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Abstract

Image segmentation plays a crucial role in various computer vision applications, including medical imaging, autonomous driving, and
remote sensing. However, achieving high segmentation accuracy remains a challenge due to issues such as noise, occlusion, complex
backgrounds, and class imbalance. Traditional segmentation methods often struggle with these challenges, necessitating the development
of advanced deep learning-based approaches. To address these issues, we propose a CNN hybrid with Adaptive Cheetah Optimization
(ACO) for improved image segmentation. The Convolutional Neural Network (CNN) serves as the backbone for feature extraction, while
ACO optimizes the hyperparameters and fine-tunes the segmentation process to enhance accuracy and robustness. ACO, inspired by the
hunting behavior of cheetahs, dynamically balances exploration and exploitation to avoid local optima and improve convergence speed.
Experimental results demonstrate that our hybrid approach outperforms conventional CNN-based segmentation models in terms of preci-
sion, recall, and segmentation accuracy, particularly in challenging environments. This proposed method contributes to the advancement
of image segmentation by addressing common challenges and improving performance through an adaptive optimization strategy.

Keywords: Computer Vision;mImage Segmentation, Convolutional Neural Network; Adaptive Cheetah Optimization; Atrous Spatial Pyramid Pooling.

1. Introduction

The core task of computer vision requires image segmentation because this process divides visual data into segments that enable better
analysis procedures [1]. Multiple applications, including autonomous vehicles and medical imaging, utilize image segmentation as a vital
process for their operations [2]. When images get segmented, viewers can identify scene objects and boundaries so they can make enhanced
interpretations and decisions [3]. Image segmentation is essential because conventional images often contain multiple objects, textures,
and noise, making direct analysis challenging [4]. Segmentation techniques become essential because they allow researchers to extract
certain features while making tasks easier to compute and recognition and classification systems more precise [5]. Autonomous and intel-
ligent systems demand robust and efficient segmentation methods because the growth of visual data in practical applications continues to
increase.

Image segmentation encompasses three primary techniques, including thresholding segmentation, edge detection, and region-based ap-
proaches with k-means clustering [6-8]. The algorithms function with speed yet face obstacles during the processing of images that contain
either noisy components or shadowed areas, or objects with intersecting shapes [9]. The development of machine learning enabled the
integration of decision trees alongside random forests into segmental processes, although human interaction was necessary to develop the
necessary features [10], [11]. Segmentation improved significantly with the incorporation of deep learning techniques in CNNs, where it
learned hierarchy features from large labeled datasets with massive computing resources [12]. The implementation of deep transformers
has advanced segmentation efficiency at the cost of extensive system requirements, together with elevated training costs [13]. The solution
space for image obscuration issues continues to advance, with ongoing problems regarding image adaptation across different datasets, as
well as real-time system operations [14]. Learning models that approach self-supervision and weak supervision reduce the need for data
annotations, yet achieve results with lower precision levels compared to fully supervised practices [15]. The focus of continued research is
on the creation of simple segmentation models showing explainable results alongside adaptability features.

The graph-based segmentation methods, including normalized cuts and random walks, effectively describe spatial relationships, although
they cause high computational expenses for big images [15]. The watershed segmentation method enables boundary detection, although it
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produces excessive segmentation for regions with texture patterns. Snakes used for active contour modeling help enhance object edges, yet

their accuracy depends on noise levels and initialization accuracy. Users can enhance their computation speed by dividing images into

superpixels, yet this approach may result in the loss of subtle details present in challenging imaging scenarios. The feature set of Fully

Convolutional Networks (FCNs) allows point-level region segmentation, while they fail to maintain extensive inter-element relations. U-

Net provides better segmentation for biomedical applications, though the system heavily depends on extensive labeled data. Segmentation

models that use attention-based methods select better features but require large amounts of processing power and memory resources. Hybrid

models implement various techniques together, but achieving both efficiency and accuracy and generalization capability continues to pre-

sent difficulties.

The key contribution is

e Before training the model, practitioners should employ Normalization to standardize input data, which improves both variability control
and model training speed.

e Through the implementation of CNN as the backbone feature extraction becomes more effective at extracting hierarchical image fea-
tures that enhance complex pattern representation.

e The segmentation process gets enhanced with ACO by using dynamic hyperparameter optimization, which delivers better model per-
formance together with improved robustness.

e The ACO achieves exploration and exploitation balance through its cheetah hunting behavior simulation, which stops local optima and
speeds up convergence during training.

e The hybrid method leads to better performance metrics according to experimental results when applied to situations with noise, occlu-
sion, and complex backgrounds.

The remainder of this paper is organized as follows: Section 2 reviews the findings from the literature study. Section 3 provides a detailed

description of the proposed method. Section 4 presents the experimental results, demonstrating the effectiveness of the proposed method

and validating its superiority. Finally, Section 5 concludes the paper with a summary of the findings and suggestions for future research.

2. Literature review

Numerous researchers have proposed advanced methods for image segmentation. A selection of key contributions is summarized below:
Zhang et al. [16] proposed affinity graph-based segmentation algorithms, which have emerged as a significant trend in computer vision.
They introduced an adaptive fusion affinity graph (AFA-graph) including noise-free low-rank representation for live natural image seg-
mentation. The AFA-graph system demonstrates efficient performance that aligns with existing benchmarks spanning the BSD300,
BSD500, MSRC, SBD, and PASCAL VOC datasets. The approach fails to use discriminative information from texture shapes and past
knowledge, compounded by its deficiency in deep unsupervised learning for improvement.

Zhang et al. [17] shown that deep convolutional neural networks have attained significant success in medical image segmentation. They
provided an overview of the recent advancements in 2.5D techniques for volumetric medical image segmentation. Furthermore, to evaluate
the performance and efficacy of these approaches, an empirical investigation is conducted on three sample segmentation tasks, including
various modalities and targets. The proposed 2.5D segmentation methods achieve equivalent performance to 3D CNNs by employing
efficient computational techniques that reduce model parameters and training costs. The study methodology employs 2D/3D U-Net as its
principal algorithm; nevertheless, this technique may not yield optimal outcomes for certain segmentation tasks, and its efficacy varies
across different datasets.

Chen et al. [18] presented the Segment Anything Model (SAM), a foundational model for broad image segmentation, which has exhibited
remarkable zero-shot performance across many natural image segmentation challenges. They presented a modality-agnostic SAM adapta-
tion system, termed MA-SAM, suitable for diverse volumetric and video medical data. Our approach is based on a parameter-efficient
fine-tuning strategy that modifies just a limited subset of weight increments while maintaining the integrity of the bulk of SAM's pre-
trained weights. This surpasses cutting-edge three-dimensional medical image segmentation methods by demonstrating superior generali-
zation across several modalities without requiring prompts. The approach has challenges in segmenting small or ambiguous structures that
require human intervention.

Roy et al. [19] introduced the adoption of Transformer-based architectures for medical image segmentation. They presented MedNeXt, a
Transformer-inspired large kernel segmentation network that features 1) a completely ConvNeXt 3D Encoder-Decoder Network for med-
ical image segmentation. 2) Residual ConvNeXt upsampling and downsampling blocks to maintain semantic richness across scales. An
innovative method for progressively enlarging kernel sizes through the upsampling of tiny kernel networks, aimed at circumventing per-
formance saturation in constrained medical datasets. 4) Compound scaling over many dimensions (depth, breadth, kernel size) of MedNeXt.
MedNeXt achieves superior outcomes with its ConvNeXt-based architecture across four intricate medical image segmentation tasks, con-
currently surpassing seven existing benchmarks. The utilization of constrained medical datasets impedes the generalisation of the system
to novel domains or diverse imaging situations.

Li et al. [20] presented the Segment Anything Model (SAM), which has been swiftly adopted for the segmentation of many natural pictures.
A unique approach, AutoSAM Adapter, was devised exclusively for 3D multi-organ CT-based segmentation. They utilise parameter-
efficient adaptation strategies to create an autonomous prompt learning paradigm, enhancing the SAM model's capabilities for 3D medical
image segmentation and obviating the necessity for manually created prompts. The AutoSAM Adapter facilitates SAM adaptation for 3D
multi-organ medical image segmentation, enhancing efficiency using minimal parameters and automated, fast creation. The system en-
counters challenges in digesting intricate anatomical differences while also striving for enhancements in the effective calculation of exten-
sive 3D medical data sets.

Despite considerable progress in segmentation designs, optimization methods for hyperparameter adjustment are still largely unexplored.
Metaheuristic methods, including Particle Swarm Optimization (PSO), Genetic methods (GA), and Grey Wolf Optimizer (GWO), have
demonstrated efficacy in improving the performance of learning models through the optimization of critical parameters [21]. Nonetheless,
some techniques experience early convergence or incur substantial computational expenses. Adaptive Cheetah Optimization (ACO), a
novel bio-inspired algorithm, establishes a dynamic equilibrium between exploration and exploitation, emulating the strategic hunting
tactics of cheetahs [22], [23]. Its low cost and flexibility render it especially appropriate for CNN-based segmentation jobs where conven-
tional grid search or random search may prove inadequate.

Existing segmentation methods work well; however, real-world applications often introduce additional challenges. 2.5D approaches bal-
ance 2D speed and 3D precision but struggle with volumetric data spatial continuity [17]. Transformer-based models like MedNeXt are
accurate yet computationally intensive, restricting their scalability. Graph-based methods are computationally costly and susceptible to
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noise in big photos [19]. We suggest integrating CNN with ACO for robust segmentation since these trade-offs highlight the need for
hybrid systems that increase accuracy, efficiency, and generalization [16].

3. Proposed method of segmentation

The performance enhancement via hyperparameter optimization uses ACO, which adjusts learning rate values together with filter sizes and
activation functions [21] The performance optimization process of ACO utilizes characteristics from cheetah hunting patterns to choose
between exploration and exploitation methods, which avoid becoming trapped at suboptimal solutions [22]. The optimized CNN model
reaches greater accuracy, together with better stability in its segmentation outcomes, because of this fine-tuning process. Implementation
of CNN with ACO results in superior segmentation results for challenging medical imaging situations featuring noisy data alongside
occluded areas and unbalanced classes. Adaptive optimization enables the proposed method to achieve better performance than Standard
CNN-based segmentation models when evaluating precision and recall values, and total segmentation accuracy. Figure 1 shows a flow
diagram of image segmentation [22].

Preprocssing >,

input images

CNN

Adaptive Cheetah Optimization
algorithm

Segmentation

Fig. 1: Flow Diagram of Image Segmentation.
3.1. Preprocessing

The RGB images in the collection come in various sizes. The photos are preprocessed using the subsequent procedures. To obtain a uint8
tensor and three-color channels, decode a JPEG-encoded image. Adjust each image's dimensions to 299 by 299 pixels. The image needs to
be normalized to value ranges between 0 and 1 and converted to a type.

The process of image segmentation stands as a necessary step in both computer vision and machine learning, primarily for normal image
datasets. The process of segmenting images into distinct areas produces better features and enhanced model performance. Segmented
regions need normalization to achieve consistency through pixel value standardization, which controls variations in lighting and sensor
quality as well as intensity.

Segmented images require normalization as a preprocessing step, which removes scale variations and improves comparability between
data values and avoids inflated prominence of large numerical features. Machine learning models with deep learning components need
additional time to converge and become unstable when input data has big numerical value differences. The model learns eftectively from
divided data through normalization because the process stabilizes training procedures.

Different parts of the image show diverse levels of pixel brightness during image segmentation. The normalization process prevents seg-
mentation frameworks from concentrating their efforts on select regions because this practice distorts the definition of classification areas.
The model processes all image regions with equal understanding when the normalization procedure is applied to segmented data.

Pixel intensities need normalization to operate within specific ranges between 0 and 1 or -1 to 1 for better activation functions in deep
learning networks. The research implemented min-max scaling normalization on the separated image areas containing objects of interest.
Maximum and minimum pixel values transform values between 0 and 1 using the min-max scaling technique. The normalization procedure
starts by locating sectioned areas needing normalization then maintains uniform lighting.

The normalization method operates by deducting pixel minimum values from every pixel and then splitting the range through intensity
values according to Equation (1).

_ X_Xmin
Xscaled X

1
max ~Xmin ( )
Employing min-max scaling to characteristic image data rescales pixel intensities to 0 to 1. This is advantageous when there is a significant
variation in pixel intensities across distinct photos, since it ensures consistency in the dataset.

3.2. Image segmentation processing based on the CNN algorithm

3.2.1. CNN framework

The segmentation algorithm uses the Figure 1 sub-network structure for its neural network operations. This technique improves multiple
convolutional network efficiency by modeling neighboring tags' inter-relations in segmentation. The decision from the last prediction layer
receives data influence from neighboring tags. The CNN architecture contains a cascade structure because the first convolutional network
output functions as an additional input for the second. Training effectiveness receives an enhancement through the introduction of residual
connections that establish an independent parameter layer bypass. Figure 2 shows a segmentation method based on CNN.
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Fig. 2: Segmentation Method Based on CNN.
a) Convolutional layer
The convolutional layer consists of three tensors: two feature maps and one convolution kernel, as shown in the Equation.

0o _ 0 0
x)=%x ®k +b
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@

Where, x|

The convolutional operation applies a kernel that moves across images or feature maps to compute weighted sum values from local areas,
which produce new feature map elements.

b) Pooling Layer
The pooling layer delivers two benefits by decreasing computational complexity and reducing overfitting through decreased connections
between convolutional layers. Max pooling serves as the conventional pooling approach in neural network systems.

is the input feature map, k is the convolution kernel, b is the bias term, and x It is the output feature map.

* :max(xjflj 3)

This selects the maximum value from each region, helping to retain important texture details while reducing parameter sensitivity in con-
volutional layers. Max pooling is preferred to random pooling because its gradients support the detection of local texture details.

c) Activation Layer
An introduction of non-linearity in CNNs occurs when Sigmoid and Tanh activation functions are applied. The activation functions enable
more efficient optimization procedures during the training process.
Sigmoid function:

1

—X

l+e 4)

S(x)=

Tanh function (faster convergence):

B 1*672\

Tanh(x )= o=
+e’

®)

Both functions, however, can suffer from gradient issues in deep networks due to saturation.
d) Deconvolution Layer
The input layout stays the same size through unpooling before convolution takes place. The deconvolution process involves:
e Unpooling functions as an activation position tracker, which expands the initial input into a sparse image.
e The method of filling sparse output zones through specific selection resembles the principle behind bilinear interpolation.

3.2.2. Loss layer
To optimize the network, a scale-invariant loss function is used.
1 A 2
%
L(yr")=rza? - 5,
nyi g2\

(6)

This function considers both Euclidean distance loss and 3D structure preservation, making the CNN less sensitive to scene changes and
improving depth estimation accuracy.

3.2.3. Cascade structure

Traditional CNNs predict segmentation labels separately, making it difficult to model spatial dependencies [22].
e It dynamically adjusts the number and depth of neurons.
o It allows different methods to work together, improving overall performance.
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In this approach:

e The first CNN segment key regions from the original image.

e The second CNN further refines these regions into specific substructures.

e This step-by-step segmentation improves accuracy and simplifies complex tasks.

During training, standard data is used to define segmentation areas. During testing, the segmented output from previous steps helps refine
further segmentation.

3.2.3. Residual connection

The deep convolutional neural network (CNN) training efficiency gets enhanced through the implementation of a residual network structure
[24], [25]. Direct information transmission through residual connections enables both easier optimization and better network performance
across growing depths.

The proposed design includes three blocks of residuals that apply two convolutional layers with direct connections between layers. The
input information from a residual block becomes part of its output through direct addition, which helps the block learn what it should
transform rather than a whole transformation. This shapes and accelerates the learning process while protecting against gradient vanishing
through this technique.

3.2.4. Atrous spatial pyramid pooling (ASPP)

The ASPP mechanism operates as a solution to the input challenges [26]. Atrous convolution was developed for enhancing wavelet trans-
form performance before researchers found its application in deep convolutional neural networks (DCNNs). The standard practice of using
DCNNs demands that images enter the network at predetermined dimensions, forcing users to perform adjustments through cropping or
resizing, which subsequently reduces diagnostic precision. The introduction of ASPP enabled networks to analyze images of any dimen-
sions while retaining their spatial details.

The Atrous convolution method extends the detection area of filters by using optimized algorithms that maintain parameter efficiency and
reduce computation time. The improved control of the feature resolution enhances both the segmentation of fine details and the region
classification of larger structures.

ASPP takes its inspiration from spatial pyramid pooling through its application of atrous convolutions with varying dilation rates to extract
features at different scales. The merged outputs lead to increased classification precision in the system. An updated version of ASPP
combines global average pooling technology with 1x1 and 3x3 atrous convolutions for optimal feature mapping yet minimal computational
strain.

Segmentation Prediction (Softmax for Multi-Class Segmentation)

For a given input image X, the CNN predicts a segmentation mask ¥ , where each pixel belongs to a class:

w X . +b
C 1 c

:cp()z e -

>c eC ¢ @)

Where:
ey, is the predicted label for pixel i,

e W, and b, are the weights and biases for class c,
e (s the set of possible classes,

. P(yi =c \X) is the probability of pixel i belonging to class c.

3.3. Adaptive Cheetah Optimization Algorithm

To enhance the performance of the Convolutional Neural Network (CNN), Adaptive Cheetah Optimization (ACO) [23] is utilized for
parameter optimization. This method efficiently explores the parameter space to identify optimal weights and configurations, thereby im-
proving the model's accuracy. ACO is a recently developed meta-heuristic inspired by the hunting strategy of cheetahs. It offers key ad-
vantages such as fast convergence, fewer required parameter adjustments, and low computational overhead. The algorithm progresses
through three core stages: exploration (searching), observation (waiting), and execution (attacking).

a) Initialization

In Adaptive Cheetah Optimization (ACO), the population is represented by a group of candidate solutions, where each cheetah’s position
within the search space signifies a possible solution. During the optimization process, key hyperparameters such as learning rate ( L, batch

size ( BS ), loss function ( L, ), and the number of epochs ( &V, ) are taken into account to ensure effective tuning of the model. Each cheetah

symbolizes a unique solution, and its position indicates the quality of that solution within the parameter space. The algorithm iteratively
updates these positions to converge toward the optimal solution..

w_ W

W:{w], g Wy ,w”} (8)
Where, W is the population and w, represents the »" solution.

w, =[L,B,L ,N] ©)



696 International Journal of Basic and Applied Sciences

In which, ¢ represents the current iteration; y <(0,1)

b) Fitness calculation for Segmentation
Dice Coefficient (Fitness Accuracy)

2TP

Fitness = Dice = ————
2TP + FP + FN

(10)

e TP (True Positive) — Correctly predicted segmented pixels.

o FP (False Positive) — Pixels wrongly classified as part of the segment.

e FN (False Negative) — Pixels missed in the segmentation.

e Ranges from 0 (worst) to 1 (perfect segmentation).

¢) Updation process

i) Searching phase: - The cheetah carefully observes its environment, relying on its innate hunting instincts to identify the most suitable
prey by analyzing the dynamics of its surroundings. This behavior is mathematically modeled as follows:

ii)
cTH e rand x (7 (11)
L] L] L]
T T
=0.001 -L
Ei,j T (UL L) (12)
max

Where C? = denotes the current position of cheetah-iat iteration 7, C v+l represents the updated position of cheetah-iat iteration 7 +1,
i L,J

2. ’

rand is a random number selected from the interval (0, 1), ¢;  indicates random step length; U and L 7 represents the upper and lower

L
bounds of the variable, respectively; = and r__denote the current and maximum iteration numbers.

iii)  Sitting and waiting phase: Every motion a cheetah makes when hunting has the danger of alerting and possibly shocking its prey, which
could result in an escape. Cheetahs wait patiently for prey to approach them from a distance by remaining low or hiding in bushes.
The cheetah keeps its location constant during the sitting and waiting phase, which can be expressed numerically as follows:

7+1 T
_ 13
i i (13)

iv) Attacking phase: A cheetah’s hunting success relies heavily on precisely timed attacks, leveraging its remarkable speed and agility. In
the attacking phase, the cheetah rapidly reduces the distance to its target, aiming to disrupt and capture it with precision and velocity.
Whether hunting individually or in coordination with others, the attack requires strategic positioning based on the prey’s movement
and group dynamics. This phase can be mathematically represented as follows:

ctloc? 4m, .NT 14
i Hg g g (14
rand |
exp >
M =l|rand . 2 xsin(2zrand ;) (15)
i,] i, ’ L]
NT —cTttl_ct (16)

Lj q.] i,

Where, C; ; denotes the position of the prey, M ; jand N I_T _stand for the turning and interaction factors, respectively, and rand, , repre-

> >

sents a value selected at random from a normal distribution. Furthermore, the symbols %+ lnd c? represent the locations of cheetahs q
s L)

and i at iteration 7 , respectively.

Tent chaotic mapping

Following the introduction of Tent chaotic mapping, the Tent chaotic map was used to initialize the cheetah instead of the randomly

generated approach used in the regular CO.

crtloc? 417 17
i,J L,j ¢
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Dynamic weighting factor

During this phase, the cheetah continuously updates its position using a dynamic weighting factor denoted by A. At the beginning of the
iteration process, A is assigned a relatively high value to facilitate an effective global search across the solution space. As the algorithm
progresses, A adaptively decreases, allowing the search to transition from exploration to exploitation, thereby refining the solution in the
later stages.

cttl_ct 441 .NT 19
i THy N (19

41-8) —4(1-35)
1-_¢ —e L = T (20)
[e 20-8), 21~ 5)}2 max

N/ =C' -C/ 21)

These modifications enhance the core functionality of Adaptive Cheetah Optimization (ACO) by improving its search efficiency and main-
taining a balanced trade-off between exploration and exploitation. As a result, the algorithm is better equipped to avoid local optima and
converge toward a more optimal global solution.

d) Termination

The best solution found during the procedure is returned by the ACO algorithm after the execution [27].

Algorithm 1: Adaptive Cheetah Optimization (ACO)
Input:
Learning Rate (Lr batch size (Bs ), Loss Function (Lf ), Number of Epochs (&, )

Output: Optimal output

Start

- Initialize the solution population, total number of iterations, and population size.

- Use the Tent chaotic map to generate initial positions of cheetahs within the search space to enhance diversity.
= Randomly distribute cheetahs across the search area.

- For (each iteration):

= Evaluate the fitness of each cheetah.

- If (no prey is detected):

- Update cheetah positions using step length and a random factor.

- Keep the position fixed during the waiting phase.

- Else (prey is detected):

- Adjust cheetah positions relative to the prey using a turning factor.

- Adapt the Tent chaotic map and the dynamic weighting factor (1) to balance global and local search.
Repeat until the maximum iterations are reached or the desired fitness value is achieved.

Return the best solution found.

End

4. Results and discussion

The proposed model demonstrates a clear performance advantage over baseline image segmentation methods. Experimental results across
various social media datasets confirm the model’s robustness and scalability, consistently achieving higher accuracy in detection tasks. It
shows notable improvements in key performance metrics, including accuracy, precision, recall, and F-measure, when compared to existing
techniques. The experiments were conducted on a system with an Intel(R) Core(TM) i5-4570S CPU @ 2.90 GHz, 8 GB of RAM, and
running a 64-bit Windows operating system. The machine, manufactured by Acer and identified as SSM107.smg.local, utilized the
MATLAB software environment for implementation. The experimental setup also includes two data centers comprising four hosts, collec-
tively equipped with 8 GB of RAM and a network bandwidth of 2800 Mbps.

4.1. Dataset description

The dataset consists of 500 natural images, ground-truth human annotations, and benchmarking code. The data is explicitly separated into
disjoint train, validation, and test subsets. The dataset is an extension of the BSDS300, where the original 300 images are used for train-
ing/validation, and 200 fresh images, together with human annotations, are added for testing. Each image was segmented by five different
subjects on average [28].

4.2. Evaluation metrics
The experimental data were produced from a CNN-based segmentation methodology. Our deep learning model performed automatic ex-

traction of features together with segmentation tasks. A post-processing technique enhances accuracy through a refinement procedure that
operates on insufficient initial segmentation results. Users can operate the GUI application to draw indicators for object regions and
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background areas through an easy-to-use interface. The object markers are represented through blue lines, while background markers are
indicated by green lines during this procedure. The CNN model uses the marked regions to learn spatial context information, which results
in better accuracy outcomes.
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Fig. 3: Testing and Training Accuracy.

Multiple Epochs show how training accuracy performs alongside testing accuracy through graphs depicted in Figure 3. The model learns
effectively from training data as indicated by the first graph line, which shows continuous improvement of training accuracy. The accuracy
rate stabilizes at 90% after hitting temporary instabilities during the first several epochs. The second graph shows testing accuracy reaching
97% consistency during all epochs while maintaining higher accuracy than training accuracy. Generalization of unseen data points is well
demonstrated by the model's performance. The robust testing accuracy proves that the training process has been effective by demonstrating
strong generalization capabilities in an independent testing environment.
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Figure 4 illustrates training and testing loss evolution over consecutive epochs. Training loss experiences a fast decline during the begin-
ning, followed by stable performance in the first graph, which shows the model consistently improves its performance. The model demon-
strates efficient pattern learning from training data because the loss stabilizes at a reduced value during the epochs. A substantial decline
in testing loss becomes evident during the first phase and stabilizes through a progressive downward trend until it reaches its lowest point.
The model achieves its lowest generalization point, which exceeds the training loss stabilization point, because of its excellent ability to
predict new data points. The loss values presented in both graphs reveal a gradual decrease through each epoch because the model success-
fully acquires knowledge and proves its success for training and testing data.
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Fig. 5: Original Image and Corresponding Low-Level Segmentation Image.

Each pair in Figure 5 contains both an original photograph and its equivalent low-level segmentation illustration. The originals present
several different images featuring a red car and flowers, a waterfall, followed by a dog in a snow environment. The segmented imagery
illustrates basic outlines of main objects throughout simplified pictures by diminishing other visual elements. The simplified low-level
segmentation helps algorithms to better process shapes and boundaries in visual content. Through this comparison, one can observe how
segmentation transforms complex images into simplified outlines, which demonstrates its strength in image analytical operations.
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Final Segmentation Output
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Fig. 6: Segmenttion Output: Nature.

Figure 6 depicts the nature scene segmentation development through three distinct parts that include the input image and output, along with
markers. The initial image "a" contains a vivid mountain and flower landscape. The model generates a segmentation output that shows the
contours of different elements throughout the image while conserving some part of the original detail.

The segmentation process gets refined through visual indicators called markers (c) that mark regions of interest. Each subsequent row in
the visualization displays an incremental improvement in segmentation quality until the individual scene elements receive optimized bound-
ary recognition. The segmentation techniques successfully separate multiple parts inside complex images through this repetitive method.

Table 1: Performance Evaluation of Proposed and Existing Methods

Methods Accuracy Precision Recall F-measure
RNN 88.2 89.00 88.3 88.39
SVM 94.09 94.89 93.05 94.59
NB 98.6 98.64 98.45 98.39
Proposed 99.30 99.56 99.36 99.39

An evaluation of the proposed and existing methods for segmentation appears in Table 1 using accuracy, precision, recall and F-measure
metrics. The Naive Bayes (NB) method uses traditional methods to bring forth the highest accuracy of 98.6% while performing better than
Support Vector Machine (SVM) and Recurrent Neural Network (RNN). The proposed approach demonstrates the best performance by
achieving an accuracy of 99.30% accompanied by a precision of 99.56% and a recall reaching 99.36%. The improved performance level
demonstrates the proposed method's capability to handle classification tasks effectively. The F-measure outcome reaches 99.39% which
indicates balanced performance across all precision and recall measures. Testing results show that the proposed model performs the best
in present-day segmentation measurements.

An internal ablation investigation examined how Adaptive Cheetah Optimization (ACO) affected the proposed model's performance. We
examined a baseline CNN without optimization, a CNN with manually tuned hyperparameters, and the suggested CNN optimized with
ACO. Despite minor gains from human tuning, the ACO-integrated model outperformed the baseline in accuracy, precision, recall, and F-
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measure. This improvement shows ACO's ability to find optimal parameter combinations, improving segmentation accuracy and model
generalization.

Optimization Convergence Curves
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Fig. 7: Convergence Curve.

Figure 7 shows convergence curves representing different optimization approaches that include Adaptive Cheetah Optimization (ACO)
among them. The minimum fitness values recorded by the Y-axis show how well each algorithm optimizes its problems. The number of
iterations represents the period in which fitness measurements improve. The minimum fitness values decrease consistently through ACO
executions, which confirms its effective optimization capabilities toward finding optimal solutions. Different optimization algorithms
shown in the plot demonstrate changing improvement levels, although ACO consistently leads its counterparts in multiple iterations. The
convergence curve proves that through its comparison with various optimization methods, ACO demonstrates its superiority in reaching
optimal results efficiently.
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Fig. 8: Fitness Improvement Over Iteration.

The fitness enhancement of Adaptive Cheetah Optimization (ACQO) appears in Figure 8 across 100 iterations. The graph shows fitness
values on its Y-axis, which contains performance metrics of the solutions as they evolve throughout the iterations. The x-axis shows the
optimization process through a series of steps. The optimization dynamically alters fitness values through time, which produces occasional
peaks that signal improvements during iterations. ACO demonstrates strong effectiveness in solution optimization through its steady pro-
gress towards higher fitness values. The graph reveals how ACO efficiently handles solution space exploration and exploitation, which
results in stable performance.

4.3. Limitations of the proposed method

The proposed CNN-ACO hybrid model exhibits enhanced segmentation accuracy and robustness across various evaluation metrics; how-
ever, it is essential to acknowledge certain limitations to provide a comprehensive perspective on its practical applicability. One major
concern is the computational intensity associated with the Adaptive Cheetah Optimization algorithm. While ACO improves model conver-
gence and performance through dynamic hyperparameter tuning, its iterative optimization process results in extended training times and
increased resource consumption. This may pose challenges for real-time applications or deployment on low-power devices.

Another limitation lies in the scope of experimental validation. The model has been evaluated exclusively on the BSDS500 dataset, which,
although diverse, may not adequately reflect the complexity of specialized imaging tasks such as medical diagnostics or satellite-based
remote sensing. As a result, the generalizability of the proposed approach to other domains remains uncertain and warrants further inves-
tigation.

The ACO also depends on precise initialization parameters, including population size and the number of iterations. These settings can
influence the stability and reproducibility of the segmentation outcomes. The absence of a formal sensitivity analysis on these parameters
in the current study limits our understanding of the model's robustness under varying optimization configurations.

Finally, the study does not account for adversarial scenarios, such as label noise or input perturbations. Evaluating the model’s performance
under such conditions would offer deeper insights into its reliability in real-world environments, where data imperfections are common.
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5. Conclusion

This research project brought together CNN hybridization with ACO to produce enhanced results for image segmentation accuracy as well
as robustness. The integration of CNN features with ACO adaptive hyperparameter optimization in our method produces a solution that
effectively handles problems such as noise and occlusion, as well as complex backgrounds and data distribution issues. The ACO control
mechanism repeatedly explores different solutions while also exploiting the most promising ones, so it prevents the model from getting
stuck in local optima, thus producing better segmentation results. Our method reaches higher precision and recall levels in conjunction
with better overall accuracy than conventional CNN-based segmentation models, specifically when operating in complex settings. The
research advances image segmentation by combining deep learning with adaptive optimization methods to develop efficient analysis tech-
niques that benefit different computer vision applications. To increase feature extraction in complex images, future research may integrate
attention processes like self-attention or transformer blocks into the model. In medical imaging and remote sensing, multi-modal data, like
depth or thermal imaging, may improve segmentation accuracy. Lightweight ACO variations or hardware-friendly optimization algorithms
may improve the model for real-time or embedded applications. Finally, assessing the impact of input noise and adversarial interference
on the model’s output may uncover potential vulnerabilities and guide improvements in its reliability.
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