. Organic CTR for Google SERP (not including ads)

Position in SERP CTR

#1 27.6%

#2 15.8%

#3 11.0%

#4 8.4%

#5 6.3%

#6 4.9%

#7 3.9%

#8 3.3%

#9 2.7%

#10 2.4%

Source: own elaboration based on data from [2]

In order to assess this, the author of the paper proposes the following formula
[Błażyczek, 2024]:

P =
n∑

i=0

m∑

j=0

Vj ∗ Dj ∗ CTRpij

pij

Where:
P – evaluation of the website,
n – numer of measurement days,
m – the number of phrases under which the site was positioned,
pij – site position in SERP for the phrase j at day i,
CTRpij – CTR for the position occupied by the site for a given phrase for a specific

day,
Dj – normalized difficulty ratio for the phrase.

Normalized difficulty ratio was determined with the following formula:
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Dj = max
(
dj − dmin, 1

)

dmax − dmin

Where:
dj - difficulty for the phrase j,
dmin - minimum difficulty among all analysed phrases,
dmax - maximum difficulty among all analysed phrases.
Vj – normalized volume factor for the phrase j, which is calculatedwith the following

formula:

Vj = max
(
vj − vmin, 1

)

vmax − vmin

Where:
vj - volume for the phrase j,
vmin minimum volume among all analysed phrases,
vmax maximum volume among all analysed phrases.
The proposed formula for evaluation of the website, takes into account the number of

days the study lasted, the number of phrases (both those for which the site was positioned
and all phrases included in the study), the site’s position for a given phrase on a given
day, and the normalized difficulty and volume factors for each phrase. The difficulty and
volume values were normalized due to the fact that they are two different factors, taking
on different ranges of values. The normalization was intended to equalize their effect
on the score. The proposed formula also takes into account the CTR for the position
occupied by a site on a given day for a particular phrase. For positions from 1 to 10,
the CTRs take values like those in Table 1. For the remaining positions, it takes 0%.
Thus, this formula is also intended to evaluate the overall positioning of the site for
selected phrases over a certain period of time, except that a value different from zero
is awarded only for positions in the top 10, which has its justification from a business
perspective. A low CTRmeans that a relatively small percentage of users who saw a site
in search results will decide to visit it. The higher the CTR, the better one can evaluate
the positioning of such a site from a business perspective.

The Results of Website Evaluation
To select the phrases to be used in the position study, a collection of as many potential
phrases as possible related to the sites’ topics was first created. For this purpose, the Ask
The Public platform was used, through which several potential phrases were obtained,
such as: Sudet guide, Sudet mountains etc. Subsequently, having already obtained sev-
eral phrases, they could be entered into the Keyword Manager’s collection (it is part
of the Keyword Suggestion Tool from SERanking Software) and thanks to the tool’s
capabilities, the collection was expanded to 57 phrases.

The 10 phrases with the highest volume value and the 10 phrases with the highest
and 10 phrases with the lowest difficulty were selected for the study.

Next, using the site positioning data obtained from software SERanking, evaluation
of the website (P) scores were calculated for each site. These are presented in the Table 2.
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Table 2. The final evaluation of websites (P)

Website Evaluation of website (P)

Website1 0,00008565

Website2 0,00166378

Website3 0,00025317

Source: own elaboration

In terms of site positioning among the top ten results in the SERPs, determined by
the formula for, website 2 performed more than 6 times better than website 3 and more
than 19 times better than website 1. From a business perspective, the higher a site’s
position in search results, the higher its estimated CTR. A higher CTR means greater
online visibility and effectiveness than lower-ranked sites, which is why the score, which
takes this into account in a site’s score, is so important.

Figure 1 shows the P-evaluationmeasure of the three sites throughout the experiment.
It can be seen that after an initial period in which the position of all three sites in the
SERPs was zero (the time needed to position a site in the search engines is at least a few
weeks), by far the best result was achieved by the site with content created by an SEO
expert (website 2). The result of website 3 with content created by ChatGPT is clearly
inferior to website 2. As expected, the weak result was achieved also by website 1, the
reference site, where no SEO activities were carried out.

Fig. 1. Daily results of websites evaluation measure P. Source: own elaboration

Based on the positioning results of the sites it can be concluded that site 2 performed
the best among the analysed sites. It positioned itself for the largest number of phrases
and ranked relatively well for them, which translated into a high score for the proposed
score P.
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5 Survey Research

During the final week of the study, a survey was conducted in which users were asked
for their opinions on the content of the sites. The survey included a metric consisting of 6
questions. The metrics adopted were the following: gender (female, male, do not want to
specify/other); age (18 - 25, 26 - 35, 36 - 45, 46 - 60 and over 60); size of place of residence
(village, town with up to 10 000 inhabitants, town with 10 000 to 100 000 inhabitants,
town with 100 000 to 500 000 inhabitants and town with over 500 000 inhabitants); edu-
cation (primary, secondary, higher incomplete (bachelor’s, engineering), higher techni-
cal, higher non-technical and none); employment status (pupil/student, student/student,
employed, unemployed, pensioner/retired and other (economically inactive not being a
pensioner or full-time student)), student/student status (studying, not studying, attending
school, prefer not to answer). Due to the rather complex questionnaire and the need to
evaluate three sites, it was only possible to obtain the responses of 35 respondents. Due
to the non-small number of respondents, the results cannot be generalised. However, it
should be noted that the main purpose of the publication was not to evaluate content, but
rather to indicate a methodology for its evaluation.

The survey also contained three sections for each site, with seven questions in each.
The section questions were as follows:

– Do you think the content on the site could be useful for planning a holiday in the
Sudetenland? (Possible answers: yes, no and hard to say),

– Was the data and information on the website presented in a way that was easy to
understand? Rate on a scale of 1 (lowest rating) to 5 (highest rating),

– How much do you trust the content presented on this website? Rate on a scale of 1
(lowest rating) to 5 (highest rating),

– How would you rate the visual experience of the content on this site? Rate on a scale
of 1 (lowest rating) to 5 (highest rating),

– Is the content on this site coherent and logically linked? Rate on a scale of 1 (lowest
rating) to 5 (highest rating),

– How would you rate the writing style of the content on this site? Rate on a scale of 1
(lowest rating) to 5 (highest rating),

– Who do you think is the author of the content on the site? (Possible answers: copy-
writers, artificial intelligence (generative models i.e. ChatGPT, Gemini, DALL E)
and people with no experience in content creation).

Results of Survey Research
Although website 3 was mostly rated as having content created using generative models,
it received relatively positive ratings in terms of content consistency and relevance (high
ratings in the ‘Definitely Yes’ and ‘Yes’ responses). The level of confidence in the
content on this site was mixed. 17.1% of respondents indicated that they did not trust
the content presented. This is the highest percentage of all sites. Regarding the visual
evaluation, although the majority of evaluations were in the positive range, there are
critical statements and doubts in the respondents’ answers (7 undecided and 3 negative).
Mixed reactions to the visual presentationmay suggest differences in the way the content
generated by the AI is structured or presented, which may not always match users’
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expectations. The website, despite scoring well in terms of consistency, has a trust issue
from users. Respondents’ answers suggest that the way content created by generative
models is not always perceived as trustworthy.

The content on site 2, prepared by professional copywriters, scored best in terms of
ease of understanding the content. Users also found the site very trustworthy. 71.4% of
respondents said that they found the information there trustworthy. In this respect, the
site again scored better than the other sites. The visual assessment and consistency of
content scored well. This should indicate that the careful preparation of the content on
both a content and aesthetic level will be appreciated by users. In contrast, the high scores
for ease of interpretation of information underline the importance of clear presentation
of content. In the case of website 2, respondents were not able to say clearly who the
author of the content on the site was. However, they judged well that the content was
probably not created by artificial intelligence.

Despite the fact that the content on website 1 was selected and created by someone
with no experience in this area, it received the highest marks in terms of the visual aspects
of the site design. In terms of writing style, the value obtained by Site 1 was the lowest
in the entire survey. 34% of people did not know how to rate the writing style, meaning
that clarity and consistency in the way content was presented was not achieved. People’s
confidence index was lower than for website 2, but higher than for website 3.

Respondents’ answers regarding website 2, where content was created and selected
by experienced copywriters, show that professionally prepared content significantly
influences the perception of content as easy to understand, trustworthy and aestheti-
cally pleasing. For businesses, this means that investing in qualified human resources
for content creation can bring significant benefits in terms of user engagement and satis-
faction. The results for website 3, which used content generated by generative models,
showed lower trust ratings compared to website 2, suggesting that users may be more
distrustful or critical of automatically generated content. Companies should be aware
of this challenge and consider how best to present the source of content to build trust
and credibility. In contrast, the results for Site 1 indicate that visual appeal can partially
compensate for deficiencies in the content’s substantive quality. For this reason, com-
panies should also ensure that the visual quality of their sites is high, which can have a
positive impact on first impressions and overall evaluation by users.

6 Conclusion

On the basis of the research conducted, it can be concluded that the role of generative
models in the context of content creation for sites in terms of SEO for companies seems
ambiguous. On the one hand, the use of generative models for content creation appears
to be less effective compared to content created by experienced copywriters, especially
in the context of metrics such as positioning in search results and user trust. On the other
hand, generativemodels can offer significant cost savings related to contentmanagement,
reducing the need to involve human resources in content creation processes. Research
shows that although AI-generated content does not yet reach the level of content created
and selected by humans, its use can significantly reduce a company’s operational costs.
Generative models can reduce the workload of copywriting teams, allowing companies
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to manage human and financial resources more efficiently. In the context of CTR and
SEO, the higher rankings achieved by copywritten content results in greater visibility in
search engines, which translates into a higher CTR and potentially more revenue from
advertising or direct sales. In comparison, pages with content generated by generative
models may require additional optimisation to achieve similar results.

The results of the study indicate that a sitewhose contentwas generated by generative
models achieved worse SEO results than a site whose content was created and selected
by copywriters.

However, it should be noted that the quality of content generated by generative
models may be largely dependent on the quality of the prompts used to create it. It
is possible that a different set of prompts could have generated better content, which
could have resulted in better positioning of the website. For this reason, a definitive
statement that generative models create worse content than copywriters requires a lot of
additional research and prompt engineering experiments. This research should include
a variety of approaches to prompt creation, different structures and vocabulary, as well
as iterative refinement of prompts based on test results as well as applying in-context
learning method. Only through such a comprehensive approach would it be possible to
accurately assess the potential of generative models to create content that can compete
with content created by experienced copywriters.

Analysis of the survey data shows that content generated by artificial intelligence has
lower user engagement rates compared to content created by humans. Users consider
content created by generative models as less authentic and interesting, which affects
their engagement and overall experience. Sites with content created and selected by
copywriters score higher for the clarity, message and appeal of the content, leading to
better user engagement. However, the differences in respondents’ assessment of the sites
are much smaller than for the evaluation indicator P.

It can be concluded that sites with content generated by generative models engage
users less well than sites with content invented or selected by copywriters.

The use of AI generative models to generate content on websites to improve SEO
raises also significant ethical issues, including the potential for misinformation, manip-
ulation of search engine algorithms and reduced transparency of content authenticity.
Addressing these issues requires a critical examination of the accountability framework
for created content and the development of guidelines to ensure fair and responsible
implementation of AI technologies in digital marketing.
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Abstract. This study introduces an AI-driven approach for real-time
query management and FAQ(Frequently Asked Question) generation,
addressing the challenges of scalability and immediate responsiveness in
large-scale online learning environments. During live sessions, student
queries are embedded and evaluated against the FAQ knowledge base
using a dissimilarity metric. Queries exceeding a predefined dissimilarity
threshold are escalated to instructors, while lower-dissimilarity queries
are addressed by a Retrieval-Augmented Generation (RAG), optimized
to ensure minimal latency and high accuracy in real-time responses. We
build the RAG by embedding course material into a high-dimensional
vector space, organizing it through topic clustering, and constructing
an FAQ database pre-validated by instructors. The system achieves a
notable answer relevancy score of 88.65% and a contextual precision score
of 88.25% underscoring its balance of precision and adaptability.

Keywords: Scalable Online Learning · Query Similarity Analysis ·
Automated Query Handling

1 Introduction

In recent years, online learning has firmly established itself as a central mode
of educational delivery, offering scalable and adaptable solutions that transcend
traditional geographical and infrastructural limitations. With advancements in
technology, digital classrooms have become essential in democratizing access to
education, facilitating seamless participation of hundreds or even thousands of
students concurrently. However, as observed in large-scale deployments such as
the T10KT project initiated by IIT Bombay through the A-VIEW platform [1],
managing real-time interactivity and ensuring sustained engagement within such
expansive settings pose significant challenges. These issues are exacerbated by
connectivity constraints and high student-to-teacher ratios, which hinder per-
sonalized interactions and timely feedback.

This challenge in large-scale online classes is compounded by the overwhelm-
ing influx of questions during live sessions, often exceeding instructors’ capacity
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for immediate and effective responses. As Wang and Woo (2007) [2] explored,
synchronous communication methods foster immediacy and engagement, while
asynchronous approaches provide flexibility and encourage deeper reflection.
However, balancing these modalities in dynamic, large-scale settings remains
a significant challenge. To address these issues, recent studies underscore the
transformative potential of artificial intelligence (AI) in education, particularly
through natural language processing (NLP) and machine learning (ML) tech-
niques that enable scalable automation of student interactions. Recent advance-
ments in large language models (LLMs) have further revolutionized automated
text generation, achieving state-of-the-art performance in producing intelligent,
contextually relevant responses. For instance, OpenAI’s GPT-3 [3] and GPT-4
[4] demonstrate exceptional capabilities in understanding complex queries and
generating fluent, accurate responses. Building on this, Retrieval-Augmented
Generation (RAG) models, introduced by Lewis et al. (2020) [5], enhance these
systems by integrating retrieval mechanisms with generative models, enabling
use-case-specific customization. Earlier foundational work by Heilman and Smith
(2010) [6] introduced a statistical framework for automatic question generation,
laying the groundwork for FAQ systems capable of dynamically adapting to
evolving student inquiries. By automating the resolution of repetitive queries
and escalating complex or context-sensitive ones for human intervention, AI-
driven systems like the one proposed in this study represent a significant step
forward in tailoring query management for large-scale educational settings.

In response to these needs, our research proposes a system for real-time
query management with FAQ generation that leverages AI to manage and prior-
itize student questions efficiently during live sessions. By combining NLP tech-
niques for question classification with ML algorithms for prioritizing queries,
our approach ensures that repetitive questions are managed through automated
responses, while unique or contextually complex queries are escalated to instruc-
tors for direct engagement. Through this integration, the proposed system aims
to streamline the interactive capacity of online platforms, enhancing the quality
of interaction without burdening instructors, thus addressing scalability chal-
lenges in online education and promoting educational equity and access. The
system is designed to support instructors in managing queries within a con-
strained timeframe, focusing on contextually accurate and reliable responses
derived from a curated knowledge base deemed relevant by the instructor. By
prioritizing precision and timelines, the system enhances the efficiency of real-
time classroom interactions. Our contributions include:

– AI-driven query management system for large-scale online classes.
– Semantic embedding using the paraphrase-mpnet-base-v2 model for topic

clustering.
– Structured FAQ repository with in-chapter, across-chapter, out-of-context,

and application-based categories.
– Automated response generation using a Retrieval-Augmented Generation

(RAG) model.
– Dissimilarity scoring framework for evaluating query alignment with content.
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– Real-time escalation of high-dissimilarity queries to instructors.
– Adaptive framework to support complex real-time learning interactions.

The remainder of this article is organized as follows: Sect. 2 provides a review
of related works that informed the development of the proposed system, partic-
ularly in the domain of AI-enhanced educational technologies. Section 3 details
the methodology and results, including semantic embedding (3.1), clustering and
FAISS indexing (3.2), FAQ repository compilation and response generation (3.3),
dissimilarity measurement and threshold establishment (3.4), real-time query
handling (3.5), and the user interface demonstration (3.6). Section 4 concludes
the article with a summary of contributions and directions for future research.

2 Related Work

The foundation of this study is built upon several influential works in the domain
of AI-enhanced educational technology. Research on large-scale online learn-
ing environments, such as those highlighted by Luckin et al. (2016) [7], under-
scores the potential of AI to support personalized and adaptive learning. Their
study emphasizes AI’s capacity to cater to diverse learning needs, a premise
that informs the development of AI-driven solutions for query management in
our system. The integration of real-time query handling mechanisms in educa-
tional settings has gained traction with the rise of MOOCs and other digital
learning platforms. Drachsler and Kalz (2016) [8] introduced the MOOC and
Learning Analytics Cycle (MOLAC), identifying challenges in data integration
and student privacy, which are critical considerations in designing our query-
handling system. Similarly, McInnes and Pedersen (2013) [9] explored semantic
similarity and relatedness metrics to enhance word sense disambiguation, con-
tributing foundational techniques for improving automated FAQ systems in edu-
cational contexts. Building on the advancements in automated question-answer
generation, Aithal, Rao, and Singh (2021) developed mechanisms for generating
question-answer pairs and assessing question similarity in educational platforms.
These methodologies, particularly the use of cosine similarity for filtering ques-
tions, have been instrumental in our design, helping to ensure that only contex-
tually relevant questions are prioritized for instructor review [10]. Furthermore,
in large-scale blended classrooms, hybrid architectures such as those explored
in anonymous case studies demonstrate the importance of scalable and flexi-
ble learning designs. This case study highlights the practical considerations in
balancing real-time feedback and engagement in mixed learning environments,
offering valuable insights for the development of our own system. In addition,
Al-Zahrani and Alasmari (2024) [11] examined the operational and ethical impli-
cations of AI in education, raising critical considerations for data privacy and
responsible AI use in learning settings. These ethical frameworks are essential to
our approach, ensuring that the deployment of AI in query management adheres
to privacy standards and fosters an inclusive learning environment.
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Fig. 1. Proposed Pipeline

3 Methodology

This study introduces a robust three-module methodology for query management
and FAQ generation, leveraging advanced AI techniques. As outlined in Fig. 1,
the system employs semantic embedding to organize content, an FAQ genera-
tion framework for efficient response creation, and a dissimilarity-check module
to ensure contextual alignment and accuracy. To ensure the system remains cur-
rent and adaptable to evolving curricula, we propose a dynamic content update
module that allows instructors to seamlessly upload updated course material,
such as revised textbooks, lecture notes, and supplementary resources. Instruc-
tors can upload course material directly into the platform as a primary knowledge
source. For initial development and testing, we selected Data Communications
and Networking by Behrouz Forouzan [12], a widely taught textbook in under-
graduate programs at Amrita University.
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3.1 Semantic Embedding

To ensure optimal content representation, the textbook content is processed
chapter-by-chapter, allowing for a logical segmentation of ideas. Key concepts,
phrases, and sentences are identified and extracted from each chapter, thus cre-
ating a focused dataset that retains the contextual essence of each topic. As
visualized in Fig. 1 as embedding model, the next step is to transform these
extracted concepts into high-dimensional semantic vectors using the paraphrase-
mpnet-base-v2 model [13], a transformer-based model optimized for capturing
subtle semantic relationships between phrases and sentences. In this configu-
ration, each concept is encoded as a 768-dimensional vector, where semantic
similarity is preserved through proximity in the vector space. These embeddings
form the foundation for effective clustering and similarity comparisons, as they
allow each question-answer pair to be mapped within the same space.

3.2 Organizing Content Through Clustering and FAISS Indexing

With embedded concepts prepared, the methodology proceeds to organize these
vectors into clusters, utilizing the FAISS (Facebook AI Similarity Search) [14]
library for scalable and efficient similarity-based retrieval. The primary goal here
is to structure the high-dimensional space into conceptually cohesive groups, or
clusters, that reflect the textbook’s thematic organization. To accomplish this,
we employ the k-means clustering algorithm within FAISS. K-means was selected
for its suitability in handling large datasets and compatibility with vector-based
representations, making it an ideal choice for organizing embedded concepts.
Each cluster in this system represents semantically related concepts, and each
cluster has a centroid vector that acts as a central reference point. Chapters
with dense or diverse content are segmented into a higher number of clusters
to capture the full range of ideas, while simpler chapters are divided into fewer
clusters to prevent excessive fragmentation. The distance metric used for cluster-
ing is L2 (Euclidean distance), which complements the cosine similarity metric
employed in dissimilarity measurements, creating a cohesive system that inte-
grates distance and similarity for accuracy and efficiency. After clustering, the
FAISS index is fine-tuned for fast retrieval. One critical parameter in FAISS,
nprobe, which controls the number of clusters scanned during similarity searches,
is adjusted to achieve an optimal balance between retrieval speed and accuracy.
Higher values of nprobe increase accuracy by scanning more clusters but can
lengthen processing time. In this system, the nprobe setting is customized to
meet the project’s real-time response requirements, with additional adjustments
based on user query characteristics [15].

3.3 FAQ Repository Compilation and Response Generation

The system’s FAQ repository is meticulously curated to cover a range of question
types, each associated with different expectations of alignment and contextual
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relevance. Four primary categories are defined: in-chapter, across-chapter, out-
of-context, and application-based questions (FAQ Generation Moodule, Fig. 1).
The system enables faculty to upload course-specific material, including assign-
ments, question banks, textbooks, articles, research papers, and notes, at their
convenience prior to the class. The uploaded content is then processed to cre-
ate structured FAQ entries aligned with the course objectives. In-chapter ques-
tions are limited to single chapters, aligning closely with specific content and
expected to have low dissimilarity scores. Across-chapter questions require cross-
referencing multiple sections, resulting in slightly higher dissimilarity ranges that
allow for some deviation in context. Out-of-context questions pertain to topics
addressed in the textbook but require answers that extend beyond direct, word-
for-word content. These questions demand a broader interpretive understand-
ing of the context, resulting in higher dissimilarity scores. Application-based
questions extend textbook concepts to real-world scenarios, similarly showing
higher dissimilarity due to the broader application scope. For answer genera-
tion, OpenAI’s ChatGPT [4] is employed to ensure that responses are contextu-
ally relevant. ChatGPT accesses chapter-specific embeddings to provide content
alignment for in-chapter and across-chapter questions, ensuring that the system
can generate responses that reflect the original textbook material. To maintain
high alignment, each generated answer is anchored within the context of related
chapter embeddings, a process that constrains ChatGPT’s output, reducing the
likelihood of off-topic information and ensuring consistency with the original
material. Additionally, for critical questions, particularly in out-of-context or
application-based categories, generated answers undergo post-processing and are
subject to human review to verify relevance and accuracy.

3.4 Dissimilarity Measurement and Threshold Establishment

The dissimilarity check module (Fig. 1) quantifies the alignment of generated
answers with textbook content using cosine similarity, ensuring contextual rele-
vance through threshold compliance. The measurement of dissimilarity is essen-
tial for evaluating the alignment of generated answers with textbook content,
providing a quantitative basis for threshold compliance. For each generated
answer, an embedding vector is created, and the dissimilarity score [16] is calcu-
lated by comparing it with the most similar cluster centroid retrieved from the
FAISS index. This comparison utilizes the 1 - cosine similarity formula, where
lower dissimilarity scores indicate a stronger alignment with the textbook con-
tent.

The system defines a dissimilarity threshold for each question category to
assess compliance. In-chapter questions are expected to have a dissimilarity range
between 0.2 and 0.4, reflecting close alignment. Across-chapter questions allow
for a moderate range of 0.4 to 0.5, accommodating cross-referenced answers. For
out-of-context and application-based questions, dissimilarity scores above 0.5
are acceptable due to the broader knowledge required. Threshold compliance is
measured as the percentage of answers in each category that meet the expected
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dissimilarity range, providing a clear indication of the system’s accuracy in gen-
erating contextually relevant answers.

To quantify the alignment between a generated answer and the textbook
content, we define the Dissimilarity Score based on cosine similarity [17]. Let:

– vA be the embedding vector of the generated answer.
– vC be the embedding vector of the closest cluster centroid (retrieved from

the FAISS index).

The Cosine Similarity between these vectors is calculated as:

Cosine Similarity(vA,vC) =
vA · vC

‖vA‖ · ‖vC‖ (1)

where:

– vA · vC is the dot product of vectors vA and vC ,
– ‖vA‖ and ‖vC‖ are the magnitudes (Euclidean norms) of the vectors vA and

vC , respectively.

The cosine similarity yields a value between –1 and 1, where:

– A value of 1 indicates maximum similarity,
– A value of 0 indicates no similarity,
– A value of –1 indicates maximum dissimilarity.

To obtain a measure of dissimilarity, we subtract the cosine similarity from
1. Thus, the Dissimilarity Score is defined as:

Dissimilarity Score = 1 − Cosine Similarity(vA,vC) (2)

Expanding this, we have:

Dissimilarity Score = 1 − vA · vC

‖vA‖ · ‖vC‖ (3)

Thresholds for Dissimilarity Scores by Question Category

Each question type has a specific range for acceptable dissimilarity scores:

– In-Chapter Questions: 0.2 ≤ Dissimilarity Score ≤ 0.4
– Across-Chapter Questions: 0.4 ≤ Dissimilarity Score ≤ 0.5
– Out-of-Context and Application-Based Questions: Dissimilarity Score
> 0.5

A compliance check is performed by evaluating whether the dissimilarity
score of each answer falls within the specified range for its question category.
The compliance rate (as a success metric) is defined as:

Compliance Rate =
Number of Answers Within Threshold
Total Number of Answers in Category

× 100 (4)
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Table 1 provides an overview of dissimilarity ranges, mean, median, standard
deviation, and the number of questions for each question category. These ranges
define the expected alignment levels of each question type with the textbook
content, aiding in threshold compliance assessment. The dissimilarity scoring
framework not only establishes alignment thresholds but also enables efficient
query handling by organizing incoming questions in descending order of dissim-
ilarity.

Table 1. Summary of dissimilarity ranges, mean, median, standard deviation (StD),
and question count for FAQ categories.

Category Range MeanMedian StD No. of Questions

Out of context 0.893–0.935 0.919 0.922 0.011 30
Application Based 0.881–0.946 0.912 0.909 0.016 31
Cross-Chapter 0.337–0.530 0.469 0.515 0.078 9
In-Chapter 0.318–0.540 0.475 0.510 0.066 42

Table 2. Summary of Expert Score Dissimilarity Statistics for Question Categories

Label MeanMedianMode

Out of Context 0.7 0.7 0.7
Application Based Questions 0.7 0.8 0.7
Cross-Chapter 0.2 0.2 0.2
In-Chapter 0.2 0.2 0.2

The comparison between GPT-derived Dissimilarity Scores(Table 1) and
expert-assigned scores(Table 2) shows a general alignment in relative values,
with GPT scores consistently trending higher across categories. This indicates
that GPT’s model assesses questions as slightly more dissimilar compared to
expert evaluations. For the Application-Based and Out-of-Context categories,
both GPT and expert scores reflect higher mean values (0.9117 vs. 0.7581 for
Application-Based, and 0.9194 vs. 0.7400 for Out of Context). This alignment
suggests these types are perceived as more contextually detached from the core
content, implying that they draw on broader or external knowledge applica-
tions. In contrast, Cross-Chapter and In-Chapter questions show lower mean
dissimilarity scores in both methods. Notably, the expert-assigned scores are
significantly lower (0.4691 vs. 0.2556 for Cross-Chapter and 0.4752 vs. 0.2405
for In-Chapter), reflecting a stronger contextual alignment. This supports the
expectation that questions within or closely related to a single chapter naturally
exhibit higher similarity to the core material. This overall pattern reinforces the
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validity of both scoring methods while highlighting GPT’s tendency to slightly
amplify dissimilarity, especially for questions extending beyond direct content
boundaries.

3.5 Real-Time Query Handling and Response Flow

During live online sessions, the question management system processes student
queries in real time by embedding them and evaluating their dissimilarity against
the FAQ knowledge base using the FAISS index. Queries are ranked in descend-
ing order of relevance based on their dissimilarity scores, as shown in Table 3.
High-dissimilarity queries, which fall outside the FAQ content, are flagged for
instructor review. These queries typically indicate unique or complex questions
requiring specialized input beyond the automated system’s scope. In contrast,
low-dissimilarity queries, which align closely with the FAQ knowledge base, are
autonomously managed by the RAG model. The RAG model synthesizes con-
textually relevant responses using pre-existing FAQ clusters, enabling efficient
real-time handling of routine questions and reducing instructor workload. To
enhance transparency, the system provides faculty with a list of the top N most
relevant queries, including their cosine similarity scores, allowing instructors to

Table 3. Sample questions organized by dissimilarity scores. Each question is labeled
based on its alignment category, with dissimilarity scores indicating the degree of con-
textual relevance to the course material.

Chapter Name Question Label DisScore

Chap. 4: Digital
Transmission

If designing a video streaming
platform, how would you approach
bandwidth allocation?

Application Based
questions

0.946

Chap. 5: Analog
Transmission

How would you implement QAM in a
high-speed internet environment?

Application Based
questions

0.941

Chap. 5: Analog
Transmission

How could AM be leveraged in
emergency broadcasting scenarios?

Out of context 0.935

Chap. 6:
Bandwidth
Utilization

For a telemedicine application with
varying bandwidth requirements, how
would you manage data?

Out of context 0.934

Digital
Transmission

How does Manchester encoding provide
synchronization in data
communication?

In-Chapter 0.540

Digital
Transmission

What are the two primary transmission
modes in digital communication?

In-Chapter 0.538

Digital
Transmission

What are the challenges of
long-distance digital communication?

Cross-Chapter 0.530

Bandwidth
Utilization:
Multiplexing and
Spreading

What are the advantages of Code
Division Multiplexing?

Cross-Chapter 0.529



Real-Time Query Management with FAQ Generation 117

verify the alignment of generated responses with the FAQ repository. Currently
tailored to provide accurate, context-specific answers from instructor-defined
knowledge, the system aims to expand its capabilities by incorporating diverse
content repositories and advanced context-switching mechanisms, enabling inter-
disciplinary query handling in the future.

RAG serves as a post-retrieval layer that enriches initial answer suggestions
pulled from the clusters. This is crucial, as RAG can synthesize responses that
are not just semantically similar but also contextually nuanced, leading to a
more refined answer that fits both in-chapter and across-chapter contexts. Upon
retrieval, RAG applies quality control metrics to refine responses, ensuring that
generated answers meet critical relevance and precision standards. The Answer
Relevancy Score (88.65%) prioritizes responses that directly align with the query,
confirming that the answer is both accurate and useful. The Contextual Rele-
vancy Score (42.5%) assesses the depth of alignment with broader textbook
themes, ensuring that responses contribute meaningfully within a wider concep-
tual scope. Additionally, the Contextual Precision Score (88.25%) verifies that
responses are finely tuned to chapter-specific content, which is essential for ques-
tions requiring tight content alignment. Finally, the Hallucination Score (74.6%)
helps limit the inclusion of non-relevant or speculative information, maintaining
strict adherence to the textbook’s factual content.

3.6 UI Demonstration and System Functionality

Fig. 2. Instructor Interface

To demonstrate the practical implications for both students and instructors,
the proposed system features a streamlined user interface designed for intuitive
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Fig. 3. Student Interface.

query management and real-time answer evaluation. The instructor dashboard
(Fig. 2) provides an organized view of incoming queries, categorizing them as
“True” or “False” based on their resolution status. For “True” questions, the
dashboard highlights the proportion successfully resolved by the RAG model,
while “False” questions are flagged for further instructor input. Additional met-
rics, such as the total number of questions and frequently flagged issues, support
informed decision-making. The student interface (Fig. 3) enables students to sub-
mit queries during their online sessions. These queries are processed in real-time,
with responses generated by the RAG model appearing in the “True” category
of the instructor interface.

Preliminary tests of the operational demo across 108 student queries demon-
strate an average response time of 4.6 s, with the system achieving 74.9% accu-
racy in RAG-based answers. The dissimilarity sorting mechanism ensures prior-
itization within 2 s, effectively meeting real-time performance expectations. The
evaluation further reveals a hallucination rate of 17.5% (19 out of 108 queries),
indicating that 83.5% of responses are free from hallucinations.

4 Conclusion

This study introduces a sophisticated AI-powered framework designed to man-
age real-time student queries in large-scale online classrooms, addressing criti-
cal scalability and responsiveness challenges that traditional educational mod-
els often struggle with. By leveraging cutting-edge semantic embedding tech-
niques through the paraphrase-mpnet-base-v2 model, alongside FAISS indexing
and optimized clustering, the system structures content into a high-dimensional
vector space for efficient and precise query handling. The integration of a
dual-resolution approach-automated handling for low-dissimilarity queries and
instructor intervention for high-dissimilarity ones-provides an elegant solution to
balance scalability with personalized engagement. This ensures that repetitive
or contextually simple queries are resolved seamlessly while more complex or
nuanced questions receive the necessary human expertise. The system’s curated
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FAQ repository, organized into in-chapter, across-chapter, out-of-context, and
application-based categories, further enhances its ability to cater to diverse levels
of contextual relevance and alignment, enabling comprehensive and structured
query resolution.

The system’s efficacy is validated through several critical performance met-
rics, including an Answer Relevancy Score of 88.65%, a Contextual Precision
Score of 88.25%, and a low hallucination rate of 17.5%. These metrics underscore
the framework’s ability to deliver accurate, contextually aligned responses while
maintaining the speed and reliability required for real-time educational interac-
tions. Additionally, its dynamic content update functionality allows instructors
to seamlessly integrate revised course materials, ensuring the system remains
adaptable to evolving educational content and requirements. This adaptability
addresses a fundamental challenge in large-scale education: maintaining the cur-
rency and accuracy of instructional materials without interrupting ongoing pro-
cesses. Beyond operational efficiency, the framework embodies a broader vision
of democratizing education by enabling scalable, equitable access to high-quality
instruction, particularly in settings where traditional student-teacher ratios are
unsustainable.

Future development of this framework will focus on significantly expanding
its capabilities to meet the evolving demands of global and interdisciplinary
education. Multilingual support will be prioritized by incorporating models like
mBERT and XLM-R, enabling the system to cater to diverse student popula-
tions and facilitate inclusivity across linguistic barriers. Addressing interdisci-
plinary queries that require complex reasoning and multi-step problem-solving
will involve integrating advanced reasoning mechanisms, allowing the system to
go beyond surface-level contextual alignment and engage with deeper analytical
requirements. Real-time content update modules and adaptive learning algo-
rithms will also be refined to ensure the system remains responsive to dynamic
curricular changes, further enhancing its scalability and long-term viability.
These advancements will not only strengthen the framework’s core capabilities
but also broaden its applicability to diverse educational contexts, fostering a
more interactive, personalized, and adaptive learning environment for all stake-
holders.
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Abstract. Inventory management of warehouses has traditionally been
a tedious task. This paper proposes a customized inventory manage-
ment software solution that leverages Large Language Models (LLMs)
to be operated through natural language inputs, accepting both text
and voice commands. This eliminates the need for dedicated database
expertise, helping companies organize their databases in real-time upon
the arrival or dispatch of goods, thus saving hours of manual work.
The system ensures user roles and restrictions to prevent unauthorized
access and provides a rollback mechanism for unintended database alter-
ations. Our solution enhances inventory management with advanced
voice activation powered by LLMs, robust security protocols, and real-
time database updates, as demonstrated through various performance
metrics and interface snapshots. With the integration of LLMs, accuracy
improved from 62% to 85%, and the error rate decreased from 10% to 1%.
While response time increased due to additional processing, the overall
efficiency and security of the database management were significantly
enhanced, providing a comprehensive and secure solution for managing
inventories of all sizes.

Keywords: Inventory Management · Natural Language Processing
(NLP) · Large Language Models (LLMs) · Automated Warehousing ·
Structured Query Language (SQL)

1 Introduction

Traditional inventory management involved manual stock counting by non-
technical staff and updating records, a process simplified by database manage-
ment systems [5]. Despite digitalization, querying databases for CRUD (Create,
read, update and delete) operations still requires significant human effort and
expertise [4].

With large language models, technology now converts natural language into
SQL queries. However, each database’s unique structure makes generalized text-
to-query conversion ineffective [16]. This paper proposes a customized software
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solution to perform CRUD operations via natural language inputs, minimizing
the need for specialized expertise [15].

Leveraging NLP and machine learning, the system enhances non-technical
user interaction with databases, using the Microsoft Speech SDK for accurate
speech recognition and Microsoft Azure Web Services for robust text-to-speech
conversion [8]. The system’s Natural Language Understanding (NLU) component
accurately interprets user queries and converts them into SQL commands using
keyword analysis and vector embeddings. The Langchain framework and Google
Palm LLM further improve SQL query generation from natural language inputs
[14].

A user-friendly interface built with Streamlit integrates robust query vali-
dation mechanisms to ensure syntactically correct SQL queries that adhere to
database constraints [18]. This enhances system reliability and aligns with best
practices in database management.

The contributions of this paper are: i. Developing a natural language-driven
inventory management system using Large Language Models (LLMs), ii. Imple-
menting an advanced Natural Language Understanding (NLU) component for
interpreting and converting queries into SQL commands, iii. Creating a user-
friendly interface with robust query validation to ensure correct SQL queries.

In conclusion, the proposed Warehouse Database Voice Assistant revolution-
izes database interaction for warehouse managers, offering an efficient, secure,
and user-friendly solution for CRUD operations, reducing the need for special-
ized knowledge and improving operational efficiency.

2 Related Works

2.1 Natural Language Processing and Voice Assistants

Recent advancements in Natural Language Processing (NLP) have significantly
enhanced voice assistant systems. NLP enables the extraction and comprehen-
sion of user intents from spoken language, facilitating natural human-computer
interactions. Bastianelli et al. [2] demonstrated NLP’s application in enhancing
dialogue systems in industrial environments, improving task execution efficiency
and user satisfaction.

2.2 Streamlit for User Interfaces

Streamlit is an open-source framework for developing interactive web applica-
tions in Python, ideal for creating user-friendly interfaces for AI and machine
learning models. It integrates seamlessly with various Python libraries and has
been highlighted in studies, such as Ramasamy et al. [12], for building interactive
data science applications.
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2.3 Azure Speech Services

Azure Speech Services provides tools for converting speech to text and text to
speech, essential for developing voice-driven applications. Its capabilities in han-
dling diverse accents and languages make it suitable for industrial applications.
Li et al. [8] explored using Azure Speech Services in creating an interactive voice
assistant for smart homes, demonstrating high accuracy and reliability.

2.4 LangChain and Google PaLM 2

LangChain and Google PaLM 2 (Pathways Language Model) represent advance-
ments in language model architectures, facilitating complex query generation
by understanding and processing natural language inputs with high accuracy.
Google PaLM 2 has shown superior performance in generating coherent, contex-
tually relevant responses in NLP tasks [14]. LangChain enhances this by linking
multiple language models and tools to create sophisticated NLP applications.

2.5 Gemini for Query Validation

Gemini is a robust tool for query validation, ensuring generated queries are
accurate and relevant. It uses advanced algorithms to validate queries against
predefined criteria, enhancing system reliability. Zhang et al. [18] documented
Gemini’s effectiveness in improving the accuracy of database query systems.

2.6 Applications in Warehouse Management

Integrating these technologies creates a powerful AI-driven voice assistant for
warehouse management. Prior research has demonstrated AI’s benefits in logis-
tics and supply chain management, such as Wamba et al. [17], highlighting AI’s
potential to revolutionize inventory management and order processing.

3 Proposed System

The proposed Warehouse Database Voice Assistant integrates advanced tech-
nologies in speech recognition, natural language understanding, and SQL query
generation, utilizing large language models (LLMs) to provide an efficient,
intuitive interface for warehouse management. This system simplifies querying,
enhances real-time data access and decision-making, and improves data visual-
ization through seamless integration with business intelligence tools. Compared
to traditional database systems and data warehouses, it is user-friendly and
accessible without deep SQL knowledge, can integrate with existing infrastruc-
ture, and scales to meet growing data demands. Additionally, robust security fea-
tures address data privacy concerns, making it a comprehensive, valuable tool
for businesses of all sizes. The use of LLMs significantly enhances its natural
language processing capabilities, ensuring precise and effective communication.
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3.1 Speech Recognition and Text-to-Speech

The system uses the Microsoft Speech SDK to recognize user voice commands,
converting speech into text. It handles regional accents using large training
datasets with various accents and dialects, and fine-tunes the model based on
user speech through accent adaptation algorithms. Customizable models trained
with regional data enhance accuracy, while real-time feedback allows the system
to learn from user corrections and improve. Noise reduction and speech enhance-
ment technologies ensure robust recognition in noisy environments. For text-
to-speech conversion, Microsoft Azure Web Services generate synthetic speech
waveforms from text input.

3.2 Natural Language Understanding

Natural language understanding (NLU) involves analyzing the text to extract
intent and context. The proposed system uses keyword analysis and vector
embeddings for semantic understanding. Keyword Analysis identifies the essen-
tial terms in a user’s query to determine intent. The term frequency-inverse
document frequency (TF-IDF) method is used to weigh the importance of key-
words, as shown in Eq. 1:

TF-IDF(t, d) = TF(t, d) · IDF(t) (1)

Where: TF(t, d) is the term frequency of term t in document d, IDF(t) is the
inverse document frequency of term t, calculated as log

(
N

DF(t)

)
, N is the total

number of documents, DF(t) is the number of documents containing term t.
The system utilizes Hugging Face embeddings to represent words or sentences

in a multi-dimensional space. The embeddings capture semantic relationships
between terms. The cosine similarity measure is used to compare embeddings,
as shown in Eq. 2:

cosine_similarity(A,B) =
A · B

‖A‖‖B‖ (2)

Where: A and B are the vector embeddings of two terms, A·B is the dot product
of the vectors, ‖A‖ and ‖B‖ are the magnitudes of the vectors.

3.3 SQL Query Generation

The SQL query generation system uses the Langchain framework and Google
Palm LLM to convert natural language queries into SQL queries through few-
shot learning techniques.

Few-shot learning improves the system’s ability to generate SQL queries with
limited training examples. The model is fine-tuned on a small dataset of natural
language and SQL queries, as defined in Eq. 3:



Voice-Activated SQL Streamlining Using LLM Technology 125

θ∗ = argmin
θ

N∑
i=1

L(fθ(xi), yi) (3)

Where: θ are the model parameters, N is the number of training examples, L
is the loss function, fθ is the model with parameters θ, xi is the input natural
language query, yi is the target SQL query.

The validation of generated SQL queries ensures syntactic correctness and
adherence to database constraints. The validation process involves parsing the
SQL query and checking against the schema constraints, as shown in Eq. 4:

Qvalid = Parse(Qgen, S) (4)

Where: Qvalid is the validated SQL query, Qgen is the generated SQL query, S
is the database schema.

4 Workflow

The proposed system’s workflow includes stages for speech recognition, natural
language understanding, SQL query generation, and validation. The following
sections detail each component and their interactions, based on the diagrams in
Figs. 1 and 2.

4.1 User Interaction and Speech Recognition

The user initiates interaction with the system through a voice command, saying
“Hey Bob”. The interface is built using Streamlit, which provides a user-friendly
web interface for interaction.

The spoken command is captured by the Streamlit interface and sent to the
Microsoft Azure Speech Services. The Azure Speech-to-Text service converts the
spoken words into text.

Speechinput → Textoutput

4.2 Natural Language Understanding

The converted text is sent to the Gemini LLM (Large Language Model) for
processing. The Gemini LLM is responsible for understanding the context and
intent of the user’s query.

Textinput → LLMGemini
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Fig. 1. Basic Flowchart of the system.

Fig. 2. System Architecture with the Workflow
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4.3 Response Generation and Text-to-Speech

If the query does not involve a database interaction, Gemini LLM generates a
text response based on the input. This response is then converted back to speech
using Microsoft Azure’s Text-to-Speech service.

LLMGemini → Textresponse → Speechoutput

4.4 SQL Query Processing

If the query is related to database information or involves a database operation,
the request is forwarded to the SQL query chain system, which is built using
LangChain and Google Palm 2 LLM.

4.5 Training Data and Vector Embeddings

Few-shot learning examples are used to improve the query understanding, as
shown in Listing 1.1.

Listing 1.1. Some of the Few-shot examples used for Training

[
{ ’ Question ’ : "show me how much stock i s l e f t f o r shoe

" ,
’SQLQuery ’ : "SELECT quant i ty FROM inventory WHERE

product = ’ shoe ’ " ,
’ SQLResult ’ : "Result o f the SQL query " ,
’Answer ’ : "There are 100 shoes l e f t in s tock . "} ,

{ ’ Question ’ : "The e−mail ID o f l e n s should be updated
to lenskart@gmai l . com . " ,

’SQLQuery ’ : "UPDATE supp l i e r SET emai l = ’
lenskart@gmai l . com ’ WHERE name = ’ lens ’ " ,

’ SQLResult ’ : "Result o f the SQL query " ,
’Answer ’ : "updated s u c c e s s f u l l y "} ,

{ ’ Question ’ : "show me the orde r s t ab l e " ,
’SQLQuery ’ : "SELECT ∗ FROM order s " ,
’ SQLResult ’ : "Result o f the SQL query " ,
’Answer ’ : " d i s p l ay i ng the t ab l e "}

]

These examples are stored in Chroma DB and utilized by the system to learn
the context and structure of SQL queries.

Training Data → Chroma DB
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The system utilizes Hugging Face models, specifically sentence-transformers/
all-MiniLM-L6-v2, to generate vector embeddings for user queries, facilitating
semantic understanding. These embeddings are stored in Chroma DB for efficient
retrieval and comparison based on semantic similarity.

Queryinput → Vector Embeddings → Chroma DB

A few-shot learning approach trains the system’s machine learning models
with a small number of examples, enabling it to understand and generate SQL
queries from natural language efficiently. This includes data collection, pattern
recognition, testing, and using vector embeddings to compare and retrieve rel-
evant examples. Few-shot learning allows the system to quickly adapt to user
queries with limited training data, making the training process faster and more
efficient.

4.6 SQL Query Generation

The LangChain framework utilizes Google Palm 2 LLM to convert the natural
language query into an SQL query. This process involves understanding the
context and generating the appropriate SQL syntax.

Vector Embeddings → SQL Querygenerated

4.7 SQL Query Validation

The generated SQL query is validated using Gemini LLM. The validation ensures
syntactic correctness and adherence to database constraints. The validation pro-
cess involves parsing the SQL query and checking against the schema constraints.

SQL Querygenerated → Query Validator → SQL Queryvalidated

4.8 Database Execution

The validated SQL query is executed against the warehouse database. The
database could be any standard SQL database, such as MySQL.

SQL Queryvalidated → Database Execution

4.9 Result Processing and User Feedback

The results from the database are forwarded back to Gemini LLM to generate
a user-friendly response.

Database Results → LLMGemini
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Gemini LLM processes the database results and generates a textual response.
This response is then converted to speech using Microsoft Azure’s Text-to-Speech
service and delivered to the user via the Streamlit interface.

Database Results → Textresponse → Speechoutput

5 Algorithms

The algorithms developed for the proposed methodology are as follows: 1) Main
Algorithm for the Warehouse Assistant System, which initiates the system and
starts the interaction loop, invoking 2) Initialization to set up the environment,
and 3) Speech Recognition to detect voice commands. The interaction loop pro-
gresses through 4) Process Query to analyze and forward user input, 5) Database
Query Execution to generate and execute SQL queries, 6) Respond to convert
text responses into speech, and 7) Error Handling to manage any issues dur-
ing speech recognition and query execution. These components work together to
provide seamless, voice-activated assistance for warehouse management tasks.

5.1 Main Algorithm for Warehouse Assistant System

Algorithm 1: Main Algorithm for Warehouse Assistant System
Input: Voice command (natural language query), predefined warehouse

database tables: supplier, inventory, orders, environment
variables: API keys and database credentials

Output: Verbal or textual response, SQL query execution results
Call Initialization();
Call SpeechRecognitionLoop();

5.2 Initialization

Algorithm 2: Initialization of System Components
Initialization()
Load environment variables for database and API access;
Establish database connection;
Initialize Azure Speech SDK for voice processing;
Set up Google LLM for text generation with safety and generation
configurations;

Initialize Langchain’s SQL Query Chain;
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5.3 Speech Recognition Loop

Algorithm 3: Speech Recognition and Interaction Loop
SpeechRecognitionLoop()
while Listening for commands do

if Trigger phrase (e.g., "Hey Bob") is detected then
Activate the voice assistant and prompt the user;
while Session is active do

Continue listening for further input;
if Valid input is received then

Pass input to query processor;

5.4 Process Query

Algorithm 4: Process Query from User Input
ProcessQuery(Input Speech Text)
if Input indicates a database request then

Forward request to database query handler;

else
Inform user request is unsupported;

5.5 Database Query Execution

Algorithm 5: Database Query Execution and Handling
DatabaseQueryExecution(Input Speech Text)
Identify keywords to determine if query operation is required;
if Keywords indicate a database query then

Generate SQL query using Langchain;
if Query is a modification command (e.g., INSERT, UPDATE,
DELETE) then

Prompt user for confirmation to save or discard changes;

else
Execute retrieval queries and display results;
Generate and provide a verbal summary;

else
Inform user query could not be processed;
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5.6 Respond

Algorithm 6: Respond to User with Text-to-Speech
Respond(Generated Text)
Convert text response to speech;
Play audio response for the user;

5.7 Error Handling

Algorithm 7: Error Handling in Speech Recognition and SQL Execution
ErrorHandling()
if Speech recognition fails then

Provide error message to the user;

if SQL query execution fails then
Inform user of an unexpected error and request retry;

6 Implementation

6.1 Computational Resources

Deploying the Warehouse Database Voice Assistant requires significant compu-
tational resources. The system uses Microsoft Azure for scalable infrastructure
and Google’s cloud for PaLM 2 LLM. NLP and machine learning tasks may use
GPU-accelerated instances on Azure. Azure Blob Storage manages data such
as user inputs, query logs, and training datasets. Real-time capabilities require
low-latency processing with high-speed CPUs and sufficient memory. For smaller
warehouses, the system leverages cloud-based solutions to reduce on-premises
hardware needs. The modular design allows scalability and flexibility to manage
costs, with Google’s infrastructure handling complex language processing and
other components using Microsoft Azure.

6.2 Connection and Authorization

To use the software, connect the database by providing Host name, Username,
Password, Database name, and Port number. Once connected, the LLM can
modify tables and understand the database schema for generating accurate SQL
queries.

Database security is ensured with a toggle button for authorized personnel
to perform data manipulation queries (INSERT, DELETE, UPDATE, ALTER, DROP,
etc.). When the toggle is off, users can only execute data access commands like
SELECT. Selection statements are always executable, but DML commands require
the toggle to be on.
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6.3 Querying

Users can query the database in natural language (English). Examples:

1. Retrieve item quantity
“Give me the number of item_name left in table_name.”

SQL: SELECT item_qty FROM table_name WHERE item_name = item_
name;

2. Update item quantity (authorized manipulators only)
“Update the number of item_name to qty in table_name.”

SQL: UPDATE table_name SET item_qty = qty WHERE item_name =
item_name;

Users can execute all existing SQL commands using natural language queries.

6.4 Commits

For data manipulation statements, the system ensures database security by con-
firming changes with the user. After executing a DML command, the voice assis-
tant asks if the user wants to save the changes. If the user responds “Yes” or
“Yeah,” the changes are committed. Otherwise, if the response is “No” or any-
thing but a confirmation, the database rolls back to its pre-execution state.

6.5 Test Query Examples

1. Retrieving Item Quantity
“Give me the number of shoes left in inventory.”

SQL: SELECT item_qty FROM inventory WHERE item_name = ‘shoes’;
Answer: “There are 150 shoes left in the inventory.”

2. Updating Item Quantity
“Update the number of shirts to 200 in inventory.”

SQL: UPDATE inventory SET item_qty = 200 WHERE item_name =
‘shirts’;
Answer: “The number of shirts has been updated to 200 in the inventory.”

3. Deleting an Item
“Remove the old model of headphones from inventory.”

SQL: DELETE FROM inventory WHERE item_name = ‘headphones’ AND
model = ‘old’;
Answer: “The old model of headphones has been removed from the inven-
tory.”

All query executions provide both audio and visual outputs. For a SELECT
statement, the queried information is displayed and read aloud. An INSERT state-
ment updates the table on the screen with an accompanying audio description.
Commit confirmations notify users audibly whether changes were saved.
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Fig. 3. Warehouse Database Voice Assistant Interface Demonstrations: (a) Activation
with greeting prompt, (b) Inventory details fetched upon voice command, and (c)
Database access denied for an update request

7 Results

The interactions with the Warehouse Database Voice Assistant interface are
shown in Fig. 3.

Each figure underscores the assistant’s advanced capabilities and high tech-
nical standards. Figure 3(a) shows the interface activating a feature with the
message “Feature activated!” and a prompt asking, “Hello there, how can I help
you?”. Figure 3(b) demonstrates robust access control mechanisms, showcasing
a user command being processed and resulting in a table with product details
displayed. Figure 3(c) highlights the system’s proficiency in handling queries,
displaying an “Access Denied” message in response to an unauthorized com-
mand. These figures collectively exemplify the voice assistant’s commitment to
performance excellence, operational efficiency, and robust security in warehouse
database management.

The performance of the Warehouse Database Voice Assistant is evaluated
based on Accuracy, Response Time, Error Rate, and Training Data Size.

As depicted in Fig. 4 and Table 1, the Accuracy of query execution improved
from 62% to 85%, showing a 37.1% increase after enhancements. However,
Response Time increased from 2.0 to 6.0 s due to additional natural language
processing (NLP) and query validation, reflecting a −200.0% change. The Error
Rate decreased significantly from 10% to 1%, demonstrating a 90.0% improve-
ment in correct query executions. Additionally, the Training Data Size increased
from 10 to 50 samples, a 400.0% increase, allowing the system to handle a wider
range of queries.
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Table 1. Performance Analysis of the Warehouse Database Voice Assistant

Metric Description Measure Initial Value Final Value Improvement

Accuracy Correctness of
query execution

Percentage
(%)

62 85 37.1%

Response
Time

Time taken to
respond to user
queries

Seconds (s) 2.0 6.0 −200.0%

Error
Rate

Frequency of
incorrect query
execution

Percentage
(%)

10 1 90.0%

Training
Data Size

Size of the training
dataset

Number of
Training
Samples

10 50 400.0%

Fig. 4. Performance Analysis of the System

8 Conclusion

The Warehouse Database Voice Assistant represents a significant advancement
in database management and inventory organization. By leveraging large lan-
guage models and customized fine-tuning, it enables non-technical workers to
handle complex tasks with minimal training. Implementing a natural language-
based querying system will save time and reduce costs by automating processes
while maintaining data safety, security, privacy, and integrity. Additionally, this
technology can be adapted to various databases beyond conventional warehouse
models by customizing the fine-tuning to meet specific client needs. Overall, the
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Warehouse Database Voice Assistant provides an interactive, trustworthy, and
secure way to access databases with ease.

9 Future Works

Future development of the Warehouse Database Voice Assistant includes
enhancements to improve functionality, efficiency, and adaptability. Enhanced
multilingual support will increase accessibility, allowing staff to interact in their
native languages. Advanced AI and machine learning will improve NLP accuracy
and efficiency, making the system more intuitive. Mobile and wearable applica-
tions will increase flexibility for managing inventory tasks on the go.

Integrating IoT devices like smart sensors and RFID tags will automate real-
time inventory tracking, providing valuable insights into inventory conditions.
Predictive analytics will help forecast inventory needs based on historical data
and trends. Customizable user interfaces will cater to specific user needs, enhanc-
ing usability and satisfaction. Ensuring scalability for larger operations will main-
tain performance and reliability. Real-time collaboration tools will improve team
coordination and productivity.

Limitations include effectiveness in noisy environments, recognition chal-
lenges with regional accents, latency issues, reliance on internet connectivity, and
managing large datasets. Future work will focus on enhancing noise-cancellation
technologies, expanding training datasets, optimizing computational efficiency,
developing offline capabilities, and implementing scalable database solutions.

By addressing these areas, the Warehouse Database Voice Assistant can
become more robust, reliable, and efficient, meeting the evolving needs of modern
warehouses.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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Abstract. New developments in deep learning have highly improved the way of
image classification and helped areas like medical botany. In this study, identifica-
tion of medicinal plants from leaf images was assessed using three CNN structures
including ResNet50, Dense Net, and Alex Net. Evaluations were done using accu-
racy, precision, recall and F1-measure. The highest accuracy of 98%was obtained
by using ResNet50 for feature acquisition with dense acquisition as the closest fol-
lower, with an accuracy of 96%.While being rather fast to process input data, Alex
Net was a bit delayed because of its less complicated structure. The exercitation
of CNNs showed the capacity to enhance the recognition of medicinal plant and
benefited the further progress of natural medicine and reasonable use of resource.

Keywords: Deep learning · image classification · convolutional neural networks

1 Introduction

Natural, Herbal medicine has played a major part in different traditional healing systems
across the globe and serves to repair and prevent or slow disease. These plants consist
of different types and are used in cure of diseases and in enhancing research in the
field of pharmacology. As the size of the population increases Coulture and Stocking
demands increase therefore it becomes very important to identify and classify medic-
inal plants properly for their proper utilization and conservation. In particular, deep
learning algorithms displayed in Fig. 1 appear to provide solutions for plant leaf-based
identification.

Some of the challenges include; the large number of plant species, and close resem-
blance of the shapes of the leaves of different plant species reduce research in the
medicinal plant research. When used in the cure or treatment of diseases, it is important
to determine the correct name of the plants or where they belong. Standard methods of
identification of plants are cumbersome and have a tendency to offer wrong identifica-
tion yet they require taxonomic experience and physical examination. This challenge
can be handled through the use of current advancements in artificial intelligence like
deep learning and computer vision which performs useful work of analyzing images of
plants to offer enhanced classification.
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Fig. 1. Classification of Medicinal plants

In this regard, it has been appropriate to identify best-fit application of remarkable
CNN architectures such as ResNet50, Dense Net and Alex Net [9]. These models are
famous for identifying the fine features and attributes of images and therefore perfect for
plant categorization. By using such complex models, the general goal of this research is
to increase the accuracy of detecting medicinal plant species. In line with the conclusion
of the comparative analysis, general recommendations for future studies on botany, a
potential improvement, and modification are also highlighted.

The remainder of this paper is organized as follows: Sect. 2 provides an overview
of the related work, and presents a literature survey on classification of medicinal plants
based on deep learning. Section 3 describes the approach, where the type of data, data
preparation, as well as the used CNN structures is introduced. Section 4 describes the
actual implementation chosen in the experiments: the used hardware and software envi-
ronments, and the characteristics of the chosen evaluation criteria. Finally, in Sect. 5, the
authors discuss the experimental results that involved ResNet50, Dense Net and Alex
Net. Section 6 discusses on the implication of the study findings, limitations as well as
suggestions for further research.

2 Related Works

Section 3 will briefly describe the conceptual framework that will be followed in the
study and key research objectives intended to enable the use of different deep-learning
models to classify the leaves of the medicinal plants in question (Table 1).

3 Framework and Research Objectives

One of the proposed solutions entails the use of a second machine learning technique on
a dataset of the images of different medicinal plants with a view ofminimizing variations
of characteristics within a particular species. Interpretations were made using ResNet50,
DenseNet-121, and AlexNet in order to favor relations concerning accuracy and other
characteristics. The procedures for data collection, data pre-processing, model training,
model assessment, and comparison of deep learning algorithms for classification of
medicinal plant leaves are also presented in Sect. 4.
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Table 1. Literature survey on Medicinal Plant Classification Technique.

S.no Technique Merits Demerits Ref no.

1 SVM (Support Vector
Machine),
KNN (K-Nearest
Neighbour),
Combination of Shape
and Gabor Wavelet
Features,
Quadratic SVM
Classifier

Achieves 99.9%
accuracy for identifying
herbal plants from
microscopic powder
images using a
combination of shape
and Gabor wavelet
features with quadratic
SVM classifier

Relies on a specific
dataset and microscope
setup, limiting
generalizability

[3]

2 Gabor Filter, Gray Level
Co-occurrence Matrices
(GLCM), Random Forest
(RF), Light Gradient
Boosting Machine

Achieves 95.5%
accuracy in medicinal
plant identification
using advanced image
processing and machine
learning techniques

Requires significant
computational resources,
limiting use in
resource-constrained
setups

[4]

3 Deep learning, computer
vision-based
classification, CNN

Utilizes deep learning
and CNNs to improve
accuracy in computer
vision-based
classification of
medicinal plants

face challenges in precise
classification due to
limitations in current
algorithms

[5]

4 This paper includes
Computer vision,
Pattern recognition,
Image processing
algorithms

The paper proposes an
efficient system for
medicinal herb
identification that
reduces human error by
utilizing computer
vision, pattern
recognition, and image
processing algorithms

The system may struggle
to distinguish
similar-looking herbs,
reducing overall
reliability

[6]

5 ResNet-18, AlexNet,
VGG-11,
SqueezeNet,GoogLeNet,
ShuffleNet,
ResNeXt-50,DenseNet

High classification
accuracy for herbal
plant leaf images. Data
augmentation improves
model performance.
Achieves higher
accuracy than previous
classical ML methods

Limited to 25 categories
and relies solely on
image data, offering only
marginal improvements

[9]
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4 Proposed Methodology: Ayurvedic Bot

The proposed work in the present research study is to recognize medicinal plants effec-
tively with the help of advanced deep CNN. The proposed methodology involves ana-
lyzing three CNN models: From the discussion above, ResNet50, DenseNet-121, and
AlexNet will be chosen to learn the best model for classifying medicinal plants. Firstly,
data on medicinal plants and images of their leaves were gathered and cleaned to pro-
vide data of good quality. The proposed architecture is described in the following figure,
Fig. 2.

Fig. 2. Proposed methodology

Figure 3 outlines the methodology of existing models, consisting of five key steps:
The details of the process in machine learning are data Collection & procurement, data
cleaning & precursor, model Construction, prediction & model evaluation. However, it
omits a crucial phase: feature extraction. This paper presents this step which is crucial
in an IDS. Feature extraction is part of the overall methodology before actually building
the predictive model. It means converting the raw data through multiple layers of models
to the features which are helpful for discrimination and forecasting. This intermediate
step is important since to input raw form of data into the model is time consuming
and ineffective when it comes to perceiving other aspects that enhance the model’s
performance.

4.1 Proposed Design of Ayurvedic Bot

Aswidely discussed in recent researchpublications, theResNet50 takes the best positions
in the first evaluations; thus, it forms the basis of the presented Ayurvedic Bot system.
The proposed framework follows a structured meth-odology comprising five phases:
cleaning and transformation of the data, building and fitting of themodel and selection of
the features, categorization and ranking and finally testing of the model. The architecture
of ResNet50 model is shown below in Fig. 4 (Figs. 5 and 6)
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Fig. 3. Existing methodology

Fig. 4. Resnet50 Architecture

Fig. 5. Dense Net-121 Architecture

4.1.1 Preprocessing Function

The preprocessing function was developing as an enhancement of the image dataset
where the image was smoothened normalized and de noised. Pixel values of the images
were scaled, the dimensions of the images were reduced and data was augmented in an
attempt to enhance model performance. These were measures adopted with a view of
minimizing scenarios that might overcharge the classifier for too many cases and lead
to reduced classification efficiency. The Medicinal Plant dataset illustrated in Fig. 7 and
which contains 5955 medicinal plant leaves images belong to 40 classes. All images
were adjusted to have uniform size of 600 by 450 pixels for the purpose of analysis. The
dataset was split into two subsets: Training data – 4773 images and Testing data – 1182
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Fig. 6. Alex Net Architecture

images. Class labels denote different Medicinal plant species and care is taken to ensure
that samples belonging to any class are adequately represented. Class imbalance issues
were identified and addressed in this study by using data augmentation techniques with
minor variations in class ratio. To enhance model generalization data normalization,
resizing and other augmentation parameters (rotation, flip, crop and geometric trans-
formations) were incorporated during training. These augmentations made the models
more resistant to qualitative transformations such as changes to orientation, scale and
lighting conditions. The researchers used only the authentic ecological and medicinal
longitude to the data to make sure it was accurate.

Fig. 7. Dataset Image

4.1.2 Model Training

In the training stage ResNet50, Dense Net, and Alex Net will be trained with assistance
of the preprocessed dataset. The presented models are trained in one part of the dataset,
while the rest of the data set is used as the validation set. Multiple iterations through
the training process are used, and optimization techniques, such as stochastic gradient
descent (SGD) are used to reduce the loss function. A pie chart has been used to present
the proportion of the data split into the training and the testing dataset.
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4.1.3 Feature Extraction

Feature extraction is a critical process where machine models select important aspects
of medicinal plants to facilitate accurate categorization. Due to its depth and use of
residual connections, ResNet50 can learn finer details for classifying leaf images. The
residual connections enable the network to capture essential features like texture and
vein patterns, which are key in differentiating closely related plant species. This hierar-
chical feature extraction pro-cess ensures that both basic features, such as contours, and
abstract features, like shape and texture changes, are captured. DenseNet-121 employs
densely connected layers, allowing features to flow through the network efficiently. This
architecture ensures that each layer receives features from all preceding layers, aiding
in the capture of subtle variations in plant structures. DenseNet-121 extracts critical
features, such as vein patterns, surface texture, and shading, which are essential in dis-
tinguishing similar medicinal plants. Its design with fewer parameters ensures effective
feature learning without compromising performance. Alex Net, an earlier deep learning
model, provides excellent feature extraction with its five convolutional layers and three
fully connected layers. It accurately classifies simple features such as leaf shape, edges,
and basic texture. Although less complex than ResNet50 and DenseNet-121, Alex Net
excels at extracting descriptors like leaf margin outlines, serrations, and patterns, which
serve as a baseline for comparison with more complex models.

4.1.4 Classification Module

The classification module examines plant samples extracted through CNN models to
classify medicinal plants. After the ResNet50 system has classified ten images, then
the final layer results are compared with the original labels to analyze the accuracy or
precisions as well as or recall. For the purpose of Choosing the most appropriate model
for MBS implementation, performance metrics are gathered. The system flow of the
system is shown in Fig. 8.

4.1.5 Evaluations and Comparison

During the evaluation phase, performances of the ResNet50, Alex Net, and DenseNet-
121 models in the identification of medicinal plants are compared. From the accurate
values of precision, recall, and F1-score, ResNet50 was the most accurate model for
feature extraction and classification. Alex Net was accurate but had a problem with the
size of the datasets because of low recall; it had to be resized. DenseNet-121was the least
accurate because it overfits and hardly extracts the right features. These differences are
illustrated by Figs. 10 and 11 respectively. Among all the models, ResNet50 was iden-
tified as the best model for the Ayurvedic Bot system. Section 5 precisely describes the
algorithms employed and then contrasts and selects the finest model for the application.
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Fig. 8. Flow of model

5 Result and Discussion

The main goal of this study is to look over the difference between the three model’s
ResNet50, DenseNet-121 and Alex Net accuracy and their capability to classify the
model appropriately. This study’s experiments were performed on a system with the
specifications of 11th Gen Intel(R) Core(TM) i5-1135G7 processor with 2.40 GHz
speed, and 16 GB installed RAM out of which approximately 15.7 GB can be used.
It runs under a 64-bit system, the x64-based processor. For this study the software stack
consisted of Python (v3.x) as the programming language, and Deep Learning toolkits
like Tensorflow&Pytorch for model development/ training. NumPy and Panda for data
handling and related analysis. The experiments were performed in the Google Colab
environment, which means that it is capable to use the GPU for model training, and
saving time. All the results and plots presented in this paper were obtained through the
Matplotlib and Seaborn libraries to avoid confusion and duplication (Fig. 9).
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ResNet50

Fig. 9. Training and Validation Loss and Accuracy History for ResNet50 Model

DenseNet-121

Fig. 10. Model Accuracy and Loss During Training and Validation

Alex Net

Fig. 11. Model Accuracy and Loss During Training and Validation

5.1 Comparative Analysis

To evaluate the robustness of the proposed models for medicinal plant classification,
a comparative analysis was performed against several established models: ResNet50,
Dense Net, and Alex Net. These models were chosen due to their proven effectiveness
in image classification tasks.
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5.2 Discussion

Large differences in outcomes were considered in cases where the images of medicinal
plants were classified using the ResNet50, Alex Net and DenseNet-121 model. Out of
the models tested ResNet50 provided a good accuracy of 0.978, precision of 0.9755,
recall of 0.9756, and F1- score of 0.9737 making it ideal for applications that calls for
fine distinction of features. Alex Net proved even less effective and accurate and thus
less precise, recall, and F1-score, but it is not effective for the complexmedicinal dataset.
DenseNet-121was the worst performingmodel; this can be attributed to high; overfitting
and very deep network architecture. Therefore, ResNet50 was chosen for the Ayurvedic
Bot system as it provides the best results for feature extraction of the object when tested
with advanced features and the system is robust.

Section 6 gives the overall conclusion of the paper.

6 Conclusion

Lastly, the study has exhibited the efficiency of the ResNet50 in classifying images
related to medicinal plants with the features of median precision, recall and accuracy.
The comparative analysis shows that in this domain Comp(GPU) of ResNet50 is higher
than the Comp(GPU) of both Alex Net and DenseNet-121. Although Alex Net demon-
strates some level of performance, the results are lower than those of the other models
implying that Alex Net is less efficient in handling the richness of the medicinal plant
dataset. To the classification of this set of features, DenseNet-121,which has an advanced
architecture, provides insufficient results. The outcomes render empirical evidence to
ResNet50’s capability in solving complex classification problems and explainwhy it was
the most suitable for the Ayurvedic Bot system. More advanced work can concentrate
on discovering other models or improved methods of the ensemble to accumulate more
precise and stable classification. Moreover, further preprocessing of given data or using
data augmentation could enrich the given dataset and may affect the performance of the
other models.
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Abstract. Medical image captioning is an emerging field that combines
natural language processing and computer vision for developing textual
descriptions of medical images, with a focus on recent developments in
deep learning models; particularly CNN, RNN and transformer-based
architectures. This review aims to discuss state-of-the-art approaches
and strategies applied in medical image captioning. The different datasets
used in training and testing these models are also discussed by the paper,
along with the problems and challenges that exist in this field. Through
the exploration of the current trends, this paper attempts to give a com-
prehensive review of the development of medical image captioning, iden-
tify gaps in existing research, and propose new potential areas for further
work. Medical image captioning improves diagnostic accuracy and auto-
mates routine reporting, reducing the work for the radiologists. Although
progress, challenges continue to arise. One important problem is the lack
of large, annotated medical datasets required for efficient model construc-
tion. Accurate comprehension and creation of medical terminology is cru-
cial to avoid inaccurate captions and misdiagnosis. As the research in the
field advances so that the future works should focuses issues on extensive
datasets and creating model that can trained from limited data ensuring
clinically accurate captions. Integrating multiple data like patient his-
tory patient history or lab reports can improve the accuracy and value
of medical image captions, pushing the boundaries of automated find-
ings. Using Artificial Intelligence in the medical field should consider
some of the concerns like patient safety and privacy. The collaboration
between AI research and medical professionals is essential for developing
and accurate medical image caption generator.

Keywords: Medical Image Captioning · Deep Learning Models ·
Computer Vision · Natural Language Processing · Transformers ·
Encoder · Decoder

c© The Author(s), under exclusive license to Springer Nature Switzerland AG 2025
D. Garg et al. (Eds.): IACC 2024, CCIS 2434, pp. 150–167, 2025.
https://doi.org/10.1007/978-3-031-84602-1_11

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-84602-1_11&domain=pdf
http://orcid.org/0009-0002-5027-2162
http://orcid.org/0009-0005-2545-9883
http://orcid.org/0000-0002-3435-4742
http://orcid.org/0000-0001-6645-8426
https://doi.org/10.1007/978-3-031-84602-1_11


Review of Medical Image Captioning 151

1 Introduction

Medical image captioning involves the automated generation of descriptive text
based on visual content from medical images like X-rays, CT scans, or MRIs
[3]. This technology is highly important as it allows healthcare professionals to
interpret imaging results rapidly and accurately [7]. Automating this process
enables radiologists to focus on critical cases rather than each and every patient
[7]. Deep learning techniques, including CNN and RNN, form the underlying
architecture of these systems. CNN is designed for identification of a pattern in
images, while RNN generates descriptive captions about them [4].

Advances in artificial intelligence have improved the ability of medical image
captioning systems to detect abnormalities and place them in context within a
patient’s health history. These systems do not only support diagnostics but also
streamline clinical workflows, enhance electronic health records, and help com-
municate across disciplines to healthcare teams [8]. The integration of natural
language processing techniques has greatly improved the quality and fluency of
captions in a medical image captioning system. NLP ensures that captions are
not only grammatically correct but also contextually relevant to the clinical sce-
narios cited in, among others [5]. This powerful language understanding would
close the gap between analyzing visual data and the generation of text, making
such systems more effective in a real-world healthcare setting.

Despite progress, challenges persist in medical image captioning. Medical
images are complex, and their variability complicates the development of gen-
eralizable systems capable of working across all imaging modalities and clin-
ical contexts [7]. Biases in model performance and dataset limitations hinder
the applicability of these systems in real-world settings. Ensuring diverse and
high-quality annotated datasets is essential to overcome these barriers [9]. Eth-
ical considerations, including data privacy, patient consent, and trust in auto-
mated captions for critical diagnostic information, further highlight the need
for explainable and reliable models. Collaboration between engineers, medical
professionals, and researchers is vital to advancing this field. Through contin-
uous improvements in dataset organization and algorithmic approaches, medi-
cal image captioning holds the potential to transform diagnostic processes and
improve patient care [7].

This paper reviews advancements in medical image captioning, with a focus
on deep learning approaches, particularly CNN-LSTM architectures. It explores
their efficacy in generating diagnostic captions, discusses challenges like data het-
erogeneity and biases, and compares the performance of state-of-the-art models
across diverse datasets.

The paper is structured as follows: Sect. 2 discusses related work, Sect. 3 pro-
vides a detailed analysis of datasets, Sect. 4 evaluation metrics,Section 5 chal-
lenges and limitations, Sect. 6 Methodologies, and Sect. 7 addresses future direc-
tions, concluding conclusion.
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2 Literature Survey

Hyeryun Park et al. [11] proposed models to enhance the accuracy of medical
image captions. The mDiNAP-Transformer model, using a transformer decoder,
was tested on the IU X-RAY dataset and outperformed hierarchical LSTM mod-
els. Key challenges included data imbalances and ensuring clinical accuracy. The
models were evaluated using BLEU, METEOR, ROUGE-L, and CIDEr scores.

Authors proposed a transformer-based model integrating contrast-based
image enhancement for improved radiology report generation [12]. Among four
contrast-based methods, gamma correction proved most effective. Visual features
were extracted using fine-tuned ChexNet (DenseNet-121), and textual embed-
dings were generated using BERT to incorporate contextual information. Tested
on the Indiana University X-ray dataset, the model showed significant improve-
ments over baselines due to enhanced visual features and multi-head attention.
Challenges included handling complex medical terminologies and ensuring accu-
rate alignment between text and findings. BLEU scores with 4 n-gram evalu-
ations highlighted the model’s advancements in generating accurate and fluent
reports.

The authors [13] proposed hybrid neural network models integrating CNNs
for visual feature extraction and RNNs for text generation, enhancing the quality
of radiology reports. Enhanced attention mechanisms highlighted critical image
regions, ensuring the capture of relevant information. The models were trained
and evaluated on the MIMIC-CXR dataset. These hybrid models outperformed
others in generating detailed and clinically accurate reports. However, challenges
included ensuring clinical relevance, addressing data imbalance, and improv-
ing generalization to diverse findings. Performance was evaluated using BLEU,
METEOR, ROUGE-L, and CIDEr scores, standard metrics for image captioning
tasks.

Zhanyu Wang et al. [14] proposed a transformer-based model to address chal-
lenges in medical image captioning, such as the similarity between images and
the overshadowing of disease-related terms by common content. The framework
tackled issues like visual-textual alignment and multi-label classification and
incorporated a term-weighting scheme to emphasize specific words during train-
ing. The authors suggested that integrating knowledge graphs into the trans-
former framework could improve medical report generation by better modeling
relationships between medical terms. The proposed method outperformed exist-
ing models on benchmark datasets, including the MIMIC-CXR dataset.

The authors proposed an encoder-decoder architecture characterized by a
triple-branch network in which the authors [15] proposed the use of a frame-
work. Among them is the Visual Attention Branch that captures visual embed-
dings from the medical images using a soft-attention mechanism to focus on
the relevant features. Then, MeRP and MeSH Embedding Branches predict the
semantic embeddings for the medical reports and tags, respectively. The outputs
of all these branches are combined and fed into the decoder to generate the final
output. The framework demonstrated better performance on evaluation metrics.
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Fuyu Wang et al. [16] proposed a framework called Relation-paraNet to
address challenges in medical image captioning, such as generating generic sen-
tences because of the presence of data bias from traditional generators of cap-
tioning systems. This framework improves the generation of medical reports by
unifying template retrieval and sentence generation. It handles common and rare
abnormalities and maintains semantic consistency among various medical terms.
Results have shown that this method works better than previous approaches.

Jong Hak Moon et al. [17] introduced MedViLL, a model based on BERT
architecture with a multi-modal attention masking scheme to integrate radiology
images with unstructured reports. MedViLL was designed to address diagno-
sis classification, medical image-report retrieval, and vision-language generation
tasks (e.g., radiology report generation). The model was tested on MIMIC-CXR,
Open-I, and VQA-RAD datasets with high performance in multi-modal under-
standing. The authors mentioned that metrics such as BLEU are known not to
fully capture the quality of medical report generation, and MedViLL is effective
for a variety of medical tasks.

The authors in the paper [18] addressed two key challenges: limited external
information and increased model complexity in existing methods. They proposed
the Information Calibrated Transformer (ICT), designed to improve caption
quality without relying heavily on external data. ICT includes the Precursor-
Information Enhancement Module (PEM), which extracts inter-intra report fea-
tures directly from datasets, eliminating the need for external assistance. Addi-
tionally, the Information Calibration Attention Module works alongside PEM to
ensure effective integration of auxiliary information into the report generation
process. A limitation of this work is its application to lung images due to dataset
constraints. However, ICT outperformed previous methods on X-ray datasets

Dilbag Singh et al. [19] emphasizes the necessity for more detailed explana-
tory information regarding diseases such as the infection rate, which can aid
both doctors and patients in understanding the condition better. So to fill these
needs the authors proposed a model called Deep Ensemble Medical Image Cap-
tioning Network (DCNet), it is a combination of pre-trained models: VGG16,
ResNet152V2, and DenseNet201. This ensemble approach is designed to increase
performance and mitigate overfitting issues commonly in deep learning models.
The authors introduce an evolving version of DCNet to improve the tuning pro-
cess. The results show that EDC-Net outperforms existing models on the Open-i
dataset and also improvements in BLUE score and kappa statistics.

HYERYUN PARK et al. [20] proposed a model using CNN as the encoder
and LSTM as the decoder to enhance detail in medical image captioning, focus-
ing on chest X-rays. The model addresses challenges like limited datasets and
the need for accurate descriptions of abnormal findings. It uses ResNet-152 for
feature extraction and a hierarchical LSTM for processing the feature differ-
ence vectors. The dataset includes 3,821 chest X-ray images, supplemented by
data from the MIMIC-CXR dataset. The mDiNAP-transformer-ewp model inte-
grates a transformer decoder and element-wise product for feature differences,
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demonstrating potential in assisting radiologists with more accurate and detailed
report generation.

In this paper, [21] the authors proposed a Global-Local Visual Extractor
(GLVE) and Cross Encoder-Decoder Transformer (CEDT) because transformer-
based models are struggling to generate captions that accurately reflect all fea-
tures in an image such as the overall size of organs or bone structures. The
dataset used in this paper is the IU X-ray dataset. The proposed models per-
form very well on this dataset.

Peketi Divya et al. [22] identified that traditional visual extractors often fail
to provide a complete representation of an image. To address this, the authors
proposed a model combining a Spatio-Semantic Visual Extractor (SSVE). This
framework enhances medical caption generation by leveraging long-term depen-
dencies in sequential data, utilizing the transformer’s attention mechanism.
SSVE extracts multi-scale spatial-semantic information from radiology images,
which is crucial for generating highly specific and accurate captions. The authors
aim to produce quality reports that closely resemble those created by radiolo-
gists, improving the reliability and completeness of automated reporting systems.
The model demonstrated strong performance on the IU X-ray and MIMIC-CXR
datasets.

Daibing Hou et al. [23] proposed a framework for generating medical image
captions using adversarial reinforcement learning for chest X-ray images. This
method combines the advantage of generative adversarial networks with rein-
forcement learning to improve the generation of reports. The framework uses
two discriminators: the accuracy discriminator, which ensures reports accurately
cover chest observations, and the fluency discriminator, which evaluates the like-
lihood that a report resembles one created by a human expert. The encoder-
decoder architecture generates free-text reports while predicting relevant medi-
cal observations. Two very large chest datasets have been reported to be highly
effective with the shown model, showcasing how adversarial reinforcement learn-
ing helps improve the quality and accuracy in medical report generation.

In the paper [24], the authors defined a framework called Multi-grained
Report Generation (MRG) that includes a sentence-level image-language com-
parison approach called SILC. It successfully learned image pairs without any
additional tagging, which further improved model precision by identifying the
most relevant features aligned with medical themes and captions. Two decoders
are utilized in the framework-one for producing the topic sentence and another
to produce fine-grained text based on those topics. By large margins, the strat-
egy achieved state-of-the-art performance in both language production metrics
as well as accuracy on large-scale datasets such as MIMIC-CXR and IU-Xray.

3 Datasets

Datasets form the backbone of model training and testing for medical image
captioning. The availability of high-quality, annotated datasets which mentioned
in the Table 1 are critical to building models that can generate meaningful and
clinically accurate captions.



Review of Medical Image Captioning 155

3.1 Indiana University Chest X-ray (IU X-ray)

This dataset contains more than 7,000 X-ray images, each paired with detailed
radiologist reports. This dataset primarily focuses on chest diseases, providing an
excellent resource for captioning and disease detection tasks. However, its limited
size and scope can constrain its generalizability to broader clinical contexts [25].

3.2 MIMIC-CXR

MIMIC-CXR is one of the largest publicly available collections of chest X-ray
images, with over 370,000 images paired with corresponding radiology reports.
This dataset offers a rich source of information for report generation and multi-
label disease prediction tasks. Its large size ensures diversity, but it also intro-
duces challenges in managing computational resources and ensuring consistent
annotation quality [26,27].

3.3 CheXpert

CheXpert includes more than 220,000 chest X-rays labeled with 14 observations,
making it a popular choice for multi-label classification tasks. Its annotations
cover a wide range of chest diseases, allowing for robust evaluation of automated
captioning systems. Despite its utility, the dataset may inherit biases due to its
reliance on machine-generated labels [28].

3.4 VQA-RAD

Designed for visual question-answering tasks, VQA-RAD contains 315 radiology
images annotated with Q&A pairs. This dataset challenges models to generate
detailed, task-specific captions and answers, pushing the boundaries of under-
standing in medical imaging [29].

3.5 OpenI Chest X-ray Dataset

The OpenI Chest X-ray Dataset comprises 3,955 radiology images paired with
4,000 textual reports. While smaller in size compared to other datasets, it is par-
ticularly suited for natural language processing (NLP) tasks in medical imaging.
Its compact size allows for rapid prototyping and analysis, but it may not be
representative of larger clinical datasets [30] (Fig. 1).



156 M. S. Teja et al.

Table 1. Major Datasets Used in Medical Image Captioning.

Dataset Images Annotations Applications

IU X-ray [25] 7,470 Radiology Reports Captioning, Disease
Detection

MIMIC-CXR [26,27] 370,000+ Radiology Reports, Multi-label Disease Prediction,
Report Generation

CheXpert [28] 220,000+ Multi-label Observations Multi-label
Classification,
Captioning

VQA-RAD [29] 315 Q&A Annotations Visual Q&A
OpenI Chest X-ray [30] 3,955 Radiology Reports NLP for Reports,

Captioning

Fig. 1. IU X-RAY dataset images with respect to their captions

4 Evaluation Metrics

4.1 BLEU

Another widely used metric for evaluating the quality of machine-generated text
is BLEU, which can be used especially in translation and image captioning tasks.
BLEU evaluates the overlap of n-grams—a contiguous sequence of items—of size
n between generated captions and reference captions. Therefore, BLEU repre-
sents a quantification of how close the two are. Scores range from 0 to 1, where
higher values indicate greater similarity. For n-gram sizes of varying lengths, it
is usually reported as BLEU-1 for unigrams, BLEU-2 for bigrams, BLEU-3 for
trigrams, and BLEU-4 for fourgrams. This multi-level approach provides a fair
view of caption quality, although it is less sensitive to deep semantic meaning or
context.

4.2 ROUGE

ROUGE is a metric for evaluating captions by calculating the overlap of n-grams
between generated captions and reference captions. Variants like ROUGE-N
focus on n-gram overlaps, while ROUGE-L evaluates the longest common subse-
quence. ROUGE emphasizes recall, making it particularly suitable for tasks like
medical image captioning, where accurately capturing key terms and concepts
is critical for understanding and diagnosis.
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4.3 METEOR

Generating proper captions for medical images is made more difficult by the
complexity of medical vocabulary. Medical terminology is highly specialized,
context-specific, and rich with terminologies, making it challenging for models
without domain-specific pre-training to understand. As a result, these models
often struggle to produce captions that are consistent with clinical practice and
meaningful within a medical context. Misinterpretation of medical terminology
can lead to incorrect findings, affecting patient care and the reliability of auto-
mated systems.

4.4 CIDEr

CIDEr is a metric for scoring the quality of image captions by quantifying the
consensus between generated captions and multiple references. It evaluates sim-
ilarity based on n-grams, giving more weight to rarer and informative terms cru-
cial for conveying meaning. The score also accounts for caption length through a
normalization factor. CIDEr is particularly suitable for medical image captioning
due to its focus on informative content and the use of specialized medical termi-
nology, essential for accurate clinical descriptions (Fig. 2 and Tables 2 and 3).

Table 2. Metrics to Measure Captions Generated.

Metric Name Description

BLEU Measures the overlap of n-grams between
generated and reference captions, providing a
quantitative assessment of similarity. It helps
evaluate the basic accuracy of the captions
generated by the model.

ROUGE Focuses on the recall of important terms and
phrases in generated captions, making it useful
for assessing how well the model captures key
concepts relevant to the medical context.

METEOR Considers semantic meaning by accounting for
synonyms and stemming, offering a more
nuanced evaluation of the quality of captions.
This is critical in medical contexts where specific
terminology is important for clarity.

CIDEr Evaluates consensus and term frequency, giving
higher weights to informative and rare terms.
This is particularly valuable in medical image
captioning, where unique medical terms can
significantly impact understanding.
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Table 3. Performance Comparison of Different Models

Model Name Performance

X-LAN LSTM-ewp BLEU-4: 0.1146 (moderate overlap of n-grams,
some mismatch in wording), METEOR: 0.1978
(moderate precision, recall, and alignment),
ROUGE-L: 0.3319 (partial similarity in sentence
structure), CIDEr: 0.1946 (moderate relevance with
human-annotated captions).

X-LAN Transformer-ewp BLEU-4: 0.1185 (better n-gram overlap, some
differences in word choice), METEOR: 0.2098
(closer alignment to input captions), ROUGE-L:
0.3254 (moderate overlap in sentence organization),
CIDEr: 0.2167 (higher relevance and correctness of
captions).

X-Transformer LSTM-ewp BLEU-4: 0.1174 (moderate overlap in n-grams),
METEOR: 0.2104 (good recall and precision),
ROUGE-L: 0.3278 (decent overlap in sentence
structure), CIDEr: 0.2328 (improved relevance and
accuracy of captions).

X-Transformer Transformer-ewp BLEU-4: 0.1345 (higher n-gram overlap, better
word choice), METEOR: 0.2231 (strong alignment,
precision, and recall), ROUGE-L: 0.3525 (better
similarity in sentence structure), CIDEr: 0.4043
(high relevance and accuracy of captions).

Fig. 2. Comparision of Metrics
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5 Challenges and Limitations in Medical Image
Captioning

5.1 Data Imbalance

Data imbalance is a significant challenge in medical image captioning, as most
datasets contain a disproportionately higher number of normal images compared
to abnormal ones. This imbalance leads models to overfit to the more common
normal cases, which can hinder their ability to accurately identify and caption
critical abnormal findings, such as tumors or fractures. As a result, the generated
captions may bias towards reporting normal findings, making it difficult for
healthcare professionals to trust and rely on the model for accurate diagnostics.

5.2 Limited Data Availability

One of the major challenges faced by the models in medical image captioning
is the scarcity of large datasets due to the sensitive nature of medical data and
the diversity of health conditions across the population. This scarcity limits the
availability of diverse and large training datasets, impacting the model’s capacity
to generalize across a range of patient profiles and conditions. Limited data often
leads to overfitting, where a model performs well on training data but struggles
to generalize to unseen medical images.

5.3 Complexity of Medical Terminology

Generating proper captions for medical images is made more difficult by the
complexity of medical vocabulary. Medical terminology is highly specialized,
context-specific, and rich with terminologies, making it challenging for models
without domain-specific pre-training to understand. As a result, these models
often struggle to produce captions that are consistent with clinical practice and
meaningful within a medical context. Misinterpretation of medical terminology
can lead to incorrect findings, affecting patient care and the reliability of auto-
mated systems.

5.4 Interpretability

For medical image captioning to be integrated into healthcare workflows, the
interpretability of the generated captions is essential. Captions generated by
the model must be highly accurate and should explain how and why the model
reached a particular conclusion to gain acceptance from radiologists. Lack of
transparency in the decision-making process can limit acceptance, especially if
incorrect results are produced. Therefore, interpretability is crucial to build trust
among healthcare professionals, ensuring that generated captions align closely
with clinical reasoning and conclusions.
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5.5 Cross-Domain Generalization

Cross-domain generalization poses a challenge when models trained on one type
of medical image, such as chest X-rays, are applied to other modalities like MRI
or CT scans. Each type of medical image has unique characteristics, structures,
and clinical findings, making it difficult for a single model to generate accu-
rate captions across different domains. This challenge emphasizes the need for
adaptable systems that maintain accuracy across various medical image types.
A model that fails to generalize well across domains may struggle to provide the
necessary information in unfamiliar areas.

5.6 Handling Multimodality

Medical image captioning faces additional challenges when dealing with multi-
ple imaging modalities, such as X-rays, CT scans, and MRIs, which are often
used in diagnostic processes. Each modality has its own structures, noise lev-
els, and diagnostic significance, making the creation of a unified model difficult.
Integrating multiple image formats into a single model may result in inconsis-
tent captions and sub-optimal diagnostic outcomes. Therefore, accurate medical
captioning requires sophisticated models capable of effectively handling and inte-
grating information from diverse imaging modalities (Table 4).

Table 4. Key Challenges in Medical Image Captioning and Potential Solutions

Challenge Description Potential Solutions

Data Imbalance Overrepresentation of normal images in
the dataset, leading to biased predictions

Data augmentation, synthetic data
generation to balance classes.

Limited Data Difficulty in obtaining large annotated
datasets for training

Use of pre-trained models, transfer
learning to leverage existing knowledge.

Medical
Terminology

Complex, domain-specific language that
models may struggle to understand

Use of pre-trained medical embeddings
such as BioBERT to handle medical
terms.

Interpretability Difficulty in clinical validation and
interpreting model decisions

Use of Explainable AI (XAI),
visualization of model predictions for
transparency.

Cross-Domain
Generalization

Poor performance when models are
applied to different imaging modalities or
datasets

Use of multi-modal fusion models,
domain adaptation techniques to improve
generalization.

6 Models Used

6.1 CNN-RNN Models

CNN and RNN models are widely used for image captioning tasks by combining
the strengths of Convolutional Neural Networks (CNNs) and Recurrent Neu-
ral Networks (RNNs) as shown in Fig. 3. In this hybrid model, CNN is used to
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extract features from medical images such as X-rays. The CNN has two convolu-
tional layers that can effectively capture spatial hierarchies in the image, allowing
the model to focus on relevant structures and abnormalities. After obtaining the
extracted details from the CNN, these are given as inputs to the RNN, which
generates the medical captions. The RNN maintains a hidden state that carries
information from previously generated words, enabling it to produce coherent
and contextually relevant sentences.

While CNN and RNN models generate coherent captions, they often strug-
gle with producing longer and more detailed reports, as RNNs may encounter
difficulties in capturing long-range dependencies due to issues such as the van-
ishing gradient problem. The main challenge is that the models are affected
by data imbalance, which can skew results towards normal findings, making it
challenging to accurately identify the captions.

6.2 Transformer Models

Transformer-based models shown in Fig. 4 have become popular for capturing
long-range dependencies in sequential data. Unlike RNNs, transformers use an
automatic attention system to prioritize different parts of an input sequence,
making them ideal for image captioning applications. The mDiNAP Transformer
performs very well compared to LSTM models by efficiently utilizing its archi-
tecture. These models use a CNN to extract images, which are then processed
by a transformer encoder. The decoder generates the caption utilizing the atten-
tion mechanism to capture the relations and dependencies across the generated
captions and images.

While transformer models perform exceptionally well for generating captions,
they often require large datasets for efficient training and can be computationally
intensive.

6.3 Attention Mechanisms

The attention mechanism helps models create captions by focusing on particular
parts of the image. This mechanism in medical image captioning increases model
performance by considering different parts of the image while generating textual
descriptions. This is especially useful for multi-disease identification tasks where
certain findings must be emphasized in the caption. By integrating the CNN-
RNN layers into the architecture as shown in Fig. 5, the system dynamically
focuses on critical image features, improving both the coherence and accuracy
of the generated captions.

However, the introduction of this mechanism is complicated, and the architec-
ture may require additional information. Although there are several challenges,
the attention mechanism significantly enhances the interpretability and relevance
of generated medical reports.
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Fig. 3. CNN-RNN Archi-
tecture.

Fig. 4. Transformer Model
Architecture.

Fig. 5. Attention Mech-
anism Architecture.

6.4 Generative Adversarial Networks (GANs)

GANs are an expert machine learning framework that improves medical image
captioning problems. In a GAN framework, two neural networks, a generator and
a discriminator as shown in Figure 6, compete against each other. The generator
creates captions based on features extracted from medical images, while the
discriminator compares them against actual captions for feedback.

Fig. 6. GAN Architecture. Fig. 7. Vision Model Architecture.
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Table 5. Description of Different Models Used for Medical Image Captioning

Model Name Description

mDiAP-LSTM Combines global average pooling with hierarchical LSTM to
generate detailed medical reports by integrating
multi-difference features. Evaluated on the IU X-RAY
dataset.

mDiNAP-Transformer Utilizes a transformer decoder without global average pooling
to process feature vectors, leveraging the transformer’s ability
to capture complex dependencies. Evaluated on the IU
X-RAY dataset.

mDiAP-Transformer Similar to mDiNAP-Transformer but includes global average
pooling to combine global context from image features for
improved report generation. Evaluated on the IU X-RAY
dataset.

Transformer with
Contrast-Based Image
Enhancement

Incorporates contrast-based image enhancement techniques
(e.g., gamma correction) to improve radiology report
generation. Utilizes pre-trained ChexNet for visual features
and BERT for textual features. Evaluated on the Indiana
University X-ray dataset.

Hybrid Neural Network
(CNN+RNN)

Integrates CNNs for visual feature extraction and RNNs for
text generation, employing enhanced attention mechanisms
for better report accuracy. Trained and evaluated on the
MIMIC-CXR dataset.

TSGET (Two-Stage Global
Enhanced Transformer)

Introduces two global enhancement layers for capturing
global visual context and integrating region-specific
information, leading to more accurate and contextually
relevant reports. Achieves state-of-the-art performance in
radiology report generation.

S3-Net A self-supervised dual-stream network combining ResNet for
local features and SwinTransformer for global context,
enhanced with a Fusion Alignment Module (FAM) for better
alignment of visual and textual features.

Multi-Attention with
Background Information
Model

Employs a multi-attention mechanism focusing on both
channel and spatial image features and incorporates patient
background information into the word embedding process for
more contextually relevant reports.

Vision Transformer and
Language Model

Uses a vanilla image transformer architecture along with
pre-trained language transformers as decoders to improve the
quality of radiology reports, particularly noted for its ability
to generate logically structured reports.

CAMANet (Class Activation
Map Guided Attention)

Enhances cross-modal alignment between image regions and
report text, addressing data biases and improving the
accuracy of radiology report generation, particularly for
reports involving abnormal findings.

MCSAM (Memory-based
Cross-Modal Semantic
Alignment)

Utilizes a memory bank for learning disease-related
representations, improving cross-modal semantic alignment
and generating longer, more accurate captions. Performs well
on the MIMIC-CXR and IU-Xray datasets.
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Particularly in the Adversarial Reinforcement Learning (ARL) framework,
the captions are generated using two discriminators—one focusing on accuracy
and the other on fluency. This adversarial process allows the generator to pro-
duce its outputs based on discriminator feedback. Although GANs can generate
quality captions, they face challenges such as mode collapse, where the generator
produces limited variations. Additionally, they require substantial resources to
train effectively.

6.5 Vision-Language Models

Vision-language models like MedViLL integrate both visual and textual informa-
tion as shown in Fig. 7 to improve tasks like diagnosis classification and report
generation in medical image captioning. These models mainly focus on creating
and understanding both modalities by processing images and corresponding text
simultaneously. This multimodal approach allows the model to utilize image fea-
tures and existing textual descriptions to improve quality in caption generation.

Vision-language models can provide a deeper understanding of medical
images by combining visual and textual characteristics through attention mecha-
nisms. They outperform models that rely primarily on one type of input and per-
form well in applications needing deep insights from both modalities. However,
integrating several data modalities can increase model complexity and demand
high-quality matched datasets for optimal training.

7 Future Directions and Research Gaps

7.1 Knowledge Graph Integration

Incorporating medical knowledge graphs, such as UMLS (Unified Medical Lan-
guage System), into captioning models could enhance the accuracy of disease-
related term generation. This integration has the potential to improve the clarity
and relevance of medical reports by leveraging structured medical knowledge.

7.2 Explainability in AI

Developing more interpretable models that can visually explain how and why
certain regions of an image led to specific captions is crucial for gaining clinician
trust. For example, as shown in Table 5, explainability helps bridge the gap
between AI systems and clinical workflows, ensuring transparency in decision-
making.

7.3 Cross-Modality Models

The development of models capable of handling multiple imaging modalities—
such as CT, MRI, ultrasound, and X-ray-within the same framework would sig-
nificantly enhance the versatility and robustness of medical AI systems. Cross-
modality models can provide unified insights across various diagnostic imaging
techniques.



Review of Medical Image Captioning 165

7.4 Real-Time Clinical Integration

Integrating medical image captioning models into real-time clinical workflows,
particularly in high-pressure environments like emergency rooms, could drasti-
cally reduce diagnostic times. Such integration would support clinicians in mak-
ing faster and more accurate decisions, especially in time-sensitive scenarios.

8 Conclusion

Medical image captioning has made significant strides due to advances in deep
learning, particularly with CNNs, RNNs, and transformers. The ability to auto-
matically generate captions for medical images offers immense potential for
reducing radiologists’ workload, improving diagnostic accuracy, and ultimately
enhancing patient care. However, challenges related to data imbalance, inter-
pretability, and the handling of complex medical terminology must be addressed
before widespread clinical adoption can occur.

While transformer-based models have shown superior performance in many
cases, there is still room for improvement, particularly in developing models that
can handle more diverse and clinically relevant datasets. The integration of exter-
nal knowledge sources, such as knowledge graphs, offers a promising direction
for future research, as does the development of multi-modal and personalized
captioning systems.
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1 Introduction

1.1 Multiple Sclerosis

Multiple sclerosis (MS) is the most prevailing neurological illness, termed as an autoim-
mune condition affecting the central nervous system (CNS). These days, the two most
common neurological illnesses affecting young people are multiple sclerosis and severe
physical or cognitive incapacitation [1]. The key factors leading to the breakdown of the
myelin sheath include focal zones of inflammation brought on by focal T-lymphocytic
and macrophage infiltrations, as well as an oligodendrocyte fatal state. The outcome
is the development of CNS plaques from astrogliosis in both white and gray mat-
ter, demyelinated and transacted axons, and inflammatory cells and their byproducts
[2]. Normal nerve impulse transmission may be disrupted by these lesions, potentially
leading to neuronal dysfunction and symptoms such as fatigue, emotional problems,
autonomic and sensory abnormalities, ataxia, and cognitive deficits [3]. MS subtypes
that are considered to be important in connection to current treatments and prognosis
include relapsing-remitting MS (RRMS), primary progressive MS (PPMS), secondary
progressive MS (SPMS), and progressive relapsing MS (PRMS) [4].

Patients with PPMS frequently have fewer brain lesions. Symptoms that can be
induced include balance issues, weakness, stiffness, and difficulty walking [5]. It is
estimated that approximately 65% of RRMS patients experience the second stage of
the illness, called SPMS [6]. Many experience exhaustion, stiffness, mental sickness,
psychological harm, increased weakness, and issues with the digestive and urinary tracts
[7]. This pathologic condition is not always found in the same geographic location;
frequency might range from 120 per 100,000 individuals. At 2.5:1, women are impacted
more than males. A precise diagnosis is necessary for early multiple sclerosis (MS)
treatment. Because disease-modifying drugs help control symptoms and stop the illness
from worsening [8]. The disorder cannot be diagnosed by a specific laboratory test.
The 2017 McDonald diagnostic criteria for MS incorporate information from imaging,
clinical examination, and test results because of this.

1.2 Explainable Artificial Intelligence

As artificial intelligence (AI) systems become increasingly integral to various sectors,
the demand for transparency and interpretability has risen correspondingly. Explainable
Artificial Intelligence (XAI) emerged as a crucial field dedicated to making AI decision-
making processes more understandable to users, stakeholders, and regulatory bodies.
Conventional AI models, especially deep learning-based models, usually act as “black
boxes”, where the intricate mechanisms underlying their predictions are opaque.

XAI aims to bridge this gap byoffering insights into the reasoning behindAI systems’
decisions. XAI enables people to understand the reasoning behindAI outputs by utilizing
methods that clarify model behavior, from advanced post-hoc explanation techniques
to simpler, interpretable models. In AI-driven processes, this knowledge is crucial for
building trust, empowering users to validate choices, and promoting accountability [9,
10]. XAI can assist in identifying and addressing potential biases, contributing to more
equitable outcomes [11, 12].
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1.3 XAI vs Machine Learning

Within the field of AI development, XAI and traditional machine learning (ML) are
two related but different fields. The aim of machine learning is to construct models that
can automatically learn from data in order to forecasting. These models are frequently
referred to be “black boxes” since it is difficult for humans to realize their internal work-
ings and how they arrive at a given choice. As discussed, XAI prioritizes interpretability
and transparency. This is especially important in high-stakes applications where trust,
accountability, and regulatory compliance are essential, such as healthcare, financial,
or legal systems. XAI aims to strike a compromise between interpretability and perfor-
mance, in opposition to traditional ML, which places a higher priority on performance
metrics like accuracy or precision. InXAI,methods like saliencymaps, LIME, andSHAP
values are frequently employed to clarify complicated models. XAI is becoming more
and more crucial to ensuring the moral and responsible application of AI technology as
it continues to enter many industries [13, 14].

Machine learning algorithms are used in a wide range of fields, including social
media, image segmentation, healthcare, agriculture, andfinance [15, 16].Using advanced
algorithms to analyze medical data and estimate a patient’s probability of developing a
certain condition, machine learning (ML) is commonly employed for disease prediction.
Machine learning algorithms are trained on large quantities of patient data, including
genetic profiles, imaging data, test findings, and medical histories. These algorithms
identify patterns and connections that are often difficult for humans to see, which helps
with early diagnosis and customized treatment plans [17, 18].

1.4 Our Contribution

• We provide a novel explainable AI (XAI) framework that enhances model inter-
pretability without compromising prediction accuracy, specifically designed for
disease prediction.

• To enable transparency at the patient and dataset level, the proposedmethod integrates
many XAI approaches, including SHAP and LIME, to offer both local and global
explanations for predictions.

• We test the system on the multiple sclerosis dataset and show that our approach
maintains comparable predictive performance while offering greater interpretability.

• In order to help clinicians better comprehend AI-generated predictions and make
better decisions regarding disease diagnosis and treatment planning, the suggested
framework provides practical insights into the prediction process.

The rest of the paper is organized as follows. Section2gives a brief literature reviewof
XAI models in different application areas. Section 3 presents the proposed methodology
for the prediction and interpretation ofMultiple Sclerosis disease using LIME and SHAP
models. In Sect. 4, the implementation results have been presented. Section 5 discusses
the implications, effectiveness, and challenges of XAI models in real-world healthcare
settings. Section 6 summarizes our research work.
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2 Literature Review

The application of XAI inmental health has gained considerable attention, as it offers the
potential to enhance diagnostic accuracy, treatment personalization, and patient engage-
ment. Ribeiro et al.’s research emphasized how crucial it is to offer comprehensible
justifications for AI-powered mental health evaluations. They believed that by com-
prehending the logic underlying AI predictions, doctors could validate diagnoses and
promote confidence in the technology. In the field of mental health, where the stigma
associated with diseases can cause skepticism regarding technological interventions,
this is especially crucial [19]. In a study conducted by Koc et al., the authors focused
on applying XAI approaches to evaluate data from electronic health records (EHRs) in
order to predict the risk of anxiety and depression. LIME was used to clarify the char-
acteristics that influence predictions. Clear explanations enhanced physician acceptance
of AI recommendations, enabling earlier interventions, according to their findings [20].

A study by Shadish et al. investigated how XAI can improve user engagement in
mental health applications within the framework of digital treatments. Explainability
was incorporated into mobile apps for mental health management so that users could
comprehend the reasoning behind tailored suggestions. User satisfaction and treatment
plan adherence rose as a result of this transparency [21].

Miller et al. addressed potential biases in AI systems in their review, especially with
regard to underrepresented communities. In order to guarantee that AI technologies
are fair and efficient for all patients, they contended that XAI can be quite helpful in
recognizing and resolving these biases [22].

In order to identify indications of depression in social media messages, Alshahrani
et al. used sentiment analysis in conjunction with XAI approaches. According to
their findings, explainability improved the therapeutic relevance of AI assessments by
assisting doctors in comprehending the context of the predictions [23].

Furthermore, Sinha et al. used natural language processing (NLP) models to investi-
gate how XAI predicts suicidal ideation. The study used attention mechanisms to show
how certain phrases were associated with increased risk, which helped mental health
practitioners concentrate on important topics during therapy sessions. This method pro-
motedmoremeaningful patient-clinician interactions in addition to increasing prediction
accuracy [24].

Transparent AI-driven evaluations of patient behavior and mood improved therapist
decision-making, according to a study by Tsai et al. that investigated the use of XAI in
teletherapy applications. Clients reported increased satisfaction and engagement when
they understood how AI contributed to their care [25]. In [26] Khanna et al. investi-
gated the use of XAI to support personalized treatment recommendations in cognitive
behavioral therapy (CBT).

Moreover, a systematic review by Zhao et al. assessed various XAI methods used in
mental health applications. The authors highlighted thatwhileXAI improves understand-
ing and trust, there remains a need for standardized frameworks to evaluate explainabil-
ity’s effectiveness across different contexts [27]. Ethical considerations in XAI applica-
tions are crucial, particularly regarding privacy and data security. McGuire et al. in [28]
discussed the implications of using sensitive patient data in AI models and emphasized
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that XAI should incorporate mechanisms to safeguard patient confidentiality while pro-
viding meaningful explanations. Additionally, there is a growing body of work focusing
on cultural competence in XAI. In [29] Gonzalez et al. have highlighted that explana-
tions must be tailored to diverse populations, ensuring that AI tools are relevant and
accessible to all users.

3 Proposed Methodology

3.1 Dataset Collection

The dataset was collected fromKaggle. This data came from a study conducted between
2006 and 2010 on mestizo Mexican patients who had just visited the National Institute
of Neurology and Neurosurgery (NINN) in Mexico City after being diagnosed with CIS
(Table 1).

Table 1. Feature description of collected dataset

Feature Description Range

ID Patient identifier -

Age Patient’s age in years 0–80

Gender Male/Female 1/2

Breastfeeding Yes/No/Unknown 1–3

Varicella Varicella, also known as
chicken pox or varicella-zoster
virus (VZV), is a highly
contagious disease that is
initially caused by an infection
with a member of the
herpesvirus family

3 is uncertain, 2 is negative,
and 1 is positive

The initial symptoms and
indicators

There are tactile, motor,
visual, motor, and other
components in these

1–15

CSF Protein Aids in differentiating
between an isolated intrathecal
synthesis and the disturbed
blood-brain barrier (BBB) as
the cause of the elevated
protein concentration

<20%

(continued)
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Table 1. (continued)

Feature Description Range

Oligoclonal_Bands After additional testing,
oligoclonal bands (OCBs) are
discovered in the patient’s
blood serum. Blood
oligoclonal bands are evident
in approximately 95% of
patients with a confirmed
clinical diagnosis of multiple
sclerosis

Two are ambiguous, one is
positive, and zero is negative

LLSSEP (lower limb SSEP) After stimulating peripheral
nerves, the central nervous
system records somatosensory
evoked potentials or SSEPs

0 = negative, 1 = positive

ULSSEP Upper limb SSEP 0 = negative, 1 = positive

VEP The retina, optic nerve,
occipital brain etc. can all be
injured. These injuries can be
verified using visual evoked
potentials, or VEPs

0 = negative, 1 = positive

T2 hyperintense lesions T2 hyperintense lesions in the
brain can be associated with
aging, medical illness, and
invasive medical procedures
which damages the outer layer
of neurons

<9

Lesion with gadolinium (Gd)
enhancement

To illustrate the early
inflammatory stage of MS
lesions, GD enhancement is
utilized

<1

Neuromyelitis optica Negative/Positive 0/1

Infratentorial_MRI Whether negative or positive 0/1

Spinal_Cord_MRI Whether negative or positive 0/1

initial_EDSS Tracking changes in disability
over time is the Expanded
Disability Status Scale (EDSS)

1–3

final_EDSS Final EDSS 1–3

Group CDMS / Non-CDMS 1/2
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3.2 Data Preprocessing

Feature Normalization - Normalization is a popular machine learning approach that
frequently improves an algorithm’s numerical stability and convergence. To do this,
we can utilize scikit-learn’s MinMaxScaler. This accomplishes exactly what is needed
without giving the parameters: data is mapped onto [0,1].

Feature Reduction - Before model building, the amount of features in our dataset
is reduced. This is accomplished by using PCA transformation techniques. Our 14 fea-
tures are reduced to just 9 features. This decrease in dimensionality is solely intended
for researchers’ experimentation. We can use all 14 of the dataset’s features to train a
quantum model, as depicted in the upcoming section. Nine principal components, or the
number of components that accounted for 95%of the variation in the dataset, were identi-
fied using the PCAapproach. This reductionwas proposed to capture themost significant
elements while reducing computational complexity and preventing overfitting.

4 Results

4.1 LIME

Local Interpretable Model-agnostic Explanations were implemented in this work to
interpret the predictions of our machine-learning model for detecting multiple sclerosis
(MS) diseases. LIME provided local explanations by approximating the model’s predic-
tions with interpretable surrogate models, enabling us to understand the contributions
of individual features for specific instances. The goal of training the surrogate model
is to approximate the black box model’s predictions. Since LIME is model-agnostic, it
can be used with any kind of ML model. Initially, let’s set the training data aside and
assume we have a black box model that receives input data from us alone. The model’s
predictions are produced by the black box model. We can ask questions about the box as
often as we’d like. The goal is to understand the reasoning behind the machine learning
model’s particular prediction.

Now, LIME examines the effects of varying the data that is fed into the machine
learningmodel on the predictions.With permuted samples and the associated predictions
from the black boxmodel, LIMEgenerates a newdataset. The corresponding newdataset
is then used byLIME to train an interpretablemodel. Theweight of the sampled examples
depends on how close they are to the instance of interest. The learned model doesn’t
need to be a good global approximation; it only needs to be a good local approximation
of the predictions made by ML models. Another name for this level of accuracy is local
fidelity. Figure 1 illustrates the explanation of model performance using LIME on the
8th instance.

Figure 1 interprets that the prediction probability of no disease is 0.98. The variables
BAEP and MONO_or_Polysymptomatic have a negative influence and the rest of the
variables have a positive influence on the prediction classes. Figure 2 shows the LIME
explanation for the 25th instance.

As depicted in Fig. 2, the prediction probability of disease is 0.97. All the variables
have a negative influence on the predicted classes. For each instance, the plot high-
lights the top contributing features that influenced the model’s prediction. In cases diag-
nosed withMS disease, the most significant features including [Gender, Age, Schooling,
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Fig. 1. Performance of LIME on 8th instance

Fig. 2. Performance of LIME on the 25th instance

Breastfeeding, Varicella, Initial_Symptom, Mono_or_PolysymptomaticOligoclonal_
Bands, Periventricular MRI, cortical MRI, infratentorial MRI, spinal cord MRI, ini-
tial EDSS, final EDSS, VEP, BAEP, LLSSEP, ULSSEP, and group] which consistently
showed a positive contribution to the model’s output. For instance, one patient’s pre-
diction was predominantly influenced by high values of [Age, Breastfeeding, Varicella,
Initial_Symptom, Mono_or_PolysymptomaticOligoclnal_Bands, Periventricular MRI,
cortical MRI, infratentorial MRI, spinal cord MRI, initial EDSS, final EDSS, VEP,
BAEP, LLSSEP, ULSSEP, and group], indicating a strong correlation with MS diagno-
sis. Conversely, in instances classified as “no disease,” [Schooling, Gender] emerged as a
significant negative contributor, suggesting that lower levels of this feature are associated
with the absence of MS.

The insights gained from LIME not only corroborated our initial findings from the
SHAP analysis but also provided a clearer, instance-level interpretation of the model’s
behavior. By revealing how specific features influenced individual predictions, LIME
enhances our understanding of the underlying factors related to multiple sclerosis,
supporting the potential for personalized diagnostic approaches.
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4.2 SHAP

The acronym for SHapley Additive exPlanations, or SHAP Values, breaks down a fore-
cast to illustrate the significance of each component. SHAP values evaluate the influence
of having a certain value for a given feature in comparison to the forecast if that fea-
ture took some baseline value (such as zero). We have applied it to the Random Forest
Model in this instance. Although it may be applied to any kind of model, the tree-
based models provide the fastest results. In this study, SHAP values were employed to
interpret the output of our machine-learning model for detecting multiple sclerosis. The
SHAP values provided a clear insight into the contributions of various features to the
model’s predictions, enabling us to identify the most influential factors associated with
MS diagnosis.

The SHAP value plot (Fig. 3) illustrates the impact of individual features on the
model’s output. Each point on the plot represents a single instance, with the x-axis
denoting the SHAP value corresponding to the influence of the feature on the predicted
probability ofMS. Our analysis revealed that key features such as [VEP, BAEP, LLSSEP,
ULSSEP, periventricularMRI, corticalMRI, infratentorial MRI, spinal cordMRI, initial
EDSS, final EDSS, age, breastfeeding, varicella, initial symptom, mono- or polysymp-
tomatic oligoclonal bands and group] had the most substantial positive contributions to
the model’s predictions, suggesting a strong correlation with the presence of multiple
sclerosis. Conversely, features like [Schooling,Gender] demonstrated a negative influ-
ence, indicating that their presence might decrease the likelihood of MS diagnosis. The
distribution of SHAP values across different patient groups further highlighted the vari-
ability in feature importance, which is crucial for personalized medicine approaches.
Notably, patients with specific conditions or demographic factors exhibited a distinct
pattern in SHAP values, indicating the need for tailored diagnostic strategies.

Overall, the integration of SHAP values not only enhances the interpretability of
our predictive model but also underscores the potential of explainable AI in clinical
decision-making for multiple sclerosis diagnosis.

Fig. 3. (a) Impact of individual features on model output (b) Impact of a single feature on model
output
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The impact of each data point on our forecasts is displayed in Fig. 3(a). For instance,
the top left point decreased the estimate by 0.6 for age. The hue indicates whether the
feature was high or low for that dataset row. The horizontal location indicates if the
value’s impact resulted in a higher or lower projection. Figure 3(b) on the other hand
illustrates the impact of a single feature on model performance. It is also evident that
our Random Forest Model has a strong bias towards the prediction of no disease.

Dependence Plot for Age Feature
To analyze the relationship between age and its influence on the model’s predictions
for multiple sclerosis (MS), we generated a dependence plot using the SHAP values
for the age feature. Figure 4 illustrates this relationship, with both x-axis and y-axis
representing the actual age values of the patients. In this plot, each point corresponds to
an individual patient, allowing for a clear visual representation of how variations in age
impact the model’s predictions. This trend suggests that older patients are more likely
to receive a positive classification for MS, thereby confirming age as a significant risk
factor in the diagnosis. This dependence plot serves as a vital tool for interpreting the
model’s behavior, reinforcing the role of age in the detection of multiple sclerosis and
emphasizing its importance in clinical decision-making.

Fig. 4. Dependance plot of SHAP values for feature 1(Age in this case)

Experiments with varying nsample values have been conducted to adjust the model
parameters in order to balance explanation accuracy and computing cost. The experi-
ments result in the following observations: (i) Low numbers (such as 50) result in quick
but imprecise explanations. (ii) High values (like 1000) result in accurate but costly
compute interpretations.

For the proposed model, we have used stability validation in order to make sure that
the explanations produced formodel predictions are accurate, consistent, and relevant. In
ExplainableAI (XAI), stability validation ensures that anXAImodel’s explanations hold
up even when the input is significantly altered. The overall stability of the explanations
is evaluated by computing an average score over multiple perturbed samples. Applying
PCA reduction for 9 features, the proposed models result in an outstanding performance
as compared to traditional machine learning algorithms as shown in Table 2.
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Table 2. Comparative Analysis of LIME and SHAP with traditional Machine Learning Models

Model Accuracy Precision Recall F1-Score

LR 80.87% 78.9% 80.1% 79%

SVM 85.8% 82.4% 85.5% 84.2%

KNN 87.24% 84.4% 86% 87.2%

LIME 97.6% 95.8% 97% 96.8%

SHAP 97.6% 95.8% 97% 96.8%

5 Discussion

Managing high-dimensional data, striking a balance between interpretability and pro-
cessing costs, and adhering to real-time limitations are just a few of the difficulties that
arise when using LIME and SHAP in actual healthcare settings. Both approaches run the
risk of generating explanations that are either excessively sophisticated (SHAP) or too
basic (LIME). The complexity is increased by integrating these tools with legacy sys-
tems, resolving concerns about data protection, and verifying compliancewith healthcare
standards.

In healthcare contexts, SHAP and LIME have both been successfully applied to
improve patient outcomes and decision-making. The application of Explainable AI
(XAI) in the diagnosis of cardiovascular disorders is highlighted in the real-world case
study “Explainable AI in Disease Detection with Reasoning” (2024) [23]. In order to
understand machine learning models, researchers used SHAP and LIME, concentrating
on important factors like age, blood pressure, and cholesterol levels. These justifications
improved adoption by enabling clinicians to validate the system’s judgments. Better
patient outcomes and fewer diagnostic errors resulted from the XAI-enhanced system’s
actionable insights, which supported early interventions and customized therapies. This
instance demonstrates howXAI can close the gap between clinical judgment and intricate
AI models.

5.1 Ethical and Legal Implications of XAI Models

The acceptance of Explainable AI (XAI) in healthcare increases important ethical and
regulatory reflections. Patient Data Privacy is a primary concern, as XAI methods often
require admittance to subtle health information to generate explanations. Accountabil-
ity and Bias are also vital issues. XAI explanations must be clear and interpretable to
ensure clinicians can understand and trust AI predictions. Clear certification of the AI
system’s decision-making procedures and consistent bias audits are essential to address
these issues. Eventually, the addition of XAI in healthcare must consider ethical respon-
sibility, ensuring patient rights and trust are sustained while summit legal and regulatory
necessities.
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6 Conclusion and Future Scope

In conclusion, XAI techniques, specifically SHAP and LIME, greatly increase the accu-
racy of sickness prediction models. Complex machine learning algorithms, such as
ensemble techniques and neural networks, offer high predicted accuracy, but their prac-
tical use is sometimes limited by their opaque nature, especially in sensitive domains
like healthcare where transparency is crucial. We may give healthcare practitioners a
comprehensive understanding of the features that influence forecasts by utilizing LIME
and SHAP on these models. This will help them to comprehend the rationale behind
each prediction. By providing explanations for each individual prediction, LIME pro-
vides localized interpretability; on the other hand, SHAP offers a more consistent and
theoretically grounded global perspective by quantifying each feature’s contribution to
the model’s output.

By bridging the gap between explainability and model accuracy, these XAI tech-
niques improve decision-making, lessen the possibility of bias, and increase patient and
physician trust. The combination of interpretability and predictive power made possi-
ble by LIME and SHAP guarantees that the models in illness prediction, where patient
outcomes are at risk, are not only clinically and morally acceptable but also highly
performant. In order to ensure wider application in healthcare contexts, future studies
can concentrate on improving these techniques to further maximize both computational
efficiency and explanatory clarity.

Disclosure of Interests. The authors have no competing interests.
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Abstract. The rising demand for high-resolution magnetic resonance imaging
(MRI) presents clinical concerns since existing imaging systems have limitations
that make medical information less reliable. This research addresses MRI super-
resolution, which occurs when low-resolution images cause inaccurate diagnoses.
Our novel approach uses deep external learning, a guided residual density network
(GRDN), andmultimodal image priors to increaseMRI clarity.We train themodel
to learn robust features that enable high-fidelity restoration using a variety of
complementary imaging approaches. The GRDN leverages low-level features to
better retrieve tiny details and patterns in high-resolution pictures.We demonstrate
that the suggested strategy outperforms existing tactics in both quantitative and
qualitative terms using standard datasets. The findings suggest that our strategy
increases image quality, retains anatomical details, and simplifies diagnosis. This
approach may enhanceMRI quality, thereby advancing medical imaging. Patients
may benefit from more accurate evaluations and findings.

Keywords: Unsupervised learning · MRI super-resolution · deep learning ·
Guided Residual Dense Network · multimodal imaging · image reconstruction ·
medical imaging · feature extraction · image quality enhancement · diagnostic
accuracy

1 Introduction

Medical diagnostics usemagnetic resonance imaging (MRI) to acquire high-quality pho-
tographs of soft tissues without damaging radiation [1]. The patient’s mobility, magnetic
field strength, and scan acquisition duration restrict MRI scan accuracy. Low-quality
photos may reflect missing or incorrect information, which slows testing [2]. Super-
resolution methods have gained popularity for enhancing medical scans, particularly
MRIs, by generating high-resolution copies from low-resolution originals. Traditional
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MRI super-resolution approaches use supervised learning, which requires many low-
and high-resolution images to train [3]. In hospitals where high-quality data is scarce or
expensive, this technique may not work. These approaches may become overly sophis-
ticated and fail to perform effectively when applied to new data. We need unstructured
approaches that can enhance photographs without labelling [4]. In recent years, deep
learning has revolutionized image processing, including photo super-resolution. CNNs
excel in recognizing complicated image patterns and characteristics. Residual Dense
Networks (RDNs) can rapidly represent hierarchical features for effective image recon-
struction [5]. Although RDNs may recover certain traits, they struggle with noise and
maintaining internal structures essential for medical assessment.

To fix these problems, we present a new architecture that combines guided residual
density network (GRDN) with unguided deep external learning [6]. GRDN utilizes
multimodal images before making any modifications. Our technique integrates CT and
PET data to improve MRI super-resolution. By incorporating multimodal priors, our
model may be able to leverage the ways multiple imaging methods interact together to
reveal hidden structures in MRI data [7]. GRDN leverages residual learning to improve
information flow and eliminate fading gradients in deep networks, making it crucial to
our design. This method allows the network to learn residuals, or differences, between
low- and high-resolution pictures [8]. This enhances the modeling of minor features
and patterns. Additionally, the guided technique enables low-level input to educate the
network, improving fundamental anatomy reconstruction [9].We tested our approach on
typical datasets and found it superior to current mathematical and qualitative methods.
Clinical settings might employ our technique as it significantly improved image quality,
clarity, and diagnostic accuracy [10]. Finally, our unstructured guided residual density
network technique uses deep external learning and multimodal image priors to improve
MRI super-resolution. This technology may eventually improve medical outcomes by
improving MRI scans and allowing physicians to make better judgments using high-
resolution pictures.

2 Related Works

Due to advances in deep learning and the requirement for high-quality medical images,
MRI super-resolution is popular [11]. Many studies have sought to increase MRI clarity
with mixed results. Researchers have used interpolation methods like bicubic or bilin-
ear approaches to increase visual clarity, but they only offer tiny gains and sometimes
lose fine details [12]. These approaches frequently overlook the intricate correlations in
imaging data and function linearly. However, deep learning has emerged as a viable alter-
native to older approaches, effectively addressing their shortcomings [13]. Because they
develop hierarchical feature models from data, CNNs excel at super-resolution tasks.
Proposed solutions include deep residual networks (ResNets) and generative adversarial
networks (GANs) [14]. The CNN-based SRCNN system was one of the first to demon-
strate deep learning’s capabilities in superresolution. Therapeutic usage was impossible
since it required directed learning and matched datasets. To reduce the requirement
for large labeled datasets, researchers investigated independent learning approaches for
super-resolution [15]. Technologies like self-supervised algorithms and generative mod-
els have grown. Generative models like GANs employ antagonistic training to create



Multimodal Image Prior Integration for Unsupervised MRI 183

more realistic images, which has shown promise in many imaging approaches. Self-
supervised learning can increase image quality without matching training data [16].
Data provides monitoring signals for these methods. However, these procedures may
not always preserve the physical data that physicians require for decision-making.

To improve MRI super-resolution, mixed imaging data research is crucial.
Researchers have shown that combining information from several image algorithms
improves reconstruction images [17]. However, studies have examined combining CT
and PET scans as guidelines for MRI super-resolution to improve picture accuracy.
Multimodal approaches leverage each mode’s capabilities to reconstruct and perceive
bodily components more correctly [18]. The residual density network (RDN) architec-
ture can readily capture tiny characteristics, which attracts super-resolution researchers.
RDNsmay reduce slope disappearance concerns by leveraging thick linkages and residue
learning to facilitate information flow [19]. Many imaging jobs have found success with
this approach, but further research is necessary for MRI super-resolution, especially
when unwatched. Even with these gains, research on merging deep external learning
techniques with directed approaches in MRI superresolution is lacking. Our proposed
system combines the benefits of autonomous learning, multimodal image priors, and
the Guided Residual Dense Network to solve this gap. Putting these elements together
should enhance MRI imaging while preserving structural features [20]. More accurate
medical imaging for diagnosis will result. The associated research explains the present
status of MRI super-resolution and emphasizes the need for new methods to tackle
existing challenges.

3 Proposed Method

Ourmethod uses deep external learning, a guided residual density network (GRDN), and
multimodal image priors to increase MRI scan clarity. Our strategy trains the GRDN on
low-resolution MRI images and other imaging data like CT or PET. This combination
improves feature extraction, helping the model locate minor features and improve image
quality. Residue learning and guided linkages improve information flow and rebuilding
in the GRDN.

The multimodal data is cleaned first. Next, it extracts low-level characteristics from
images [21]. The network is taught unsupervised to maximize rebuilding loss. Look
at how the low-resolution input and high-resolution output photographs correspond.
High-resolution MRI images provide greater information and accuracy.

Algorithm 1: MRI Super-Resolution Methodology

1. Input Data Preparation: Collect low-resolution MRI images ILR and corresponding
multimodal priors IM.

2. Normalization: Normalize the input data:

ILRnorm = σ ILR − μuIMnorm = σ IM − μ (1)

3. Feature Extraction: Extract low-level features FLR from ILRnorm.
4. Guided Feature Learning: Utilize multimodal priors IMnorm to guide feature

extraction.
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5. Weight Initialization: Initialize weights W of the GRDN:

W ∼ N (O, σ2),W ∈ Rn × m (2)

6. Residual Learning: Implement residual learning to compute the residual features:

R = FHR − FLR,FHR = FLR + R (3)

7. Densely Connected Layers: Construct densely connected layers to enhance feature
reuse.

8. Guided Residual Output: Compute the guided residual output GR:

GR = Wg.R,GR ∈ RH × W × C (4)

9. Combine Outputs: Merge the output from residual learning and guided residual
output.

10. Loss Calculation: Calculate reconstruction loss L:

L = ‖IHR − FHR‖22, total = L + λLreg (5)

11. Optimization: Optimize the network using an appropriate optimizer:

Wnew = Wold − η∇L (6)

12. Epoch Iteration: Repeat the training process over multiple epochs E.
13. Evaluation Metrics: Define evaluation metrics for image quality, including PSNR

and SSIM.
14. Fine-tuning: Fine-tune model parameters based on evaluation results:

Wfinal = Winitial + δ (7)

15. Output Generation: Generate the high-resolution output IHR:

IHR = FHR + GR (8)

16. Post-Processing: Apply post-processing techniques to enhance final image quality.
17. Validation: Validate the model performance on test datasets.
18. Visual Assessment: Conduct a qualitative assessment of the output images:

Svisual = N
∑

(IHR − IGT ) (9)

19. Output Evaluation: Evaluate the output quality using:

PSNR = 10log10(MSEMAX 2), SSIM = (μx2 + μy2 + C1)(σx2 + σy2 + C2)
(10)

20. Final Output: Present the final high-resolution MRI image for diagnostic use.

Notations Used

• ILR : Low-resolution MRI image.
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• IM: Multimodal prior images.
• FLR: Low-level features from ILR.
• FHR: High-resolution features.
• R: Residual features.
• GR: Guided residual output.
• W: Weights of the Guided Residual Dense Network.
• L: Reconstruction loss.
• E: Number of training epochs.
• N: Number of pixels.
• MAX: Maximum pixel value.
• MSE: Mean squared error.
• PSNR: Peak signal-to-noise ratio.
• SSIM: Structural similarity index.
• C1, C2: Constants to stabilize the division in SSIM calculations.
• μ: Mean of the pixel values.
• σ: Standard deviation of the pixel values.
• δ: Update in weights during optimization.
• η: Learning rate.

Fig. 1. Deep Learning Architecture for Image Super-Resolution

Figure 1 illustrates the super-resolution deep learning design for the image. We
downsample the image to simulate low-resolution. After that, CNNs and SR modules
recreate the high-resolution image. SR modules boost feature map resolution via pixel
shifting and deconvolution. Training reduces a loss function that compares reconstructed
and original high-resolution photos.

Figure 2 shows a multi-mode deep learning architecture for photo super-resolution.
Inputs are LR and HR T2- and T1-weighted images. CNNs and GRD blocks combine
to handle LR T2WI. We first extend the HR T1WI to accommodate the LR T2WI, and
then add the middle feature maps. It produces a super-resolved HR T2WI. The recreated
image is enhanced by the feedback from both modes, which work well together.



186 S. Choubey et al.

Fig. 2. Multi-Modal Deep Learning Architecture for Image Super-Resolution

4 Results

In order to make scans clearer, non-labeled MRI super-resolution combines directed
residual dense networks with multimodal image priors and deep external learning. This
method is novel. This approach employs external learning to train the network using
medical picture data other than MRIs. It learns about the body using various photo
priors, like CT or PET scans. A guided residual density network (GRDN) creates dense
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linkages to pull out more information across layers and prevent gradients from fading.
This strategy guides multimodal priors to enhance structural and texture characteristics
for accurate MRI reconstruction at every level. Finally, they created a model for clearer,
high-resolution MRI pictures. Hospitals find this useful when they require accurate
anatomy for diagnosis and therapy planning. This unstructured technique eliminates the
requirement for costly labeled datasets and makes it simple to utilize in many imaging
applications.

Table 1. Dataset Diversity

Dataset Modality Resolution Range Patient Diversity Size

IXI Dataset T1, T2 1 mm to 2 mm Age: 20–80, Mixed
gender

10,000

BraTS FLAIR, T1Gd 0.8 mm to 1.2 mm Tumor patients,
diverse stages

5,000

ADNI T1, FLAIR 0.6 mm to 1.5 mm Alzheimer’s and
dementia cases

8,000

The Table 1 provides a detailed breakdown of the datasets used for training and
assessment while taking diversity and representativeness into consideration. The IXI
collection contains T1 and T2 weighted MRI images with resolutions ranging from 1 to
2 mm. These photographs are in the archive. It is an excellent option for general medical
imaging applications because of its wide age range (20–80 years) and gender-balanced
representation. TheBraTS collection provides 10,000 images and a large, reliable dataset
for testing and training. The BraTS collection focuses on pictures from MRI scans ana-
lyzed using FLAIR or T1-weighted contrast-enhanced (T1Gd) techniques. We primarily
use these scans, with a resolution range of 0.8 mm to 1.2 mm, to identify tumors and
other malignant processes. Because this dataset comprises 5,000 photographs of people
at various stages of cancer, it might be useful in oncology. The ADNI collection includes
T1-weighted and FLAIRMRI images. The resolution of these photos varies between 0.6
and 1.5 mm. The scan results show a high level of accuracy in detecting minute struc-
tural defects linked to Alzheimer’s and dementia. The dataset, which contains 8,000
images of both healthy and unwell individuals, is a valuable resource for neuroimaging
research. We extensively use these datasets to train the model, enabling it to perform
well in a broad range of clinical scenarios. This strategy guides multimodal priors to
enhance structural and texture characteristics for accurate MRI reconstruction at every
level. Finally, they created a model for clearer, high-resolution MRI pictures. Hospitals
find this useful when they require accurate anatomy for diagnosis and therapy planning.
This unstructured technique eliminates the requirement for costly labeled datasets and
makes it simple to utilize in many imaging applications.

Table 2 indicates the proposed model has the greatest PSNR and SSIM of the tech-
niques. This improves imagequality but takes longer to train since combiningmultimodal
priors is more challenging.
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Table 2. Comparison of unsupervised mri super-resolution approaches

Approach PSNR
(dB)

SSIM Training
Time
(hours)

Dataset
Size
(Images)

External
Data Used

Multimodal
Priors

Proposed: Deep
External Learning
with GRDN

34.8 0.912 24 5000 Yes Yes

Bicubic
Interpolation

28.4 0.812 0 5000 No No

SRCNN
(Super-Resolution
CNN)

30.2 0.845 5 5000 No No

ESRGAN
(Enhanced
SRGAN)

33.1 0.876 18 5000 No No

DRCN (Deep
Recursive
Convolutional
Network)

31.8 0.862 10 5000 No No

Multimodal GAN
for MRI
Super-Resolution

34.2 0.899 22 5000 Yes Yes

Fig. 3. Comparison of Image Super-Resolution Approaches
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Figure 3 displays a variety of image super-resolution technologies. Peak signal-to-
noise ratios exist for each. The x-axis shows deep external learning (GRDN), bicubic
interpolation, SRCNN, ESRGAN, DRCN, andmultimode GAN. The y-axis displays the
PSNR in decibels. They observed that deep learning-based approaches includingGRDN,
ESRGAN,DRCN, andmultimodal GAN create better images than bicubic interpolation.

Fig. 4. Comparison of Image Super-Resolution Approaches based on SSIM

Figure 4 shows many photo super-resolution technologies. Each has a unique struc-
tural similarity index. The x-axis shows deep external learning (GRDN), bicubic inter-
polation, SRCNN, ESRGAN, DRCN, and multimode GAN. The y-axis displays SSIM
0–1.When it comes to structural similarity, deep learning-basedmethods such asGRDN,
ESRGAN, DRCN, and multimodal GAN do better than bicubic interpolation.

Figure 5 displays the image super-resolution technique’s training times in hours. The
x-axis shows deep external learning (GRDN), bicubic interpolation, SRCNN, ESRGAN,
DRCN, and multimode GAN. Training time is on the y-axis. The findings reveal that
deep learning approaches, particularly ones with complicated structures like ESRGAN
and multimodal GAN, take longer to train than bicubic interpolation.
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Fig. 5. Comparison of Training Time for Image Super-Resolution Approaches

Table 3 presents a unique comparison of MRI super-resolution approaches based on
model complexity, inference time, PSNR, and SSIM improvements over bicubic inter-
polation, outside data, and multimodal priors. The Deep External Learning with GRDN
approach performs better than others despite its basic model and quick findings. It relies
on external data and multimodal picture priors. The objective was to improve computa-
tional application efficiency to encourage clinical adoption. We effectively reduced the
model’s size by 30%whilemaintaining its functionality, using a variety of strategies such
asweight pruning and layer quantization.We separated anddispersed the training process
over many GPUs to improve scalability. With an inference latency of 0.85 s per photo,
the data indicated that it met the requirements for real-time diagnostics. This facilitates
the seamless integration of the model with current medical imaging workflows. A Part
of the Current Discussion Performance benefits might be even more evident with more
advanced tactics that expand on the existing approach: Powered cars: Their self-attention
technique allows for the documentation of long-range dependencies, making it ideal for
MRI reconstructions that require global structural consistency. Conditional GANs may
reduce artwork and create more recognized textures by using better loss functions, such
as perceptual loss. For better performance on high-resolution tasks, multi-agent systems
may use a hybrid method that combines residual dense networks and transformers. This
method takes the best parts of both local and global feature extraction.



Multimodal Image Prior Integration for Unsupervised MRI 191

Table 3. Unique comparison of unsupervised mri super-resolution methods

Approach Model
Complexity
(M
Parameters)

Inference
Time
(Seconds)

PSNR
Gain
Over
Bicubic
(%)

SSIM
Gain
Over
Bicubic
(%)

External
Data
Usage
Impact

Multimodal
Priors
Impact

Proposed: Deep
External Learning
with GRDN

12.5 0.85 22.5 12.3 High High

Bicubic
Interpolation

0 0.05 0 0 None None

SRCNN
(Super-Resolution
CNN)

0.4 0.12 6.3 4.1 None None

ESRGAN
(Enhanced
SRGAN)

16.7 1.2 16.5 7.9 Low None

DRCN (Deep
Recursive
Convolutional
Network)

1.7 0.7 11.9 6.2 None None

Multimodal GAN
for MRI
Super-Resolution

14.3 1.05 20.4 10.7 High High

5 Conclusion

Deep external learning and guided residual dense networks (GRDN) with multidimen-
sional image priors for unsupervised MRI super-resolution improve the quality and res-
olution of MRI scans without labeled data, which is a step forward for medical imaging.
Adding complementary information from CT or PET to external learning and multi-
modal priors may help the model recover more anatomical detail and texture. Thicker
linkages provide effective feature extraction using GRDN. This avoids gradient disap-
pearance and promotes high-resolution outputs. Our reconstruction is superior to typical
methods due to our higher PSNR and SSIM. It also balances inference speed and model
complexity, making it suitable for accurate and efficient clinical purposes. This reduces
the requirement for large annotation files, making it simpler to employ in many medical
imaging settings. It might improve diagnosis, medical procedures, and, most crucially,
patient outcomes.
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Abstract. In mission-critical applications such as disaster response and disaster
management in response to natural calamities, every country has a rescue plan to
act upon and minimize the life and property damages. However, deploying rescue
services to scan large neighborhoods through ground vehicles is time-consuming
and may potentially put the rescue team at risk. AI (artificial intelligence)-assisted
detection and analysis with drone imagery can provide an efficient and faster solu-
tion. The primary limitation of usingA.I. techniques is the unavailability of curated
datasets for AI model training for AI-based interventions to accurately detect and
spot objects and develop situational awareness for timely, efficient search and res-
cue. To address this, we present a novel dataset of images captured by a drone
consisting of two target classes (humans and vehicles) collected and manually
annotated from the actual drone video footage. The data is diverse across disaster
types and geographic locations with generalization capabilities. We present the
preliminary results of the Roboflow 3.0 object detection (fast) model trained on
our dataset. The data can be further leveraged to train and deploy deep learning-
based object detectionmodels for efficient terrain scanningwithout costing human
capital.

Keywords: Object Detection · Deep Learning · Search and Rescue ·
Surveillance · Disaster Management and Assessment · Aerial Imagery

1 Introduction

Natural disasters are catastrophic situations that endanger many people’s lives [1, 2].
In recent years, advancements in UAV (Unmanned Aerial Vehicles) technology have
positively impacted on the profound development of search and rescue operations [3].
Although forecasting the time and magnitude of disasters is essential in constructing
efficient systems, minimizing the loss of livestock and property is of utmost concern
[4]. For a quick search and rescue (SNR) operation, many countries have systems that
use human capital and manned aerial vehicles primarily to aid surveillance operations
[5]. The sensitive circumstances and scenery during or after a disaster do not match
enough with generic day-to-day events [6]. Therefore, replicating disaster scenarios is
challenging due to the inherent difficulty in simulating and capturing real-world disaster
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scenes [7]. Drones with advanced imaging and sensor technologies can be leveraged for
locating and aiding survivors in rescue missions after disasters or natural catastrophes,
for instance after earthquakes or hurricanes, or other catastrophic events. A considerable
hurdle in the search and rescue operation is automatically detecting individuals in differ-
ent terrains, situations, and positions, in diverse weather conditions, and from different
altitudes during a drone flight [8].Subsequent paragraphs, however, are indented.

Disaster response and rescue is a high-risk application requiring quick and immediate
response. In the case of partially occluded environmental obstacles, detecting humans
and vehicles is highly challenging and complex [9]. Advanced computer vision object
detection systems and algorithms depend on varied and diverse training data and scenar-
ios to adapt and generalize to different domains, facilitating more robust and accurate
models [10]. Many datasets corresponding to aerial images for object detection tasks
are available in the public domain. Still, very few datasets are available for livestock
detection in post-disaster landscapes, and they can be used and trained for operations
regarding search and rescue worldwide [5]. Humans pose detection have additional
hurdles concerning variations in pose and scale, weather conditions, artifacts, varying
attitudes, and hidden environments as substantial contributors to exact localization and
detection [11].

Our work in this context focuses on creating a diverse dataset with various disas-
ter types and geographic locations for livestock detection with two classes of humans
and vehicles manually annotated to combat potential hurdles in livestock detection for
assisting survivors immediately, making search and rescue missions more effective and
efficient.Wedelve into the details of the dataset creation process, such as image selection,
preprocessing techniques employed, and extraction of frames from the video footage and
its annotations. We also benchmark this dataset with standard computer vision models
using Roboflow [12]. Our contributions to this end are threefold and can be stated as
follows-

1 Development of a novel dataset of annotated images captured from a drone with
diverse post-disaster scenarios that can be generalized across various disaster types.

2 We are improving human and livestock detection capacity in a complex environment
with two classes of humans and vehicles for AI-assisted real-time search and rescue.

3 The deep learningmodel (Roboflow 3.0 Object Detection (Fast)) was developed based
on the dataset.

The paper is organized in 6 sections. Section 2 covers work related in datasets of
disaster imagery; Sect. 3 provides the details of the proposed AID SAR dataset; Sect. 4
discusses model development with data preprocessing and augmentation techniques;
Sect. 5 reports the result analysis and discussion and Sect. 6 presents a summary on
conclusion limitations and future directions.

2 Related Work

The role and importance of datasets for developing and training AI-based models tai-
lored to specific applications are pivotal in identifying human subjects under diverse
sets of conditions mimicking the complexity of disaster-hit situations. A few datasets
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are captured using aerial images in post-disaster environments. The notable effort in this
direction is the SARD dataset [13]. The xBD dataset [14] has 23000 labeled images
captured by satellite. The photos are annotated with bounding boxes post damage in
buildings for multiple locations globally. There are open-source datasets limited to sin-
gle incidents [15]. FloodNet [16] and RescueNet [9] have aerial imagery from UAVs.
Detectingmultiscale and small objects poses notable challenges in viewpoints of various
object sizes.

Object detection with aerial imagery with earth observation and remote sensing
DOTAdataset is introduced in [17]. Classification of automated aerial scenes of disasters
from a UAV is done in [18]. A novel approach for human detection in aerial images for
search and rescue operations on the HERIDAL database with efficient DET is presented
in [19]. Natural Occluded Multiscale Aerial Dataset (NOMAD) presents a baseline
for human detection under occluded aerial views [20]. Detection of humans in search
and rescue operations using ensembling techniques is done [21]. The model of person
detection in aerial imagery is improved in [22]. Human detection in aerial and drone
imagery for small objects with deep learning is carried out in [10, 11]. A network for
disaster victim detection for UAV search and rescue using harmonious composite images
is developed in [23]. A synthetic dataset combining natural disaster scenes and human
poses is introduced in [5]. LADI v2: a low-altitude disaster imagery with multiple labels
and classifiers are presented in [24].

The existing datasets in the domain are mainly limited to single disaster scenario
images and lack augmentation of data from diverse domains, geographic locations, and
types with generalization to varied disaster scenes where it’s highly desired for the input
to be in the form of video footage for real-time detection and deployment. We have tried
to overcome these limitations and observed gaps in our proposed A.I.D.- SAR dataset.

3 Dataset Creation

3.1 Data Details

The dataset developed can be used for emergency response situations in mission-critical
lifesaving situations, including livestock such as people and vehicles. Detect the presence
of objects to search and spot trapped individuals by identifying their locations and aiding
rescue operations. The data is collected and manually annotated from the actual drone
video footage. The post-disaster scenarios, including earthquakes, tsunamis, storms,
wildfires, floods, and drought, are scrapped and curated from YouTube videos. The
dataset consists of 25 post-disaster scenarios, with 133 videos of variable length, from
8 s to 25 s. A total of 2265 frames are extracted from these videos at a frame rate of
1 frame per second (fps). The number of images in the dataset is 2286, with a median
image ratio of 1920x1080.

The scene information is unique and consists of the earthquake
in China/Syria/Greece/Haiti/Turkey/Morocco/Japan, the Volcano in Iceland, Tsunami
in Japan/Indonesia, Chornobyl, Tornado in Panama City/Kansas City/Tennessee, dust
storm in New South Wales, Wildfires in Hawaii/California, flood in New Delhi, Ukraine
in ruins, draught in the U.K. representing imagery from diverse application domain’s
geographic locations and disaster types. The dataset is captured in various poses, bent,
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kneeling, sitting, upright, lying, with the needed diversity for training models for detect-
ing people under different conditions. The data includes partially occluded, cluttered,
blurred objects peculiar to disaster scenes.

Table 1 below depicts the class-wise data distribution in the dataset that consists of
7572 instances, of which 3644 cases belong to the human class, and 3928 belong to the
vehicle class.

Table 1. Class-wise data distribution.

Class Number of object instances

Human 3644

Vehicle 3928

All 7572

3.2 Data Annotation

The data is collected and manually annotated from the actual drone video footage.
We have encountered and annotated 3644 instances of humans and 3928 instances of
vehicles. Vehicles are annotated as they might narrow possible search areas in post-
disaster environments to precise locations. A typical image in this dataset consists of a
vehicle or a human in a post-disaster landscape. Figure 1 below is an annotation example
taken from the AID-SAR dataset.

Fig. 1. An example image in AID-SAR. Images in this dataset consists of a vehicle or a human
in a post-disaster landscape.

To detect the presence of object instances and refine the bounding boxes accuracy,
human and vehicle classes have horizontal and verticle bounding boxes and oriented
bounding boxes to best fit the object boundaries. Figure 2 below depicts the annotation
heatmap representing horizontal and verticle bounding boxes.
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Fig. 2. Distribution of horizontal and vertical bounding box annotations across the dataset.

4 Model Development

4.1 Data Preprocessing and Augmentation

Data preprocessing is performed to ensure dimensional uniformity across the dataset.
Preprocessing techniques such as resizing the image to 640×640 are performed to intro-
duce scale invariance, making the model more robust to variations in object size and
learning scale-invariant features. The images extracted include variations in orienta-
tion due to different viewpoints, camera angles, or object placements. Horizontal flip
data augmentation is performed to increase the number of instances further and remove
potential bias that could be introduced by the spatial arrangement of the objects within
an image.

4.2 Comparison with Existing Datasets

The proposed AID-SAR dataset is compared with the existing datasets to establish its
unique variants and characteristics. Table 2 below represents the detailed comparative
analysis.

The existing search and rescue datasets are broadly compared based on focus, disaster
scenes, occlusion, imagediversity, andhumanposes.Other notable contributions towards
this goal are the Search and Rescue Drone (SARD) dataset with human detection in
search and rescue missions using UAV imagery. The SARD dataset presents images of
individuals posed in any state to mimic people that are either fatigued or injured and
captured in non-urban scenarios. As such, this dataset is very helpful for developing
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Table 2. Comparison with existing datasets.

No. Dataset Description Images

1 SARD [13] Has human poses – running
and walking, standing and
sitting, lying down, and other
types of scenes, including
places without grass,
covering low grass and high
grass, forest shade scenes

Consists of 1,981 manually
labeled images

2 Corr variant of the SARD
dataset [13]

Covers situations like fog,
snow, and ice with blurred
images

Consists of 1,981 manually
labeled images

3 SaRNet Search and Rescue
dataset [25]

Satellite imagery for search
and rescue operations

It contains 2552 images
with 4206 axis-aligned
bounding boxes of a single
class

4 MOBDrone dataset [26] Aerial footage imagery The dataset contains
126,170 frames extracted
from 66 video clips

5 AIDER dataset [27] It includes images of four
categories of major disasters:
fire/smoke, flood, collapsed
buildings/rubble, and traffic
accidents. The goal of this
dataset was the automated
aerial scene classification of
disaster events onboard a
UAV

6 C2A dataset [5] A large-scale, diverse
collection of synthetic single
images that combine natural
disaster scenes with human
poses

Contains 10,215
high-resolution
post-disaster images

7 AID-SAR (Proposed) We manually annotated for
livestock detection targeting
two classes, humans and
vehicles, covering diverse
disaster types and
geographic locations and
scenarios like an earthquake,
flood, drought, volcano,
tsunami, and fire, a total of
25 post-disaster scenarios
and varied human poses

Two thousand two hundred
eighty-six manually labeled
images extracted through
video footage suitable for
real-time analysis
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detection models. In models for SAR scenarios, the SARD dataset does not explicitly
contain disaster scenes, which impose more challenges such as debris, occlusions, and
clutter, which is the prime aspect in the case of a disaster. In addition, even though the
dataset possesses diverse human poses, this information is not included directly in the
annotations, which limits its utility for pose-aware detection directly.

AIDER (Aerial Image Dataset for Emergency Response Applications). The AIDER
dataset provides a major basis for disaster scene backgrounds. It covers four types of
major disasters: fire and smoke), flood, collapsed buildings and rubble, and traffic acci-
dents. These real disaster images realistically depict the chaotic nature of the times of
emergency.

In AID-SAR, we have first collected video footages captured by Live News chan-
nels or Live YouTube videos in post-disaster situations. Frames are extracted from these
videos with a frame rate of 1. The frames are then annotated using the Roboflow online
annotation tool. Post data preparation, we have trained the data on existing benchmark
object detection models like Roboflow 3.0 Object Detection (Fast) (a closed source
model) and YOLOv11. The results have shown considerable accuracy in test data detec-
tions thereafter proving the viability of the dataset for real-time applications. Themodels
are trained on the Roboflow website which performs dynamic hyperparameter tuning
for optimal model training. Figure 3 below depicts a clear summary of the pipeline.

Fig. 3. Illustration of the pipeline for data curation and model inference.

5 Results and Analysis

Table 3 below depicts the model’s performance in the validation and test sets. The m
A.P. scores for the human class are 76 on validation and 75 on the test set, whereas the
vehicles class has a validation of 73 on validation and 74 on the test set. The overall
classes have a mean average precision(mAP) 78 on the validation and 77 on the test set,
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respectively. Figure 4 curve displays mAP@0.5, which steadily improves and stabilizes
around 0.7. The lighter curve represents mAP@0.5:0.95, which is lower but also shows
a steady improvement until 0.3, and Fig. 5 curve shows box loss, class loss, and object
loss with a sharp decline in loss in the early epochs and stabilizesstabilizes when the
model converges depicting optimal bounding box predictions, class assignments and
objectness confidence during training. Figure 6 represent the training loss across the
training and validation dataset. The model shows consistent convergence across training
and validation datasets.

Table 3. Model Performance for Roboflow 3.0 Object Detection (Fast)

Class mAP50 scores

Validation Set Test Set

Human 76 75

Vehicle 73 74

All 78 77

Fig. 4. The curve displays mAP@0.5, which steadily improves and stabilizes around 0.7. The
lighter curve represents mAP@0.5:0.95, which is lower but shows a steady improvement until
0.3.

Fig. 5. Box Loss, Class Loss and Object Loss.
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Fig. 6. The six graphs on the leftmost side represent the training loss across the training and valida-
tion dataset. These graphs highlight consistent convergence across training and validation datasets.
The four rightmost graphs display the metrics - precision, recall, mAP@50, and mAP@50–95.
These graphs show the model’s ability to effectively train on the dataset by detecting objects at
varying thresholds and showing robust generalization.

Fig. 7. YOLOv11 training curve.

Table 4. Model Performance for YOLOv11

Class mAP50 scores

Validation Set Test Set

Human 72 72

Vehicle 79 76

All 75 74
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Figure 7 shows that training curves forYOLOv11 andRoboflow3.0ObjectDetection
(Fast) Model are very similar. As seen in Table 4, the Roboflow 3.0 Object Detection
Model (Fast) performs better than YOLOv11, but if inspected class-wise, the YOLOv11
model performs slightly better in identifying vehicles. A certain degree of ensembling
can lever both these models strengths to give better accuracy.

5.1 Model Performance Evaluation

The Roboflow object detection model was evaluated using the mean Average Precision
(mAP), a standard metric for the detections’ precision and recall aspects. Precision =
TP/TP + FP, which measures the correctness of the detections, while recall quantifies
the model’s ability to detect all relevant instances. The mAP is the mean of Average
Precision (AP) across all classes, computed for varying Intersection over Union (IoU)
thresholds, typically ranging from 0.5 to 0.95. The area under the precision-recall curve
is the average precision AP at a specific IoU threshold. The mAP at the IoU threshold
0.5, denoted as mAP@.50, is represented as mAP@.50= 1 N PN i= 1 APi IoU= 0.5,
highlighting a model’s ability to detect objects with a moderate overlap with the ground
truth. The precision, recall, mAP@50, andmAP@50–95. Effectively train on the dataset
by demonstrating the model’s ability to detect objects at varying thresholds and showing
robust generalization. Figure 8 below are the present model’s predictions using the
Roboflow 3.0 Object Detection (Fast) model on the test dataset with precise localization
localization and accurate bounding boxes. The results show significant improvements in
mAP, namely 75 for humans, 74 for vehicles, and 77 for the overall dataset in effective
and accurate detection of livestock in complex disaster scenarios.

5.2 Hardware and Software Requirements

5.2.1 Software Tools

1. Programming Languages: Python 3.8 or higher
2. Libraries: Matplotlib, Opencv-python, NumPy, Scikit-learn, PyTorch
3. Others: Git, GitHub, Roboflow, Youtube.

5.2.2 Hardware Tools

1. Device:
• Processor: Multi-core CPU (Intel Core i7, AMD Ryzen 7, or better)
• GPU: NVIDIA GPU with at least 6 GB VRAM (e.g., NVIDIA RTX 3060)
• RAM: 16 GB of RAM or more
• Storage: SSD (Solid State Drive) with at least 100GB of free space
• OS: Linux (Ubuntu 18.04/20.04/22.04)

5.2.3 Network Connection

Minimum 40 mbps download and upload speed.
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Fig. 8. Model predictions using the test dataset’s Roboflow 3.0 Object Detection (Fast) model.

6 Conclusion and Future Work

This work contributes a new, diverse AID-SAR dataset for aerial drone imagery and
object recognition in the detection of livestock, such as humans and vehicles. To be
able to model complex post-disaster scenarios, this dataset spans disaster types and
geographic regions, thus being scalable and efficient for object detection. It also advances
AI-assisted SAR capabilities, creating an opportunity for human-AI collaboration in
mitigating crises. Results from the object detection model, Roboflow 3.0 trained on this
dataset, demonstrate the potential of this system for real-time human detection in SAR
operations using UAV video footage. Limitations of the proposed system include the
need for more actual disaster footage to enhance model validation and performance.
Advanced deep-learning models and architectures could be further explored in future
work.

We seek to advanceAI-driven SAR and surveillance tasks through this shared dataset
toward supporting disaster management activities, such as damage assessment, rescue
planning, and rapid response. This dataset represents a fundamental step toward the
integration of AI for effective high-stakes decision-making.

Acknowledgement. This work is sponsored under the Indo Italy This research is supported by the
Dassault Systemes Foundation Grant 2023–2024 (DS Contract ID: 2023/9444) and Department of
Science & Technology, Government of India’s Indo Italy ResearcherMobility Grant (INT/Italy/P-
31/2022 (ER-G)).



208 A. Itkyal et al.

References

1. Han, Y., Liu, H., Wang, Y., Liu, C.: A comprehensive review for typical applications based
upon unmanned aerial vehicle platform. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 15,
9654–9666 (2022). https://doi.org/10.1109/JSTARS.2022.3216564

2. Papyan, N., Kulhandjian, M., Kulhandjian, H., Aslanyan, L.: AI-based drone assisted human
rescue in disaster environments: challenges and opportunities. Pattern Recognit Image Anal.
34(1), 169–186 (2024). https://doi.org/10.1134/S1054661824010152

3. Vincent-Lambert, C., Pretorius, A., Van Tonder, B.: Use of unmanned aerial vehicles in
wilderness search and rescue operations: a scoping review. Wilderness Environ. Med. 34(4),
580–588 (2023). https://doi.org/10.1016/j.wem.2023.08.022

4. Ding, J., et al.: Object Detection inAerial Images : ALarge-Scale Benchmark andChallenges.
8828 (2021). https://doi.org/10.1109/TPAMI.2021.3117983

5. Nihal, R.A., Yen, B., Itoyama, K., Nakadai, K.: UAV-Enhanced Combination to Application
: Comprehensive Analysis and Benchmarking of a Human Detection Dataset for Disaster
Scenarios, pp. 1–17

6. Zhang, J., Wan, G., Jiang, M., Lu, G., Tao, X., Huang, Z.: Small object detection in UAV
image based on improved YOLOv5. Syst. Sci. Control Eng. 11(1) (2023). https://doi.org/10.
1080/21642583.2023.2247082

7. I. Reviews et al.: On Creating Benchmark Dataset for Aerial Image, pp. 1–25
8. Liu, C., Szirányi, T.: Real-time human detection and gesture recognition for onboard UAV

rescue. Sensors 21(6), 1–21 (2021). https://doi.org/10.3390/s21062180
9. Rahnemoonfar, M., Chowdhury, T., Murphy, R.: RescueNet: a high-resolution UAV semantic

segmentation dataset for natural disaster damage assessment. Sci. Data 10(1), 1–9 (2023).
https://doi.org/10.1038/s41597-023-02799-4

10. Wu-murad, P., Manzini, T., Murphy, R.: Open Problems in Computer Vision for Wilderness
S.A.R. and The Search for, pp. 3784–3789

11. Bahmanyar, R., Merkle, N.: Saving lives from above: person detection in disaster response
using deep neural networks. I.S.P.R.S. Ann. Photogramm. Remote Sens. Spat. Inf. Sci. 10, no.
1-W1–2023, pp. 343–350 (2023). https://doi.org/10.5194/isprs-annals-X-1-W1-2023-343-
2023

12. Ciaglia, F., Zuppichini, F.S., Guerrie, P., McQuade, M., Solawetz, J.: Roboflow 100: A Rich,
Multi-Domain Object Detection Benchmark (2022). http://arxiv.org/abs/2211.13523

13. Sambolek, S., Ivasic-kos, M.: Automatic Person Detection in Search and Rescue Operations
Using Deep CNN Detectors, pp. 37905–37922 (2021)

14. Gupta, R., et al.: Creating X.B.D.: a dataset for assessing building damage from satellite
imagery. IEEE Comput. Soc. Conf. Comput. Vis. Pattern Recognit. Work. 2019-June, pp. 10–
17 (2019)

15. Meng, L., Dong, Z.S.: Natural Hazards Twitter Dataset (2020). http://arxiv.org/abs/2004.
14456

16. Rahnemoonfar, M., Chowdhury, T., Sarkar, A., Varshney, D., Yari, M., Murphy, R.R.: Flood-
Net: a high-resolution aerial imagery dataset for post flood scene understanding. IEEEAccess
9, 89644–89654 (2021). https://doi.org/10.1109/ACCESS.2021.3090981

17. Xia, G., Bai, X., Ding, J., Zhu, Z., Belongie, S., May, C.V.: DOTA : A Large-scale Dataset
for Object Detection in Aerial Images, pp. 1–17

18. Ding, J., et al.: Object detection in aerial images: a large-scale benchmark and challenges.
IEEE Trans. Pattern Anal. Mach. Intell. 44(11), 7778–7796 (2022). https://doi.org/10.1109/
TPAMI.2021.3117983

19. Muddin, N., Dousai, K., Lončarić, S.: Detection of Humans in Drone Images for Search and
Rescue Operations, pp. 69–75 (2019). https://doi.org/10.1145/3449365.3449377

https://doi.org/10.1109/JSTARS.2022.3216564
https://doi.org/10.1134/S1054661824010152
https://doi.org/10.1016/j.wem.2023.08.022
https://doi.org/10.1109/TPAMI.2021.3117983
https://doi.org/10.1080/21642583.2023.2247082
https://doi.org/10.3390/s21062180
https://doi.org/10.1038/s41597-023-02799-4
https://doi.org/10.5194/isprs-annals-X-1-W1-2023-343-2023
http://arxiv.org/abs/2211.13523
http://arxiv.org/abs/2004.14456
https://doi.org/10.1109/ACCESS.2021.3090981
https://doi.org/10.1109/TPAMI.2021.3117983
https://doi.org/10.1145/3449365.3449377


AID-SAR: Aerial Image Dataset for Search and Rescue 209

20. Bernal, A.M.R., Scheirer, W., Cleland-Huang, J.: NOMAD: a natural, occluded, multiscale
aerial dataset, for emergency response scenarios. Proc. - 2024 IEEE Winter Conf. Appl.
Comput. Vision, WACV 2024, pp. 8569–8580 (2024). https://doi.org/10.1109/WACV57701.
2024.00839

21. Dousai, N.M.K., Lonearic, S.: Detecting humans in search and rescue operations based on
ensemble learning. IEEE Access 10, 26481–26492 (2022). https://doi.org/10.1109/ACCESS.
2022.3156903

22. Vasi, M.K.: Improving the Model for Person Detection in Aerial Image Sequences Using the
Displacement Vector : A Search and Rescue Scenario (2022)

23. Zhang, N., Nex, F., Vosselman, G., Kerle, N.: Training a Disaster Victim Detection Network
for UAV Search and Rescue Using Harmonious Composite Images (2022)

24. Scheele, S., Picchione, K., Liu, J.: LADI v2 : Multi-label Dataset and Classifiers for Low-
Altitude Disaster Imagery arXiv : 2406 . 02780v1 [ cs . CV ] 4 June 2024. vol. 7014, no. Feb
2014 (2024)

25. Thoreau, M., Wilson, F.: SaRNet: a dataset for deep learning assisted search and rescue with
satellite imagery. Int. Symp. Image Signal Process. Anal. ISPA, vol. 2021-Septe, pp. 204–208
(2021). https://doi.org/10.1109/ISPA52656.2021.9552103

26. Cafarelli, D., et al.: MOBDrone: a drone video dataset for man overboard rescue. Lect. Notes
Comput. Sci. (including Subser. Lect. Notes Artif. Intell. Lect. Notes Bioinformatics), vol.
13232 LNCS, pp. 633–644 (2022). https://doi.org/10.1007/978-3-031-06430-2_53

27. Kyrkou, C., Theocharides, T.: Deep-learning-based aerial image classification for emergency
response applications using unmanned aerial vehicles. IEEE Comput. Soc. Conf. Comput.
Vis. Pattern Recognit. Work., vol. 2019-June, pp. 517–525 (2019). https://doi.org/10.1109/
CVPRW.2019.00077

https://doi.org/10.1109/WACV57701.2024.00839
https://doi.org/10.1109/ACCESS.2022.3156903
https://doi.org/10.1109/ISPA52656.2021.9552103
https://doi.org/10.1007/978-3-031-06430-2_53
https://doi.org/10.1109/CVPRW.2019.00077


Solar PV Power Generation Forecasting
Using Synergy of Artificial Intelligence
and Metaheuristics Based Approaches

Pankaj Yadav1(B) , Gulshan Sihag2 , Vikas Pratap Singh3 ,
and Vivek Vijay1

1 Indian Institute of Technology, Jodhpur, India
{yadav.58,vivek}@iitj.ac.in

2 UPHF, CNRS, UMR 8201 - LAMIH, Valenciennes 59313, France
sihag.1@alumni.iitj.ac.in

3 Forecasting Department, Emirates Water and Electricity Company,
Abudhabi, UAE

vikasforsmile@alumni.iitj.ac.in

Abstract. In this paper, a novel method for forecasting solar photo-
voltaic (PV) power generation is presented which plays an essential role
in grid stability of renewable energy rich power systems. This study
utilizes some artificial intelligence (AI) and meta-heuristic approaches
such as Random Forest Regressor (RFR), Logistic Regression and Neu-
ral Networks, along with Genetic Algorithm (GA). The framework uses
the capability of AI models to learn complex relationships in the solar
irradiance and weather data. Further, the parameters of these models
are optimized by Genetic Algorithm which leads to more accuracy. The
study uses various timescales and accuracy metrics such as Root Mean
Squared Error (RMSE), Mean Absolute Error (MAE), R-squared, etc.
The results show the higher accuracy of hybrid methods than the stan-
dalone models of forecasting. This process increases both precision and
accuracy. It also provides insights for future research such as investi-
gating ensemble forecasting methodologies to improve solar PV power
generation forecasts.

Keywords: Solar power generation · Renewable energy · Artificial
intelligence · Forecasting

1 Introduction

Solar photovoltaic(PV) power has become a building block in the global energy
portfolio [10]. The shift towards solar energy is not just a need for clean energy
but also shows the capability of altering the energy landscape. However, the vari-
able nature of solar power generation (such as the influence of day/night/weather
cycles) brings considerable challenges to energy grid managers and operators [11].
These challenges demand the need for accurate forecasting of solar PV power
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generation. The solar energy utilization in the power grid requires forecasting
methods that can handle the variability of solar power generation [8]. It ensures
stability of grid, optimizes energy dispatch, and improves grid management [17].

It is known that particularly effective hybrid models are generated from the
combinations of the Random Forest Regressor (RFR), Logistic Regression, and
Neural Networks, together with the operations of Genetic Algorithm (GA). This
synergy takes advantage of both the predictive powers and the optimization
skills of these AI models of Genetic Algorithm. Random Forest Regressor accu-
rately captures the implicit patterns in solar energy data. Logistic Regression
and Neural Networks offer accuracy in predictive modeling. Genetic Algorithm
helps to adjust parameters and features of these AI models that improve fore-
casting accuracy in different predictive situations.

The progress of solar power has been supported by reliable solar forecasts
which ensure operational management of power grids with high solar penetration.
It assists in energy trading and load balancing, economic dispatching and many
others as well [18]. Informed decisions concerning the use of solar energy for
integration purposes come with optimized forecasting, restrictive reliance on
expensive, and inefficient peaking power plants which are not environmentally
friendly [13]. Also, it helps improve the grid management by detecting variations
in solar generation, allowing the grid controls to be more flexible and reactive
to such changes.

2 Literature Review

The onset of renewable energy sources like solar photovoltaic (PV) systems, has
necessitated the development of advanced forecasting methods to enhance grid
stability and energy efficiency. This section reviews recent literature on solar
PV power generation forecasting. Meanwhile it focuses on the synergistic use
of artificial intelligence (AI) and metaheuristic approaches. Over the past years,
significant research has been conducted to address the inherent challenges of
solar power variability focusing on the need for precise forecasting models.

There has been an inclination towards the use of artificial intelligence for
prediction of solar power generation. It is able to capture such complex non-
linear interactions usually evident in weather and solar irradiance. Khalyasmaa
et al., 2019 [12] addressed the problem of solar power generation prediction using
Random Forest Regressors (RFR) and, as it turned out, the model was quite
capable of capturing more complex relations between weather data and accu-
mulated solar energy than previous approaches. Similarly, Logistic Regression
models have been adopted for their strength in handling large datasets. In short
term solar radiation forecasting, as noted by Tiwari et al., 2018 [16] refereed
that neural networks have been greatly employed because of their adeptness to
understand the society’s data and intricacies and even how to model the time
series data. Also, this suggests the need for better representation and learning
from the data by AI in forecasting.

AI models have been integrated with meta-heuristic algorithms to optimize
forecasting performance further. Other techniques such as Genetic Algorithms
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(GA) have been used to optimize the features selected to build the AI model
and even its parameters. For example, Patanaik et al., 2020 [14] used GA to
enhance the structure of a Neural Network for solar energy predictions, and
it was effective. This architecture result has led to noticeable gains in accuracy.
Besides, it argues that GA employed with AI models is quite effective for reducing
forecast errors, as shown by Bendali et al., 2020 [5], through the techniques of
tuning weights and structures of the network.

Combining or augmenting the AI approaches with metaheuristic algorithms
is a new paradigm of forecasting solar power generation. The purpose of such a
combination is to utilize the advantages stemming from both types of models to
eliminate the disadvantages exhibited by either of them when treated separately.
The research work conducted by Abedinia et al., 2018 [3] specifically tackled
hyper-parameter optimization of Neural Networks through the integration of
GA within a broader scope. This study notably enhanced the forecast accuracy
compared to traditional methods. Also this highlights the potential of hybrid
models in addressing the dynamic and complex nature of solar power generation
forecasting.

3 Methodology

This methodology section outlines a cross-sectional detail of modeling solar
energy forecasting integrating several artificial intelligence techniques such as
Random Forest Regressor, Logistic Regression, Neural Networks complemented
with a Genetic Algorithm metaheuristic called cross-over. This hybrid method
technique has been employed to capture the complex nonlinear relationships
inherent in meteorological and solar irradiance data while efficiently tuning the
models’ hyperparameters for improved accuracy. We have optimised the follow-
ing hyper-parameters for random forest: number of estimators (searched space
value: [10, 200]), maximum tree depth (searched space value: [0, 10]), minimum
samples split (searched space value: [2, 10]), minimum samples per leaf (searched
space value: [1, 10]), maximum features (searched space value: [log2, None])
and similarly for neural networks: number of hidden layers (searched space
value: [1, 2]), hidden layer size (searched space value: [64, 128, 256]), optimizers
(searched space value: [adam, rmsprop, sgd]), optimizer’s learning rate (searched
space value: [0.001, 0.005, 0.01, 0.05, 0.1]) and batch size (searched space value:
[32, 64, 128]). We introduce the operational mechanics of the proposed approach,
which are also described in Fig. 1.

3.1 Random Forest Regressor Model

The Random Forest Regressor model is an ensemble learning method that con-
structs a multitude of decision trees (Ntrees) during training and outputs the
mean prediction (ŷ) of the individual trees for a given input vector (X) [9]. The
prediction of the Random Forest Regressor model can be represented as:
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Fig. 1. Flowchart for the proposed methodology.

ŷ(X) = MRF =
1

Ntrees

Ntrees∑

i=1

Ti(X; θi) (1)

where

– Ntrees is the number of trees in the forest.
– θi represents the parameters (e.g., split criteria, max depth) of the ith tree.
– X is the input feature vector, comprising variables relevant to solar power

forecasting:

X =
[

Cloud coverage, Visibility, Temperature, Dew point,
Relative humidity, Wind speed, Station pressure, Altimeter

]
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3.2 Logistic Regression Model

The Logistic Regression model is a linear model used for classification prob-
lems [4]. It can also be adapted for regression tasks. It predicts the probability
that a given input vector (X) belongs to a certain class. Here for forecasting pur-
pose, we are predicting continuous values by modeling the relationship between
the input features and the output variable [2]. The logistic regression prediction
ŷ can be represented as:

ŷ(X) = σ(w ·X+ b) (2)

where

– w is the vector of weights corresponding to the input features.
– b is the bias term.
– X is the input feature vector, comprising variables relevant to solar power

forecasting.
– σ(z) is the sigmoid function defined as:

σ(z) =
1

1 + e−z
. (3)

3.3 Neural Network Model

Neural Models are a type of Deep Learning having many layers of interconnected
neurons [1]. Every neuron performs a weighted summation of the input to it and
applies a non-linear activation function which passes the output to the next
layer. In the case of solar power forecasting, the neural network model takes the
feature vector (X) as input and processes it through its layers to give an output
(ŷ) [15]. The prediction of the neural network model can be illustrated as follows:

ŷ(X) = f(X;w,b) (4)

where

– w and b are the weights and biases of the neurons, respectively.
– X is the input feature vector having variables relevant to solar power fore-

casting.
– f represents the composition of activation functions applied at each layer of

the network.

3.4 Genetic Algorithm for Hyperparameter Optimization

The Genetic Algorithm(GA) is employed to optimize the hyperparameters H
of the AI model, [7] for example: hyperparameters for Random Forest such as
the number of trees (Ntrees), the maximum depth of the trees (Dmax), and the
minimum number of samples required to split an internal node (Smin). Each
individual in the GA population represents a potential solution and encoded as a
chromosome (C), to the optimization problem. With the chromosome comprising
the hyperparameters to be optimized [6].
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The optimization process involves the following genetic operations:

Initialization
Generate an initial population (P) of chromosomes (Cj), where each Cj repre-
sents a unique set of hyperparameters (Hj):

P = {C1,C2, . . . ,Cn} (5)

Fitness Evaluation
For each chromosome (Cj), evaluate its fitness (Fj) by training the AI model
on the training dataset with hyperparameters (Hj), and assessing its perfor-
mance on a validation set using a fitness function, typically based on forecasting
accuracy metrics such as RMSE of solar energy predictions:

Fj = f(Hj) = RMSE(ŷSolar energy, ySolar energy) (6)

Selection
Select chromosomes for reproduction based on their fitness, using methods such
as tournament selection or roulette wheel selection.

Crossover (Recombination)
Create new chromosomes by combining parts of two parent chromosomes Cp

and Cq:

Coffspring = crossover(Cp,Cq) (7)

Mutation
Introduce random mutations to the offspring’s chromosomes to explore new
regions of the solution space:

Cmutated = mutate(Coffspring) (8)

Replacement
Build the new generation population by positive selection of the best members
of the actual generation and their offspring which have just been created. This
process of iterations is repeated until the stopping rule applied to the evolution
of the algorithm is satisfied. The end result is a set of hyperparameters (Hopt)
for the model which strives to maximize the accuracy of predicting the output
of solar energy at a particular hour.

4 Data

The dataset used for the analysis was obtained from an open-source platform,
GitHub, which offers access to as many relevant datasets as possible. The solar
data used for the analysis were found to relate with Illinois state. Additionally,
complete weather data was done in accordance with the approaches described by
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the National Oceanographic and Atmospheric Administration that enhanced the
correlation of weather and solar energy output. The extraction process was made
easier by the use of Java programs that were specially designed to collect a total
of reasonably 8 weather parameters. These parameters during the first steps of
preprocessing were encoded numerically and later were averaged to hourly rate
to organize data coherent over the time frame of the study period.

The accuracy of the weather data representation for the Illinois area was
improved by applying an average of values from the three closest meteorolog-
ical stations. This spatial averaging method used the barycentric equation for
approximating the average by considering the distance from the referring sta-
tions for some of them. The curated data includes a time series extending from
February 1, 2016, to October 31, 2017, bounded within the hours of 6 AM to
5 PM. This time window contains 7,536 unique data points. Given the tem-
poral nature of the dataset, where solar energy output is intrinsically linked
to preceding weather conditions and energy outputs, a randomized allocation
was implemented. This randomization served to disrupt the inherent sequence
dependency, thus allowing for a more accurate model training process. The per-
tinent solar and weather attributes and their respective units of measure are
summarized in Table 1:

Table 1. The pertinent solar and weather attributes

Solar PV Power Generation (kW) Relative Humidity (%)
Cloud Coverage (%) Wind Speed (Mph)
Visibility (Miles) Station Pressure (inchHg)
Temperature (◦C) Altimeter (inchHg)
Dew Point (◦C) Relative Humidity (%)

5 Results and Discussion

In this section, firstly, we discuss the ramp rate for different models, followed by
the cumulative results for each model. Furthermore, we perform comprehensive
error analysis for monthly as well as hourly predictions. Finally, we summarize
the overall performance at the end of this section.

5.1 Ramp Rate

Ramp rate analysis is crucial for understanding the variability in solar power
output. Figure 2 shows the distribution of ramp rates for different models. The
following observations can be made from the plots:

– The base model shows a wider distribution of ramp rates, indicating higher
variability in solar power output.
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Fig. 2. Ramp Rate Distribution using (a) Base, (b) Logistic Regression, (c) Random
Forest, (d) Neural Networks.
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– The linear regression (LR) model reduces the variability slightly but still
shows significant fluctuations.

– The random forest (RF) and neural network (NN) models show more con-
trolled ramp rates, suggesting that these models can better handle the vari-
ability in solar power generation.

To understand the performance of a given prediction model, in the next part,
we will discuss the cumulative prediction of each model over two years.

5.2 Cumulative Results

The total quantity of solar energy, produced in approximately 24 months, is
shown in Fig. 3, which was compared against cumulative energy outputs captured
over this period using predicted production as derived from four different models,
a Baseline model, Linear Regression (LR), Random Forest (RF), and a Neural
Network (NN). Since all models try their best to forecast these energy production
figures over a specified period and minimize the errors, which is represented in
Fig. 4.

Fig. 3. Cumulative Solar Predictions.
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Fig. 4. Cumulative Predictions Error.

It is apparent from the plot that, in the long run and almost without any
exceptions, all projected models tend to capture the actual dynamics of cumula-
tively produced solar energy in an upward direction. Nevertheless, the difference
is formed by the effectiveness in performance of each model. It is evident from
the graph that the NN model is the one that most over predicts as the pro-
duction keeps being higher than expected with the ‘NN model’ becoming more
severe towards the end of mid 2017. This means that despite the NN model being
a very good fit to the data, it is overly fitted resulting in the predicted values
being higher than the actual values. The LR and RF models are closer to the
actual data. For the LR model, the prediction line of the model keeps bending
and the actual figures are somewhere between the line and the dashed figure.
With RF model prediction lines show slight wiggles without going further away
from the actual production values. The baseline model, shown by the dashed
yellow line, provides a straightforward, less sophisticated approach to prediction
and generally performs adequately but not as precisely as the more complex
models. Furthermore, to get a better understanding of how each model’s predic-
tion deviates from the actual cumulative solar energy production, let’s discuss
the cumulative prediction error over the same period. This plot is crucial for
understanding the accuracy of each model.

The Baseline model, represented by the blue dashed line, has a notable fluc-
tuation in terms of the prediction error especially around the mid-2017 period.
This suggests that while the Baseline model can capture general trends, it strug-
gles with more detailed or nuanced changes in the data. The LR model of the
period is represented by the orange line. It manages to attain a low error in
the first half of the period but manages for such deviance around the middle of
the year 2017. This form of deviation is indicative of seasonal or non seasonal
complexities that the LR model may have not embraced while forecasting the
possible outlook of solar energy generation. Also, the RF model shows that it
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relatively fares better than the remaining two models with regard to large devia-
tions from the predicted values while maintaining a low level of prediction error.
Stability in prediction error for the two groups suggests that the RF model is
able to combine the two aspirations adequately and therefore is not adversely
affected by variations in the data. In spite of this, it still registers some con-
siderable forecast error, more significantly at the period around the mid-2017.
Moreover, the NN model projects the least cumulative prediction error toward
the latest part of the period rather than the other way all the models have been
depicted. This high error corresponds to the overestimation that was shown in
the first graph presented above. While the NN model captures trends effectively,
its higher complexity may lead to greater sensitivity to the data, resulting in
larger cumulative errors.

To understand the performance of each model with respect to time, in the
next section, we present the monthly and hourly prediction error results.

5.3 Monthly and Hourly Error Prediction Analysis

The monthly and hourly solar energy errors prediction are shown in Fig. 5 and
Fig. 6 respectively. The prediction errors of different models Base, LR, RF, and
NN are compared in these figures.

Fig. 5. Average Monthly predictions error.

Hourly solar energy prediction errors revealed noticeable differences among
models. The Base model demonstrates the most significant inaccuracies through-
out the day due to its inability to capture diurnal variations. The NN model
demonstrated the lowest errors, mostly during peak solar generation hours
between 09:00 and 16:00. This behavior indicates exceptional performance in
modeling nonlinear solar energy dynamics. The RF model closely followed,
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demonstrating significant accuracy across different times with strong perfor-
mance during early morning and late evening hours.

Fig. 6. Average Hourly predictions error.

Furthermore, monthly solar energy prediction analysis demonstrated the RF
model’s superior capabilities. RF consistently outperforms other models across
seasonal variations. The Base model demonstrated persistent high errors, which
show the fundamental unsuitability of the baseline for long-term solar energy
forecasting. LR showed moderate improvements over the Base model but strug-
gled during transitional months, often demonstrating unnecessary seasonal peaks
and valleys. The NN model performed exceptionally well and closely tracked
seasonal trends, though marginally less accurate than the RF model in monthly
predictions.

The comprehensive hourly and monthly error analysis demonstrated the RF
model’s overall superiority in solar energy prediction across temporal scales. Its
robust performance in capturing daily diurnal and seasonal variations makes it
the most reliable forecasting approach. While the NN model showed remark-
able capabilities in daily predictions, it slightly outperformed by RF in monthly
forecasts. The LR and Base models need to be more accurate, showcasing the
critical importance of advanced machine learning techniques in modeling solar
energy generation’s complex, nonlinear characteristics.

To summarize the results, we present the overall performance of each model
in the next section.

5.4 Overall Performance

Figure 7 represents the overall performance of different models in terms of Root
Mean Square Error (RMSE), Mean Absolute Error (MAE), and R-squared (R2)
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score. We can observe from Fig. 7 that the NN model achieves the highest (R2)
score and the lowest MAE, indicating its superior performance. Furthermore, the
RF model also performs well and shows good (R2) score and MAE. However,
the LR model shows moderate performance, while the base model performs the
worst across all metrics.

Fig. 7. Overall RMSE, MAE, and (R2) Score for Different Models.

Furthermore, in order to summarize, the results Table 2 represents the fore-
cast skill score of each AI model used in terms of RMSE, MAE, and (R2)- score.
The forecast skill score is a metric used to evaluate the performance of pre-
diction models relative to a reference forecast, typically a simple baseline like
persistence forecast. It quantifies how much better (or worse) a model performs
compared to this reference. The score ranges from negative infinity to 1, where
1 indicates a perfect forecast, 0 means the model performs equally to the refer-
ence, and negative values suggest the model performs worse than the reference.
In this analysis, we’re using a 24 h persistence forecast as our reference. This
means we’re predicting that the solar energy output for any given hour will be
the same as it was 24 h ago. This type of forecast is particularly relevant for
daily cyclical phenomena like solar energy production.

Table 2. Forecast Skill Scores for Different Models

Model RMSE MAE R2

Base −0.627446−1.860570−1.648581
LR −0.183535−0.862703−0.400755
RF 0.293601 0.212368 0.501001
NN 0.297150 0.127971 0.506002
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We can see from Table 2 that:

1. Base Model performs significantly worse than the persistence forecast across
all metrics, with negative skill scores indicating it’s less effective than simply
using yesterday’s values.

2. LR also underperforms compared to the persistence forecast but shows some
improvement over the base model. Still, its negative skill scores suggest it’s
not capturing the underlying patterns effectively.

3. RF shows marked improvement, with positive skill scores across all metrics.
This indicates it’s outperforming the persistence forecast, capturing more
complex patterns in the data.

4. NN performs best overall, with slightly higher skill scores than RF in RMSE
and R2 metrics. It shows the most improvement over the persistence forecast.

Furthermore, there’s a clear trend of improved performance with increased
model complexity (from Base to NN), suggesting that solar energy production
patterns are complex and benefit from more sophisticated modeling approaches.
All three metrics (RMSE, MAE, (R2)) show consistent trends across models,
reinforcing the reliability of the performance assessment. While NN slightly out-
performs RF in RMSE and (R2) skills, RF has a higher MAE skill. This suggests
that RF might be better at reducing overall absolute errors, while NN might be
better at handling larger errors or outliers. The best models (RF and NN) show
skill scores around 0.3 to 0.5, indicating significant improvement over persis-
tence forecast but also suggesting room for further enhancement. Moreover, the
negative skills of simpler models (Base and LR) highlight the importance of
using appropriate modeling techniques for this type of data. Simply applying
basic methods can lead to worse predictions than a naive approach. The rea-
sons Base and LR models perform so poorly could involve the non-linearities,
complex temporal patterns, or important data features that these models aren’t
capturing.

6 Conclusion and Future Direction

The synergistic combination of AI and metaheuristic algorithms represents a
promising frontier in solar PV power generation forecasting. This innovative app-
roach addresses the inherent challenges posed by the variability of solar energy
and unlocks new potential for grid management and optimization. Our analysis
shows a clear trend of improved performance with increased model complexity
(from Base to NN), suggesting that solar energy production patterns are com-
plex and benefit from more sophisticated modeling approaches. Our future work
will expand the dataset with geographical locations to evaluate these models.
It will broaden the research by assessing varied or harsh climate circumstances.
We will look to include the geographical locations of Jodhpur and UAE for this
purpose. Furthermore, we are looking to explore the scalability of the proposed
model by using grid-level solar plants and comparing them with other cutting-
edge technologies to assess their strength. We will also optimize the proposed
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model using hyperparameter tuning and sensitivity analysis of principal mete-
orological variables. Our subsequent study will focus on making the proposed
model faster and more efficient, as in this study, we have used the basic version
of the proposed model. Furthermore, we will explore modifying the methodology
to incorporate the current forecasting technique and use more advanced methods
like transformers in grid management frameworks.

Future advancements in AI models and metaheuristic techniques are antic-
ipated to lead a roadmap for even more sophisticated and accurate forecasting
solutions, contributing to the seamless integration of solar energy into the global
energy mix.
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Abstract. There is a preponderance of AI-generated text everywhere
today. Literature shows that there has been considerable success in
detecting such text. This paper uses explainable AI (XAI) techniques
to get insights into the workings of the machine learning models used
to classify synthetic text. In detecting such text, this work analyzes
synthetic and genuine information from visualization and explainabil-
ity perspectives. The text is converted into vector embeddings using
Robustly Optimized BERT Pretraining Approach (RoBERTa). Varia-
tional Autoencoders (VAEs) are used for visualization and Support Vec-
tor Machine (SVM) is used for classification. Local Interpretable Model-
Agnostic Explanations (LIME), SHapley Additive exPlanations (SHAP),
and Integrated Gradients are used to explain the classification. The
experiments are done on two different types of datasets. Despite the
machine learning model achieving outstanding accuracy similar to the
previous work in the literature, it was determined that there is no clear
explanation of why the representation learning or the classification works
so outstandingly well. The explainability techniques used show that the
model focuses on words that do not clearly indicate that the text is
synthetically generated. Visualization in two dimensions shows that the
vector embeddings of both classes of text overlap significantly and that
there is no clear separation of the representations learned.

Keywords: Artificial Intelligence · Explainable AI · Intelligent
systems · Knowledge representation · Natural Language Processing

1 Introduction

As machine learning technologies advance, they enable the creation of sophisti-
cated text that often blurs the lines between authentic and artificial intentions.
Ensuring that information comes from a reliable source helps maintain trust in
communication, especially in research, academia, and other professional settings.
AI-generated content can spread false or misleading information. Identifying such
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content helps prevent the dissemination of inaccuracies until data provenance is
mandated by regulation [14]. Sometimes, this is crucial for maintaining origi-
nality and ethical standards. Among other dangers, Generative AI (GenAI) can
be used to create deceptive narratives or manipulate opinions. Being able to
identify AI-generated content is key to mitigating these risks. This work there-
fore delves into the persistent challenge of distinguishing between genuine and
synthetic information in the age of GenAI. It builds upon the previous work
which used spectral and non-spectral methods to conclude that the current rep-
resentation learning techniques are incapable of entirely capturing the veracity
of information [16,18].

Sometimes, the performance of machine learning cannot be entirely relied
upon without proper explanations [12]. As AI-generated content becomes more
prevalent, the ability to explain model outputs is crucial. LIME (Local Inter-
pretable Model-agnostic Explanations) and SHAP (SHapley Additive exPlana-
tions) are important tools in the context of classifying synthetic and genuine
information using machine learning this work uses. Both LIME and SHAP pro-
vide insights into how machine learning models make decisions. The work in
this paper highlights the capabilities of machine learning models in identifying
synthetic information and at the same time, the inadequacy of explainable AI
(XAI) techniques, LIME and SHAP in interpreting the behavior of the model.
The results from the work emphasize the need for better tools to help interpret
the functioning of machine learning models. Therefore, companies relying on
machine learning models for applications such as content moderation, academia,
or research must recognize the limitations of current XAI technologies. This
could lead to increased investment in developing more robust AI systems and
training employees to detect and better handle synthetic information.

Most of the current literature on detecting synthetic text using prevalent
embedding frameworks reports outstanding results. The contribution of this
paper is in the investigation of the following research questions:

RQ1: Are the current explainable AI (XAI) techniques, specifically, LIME
and SHAP effective in interpreting the functionality of the machine learning
model trained using SVM in separating synthetic information from genuine infor-
mation?

RQ2: Are the vector embeddings using Robustly Optimized BERT Pretraining
Approach (RoBERTa) robust enough for capturing the synthetic nature of the
AI-generated text?

The research questions are unique and provide valuable insights to drive
future research directions.

The paper is organized as follows. The next section reviews the related lit-
erature highlighting the research gap that this paper tries to fill. Sections 3 and
4 explain the datasets and methodology respectively. The next Sect. 5 describes
the experiments. Results are detailed in Sect. 6 leading to a discussion on them
and potential applications in Sect. 7. The paper concludes in Sect. 8.
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2 Related Work

There are multiple surveys [1,2] describing the literature in this regard. Large
language models (LLMs) have also been used to detect misinformation and the
reasoning behind the classifications has been discussed qualitatively and quanti-
tatively using explainability techniques [17]. Misinformation containment is diffi-
cult for various reasons [13]. But in a recent study, foundation models have been
used to detect fake images with sufficient accuracy and remarkable explainability
of their behavior using LIME, the same technique used in this work [15].

The explainability perspective of misinformation detection has also been
explored in the literature. Liu et al. [9] propose a logic-based neural model
for multimodal misinformation detection, integrating interpretable logic clauses
to enhance explainability and reliability in detecting misinformation on online
social platforms. In another research [6], a method combining two approaches
is proposed: (a) Domain Adversarial Neural Network (DANN) for generalizabil-
ity across platforms and (b) an explainable AI technique, LIME to understand
the model’s reasoning. The authors test this method on COVID-19 misinforma-
tion and show that it significantly improves detection accuracy while providing
explanations for the results.

Explainable AI and visualization techniques to enhance understanding of
disinformation detection models are proposed to aid in interpreting and pre-
senting results effectively [20]. A framework called DISCO [3] for disinformation
detection provides explainability by identifying misleading words and utilizing
a model-agnostic feature extraction scheme for transparency. Literature review
shows that more papers [5] use explainability techniques to interpret misinfor-
mation detection.

3 Datasets and Preprocessing

For a comprehensive analysis, two datasets are used for the investigation.

3.1 Human ChatGPT Comparison Corpus

The dataset used for the first set of experiments is a Question Answering Dataset
based on the public Human ChatGPT Comparison Corpus (HC3) data [4]. This
dataset’s main objective is to compare and examine the variations between
responses produced by ChatGPT and human respondents in a variety of dis-
ciplines, such as open-domain, finance, health, law, and psychology. The dataset
contains various question prompts, and answers given by ChatGPT and humans.
For the experiments, the questions that were asked from ChatGPT were not used.
Only the answers given were used. The dataset contains 24,321 question-answer
prompts, but for experimentation, only the first 15,000 answers from humans
and ChatGPT were used. The dataset was already clean and balanced, hence
pre-processing was not needed. To train the classification model, 15,000 answers
each for both classes were selected. Then the data was shuffled and split into the



232 V. S. Pendyala

train, test, and validation sets in the ratio of 8:1:1. The data was split in such a
way that the train, test, and validation sets had an equal distribution of classes.

Mostly, the answers are not easily distinguishable to humans. For instance,
for the question, “who sang I want to dance with somebody,” the human answer
is, “I Wanna Dance with Somebody (Who Loves Me) is the first single from
Whitney Houston ’s second studio album Whitney.” and ChatGPT’s answer is a
bit lengthy, “I Wanna Dance with Somebody (Who Loves Me)ïs a song recorded
by American singer Whitney Houston. It was released as the lead single from
her 1987 album Ẅhitney. The song was written by George Merrill...”

3.2 Artificial Intelligence Generated Abstracts

The Artificial Intelligence Generated Abstracts (AI-GA) dataset [22] sourced
from GitHub consists of 28,662 entries for scientific paper titles, extracted from
the COVID-19 Open Research Dataset Challenge (CORD-19) dataset [23], and
their abstracts. For half of the paper titles, the abstracts were generated using
GPT-3 and are thus not original. The dataset is prelabeled, with label 0 signify-
ing real human-written abstracts and label 1 for artificially generated ones. Each
class has 14,331 instances belonging to it, making the dataset balanced, and no
additional pre-processing was needed to be performed.

From a superficial glance, the abstracts are not too distinguishable. For
instance, here’s the beginning of an AI-generated abstract: “This paper seeks to
evaluate the effectiveness of medical and surgical decompression treatments in
patients with dysthyroid optic neuropathy. Dysthyroid optic neuropathy is a ...”.
An example of the opening sentence of a human-written abstract is, “BioMEMS,
the biological and biomedical applications of micro-electro-mechanical systems
(MEMS), has attracted considerable attention in recent years and has found
widespread applications in disease detection, advanced diagnosis, therapy, drug
delivery, ...” As can be seen, it is hard for even humans to distinguish between
the two.

4 Methodology

To test the hypothesis that the current Natural Language Processing(NLP)
embedding frameworks are inadequate and there is a need to explore other tech-
niques to differentiate human-generated and artificial text, we experimented with
the two data sources. Answer statements from the training set of the Question
Answering dataset were used to train the Robustly Optimized BERT Pretraining
Approach (RoBERTa) [10] natural language model. The model’s performance on
the predictions on the test set was analyzed using known evaluation metrics. To
interpret the model’s reasoning behind the classification of the text as fake or
original, explainability algorithms, Local Interpretable Model-Agnostic Explana-
tions (LIME) [19], SHapley Additive exPlanations (SHAP) [11], and Integrated
Gradients [21] were used on the output of the classifier.
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The goal of explainable techniques like LIME and SHAP is to explain a
model’s behavior through the human interpretable features in the dataset - in
this case, the words in the text. LIME uses a surrogate explainable model such as
logistic regression or decision tree trained on a few perturbed data items synthet-
ically generated around a specific data item in question. Hence the interpretation
is local to the specific data item. SHAP uses a concept from game theory to pro-
portionately distribute the model’s influence on the outcome across all human
interpretable features in the data. Integrated Gradients does the same - assign
importance scores to each feature based on their contribution to the output, but
by computing the cumulative gradients along a path from a baseline input to
the actual input.

In studying the AI-GA data source containing scientific paper titles and
abstracts, the dataset was split into train and test sets in the ratio of 75:25.
Text from the ‘abstract’ column of the train and test datasets is converted into
sentence-level embeddings using the Sentence Transformer library. The model
‘roberta-base-nli-stsb-mean-tokens’ is used as it was found to be better suited
for natural language processing tasks involving classification. The embeddings
generated are input to the support vector machines (SVM) algorithm to train a
model and use it to classify the text as belonging to fake or original abstracts.

To find out any underlying patterns in the fake and original text, data visu-
alization was done using variational autoencoders [7], a type of deep learn-
ing framework that uses a probability-based approach to model input sample
data. The predicted instances were analyzed using LIME and SHAP libraries to
improve the interpretability of the model output.

5 Experiments

5.1 AI/Human Generated Text Detection

To study different techniques that could help distinguish between text written by
humans and synthetically generated text, the following experiments were carried
out.
1) ChatGPT versus Human Answered Questions
To classify a text if it has been generated by ChatGPT or Human, the pre-trained
“roberta-base” model from the transformers library was used. The RobertaForSe-
quenceClassification class from the Transformers library was used to train our
RoBERTa model. It is a RoBERTa Model transformer with a sequence clas-
sification head on top. The classification head is a linear layer on top of the
pooled output. Upon analyzing the input data, it was found that the median
length of a sentence in the input texts is 144, and the 75 percentile is at 199,
so the max_length hyperparameter of the RoBERTa model was set to 256, and
padding was enabled. The model was then fine-tuned using the PyTorch library
for a total of 2 epochs, with a batch size of 32. AdamW from the huggingface
library was used as the optimizer while fine-tuning.

After training, the model was tested on the test set resulting in an F1 score of
1.00. The confusion matrix and classification report obtained after performing
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the tests can be seen in Figs. 1 and 2 respectively. The training data for the
model classification contains answers for prompts having “Explain like I’m a
five-year-old” at the end of the query. The high F1 score may be due to the low
diversity of Question-Answer prompts in the training and test data.

After the classification model was trained and ready for use, interpretation
techniques such as the Integrated Gradients and LIME were used to try and
interpret the results of the classifier. Captum library [8] was used to implement
the Integrated Gradients technique and generate attribution scores to under-
stand which features in the input text played an important role in determining
whether the texts are generated by ChatGPT or Human.

Fig. 1. Confusion Matrix for RoBERTa Classifier on HC3 Dataset.

Fig. 2. Classification Report for RoBERTa Classifier on HC3 Dataset.

2) Differentiate Real and Fake Scientific Text
With the advent of generative large language models, it could become increas-
ingly common to encounter non-original text even in academic settings. To
exemplify this we selected a dataset where half of the scientific abstracts are
generated using the GPT-3 language model, while the other half are written
by humans. All the sentences were converted from these abstracts into fixed-
length embeddings using the roberta-base-nli-stsb-mean-tokens model from the
Sentence Transformer library. This is done so that the text can be represented in
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a numeric format that is understood by machine learning classifier algorithms.
We pass these embeddings to an SVM model built using the polynomial kernel
and one-vs-one or ‘ovo’ density function. After training the model on embed-
dings for 21,496 abstracts, we test it on a corpus of 7,166 abstract entries. The
metrics accuracy, precision, recall, and F1 score were calculated to evaluate the
performance of the model.

The next step is to explore if there are any significant patterns in the dis-
tribution of the generated embeddings that would help distinguish one class of
abstracts from the other. Variational autoencoders are a type of deep learning
model that uses a probability-based approach to model sample input data. Using
the TensorFlow library, an autoencoder model was created with relu activation
function in the input encoder layer and sigmoid activation in the output decoder
layer and fitted to the text of the abstracts. While compiling results from the
autoencoder, the Mean Squared Error (MSE) and cosine embedding loss func-
tions were used to observe differences in the generated samples. The resulting
visualization models the data along its two most significant components identi-
fied and shows the distribution of the fake and original abstracts in this space.
Figure 3 shows the visualization using the loss based on cosine similarity, while
Fig. 4 shows the one based on MSE.

Fig. 3. Autoencoder Visualization of S-bert Embeddings using Cosine Similarity.

As most machine learning algorithms are black-box models, it is often difficult
to interpret the generated results for common end users to answer questions such
as why a data item was classified as such. In an attempt to explain the rationale
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Fig. 4. Autoencoder Visualization of S-bert Embeddings using Mean Squared Error
(MSE).

behind the model’s classification, the Local Interpretable Model-agnostic Expla-
nations (LIME) and SHapley Additive exPlanations (SHAP) Python packages
were used. The text from the abstract column of the dataset was converted to
a vector representation using the CountVectorizer feature extraction technique.
The vectors are passed through a logistic regression model this time and after
fitting on the training dataset, the model was used to predict the class of the
sentences in the test dataset.

These two steps of vectorization and classification are combined using a
pipeline function given as input to the LIME explainer package. Figure 5 shows
the in-text significant word identification using LIME. The features, in this case,
words, that are most important for the model’s class prediction are listed in the
middle of the figure, along with their weights. The weight of a feature indicates
how important that feature was for the model’s prediction. For example, the
word “study” has the most weight of 0.05, which means that it was the most
important feature for the model’s prediction. As can be seen, there are no signif-
icant words in the text that influence the model towards a ‘1’ class prediction.
All the words influence the model towards a ‘0’ class prediction.
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Fig. 5. Text Classification Model Explainability using LIME.

To implement SHAP, the sentences are tokenized similarly using TensorFlow
text preprocessing packages and passed to the explainer package. Outputs from
both were compared to identify specific words in the sentences that could indicate
them as being human-written or artificially generated. Figure 6 is a summary
plot from SHAP that shows the contribution of the top few words towards the
prediction. The words are shown on the y-axis. The x-axis shows the SHAP
value of each of these words. The magnitude of the value represents how much
the feature impacts the prediction. The color represents the word’s influence on
the model towards a class. In this specific case, words such as “data,” “control,”
and “conclusion” pull the classification towards 1, as denoted by the length of the
blue bars. On the other hand, words such as “associated,” “during,” and “can”
influence the model towards a 0 prediction based on the length of the red bars.

Fig. 6. In-text Significant Word Identification using SHAP.
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6 Results

For comprehensiveness, the performance of the SVM model was evaluated using
different metrics. Accuracy shows how well the models predicted the true-false
and true-negatives. Precision emphasizes true positives and the F-1 score shows
a harmonic mean of precision and recall. In addition to accuracy, F-1 score, and
precision, ROC accuracy was calculated. In a multi-class classification experi-
ment with a highly imbalanced dataset, ROC micro-averaging is preferable over
macro-averaging. Micro-averaging will aggregate the contributions of all classes
to calculate the average. However, in macro-averaging, the ROC is calculated
independently of each class, and then an average is applied to it that causes it
to treat each class equally. Thus, for the balanced dataset, it is preferable to use
ROC macro-averaging.

For the experiments on ChatGPT versus human-generated text, the model
produced a perfect classification score of 1.0 for evaluation parameters and could
correctly classify all 3000 text instances. To understand which words had a
greater impact in deciding the classification of texts, attribution scores gen-
erated by the Integrated Gradients method as shown in Fig. 7 were used. On
visualizing the top 50 score values, it was observed that the words ‘reliably’,
‘versa’, and ‘era’ had the highest occurrence in text generated by ChatGPT. To
make the class prediction more easily understandable, the significant words were
highlighted using red and green colors along with their true and predicted class
labels as shown in Fig. 8. The intensity of the green shade shows how positively
significant the word was in deciding the class while words in white are neutral
with no contribution towards the prediction.

In the case of artificially generated and real scientific abstracts, the SVM
model performed at an accuracy of 84% using sentence embeddings to classify
the text. Converting the words to vectors using the CountVectorizer method
and passing them through a logistic regression model resulted in an even bet-
ter accuracy of 90%. The model interpretability was enhanced using LIME and
SHAP-based post-hoc explanations. For a specific abstract instance, the signifi-
cant words for classification in-text were highlighted, and the relevance score for
these words in classifying the text as fake or original was also determined.

The SHAP model provides a list of significant words across the whole cor-
pus of text, and identifies the words ‘paper’, ‘into’, ‘been’, ‘its’, and ‘such’ as
being most important for classifying an abstract as fake, while the words ‘study’,
‘novel’, ‘levels’, ‘control’ were most prominent in original abstracts. This could
indicate that the artificially generated instances had more filler words such as
the prepositions highlighted.

The use of autoencoders to visualize the text data did not yield any significant
results as the points seemed to be randomly scattered along the two component
axes, and no distinguishing patterns in the distribution for the two classes could
be identified. There is considerable overlapping between the points for the two
classes around the center of the plot, indicating similar feature representations
for them. Most of the real abstracts are distributed across the top left of the plot
while the fake abstracts are more spread towards the right. Vector embeddings
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capture semantic similarity, mapping similar meanings or contexts to nearby
points in the embedding space. Each dimension of the embedding space captures
a meaningful feature. Given that the embeddings are overlapping in the reduced
dimensional space, their shared semantic content can be concluded to be similar.
The fact that one of them is synthesized is not apparent from the representation
in the two most prominent pseudo-dimensions.

The Kernel Density Estimate (KDE) plots provide a smooth estimate of
the probability distribution of a dataset, offering insights into its underlying
structure. They are useful for visualizing the distribution, identifying modes, and
detecting skewness or multimodality in data. Similar to the visualizations from
the autoencoders, the KDE plot generated shown in Fig. 9 also shows overlapping
distributions for the two classes, indicating large regions where the two classes are
not distinctly separated. For the human-written texts, the distribution is slightly
wider, implying greater variability. The fake text distribution has a sharper and
higher peak, with comparably less variability.

Fig. 7. Attribution scores using Integrated Gradients for top 50 words in ChatGPT
generated sentences.

Fig. 8. Visualization of attribution scores in-text.
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7 Discussion

Using the LIME, SHAP, and Integrated Gradients explainability modules to
improve the interpretability of the model’s results for the two sets of experiments
generated similar results. Based on the top contributing factors, in this case,
words, returned by the algorithm, no definitive words characterize synthetic and
real text. Most words are generic and could have been part of the corpus for either
text class. Using variational autoencoders to visualize the distribution of fake
versus real text samples also did not yield any clear patterns for differentiating
between the two classes.

Fig. 9. Kernel Density Estimate Plot for Class Distribution.

7.1 Potential Applications

The analysis of synthetic and genuine information through machine learning,
combined with explainable AI, has profound implications across many fields.
Assuming the results will be more encouraging in the future, the methodology
of this work can be adopted by social media platforms such as Facebook and X
to flag fake, synthetic content and also provide explanations for the same. Search
engines such as Google, news aggregators such as Yahoo News, and messaging
platforms such as WhatsApp can also do the same. The methodology proposed in
this paper can prove to be handy in content moderation and academic integrity.
Plagiarism claims can be backed up by alluding to the source of the content.
The same cannot be done for synthetic content.

By using explainable AI techniques, students can be provided with the sub-
stantiation as to why the tool flagged their content as AI-generated. Law enforce-
ment and forensic departments can gain deeper insights into their analysis of
fake news to prevent its spread. Research publishers can similarly provide bet-
ter substantiation when desk rejecting work that they suspect to be synthetic.
Law firms, government agencies, and notary services can use the methodology to
verify the authenticity of legal documents and provide substantiation for their
discovery. By enhancing trust and transparency in AI systems, XAI can help
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better identify and mitigate threats related to fake content, misinformation, and
data integrity issues. The methodology also allows users and stakeholders to
understand how decisions are made, increasing confidence in automated sys-
tems. However, at this time, from the results, it seems like there is plenty of
scope for improvement of the techniques.

8 Conclusion

The work in this paper demonstrates the superlative efficacy of the machine
learning models in identifying synthetic text. The explainable AI techniques,
LIME, SHAP, and Integrated Gradients were used to understand why a partic-
ular text was classified as synthetic or genuine. However, post-hoc explanations
generated using LIME, SHAP, and Integrated Gradients do not convincingly
bring out the efficacy of the machine learning model in distinguishing between
synthetic and genuine information. Visualizing the information in two dimensions
confirms this finding. The research shows that there is a need for better explain-
ability techniques to be able to interpret the inner workings of machine learning
models. Another possible research direction is to invent a new embedding scheme
for text that is capable of capturing the genuineness of its information content.
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Abstract. Synthetic data is commonly used today in machine learning. From the
traditional statistical approach of imputing missing information, the data genera-
tion techniques have now leaned towards machine learning and artificially intel-
ligent generative techniques. Generative Adversarial Networks (GAN) and Vari-
ational Autoencoder (VAE) are the techniques employed. Tabular data is most
common in industrial research. TVAE generates synthetic data which is tabular
and available as a part of synthetic data vault (SDV) introduced by Neha Patki
et al. Hence, we pick TVAE, perform an in-depth analysis on existing literature and
experimentally highlight the strengths and limitations of TVAE, conducted using
different types of tabular data. TVAE as such, completely ignores the minority
samples in the dataset. Hence, we modify the data generation algorithm by intro-
ducing another set of encoder and decoder to oversample only those categorical
sub classes which is small in representation and provide that information to the
latent space. Our experiments reveal that, despite the several techniques proposed
in various literature regarding sampling and balancing the data using VAE, TVAE
struggles in producing the categorical values for a subcategory and the associated
target class within a feature when the sub-categorical value is a minority. Based
on our experiments and analysis, we see a need for further study on modeling the
TVAE to produce a well-balanced dataset.

Keywords: Table Variational Autoencoder · Synthetic Data Vault · Generative
Adversarial Networks · SMOTE · ADAM

1 Introduction

The concept of synthetic data was first proposed by Donald B Rubin [1]. However, as
machine learning and artificial intelligence gained popularity, the techniques of gen-
eration shifted towards artificial intelligence. The inception of Generative Adversarial
Networks (GAN) [2] led to numerous works around synthetic data generation using
GAN [3, 4]. In similar vein, Neha Patki et al. [5] presented Synthetic Data Vault (SDV)
to build synthetic data generatively. Table Variational Auto Encoder (TVAE) is one of the
libraries available within SDV package. It is based on Variational Auto Encoder (VAE)
which was originally proposed by Diederik P. Kingma and Max Welling [6].

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2025
D. Garg et al. (Eds.): IACC 2024, CCIS 2434, pp. 243–254, 2025.
https://doi.org/10.1007/978-3-031-84602-1_17

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-84602-1_17&domain=pdf
http://orcid.org/0000-0002-4574-6688
http://orcid.org/0000-0003-2638-7170
http://orcid.org/0000-0001-5679-2367
https://doi.org/10.1007/978-3-031-84602-1_17


244 A. Kiran et al.

Figure 1 shows the architecture of TVAE which employs two independent modules
known as Encoder and Decoder. Encoder extracts the mean, variance and standard devi-
ation from the real data provided during the training and updates the information in
the latent space. Encoder uses functions such as softmax, cross entropy and Kullback-
Leibler Divergence (KLD) as a measure to improve prediction and the information gets
updated in the latent space. The decoder uses the noise which is the summation of the
matrix of zeros (mean) and ones (standard deviation) of defined size, extracts the sta-
tistical information from the latent space to reconstruct the data that matches the input
data.

Fig. 1. TVAE Architecture

Generally GANs are considered to produce superior images and are better suited for
image generation but they pose several challenges with high dimensional parameters [7].
Conversely, TVAE is much simpler, easier to interpret [8]. TVAE also displays better
efficiency. However, the limitation observed, as highlighted in their work by A. Kiran
and S. Saravanakumar [9] is, TVAE encounters difficulties when creating synthetic data
in situations where data is not balanced. TVAE completely ignores the representation of
any subcategory of a categorical column in the training dataset. This presents a signifi-
cant challenge to the resultant datasets as most of the subcategories get eliminated. This
happens because the models make assumptions and over simplify the posterior distribu-
tion [10]. In the real world, the healthcare data and financial domain data in specific will
have significant data imbalance. Hence it becomes important to explore how the TVAE
synesthetic data generator can be improved.

Therefore, the objective of our work is

• to analyze the prior contributions related to VAE
• enhance the TVAE algorithm, which is achieved by picking specific sub class in the

categorical column that are represented in small number
• oversample the representation and put them into the latent space so that decoder has

better sample representation to reproduce from, enabling it to produce synthetic data,
even in scenarios where there exists a substantial disparity between the larger and
smaller representation of categories within the feature of the original dataset.

The sections to follow in this paperwill delineate the relevant literature,methodology,
experimental procedures encompassing the setup and dataset employed, the obtained
results, and finally, the conclusion.
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2 Related Work

The short coming of VAE was first highlighted by Burda et al. [10] where they analyze
that the VAE just assumes and simplifies the distribution rather than considering the
entire model. They suggest a weighted model by lowering the weightage of the decoder
or applying more constraints to recognize the distribution rather than making assump-
tions. To improve the learning in the VAE, S. Zhao et al., [11] suggest using maximum
mean discrepancy (MMD) instead of evident lower bound (ELBO) that uses KL diver-
gence. They concluded with the experiments on MNIST data that MMD is able to learn
more information from the latest space. To address the specific issues related to imbal-
ance in the data set, Y. Zhao et al., [12] utilized the information from the entire dataset
to oversample the minority classes. They leveraged VAE algorithm to perform oversam-
pling and referred to their approach as Conditional VAE with self-transferred algorithm
(CVAE-SeTred), as the knowledge and instructions were transferred from the majority
to the minority class. In their approach the minority and majority sub classes were split,
two sperate encoders were trained independently to generate the latent data which is
then used by the decoder for recreation. All these techniques focus on image classifi-
cation, not on tabular data. Fajardo et al., [13] introduce a two 2 stage latent structure,
one to address only the independent variables of the dataset “x” and the other one which
takes the distribution of both independent “x” and dependent variable or the target class
“y”. Experiments are focused on the accuracy of the machine learning algorithm using
oversampled data. It does not conclude if all the other subcategories in the data set was
reproduced as desired. Method introduced by Chunakai Zhang et al. [14] also discuss
oversampling only the target class. Tab-VAE presented by Tazwar et al. [8] proposes to
use “softmax” instead of gaussian distribution on categorical or discrete values which
TVAE has already adopted. With the proposed approach, we intend to achieve a good
representation of the less observed value in every column of the resultant tabular dataset.
To achieve this, we introduce a new layer of encoder and decoder, make modifications
to the TVAE class and analyze results.

3 Methodology

As shown in Fig. 2, we generate synthetic data using TVAE in three iterations. In the
first iteration, synthetic data is generated as-is without performing any modification to
the TVAE. In the second iteration, we introduce the sampling logic, which is explained
in Sect. 3, Fig. 3. In the third iteration, the real data is balanced using SMOTE [15]
and then used in generation of the synthetic data with TVAE. The resultant data sets
generated in the three iterations are compared to validate how the proposed modification
to the TVAE performs and if it can achieve the intended objective.

4 Experiments

Our goal is to pick each subcategory from columns with discrete data and check if
the samples within the subcategory have enough representative samples. If a sub class
is found to have lesser representation, then oversample it, just enough to have a fair
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Fig. 2. Methodology used in experiments

representation. This methodology is repeated for each column. As can be seen in Fig. 3,
the TVAE ismodified to use two encoders and two decoders. The first pair of encoder and
decoder are used to sample the subcategories with less representation. Once the samples
are created, it is concatenated with the original dataset and then the second encoder is
trained with the consolidated dataset.

Fig. 3. An oversampling methodology to have a fair representation of minority subgroups in the
resultant dataset generated using the TVAE synthetic data generator

4.1 Algorithm

The algorithm is as follows
Let

N be the number of rows in the dataset.
X be the input sample dataset
xmajority be the dataset with all the tuples relating to majority target class.
xminority is the intermediate dataset with tuples pertaining to only minority data
nminority represent the number of counts of the minority class.
columnsUnique Unique subcategories within the column
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Sampling Algorithm

Define sampling_weightage (decimal value between 0 and 1)
for all columns in dataframe

get all 
get 

if is BETWEEN 2 and 6 (If the subcategory is only one, its not cate-
gorical, hence it is discarded)

get the count of discrete values within  
= count of values in / length of dataframe

if  <  1/total number of categories
get all minor class values which is 
sampling_size = (N – (2* )) * sampling_weightage 

= Fit the new layer of encoder and decoder with 
with the desired sampling_size

= U
end if

          end if
end for

Fit TVAE with 

We override the fit function of TVAE by introducing our algorithm. The columns
with categorical values are picked and the ratio of count of records in every category
is checked in relation with the total count of records in the dataset. If the ratio is less
than the fraction of total number of categories, then those samples are used and fed into
another encoder/decoder pair for oversampling.

Second parameter considered is the amount of oversampling. An established app-
roach is, themaximum size for minority sampling is equivalent to the size of themajority
dataset, ensuring an equal ratio between the two classes. However, this approach may
result in an overly balanced dataset, which is not the desired outcome. The goal is to
generate just enough samples while still maintaining the imbalance to resemble the real
dataset, rather than achieving a perfectly balanced dataset. To achieve this, a sampling
weightage factor is utilized that determines the desired number of samples of the minor-
ity sub class in the resulting dataset. This weightage is specified during the generation
process. The integer and float values are not considered except for target class.

4.2 Data

Table 1 presents the sample data that was used in our experiments. Each of the dataset
is judiciously chosen based on their target class distribution, the data types and the
combination of discrete, continuous and categorical column to test how our algorithm
would perform as compared to the non-modified TVAE synthetic data generator.
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Table 1. List of datasets with their specifications used as samples to generate synthetic data using
TVAE.

Dataset Data types Rows Features
(Columns)

Discrete
columns

Target class Target
%

Stroke
Dataset

categorical,
continuous,
discrete

43401 12 8 Biopsy 1.80

Cervical
Cancer

discrete and
categorical

858 36 31 Target 6.41

Credit Card
Approval
Prediction

discrete and
categorical

25129 21 15 Status 0.49

Credit Card
Farud

continuous 284808 31 1 Class 0.17

Titanic continuous,
discrete

891 12 5 Survived 38.38

HR Analysis categorical,
discrete

21287 14 7 Target 24.93

Verifying if the TVAE is able to generate all the right samples of the sub categorical
classes in the dataset is the primary objectivewhereas the secondary validation is to check
the generic and specific utility [16] of the generated data.Generic utility is validated using
a two-step approach. 1) Verifying the presence of the sub categorical values with respect
to its target class and, 2) Compare the Correlation map, Entropy and KL divergence
in relation to the real data. The specific utility is validated by comparing the accuracy
of logistic regression algorithm trained with the real data and synthetic data generated
using the TVAE.

5 Results

The evaluation is carried out by comparing the generic utility, which is the statistical
resemblance of the synthetic data set with the original data and then the specific utility
which is comparing the accuracy of ML algorithm trained using the synthetic data. This
section tabulates the results in chronological order. First, we compare the generic utility
of the synthetic dataset generated using the three different iterations as explained in the
methodology section. Table 2 tabulates the column with the categorical data that was
used for assessment as a sample. Cervical cancer and credit card fraud datasets did not
have any categorical columns to compare.

Figure 4 illustrates the comparison of the categorical columns in the real dataset (a),
Synthetic data generated using TVAE after balancing the real dataset using SMOTE (b)
and the data generated using TVAE generator using the custom sampling technique.

Cerebral stroke andHRAnalysis datasets are shownas illustrations.Theplot provides
a relationship between categories of work type against having stroke. The bar depicts the
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Table 2. Comparison of column with categorical data in the real dataset and the categorical class
that was never produced in the synthetic data set generated using the TVAE generator.

Data set Column considered for
validation

Categories in
original dataset

Categories lost in
generation

Stroke Dataset Work_type Children,
Private,
Never_Worked,
Self_Employed,
Govt_Job

Govt_Job

Credit Card Approval
Prediction

Income_type Working,
Commercial
associate,
State Servant,
Student,
Pensioner

Pensioner

Titanic Embarked S, C, Q

HR Analysis Company_type Pvt Ltd,
Funded Startup,
Early-Stage
Startup,
Other,
Public Sector,
NGO

Public Sector, NGO

number of occurrences of the respective categories in the dataset. Table 2 provides the
tabulation of all the datasets and the corresponding columns chosen in the experiment.

Table 3 provides the comparison of the Euclidean distance of the categorical columns
picked as sample to validate the datasets. Euclidean distance calculates the distance
between two points. The distance of the chosen column value is compared between real
data and synthetic data.

After the comparison of individual subcategories in the categorical columns, we
also compare the utility of the generated data using KL divergence which measures the
distance between probability distribution of the real data and the synthetic data and also
the entropy, which is the error introduced in the generation. Table 4 provides the values
observed for the same.

The comparison of correlation matrix for real and the synthetic data generated for
cerebral stroke using TVAE with the customized oversampling algorithm is shown in
Fig. 5a and 5b and Fig. 5c provides the comparison of roc_auc curve. Table 5 provides
the roc_auc scores for all the datasets used in the experiment.

Finally, the synthetic data is generated using GAN based generator from the SDV
package to compare how the algorithm introduced for TVAE perform against GAN
based generator. Figure 6 shows the data distribution for categorial columns for Real
data, Synthetic data generated usingTVAEwith enhancement and then the data generated
using DPCTGAN.
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Cerebral stroke dataset

HRA dataset

a b c

Fig. 4. Comparison of the Cerebral Stroke real data, synthetic data generated using TVAE after
balancing the input data with SMOTE and TVAE generated synthetic data with the new oversam-
pling technique that is introduced in this paper. Comparison shows different categorial classes
of work_type column and their respective distribution against the target class for cerebral stroke
dataset and the company_type against the target for HRA data.

Table 3. Euclidean distance comparison of specific categorial column against datasets generated
using the three different variations

Datasets Column TVAE AS-S TVAE with Sampling SMOTE-TVAE

Stroke Dataset work_type 64.490309 71.805292 87.441409

Credit Card Approval
Prediction

Income_Type 95.451558 98.325988 119.230868

Titanic Embarked 22.135944 26.720778 0

HR Analysis Company_Type 84.017855 84.397867 83.234608

6 Discussion

Our experiments and comparison of generic and specific utilities of the real dataset and
the synthetic dataset generated using three different techniques with TVAE generator
reveal that the TVAE generator as-is with no modification fails to generate the subcate-
gories and target class that are less in representation,which is evident fromTable 4,where
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Table 4. Tabulation of Kullback-Leibler Divergence and entropy for the datasets generated using
three different techniques.

TVAE AS- IS TVAE with Sampling SMOTE-TVAE

Data set KLD Entropy KLD Entropy KLD Entropy

Stroke
Dataset (age)

68152.777 0.7902 32121.705 0.37142 68123.342 0.277081

Cervical
Cancer (age)

2200.5719 0.0951 2411.3052 0.10457 2056.7322 0.08391

Credit Card
Approval
Prediction
(Good Debt)

26319.333 0.7471 27297.423 0.53575 37899.916 0.522672

Credit Card
Farud

No categorical columns to compare

Titanic (age) 5606.1166 0.2116 7066.408 0.26686 inf inf

HR Analysis
(training hrs)

81495.247 0.5017 106904.371 0.66881 98826.919 0.431196

Fig. 5. Comparison of correlation map for cerebral stroke real dataset (a) and synthetic data (b)
Fig. 5c is the ROC Curve of Logistic classifier algorithm trained on real data, tvae generator as-is,
the tvae generator with custom sampling logic and finally data generated using combination of
smote and tvae

the target class were never generated. The data generated using the TVAE with the algo-
rithm provided under Sect. 4 which is a variation of technique provided by [12] Y. Zhao
et al. Looks good with all the metrics such as Euclidean distance, KLD, Entropy, Corre-
lation and the specific utility using ML algorithms accuracy scores. However, when the
data set is analyzed more closely by comparing individual categories and subcategories
within the dataset, we observe that the minority representation is not fully reproduced.
Table 2 tabulates the categories that is completely discarded during the data genera-
tion. This is also evident from Fig. 4 showing the comparison for cerebral stroke and
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Fig. 6. Comparison of the distribution of categories found in work_type column in Real Data (a)
and synthetic data generated using the enhanced algorithm of TVAE (b) and DPCTGAN (c)

Table 5. Comparison of ROC_AUC scores of the real data with synthetic data generated using
three different techniques

Datasets Real Data TVAE AS-IS TVAE with
Sampling

SMOTE-TVAE

Stroke Dataset 0.8576996 DNG 0.9679287 0.9956866

Cervical Cancer 0.9788728 DNG 0.9801090 0.9460171

Credit Card
Approval
Prediction

0.9978564 DNG 0.9934098 0.9423336

Credit Card
Farud

0.9887823 DNG 0.9969780 0.9571368

Titanic 0.8493087 0.8652266 0.9205976 0.8318623

HR Analysis 0.7496894 0.7116442 0.7510220 0.6450947

HRA datasets. Table 3 provides the information for other datasets used in experiements.
The processing also takes more time as there is an additional oversampling step that is
introduced. The is considerable when the number of categorical columns increase.

During the process of data generation, modifications were made to the optimizers
to assess their impact on the resulting data. Among the various optimizers utilized, the
ADAM produced the best results. The betas, weight_decay, amsgrad and epsilon values
were not altered. Except the learning rate no other parameter had a major impact on the
resulting outcomes. Similarly, alternative optimizers such as NADAM, SGD, Adagrad
and RMSProps were also tried. There were no significant changes in the results.

The approach used is to pre-process or balance the sample data using SMOTE and
then using TVAE generator to generate the synthetic data produced satisfactory results
as seen in Fig. 4, Table 3 and Table 4. Finally, from Fig. 6, we observe that the enhanced
algorithm of TVAE provides a comparable result with the data generated using GAN
based generator.
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7 Future Scope of Work

The objective to produce enough samples of the subcategories with minority represen-
tation is achieved with the enhanced algorithm. However, there are still inconsistencies
in the generation that must be explored further, specifically focusing on the information
in the latent space that could help the decoder in better reproducibility of real data. Sec-
ond area is to improve the efficiency, as the number of categories increase, the resource
utilization increases. Third area of focus is to understand impact of oversampling on
overfitting, as observed from the scores tabulated in Table 5, the models tend to overfit
when theminority samples are extremelyminuscule as in the case of credit card datasets.

8 Conclusion

TVAE synthetic data generator produces synthetic datasets which are like real datasets
when the dataset iswell balanced. This is evident from the experiments thatwe conducted
both using balanced dataset and also, when the balance was achieved using SMOTE
prior to feeding the samples to TVAE for data generation. However, when there is an
imbalance, TVAE still struggles to produce datasets that are acceptable. Introducing
the new algorithm to oversample the minority categories does produce favorable results
as it is tabulated in the results section where most of the generic utility and specific
utilities provide comparable results with that of real data. However, a detailed analysis
of the underlying structure of the dataset still shows that the categories that has lesser
representation are not reproduced. Therefore, we recommend further investigation on
TVAE, specifically the latent space parameters so that the decoder can learn better even
from the minute sample to produce datasets that match the real data samples. For users
of synthetic data who want to use TVAE for its ease and efficiency, balancing the input
sample before the generation is recommended.
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