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1. Introduction

The rapid expansion of urban infrastructure and transportation systems has emphasized the need for automated
solutions to maintain road quality and safety [1]. Potholes, one of the most prevalent road defects, not only
compromise driving conditions but also pose significant risks to vehicle safety and passenger comfort [2]. Effective
detection and classification of potholes are crucial for timely maintenance and cost-effective resource allocation.
Traditional methods of pothole detection relying on human inspectors are increasingly unsustainable due to their
inherent limitations. Manual inspection is time-intensive and leads to delays in detecting potholes. Consequently,
road defects that are not addressed in a timely manner cause further deterioration. The process is also financially
burdensome, as inspection vehicles are required to traverse damaged roads frequently. Ultimately, this increases
maintenance costs and fuel consumption and reduces operational lifespans. Furthermore, manual inspections
expose personnel to significant safety risks, particularly on busy highways or in adverse weather conditions [3].
The subjective nature of human evaluation can also result in inconsistencies, with defects being misclassified or
overlooked entirely. Additionally, this approach is not easily scalable to accommodate the growing need for
consistent, real-time monitoring of extensive road networks. In contrast, Al-based automated detection provides
a more sustainable solution using advanced algorithms for accurate, efficient, and scalable pothole identification
[4]. Al-assisted pothole detection will likely eliminate many of the drawbacks of manual inspection methods. In
addition, traditional methods for pothole detection, such as manual inspection and conventional image processing
techniques, are often labor-intensive, prone to errors, and inefficient when applied at large scales.

In recent years, artificial intelligence (AI) and deep learning advancements have demonstrated immense
potential to address these challenges with automated pothole detection through object detection frameworks.
Among various Al techniques, convolutional neural networks (CNNs) have emerged as a powerful feature
extraction and classification tool [5]. Architectures like Efficient-Net have gained popularity for their ability to
optimize model accuracy while minimizing computational complexity [6]. However, the performance of these
models heavily relies on the choice of optimization algorithms, which play a critical role in minimizing loss
functions and improving convergence during training [7]. The Adam optimizer (AO), a popular choice in machine
learning, is widely used in deep learning due to its adaptive learning rate and efficient handling of sparse gradients.
However, it has certain drawbacks that can limit its performance in complex optimization tasks [8]. AO is efficient
and widely used in CNN optimization, but it can converge too quickly to suboptimal solutions because of its
aggressive learning rates and limited search. It is also prone to poor generalization, overfitting, and sensitivity to
hyperparameters, which can lead to instability and inconsistent performance. These limitations make AO less
suitable for tasks that demand a comprehensive search of the solution space while maintaining precision in fine-
tuning model parameters, such as deep learning-based pothole detection.

To balance global exploration and local exploitation Manta Ray Foraging Optimization (MRFO) alternatively
provides a bio-inspired approach to solve optimization problems. It is currently one of the most widely used
algorithms for hyperparameter optimization. The MRFO algorithm draws inspiration from the way manta rays
and mimics their natural foraging patterns of navigating ocean waters in search of plankton. Unlike AO, MRFO
explores the search space more comprehensively [9]. It mimics the collaborative and strategic foraging behavior
of manta rays to avoid premature convergence. Its ability to dynamically adapt to optimization challenges makes
it a robust alternative for complex tasks like feature extraction and classification in deep learning. By addressing
the limitations of AO, MRFO can provide a pathway to achieve improved convergence, better generalization, and
enhanced performance in tasks such as pothole detection [10].

In this study, we propose a novel integration of the MRFO algorithm with the Efficient-Net architecture to
improve pothole detection and classification accuracy. By replacing the traditional AO with MRFO, our approach
aims to address key optimization challenges associated with the conventional optimizer. This work contributes to
the growing body of research on applying bio-inspired optimization techniques to deep learning. The proposed
framework provides a solution for intelligent real-time road infrastructure monitoring and maintenance. This
paper is organized as follows: Section 2 reviews related works on pothole detection, optimization algorithms, and
Efficient-Net architectures. Section 3 outlines the proposed methodology, detailing the integration of MRFO with
Efficient-Net. Section 4 presents the experimental setup and results, followed by an analysis of the findings.
Finally, Section 5 concludes the study and highlights future research directions.

1.1 Related Work

Traditional methods for pothole detection rely on image processing techniques, including edge detection and
texture analysis [11]. Recent advancements in deep learning have made it possible to use convolutional neural
networks (CNNs) for more accurate road defect detection [12]. However, these models often require significant
computational resources [13]. The application of CNNs for pothole detection has gained substantial attention in
recent years. Studies have demonstrated the suitability of CNNs in identifying potholes from road images because
of their capacity to extract features from complex datasets automatically [5]. Techniques such as transfer learning,
where pre-trained CNN architectures are fine-tuned for specific datasets, have also been employed to improve
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detection accuracy [12]. As Al-assisted pothole detection is a complex, multifaceted task that requires machine
vision, high-quality image datasets, comprehensive image preprocessing, appropriate feature extraction, and
strong algorithms with properly tuned hyperparameters.

The existing literature revolves around the approaches to pothole detection, the advancements in neural
network architectures, and the optimization methodologies employed. Numerous studies have explored the
application of deep learning architectures in detecting and classifying potholes. For instance, the efficiency of a
basic CNN architecture for pothole detection using image datasets, achieving commendable results in a controlled
environment, is demonstrated in [14]. While various configurations of CNN are compared with object detection
tools, it was found that CNN is a computationally expensive model [5]. The limited depth and feature extraction
capabilities of traditional CNNs hinder their performance in complex real-world scenarios involving varying light
conditions and obstructed views of potholes. In response to these limitations, researchers have turned to
advanced architectures such as Efficient-Net, which optimizes performance through a compound scaling method
that simultaneously adjusts depth, width, and resolution [15].

Several studies have reported improved accuracy in image classification tasks using Efficient-Net compared
to standard CNNs [16]. The study [17] proposed a Federated Unified Network Aggregation (FedUNA) algorithm
for pothole classification using the Efficient-Net architecture within a Federated Learning (FL) framework. To
assist the impaired in pothole detection, [6] proposed a YOLO algorithm that achieved 82.7% accuracy. Similarly,
[18] preferred the Particle Swarm Optimization (PSO) algorithm integrated with the Conventional Forest model
for pothole detection. Meanwhile, [19] proposed Efficient-Net with AO for road defect detection. Efficient-Net, a
family of CNN architectures, achieved state-of-the-art performance using a compound scaling method for
multiclass classification with fewer parameters. Its ability to balance model depth, width, and resolution proved
it suitable for resource-constrained environments. However, the experiment preferred a conventional Efficient-
Net with the gradient-based algorithm AO. In highly complex problems, gradient-based optimization algorithms
like PSO and AO stagnate into premature convergence to local minima, leading to suboptimal outcomes. The
existing studies have not adequately addressed these limitations, leaving room for further innovation.

Despite these advancements, CNN-based approaches often suffer from limitations such as overfitting on small
datasets [5], sensitivity to variations in lighting and environmental conditions [20], and high computational
demands, which restrict their scalability and real-time applicability. Despite the importance and widespread
adaptation of pothole detection models, existing studies fail to comprehensively tackle challenges related to the
complexity, large number of parameters, accuracy, and real-time performance of classification models. Previously
proposed works do not adequately address the resource limitations, leaving room for further innovation. In a
resource-constrained environment, Efficient-Net, which is from a family of CNN architectures, uses a compound
scaling method to achieve state-of-the-art performance with fewer parameters. Its unique features include a
balanced depth, width, and resolution in the model [21]. However, even with the strengths of Efficient-Net,
traditional optimization methods like AO and stochastic gradient descent (SGD) often struggle to escape local
minima in complex optimization spaces. It limits the ability of AO and SGD to fine-tune models effectively.
Metaheuristic algorithms, such as PSO and genetic algorithm (GA), have also been explored to enhance CNN
performance and overcome these limitations [22]. While these methods demonstrate potential, they come with
constraints, including convergence to suboptimal solutions and dependence on extensive parameter tuning.

In this context, the MRFO algorithm emerges as a promising alternative. Inspired by the foraging behavior of
manta rays, MRFO offers a robust global optimization strategy to balance exploration and exploitation, making it
well-suited for optimizing Efficient-Net in terms of hyperparameters and feature selection. By addressing the
limitations of existing methods, MRFO presents a novel pathway toward developing sustainable, efficient, and
accurate deep learning models for pothole detection. Abdul Razak and his team [6] proposed an improved version
of the MRFO algorithm that uses a sorting technique based on Pareto’s game theory to rapidly construct a high-
quality Pareto front. This enhanced algorithm was named NSMRFO. [t was tested on various standard benchmark
functions, and its performance was analyzed using hypervolume-based statistical metrics, showing comparisons
with other optimization methods. Additionally, a hybrid optimization approach was applied by combining
characteristics of two metaheuristic techniques to address the drawbacks of individual algorithms. MRFO was
benchmarked against other advanced optimizers, standard test functions, and real-world engineering design
problems. The comparison results indicated that MRFO consistently outperformed other algorithms. Moreover, in
practical engineering applications, the algorithm proved effective in terms of speed, accuracy, and computational
efficiency when handling complex optimization tasks [1]. This study, however, did not consider the pothole
detection problem. Despite the progress made, the potential benefits of MRFO in image processing tasks remain
largely unexplored. Similarly, the nature-inspired method MRFO for pothole classification has not been
thoroughly investigated in the existing literature. Importantly, there is a clear and unaddressed gap regarding the
synergistic application of enhanced Efficient-Net combined with MRFO for accurate pothole detection and
classification.
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This study aims to bridge this gap, proposing a novel framework, EFMANTA, that combines the strengths of
Efficient-Net and MRFO for pothole detection. Thus, the current research contributes to the growing knowledge
of smart infrastructure monitoring for timely maintenance to overcome urban transportation challenges.

2. Materials and Methods

Deep learning for pothole detection typically involves several key steps: data collection, labeling, model design,
training, evaluation, and deployment. A substantial dataset comprising both images of potholes and non-pothole
areas is collected to facilitate the training and testing of the deep learning model. The step-by-step process of
adopted methods and a description of the utilized datasets are provided in the subsequent sections.

2.1. Pothole Detection Dataset

Data quality and quantity are paramount in image processing and machine vision tasks. For this experiment, a
dataset is sourced from Kaggle (https://www.kaggle.com/datasets/atulyakumar98/pothole-detection-dataset).
It is specifically curated for the pothole detection problem [23]. The dataset initially contained more than 600
images representing 352 normal road conditions and 329 potholes. Each image was annotated with bounding
boxes to mark the region of interest (ROI) pothole and class labels to distinguish between pothole and non-pothole
areas. To enhance its quality and size, the initially obtained raw dataset is transformed during preprocessing. The
description of the raw and transformed dataset is given in Table 1. The dataset contains significant illumination
variations and occlusion challenges that reflect real-world conditions. Images were captured under various
lighting scenarios, including daylight, shadowed areas, and low-light environments. Additionally, the dataset
incorporates several occlusion scenarios such as vehicle shadows, water puddles, and debris coverage, which
introduce authentic real-world detection challenges.

Table 1 Pothole detection dataset

Attribute Description

Dataset Title Pothole Detection Dataset

Total Images Originally 681images 352 normal 329 and potholes

Annotation Each image containing a pothole is properly annotated

Data Augmentation Output Expanded to 2043 images through augmentation techniques 1056
normal and 987 potholes

Primary Objective Detect and classify potholes in road images

Class Labels Two categories: Normal Road and Pothole

Augmentation Techniques Includes transformations such as rotation, scaling, flipping, pixel

inversion, etc.

Dataset To increase variability in training data and boost model generalization

In computer vision-based approaches, potholes are detected based on different visual characteristics such as
circular or irregular shapes, darker appearance in contrast to the surrounding surface, and rough texture
compared to smoother surrounding areas [24]. These attributes are utilized to highlight the boundaries of
potholes within an image. Feature extraction models assess the texture, shape, and dimensions of the damaged
region, identifying defects by analyzing and contrasting these features with those of the adjacent surface [25]. For
better understanding, sample normal images and pothole images with bounding boxes from the dataset are
provided in Figure 1.
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Fig. 1 Sample images from the pothole detection dataset

2.2. Data Preprocessing

Preprocessing steps included resizing images to a uniform resolution of 224x224x3, grayscale conversion for
reducing computational complexity, and feature scaling to normalize pixel values. Data augmentation techniques,
including rotation, flipping, and contrast adjustments, were applied to obtain sufficient training samples for the
proposed model. Images were rotated at angles such as 60°, 90°, and 180°. During this transformation, the new
images were generated from rotated images. Data augmentation not only enhanced the diversity of the training
dataset, increasing the number of samples to 2000, but it also contributed to improved generalization and
robustness of the classification model. Flipping changed the direction of the object while zooming in, which made
ROI extraction convenient for the model. Finally, resized images were transformed into a binary format using One-
hot encoding [26]. An overview of the preprocessing pipeline is provided in Figure 2.

Potholes Images Dataset

Preprocessing

Data Augmentation to increase
dataset size and variation

Prepared Images

Fig. 2 Block diagram of the proposed methodology
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2.3. Manta Ray Foraging Optimizer (MRFO)

This section introduces the working principles and provides insight into the proposed optimization algorithm,
MRFO. The discussion aims to interpret how MRFO enhances the performance of Efficient-Net by optimizing
hyperparameters and selecting the most relevant features. The algorithm strategically balances exploration and
exploitation through three key mechanisms: chain foraging, cyclone foraging, and somersault foraging [27]. The
mechanisms are briefly described in subsequent sections.

2.3.1 Chain Forging

Manta rays engage in a behavior known as chain foraging in which they align themselves in a head-to-tail
formation and move collectively to maximize their capture of plankton. Typically, more than 50 individuals form
these synchronized chains to improve feeding efficiency. In MRFO, this collective search strategy is modeled
mathematically by updating each manta ray’s position based on the leading solution in the population. The
position update rule for each individual is defined as follows:

K+ = {xltyest + 7 (et = X1+ e — x{],i =1
' xltJESt +7r. [xit—l - xl,t] + «a. [x[tygst - xlt] ’i = 2’ ....N [1)
a = 2.r.4/|log(r)| (2)

xt is the manta ray position at iteration ¢, ris a random vector, x},,, indicates the height concentration of plankton,
a is the weight coefficient, and N is the number of manta rays.

2.3.2 Cyclone Forging

When plankton concentration greatly exceeds the number of foraging manta rays, the group tends to form a
vortex-like arrangement. In this formation, individuals swim in spiral chains aimed at the target. Unlike WOA,
MRFO incorporates a head-to-tail dependency within this vortex behavior. The position update equation for
cyclone foraging is given as:

KL = {xltmst + r'[xltmst - xl.t] + ﬁ'[xltmst - xit]'i =1 [3)
' Xpost + 1. [xt.y — xf] + B [xpese — xf1,i = 2,....N

Here f is the weighting coefficient.

2.3.3 Somersault Forging

Manta rays demonstrate a unique foraging behavior known as somersaulting. During this behavior, they swim
around areas with plankton and execute backward somersaults in a random, circular pattern. Within the
framework of MRFO, plankton serves as a focal point, and manta rays constantly modify their positions around
the best solution identified to date. This optimization technique is aimed at maximizing their food intake. The
mathematical formula that represents the somersault foraging process is as follows:
xt = xt Sy - Xy — 13 - xP) (4)

S indicates the somersault weight determining the range of somersault behaviors, where S = 2; rz and r3 are two
random vectors within [0, 1] x{ is the velocity of manta ray i at time t . x},, is the fitness of the best manta ray at
time t x! is the fitness of manta ray i at time ¢t in image dataset MRFO feature map updating their position w.r.t
feature:

xb = (b or)— (xf, . r2)i = 1,23 .., (5)

In this equation x{,starting position of manta ray with respect to t is a random vector xf,, is the best position of
manta ray
Ntotal Agent = (xf 1) - (kbpse — %) + a(x; +1x) = 1,23,...,N (6)

x} starting position of manta ray with respect to t is the random vector x/, , is best position of a manta ray. Niotal
Agent a = weight of the coefficient.

2.4. MRFO for Optimization

To apply MRFO for optimization problems, the search space boundaries are defined starting from the upper bound
(first feature) and ending with the lower bound (last feature). Each initial feature is computed based on time-step
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data, with adjustments involving random vectors and weighted coefficients. This process iteratively continues
until a stopping criterion is met, typically when the output value falls below a set threshold, which was set to 0.5
in this experiment. This approach ensures consistent feature optimization during the search process.

2.5. Efficient-Net BO

Efficient-Net BO is a CNN architecture designed to achieve optimal performance through a novel technique known
as compound scaling. Traditional CNN architecture often scales the model by arbitrarily increasing depth (number
of layers), width (number of channels per layer), or image resolution, leading to inefficient use of computational
resources and unbalanced models. Efficient-Net B0, by contrast, employs a principled scaling method that
simultaneously and uniformly adjusts the network for depth (d), width (w), and input resolution (r) using a
compound coefficient denoted as ¢. This results in a well-balanced architecture that achieves better accuracy and
efficiency than previous models with a comparable number of parameters. Compound scaling is defined
mathematically as:
d= A%, w=u?, r=v? (7)

Here A, y, and v are the constants controlling the rate of scaling for each dimension. These constants are
determined via a grid search on the baseline model and satisfy the constraint:

Auzviz?2 (8)

This compound scaling approach of Efficient-Net B0 in larger images creates balanced adjustments across all
dimensions. The network then expands its receptive field and captures fine-grained details. By integrating depth,
width, and resolution into a uniform scaling framework, Efficient-Net BO delivers state-of-the-art performance
with improved computational efficiency. For tasks involving high-resolution images or where detailed spatial
information is essential, such as in surface defect detection, this balanced approach significantly enhances
performance. A conceptual layout of the underlying Efficient-Net BO architecture is given in Figure 3.

Input Image
S — o L } Convolution 2D
I | ]‘ Block 1
} Block 2

]‘ Conv2D: 1280 Filters, 1x1 Kernel

E Global Average Pooling

Dense Layer
Fig. 3 Schematic diagram of the architecture of the basic Efficient-Net B0 variant

Efficient-Net BO is the baseline model in the Efficient-Net family, from which other variants like Efficient-Net

B1 and Efficient-Net B2 are derived. These advanced versions employ higher values of the compound coefficient
¢, resulting in progressively deeper, wider networks capable of processing higher-resolution images. As a result,
Efficient-Net B1 and B2 exhibit enhanced capacity to capture complex patterns in data and perform better on
large-scale image classification tasks. However, these gains come at the cost of increased computational
requirements.
Despite the capabilities of B1 and B2, Efficient-Net B0 is particularly well-suited for real-world applications like
pothole detection, where computational efficiency, inference speed, and model size are critical factors, especially
when deploying on resource-constrained platforms such as mobile devices or embedded systems in vehicles.
Pothole detection often involves analyzing street-level imagery captured under varying conditions. Therefore, the
model must be accurate and fast to enable real-time detection and response. Efficient-Net BO achieves this balance
effectively, offering a robust solution without overwhelming hardware limitations.

In this research, the Efficient-Net BO architecture was adopted and customized for pothole detection. The
architecture begins with a standard 3x3 convolutional stem layer, followed by a series of MBConv (Mobile
Inverted Bottleneck Convolution) blocks. These blocks feature depth-wise separable convolutions, expansion
layers, squeeze-and-excitation modules, and skip connections. The MBConv blocks are organized in stages, with
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varying kernel sizes (mostly 3x3 and 5x5), expansion factors, and strides to downsample and extract hierarchical
features. After these blocks, a 1x1 convolution layer aggregates features, followed by a global average pooling
layer and a final fully connected (dense) layer for classification output as shown in Figure 4. The full architecture
of Efficient-Net B0 is organized into several stages. Each stage contains a series of MBConv blocks with specified
configurations. With this architectural design, Efficient-Net B0 efficiently captures low-level textures (such as
cracks and edges) and high-level structural patterns (including the shape and context of potholes) in road surfaces.

Input: 224 x 224 x 3

g

14 % 14 x 112
P MBConv6,5x5 |
112x 112 x 32 *FXTKI'.J?
MBConvl, 3 x3 | MBConvé, 5 x 5

112x 112 x 16

MBConv6, 3 x 3 * 7 %7 %192

56 x 56 % 24 | MBConv6, 5x 5

MBConvé, 3 x 3 * 7 %7 x 192

56 x 56 x 24
ol | MBConvé, 5 x 5
‘ MBConv6, 5 x 5 |

e Tx7x192

L0 X L0 X

+ MBConv6, 3 x 3

| MBConv6,5x5 | e PON
28 x 28 x 40 R

MBConv6, 3 x 3

28 x 28 x 80

MBConvh, 3 x 3

28 x 28 % 80

MBConv6, 3 x 3

28 x 28 % 80

‘ MBConv6, 5 x 5 |
W 14 x 14 x 112

l MBConvé, 5 x 5 |
W14 x 14 x 112

‘ MBConve, 5 % 5 |

Fig. 4 Detailed architecture of the Efficient-Net BO model used in this research

*Tx?x 1280

Global Average

Pooling2D
1 x 1280

lx2

A key innovation in Efficient-Net B0 is the use of MBConv (Mobile Inverted Bottleneck Convolution) blocks.
These blocks are derived from MobileNetV2 and are designed for computational efficiency. Each MBConv block
consists of:

e Expansion layer with a 1x1 convolution increases channels to a higher-dimensional feature space.

e Depth-wise convolution applies a separate spatial filter to each input channel independently to

significantly reduce computation while preserving spatial structure.

e Squeeze-and-Excitation (SE) module that adaptively refines channel-wise feature responses using global

information to amplify the most informative features.

e Projection layer using a 1x1 convolution to reduce the number of channels back to the original size,

allowing for efficient feature compression.

e A skip connection that integrates the input directly with the output when their dimensions align, for

efficient gradient propagation by minimizing information degradation between layers.

2.6. Integrated Architecture of MRFO and Efficient-Net:

In this experiment standard Efficient-Net (B0, B1, B2) backbone is utilized as the baseline binary classification
model for pothole detection. However, the architecture of the baseline model was modified by integrating MRFO
for optimization to overcome the limitations of gradient-based optimizers such as AO. MRFO optimized feature
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vectors to ensure that the model focused on the most relevant and discriminative features. Efficient-Net extracted
features systematically, beginning with low-level patterns in the initial layers and advancing to more complex and
abstract representations in the deeper layers. This process generated feature maps that captured both spatial and
contextual information essential for accurate detection. The feature maps were initially compressed into one-
dimensional feature vectors, which represented the high-dimensional attributes of each image.

The MRFO algorithm began with a population of randomly generated solutions, each representing a unique
subset of features extracted by Efficient-Net. A fitness function based on classification accuracy was applied to
evaluate these solutions to identify promising feature subsets. The algorithm iteratively refined the feature
selection by dynamically updating the fitness scores of the solutions with a balance between exploration and
exploitation of the feature space. This iterative process converged toward an optimal solution by focusing on the
most significant feature subsets. The optimized feature maps were then processed through the fully connected
layer, where the filter weights were fine-tuned to consolidate the selected features further. This stage
incorporated the chain foraging behaviour of MRFO for efficient exploration and exploitation of the feature space.
MRFO enhanced the performance of Efficient-Net by optimizing its hyperparameters and feature selection. The
process began with an initialization phase, where each manta’s position in the solution space was randomly
generated, representing a potential combination of hyperparameters or feature subsets. The fitness value for each
manta was calculated using a fitness function, which evaluated the classification performance of Efficient-Net
under the configuration considered.

In the optimization phase, the algorithm employed a decision mechanism to update the positions of the
mantas. Based on a randomly generated variable r, the algorithm alternated between the chain foraging equation
and the cyclone foraging equation to adjust the manta’s position. If r was less than 0.5, the chain foraging strategy
was applied to prioritize exploration. Conversely, if r was 0.5 or greater, the cyclone foraging strategy was used to
exploit promising regions of the search space. This dynamic decision-making process provided a balance between
exploration and exploitation that is essential for finding optimal solutions. The proposed integrated architecture
of MRFO and Efficient-Net is presented in Figure 5.

Feature selection
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Fig. 5 Proposed hybrid MRFO-Efficient-Net architecture

2.3.4 MRFO Feature Optimization Strategy

Efficient-Net processed input images to extract feature maps representing spatial and semantic information, such
as edges, contours, and surface variations. These feature maps were then passed to the MRFO algorithm for
optimization. MRFO defined a search space that included the extracted feature maps. Afterward, it employs an
optimization mechanism to identify the most relevant features. This involved filtering out noisy or redundant data
while retaining features critical for pothole segmentation. The MRFO optimization process was guided by a fitness
function designed to maximize segmentation accuracy. Once the feature maps are optimized, they are converted
into segmentation masks delineating pothole boundaries. The segmentation masks on images were generated
during training using the optimized feature maps. These masks were saved in the training dataset. During testing,
the optimized segmentation masks were used to segment new images by matching their feature maps to the most
similar patterns from the training set. The boundary of a pothole is illustrated in Figure 6 with a segmentation
mask generated using MRFO.
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Fig. 6 Pothole labelling

2.3.5 Iterative Refinement and Feature Selection by MRFO

The iterative nature of MRFO, combined with its dynamic exploration and exploitation strategies, made it an
efficient choice for this application. The iterative process of obtaining the highest fitness value continued until the
iteration number reached the predefined maximum number of iterations (Tmax). During each iteration, the
algorithm evaluated the fitness function for the updated manta positions and retained the highest fitness value.
Once Tmax was reached, the somersault foraging equation was applied to refine the positions of the mantas further
to achieve convergence to the optimal solution. This equation simulated a final exploitation phase by intensively
searching for the best solutions to extract the most significant features. The final output of the MRFO algorithm
was the optimal feature set derived from the position of the manta ray with the highest fitness value. By integrating
MRFO into Efficient-Net, the optimization process effectively enhanced feature selection and hyperparameter
tuning, as shown in Fig. 7.
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Fig. 7 Flowchart of the proposed model

2.3.6 Proposed MRFO Pseudocode

The MRFO algorithm begins with the initialization of a population of agents where each agent represents a
candidate solution within the defined search space. The three main operators, including Chain Foraging, Cyclone
Foraging, and Somersault Foraging are applied iteratively to update the position of each agent. At each iteration,
candidate solutions are guided toward the best-known solution, ensuring a balance between exploration (global
search) and exploitation (local refinement). This mechanism enhances convergence compared to traditional
optimizers and improves the classification performance of the deep learning model by achieving greater accuracy
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and robustness in pothole detection under varying environmental conditions. The pseudocode of the MRFO
algorithm is outlined below:

Initialize_MRFO (position, velocity, optimal solution)
Initialize position, velocity, and optimal solution.
Update_MRFO (position, velocity, optimal solution)
Compute the distance between the current manta ray position and the optimal solution.
Adjust the velocity according to this distance.
Modify the position using the updated velocity.
Get_Current_Position(position):
Present the updated position of the manta ray.
Setup_MRFO(population_size, search_bounds, optimal_solution):
Define the number of agents (population_size), search space limits, and initial optimal_solution.
Randomly generate initial positions and velocities for all manta rays within the defined bounds.
Run_MRFO_Optimization(population, max_iterations):
Repeat for the specified number of iterations:
For each manta ray in the population:
Update position using Update_MRFO.
Identify the individual with the best fitness score.
Replace the optimal solution with the best individual position of the manta ray if improved.

2.7. Performance Evaluation, Comparison, and Benchmarking

The performance evaluation of the proposed integrated architecture, which combines Efficient-Net with MRFO,
was conducted systematically to ensure its reliability for real-world pothole detection applications. The model
was trained using three variations of Efficient-Net: the baseline network B0, a moderately complex network B1,
and a larger variant B2, which has increased resolution, depth, width, and complexity [28]. The primary difference
between Efficient-Net B0, B1, and B2 lies in their scaling factors for network depth, width, and input resolution,
which determine their complexity and performance. These models are part of the Efficient-Net family, where each
version incrementally scales up the base architecture ( Efficient-Net B0) using the compound scaling method [29].
Each configuration was assessed using standard evaluation metrics, including accuracy, Area under the curve
(AUC), Precision, Recall, F1-score, and confusion matrix. Accuracy provided an overall measure of correct
predictions, while the confusion matrix detailed the performance in terms of true positives, true negatives, false
positives, and false negatives. The outcomes in the form of true positives, true negatives, false positives, and false
negatives are also included in the assessment to judge the robustness of the architecture. The performance
comparison among the Efficient-Net variants aimed to select the most effective model configuration.

To further highlight the improvements of the proposed network over existing optimization techniques, it was
compared against conventional Efficient-Net BO, B1, and B2 models integrated with AO. Besides, additional
validation and benchmarking were performed to prove the superiority of the proposed architecture over the
standard CNN architecture. Furthermore, the outcomes were thoroughly validated, and the accuracy of the
proposed architecture was compared with the existing studies. A step-by-step comprehensive evaluation method
was used to analyze the proposed architecture, perceive its excellence in accuracy, feature optimization, and
reliability, specifically for the pothole detection problem.

3. Results and Discussions

To evaluate the performance of the proposed integrated network, classification outcomes are analyzed on the
testing dataset, which comprises two classes. Images without potholes are labeled Class 0, while those containing
potholes are labeled Class 1 in both the training and testing datasets. The performance of the proposed network
is assessed for each class individually using several evaluation metrics. Detailed results and a comprehensive
analysis of the model’s performance evaluation process are presented in the subsequent sections.

3.1. MRFO-Efficient-Net

The MRFO with baseline Efficient-Net (B0, B1, B2) is assessed for performance as shown in Figure 8. The accuracy
of the models is observed by plotting training and validation curves generated in 100 epochs. The stable training
and slightly decreasing validation curve indicate the stability of the architecture during the training process, while
suggesting that the model can learn complex patterns without overfitting. The sudden drop in validation accuracy
at epoch 63 is likely due to random variation in the validation process rather than a genuine decline in model
performance, as evidenced by the immediate recovery in subsequent epochs. The consistent performance across
training and validation sets helps instill confidence in the model's ability to generalize new, unseen data.
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Additionally, it highlights the importance of carefully monitoring these metrics to ensure the training process
remains on track and achieves the desired performance goals.

The integrated MRFO with baseline Efficient-Net BO successfully identified class 0, normal road images, and
class 1 potholes. The upward trend observed in the ROC curve for both classes, with the false-positive rate
represented on the X-axis and the true-positive rate on the Y-axis, signifies a high degree of accuracy. Furthermore,
the integrated MRFO model, in conjunction with the baseline Efficient-Net B0, exhibits a commendable capacity
to differentiate between classes effectively.

The MRFO-Efficient-Net B1, due to its slightly complex architecture, achieved better accuracy in 100 epochs.
Initially, during the first 30-35 epochs, the model reflected overfitting. However, with increased training, a high
training accuracy of above 97% and a testing accuracy of 98% were achieved for normal surfaces and potholes,
respectively, as obvious from the training and validation curves and AUC.

The proposed MRFO-based optimization significantly improved the performance of the Efficient-Net family
models for pothole detection. The most complex architecture, Efficient-Net B2-MRFO, achieved the highest
classification rates for both normal surfaces and pothole detection. These results indicate that the integration of
MRFO aided progressively better optimization of hyperparameters, which led to improved generalization and
reduced misclassification rates across all Efficient-Net variants.
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3.2. AO-Efficient-Net

The AO-Efficient-Net BO model was evaluated using learning curves and AUC shown in Figure 9. It achieved 86%
accuracy for normal surfaces and 64% for pothole detection, indicating moderate classification performance. The
lower accuracy, particularly for potholes, suggests that the model did not train well on images with complex
variations in pothole features and requires further refinement. While AO-Efficient-Net BO performs adequately in
some scenarios, its optimization approach does not match the robustness needed for more diverse datasets.
Advanced optimization strategies could potentially enhance its ability to generalize and improve detection
accuracy.

The AO-Efficient-Net B1 model achieved 88% accuracy for normal detection and 76% for pothole detection.
This represents a clear improvement over AO-Efficient-Net B0, especially for potholes (an increase from 64% to
76%). The deeper architecture of B1 likely allows it to capture more complex features of road surfaces. However,
the training and validation curves display a continuous downward trend, indicating overfitting when the model
learns training data well but struggles to maintain performance on unseen data. Such overfitting may stem from
insufficient regularization, limited dataset size, or an architecture that is overly complex relative to the available
data. While the accuracy results are promising, the curve patterns point to a decline in generalization capability.

The AO-Efficient-Net B2 model maintained 88% accuracy for normal detection and 76% for pothole detection,
results almost identical to B1. This indicates that increasing the architecture complexity from B1 to B2 did not
yield meaningful performance gains for this task. While normal surface detection is strong, pothole detection
performance continues to lag. It reflects the inherent difficulty in pothole features. AUC values are reasonably high,
indicating good but not perfect class separability. The training and validation curves reveal instability, with
oscillations persisting over 100 epochs rather than converging smoothly, exhibiting challenges in achieving
consistent learning.
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3.3. Confusion Matrix Analysis of MRFO and AO

The confusion matrices for all Efficient-Net variants integrated with MRFO and AO reveal clear differences in
classification performance for normal surfaces and pothole detection. For the MRFO-based models, performance
improved consistently from BO to B2. MRFO-Efficient-Net B0 achieved a classification accuracy of 91.57% for
normal surfaces and 95.22% for pothole detection. In contrast, the same architecture, Efficient-Net BO, with AO
could achieve 86% accuracy for normal roads while only 64.64% for potholes. Similarly, there is a significant
difference between MRFO-Efficient-Net B1 and AO-Efficient-Net B1, with 93.43% and 86.26% respectively, for
normal surface images. For pothole detection, MRFO-Efficient-Net B1 achieved 97.22% accuracy and
outperformed AO-Efficient-Net B1 with 75.11% accuracy. Meanwhile, MRFO-Efficient-Net B2 proved itself the
best architecture after reaching 97.52% and 98.32% for normal road and pothole detection, respectively.

In contrast, the AO-based model showed notably lower accuracy, particularly for pothole detection. The
highest rates of the most complex architecture, MRFO-Efficient-Net B2, demonstrate the optimizer’s ability to fine-
tune hyperparameters effectively and enhance generalization. This progression indicates that MRFO optimization
not only reduces misclassification rates but also scales well with increasing model complexity.

When directly comparing the best-performing variants of each optimizer, MRFO-Efficient-Net B2 achieved
97.52% accuracy for normal surfaces and 98.32% for pothole detection, while AO-Efficient-Net B2 lagged at
88.89% and 76.47%, respectively. This substantial gap is due to the MRFO’s superior capability in achieving better
class separation and reducing misclassifications, especially for the more challenging pothole category.
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3.4. Comparison of MRFO and AOQ Using Evaluation Metrics

To complement the confusion matrix analysis, precision, recall, and F1-score were calculated for MRFO-Efficient-
Net and AO-Efficient-Net with B0, B1, and B2 architectures. These metrics provide a more detailed evaluation of
the ability of models to correctly classify instances, focusing on both the accuracy of positive predictions
(precision) and the completeness of correct detections (recall).
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The outcomes obtained by calculating the accuracy, Precision, Recall, and F1-score of all architectures are
reported in Table 2. In six architectures evaluated with four different metrics, MRFO-Efficient-Net outperformed
AO-Efficient-Net in accuracy, precision, recall, and F1-score, indicating superior capability in balancing false
positives and false negatives. MRFO-Efficient-Net B2 achieved the highest F1-score overall with strong and
consistent classification performance.

The improvement resulting from MRFO integration is evident in all metrics. For example, MRFO improves
accuracy over AO by 30.58 % for B0, 22.11 % for B1, and 21.85 % for B2. Precision and recall also show marked
increases, suggesting that MRFO not only reduces false positives but also captures a higher proportion of true
positives. The F1-score improvements confirm that the gains are balanced between precision and recall. These
results indicate that MRFO provides a more effective parameter search strategy for Efficient-Net training than AO,
likely due to a better exploration-exploitation balance. The well-balanced exploration and exploitation help avoid
premature convergence and obtain more accurate model generalization. The consistent superiority of MRFO for
all Efficient-Net variants suggests its robustness for optimizing deep CNN architectures.

The deeper and wider Efficient-Net B2, with its higher resolution, achieved a satisfactory accuracy of 76%
when optimized with AO, and its performance improved to 98% with MRFO. The 22% increase in classification
accuracy was achieved by the MRFO algorithm, which conducted a more efficient global search than the traditional
gradient-based method AO. Through a dynamic balance, MRFO assisted the network in steering clear of
suboptimal local minima, leading to convergence towards globally optimal solutions. The optimization approach
directly influences the improved generalization performance noted in image classification tasks. These findings
emphasize the superior performance of the MRFO-optimized Efficient-Net architecture and point out the
importance of selecting the best Efficient-Net configuration. Moreover, the results highlight the critical role of
optimization algorithms in enhancing image processing and pothole detection accuracy. This comparison
highlights the critical role of optimization in advancing pothole detection models. By optimizing the training
process, significant improvements in model performance and accuracy can be achieved.

Table 2 Performance comparison of Efficient-Net architectures integrated with AO and MRFO

Model Optimizer Accuracy (%) Precision (%) Recall (%) F1-score (%)
Efficient-Net BO AO 64.64 63.20 65.10 64.14
Efficient-Net BO MRFO 95.22 91.87 95.22 93.49
Efficient-Net B1 AO 75.11 74.60 75.50 75.05
Efficient-Net B1 MRFO 97.22 93.51 97.22 95.29
Efficient-Net B2 AO 76.47 76.00 76.90 76.45
Efficient-Net B2 MRFO 98.32 97.54 98.32 97.88

Optimization is essential for enhancing the efficiency and reliability of pothole detection systems, and the
proposed generic architecture can also be utilized in other real-world applications. The experimental results
clearly demonstrate the superior performance of Efficient-Net architectures when optimized using MRFO
compared to AO. Several technical factors contribute to this outcome. Firstly, MRFO is a metaheuristic algorithm
inspired by the foraging behavior of manta rays. It excels at exploring the hyperparameter search space more
thoroughly than gradient-based optimizers. During the early phases of training, MRFO samples a wide range of
hyperparameter combinations to avoid premature convergence to suboptimal regions of the solution space. As
training progresses, MRFO gradually transitions from global exploration to local exploitation. It refines the
hyperparameter values around high-performing configurations. This adaptive search strategy results in more
stable convergence and better generalization performance across validation datasets.

In contrast, the AO, which updates model weights during training, is not inherently designed for global
hyperparameter optimization. It relies on manually selected or grid-searched hyperparameter values (learning
rate, beta coefficients, dropout rates), which can limit its adaptability, especially in complex tasks such as pothole
detection. Because in these scenarios, data conditions are highly variable due to lighting, shadows, and textures.
Pothole detection requires precise feature extraction to tackle these challenging visual variances. MRFO'’s ability
to fine-tune critical hyperparameters such as learning rate, convolutional filter sizes, dropout rates, and dense
layer units enhances the feature representation capacity in Efficient-Net. Consequently, MRFO-optimized models
exhibited smoother convergence curves, faster training, and higher AUC scores regardless of Efficient-Net variants
(BO, B1, B2).

Moreover, since Efficient-Net relies on compound scaling of depth, width, and resolution, MRFO'’s capacity to
simultaneously optimize multiple hyperparameters in a high-dimensional search space becomes especially
valuable. Unlike AO, which focuses only on optimizing weights through backpropagation, MRFO performs a
broader architectural-level search. This gives it a significant advantage in fine-tuning models for real-world
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applications like pothole detection, where both accuracy and efficiency are critical. Therefore, the overall impact
of MRFO indicated an improved and robust model.

3.5. Comparison of MRFO-Efficient-Net with Architectures from Existing Literature

To further validate the performance of the proposed MRFO-Efficient-Net architecture, we compared its accuracy
with existing studies. For a fair comparison, we consider our highest-accuracy model, MRFO-Efficient-Net B2, with
the models achieving the highest accuracy reported in other studies. The studies being compared utilized the same
dataset to train different architectures. While earlier sections have demonstrated that our approach outperforms
both AO-based optimization and the baseline Efficient-Net, this additional comparison validates the robustness of
the proposed model. As it consistently delivers superior or competitive results against previously established
popular methods, given in Table 3.

Table 2 Comparison of MRFO-Efficient-Net B2 with existing state-of-the-art models

Model Accuracy (%) Reference
YOLOv4-tiny 78.7 [30]
YOLOv3 77.1 [31]
ResNet-18 75.5 [32]
CNN with Transfer learning 96 [12]
YOLOv4-tiny 90 [33]
Faster RCNN with Inceptionv2 90 [34]
MRFO-Efficient-Net B2 98.32 Our study

The superior performance of the proposed MRFO-Efficient-Net B2 model is driven by a combination of
optimized features and fine-tuned hyperparameters. While earlier models such as YOLO variants and ResNet-18
demonstrate reasonable detection capability, they are either limited by smaller receptive fields, less efficient
scaling, or suboptimal training parameter selection. Even the high-performing CNN with transfer learning
achieves lower accuracy, likely due to less specialized optimization for the dataset. In contrast, our proposed
approach combines architectural efficiency and metaheuristic optimization. It captures more discriminative
features to achieve higher accuracy compared to other models. Since the MRFO algorithm outperforms traditional
optimizers by simulating adaptive foraging behaviors to dynamically balance global and local search. This ensures
a more thorough exploration of the parameter space during early training and precise exploitation during
convergence, which reduces the chances of getting trapped in suboptimal minima. While the experimental results
are promising, the study has some limitations. The dataset size, although augmented, may not fully capture the
variability in real-world road conditions. Moreover, the absence of real-time or embedded deployment testing
restricts our understanding of the practical applicability of the proposed architecture. Future work will focus on
scaling data collection and deploying the system in real-world driving scenarios.

4. Conclusion

This study introduced an innovative pothole detection framework by integrating Efficient-Net architectures (BO,
B1, B2) with the Manta Ray Foraging Optimization (MRFO) algorithm. The model was trained using two classes of
images with potholes and non-potholes. The performance of the proposed architecture was rigorously compared
against the conventional Efficient-Net architecture optimized using the Adam optimizer (AO). Based on the
experimental results, the proposed MRFO-Efficient-Net architecture demonstrated superior performance,
achieving accuracy improvements of 30.58%, 22.11%, and 21.85% for Efficient-Net B0, B1, and B2, respectively,
compared to their counterparts optimized with AO. Similarly, the architecture proved more accurate and efficient
when compared to a baseline CNN model without optimization. When compared with the best-performing models
from existing deep learning studies, MRFO- Efficient-Net -BO achieved superior performance. The proposed
Efficient-Net -MRFO framework consistently outperformed both alternatives in terms of accuracy, the confusion
matrix, and the ROC, showing the tradeoff between true positive rate and false positive rate. All three Efficient-
Netarchitectures demonstrated superior accuracy and significantly improved performance when integrated with
MRFO. The experimental results highlight the critical role of optimization algorithms and network complexity in
achieving higher accuracy for pothole detection. Furthermore, the choice of a suitable optimizer significantly
influences the overall performance of deep learning models. These findings emphasize the importance of
balancing model complexity and optimization strategies to enhance real-world applicability. In future work, this
study will be extended to incorporate real-time video data to train the proposed architecture for pothole detection
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for its deployment in dynamic, real-world environments. Such advancements have the potential to contribute
significantly to the development of real-time intelligent transportation systems and proactive road maintenance
solutions with enhanced road safety and infrastructure management.
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