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Preface

We are delighted to introduce the proceedings of the third edition of the Pan-African
Artificial Intelligence and Smart Systems Conference (PAAISS 2024). This conference
brought together leading academic research scientists, industry practitioners, indepen-
dent scholars, and innovators from across the African continent and the world, to explore,
exchange, and discuss the challenges and opportunities of harnessing the capabilities of
Artificial Intelligence (AI) and Smart Systems (SS), which have emerged as the engine
of the next wave of future innovations.

The theme of PAAISS 2024 was “Advancing Al research in Africa”. The technical
program of PAAISS 2024 consisted of 39 full papers, carefully selected from 103 sub-
missions, for oral presentation sessions at the conference tracks. All the submissions
were full papers with no invited papers. The peer review process was conducted with the
highest standards of academic rigor and integrity. All submissions underwent a rigorous
single-blind peer review process, where each submission was reviewed by a minimum
of 3 reviewers, who assessed the contributions based on their originality, scientific merit,
relevance to the conference themes, and overall quality. In keeping with our commitment
to fairness and transparency, any contributions co-authored by members of the confer-
ence committee were handled with particular care. To avoid any potential conflicts of
interest, these submissions were reviewed by external reviewers who had no affiliation
with the authors or the committee member. This ensured an objective evaluation of all
contributions, maintaining the integrity of the peer review process.

Apart from the presentations of high-quality technical papers, the technical program
also featured a welcoming address by Neil Koorbanally, acting DVC of Research, Uni-
versity of KwaZulu-Natal, South Africa, an address by Thomas Ndousse-Fetter, Imhotep
Geostrategic Innovations, USA, and five keynote speeches. First, we would like to extend
our heartfelt thanks to Neil Koorbanally and Thomas Ndousse-Fetter, whose words set
the stage for a thought-provoking and inspiring conference, capturing the essence of
the themes we explored throughout the event, and challenging us to think critically
about the future of Al and SS in Africa. Then, we would like to extend our deepest
thanks to our distinguished keynote speakers, whose insightful and stimulating presen-
tations enlightened the conference. Their expertise and vision sparked rich discussions.
Their contributions truly were a highlight of this event, and we are incredibly grateful
for their participation. The five keynote presenters were Michael Felsberg, Linkoping
University, Sweden; Bigomokero Antoine Bagula, University of Western Cape, South
Africa; Sudeep Tanwar, Nirma University, India; Foutse Khomh, Polytechnique Mon-
tréal, Canada, and Jerry John Kponyo, Kwame Nkrumah University of Science and
Technology, Ghana.

An international conference of this size requires the support and hard work of many
people to produce a successful PAAISS 2024 technical program and conference pro-
ceedings. Our Steering Committee chair, Dr. Thomas Ndousse-Fetter was essential for
the success of the conference. We sincerely appreciate his vision, constant support, and
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guidance. Our sincere appreciation also goes to the excellent Organizing Committee,
whose tireless work behind the scenes ensured the success of this conference. From the
early stages of planning to the final execution, their commitment to detail, organization,
and the overall success of the event has been essential. We are grateful for their vision
and dedication in making this conference a reality.

We are equally thankful to the various Track Chairs and Co-chairs, who played a
crucial role in curating the content and overseeing the sessions. Their expertise and lead-
ership helped shape the high quality of the program and facilitated engaging discussions
across the various themes of the conference.

Our heartfelt appreciation also goes to the Technical Program Committee members,
whose meticulous, rigorous, and timely review of the submitted papers ensured that only
the highest-quality research was presented at the conference and made it into these pro-
ceedings. Their valuable feedback and constructive critiques have significantly elevated
the caliber of this year’s proceedings, and we are grateful for their time and effort. We
also would like to express our sincere thanks to the authors of the papers featured in
these proceedings. Your hard work, creativity, and dedication have made this confer-
ence a forum for sharing new ideas and advancing the frontiers of Al and SS. Without
your contributions, this event would not have been possible, and we are grateful for the
opportunity to showcase your research.

Finally, we would like to express our sincere gratitude to our hosts and sponsors, the
University of KwaZulu-Natal and the Convention Bureau of Tourism and Film KwaZulu-
Natal. Their generous support not only made the conference possible but also allowed us
to enhance the overall experience for all participants. Special thanks to Jules-Raymond
Tapamo, Serestina Viriri, and the University of KwaZulu-Natal administrators who led
the local organization. We are also grateful to the Southern Sun Elangeni Maharani hotel
for hosting the conference for in-person sessions.

We strongly believe that the PAAISS conference will continue in the coming years
to be an excellent forum for all researchers, developers, and practitioners to discuss the
related up-to-date science, technology, and practical aspects of Artificial Intelligence and
Smart Systems. We also expect that the future PAAISS conferences will be as successful
and stimulating, as shown by the contributions presented in this volume. We do hope
that you will enjoy reading these proceedings.

Isaac Woungang

Telex M. N. Ngatched
Jules-Raymond Tapamo
Serestina Viriri

Thomas Ndousse-Fetter
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Abstract. The application of artificial intelligence (AI) has grown sig-
nificantly due to recent advances in machine learning (ML). However,
deploying ML models within distributed computing environments intro-
duces substantial challenges, particularly in terms of scalability and
explainability. This review addresses the concept of scalable explainable
AT (XAI), focusing on effective methodologies for deploying XAI across
various distributed frameworks. The study aims to advance the devel-
opment of transparent, reliable, and scalable Al applications, thereby
ensuring greater trust and broader adoption in diverse operational envi-
ronments.

Keywords: Artificial intelligence - distributed systems - machine
learning - XAI

1 Introduction

Explainable artificial intelligence (XAI) presents a crucial transformation in how
we understand, trust, and manage Al systems [1,2]. The transparency and inter-
pretability of AI are now technical requirements and are increasingly seen as
indispensable due to ethical and regulatory considerations [3]. Such transparency
ensures that AT decisions can be understood and trusted by users and aligns with
broader goals of accountability in automated systems. The significance of XAI
thus spans various sectors, from healthcare diagnostics to financial services and
smart grids, where the decision-making processes of Al systems must be clear
and justifiable [4].

Meanwhile, as data volumes grow and computational models become more
complex, the ability to scale these systems becomes crucial [5]. Scalability
impacts the efficiency and speed of data processing and the overall effectiveness
of ML solutions. It ensures that as datasets grow and models become more intri-
cate, the performance and accuracy of these systems do not diminish but instead
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improve or maintain their effectiveness. This led to the emergence of distributed
computing, a vital technology in modern Al. It enables the processing and anal-
ysis of large-scale data across clusters of computers [6,7]. Frameworks such as
Apache Hadoop and Apache Spark have become synonymous with scalable data
processing, which plays a crucial role in the deployment and operational effi-
ciency of large-scale ML models. These technologies facilitate the management
of big data and ensure that AI applications remain robust and scalable across
various computing environments.

As Al models become more integrated into critical aspects of society, includ-
ing healthcare, finance, and public safety, the demand for transparency and
accountability in these systems has increased. Regulatory bodies worldwide are
beginning to impose stricter guidelines that mandate explainability in Al sys-
tems to ensure they are fair, transparent, and accountable. For instance, the
European Union’s General Data Protection Regulation (GDPR) includes pro-
visions that can be interpreted to require explainable AI processes in certain
contexts [8].

Furthermore, AI technologies are evolving rapidly, with advancements in ML
models that are increasingly complex and harder to interpret [9]. This complexity
challenges traditional explanation methods and demands innovative approaches
to make these systems understandable without sacrificing performance. Scalable
XAl is critical in this context because it seeks to bridge the gap between advanced
ML techniques and the practical need for clear, understandable AI decision-
making processes across large-scale, distributed environments.

This review aims to synthesize current research on scalable XAI, examining
how explainable Al models are deployed across different distributed computing
frameworks. It aims to address the inherent challenges and present potential solu-
tions to deploying and interpreting XAI at scale. Furthermore, the review will
explore future research directions and innovations needed to advance the field,
making substantial contributions to academic research and practical applica-
tions in scalable XAI. In addition, the rapid growth of big data and the increas-
ing adoption of cloud and distributed computing technologies have amplified
the need for scalable XAI solutions that can operate efficiently across different
frameworks and infrastructures. This review is, therefore, crucial to advancing
the understanding of how X AT can be effectively implemented at scale, address-
ing both technical challenges and the broader implications for society.

The rest of the paper is organised as follows: Sect. 2 discusses the theoreti-
cal frameworks of explainable Al, including common techniques, and evaluation
metrics. Section 3 presents an overview of distributed computing frameworks,
while Sect. 4 discusses challenges in scalable XAI deployment. Section 5 presents
methodologies for scaling XAI, Sect.6 discusses future research directions, and
Sect. 7 concludes the paper.

2 Theoretical Framework of XAI

XAT aims to make the outcomes of Al models transparent, understandable, and
trustworthy. The core principles of XAI are centred around three fundamental
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concepts: transparency, intelligibility, and accountability. Transparency ensures
that the operations and results of AI models are visible and accessible to a wide
range of stakeholders, including developers, end-users, and regulators, without
requiring specialised knowledge to interpret these processes [3]. This openness is
crucial for fostering trust and facilitating the broader adoption of AI technolo-
gies.

On the other hand, Intelligibility relates to the ability of Al systems to express
their functionalities and rationales in human-comprehensible terms. This means
that the system should be able to explain or present its behaviour and the logic
behind its decisions in an understandable way to its users [10]. This aspect is
essential in complex systems where decisions need to be demystified for non-
expert users. Lastly, accountability in XAI refers to the clear attribution of
decisions made by Al systems [3]. This principle ensures that Al operations are
transparent and understandable and that there is a clear line of responsibility
for the actions taken by these systems. This is critical for ethical considerations,
where it is necessary to pinpoint where the responsibilities lie, particularly in
scenarios where decisions may significantly impact individuals or communities.

2.1 Common Techniques in XAI

Different techniques and tools have been developed to aid the implementation
of explainability in AI systems. These tools and methods vary widely in their
approach and the type of explanations they generate:

Feature Importance Methods. Techniques such as SHapley Additive exPla-
nations (SHAP) and Local Interpretable Model-agnostic Explanations (LIME)
play a crucial role in XAI by quantifying the contribution of each feature to the
decision made by the model. SHAP leverages concepts from cooperative game
theory, specifically the Shapley value, to assign an “importance” value to each
feature for a particular prediction [11]. The Shapley value ¢; for a feature i is
defined as:

o= ¥ FREZE=R0s0 - o)
SCN\{i}

where N is the set of all features, S is a subset of features excluding ¢, and v(S)
is the value function that measures the prediction’s accuracy with subset S of
features. This formulation ensures a fair distribution of contributions based on
the marginal contribution of each feature across all possible combinations.
Conversely, LIME approximates the local behaviour of complex models with
simpler models that are easier to understand. It modifies the input data by
perturbing the feature values and observes the changes in the output [12]. The
explanation model, typically a linear model, is then trained on this new dataset
to approximate the predictions of the original model locally. The coefficients of
the linear model provide an interpretable representation of feature importance:
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where ¢ is the prediction, 3; are the coefficients indicating the importance of
each feature x;, and [y is the intercept. This model is used to explain individ-
ual predictions by showing which features contribute most significantly to the
model’s output, and in what way. Both SHAP and LIME provide powerful tools
for interpreting the decisions of machine learning models.

Model Visualization. This technique involves tools that visualise the inner
workings and decision paths within models, which is especially useful in complex
models like neural networks. Visualisation can include displaying layers, weights,
neurons, and activations, allowing users to visually track how inputs are trans-
formed into outputs [13]. This method is crucial for diagnosing and debugging
model behaviour, particularly deep learning.

Surrogate Models. Surrogate models are simplified approximations that
mimic the behaviour of more complex models. These models are particularly
beneficial when the original model is too complex to be directly interpretable,
allowing for an easier-to-understand model to stand in as an explanatory proxy
[14]. Mathematically, a surrogate model is typically trained to approximate the
decision function of the original model by using a simpler or more interpretable
model structure, such as linear regression or decision trees. For a given complex
model with a decision function f(x), where z is an input feature vector, the
surrogate model g(x) is trained on a dataset generated by sampling from the
distribution of « and obtaining corresponding outputs from f(z). The objective
is to minimise the discrepancy between the predictions of the complex model and
the surrogate model, typically measured by a loss function L. The formulation
can be represented as:

g(x) = argmin L(f(2), g(x))

where L is a suitable loss function, such as mean squared error for regression
tasks or cross-entropy loss for classification tasks. The choice of the surrogate
model g(z) and the loss function L depends on the specific requirements for
interpretability and the nature of the original model’s outputs.

2.2 Evaluation Metrics for Explainability

Evaluating the effectiveness of XAl systems involves assessing how well the expla-
nations meet users’ needs for understanding and trusting Al systems. To measure
the quality and utility of explanations, several key metrics are commonly used:
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Fidelity. Fidelity measures how accurately explanations reflect the behaviour
of the AI models. High fidelity in an explanation means that it truly reflects
the operations and outcomes of the model it explains, ensuring that the user’s
understanding is based on an accurate representation of how the model functions
[15]. Mathematically, it can be expressed as:

N
Fidelity = 1 — % D o If (i) = glai)]

i=1

where f(z) is the original model’s output, g(z) is the output of the surrogate
model used for explanation, and N is the number of samples. A lower value
indicates a higher fidelity, meaning the explanation closely mirrors the model’s
behaviour.

Consistency. Consistency assesses whether similar explanations are generated
for similar instances or across different models performing similar tasks [15]:

N

Consistency = % Z 1(e(x;) = e(x]))

i=1

where e(x) represents the explanation for input z, 2} is a perturbed version of
x; such that f(z;) = f(z}), and 1 is the indicator function. High consistency
means that the model provides stable explanations across similar scenarios.

Comprehensibility: This metric evaluates how easily human users can under-
stand the explanations [16]. No matter how accurate, an explanation must be
interpretable to the end user to be considered beneficial. Comprehensibility
involves using clear, understandable language or visualisations that make sense
to users without specialised knowledge, thereby democratising the use of Al
technologies.

Coverage: Coverage refers to the extent to which the explanations apply to var-
ious situations the Al system may encounter. This metric looks at the robustness
of the explanation across all possible inputs and scenarios in which the model
operates [17]. High coverage ensures that explanations are not just applicable to
a narrow set of cases but are broadly applicable, enhancing the overall reliability
of the Al system.

3 Distributed Computing Frameworks

Distributed computing plays a crucial role in modern Al by enabling the pro-
cessing and analysis of large-scale data across networked computers and servers.
Various distributed computing frameworks have become essential in the devel-
opment and deployment of AI applications due to their ability to handle vast
amounts of data and complex computations, including;:
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3.1 Apache Hadoop

Originally designed for web-scale indexing, Hadoop has evolved into a robust
framework that supports the distributed processing of large data sets across
clusters of computers using simple programming models. It is designed to scale
from a single server to thousands of machines, each offering local computation
and storage. The framework’s core includes a storage part, known as Hadoop
Distributed File System (HDFS), and a processing part called MapReduce [18].
Hadoop is widely used for batch processing of data, making it suitable for tasks
where data size and complexity require substantial computational power and
storage.

3.2 Apache Spark

Developed to address the limitations of MapReduce in processing time-sensitive
data, Spark provides an in-memory data processing capability that significantly
speeds up the analytical process [19]. Known for its speed and API ease, Spark is
a fast and general-purpose cluster computing system. It supports high-level APIs
in Java, Scala, Python, and R, along with an optimized engine that supports
general computation graphs for data analysis. Spark is particularly beneficial for
real-time analytics and ML tasks requiring quick iterative data access.

3.3 Google’s TensorFlow with TensorFlow Extended

As a more specialized framework, TensorFlow offers comprehensive, flexible
ecosystems of tools, libraries, and community resources that let researchers
push the state-of-the-art in ML, and developers easily build and deploy ML-
powered applications [20]. TensorFlow Extended (TFX) is an end-to-end plat-
form designed to deploy production ML pipelines - from data ingestion and
preparation to training, validation, and serving. It is particularly effective for
deploying deep learning models in distributed environments, optimizing com-
putational efficiency and allowing for scalable, robust deployment of complex
models.

4 Challenges in Scalable XAI Deployment

The deployment of scalable XAI systems presents several challenges that
stem from data management complexities, model intricacies, and infrastructure
requirements. These challenges must be addressed to ensure effective scaling of
XAT across different platforms and environments.

4.1 Data Management Issues

Effective data management is critical for the successful deployment of Al sys-
tems, especially when scalability and explainability are required. Key issues
include:
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Volume, Velocity, and Variety. The three Vs of big data pose significant chal-
lenges in XAI. High volume requires scalable storage solutions that efficiently
accommodate terabytes or even petabytes of data [21]. High velocity demands
robust real-time processing capabilities to handle streaming data that must be
analyzed as it is captured. High variety involves managing and integrating diverse
data types and sources, from structured numerical data to unstructured text,
images, or videos. Each aspect complicates the training and explanation pro-
cesses within Al systems, as they require sophisticated algorithms to ensure
accurate and interpretable results.

Data Privacy and Security Concerns. As Al systems handle increasingly
sensitive information, ensuring data privacy and security becomes paramount.
This involves implementing robust encryption methods to secure data at rest
and in transit [22,23]. Secure data access protocols must be enforced, along
with comprehensive auditing mechanisms to track who accesses the data and
for what purpose. Compliance with international data protection regulations
(e.g., GDPR in Europe and HIPAA in the United States) is crucial and often
requires extensive documentation and regular audits to ensure practices meet
legal standards. These requirements add layers of complexity to data handling
procedures in XAI systems, impacting scalability as each layer of security may
introduce additional processing overhead or restrictions on how data can be used.

4.2 Model Complexity and Management

As AT models become more complex, managing them effectively at scale and
maintaining their interpretability pose additional challenges:

Scaling Complex AT Models. Modern Al, particularly deep learning, involves
models that often contain millions of parameters and are built with complex, lay-
ered structures that can be inherently difficult to manage and scale [4]. These
models require vast amounts of data and computational power for training, which
can be challenging to distribute across multiple computing nodes without degra-
dation in performance or accuracy. Techniques such as model parallelism, where
different parts of a neural network are processed on different nodes, or data par-
allelism, where the same model is used across different nodes but with different
data subsets, are commonly employed [24]. However, both approaches (shown in
Fig. 1) require sophisticated coordination and high-bandwidth communication
between nodes, adding to the complexity of the system’s infrastructure.

Maintaining Model Interpretability at Scale. As Al models become larger
and more complex, they often become less transparent, turning into “black
boxes” where it is unclear how inputs are transformed into outputs [2,25]. This
lack of transparency can be a significant barrier in applications where under-
standing the decision-making process is crucial. To counter this, techniques such
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Fig. 1. Parallelism in distributed ML frameworks [4]

as simplifying model architectures, employing explainability-focused layers or
methods within the models, or using post-hoc interpretation techniques like
LIME or SHAP are utilized.

Trade-Offs Between Performance and Interpretability. Often, there is
an inherent trade-off between the performance of an Al model and its inter-
pretability. Highly accurate models like deep neural networks are typically less
interpretable, whereas simpler models such as decision trees offer more trans-
parency but may not achieve the same level of accuracy [26]. Balancing these
aspects requires careful consideration of the model’s intended use and the crit-
icality of explainability in its application, necessitating a tailored approach to
model development and deployment in scalable environments.

4.3 Infrastructure and Resource Constraints

The infrastructure needed to support scalable XAI must be robust and flexible,
yet it is often constrained by available resources, impacting the ability to deploy
and scale Al systems effectively:

Computational Requirements. Scalable XAl systems demand significant
computational power to process large datasets, train complex models, and gen-
erate explanations. This requirement can be a major limiting factor, particularly
in resource-constrained environments such as small organizations or develop-
ing countries. Optimizing computational efficiency involves enhancing algorithm
efficiency, adopting more powerful processing hardware, or utilizing cloud-based
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solutions to handle peak loads without needing constant physical infrastructure
upgrades [27,28]. However, each of these solutions comes with trade-offs in terms
of cost, latency, and dependency on external services, which can complicate the
deployment and operational aspects of XAI.

Hardware and Software Dependencies. XAI systems often rely on spe-
cific types of hardware, such as GPUs, for processing deep learning algorithms,
which can limit scalability if such resources are not readily available. Addition-
ally, software dependencies, including the need for specific operating systems or
proprietary software, can further restrict the deployment of XAI systems across
different environments [2]. Ensuring that XAI frameworks are compatible with
a wide range of technologies and that they can leverage the latest advancements
in hardware is crucial. This includes adopting hardware-agnostic software archi-
tectures and considering open standards for software and data interoperability.
Planning for hardware upgrades and anticipating the integration challenges asso-
ciated with new technologies is essential to ensure seamless scalability.

5 Methodologies for Scaling XAI

Scalable XAI systems require robust methodologies to handle the increased
complexity and data volumes typical of large-scale deployments. These method-
ologies span architectural approaches, algorithmic and software strategies, and
framework-specific implementations.

5.1 Architectural Approaches

Effective architectural strategies are crucial for supporting scalable XAl systems.
These strategies determine how data and computations are managed across dif-
ferent environments, directly impacting performance, scalability, and the feasi-
bility of real-time explainability.

Centralized vs. Decentralized Architectures: Centralized architectures
operate by managing all data and processing through a single central system.
This model simplifies data governance and model management by centralizing
the control and oversight of operations, making it easier to implement consis-
tent policies and practices [29]. However, centralized systems can suffer from
significant bottlenecks, where the central node becomes a point of failure or con-
gestion, limiting scalability. They are typically suited for environments where
data integration and security are more controlled and can be tightly managed.

Meanwhile, decentralized architectures distribute data and processing tasks
across multiple nodes or locations. This structure enhances system scalability by
spreading the computational load and storage demands, significantly improving
fault tolerance and system resilience [29]. Decentralized systems require sophis-
ticated coordination mechanisms and advanced data consistency strategies to
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ensure that all nodes in the network synchronize correctly and that data integrity
is maintained across different points. This architecture is preferable in scenar-
ios requiring high availability and robustness and where data is generated in
dispersed locations, such as large-scale sensor networks or multinational organi-
zations.

Federated Learning Models. Federated learning represents a shift from the
traditional centralized ML approaches to a more distributed methodology. The
training data remains on local devices or servers (nodes) in this model, and only
the model updates are transmitted to a central server [30]. The central server
then aggregates these updates to improve the overall model, which is subse-
quently shared with the nodes. This approach is highly beneficial for XATI appli-
cations in privacy-sensitive areas, such as personal data analysis and healthcare,
as it allows for generating explanations and model adjustments without expos-
ing individual data points [31]. Federated learning reduces the need for large-
scale data transfers, thereby decreasing the bandwidth requirements, which is
essential for geographically distributed or bandwidth-constrained environments.
Moreover, it supports more personalized model tuning and explanation gener-
ation at the node level, which can increase the relevance and accuracy of the
explanations provided to end-users.

5.2 Algorithmic and Software Solutions

Optimizing algorithms and software is essential for efficiently operating scal-
able XAI systems. This involves enhancing the computational efficiency of the
algorithms and ensuring that the software architecture supports scalability and
maintainability. Model compression and simplification techniques such as prun-
ing, quantization, and knowledge distillation are vital. Pruning involves removing
unnecessary or redundant weights from a neural network, reducing the model
size and computation required during inference, which can lead to improvements
in speed and resource use [32]. This also helps enhance model interpretability by
focusing on the most crucial connections. Quantization, which reduces the preci-
sion of the model’s parameters from floating-point numbers to integers, can sig-
nificantly decrease model size and enhance inference speed, making it especially
beneficial for deployment on edge devices with limited computational resources
[33]. Knowledge distillation involves training a smaller “student” model to emu-
late a more extensive “teacher” model, simplifying the model while retaining
much of its accuracy, thus aiding both performance and interpretability.

5.3 Framework-Specific Implementation Strategies

Tailoring XAI implementations to specific frameworks can maximize perfor-
mance and compatibility, which is essential for ensuring that XAI systems scale
efficiently across diverse environments. Customizing XAT techniques to different
distributed frameworks involves several key strategies. Adapting to the unique
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capabilities and limitations of each framework, such as Apache Spark, Hadoop,
or cloud-based services like AWS or Google Cloud, is crucial. For instance, lever-
aging Spark’s in-memory data processing capabilities can significantly enhance
the performance of explainability features in big data scenarios [34,35]. Addi-
tionally, optimizing data formats to suit the specific strengths of a framework,
like using columnar storage formats such as Parquet for analytics on Hadoop
and Spark, can improve data ingestion and processing speeds. Tuning the per-
formance settings of each framework according to the specific demands of XAI
tasks, like model training and real-time explanation generation, also plays a vital
role in resource management and operational efficiency.

6 Future Research Directions

As explainable artificial intelligence continues to evolve, several key areas are crit-
ical for future research. These directions aim to address current limitations and
expand the capabilities of XAI systems in scalable and distributed environments.
Firstly, the development of more sophisticated explanation methods is crucial.
Research should focus on enhancing context-aware explanation techniques, inte-
grating environmental and situational data to ensure that explanations are rel-
evant and specifically tailored to the circumstances surrounding Al decisions
[36]. Additionally, creating adaptive explanation systems that can dynamically
adjust based on user feedback will enhance the user-centric effectiveness of these
systems. These systems would modify the detail or type of explanations based
on user interactions to improve clarity and understanding.

Another vital area of research involves handling the dynamic nature of Al
models, particularly those in production environments that continue to learn and
adapt over time. Developing methods that can transparently track and explain
these changes is essential for maintaining trust and accountability. Additionally,
integrating causal inference methods into XAI represents a promising avenue
for enhancing the depth and quality of explanations provided by AI models
[17]. Unlike traditional explanation techniques that often focus on correlation,
causal inference seeks to determine why certain decisions or outcomes occur due
to specific inputs or actions. This approach could revolutionise XAI by moving
beyond merely describing patterns observed in the data to elucidating the under-
lying causal mechanisms that drive Al decisions. This is crucial for applications
where understanding the cause-and-effect relationship is as important as the out-
come itself. For instance, in medical diagnostics, finance, or autonomous driving,
knowing the causal factors behind AI decisions can provide critical insights that
improve decision-making, enhance trust, and facilitate greater accountability.

Furthermore, there is a need for solutions that can deploy explainable ATl at
scale with minimal human oversight, which necessitates significant advancements
in how explainability is integrated from the very outset of the AI development
lifecycle. Focusing research on creating algorithms and architectures that embed
explainability into the fabric of AI systems could transform how these technolo-
gies are perceived and utilised. Ensuring that every model generated is inher-
ently explainable and designed to scale efficiently allows us to facilitate broader
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deployment across diverse environments without compromising transparency or
accountability.

7 Conclusion

This review has explored the various aspects of scalable explainable artificial
intelligence, highlighting the critical role of advanced architectures, algorithms,
and frameworks in facilitating the deployment of X AT across distributed comput-
ing environments. We have discussed the importance of developing X AT systems
that are technically proficient, inherently interpretable, and trustworthy. The
exploration of different architectural strategies, such as centralised and decen-
tralised approaches, along with federated learning models, underscores the neces-
sity to adapt and innovate continuously to meet diverse operational demands.
Ultimately, the journey towards fully explainable and scalable Al systems is
ongoing, and the insights gained from this review will contribute to shaping the
future of XAI in a world increasingly driven by artificial intelligence.
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Abstract. Object detection is a fundamental task in computer vision that aims to
locate and classify objects within an image or video. It plays a vital role in various
applications, including autonomous driving, surveillance systems, and robotics.
One-stage object detectors such as YOLO models are very fast but they are also
less accurate. To improve the performance of YOLO models, the objective of
this study is to develop an ensemble model of YOLOv5 models. By combining
the outputs of multiple base models, ensemble methods can achieve better accu-
racy and robustness. The base models used for our proposed ensemble model are
YOLOvV5n, YOLOvVSs, and YOLOvS5m. The performance metrics used are mAP,
precision, and recall. The experimental results revealed that the proposed ensem-
ble model had mAP is 56.1%, precision of 69.7%, and recall of 42.5%. In relation
to the base models used in this study, YOLOvS5n had mAP of 48.3% precision of
57.5%, and recall of 37.4%; YOLOv5s had mAP of 53.2%, precision of 64.7%,
and recall of 39.1%; and YOLOv5m had mAP of 54.8%, precision of 66.2% and
recall of 41.6%. In conclusion, our proposed ensemble model performed well
when compared to the base models. The proposed model was able to detect bad
roads (pothole roads) that are common in Uganda. Finally, we intend to further our
research by integrating the proposed model with continual learning approaches so
that the model can improve its detections with time.

Keywords: Object detection - YOLOVS - Ensemble learning

1 Introduction

Object detection is a fundamental task in computer vision that aims to locate and classify
objects within an image or video [1]. It plays a vital role in various applications, including
autonomous driving, surveillance systems, and robotics [2]. Over the years, significant
advancements have been made in object detection techniques, leading to the development
of several successful models [3].
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One-stage and two-stage object detection models are two prominent approaches in
the field [4]. One-stage models, such as You Only Look Once (YOLO) and Single Shot
MultiBox Detector (SSD), directly predict object bounding boxes and class probabilities
in a single pass. These models are known for their real-time performance, making them
suitable for applications that require fast and efficient object detection [3, 4]. On the other
hand, two-stage models, such as Region-based Convolutional Neural Networks (Faster
R-CNN) and Mask R-CNN, employ a two-step process [2]. The first step generates region
proposals, and the second step classifies and refines these proposals. Two-stage models
are known for their higher accuracy but often require more computational resources and
time [5].

Ensemble methods have been widely explored in the field of object detection to
leverage the strengths of different models and improve overall performance [6]. By
combining the outputs of multiple base models, ensemble methods can achieve better
accuracy and robustness. Ensemble modeling is the process of developing several distinct
models to forecast a result, either by utilizing a variety of training data sets or a wide range
of modeling algorithms [7, 8]. After that, the ensemble model adds up all of the base
model predictions to provide a single, final forecast for the unknown data. Reducing
forecast generalization error is the driving force behind the use of ensemble models.
When using the ensemble approach, the model’s prediction error lowers as long as the
base models are independent and diversified. When producing a prediction, the method
looks to the wisdom of the crowds.

The ensemble model behaves and functions as a single model even when it has several
basis models [9]. YOLOVS is the fastest and greatest real-time object identification
method available [10, 11]. The main applications of the YOLO classifiers family in
computer vision are offline and real-time object identification and image classification.
One-stage object detectors such as YOLO models are very fast but they are also less
accurate [12, 13]. To improve the performance of YOLO models, the objective of this
study is to develop an ensemble model of YOLOvS models. By combining the outputs
of multiple base models, ensemble methods can achieve better accuracy and robustness.

The contributions of this study are multifaceted and address key challenges in real-
time object detection for low-resource settings. First, the study proposes a novel ensemble
model combining YOLOvS5n, YOLOvVSs, and YOLOvV5m to improve detection accuracy
and robustness through majority voting. Second, it introduces a localized dataset that cap-
tures diverse environmental conditions and object classes specific to Uganda, enhancing
the model’s relevance and applicability. Third, the study extensively evaluates the pro-
posed ensemble against baseline YOLOvVS models and other state-of-the-art approaches,
demonstrating superior performance in terms of mAP, precision, and recall. Finally, by
tailoring the model for low-resource settings and proposing integration with continual
learning for future adaptability, the study contributes a scalable and practical solution to
real-time object detection challenges in constrained environments. These contributions
collectively advance the field and provide a strong foundation for further research.

The main contributions of this study are:

i. an ensemble model that utilizes YOLOVS5 variants for object detection suitable for
local settings, and
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ii. a novel dataset that was used for fine-tuning the proposed model to local settings,
especially developing countries.

2 Related Work

The study [14] proposed an ensemble of an Ensemble Weight-Assisted Yolov5-Based
Deep Learning Technique for the Localization and Detection of Malaria Parasites. Exper-
imental results revealed that the model YOLOvS with the ensemble weights yields better
results in terms of precision, recall, and mAP values: 0.76, 0.78, and 0.79, respectively.
The model performed better than the Faster RCNN and SSD net.

The study [11] proposed an improved YOLOv5 Network for Real-Time Object
Detection in Vehicle-Mounted Camera Capture Scenarios. The modified YOLOVS net-
work outperformed the baseline model (YOLOVS5s) in terms of mean average accuracy
(mAP).

The study [15] proposed an Enhanced YOLOvS Object Detection Algorithm for
the Accurate Detection of Adult Rhynchophorus ferrugineus. According to the results,
the improved YOLOVS5 algorithm performs significantly better than related models,
achieving an average precision of 90.1% (mAP@0.5) and a precision of 93.8%.

The study [16] proposed a novel method based on the fine-tuning approach to enhance
CNN-based deep learning models’ functionality. Experiments were conducted using
actual data from the province of Kayseri. Classic Faster R-CNN, MobileNet, YOLOv4,
YOLOVS, and YOLOvV7 algorithms produce f1 scores of 0.763, 0.677, 0.880, 0.943 and
0.842, respectively. YOLOv4, YOLOvS5, YOLOv7, MobileNet, and the suggested fine-
tuned Faster R-CNN techniques obtained f1 scores of 0.845, 0.775, 0.932, 0.972, and
0.889, in that order.

The study [17] proposed a fast and accurate object detector for autonomous driving
based on improved YOLOVS. By training-inference decoupling, the YOLOVS algo-
rithm is enhanced by the use of structural re-parameterization, which increases the
model’s accuracy and speed. Furthermore, during the training phase, the multi-branch
re-parameterization module’s redundant branches are removed using the neural architec-
ture search approach, improving the accuracy and efficiency of training. Ultimately, the
network gains a tiny object detection layer and all detection layers receive the coordinate
attention mechanism, which increases the model’s recognition rate of walkers and small
cars. The experimental results demonstrate that the suggested method outperforms many
current mainstream algorithms with a detection accuracy of 96.1% on the KITTI dataset
and an FPS of 202.

The study [18] proposed an improved method MSS-YOLOVS5 for object detection.
According to MSS-Yolov5s experimental results, the method increases mAP by 2.4%
and 2.9%, on the PASCAL VOC2007 and PASCAL 2012 datasets respectively. It also
keeps up a quick inference speed.

The study [19] proposed an improvement of the YOLOvS Model in the Optimization
of the Brown Spot Disease Recognition Algorithm of Kidney Bean. According to the
findings, the improved YOLOVS model has mean average precision (mAP@0.5), recall,
and detection precision of 94.7%, 88.2%, and 92.5%, respectively. These values are
4.9%, 0.5%, and 25.6% higher, respectively, than the original YOLOvS5 model. The
improvements in detection Precision were 1.8%, 3.0%, 9.4%, and 9.5%, respectively,
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as compared to the YOLOvVS-SE, YOLOVS5-BiFPN, FasterR-CNN, and EfficientDet
models.

The study [20] proposed an improved YOLOvS5-Based Lightweight Object Detection
Algorithm for People with Visual Impairment to Detect Buses. Based on the experimen-
tal findings, the mAP@0.5, recall, and precision of the Improved-YOLOVS are better
than those of the original YOLOVS. Subsequent examination of the model complexity
indicates that the Improved-YOLOVS is more efficient since it uses less memory, has
fewer FLOPS, and fewer parameters, and can infer information more quickly.

The study [21] proposed an improved YOLOv5 Model with Application to Mixed
impurities Detection for Walnut Kernels. Based on the findings, the improved YOLOvV5
model’s mean average precision (mAP) is 88.9%, which is greater than other detec-
tion networks and 6.7% higher than the original YOLOVS5 network’s average accuracy.
Additionally, just 3.9% less detections of minor contaminants are made by the improved
YOLOVS model compared to the original YOLOvVS5 network. Based on the related work
from the literature, this study also proposes to improve on the YOLOvVS models by
developing an ensemble model based on three YOLOvVS base models i.e. YOLOv5n,
YOLOVS5s, and YOLOvS5m. It is hypothesized that the proposed model performs better
than the base models.

Ren et al. [11] proposed an improved YOLOVS network optimized for real-time
applications, achieving superior mean average precision (mAP) in vehicle-mounted sce-
narios. Similarly, Wu et al. [15] enhanced YOLOVS5 for detecting Rhynchophorus fer-
rugineus, demonstrating precision improvements in specific object detection tasks. He
et al. [18] introduced MSS-YOLOVS, focusing on balancing speed and accuracy for
efficient object detection.

Additionally, Yu et al. [21] developed a lightweight YOLOvVS5 model for detecting
impurities in food products, showcasing its applicability in constrained environments.
These studies highlight the versatility and adaptability of YOLOVS5, forming the basis
for its integration into ensemble models like the one proposed in this work.

In addition to these advancements, the development of YOLOv10 [22] has further
pushed the boundaries of object detection. YOLOVI10 introduces novel architectural
changes and optimization techniques that enhance detection accuracy and computational
efficiency, making it suitable for a broader range of applications. The integration of
YOLOV10 into ensemble models holds promise for achieving even higher performance
in complex detection tasks.

3 Materials and Methods

3.1 Dataset Description

In this study, we used datasets collected around Kampala, Uganda. The image data were
collected in the morning, afternoon, and evening, during both dry and rainy environments,
both indoor and outdoor, and since we plan to deploy our model to our local setting to help
people with blind impairments in their movements, the collected images were from an
environment where blind people move, and interact with their peers and families around
Kyambogo University. We collected 1000 RGB images with 20 classes (pothole_road,
dish, dog, donkey, door, fence, flowers, grass, person, pothole, sign_post, stairs, stones,
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tarmac, trees, bicycle, Boda, building, car, and walk_way). The images were collected
using an ordinary smartphone with the specifications: Infinix Hot 40i (RAM: 8§ 4 8 GB,
ROM: 256 GB), 6.6” HD + Display, 50 MP Dual Al Rear Camera, 32 MP Crystal-Clear
Front Camera, 5000 mAh Battery With 18 W Fast Charge. We applied preprocessing
and argumentation techniques before the dataset was split into training, testing, and
validation. During data processing, we resized the dataset into 640x640 which is the
standard size for yolov5, after which we applied auto orientation. For data augmentation,
the following operations were performed: Horizontal flip, rotation of 90 degrees both
clockwise and counter-clockwise, rotation between —15 degrees and 15 degrees, shear
of +—10 horizontal and vertical, grayscale to 15% of the images, Hue between —15
degrees and 15 degrees, saturation between —25 degrees and 25 degrees, brightness
between —15 degrees and 15 degrees, exposure between —10 degrees and 10 degrees,
blur of up to 2.5 px and noise of up to 0.1% of pixels. The data was then split as the
following: 70% for training, 20% for validation, and 10% for testing. Figure 1 shows
some of the images we collected.

Fig. 1. The sample of the Image dataset used during this study.

3.2 The Proposed Model

3.2.1 The YOLOVS5 Architecture

YOLOVS is a powerful object detection algorithm built by Ultralytics. The YOLOVS is
the fifth version of the ground-breaking “You Only Look Once” [1] object recognition
model designed to provide real-time, high-speed, high-accuracy findings. Constructed
upon PyTorch, this potent Deep-learning framework has gained considerable recogni-
tion because of its adaptability, user-friendliness, and superior performance. YOLOvS
has been designed to be super easy and simple to learn with great performance. Figure 2
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shows the comparative performance of YOLOvS models on the COCO dataset. The
architecture of YOLOVS5 is divided into three primary sections: 1) Backbone: The net-
work’s central component. The New CSP-Darknet53 structure [23], a revision of the
Darknet architecture used in earlier iterations, is utilized to create the backbone of
YOLOVS. 2) Neck: The neck is the structure that joins the head to the backbone. SPPF
and New CSP-PAN structures are used in YOLOVS. 3) Head: This section is in charge
of producing the finished product. For this, YOLOv5 employs the YOLOv3 Head. In
YOLOVS, the activation functions Sigmoid [24] and Leaky ReLLU [25] are used to balance
the recall and precision values. The Leaky ReLU is utilized in the middle levels of the net-
work in the real model, whereas the Sigmoid is used in the prediction layer, which is the
final layer of the model. YOLOVS5 differs somewhat from its predecessors in the following
ways: 1) a 6x6 Conv2d structure takes the role of the Focus structure present in previous
iterations. 2) SPPF takes the place of the SPP structure. Processing speed is more than
doubled by this modification. YOLOVS have several different variants which includes
the following: YOLOv5n, YOLOvVSs, YOLOv5Sm, YOLOv51, YOLOv5x, YOLOV5n6,
YOLOv5s6, YOLOv5m6, YOLOV516, and YOLOvV5x6 + TTA. Table 1 below shows
the pre-trained checkpoints of the various variants of YOLOvVS models.

55 Better
YOLOv5x6
50 1 * '
_ 451
©
> @
o
g 40
8 —o— YOLOV5n6
o] 35 | ' o= YOLOvV5s6
—o— YOLOV5mM6
‘ —e— YOLOV5I6
301, —o— YOLOV5x6
{ YOLOv5n6 o— EfficientDet
25 . . ' ' '
0 10 20 30 40 50

Faster <= GPU Speed (ms/img)

Fig. 2. The comparative performance of YOLOv5 models; Source: Ultralytics
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Table 1. YOLOVS Pre-trained Checkpoints

Model Size mAP¥ 50-95 | mAPY 50 Speed | Speed | Speed | Params | FLOPs
(pixels) CPU |VI00 | V100 | (M) @640
bl bl | b32 (B)
(ms) | (ms) | (ms)
YOLOv5n | 640 28.0 45.7 45 6.3 0.6 1.9 4.5
YOLOVS5s 640 374 56.8 98 6.4 0.9 7.2 16.5
YOLOv5m | 640 454 64.1 224 8.2 1.7 21.2 49.0
YOLOVS5I 640 49.0 67.3 430 10.1 2.7 46.5 109.1
YOLOv5x | 640 50.7 68.9 766 12.1 4.8 86.7 |205.7
YOLOv5n6 | 1280 36.0 54.4 153 8.1 2.1 3.2 4.6
YOLOv5s6 | 1280 448 63.7 385 8.2 3.6 12.6 16.8
YOLOvV5m6 | 1280 51.3 69.3 887 11.1 6.8 35.7 50.0
YOLOvS5I6 | 1280 53.7 71.3 1784 |15.8 10.5 76.8 1114
YOLOv5x6 | 1280 55.0 72.7 3136 262 |19.4 |140.7 |209.8
+ TTA 1536 55.8 72.7 - - - - -

3.2.2 The Loss Function of YOLOvV5

In YOLOVS, the loss is calculated by squaring the difference between the ground truth
and the predictions. The loss is the sum of three separate loss components according to
the study [1]: 1) the classification loss (BCE Loss): This is the Binary Cross-Entropy loss,
which calculates the classification task’s error. 2) the localization loss (errors between
the ground truth and the anticipated border box). 3) The confidence loss (the box’s
objectivity).

Classification loss (L)

If an object is detected, the squared error of the class conditional probability for each
class determines the classification loss for each cell. The classification loss is shown in
Eq. 1 below.

2
s
bj ~
Las= Y TI7 > (pilc) = pi(©))? ()
i=0 ceclasses
where,
]Ifbj = 1 if an object appears in a cell i, otherwise 0.

pi(c) denotes the conditional class probability of class ¢ in cell i.

Localization loss (L;,c)
The localization loss quantifies the inaccuracies in the anticipated bounding box dimen-
sions and placements. We count only the box that is in charge of object detection. The
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localization loss is shown in Eq. 2 below.

Lipc = Acoord Z ZIObJI: _Xz + (yi - )/’\1)2]

i=0 j=o
) (2)
b S 2 ~
zzw[( V) + (Vi i) }
i=0 j=o0
where
]Ifb" = 1 if the j th boundary box in cell i is responsible for detecting the object,
otherwise 0.

Acoord Increase the weight for the loss in the boundary box coordinates.

Absolute errors in both large and small boxes shouldn’t be given the same weight. In
other words, a 2-pixel inaccuracy in a big box equals a 2-pixel error in a tiny box. Instead
of predicting the width and height of the bounding box, YOLO predicts the square root
of it, which helps to partially fix the problem. Moreover, we compound the loss by Acpord
(default: 5) to emphasize the border box precision even further.

Confidence loss (Lp;)

The confidence loss (a measure of the objectness of the box) is as follows if an object
is found inside: The confidence loss when the object is inside the box is shown in Eq. 3
below.

Lobj—inbox = Z ZHOb]( )2 3)

i=0 j=o

where,
a is the box confidence score of the box j in cell i.
]Ifbj = 1 if the j th boundary box in cell i is responsible for detecting the object,
otherwise 0.
If an object is not detected in the box, the confidence loss when the object is not

detected inside the box is shown in Eq. 4 below.

) 2
Lobj—notbox = Mnoob Z Z o J( ) 4)

i=0 j=o0

where,
noobj .
]Il]

C, is the box confidence score of the box j in cell i.

Anoobj Weights down the loss when detecting the background.

Most boxes are empty of any objects. This leads to an imbalance in classes; that is,
we train the model to identify backgrounds more often than objects. We correct this by
deducting this loss by Anoobj (0.5 by default).

is the complement of ]I b



An Ensemble of Yolov5 Models in Real-Time Object Detection 25

The Overall Loss Function used in YOLOv5
The overall loss is the summation of localization, confidence and classification losses
together. The overall loss for the proposed model is calculated using the Eq. 5 below.

LOSS = L¢s + Lipe + Lobj—inbox + Lobj—notbox @)

3.2.3 The Ensemble Model

In this study, we propose an ensemble model using three YOLOvVS models. The base
models used are YOLOvS5n, YOLOVS5s, and YOLOvSm. The goal of ensemble learning is
to choose a collection, or ensemble, of hypotheses, such as i1, hy, and h;,, and aggregate
their predictions using methods like voting, averaging, or a higher level of machine
learning [26]. In this study, we used majority voting [27] to build our ensemble. It works
by first building two or more separate models from your training data. When required
to make predictions for new data, a Voting Classifier can be used to wrap your models
and average the predictions of the sub-models. We maintained the default parameters
and their values for YOLOv5n, YOLOvVSs, and YOLOvSm in all our experiments.

3.2.3.1 Summary of the Proposed Ensemble Model
Training Phase: In this phase, we identified the models that we intended to use. We
identified three YOLOvVS models and these are YOLOv5n, YOLOVvS5s, and YOLOvS5m.
The selected models represent different sizes and complexities within the YOLOv5
family. This selection allows us to explore a balance between model efficiency (speed
and resource usage) and accuracy, which is critical for deployment in low-resource
settings.

Prediction Phase: All trained models receive the data as input when they have to
predict a new data point. Every model independently predicts and the prediction made
by each model is regarded as a “vote” for a specific class.
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Majority Decision: The class label that gets the most votes from each of the individual
models determines the final forecast. The algorithm can use a variety of tie-breaking
techniques, such as choosing the first or last prediction, in the event of a tie (Fig. 3).

3.2.3.1 The Pseudocode of the Proposed Ensemble Model

Algorithm1: The Proposed Ensemble model
Input: Image data collected in the local Environment
Output: Image with boundary boxes and classes
START
Input the dataset
Preprocess the dataset
Auto orientation
Resize
Data Augmentation
Horizontal flip
Rotation: 90 degrees both clockwise and counter-clockwise
Rotation: between -15 degrees and 15 degrees
Shear: +-10 horizontal and vertical
Grayscale: 15% of the images
Hue: between -15 degrees and 15 degrees
Saturation: between -25 degrees and 25 degrees
Brightness: between -15 degrees and 15 degrees
Exposure: between -10 degrees and 10 degrees
Blur: up to 2.5px
Noise: up to 0.1% of pixels.
Data Split
Training: 70%
Validation: 20%
Testing: 10%
Download YOLOvVS models
YOLOV5n,
YOLOVS5s
YOLOv5m
Build an Ensemble model
Majority voting approach
Set epoch to 0
While epoch is <250
Train the ensemble model
Validate the ensemble model
End While loop
Test the trained model with the test dataset
END

Fig. 3. The Pseudocode of the proposed model
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3.3 Performance Metrics Used

The proposed model was evaluated using three performance metrics. These are: Mean
average precision (mAP), precision, and Recall as shown in Eqgs. 68 respectively. Mean
average precision (mAP): mAP is the average of AP scores over a set of object categories.
It is a more comprehensive measure of accuracy than average precision (AP), as it takes
into account the performance of the model on all object categories. Precision measures
the accuracy of positive predictions. A high precision means the model identifies the right
objects most of the time, minimizing false positives. Recall measures the completeness
of positive predictions. A high recall means the model misses very few real objects,
minimizing false negatives. Also, loss functions discussed in the Eqs. 1-5 were used.

N
1
mAP = ;APZ- (6)
. TP
Precision = ——— @)
TP + FP
TP
Recall = ——— (8
TP + FN

where inmAP, N is the number of queries and AP is the Average Precision. In Eqs. 7 and8,
TP, TN, FP, and FN stand for true positive, false positive, and negative, respectively.

3.4 Model Implementation

During this study, all the experiments were done in Google Colab!. Also, a Windows
10 laptop, Intel Core i7 processor of 2.50 GHz, and 16GB RAM with 2GB of NVIDIA
GeForce MX150 graphical processing unit (GPU) was used. The default settings for
YOLOV5n, YOLOvVSs, and YOLOv5m were retained during the experiments. Also, all
the experiments used 250 epochs.

4 Experimental Results

4.1 Results on Training and Validation Loss

The results in Fig. 4 show the performance of the proposed ensemble model on training
(first row) and validation loss (second row) in relation to confidence loss, classification
loss, and localization loss respectively. The results on the training loss reveal that all
three loss functions reduced with the increase in the number of epochs.

4.2 Results on Box, Class, and Object Losses

The results in Fig. 5 show the overall performance of the proposed ensemble model in
relation to localization loss (box loss), classification loss (class loss), and confidence
loss (object loss), from left to right respectively. The results revealed that the class loss
decreased greatly with the increase in the number of epochs. However, the box loss and
object loss were slightly reduced with the increase in the number of epochs.

1 https://colab.research.google.com/?utm_source=scs-index.
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Fig. 5. Results on Box, Class, and Object Losses

4.3 Results on mAP, Precision and Recall

The results in Fig. 6 show the performance of the proposed ensemble model on precision
and recall (first row), and mAP (second row). The results reveal that the precision, recall,
and mAP increased with the increase in the number of epochs. The results further show
that the proposed ensemble model had mAP is 56.1%, precision of 69.7%, and recall of
42.5%. In relation to the base models used in this study, YOLOv5n had mAP of 48.3%
precision of 57.5%, and recall of 37.4%; YOLOvSs had mAP of 53.2%, precision of
64.7%, and recall of 39.1%; and YOLOv5m had mAP of 54.8%, precision of 66.2% and
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recall of 41.6%. This shows that our proposed ensemble model performed well when
compared to the base models.
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Fig. 6. Results on mAP, Precision and Recall

4.4 Results on Average Precision by Class

The results in Fig. 7 show the average precision on validation (left) and test (right). The
validation results on the average precision of all classes was 56%, with boda, building,
and fense classes having an average precision of 100%, while bicycle and tarmac classes
had an average precision of 0%. The test results on the average precision of all classes
was 69%, with building, fense, and tarmac classes having an average precision of 100%,
while the walk_way class had the lowest average precision of 14%.

4.5 Results on Object Detections

The results in Fig. 8 show results on the detected objects. The proposed ensemble model
was fine-tuned for object detection in the local environment in Uganda. This is because
we plan to deploy our model to our local setting to help people with blind impairments
in their movements, the collected images were from an environment where blind people
move and interact with their peers and families around Kyambogo University. The results
in Fig. 8 reveal that our proposed model was able to detect bad roads (pothole roads) that
are common in Uganda. The model also detected objects such as walkways, buildings,
trees, stones, and other objects mentioned in Sect. 3.1.
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Fig. 7. Results on Average Precision by Class

Fig. 8. Results on Object Detections
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4.6 Comparison of the Proposed Model with the Current State of Art Models

Table 2 compares the performance of the proposed ensemble YOLOv5 model with
state-of-the-art models from the literature. The evaluation includes datasets such as
COCO, PASCAL VOC, and various custom datasets, highlighting key metrics like mAP,
precision, recall, and FPS. The proposed model, tailored for a low-resource setting in
Kampala, achieves competitive performance with a mAP of 56.1%, precision of 69.7%,
and recall of 42.5%, outperforming its base models (YOLOv5n, YOLOvS5s, YOLOv5m)
and demonstrating its effectiveness in local object detection scenarios.

Table 2. Comparison of the proposed model with the state of the art

Study Dataset Model/Approach mAP Precision Recall
(%) (%) (%)
[14] Custom Malaria Ensemble 79.0 76.0 78.0
Dataset Weight-Assisted
YOLOvV5S
[15] Custom Dataset Enhanced YOLOV5S 90.1 93.8 N/A
[16] Kayseri Dataset Fine-tuned Faster 77.5 N/A N/A
R-CNN, YOLOVS,
and YOLOV7
[17] KITTI Dataset Improved YOLOVS 96.1 N/A N/A
with
re-parameterization
[18] PASCAL MSS-YOLOVvS5 56.0 N/A N/A
VOC2007/2012
[19] Custom Kidney Optimized YOLOvVS5 | 94.7 92.5 88.2
Bean Dataset for Brown Spot
Detection
[20] Custom Dataset Lightweight YOLOvS | N/A N/A N/A
[21] Walnut Kernel Improved YOLOV5 88.9 N/A N/A
Dataset for impurity detection
Proposed Custom Dataset Ensemble of 56.1 69.7 42.5
Model (Kampala) YOLOV5n, YOLOVSs,
YOLOv5m

4.7 Ablation Study

The ablation study in Table 3 reveals that the ensemble approach outperforms individual
YOLOVS models, with improvements of 7.8% mAP compared to YOLOv5n and 1.3%
mAP compared to YOLOv5m. Additionally, incorporating the majority voting mecha-
nism enhances precision and recall, demonstrating the value of combining predictions
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from diverse base models. Preprocessing techniques like augmentation and resizing also

contributed to better generalization and robustness, as shown in experiments with and
without these steps.

Table 3. The Ablation Study

Configuration mAP (%) Precision (%) Recall (%)
YOLOvV5n 48.3 57.5 37.4
YOLOVSs 53.2 64.7 39.1
YOLOvV5m 54.8 66.2 41.6
Ensemble without Voting 554 67.8 41.8
Proposed Ensemble with Voting 56.1 69.7 425

5 Discussion

The proposed ensemble model was fine-tuned for object detection in the local environ-
ment in Uganda. This is because we plan to deploy our model to our local setting to help
people with blind impairments in their movements, the collected images were from an
environment where blind people move and interact with their peers and families around
Kyambogo University. The proposed ensemble model performed better than the three
base models (YOLOv5n, YOLOvVSs, and YOLOv5m) in terms of mAP, precision, and
recall. The experimental results revealed that the proposed ensemble model had mAP
is 56.1%, precision of 69.7%, and recall of 42.5%. In relation to the base models used
in this study, YOLOv5n had mAP of 48.3% precision of 57.5%, and recall of 37.4%;
YOLOVS5s had mAP of 53.2%, precision of 64.7%, and recall of 39.1%; and YOLOv5m
had mAP of 54.8%, precision of 66.2% and recall of 41.6%. This shows that our proposed
ensemble model performed well when compared to the base models. The results were
supported by the study [14] that proposed an Ensemble Weight-Assisted Yolov5-Based
Deep Learning Technique which performed better than Faster RCNN [5] and SSD net
[28] in the detection of malaria parasites. Our results are further supported by the study
[29] that revealed that their proposed ensemble model performed better obtained up to a
10% improvement from the base models. This implies that experimental results support
the motivation for using ensemble models which is to reduce the generalization error
of the prediction. Also, as shown in Fig. 5, the overall performance of the proposed
ensemble model in relation to localization loss (box loss), classification loss (class loss),
and confidence loss (object loss) was great, which implies high performance in object
detection. More so, the validation results on the average precision of all classes was
56%, with boda, building and fense classes having an average precision of 100%, while
bicycle and tarmac classes had an average precision of 0% with our proposed model.
The test results on the average precision of all classes was 69%, with building, fence and
tarmac classes having an average precision of 100%, while the walk_way class had the
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lowest average precision of 14% with our proposed model. Finally, the proposed model
was able to detect bad roads (pothole roads) that are common in Uganda. The model
also detected objects such as walkways, buildings, trees, stones, and other objects.

6 Conclusion

In this study, we proposed an ensemble model that was fine-tuned for object detection for
local settings. The base models used for our proposed ensemble model are YOLOvV5n,
YOLOVS5s, and YOLOvSm. The goal of ensemble learning is to choose a collection
of base models and aggregate their predictions. The dataset used in this study was
collected in Kampala, Uganda. In this study, a majority voting approach was used. The
proposed ensemble model performed better than the three base models used to develop
the ensemble i.e. YOLOv5n, YOLOvVSs, and YOLOvSm in terms of mAP, precision,
and recall. The proposed model detected poor roads and other objects that may hinder
the movement of blind persons and therefore we plan to deploy the proposed model to
assist in blind movements.

6.1 Challenges and Future Work

This study faced challenges including computational complexity associated with ensem-
ble models compared to individual base models, as well as variations in environmental
conditions that impacted dataset quality, such as lighting and weather changes. Addition-
ally, the dataset size, while sufficient for this study, could benefit from further expansion
to include more diverse object classes for improved generalization. Future work will
focus on integrating continual learning approaches to enable the model to adapt dynam-
ically to new data and improve performance over time. Expanding the dataset to include
additional object classes and testing the model in other low-resource settings are also
planned.
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Abstract. Classifying images into interpretative classes has grown
increasingly challenging. Generally, the performance of a model with
regard to accuracy is primarily influenced by the trained dataset and
the chosen algorithm, among other factors. This study proposes a
hybridization of deep convolutional neural network and machine learn-
ing classifiers for the purpose of classifying scenery imagery into differ-
ent classes of building, forest, glacier, mountain, and sea. The rationale
of the hybridization approach is that CNN has the capacity to reduce
the dimensionality of feature vectors by transforming them into low-
dimensional representations which makes subsequent machine learning
classifiers more efficient and less prone to overfitting. In this research,
the ResNet50 model was employed to extract features for classifiers such
as Linear Support Vector Machine (LinearSVM), Gaussian Naive Bayes
(GNB), eXtreme Gradient Boosting (XGBoost), Random Forest (RF),
and Light Gradient Boost Machine (LGBM). The dataset used to evalu-
ate the model was obtained from Kaggle. The LGBM-based model per-
formed the best as it obtained the highest classification accuracy of 0.81,
followed by XGBoost, RF, LinearSVM, a fully connected ResNet50, and
GNB, with classification accuracies of 0.78, 0.78, 0.69, 0.68 and 0.64,
respectively. The study showed that a fully connected ResNet50 model
had an inferior performance on its own than when used in conjunction
with other classifiers.
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1 Introduction

The process of image classification involves assigning an image instance into
its correct category, based on a set of features [1,2]. Extraction of significant
features from images is one of the primary objectives of computer vision, which
has been extensively applied in face recognition [3], texture classification [4], 3D
construction, age classification, and many other systems. Natural scene image
classification is a particularly challenging application of computer vision as it
usually obtains low classification accuracy results.

Researchers have shifted their focus to deep learning for natural scene image
categorization because of its ability to learn complicated representations directly
from data. This shift has opened avenues for tackling more complex tasks such
as scene classification using datasets that have many scene representations [5].
However, supervised deep learning approaches require a large amount of training
images, hence labeling the training images can be time-consuming.

Intending to achieve accurate and effective classification of natural scene
images, this paper proposes a hybridization model of a deep neural network,
ResNetb0. Transfer learning is used to sequentially combine ResNet50 with sev-
eral machine learning classifiers such as RF, LinearSVM, XGBoost, LGBM, and
GNB that are applied on natural scene images sourced from the Kaggle data
set. The effectiveness of the proposed hybrid approach for natural image classi-
fication has been evaluated by measuring classification accuracy across various
class labels. These classes include forest, sea, mountain, glacier, and buildings.
Experimental results demonstrate that the LGBM classifier serves as the optimal
alternative for natural scene image classification.

The remainder of this paper is arranged as follows: Sect. 2 discusses related
work. Section 3 gives a summary of the machine learning classifiers utilized in
the study. The suggested technique is explained in Sect.4. The methodology is
outlined in Sect. 5. Section 6 concludes the study.

2 Related Studies

Image classification is a complex procedure that relies on various components
[6]. Cervantes et al. [7] presented benefits and limitations of various image classi-
fication techniques such as genetic algorithms, Support Vector Machines, Neural
Networks, and Fuzzy logic. This section examines how some of these image clas-
sification methods have been used in research on natural scene images.

Deep learning approaches offer considerable advantages with regard to fea-
ture extraction, which is essential for image segmentation and classification.
With that in context, Szegedy et al. [8] in 2015 proposed a broader GoogleNet
model based on an inception module that integrates multi-scale information for
improving image classification results. Similarly, [9] developed a CNN MobileNet
that is lightweight and based on deep separable convolution. The deep separable
convolution aims to divide the standard convolution into several channel-specific
convolutions, also known as channel convolutions. The point convolution is used
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to synthesize the finished product. Although these two feature extraction tech-
niques are thought to be effective, they were unable to obtain precise image
feature information.

Kishore et al. [10] used machine learning classifiers based on graph-based
techniques to classify natural images. Local features were obtained from the
transition between adjacent vertices. The neighborhood property idea was used
to find a dual graph function between a vertex M and its two neighbors, M; and
M. The texture image was initially divided into non-overlapping 2 x 2 grids,
and the resulting dual graph unit (DGU) replaced the 2 x 2 grid. The DGTM is
the dual graph texture matrix that is developed from the DGU-indexed image
co-occurrence matrix. The machine learning classifier was trained using the gray
level co-occurrence matrix (GLCM) features that were obtained from the DGTM
as feature vectors. The proposed model outperformed other existing models
based on the results of five natural scene texture images. The challenge faced by
their study was obtaining the appropriate features required for image classifica-
tion. The local binary descriptors adopted by their study for feature generation
could not address issues to do with: (i) sensitivity to rotation, (ii) data depen-
dence, and (iii) inappropriateness of descriptors for real-time applications where
the focal point is on data rotation. To address these issues, we proposed a hybrid
model based on CNN, leveraging its ability to generate features that are essential
for image segmentation and classification [11].

For the categorization of natural scene images, a study by Li et al. [12] cre-
ated a deep learning model based on a combination of factor analyzers and fisher
vector (MFA-FVNet). The model integrates an MFA-FV layer, that utilizes the
true version of MFA-FV, which is realised by coming up with optimal network
combinations and computations. The MFA-FVnet is heavily reliant on more pre-
cise implementation and good statistical methods. The results obtained indicate
that the MFA-FVnet has a state of the art performance on scene classification.
Processing scenarios with intricate object combinations that might occur at vari-
ous scales presented difficulties for their study, nevertheless. ResNet-50 addresses
the challenge of complex scenes with varying object scales by introducing a deep
residual learning framework. The network learns hierarchical representations,
where earlier layers focus on low-level features (like edges and textures) and
later layers capture more abstract, high-level features. This is the reason why
our proposed study settled for the ResNet50.

Deep learning models reduce the resolution of high-resolution input images
through a downsampling process, which leads to some loss of information and
can impact image classification accuracy [13]. Weng et al. [13] created a deep
learning model that incorporates wavelets into the image processing step to solve
this problem, allowing for the extraction of all input image information while
reducing information loss. The initial convolutional layers were left out and spe-
cific sub-band image channels were used as inputs for conventional CNNs. This
adjustment enabled the networks to operate directly in the wavelet domain. The
model improved classification by 2.15% and 10.26% on the Describable Textures
data set and the Caltech-256 data set, respectively. However, because the wavelet
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transform had to be applied to each image produced during the augmentation
phase, the model encountered serious difficulties and high training costs. In order
to address this issue, the output images from the ResNet50 architecture’s third
batch normalization layer were taken out, making sure the images were kept as
lightly compressed as possible.

3 Overview of Machine Learning Classifiers

An overview of machine learning classifiers, including GNB, RF, LinearSVM,
XGBoost, LGBM, and a Fully connected ResNet50, is given in this section.

3.1 Random Forest Algorithm

By its very nature, RF algorithm is an aggregation classifier that bases its pre-
dictions on a collection of classification and regression trees (CARTS) [14]. This
approach creates trees through the use of the bagging technique. Only % of
the total samples—known as “in-bag samples”—are employed in tree training,
the remaining % known as “out-of-the-bag samples”—being used for internal
cross-validation to evaluate the RF model’s performance [14]. The internal cross-
validation estimates the error (referred to as out-of-bag (OOB) error) produced
by the model. The technique creates each decision tree on its own without any
pruning, and it splits each node according to the user-specified number of features
(Mtry). These features are selected randomly. The forest grows to a predeter-
mined number of trees (Ntree), and the trees produced have a high variation
and low bias. The probability values that each tree produces are averaged to
make the final categorization decision. This means that a new data instance is
examined using all decision trees, with each tree voting for class membership.
The highest number of votes will determine the ultimate membership class. As
previously explained, Ntree and Mtry are the two important parameters that
are used to generate forest trees. Many researches have concluded that the Mtry
contributes more to classification accuracy than Ntree [15]. Considering that the
computational efficiency of RF is not much influenced by Ntree, its value is set
as high as possible [16]. A great number of studies have set Ntree to 500 because
that is where error stabilizes [17]. In light of this, this study decided to use Ntree
to 500.

3.2 Gaussian Naive Bayes

The only classifier that does not account for covariance is Gaussian Naive Bayes
(GNB). The GNB assigns every data point to a class which it is nearer to.
It does this by computing the Euclidean from the class means and compares
this distance to the class variance. The z-score is calculated for a particular
dimension by dividing the standard deviation by the distance from the mean.
Z-score distance from class A is expressed as (x — pa)/o4, as seen in Fig. 1.
This expression also caters for class B. This classifier assumes that classes follow
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Gaussian normal distributions. This assumption makes it possible to transform
each z-score distance into a p-value. The p-value represents the likelihood of
observing a given data point. Given observed data, the Bayes concept—which is
based on conditional probability—is used to calculate the likelihood of a class.

p(xI1A)
The probability
of observing x,
if x came from
the Class A
distribution

p(xIB)
The probability
of observing x,
if x came from
the Class B
distribution

X
(x—p o, (x=mp)la,
z-score distance of x z-score distance of x
from Class A from Class B

Fig. 1. Illustration of how GNB works [18].

3.3 Linear Support Vector Machine

Suppose the following data set is given {(mi,n1)...(my,ny)} the idea is to
obtain a large margin classifier that separates two regions of data, where m; and
n; represent the it data point in the feature space and its class label, respec-
tively. A hyperplane that classifies a given set of points following the equation
given in Eq.1

w.m —b=0 (1)
W denotes the normal vector to the hyperplane and b is the bias that shifts
the plane. The hard margin strategy is used if the training data shows linear
separability and is error-free, meaning it is free of noise and outliers. In situations
where errors occur, it can be attributed to either a lesser margin or the failure
of a hard margin. The construction of the hard margins involves the following
sequential steps:

— All the points outside the margins are expressed as W m; + b > a, where a
is a constant related to the margin size
— Maximization of the margin is expressed as

Mazy = a |[wl| (2)

The term ||w|| represents the norm (magnitude) of the vector w, which defines
the margin of the hyperplane. By maximizing -, we are increasing the distance
between the two classes while keeping the margin as large as possible.

— Lastly when a is set to 1, the minimum obtained is expressed as
o]l (wmy) + 5> 1
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3.4 XGBOOST

Extreme Gradient Boosting (XGBoost) performs regression and classification
tasks by utilizing an ensemble of decision trees built on the principle of gradient
boosting [19,20]. Just like gradient boosting, XGBoost constructs an additive
construction of the intended objective function in a way that minimizes a loss
function. Since XGBoost solely depends on decision trees as a base classifier,
the complexity of trees is controlled by varying the loss function. XGboost is
described as follows: Consider a set D with e samples and f features, D is
expressed as:

D = (v, x;)(|D| = e,v; € R ,x; € R), (3)

where v is the Eigen value, and x is the true value. The final predictive value
is obtained by summing the results of all S trees. The summation process is
expressed as:

Bi=Y ls(wils € L), (4)
k=1
where L is a set of decision trees and it is expressed as follows:
L=1(v) = hyw(q: R — Z,h € R?), (5)

where [(v) represents an instance of a tree, and the weight of each node is
represented by hy(,, ¢ is the structure of each node and Z denotes leaf node
number. Summing the leaf node values of each tree yields the XGBoost’s ultimate
predictive value. Because the model’s goal is to learn the trees in F', the objective
function is minimized as follows:

ngb:zH(Pi,ﬁi)Jr > 2w, (6)

where H is the loss difference between predicted values p; and actual values p;.
Overfitting of the model is avoided by setting the penalty of the decision tree
with regularization (2.

3.5 Light Gradient Boost Machine (LGBM)

Decision trees, which are poor learners, are used by the ensemble algorithms
XGBoost and LGBM to identify intricate, non-linear patterns. Nevertheless,
LGBM uses a tree growth based on leaves for classification and ranking. A leaf
represents a type of data, and its branches represent its subgroups. Two key
methods form the foundation of LGBM: exclusive feature bundling for classi-
fication and gradient-based one-sided sampling for sampling, respectively [21].
When compared to analog methods with such combined features, the processes
of data scanning, classification, clustering, and sampling are completed in a
shorter period and with greater accuracy. When memory requirements, arith-
metic speeds, and processing time are considered, LGBM is an excellent choice.
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3.6 ResNetb50

Residual networks are deep CNNs that skip some block convolutional layers by
creating shortcut connections [22]. The basic blocks (also referred to as bottle-
necks) adopt the following two design rules:

— The resulting feature map size is directly correlated with the number of filters
in the layers.
— The filter number doubles when the feature map is cut in half.

After the image is fed into ResNet50, it passes via the first convolutional layer,
convl, which has 64 filters and a 7 x 7 kernel size. Next, it passes through a stride-
2 max-pooling layer. In the second convolutional layer, conv2_z, the layers are
paired in accordance with how the residual networks are connected. The process
continues up to convolutional level 5, where average pooling is applied at the
fully connected layer. The ResNet50 solves the vanishing gradient problem by
incorporating residual blocks that act as a shortcut connection to allow a smooth
flow of information to only essential layers. The residual block comprises of three
stacked layers of 1 x 1, 3 x 3, and 1 x 1 convolutions arranged in such a way that
1 x 1 layers are designed to reduce and restore image dimensions respectively,
where the 3 x 3 layer creates a bottleneck with smaller input/output dimensions.
The matrix in Eq. 7 shows that there are 2 layers of kernelg;,e = 1 x 1 with 64
and 256 filters respectively, and another of kernelg;.. = 3 x 3 with 64 filters.

1x1 64
A=[3x364|x3 (7)
1% 1256

4 Methodology

The study introduces a hybrid of a deep neural network model and traditional
machine learning approach for classifying natural scene images. This method
integrates, ResNet50, with machine learning classifiers such as LinearSVM, GNB,
XGBoost, RF, and LGBM. ResNet50’s sole purpose in this model is to gener-
ate a feature vector that is used by the machine learning classifiers to perform
subsequent image classification. These images were obtained from Kaggle [23].
The proposed workflow of the proposed model is depicted in Fig.2. The model
is based on the following properties.

— ResNet50 was employed to produce a feature vector and machine learning
classifiers were used to perform classification process.

— The key advantage of ResNet50 over other neural networks is its capacity to
extract relevant features from a minimal training data set.
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Fig. 2. The flow of the proposed model.

4.1 Multi-class Image Classification

Multi-class classification is when an instance image can assume a class from a
predetermined set of classes. To enable the classification process, the transform
LabelEncoder from the pre-processing library in sklearn was used to label the
classes into integer discrete values. The inverse transform function was used
to visualize data during the prediction phase. Each class has 22 natural scene
images for training, 11 images for testing in each category, and 66 varied images
for validation.

4.2 Pre-processing

Since the images in the Kaggle data set varied in size, they were all reduced to
224 by 224 pixels in order to meet the ResNet50 input size requirement. Eighty
percent of the dataset was used for training, while twenty percent was used for
testing. Class labels were considered categorical data, and non-numeric cate-
gories were transformed into numeric values through label encoding. The class
labels, ranging from 0 to 4, were then represented as a vector. This data transfor-
mation was necessary because most machine learning algorithms require labels to
be converted into numerical integer values. Table 1 represents the labeled classes.
The parameters for the classifiers were configured using the random search opti-
mization technique, as shown in Table 2. Feature scaling is a crucial step in data
preprocessing for machine learning, as many models are sensitive to the scale
of feature values. To ensure that the 8-bit image pixel values were normalized
to a range between 0 and 1, all of the images used in this study were scaled by
dividing their pixel values by 255.
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Table 1. Labels of scene images

Value Class

0 building
1 |forest

2 glacier
37 mountain
4 sea

Table 2. Parameters set for the classifiers

Method Parameters

Linear Support Vector Machinekernel =" linear’, class,eight =" balanced’,

FeatureScaling = Standardize,

param_grid =" svm_C’ : [0.01,0.1, 1,10, 100]

Random Forest n_estimators = 200, max_depth = 20,

min_samples_split = 4, min_samples_leaf = 2,
max_features =" sqrt’, bootstrap = true, random_state = 42

Gaussian Naive Bayes var_smoothing = le — 9, priors = [0.5,0.5],
randomstate = 42

Linear Discriminant Analysis |param_grid =
"solver’ : ['svd’,' lsqr', eigen’], shrinkage’ : ['auto’, None],
random_state = 42

Light Gradient Boost Machine |learning_rate = 0.1, maz_depth = 15,num_leaves =
50,boosting_types = gbdt,num_iteration =
1000, feature_fraction = 0.8,max_bin = 255

eXtreme Gradient Boosting learning_rate = 0.3,
mazgepth = 10,boosting_type = gbtree,num_iteration = 500

4.3 Evaluation Metrics for Assessing Model Performance

Several metrics were employed to assess the model’s performance in multi-class
classification, including accuracy, mean average error (MAE), recall, precision,
confusion matrix, root mean square error (RMSE), and receiver operating char-
acteristic - area under the curve (ROC-AUC). A forecasted image’s deviance
from the actual image is indicated by the Mean Average Error (MAE), which
computes the average difference between expected and actual data.

5 Results and Discussion

This study seeks to identify the most effective machine learning classifier for cate-
gorizing natural images into their respective classes. This is achieved by compar-
ing the results produced by LinearSVM, RF, GNB, LGBM, XGBoost, including
a fully connected ResNet50 deep convolution neural network. Through trans-
fer learning, ResNet50 was used to produce a set of features that the machine
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Table 3. Metrics for measuring classifi- Table 4. Metrics for measuring classifi-

cation through RF based model cation through XGBoost based model
Pixel Region | Precision | Recall | F1-Score  Pixel Region | Precision | Recall | F1-Score
0 0.80 0.60 |0.69 0 0.93 0.70 |0.80

1 0.83 1.00 |0.91 1 0.91 1.00 |0.95

2 0.55 0.80 |0.65 2 0.74 0.70 [0.72

3 0.91 0.80 |0.65 3 0.78 0.70 |0.74

4 0.95 1.00 ]0.98 4 0.77 1.00 |0.87

Table 5. Metrics for measuring classifi- Table 6. Metrics for measuring classifi-

cation through LGBM based model cation through GNB based model

Pixel Region | Precision | Recall | F1-Score  Pixel Region | Precision | Recall | F'1-Score
0 0.90 0.95 |0.93 0 0.55 0.85 |0.67

1 0.87 1.00 10.93 1 0.89 0.85 |0.87

2 0.70 0.70 |0.70 2 0.50 0.35 |0.41

3 0.80 0.60 |0.69 3 0.60 0.15 |0.24

4 0.95 1.00 10.98 4 0.65 1.00 10.78

Table 7. Metrics for measuring classifi- Table 8. Metrics for measuring classifi-
cation through ResNet50 model cation through LinearSVM based model

Pixel Region | Precision | Recall | F1-Score  Pixel Region | Precision | Recall | F1-Score
0 0.72 0.65 [0.68 0 0.88 0.70 |0.78

1 0.70 0.95 0.81 1 0.77 1.00 |0.87
2 0.80 0.40 [0.53 2 0.58 0.75 10.65
3 0.54 0.75 10.63 3 0.75 0.15 [0.25
4 0.76 0.65 [0.70 4 0.61 0.85 0.71

learning classifiers could use to carryout the classification process. ResNet50
is also used separately in an end-to-end manner, from feature extraction to
classification.

Table 3 present results obtained by RF algorithm. In terms of precision, the
algorithm was highly precise in classifying images in category 4 and performed
generally poor in category 2. Precision in simple terms is the measure of qual-
ity. Precision results for categories 0, 1, and 3 were generally impressive as the
average precision is above 80%. In terms of recall, the RF algorithm managed
to classify all images under categories 1 and 4.

The term “measure of quantity” also applies to recall. The algorithm per-
formed poorly for categories 0 and 3, as the average recall values swing to about
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50% and 60% respectively. F1- Score is related to the accuracy, and it provides
a balance between precision and recall. For category 4, the RF obtained the
highest F1-Score of 98%, while category 1 had a value of 91%.

Table 4 shows results obtained by the XGBoost algorithm. In terms of pre-
cision, the algorithm was highly precise in classifying images in category 0 and
immediately followed by category 1. For the 3 remaining categories, the algo-
rithm performance is generally good as the precision values obtained are above
70%. In terms of recall, all relevant images were correctly classified under cate-
gories 1 and 4 and for the three remaining categories, each obtained a recall value
of 70%. Unlike the RF, this algorithm was most accurate in classifying images
under category 1. Generally in terms of Fl-score the XGBoost algorithm per-
formed well in classifying images into their respective categories as the F1-Score
is generally above 75%.

As presented in Table 5 the LGBM algorithm performed very well in terms of
precision, recall, and F1-Score except for category 3, which obtained the worst
results. All the classifiers performed poorly for category 3 for recall and F1-score.
The reason could be that some glacier images had heaped ice that looked like
mountains, resulting in some misclassifications.

The recall, F1, and precision score values for the GNB classifier are presented
in Table 6. With regard to precision, the model achieved the highest precision for
class 0, whilst the performance for the remaining classes is marginally better as
the precision values obtained revolve around 0.50 and 0.65. In terms of recall, the
GNB model exhibited the worst performance in class 3 and class 2 by obtaining
recall values of 0.35 and 0.15 respectively. Class 1 exhibited the highest overall
performance based on the Fl-score.

Performance evaluation for ResNet50 presented in Table 7 recorded the high-
est precision of 0.8 for class 2 and immediately followed by classes 4, 6, and 1
which achieved precision values of 0.76, 0.72, and 0.70, respectively. This indi-
cates that the ResNet50 model effectively minimized false positives for class 1.
With a recall value of 0.95, the ResNet50 network demonstrated strong per-
formance for class 1. This finding implies that the model was highly effective
in minimizing false negatives. However, it exhibited suboptimal performance in
class 2, as evidenced by a recall value of 0.4. The ResNet50 model exhibited supe-
rior performance in accurately categorizing test images inside class 1, followed
by classes 4, 0, 3, and 2, respectively.

As illustrated in Table 8, LinearSVM recorded the highest precision in classi-
fying test images in class 0 by obtaining a precision value of 0.88. Precision values
for class 1 and class 3 are deemed desirable due to their levels exceeding 0.7.
However, the performance for class 2 and class 4 is suboptimal as the obtained
values are marginally above 0.5. In terms of recall, the worst performance is
recorded for class 3 with a recall value of 0.15. For the remaining classes, the
overall recall performance is generally satisfactory. The overall performance in
terms of Fl-score is recorded in class 1.

The Gaussian Naive Bayes (GNB) model achieved absolute classification
accuracy for all twenty test images in class 4, as indicated by the confusion
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GNB RF

0 1 2 3 4 0 1 2
LinearSVM ResNet50

Fig. 3. Confusion Matrix for RF, XGBoost, LDA, GNB, LinearSVM, and KNN

matrix in Fig. 3. A total of seventeen test images were accurately identified for
classes 0 and 1. Classes 2 and 3 exhibited the poorest performance, with just
7 and 3 test images being accurately categorized, respectively. The ROC AUC
curve associated with the Gaussian Naive Bayes (GNB) classifier, as depicted in
Fig. 4, aligns well with the findings presented in the confusion matrix discussed
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in Fig.3 for GNB. Class 4 achieved the highest ROC AUC of 0.93, followed
by classes 1 and 0 with ROC AUC values of 0.91 and 0.84, respectively. The
classes that exhibited the poorest performance were class 2 and class 3, with
corresponding ROC AUC values of 0.63 and 0.59, respectively.

ROC Curves for GaussianNB

0.8

o
o

True Positive Rate
f=
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- ROC of class 1, AUC = 0.91
—— ROC of class 2, AUC = 0.63
—— ROC of class 3, AUC = 0.59
ROC of class 4, AUC = 0.93
micro-average ROC curve, AUC = 0.78
macro-average ROC curve, AUC = 0.78

0.2

00 &
0.0 02 04 0.6 08 1.0
False Positive Rate

Fig. 4. ROC AUC Curve for GNB.

As depicted in Fig. 3, the RF-based classifier accurately classified all twenty
test images into classes 1 and 4, with class 2 coming next, having 16 correctly
classified test images. Classes 0 and 3 performed the poorest, with only 10 and
12 test images correctly classified, respectively. The ROC AUC curve associated
with the RF model corresponds to the confusion matrix results for RF, as it
exhibits a flawless classification performance for classes 1 and 4. The model
successfully demonstrated the ability to accurately differentiate between image
categories within these two classes (Fig. 5).

The confusion matrix for XGBoost in Fig.3 presents its strength in abso-
lutely classifying all twenty test images for classes 1 and 4. The classification of
class 1 and class 4 showcases the effectiveness of the RF algorithm. This is sub-
sequently followed by classes 0, 2, and 3 where 14, 13, and 11 test images were
correctly classified. These results are also confirmed by the associated ROC AUC
of XGBoost in Fig. 6. The model demonstrated a absolute classification perfor-
mance for classes 1 and 4, as evidenced by a ROC AUC value of 1. Subsequently,
the remaining classes, namely classes 0, 3, and 2, achieved ROC AUC values of
0.96, 0.92, and 0.91, respectively. Similar to XGBoost, both RF and LGBM cor-
rectly classified all twenty test images for classes 1 and 4 (see Fig.3). These
results align with the LGBM ROC AUC curve shown in Fig. 7. Subsequently,
classes 2, 0, and 3 were accurately classified, with 15, 14, and 13 test images cor-
rectly identified, respectively. These results are consistent with the ROC AUC
curve of the LGBM model, shown in Fig. 7. The results revealed that LGBM
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Fig. 5. ROC AUC Curve for RF.

proved to be the most effective classifier when compared to the other baseline
classifiers.

ROC Curves for XGBClassifier
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Fig. 6. ROC AUC Curve for XGBoost.

As shown in the confusion matrix of the LinearSVM model in Fig. 3, the
model correctly classified all twenty test images, achieving flawless classification
accuracy for class 1. However, it showed the weakest performance for class 3,
correctly classifying only three test images. These results are consistent with
the LinearSVM ROC AUC values presented in Fig.8. The LinearSVM model
achieved a perfect match for class 0, with a ROC AUC value of 1.0. On the
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Fig. 7. ROC AUC Curve for LGBM.

other hand, it obtained the lowest ROC AUC value for class 3, which recorded
0.85. The confusion matrix of a fully connected ResNet50, which is utilized in
an end-to-end manner including feature extraction and the final classification
task. The model demonstrates its greatest proficiency in the classification task
for class 1, as it only misclassified a single test image as class 0 out of a total
of twenty test images. This is then subsequently followed by classes 3, 0, and 4
which correctly received 15, 13, and 13 correct test images. Twelve test images
were incorrectly classified as class 1 and class 3, resulting in the poorest score
for class 2. ResNet50 demonstrated the highest level of prediction power for
test images in class 1, as evidenced by its ROC AUC value of 0.97 (Fig.9). A
Receiver Operating Characteristic Area Under the Curve (ROC AUC) value of
0.93 suggests that the model has an equal ability to distinguish between test
images from class 0 and class 2. Following this, class 4 achieved a ROC AUC
value of 0.89, while class 3 obtained a ROC AUC value of 0.87.

Table 9. Quantitative comparison of models

Model Test Images Correctly ClassifiedMisclassified RMSE|MAE|Accuracy
LinearSVM/100 69 31 1.023 0.5 [0.69
GNB 100 64 36 1.096 [0.60 |0.64
RF 100 78 22 1.023 |0.38 |0.78
ResNet50 100 68 32 1.127 0.53 |0.68
XGBoost 100 78 22 0.878 10.35 0.78
LGBM 100 81 19 0.768 10.33 |0.81
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Table 9 shows that the hybrid model using LGBM outperformed others in
terms of accuracy, as well as in various evaluation metrics from the confu-
sion matrix, including the counts of correctly and incorrectly classified images,
RMSE, and MAE. The results further show that the LGBM-based model demon-
strates the highest predictive accuracy, correctly classifying 81 out of 100 test
images. It is followed by XGBoost and RF, which both successfully classified 78
test images. Additionally, the LGBM-based model produced the lowest Mean
Absolute Error (MAE) and Root Mean Square Error (RMSE) values, at 0.33
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and 0.768, respectively. This suggests that, compared to the other models, its
predictions are significantly closer to the true values.

Table 10 illustrates that the deep learning model based on LGBM outper-
formed several other models, such as Mandhala et al. [24] for classifying real-
world scenes into categories like coast, forest, highway, and streets; Xia et al.
[2] for classifying natural images; Rout et al. and Zheng et al. [25] for evalu-
ating aerial scene classification; Song et al. [26] for indoor scene classification;
and Song et al. [27] for RGB-D scene recognition. However, the study by Los et
al. [28], which applied LGBM for tree species classification using SENTINEL-2
data, achieved a higher accuracy of 0.94. This difference may be due to their use
of a single satellite image and a class category drawn from the same domain.

Table 10. Accuracies obtained from other models

Model Accuracy
Deep learning model [2] 0.64
SVM model [24] 0.72
Multi-Kernel Learning model [26] 0.61
deep learning model [25] 0.66
Multi-modal combination method [27] 0.67
Recurrent Neural Network (RNN) model [29]/0.67
LGBM model [28] 0.94

6 Conclusion

This study uses a hybrid approach that combines deep convolutional neural
networks with traditional machine learning classifiers to categorize images of
natural scenes into five distinct classes: building, forest, glacier, mountain, and
sea. In order for machine learning classifiers to categorize a test image into one
of the five classes, a set of features was extracted using the ResNet50, which
was adopted through transfer learning technique. The models’ performance was
evaluated using metrics such as accuracy and RMSE. With the lowest RMSE of
0.768 and an accuracy of 81%, the LGBM-based model showed the best perfor-
mance. In the field of forestry, this model can be utilized to categorize trees in
accordance with the species to which they belong, as well as to classify vegeta-
tion into a variety of various types and categories. With the aim of increasing
classification accuracy, the study recommends the adoption of ontologies in the
classifier, so that the classification process is informed by ontologies of a specific
domain. Explainable AI (XAI) methods like SHAP or LIME may be used in
future research to shed light on how the ResNet50 and machine learning clas-
sifiers make decisions. Furthermore, combining XAI with attention mechanisms
may improve interpretability by highlighting the areas of the image that are
most important for classification.
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Abstract. Solar events originate from the sun and normally manifest within its
solar system. Solar flares release lethal radio-active energy into space and have
been theorized to trigger coronal mass ejection (CME) with lethal terrestrial
impacts. The National Aeronautics and Space Administration (NASA)’s Solar
Dynamics Observatory(SDO) has captured high-quality images of solar flares
that can be used for solar flare studies. Expert physicists struggle with the classi-
fication of the images due to their large data size. Convolutional Neural Networks
(CNNG5) have proven effective with large datasets. This study improves the clas-

sification accuracy of solar flares observed at wavelength 1,600 /i from 94% to
100% by utilizing an ensemble of diverse CNN models that are deliberately set up
to be more effective than the best base learners. Data from the Atmospheric Imag-
ing Assembly(AIA) containing three classes of solar flares: limb, two ribbon, and
compact, was used. A ‘background’ class was included for images with no solar
flare. The CNN models used are AlexNet, LeNet5, XceptionNet, NASNetLarge,
and ResNet50. The best CNNs were AlexNet, LeNet5, and NASNetLarge with
fl-scores and accuracies of 99%. The Soft and Hard voting ensembles outper-
formed the best individual CNNs with an fl-score of 100% and an accuracy of
100%. The conclusion which supports previous literature from other domains,
is that practically demonstrable base learner diversity improves an ensemble’s
performance.

Keywords: Solar Flare - Solar Dynamics Observatory(SDO) - Convolutional
Neural Network (CNN) - Base Learner - Ensemble CNN - Diversity

1 Introduction

The solar disk (sun’s surface) has magnetic forces as a result of electrical charges
from its contained materials [13]. Internal disturbances in the sun release some of the
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solar energy to the solar disk and the surrounding environment. Solar events in gen-
eral terms are various forms of disturbances. Solar flares, coronal mass ejections, high-
speed solar winds, sunspots, and prominence are examples of solar events. Solar flares
trigger CMESs, which interrupt the Global Positioning System (GPS) in space [26] by
increased radiation levels. On the 6 September 2017, coronal mass ejections (CMEs)
and a sunspot created a powerful short wave resulting in a radio blackout in the Atlantic
Ocean, Africa, and Europe. Communication systems are prone to disturbances triggered
by solar events [26]. Astronauts can easily be killed by the radiation levels. Radiation
caused by solar flares can directly harm the Earth. Solar flare occurrence rates increase
every decade [17]. Early detection of solar flares can aid with mitigation measures. On
the 117 February 2010, the Solar Dynamic Observatory (SDO) rocket was launched to
collect data on the sun. The data used in this study was obtained in [12], it was published
by the Applied Mathematics department of the University of St Andrews (England) in
2020, under the Creative Commons (CC) licensing. The original source of the data is
the Atmospheric Imaging Assembly (AIA) which is a tool of the aforementioned SDO.

This study aims to use effective CNNs and lightweight CNN ensembles to clas-

sify solar flares observed at wavelength 1,600 ,Z The CNNs used in the study are pre-
existing and well known. The contribution of this study is the employment of well
justified strategies and criteria in the construction of the ensemble CNNs that perform
better than the best base learners (the pre-existing CNNSs). Full descriptions of the solar
flare classes and dataset can be found in [12]. The remainder of the paper is as follows,
Sect. 2 presents related previous works. Section 3 describes the methods used. Section 4
discusses results obtained & Sect. 5 concludes the paper.

2 Related Works

The first study for visual recognition of solar flare ribbons (captured at wavelength

1,600 IZ) using CNNs was conducted in [12]. The study focused on classifying solar
flare ribbons into one of four classes namely limb flares, compact ribbon flares, two-
ribbon flares, and a control class named quiet sun for a solar disk region with no solar
flare going on. The data used was obtained from the SDO’s Atmospheric Imaging
Assembly (AIA), limited to only >C class solar flares. The results showed a maxi-
mum of 94% classification accuracy. The subjective visual complexity of the observa-

tions was relatively low for observations at wavelength 1,600;)\. It can be argued that
the architecture of the CNN model used by the researchers was either too small, too
large, or poorly optimized in training. Another study [9] demonstrated how some CNN
architectures can perform in a more complex dataset where the task was to visually
recognize various solar events. In consideration of those facts, this study shows that the
use of sufficient architectures can allow for improved performance. Also, it shows that
more complex model architectures can lower the performance. The study in [9] recom-
mended the use of ensembles for better success of CNNs. Simply combining models to
form an ensemble is not a reliable method for getting the best out of an ensemble archi-
tecture. An intensive review by [16] discussed the various factors to be considered when
setting up the ensemble. One of the key things is ensuring diversity in the base learners
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of the ensemble. This study sets up diverse base learners whose diversity is mathemati-
cally quantified and produces an ensemble that improves the classification results of the

wavelength 1,600 ,Z observations to 100%. While individual model architecture selec-
tion can improve performance, where one model is not efficient an ensemble model can
be a more effective solution.

Ensemble CNNs have previously been used for sunspot (solar event) classification
by [21]. The data used is a subset of the SDO’s Helioseismic and Magnetic Imager
(HMD). In the study, multiple CNN models were constructed and ten of those were
combined using XGBoost to form the ensemble model. The ensemble outperformed
the individual CNNs. The ensemble yielded a superior average of 92% accuracy with
its highest f1 score being 0.95. Base learner diversity was credited for the success of the
ensemble. This study uses multiple means to induce base learner diversity.

The relationship between the number of classes in the data and the number of mod-
els is vital. Let N. € Z be the number of classes and N,, € Z be the number of models.
As done in this study, it helps to use N,, > N, just in case models make different pre-
dictions. Also as done in this study, it helps to set NV, such that N, % 2 ! =0 and N,,, is
odd, in the case of voting. This helps avoid ties in the votes. In this study, N, = 5 and
N, =4.

The relationship between an ensemble’s base learners is crucial for an ensemble’s
success. According to an ancient French mathematician Jean Nicolas de Cariat, if
V = {vi,v2,...,vs } is a set of n voters, and the probability p(v;) that each voter chooses
the right option in given options is above 0.5, then combining these voters yields bet-
ter accuracy. It is therefore critical to ensure that base learners each yield at least 50%
success on the data. In this study, all the chosen individual CNNs have accuracies signif-
icantly greater than 0.5, with the lowest being 92%. With homogeneous base learners,
the bagging and boosting approaches are common [6]. Some of the less computation-
ally expensive ensemble methods include weighted averaging, unweighted averaging,
and unweighted majority voting [5].

The diversity of the base learners is highly regarded as the most decisive factor
of an ensemble’s success [10, 16]. There is no clear definition of diversity [10]. The
strengths of base learners on distinct parts of the data help the ensemble perform well
[24]. Ensembles use the philosophy of “crowds are wiser than one”, not all crowds
are wiser though [16]. The ensemble will more likely be successful if base learners’
decisions are independent to avoid biases [16]. The combination of each base learner’s
search spaces helps the ensemble have an even bigger solution search space.

3 Methods
3.1 Data Pre-processing

The data used was adopted from [12] stored as pickle objects. The data was first dese-
rialized, went through image standardization, then shuffling, and finally batching in
readiness to be fed to the CNNs. Image sizes of 250 x 250 pixels were used. There were
966 images in the dataset in total. Data was partitioned into 70%, 15%, and 15% for
training, testing, and validation respectively. Each image has its class. Each class was
equi-proportionally represented in the data partitions.
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3.2 Similarities Between The Used Individual CNNs

All the individual CNNs use the softmax activation function in their final layer. The
softmax is defined in Eq. 1.

eti

= 1
e (1)

sofmax(x;) =

where x; is the input vector, n is the number of classes and e is the standard Euler’s
number derived function [19]. The softmax computes the probability that the image
belongs to a certain class, in this case, one of the four classes. The softmax was chosen
since the data that needs to be classified is multinomial and it deals with multinomial
probability distributions well. With exception to the LeNet5 model, the other models
used in this study were configured to make use of the categorical cross-entropy loss
function, defined in Eq. 2.

C

CE(x;,y;) = Y, xilog(y;) (2)
i=1

where y; is the j™ value of the mode’s possible outputs and x; being the actual value

expected [7]. The categorical cross entropy was chosen because the problem at hand is
a multi-class classification problem. The hidden layers used the Rectified Linear Unit
(ReLU) activation function defined in Eq. 3.

RelLU (x) = {0’ ifr<0 (3)

x, ifx>0

where x is the numerical input. This ReLU’s strength is not being affected by the van-
ishing gradients issue. The ReLU was chosen for its positive influence on the model’s
training speed in contrast to its well-known alternatives. The final layer has four neu-
rons for each CNN model, classifying an image into one of the four classes in the data.
The models were configured with early stopping to stop training if the validation loss
does not improve after some epochs, this was done to save time. The main means for
reducing (optimizing) training time are: using the ReLu, using the EarlyStopping con-
figuration, model optimizers, and the GPU configuration for model training.

3.3 Differences Between the Used Individual CNNs

Differences in CNNs were deliberate means to increase diversity. The use of different
optimizers on CNNs increases their diversity [22]. In this study, five different CNN
architectures were each configured with a different optimizer. Optimizers were chosen
based on their competence as seen in other studies. According to [6], heterogeneous
base learners help ensembles to be successful. The AlexNet model used the Stochastic
Gradient Descent, ResNet50 used the Adadelta, NASNetLarge used the Adagrad, Xcep-
tionNet used the RMSprop and LeNet5 used the Adam optimizer. Table 1 shows how
the models differ in their configurations. The learning rate for each model was selected



Ensemble CNNs for Solar Flare Image Classification 59

because it was producing better results than alternatives during the experiments. The
optimizers were chosen for performance maximizing and variety amongst the CNNs.
Each model was shown to learn best (or faster) when using a certain batch size. The
selection of batch sizes also varied amongst most of the models except the AlexNet
CNN and the XceptionNet CNN.

Larger models like the ResNet50 required larger batches for efficient training. The num-
ber of epochs used was largely dependent on the size of the model, batch size, and the
optimizer. This resulted in varied epoch configurations for the models for efficient train-
ing. The column named ’Patience Epochs’ indicates the number of training epochs for
which the model was configured to use as a stopping criterion if the validation perfor-
mance does not improve for those specific epochs consecutively in training. For exam-
ple, the 5 for AlexNet means that if the validation loss does not decrease in 5 consecutive
epochs, then the model should stop training. This was done to prevent over-fitting. The
choice for patience epochs was subjective but based on experimental observations. This
number can vary depending on the complexity of the model and the data.

Table 1. Configurations For CNN Models

Model Learning Rate|Optimizer Batch Size EpochsPatience Epochs Momentum
AlexNet 0.002 SGD 32 25 5 0.5
XceptionNet |0.0011 RMSProp |32 60 11 0.001
LeNet5 0.015 Adam 16 18 8 -
NASNetLarge 0.0017 Adagrad 24 65 10 -

ResNet50 0.0018 Adadelta 64 100 |6 -

The following bullet points each provide justifications of relevance of the methods
used. Each model is justified for its success in a relevant application, even if it was in a
different context. It is important to note that the bullet points are not meant to provide
a comprehensive review of the relevant studies but a brief justification of relevance.
Tables 2, 3, 4, 5, and 6 each shows the architectural details of the CNN models used. In
cases where a base model was used, it was taken from TensorFlow’s Python framework
developed by Google Brain [1]. Models whose bases were taken from TensorFlow were
imported without pre-trained parameters. The additional layers were customized in the
experiment for this study to best suit the models for the task at hand (e.g., the obvious
final layer with 4 classes). Other layers were added to create variety while maximiz-
ing performance and creating room for exploring how larger models will deal with the
problem, e.g., the ResNet50 model. This was done because, in Chap. 1, it was hypoth-
esized that the architecture of models has an impact on performance. The use of the
dropout was done to combat over-fitting.

— AlexNet CNN - AlextNet was introduced by [8] in the ImageNet Large Scale Visual
Recognition Challenge (ILSVRC) where it was the top-performing model. So the
model on its own has a good reputation. The properties of medical images are very
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similar to those of solar flare ribbons [2]. A study [18] shows how the AlexNet model
was successful in the visual recognition of diabetic retinopathy images. It obtained
at least 95.6% accuracy in various stages of diabetes. The images of the retina used
in that study are very relatable to the problem at hand. Its original architecture can
be found in [25], which shows that it is a simple model that is easy to train. This
model can do well in medical imaging which led to the justification of its relevance
in this context based on the aforementioned facts.

Table 2. The Fine-tuned AlexNet CNN Architecture

Layer Type Parameters Output Shape
Convolutional Filters: 128, Kernel: (11, 11), Strides: (4, 4)|(62, 62, 128)
Batch Normalization — (62, 62, 128)
Max Pooling Pool Size: (2, 2) (31, 31, 128)
Convolutional Filters: 256, Kernel: (5, 5), Strides: (1, 1) |(31, 31, 256)
Batch Normalization — (31, 31, 256)
Max Pooling Pool Size: (3, 3) (10, 10, 256)
Convolutional Filters: 256, Kernel: (3, 3), Strides: (1, 1) |(10, 10, 256)
Batch Normalization — (10, 10, 256)
Convolutional Filters: 256, Kernel: (1, 1), Strides: (1, 1) |(10, 10, 256)
Batch Normalization — (10, 10, 256)
Convolutional Filters: 256, Kernel: (1, 1), Strides: (1, 1) |(10, 10, 256)
Batch Normalization — (10, 10, 256)
Max Pooling Pool Size: (2, 2) (5, 5,256)
Flatten - 6400

Dense (Fully Connected) Neurons: 1024, Activation: ReLU 1024
Dropout Rate: 0.5 1024

Dense (Fully Connected)| Neurons: 1024, Activation: ReLU 1024
Dropout Rate: 0.5 1024

Dense (Output) Neurons: 4, Activation: Softmax 4

— XceptionNet CNN - In a COVID-19-based study [20], A modified version of Xcep-
tionNet demonstrated success in image recognition when compared to some of
the most recent models. As mentioned earlier, medical images are similar to solar
events’ images, this makes the use of XcpetionNet more reliable. This study however
uses the standard XceptionNet model with modifications as presented in Table 3.

Table 3. The Fine-tuned XceptionNet-based Neural Network Architecture

Layer Type Parameters Output Shape
Input Shape: (250, 250, 1), Pooling: Max|(None, 2048)
Dense (Fully Connected) Neurons: 512, Activation: ReLU 512

Dense (Fully Connected) Neurons: 64, Activation: ReLU 64

Dense (Output)

Xception Base

Neurons: 4, Activation: Softmax 4
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— LeNet5 CNN - The LeNet CNN was first introduced in [11]. Named after Yann
LeCun, the model has been applied in the recognition of complex graphical figures
like handwritten digits [11]. A later variation named LeNet5 was applied in solar
event detection [3], where it was successful. The model has also been successfully
applied in predicting the arrival time of coronal mass ejections (solar events) [23].
The slightly tuned version used in this study is shown in Table 4.

Table 4. LeNet-5 Inspired Neural Network Architecture

Layer Type Parameters Output Shape
Convolutional Filters: 32, Kernel: (5, 5), Input Shape: (250, 250, 1)|(250, 250, 32)
Max Pooling Strides: 2 (125, 125, 32)
Convolutional Filters: 48, Kernel: (5, 5) Activation: ReLU (121, 121, 48)
Max Pooling Strides: 2 (60, 60, 48)
Flatten — 172800
Dense (Fully Connected) Neurons: 256, Activation: ReLU 256

Dense (Fully Connected) Neurons: 84, Activation: ReLU 84

Dense (Output) Neurons: 4, Activation: Softmax 4

— NASNetLarge CNN - In another COVID-19-related study [14] using X-ray images,
the NASNetLarge CNN model was among other well-performing models in a recog-
nition task meant to aid an automated diagnosis of COVID-19-related infections.
X-ray images fall under the category of medical images. Other recent works also
applied this model to medical images [27]. The fine-tuned version of this model
used in this study is provided in Table 5.

Table 5. The Fine-tuned NASNetLarge-Based Neural Network Architecture

Layer Type Parameters Output Shape
NASNetLarge Base Input Shape: (250, 250, 1), (None, None, 4032)
Dropout Rate: 0.5 (None, None, 4032)
Flatten - 4032

Batch Normalization - 4032

Dense (Fully Connected) Neurons: 32, Kernel Initializer: He Uniform|32

Batch Normalization — 32
Activation (ReLU) — 32
Dropout Rate: 0.5 32
Dense (Fully Connected) Neurons: 32, Kernel Initializer: He Uniform|32
Batch Normalization - 32
Activation (ReLU) — 32

Dense (Output) Neurons: 4, Activation: Softmax 4
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— ResNet50 CNN - In the task of brain tumor detection, a study [4] showed that the
ResNet50 model was a good candidate for the recognition/classification of images
with MRI scans. MRI scans are medical images and these are similar to solar events’
images, thus making the ResNet50 model a good candidate base learner. The model
has been slightly fine-tuned for use in this study and the resulting architecture is
summarized in Table 6.

Table 6. The Fine-tuned ResNet50-Based Neural Network Architecture

Layer Type Parameters Output Shape
ResNet50 Base Input Shape: (250, 250, 1) (None, None, 2048)
Dropout Rate: 0.5 (None, None, 2048)
Flatten — 2048

Batch Normalization — 2048

Dense (Fully Connected) Neurons: 2048, Kernel Initializer: He Uniform 2048

Batch Normalization — 2048

Activation (ReLU) — 2048

Dropout Rate: 0.5 2048

Dense (Fully Connected) Neurons: 1024, Kernel Initializer: He Uniform 1024

Batch Normalization — 1024

Activation (ReLU) — 1024

Dropout Rate: 0.5 1024

Dense (Output) Neurons: 4, Activation: Softmax 4

3.4 Measuring Diversity of Individual CNNs

Table 7 shows some tabulated metrics of the diversity measure on some of the models.
Previous utilization of the diversity measure can be found in [10]. Let B, ,,, be a pre-
diction of models m; and m, on some test data. Assume that O and 1 mean wrong and
correct classification, respectively, such that Py ; is a set of cases were m; was wrong
and my was correct. Using a similar analogy, the diversity measure for m; and m; is:

|Po,1| +|Pr ol
|Po,t| + [Prol + |Pool + P11

where Dy, ,,, measures how often the models m; and m; disagree when they are tested.
For the sake of presentation. Table 7 shows the disagreement of the models. The weak-
ness of this metric is that it does not give clues about whether models were both wrong
in their disagreements or not.

A better alternative method to measure diversity is the Q-statistic as discussed in
[10]. Its result can be used to deduce more information about a pair of classifiers than

“4)

mymy —
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Table 7. The disagreement measure for some of the CNNs

AlexNet XceptionNet [LeNet5 NASNetLarge ResNet50
AlexNet - 2.055 x 1072/6.85 x 1073 |1.370 x 1072 [8.23 x 1072
XceptionNet — - 1.370 x 10722.050 x 1073 (8.90 x 1072
LeNet5 - - - 6.85x 1073 [8.90 x 102
NASNetLarge — - - — 8.21 x 1072
ResNet50 — — — — —

with the disagreement measure. Using a similar notation with the disagreement mea-
sure, the Q-statistic for 2 classifier models m, and m,, is computed as:

(IP1l*|Pool) = ([Poa| * |Prol)
(IPr1]*[Pool) + ([Poa] * |Prol)

For any pair of classifiers, m, and my,, O, > 0 implies that m, and m;, have a ten-
dency of making correct predictions. Q, 5 < 0 implies that m, and m;, have a tendency
to both make wrong predictions. VYQ, 5, Qup € [—1,1], Qa5 € R. The computation of
the Q-statistic show that both the AlexNet and XceptionNet have a value of -1 against
the NASNetLarge and also against each other. Both the AlexNet and XceptionNet have
a value of 0 against the LetNet5. The AlexNet and NASNetLarge both have a value
of 1 against the ResNet50 model. The XceptionNet has a value of 0.563 against the
ResNet50 model and lastly the LeNet5 with a value of 0 against the ResNet50. There
are more non-negative values in the Q-statistic values for pairs of models, which is
a good indication of the models’ correct classifications. The negative values indicate
room for the models to complement each other’s weaknesses in the ensemble model if
they can.

Qap = (&)

3.5 Computing Platform Specifications

The individual models were trained sequentially. The Google Collab environment was
utilized for the experiments. The Graphics Processing Unit (GPU) configuration was
used to save time. The device details are Intel (R) Xeon (R) CPU @2.00 GHz, Random
Access Memory (RAM): 13297228 Kilobytes, CPU cores: 2 threads per core and CPU,
Programming Language used were Python3 (3.7.15) and C++.

3.6 Training of Models

The individual models were trained sequentially. The Google Collab environment was
utilized for this experiment. The Graphics Processing Unit (GPU) configuration was
used to save time. The device details are Intel (R) Xeon(R) CPU @2.00 GHz, Random
Access Memory (RAM): 13297228 Kilobytes, CPU cores: 2 threads per core and CPU,
Programming Language: Python3(3.7.15).

The shapes and smoothness of the graphs in Fig. 1 show the variations among mod-
els. To be presentable, the training and validation losses were squashed from the range



64 M. Mngomezulu and M. Gwetu

[0,9] to (0, 1) using the sigmoid (normally used as an activation function), defined as

o(x) = 1+1e*x — _¢. This comes from the fact that Vx,x € R,c(x) € (0,1). What is

et
more important to observe is the trend/shape of the graphs over time than their original

values, for this study.

The AlexNet & NASNetLarge models demonstrated a good discrimination ability
at around 13 and 40 epochs respectively and going forward. This is evident in the AUC
curves sampled in Fig. 1. The XceptionNet CNN seemed to need more time to have
stable AUC and validation losses. The Early Stopping configuration for the models was
to stop training if the model go for a certain number of epochs without an improvement
in the validation loss. The XceptionNet model in fact stopped early due to the Early
Stopping configuration.
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Fig. 1. Sample AUC, Validation (AUC), Training Loss, Validation Loss Curves for CNN Models

The GPUs helped decrease the training time for models. The training time descend-
ing order is NASNetLargeNetLarge, XceptionNet, ResNet50, AlexNet, and LeNet5.
The AlexNet and LeNet5 CNNs are not only required less time, but they also performed
well. In Fig. 1 it can be noted that for the NASNetLarge model, the validation loss curve
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is below the training loss curve. This is due to the effect of the sigmoid applied on the
loss curve to constrain it in the range [0, 1] for the sake of being presentable.

3.7 Evaluation Metrics

The metrics used to measure the success of the classifiers were namely accuracy, sensi-
tivity, specificity, and f1-score. The equations for these metrics can be found in [9].

4 Results and Discussion
4.1 Confusion Matrices From CNNs

Figure 2 shows that all models on average did well in recognizing the Limb & Two
Ribbon (labeled as ’2 Ribbon’) class. With a common misclassification of the Com-
pact class. The simplest class to recognize is the Background, the confusion matrices
show that there were no false positives in that class. As the average accuracy shows,
the AlexNet model average had more true positives, with some false positives of the
Limb class when the true positives would have been Compact. As evident on the confu-
sion matrices, LeNet5 & XceptionNet misclassified the Compact & Background events,
what may be interesting is that for each of those misclassifications, the models had false
positives on different classes. In overall, the false alarm rates (FAR) were low, meaning
the models performed well and can be usable in a real-world setting.

The key performance metrics: accuracy (Acc), specificity (Spec), sensitivity (Sens),
and F1-score, are displayed in Table 8 for individual models.

4.2 Ensemble CNNs and Their Performance

The choice of different CNN architectures was motivated by the aforementioned pre-
requisite for ensemble success, diversity. In this experiment, it was observed that
the error correlation of the models was low. In this study, more than two classi-
fiers are used, making diversity quantification a slightly challenging task as stated by
[10].The Soft-Voting ensemble is mathematically defined as: y = argmax;Y;_, w;p; ;
where p; ; is the predicted class of the i'" classifier for the j class label. The term
wi,Yw; € {wi,wa,...,w, } is a weight parameter that is optional, it’s default value is %
where the weights are equally shared. In this study, the default weight was used. To
define the Hard-Voting/Majority Voting ensemble, let S = {m;,my,ms, ...,m, } denote a
set of 7 models. Then if x is one of the test data items and p(m;(x)) is the prediction of
model i given on x, the ensemble vote on x’s classification is defined as:

2=mode{p(m(x)), p(ma(x)), p(m3(x)), ..., p(my(x)) }.

Both the Hard Voting and Soft Voting ensemble did very well obtaining a 100%
accuracy in the final tests on average. A tabulated summary of previous works can
be seen in Table 9. The results from this study agree with [9] on the prediction that
ensemble CNNs would do better than individual CNNs.
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Fig. 2. Sample Confusion Matrices for CNN Models

Table 8. Individual CNN Model Performance Summary

CNN Acc|Spec|Sens| AUC|F1-score
AlexNet 0.99/0.99/0.98/0.99 0.99
XceptionNet [0.98/0.9810.96/0.97 |0.94
LeNet5 0.99/0.99/0.98/0.99 0.99
NASNetLarge|0.98/0.99 0.980.99 |0.99
ResNet50 0.92/0.960.90/0.99 0.9
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Table 9. Related Works & Classification Accuracies

Paper Reference Background/Compact/Two Ribbon|Limb
Love et al., 2020 (Individual CNN) 95% 88% 97 % 92%
This study(Ensemble CNNs) 100% 100%  |100% 100%

The following observation was noted when conducting this study. The overall
conclusion is that error correlation need not always be low as most studies claim,
it can be high at times and have no effect on the ensemble’s choices. Let P, as
Pu(x) = {mip(x),mi11p(x),mirap(x),...,myp(x)} be a set of predictions on input x by
n models, where n € Z , such that m;p(x) is the " model’s classification prediction
on input x. In this experiment, n = 5, the five models are namely AlexNet, LeNet5,
ResNet50, NASNetLarge, and XceptionNet. Define W, (x) C P,,(x) where W,,(x) is
the set of wrong classifiers on predicting x’s class. In this study, it was noted that if
[Win(x)| < |Bu(x) \ Wi (x)| then the error correlation of models in W, (x) will have no
impact on the ensemble’s final correct classification, even if the models in W,,(x) are
fully correlated in their predictions. This fact applies to the hard-voting ensembles. For
the aforementioned fact to be true in soft voting ensembles, it is required that the sum
of probabilities for the correct class in the models in P, (x) \ W, (x) must be greater than
the sum of probabilities of any class in W, (x).

Initially, the null hypothesis H, was that there would be no difference between an
ensemble and the best individual CNN. A McNemar’s statistical significance test [15]
was used to test H,. To avoid division by 0, the prediction count values were increased
by 1. This follows after the ensemble had 100% accuracy. The results show that the Chi-
square statistic is ~ 13.482 & p-value ~ 2.440 x 10~*, using o = 0.05. The statistical
significance implies that H, is rejected.

In real world operational settings there is a possibility that the ensemble models
will not be a silver bullet for accurate solar flare classification. Implementing ensembles
requires more compute resources than just one CNN model. On a large scale, trade-offs
between operational costs and accuracy may results in the best base learner being the
practically feasible candidate. The response time of an ensemble is at best (shortest) the
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same as that of the base learner with the longest response time plus the time it takes
to consolidate the predictions. This applies if the base learners are tested in parallel.
In sequential testing the response time of the ensemble is at least the sum of the reac-
tion times of all its base learners plus the prediction consolidation time. Also, if very
unfamiliar data comes at test phase, if the base learners fail to be diverse when they are
wrong then the ensemble losses it’s predictive power.

5 Conclusion

This study improves on results obtained by [12] in the classification of solar flares

observed at wavelength 1,600,2 by a margin of 6% incremental accuracy. Both studies
use exactly the same data from the Atmospheric Imaging Assembly (AIA) published
by the Applied Mathematics Department of the University of St Andrews (England)
in 2020. In this study, the best individual CNN on average accuracy performance was
the AlexNet and LeNet5 models. The best CNN models from the experiment, AlexNet
99%, LeNet5 99%, and NASNetLarge 98%. They each had fl-scores of 0.99. The best
individual models in this study performed better than those from [12], with an incre-
mental margin of at least 4% higher accuracy. This can to a large part, be attributed to
choosing a more suitable architecture. From this study, the accuracy of the best CNNs
and the ensemble has a very low margin ~ 1%. Taking advantage of diverse base learn-
ers, in this study the hard and soft voting ensembles were used and they both obtained a
100% accuracy, f1-score, etc. The improvement is a result of deliberate means of base-
learner diversity as discussed in the methods used in this study. The emphasis on base
learner diversity was motivated by a review from [16] and ensembles alone by [9] in
the context of solar flare classification. In the case that the best model gets 100% accu-
racy, it may not be necessary to construct an ensemble as they need more training time
(for sequential training of base learners) or more resources (parallel training of base
learners).

In future works, a different dataset and homogeneous and heterogeneous ensembles
can be explored for the task of solar flare classification.
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Abstract. With the increasing digitization of education and large-scale standard-
ized testing, the use of natural language processing (NLP) for the automatic grad-
ing of assessments has surged, leading to the widespread availability and adop-
tion of commercial solutions. Automatic grading is not limited to multiple-choice
questions, but also includes essays and short answers, highlighting its poten-
tial to automate rapid assessment and feedback in higher education. This study
explores various NLP techniques used in automatic grading, investigates research
outcomes, identifies recommended NLP approaches, and examines future direc-
tions for automated assessment systems. A systematic literature review following
PRISMA guidelines was conducted using Scopus data, identifying 32 relevant
studies from a pool of 279 peer-reviewed articles. Findings indicate that auto-
matic grading techniques vary based on assessment type and available data. In
summary, this study provides an updated overview of NLP applications in assess-
ments, enhancing the understanding of current research and suggesting directions
for future research.

Keywords: Natural Language Processing - Assessment - Automatic Grading -
Artificial Intelligence - Higher Education

1 Introduction

Assessment plays a critical role in the education system by evaluating student perfor-
mance. Traditionally, evaluations are conducted manually by teachers. However, as the
student-to-teacher ratio increases, this manual process becomes more complicated and
time-consuming. Additionally, manual evaluation lacks reliability and consistency [1].
For example, Burrows, Gurevych and Stein [2] study highlights the limitations of manual
grading, which include inconsistency and the time-consuming and labor-intensive nature
of assessing large volumes of student submissions, particularly in contexts like stan-
dardized testing or massive open online courses (MOOCs). However, using Al-powered
grading systems, such as automated essay scoring (AES), leverages natural language
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processing (NLP) to process and grade assessments in seconds, drastically reducing the
workload of educators and allowing for faster feedback. Studies have shown that artificial
intelligence (AI) models can evaluate hundreds of responses in the time it takes a human
grader to assess a few, which enhances the potential for timely feedback, crucial for
student learning and improvement [3, 4]. Educational institutions have widely adopted
Al across various service delivery methods for students [1]. Among the most preva-
lent AI techniques for mining student opinions is NLP, which is crucial for interpreting
end-user feedback and opinions [5]. NLP is a subfield of Al that focuses on the inter-
action between computers and humans through natural language. It involves enabling
computers to understand, interpret, and respond to human language in a valuable way
[1]. According to Rokade, Patil, Rajani, Revandkar and Shedge [5], common applica-
tions of NLP include fighting spam, information extraction, summarization, machine
translation, and processing and grading answers. In higher education, using NLP in the
automatic grading of assessments plays a crucial role in assessing students’ learning
abilities [6]. Moreover, meaningful formative and summative assessments are essential
to active learning in higher education. According to Ramesh and Sanampudi [6], over
the past few decades, researchers have been exploring automated essay grading, short
answer scoring systems and automated scoring of multiple-choice questions. Similarly,
in a recent study, Gao, Merzdorf, Anwar, Hipwell and Srinivasa [7] examined automated
grading of text-based open-ended questions. Their study highlights significant progress
in NLP and machine learning (ML) techniques, which have enhanced the capabilities of
automatic assessment tools. However, the study notes that while automated assessment
systems show promise, their accuracy and reliability are not yet on par with human
grading. Additionally, the study shows that there are discrepancies, particularly in eval-
uating creative or complex responses that require deeper understanding and contextual
interpretation. Nevertheless, Rokade, Patil, Rajani, Revandkar and Shedge [5] opine
that automating grading and assessment can save teachers time, enhance accuracy and
consistency, and offer students more comprehensive feedback.

While automated evaluation is widely available for multiple-choice questions, essay
questions, and short answers, it is important to explore the various NLP techniques used
in the automatic grading of assessments in higher education, as well as the challenges
encountered and the research outcomes in automated assessment systems. Accordingly,
three research questions (RQs) were raised:

RQI1. What are the various NLP techniques used in the automatic grading of
assessments in higher education?

RQ2. What are the research outcomes of automated assessment systems?

RQ3. What are the recommended NLP techniques and future work on automatic
grading of assessments?

These RQs aim to advance understanding, inform evidence-based decision-making,
and support the broader adoption of NLP-based technologies in education, ultimately
contributing to a more efficient, scalable, and responsive assessment ecosystem.
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The rest of the paper is arranged as follows: Sect. 2 explains the research methodology
employed for the study. Section 3 presents and discusses the findings as they relate to
the RQs, thus expanding the frontiers of knowledge on NLP in automatic grading of
assessments. Section 4 presents the conclusion and limitations of the study.

2 Methodology

The researchers conducted a systematic literature review (SLR) to examine the various
NLP techniques used in the automatic grading of assessments. An SLR employs struc-
tured methods to collect, analyze, and interpret secondary data that is directly related to
the research question [8]. This process allows for the collection of pertinent evidence on
a given topic that meets predefined eligibility criteria, providing answers to the formu-
lated research questions [9]. This study chose an SLR because it provides a structured,
in-depth examination of existing research, offering a broad and detailed view of the NLP
methods used in automatic grading. Furthermore, it helps identify current trends in NLP
techniques applied to grading, such as sentiment analysis and text classification. Hence,
this method was chosen to gather and summarize current evidence on NLP, which was
then analyzed to inform how the educational sector can leverage its benefits.

2.1 Data Sources and Selection Criteria

This section outlines the data sources used in the study, detailing the database, search
terms, and inclusion/exclusion criteria. This study data was obtained from the Scopus
database accessed on 13 August 2024. The Scopus database was selected due to its
comprehensive coverage, high-quality content and advanced analytical tools compared
to other databases such as the Web of Science (WoS) [10]. According to Zupic and Cater
[11], a wider coverage is beneficial for mapping out smaller research areas. This exten-
sive coverage is particularly important in the context of NLP and automatic grading of
assessments. The search strategy employed was limited to disciplines such as Computer
Science, Engineering, Decision Science, Mathematics and Multidisciplinary. Moreover,
articles were assessed and screened for eligibility using the following basic search string
applied to all searchable fields of the Scopus database: ( “Natural language processing”
OR “NLP”) AND (“Grading”) AND (“Assessment*” OR “Test*” OR “Exam*”).
This search string aligns with the research objective which was to explore the various
NLP techniques used in the automatic grading of assessments in higher education. Quo-
tation marks were used to capture variations of the search terms. Additionally, further
criteria were applied to refine the search results, including: (i) only records authored in
English; and (ii) all types of publications except abstracts, corrections, data papers, book
reviews, and letters. The publishers include Sage, Elsevier, Institute of Electrical and
Electronics Engineers (IEEE), Springer Nature, Taylor & Francis and the Multidisci-
plinary Digital Publishing Institute (MDPI). The study covered the period from 2014 to
2024. Using the Preferred Reporting Items for Systematic Reviews and Meta-Analyses
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(PRISMA) approach as a guide, a total of 279 articles were identified through the Sco-
pus database. The PRISMA standard includes identification, screening, eligibility, and
included [12]. As presented in Fig. 1, the PRISMA framework consists of a checklist and
a flow diagram to help ensure the transparent and complete reporting of research. The
279 articles were further screened for eligibility, and a total of 32 articles were success-
fully retrieved and included in the final analysis. Table 1 summarises the considerations
and choices made in the study.

Table 1. Overview of search procedure

Aspect Choice

Database Scopus

Search query Title-Abstract-Keywords (“Natural language processing” OR “NLP”)
AND (“Grading”) AND (“Assessment*” OR “Test*” OR “Exam*”’)

Period 2014 to 2024

Date of query 13 August 2024

Language English

Categories All types of publications except abstracts, corrections, data papers,
book reviews, and letters; and

Number of documents | 32

included

The 32 records obtained were subsequently classified into three major article types
(as depicted in Table 2). The data extracted were synthesized using the core themes
identified. Thematic synopsis was crucial in examining the various NLP techniques used
in the automatic grading of assessments. In addition, two independent researchers were
consulted to extract data from the selected research papers based on the study’s RQs. The
data extracted by the two researchers were compared, and their findings were discussed.
Disparities in studies can be minimized through mutual agreement among the researchers
involved, who review their codes to ensure consistency and relevance [9]. Table 2 presents
the distribution of the reviewed research papers, showing the number of papers on NLP
in automatic grading of assessments (2014-2024). A significant percentage of articles
(71.9%) were published in journals, followed by conference proceedings (25%), and
books (3.1%).
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Fig. 1. PRISMA process

Table 2. Summary of the distribution of the reviewed research papers

Reviewed papers Number of articles Percentage
Journals 23 71.9
Conference proceedings 8 25

Book 1 3.1

3 Findings and Discussion

This section provides a detailed explanation of the data extracted from the reviewed
research papers. The SLR provides a structured and rigorous approach to understand-
ing the various NLP techniques used in the automatic grading of assessments in higher
education. Furthermore, it identifies the various research outcomes of automated assess-
ment systems. It investigates the recommended NLP techniques and future work on the
automatic grading of assessments. The reviewed papers were mapped as they relate to

each research RQ. These are presented in Tables 3, 4 and 5 respectively.
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3.1 NLP Techniques Used in the Automatic Grading of Assessments in Higher
Education

RQ1 examined the various NLP techniques and datasets used in the automatic grading
of assessments in higher education. According to Shaik, Tao, Li, Dann, McDonald,
Redmond and Galligan [13], the specific techniques used in automatic grading systems
vary depending on the assessment type (essay, multiple choice, short answer), desired
level of granularity, and available data. In this subsection, NLP techniques and datasets
used by the various authors are discussed. These are summarized in Table 3.

Table 3. NLP techniques used and dataset in automatic grading of assessments

NLP Techniques Datasets Algorithm Authors
Text Classification W-Pal Regression-based ML | [14]
algorithms
MOOC K-Means clustering [3]
HMB-EMD-v1 Word2Vec, FastText, 4]
Glove, and USE
RfU dataset SVM [15]
OS dataset and the LLM [16]
Mohler dataset
Text Summarization Compiled descriptive RAKE-ROUGE [17]

responses in an
educational setting

Not specified Recursive Neural [18]
Network
Sentiment Annotation Twitter sample dataset | LSTM, Naive Bayes [19]
classifier
Mohler dataset and MaLSTM [20]
(CU)-NLP dataset
Named Entity Recognition Logistics Vocational Siamese Neural [21]
Education Network

Text Classification

Text classification, also known as document categorization, is the most in-demand area
of ML for understanding texts written in any natural language [22]. It is a fundamen-
tal technique in NLP that involves assigning predefined categories to text documents
[22]. According to Shaik, Tao, Li, Dann, McDonald, Redmond and Galligan [13], text
classification plays a crucial role in evaluating and scoring student responses.
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Crossley, Allen, Snow and McNamara [14] study employed text classification tech-
niques to analyze essays on multiple linguistic levels. Specifically, they extracted a range
of linguistic features, including syntactic complexity, lexical sophistication, cohesion,
and textual relevance. They also used semantic analysis to gauge essay content, employ-
ing methods to evaluate coherence and relevance to the essay prompt. Features from
Coh-Metrix, a text analysis tool that measures cohesion and readability, were incor-
porated to capture these linguistic elements and quantify aspects of essay quality. For
their dataset, Crossley et al. used a collection of essays sourced from the Writing Pal
(W-Pal), an intelligent tutoring system designed to support students in writing improve-
ment. The study utilized regression-based ML algorithms to build predictive models for
essay scoring.

Similarly, Jing, Santos, Boticario, Romero, Pechenizkiy and Merceron [3] explored
the use of a semi-supervized document clustering technique called Constrained K-Means
clustering for automatically grading short-answer responses in MOOCs. This technique
involved NLP for text similarity measurement and feature extraction, helping the system
group semantically similar answers together. The clustering technique allowed for the
efficient handling of short texts, typical of MOOC answers, by focusing on key patterns
and topics within the responses. The dataset for this study was collected from actual
MOOC platforms containing student responses to short-answer questions. While specific
details about the exact size or source are not fully elaborated, the dataset included answers
that varied in quality and relevance, providing a realistic sample of responses fora MOOC
grading system.

Likewise, Balaha and Saafan [4] introduced an automated framework designed to
evaluate different types of questions, specifically multiple-choice questions (MCQs),
essays, and equations. The study used text classification and semantic analysis to eval-
uate the essay-type answers. Semantic similarity measures were applied to assess the
relevance of student responses to predefined correct answers, especially in the short and
essay-style questions. It compared the different approaches to convert (i.e. embed) tex-
tual data such as essays and short answers into numerical data. The Word2 Vec, FastText,
Glove, and Universal Sentence Encoder (USE) were used as the embedding pre-trained
models in the experiments. The expression-matching experiments were performed on a
dataset (named HMB-EMD-v1) compiled by the authors.

Sakaguchi, Heilman and Madnani [15] also applied text classification to assess the
correctness and quality of short answers. Their model used a variety of NLP features to
determine how well student responses matched reference answers and evaluated them on
this basis. The authors framed the task as a text classification problem where each answer
is classified along a scoring scale. They did this by extracting features from student
answers that were then fed into a ML classifier. Specifically, the model incorporated
lexical, syntactic, and semantic features (such as Bag-of-Words, dependency parsing,
and Latent Semantic Analysis) to improve its classification ability. Using Support Vector
Machines (SVMs), they could accurately assign scores based on the presence of relevant
terms, grammatical structure, and semantic similarity to model answers. They conducted
the experiments on short-answer questions that were developed under the Reading for
Understanding (RfU) dataset.
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Xie, Niu, Xue and Guan [16] explored an innovative approach to automated grading
using Large Language Models (LLMs) in a three-stage system designed to better emu-
late human grading standards. Their system comprised rubric generation, grading, and
post-grading review, each stage enhanced by specific NLP techniques and multi-agent
collaboration among LLMs. To achieve human-like grading quality, the system utilizes
one-shot prompts, self-reflection prompts, and batching prompts. These prompts allow
LLMs to learn from examples (one-shot), refine answers iteratively (self-reflection), and
ensure consistency across responses (batching). The Score-Distribution-Aware Sampling
method ensures that sampled student answers reflect a diverse range of scores, which
helps the LLMs understand varied student performance under the grading rubric. In
addition, an open-sourced (OS) dataset from an undergraduate operating systems course
was utilized. They implemented the system and evaluated it on both the OS dataset and
the Mohler dataset. Experimental results showed significant performance improvements
with the system.

Text Summarization

Text summarization techniques provide a summary of student feedback or a corpus of
feedback text without losing critical information [13]. This process can be achieved
through extractive, abstractive, or hybrid methods [23]. The extractive text summariza-
tion approach selects the most important sentences from the input document(s) and com-
poses the output summary by combining these selected sentences. It uses feature extrac-
tion methods such as Bag of Words (BoW), N-grams, graphs, and similar approaches
to select a subset of the sentences in an original text. The abstractive text summa-
rization approach creates an intermediate representation of the input document(s) and
generates the output summary from this representation. Unlike extractive summaries,
abstractive summaries consist of sentences that are different from those in the origi-
nal document(s). The hybrid text summarization approach combines elements of both
extractive and abstractive methods.

Royan, Jayakumaran and Stephan [17] study presents a hybrid model utilizing text
summarization techniques for the automated grading of descriptive assignments. The
approach uses a dataset specifically compiled from descriptive responses in an edu-
cational setting, demonstrating the process of automating grading by aligning student
responses with a baseline reference answer. This alignment reflects real-world scenarios
where assessments, such as assignments and classroom tests, support student learning
by providing structured feedback. The study implemented a combination of the RAKE
(Rapid Automatic Keyword Extraction) and ROUGE (Recall-Oriented Understudy for
Gisting Evaluation) algorithms to identify key phrases and score responses based on their
relevance to the reference answers. This method aims to streamline grading and offer
consistent, meaningful feedback to enhance student engagement and comprehension.

Agarwal, Kalia, Bahel and Thomas [18] developed an automated system called Auto-
Eval: Automatic Test Evaluation System, which leverages NLP algorithms for grading.
Their approach centers on an algorithm that assesses theoretical answers by matching
key terms and computing a similarity index. This system aims to streamline grading,
reduce manual effort, and increase the speed of evaluation. During the exam process, the
staff creates an answer key for the question paper, which is stored in a database. Student
responses are then compared against these reference answers, and the NLP algorithms
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evaluate the responses by checking for accurate meaning, spelling, and grammar, as well
as calculating the similarity index. Important metrics such as answer length and key term
usage are also factored into scoring. The algorithms used have demonstrated accuracy
and efficiency in grading. For text preprocessing, they utilized the NLTK library, per-
forming word and sentence tokenization, along with applying the Gensim package and
term frequency-inverse document frequency (TF-IDF) methods for final mark evalu-
ation. In addition, they incorporated a Recursive Neural Network (RNN) model for
training to handle various handwriting styles.

Sentiment Annotation

Sentiment annotation is one of the most popular types of annotations in NLP [13]. This
process involves labelling the emotions, opinions, and sentiments expressed in a text,
which can be categorized as positive, neutral, or negative sentiment [24]. According
to Shaik, Tao, Li, Dann, McDonald, Redmond and Galligan [13], sentiment annotation
techniques are employed to analyze and interpret students’ written responses, feedback,
or essay content.

Sadanand, Guruvyas, Patil, Acharya and Suryakanth [19] developed a model to
automatically grade student essays by leveraging NLP and sentiment analysis techniques.
This system employs an LSTM network model trained on a dataset of approximately
12,000 essays. Sentiment analysis is performed to determine the sentiment of the essay
as either positive, negative or neutral. The Twitter sample dataset is used to build a
sentiment classifier that analyzes the sentiment based on the student’s approach towards
a topic. Additionally, each essay is subjected to the detection of syntactical errors as well
as plagiarism checks to detect the novelty of the essay. The model’s performance was
assessed using the Quadratic Weighted Kappa (QWK) metric, achieving an impressive
average score of 0.911. Additionally, a Naive Bayes classifier was used to construct a
sentiment classifier, which determines whether students exhibit a positive or negative
stance on a given topic. This classifier demonstrated an accuracy rate of 99.4%.

Tulu, Ozkaya and Orhan [20] propose an automated approach to evaluate short
answers using a Manhattan LSTM (MaLSTM) network trained on two datasets: the
widely used Mohler dataset, a benchmark in Automatic Short Answer Grading (ASAG)
research, and the Cukurova University (CU)-NLP dataset, created specifically for this
task by the Department of Computer Engineering at Cukurova University. A key inno-
vation in this work is its use of semantic sense representations generated from con-
cepts within the WordNet lexical-semantic network, employing the SemSpace method.
SemSpace generates vectors for each word sense based on WordNet synsets and their
interrelations, offering a richer semantic understanding for grading. Training with the
Mohler dataset yielded promising results, demonstrating both reliability and consistency.
The CU-NLP dataset further validated the approach, proving its adaptability to domain-
specific requirements. Notably, the effectiveness of the proposed model can be attributed
to both the SemSpace sense vectors and the architecture of the MaLSTM network.

Named Entity Recognition
Named Entity Recognition (NER) stands as a cornerstone task in NLP, possessing
immense significance in information extraction and knowledge organization [13]. NER
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involves the identification and classification of named entities, such as names of indi-
viduals, organizations, locations, dates, and more, within textual data. Its pivotal role
lies in its capacity to disentangle structured information from unstructured text, thereby
enhancing data retrieval, analysis, and understanding.

Xie and Chen [21] utilize NER as part of the model’s NLP pipeline to improve
the accuracy of scoring subjective answers. NER helps the model identify and extract
key entities such as names, dates, locations, and specialized terminology from students’
responses. With the framework of deep learning, they use the simulated manual scoring
method to extract and match the score point sequence of students’ answers with stan-
dard answers. The score recognition model effectively improves the efficiency of model
calculation and long-text keyword matching. The loss value of the final training score
recognition model is about 0.9, and the accuracy is 80.54%. The accuracy of the training
text similarity matching model is 86.99%, and the fusion model is single. The scoring
time is less than 0.8s, and the accuracy is 83.43%.

3.2 Research Outcomes of Automated Assessment System

RQ2 investigated the research aims/objectives and major findings of automatic grading
of assessment systems. To explore the research outcomes for automated assessment
systems, we identified how each paper reported the key results of model performance.
These findings are summarized in Table 4.

Table 4. Reviewed papers on research outcomes of automated assessment systems

Author Enhanced Improved Accuracy & | Sentiment & Scalability &
Efficiency & Reliability Emotion Analysis Accessibility
Consistency

[3] v 4

[16] v

[18] v

[25] v v

[19] 4 v

(20] v

Enhanced Efficiency and Consistency

Huawei and Aryadoust [25] study provides an in-depth review of automated essay scor-
ing (AES) systems, evaluating their performance, validity, and application in educational
settings. It outlines the evolution of AES technologies and their impact on educational
practices. Key outcomes include improvements in scoring consistency, the ability to han-
dle large volumes of student work efficiently, and the potential for providing immediate
feedback to learners. Similarly, Jing, Santos, Boticario, Romero, Pechenizkiy and Mer-
ceron [3] study highlights how the K-means clustering technique has efficiently handled
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short texts, typical of MOOC answers, by focusing on key patterns and topics within the
responses. Likewise, Agarwal, Kalia, Bahel and Thomas [18] highlight that the score
recognition model effectively improves the efficiency of model calculation and long-text
keyword matching, as well as feedback and scoring, thereby reducing the subjectivity
inherent in human grading.

Improved Accuracy in Grading

Many automated assessment systems have demonstrated high accuracy levels, some-
times comparable to human graders. For example, a study on “Grade Like a Human”
outlines a multi-agent system designed to refine rubrics and improve grading accuracy
through iterative self-reflective learning paradigms [16]. This system ensures that scor-
ing criteria are optimized based on actual student responses, leading to more precise and
reliable grading outcomes. Sadanand, Guruvyas, Patil, Acharya and Suryakanth [19]
study also integrated NLP techniques with sentiment analysis in an automated grading
system achieving improved grading accuracy and consistency.

Sentiment and Emotion Analysis

Incorporating sentiment analysis techniques allows for a deeper understanding of stu-
dent responses beyond just correctness [20]. For example, Sadanand, Guruvyas, Patil,
Acharya and Suryakanth [19] use sentiment analysis to identify the tone, sentiment,
and emotional nuances expressed in students’ writing. This layer of analysis allows the
system to detect whether the content aligns with the expected emotional and attitudinal
response required by the essay prompt.

Scalability and Accessibility

According to Huawei and Aryadoust [25], automated systems can scale to accommo-
date large numbers of students, making them ideal for MOOCs and other large-scale
educational settings. Their study’s approach using semi-supervized document clustering
allows the system to process and evaluate answers in bulk without needing each response
to be individually assessed by human graders. By clustering similar answers, the model
can assign scores based on clustered patterns, which is a scalable solution for handling
thousands of student responses [3].

3.3 Future Directions on NLP Automatic Grading of Assessments

RQ3 explored the future directions for the automatic grading of assessments. While sig-
nificant progress has been made, several areas offer promising avenues for future research
on NLP and automatic grading of assessments. These future works are summarized in
Table 5.

Explainable Artificial Intelligence (XAI) is crucial for building trust and transparency
in automated assessment systems [26, 27]. It helps to provide clear explanations for the
grades assigned by automated systems, enhancing trust and acceptance among educators
and students [28]. According to Arrieta, Diaz-Rodriguez, Del Ser, Bennetot, Tabik,
Barbado, Garcfia, Gil-Lépez, Molina and Benjamins [29], integrating XAl into automated
grading systems can address concerns about bias, fairness, and accountability, ensuring
that Al-driven evaluations are both accurate and transparent.
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Table 5. Future work on NLP and automatic grading of assessments

Author XAI Adaptive Multimodal Authentic Deep Learning
Assessment Assessment Assessment Integration

[26]
[27]
[28]
[29]
[30]
[31]
[32]
[33]
[34]
[35] v
[36] v
[37]
[38]
[39]
[40]
[41]
[42]
[43]
[44]
[45]
[46]

NSNS

SIS NS

N

NISNININS
N

NENENENEN

Adaptive assessment refers to the use of algorithms and ML techniques to create
dynamic and personalized testing experiences that adapt to the learner’s level of knowl-
edge and skills [30, 31]. This approach enhances the accuracy and efficiency of assess-
ments, ensuring that each student is evaluated fairly based on their individual learning
journey [32]. Incorporating adaptive assessment techniques can significantly improve
the educational experience by providing personalized, real-time feedback and support
[33]. Future work should focus on integrating these systems with existing educational
platforms, expanding their capabilities to multi-modal assessments, and ensuring ethical
considerations are addressed.

Multimodal assessment refers to the evaluation of student performance through
multiple forms of data, such as text, speech, and video, to provide a comprehensive
understanding of their abilities and knowledge [34, 35]. Integrating multimodal assess-
ment analysis to assess various forms of student expression can enhance the accuracy,
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depth, and fairness of evaluations, capturing a broader range of student interactions and
responses [36].

Authentic assessment refers to evaluating students’ abilities through real-world tasks
and activities that reflect how their knowledge and skills will be used outside the aca-
demic environment [37, 38]. In the context of NLP in automatic grading of assessments,
incorporating authentic assessment involves leveraging NLP techniques to analyze com-
plex, open-ended student responses that simulate real-world scenarios [39]. This app-
roach emphasizes the application of knowledge in practical contexts, fostering deeper
learning and critical thinking [40]. Future work should aim to develop advanced NLP
models, integrate real-world data, address ethical considerations, and ensure scalability
to enhance the impact and effectiveness of authentic assessments [41].

Deep Learning Integration has significantly transformed various fields, including
NLP and educational assessment [42, 43]. Its integration into automated grading systems
promises to enhance the accuracy, consistency, and efficiency of evaluations [39]. Future
work should focus on leveraging advanced deep learning techniques such as BERT
(Bidirectional Encoder Representations from Transformers) and GPT-3 (Generative Pre-
trained Transformer 3) for enhanced text understanding and generation [44—46].

3.4 Limitations of NLP Techniques

The lack of a distinct measure for analytic, text-based writing hinders the researchers’
ability to define effective literacy practices, as there are no adequate measures of student
reasoning and analytic ability that can be correlated with theoretical measures of effec-
tive teaching [47]. Similarly, while NLP models can provide grades, they often struggle
to offer clear, interpretable feedback that would help students improve [1]. Many mod-
els lack transparency in their decision-making processes, and explaining the rationale
behind grades remains a challenge, particularly in more advanced models like deep neu-
ral networks. Moreover, NLP models trained on biased datasets can reflect and amplify
these biases in their grading, affecting their fairness and reliability [48]. For instance, if
a grading system is trained on data that inadvertently favors certain dialects or expres-
sions, it may unfairly penalize students from diverse linguistic backgrounds [48]. Bias
mitigation remains an ongoing area of research for NLP, and achieving a truly equitable
grading system is still a significant challenge.

4 Conclusion and Limitations of the Study

This SLR enhances our understanding of NLP in the automatic grading of assessments
by providing an updated overview of the current state of research in this area and sug-
gesting potential avenues for future investigations. NLP has emerged as a transformative
technology in the realm of educational assessments, providing enhanced accuracy, con-
sistency, and efficiency in grading. The integration of NLP techniques in automatic
grading systems addresses several traditional challenges, such as subjective biases, time
constraints, and the need for scalable solutions in large educational settings. As technol-
ogy continues to evolve, its integration with advanced Al models, ethical frameworks,
and personalized learning approaches will further solidify its role in shaping the future
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of education. The ongoing research and development in this area promise to create more
robust, fair, and effective assessment systems that cater to the diverse needs of learners
worldwide.

However, the limitation of the study is the possibility of overlooking relevant research
due to database constraints and biases in data extraction. While Scopus was used, other
databases might contain pertinent studies. This could mean that other relevant stud-
ies are missing, thus limiting the generalizability of findings and potentially skewing
interpretations of trends within the NLP domain. Likewise, the bias in data extraction
may lead to overemphasis on certain methodologies or findings that are more com-
monly reported in Scopus, potentially giving a false impression of the field’s dominant
approaches or conclusions. This knowledge gap could impact the deployment of NLP
applications in higher education. Nevertheless, given the comprehensive nature of the
initial search within the Scopus database, the study offers valuable insights into the
domain’s key trends. Future research should explore other databases to diversify the
datasets and enhance the generalizability of NLP systems. Additionally, future studies
should conduct qualitative exploration of the user experience and practical implications
of NLP systems in educational contexts. Gathering insights from both educators and
students on the integration of these systems could offer a more rounded perspective.
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Abstract. Extracting terms from text is relevant in many applications
such as document summarizing, question answering, ontology learning
and many more. However, the unstructured nature of textual data poses
significant hurdles that make the automatic extraction of terms from
text a challenging task. Furthermore, while significant research efforts
have been dedicated to term extraction from textual data, the incorpo-
ration of domain knowledge and context awareness as a way of enriching
the extracted terms remains a challenge. To tackle these challenges, this
study proposes an attention-based Deep Learning model for term extrac-
tion from text using the Bidirectional Encoder Representations from
Transformers (BERT) language model. The model uses (1) web scrap-
ing for term extraction from web pages, (2) BERT encoder for enrich-
ing term extraction through contextualization and cosine similarity to
extract domain-specific terms and (3) WordNet for adding knowledge
context and disambiguation through vocabulary labeling. The proposed
system was applied to five different data samples from the horticulture
domain and was evaluated with various metrics including accuracy, pre-
cision, and Fl-score. The experimental results indicate that the pro-
posed model improves the domain-specific term extraction and vocab-
ulary labeling with an accuracy of 73%, a precision of 89%, a recall of
79%, as well as F1-Score of 84%, better than the related studies.

Keywords: BERT - Term Extraction - WordNet - Vocabulary
Building - Cosine Similarity Measure

1 Introduction

Term extraction is a foundational task with wide-ranging applications across var-
ious domains, among them document summarization, question answering, and
ontology learning [1]. In the context of document summarization, term extrac-
tion involves identifying key terms to create brief summaries, allowing readers
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to quickly grasp the main idea of a term and locating important information
effectively. Term extraction helps with understanding user queries in question
answering systems and delivering accurate responses through retrieval. At the
same time, ontology learning also requires term extraction as one of the basic
components because it contributes to developing structured representations of
knowledge that reside in particular domains [2]. These ontologies serve as valu-
able resources for organizing domain-specific knowledge in applications like infor-
mation retrieval and data integration.

While significant research efforts have been dedicated to understanding
vocabulary acquisition from web pages using web scrapping, the incorporation
of domain knowledge, and context awareness, language variation reconciliation
as a way of enriching term extraction remains a challenge [3]. This difficulty
arises because the incorporation of diverse linguistic forms, regional dialects, and
contextual usages complicates the task of accurately identifying and extracting
domain-specific terms. Consequently, the terms extracted may introduce new
vocabulary that does not faithfully represent the intended domain, potentially
leading to erroneous labeling or categorization. The inherent lack of structure in
textual data further exacerbates these challenges, rendering traditional vocabu-
lary extraction methods insufficient for comprehensive analysis. To address this
complexity, it becomes increasingly essential to harness advanced computational
techniques capable of navigating and processing unstructured textual data effec-
tively. By leveraging methodologies such as natural language processing, deep
learning, and semantic analysis, researchers can enhance the accuracy and rele-
vance of term extraction, thereby facilitating more reliable insights and knowl-
edge discovery within diverse domains.

Many studies on enriching term extraction, are using Natural Language Pro-
cessing (NLP), Named Entity Recognition (NER), Topic Modeling, Word embed-
ding, Keyword Extraction, Ontology-Based Methods, and Semantic Similarity
[4]. However these methods fall short in various ways: Traditional word embed-
dings, such as Word2Vec or Global Vectors (GloVe) [5], offer static representa-
tions of words based on co-occurrence statistics, lacking contextual variations
in word meanings [5]. This limitation hinders their ability to accurately repre-
sent word semantics across different contexts. Additionally, NLP techniques like
NER and keyword extraction often lack context awareness, leading to inaccura-
cies in identifying important terms within specific contexts. Similarly, while topic
modeling can uncover latent topics, it may overlook fine-grained semantic rela-
tionships between terms, resulting in extracted terms lacking semantic richness
and precision. Pre-trained sentence transformers such as Generative Pre-trained
Transformer (GPT-1) [6], BERT [7], Robustly Optimized BERT Pre-training
Approach (Roberta) [8] and many more, address the issue of lack of semantic
richness and precision by obtaining contextualized embeddings. A number of
studies have proposed various term extraction solutions based on BERT [9,10]
[11] [12]. However, these term extraction methods do not fully utilize domain-
specific knowledge or adequately account for contextual nuances in the text [13]
[14]. Integrating such knowledge and awareness into automated term extrac-
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tion systems requires advanced techniques and algorithms capable of effectively
capturing and utilizing domain-specific and contextual information.

For instance developing new products such as fertilizer may require an under-
standing on the challenges being faced by farmers when growing vegetables.
Manually analyzing large volumes of unstructured text data to understand these
challenges is time-consuming and prone to missing important terms that identify
specific plant names, challenges or farming methods mentioned by farmers can be
difficult. To address these problems, techniques like BERT can be used for term
extraction and text analysis in the context of vegetable farming. Cosine similar-
ity can be used to score term similarities for the purposes of determining term
relevance to given queries. WordNet can provide contextual knowledge clarifying
related concepts. This enriched term extraction allows farmers to describe their
challenges more accurately thus, contributing to the development of targeted
fertilizer solutions for common issues. Extracted terms can also classify forum
posts and discussions, helping in trend analysis, and identifying new problems.
In horticulture, term extraction helps understand the specific language farmers
use, yielding insights that guide the creation of better products.

This paper presents an attention-based deep learning model for term extrac-
tion from text with BERT. The BERT model takes processed terms as input,
converts them to fixed embeddings, which are then passed on to the BERT
Encoder to produce contextualized embeddings of the terms. The produce