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Abstract

Poultry production is very essential across the world and helps to provide high nutrients and
proteins to human beings through meat and eggs. Though the farmers can save money from the
poultry as it needs only a limited amount of resources to feed the chicken, a heavy loss occurs
in the poultry due to the fast spread of disease among the chicken that may not be controlled
by humans. Recently many technologies have been developed to detect chicken disease, but
the technologies faced certain issues such as increased time consumption, inefficient detection,
and so on. To defeat the mentioned challenges, a proposed method named Grey wolf optimized
Deep Convolutional Neural Network (GWO-Deep CNN) is designed to enrich the performance
of research by detecting the disease accurately and further helps veterinarians to diagnose the
disease properly, which reduces the death rate among the chickens in the poultry. The Deep
CNN is utilized effectively to detect the disease accurately and classify the detected disease.
Performance metrics utilized to analyze the performance of the GWO-Deep CNN are accuracy,
sensitivity, and specificity, which attain 0.973, 0.983, and 0.965 respectively.

Keywords: Poultry chicken disease, Grey Wolf Optimization, Deep Convolutional Neural
Network, Structural descriptor, Ranking Approach.

1 Introduction

The world populations obtain enriched food from animals that contain heavy protein and
nutrients. Animal products are helpful for people of all ages to stay healthy in their lives and
satisfy the demands of people throughout the world. Recently a report has been generated to
show the growth of poultry farming worldwide [15]. Poultry farming needs only a limited
amount of resources that consume low money values, which is the main advantage of
increasing poultry farming. Secondly, poultry contributes to all types of climates compared to
cattle farming [29] [4]. The quality of poultry farming is determined by the foods which humans
feed to the animals [1]. A major issue concern in poultry farming is disease, once the disease
affects the poultry it spreads to all chickens resulting in high loss to the farmer, which poses a
danger to human health because the person who takes the meat of the diseased chicken, the
disease in the chicken spread to human [17] [2]. The Spread of disease in the chicken and the
losses are prevented by detecting the chicken sick [16] early by labeling and classifying the
chicken based on their behaviors, so a monitoring system is placed in the poultry [30] [31] [3].
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The video and sound monitoring mechanisms offer many benefits that provide a monitoring
service for 24 hours, which reduces the chicken infection risk. In addition, further, the method
was implemented to classify chicken diseases and identify the severity of the diseases based on
the recognition rate. However, the accuracy of the outcome needs to improve in the research
[18] [2]. Recently, the You Only Look Once (YOLO-V3) object detection algorithm and
ResNet50 image grading model for the detection and classification of poultry disease from
chicken. The designed model was implemented to attain easy access for veterinarians and
farmers in the poultry. However, the system that not tell the type of disease accurately, so the
performing task of the system was not efficient absolutely [1]. In addition, another method
named chicken sound convolutional neural network (CSCNN) recognizes the sound of the
chicken and identifies the healthy and infected chicken. Certainly, the system reduced
redundant information computation and certain noise influences. However, the system that
identified later, so the death rate was raised and the performing task of the method was not
enhanced in the model. The Generative Adversarial Networks (GAN) predict chicken health
by utilizing the classification of machine learning (ML) techniques. The implemented model
provided accurate predictions of the chicken disease, so the performing task of the method was
enhanced in the system investigation [3]. Even though, the system could not predict the disease
of the chicken individually, need certain tools, so the efficiency was reduced in the research.
Along with the feature extraction, the research enables poultry disease detection with the
GWO-Deep CNN model. ResNet-101 is utilized as one of the feature extraction mechanisms
to reduce the percentage of error and enhance the ability of the Deep CNN. Further, the ranking
approach is utilized to prioritize the features in the image and reduce the dimensions of the
image to achieve better performance[34]. A deep CNN classifier is utilized to enhance the
performance and reduce the time during the computational process, and further implementing
the GWO-Deep CNN to provide an enriched efficiency in the research.

» Grey Wolf Optimization: GWO-Deep CNN attains better efficiency by breaking the
complex problem into sub-sections, increasing the performance of the system, reducing
the timing consumption, and reducing the errors.

» Grey Wolf Optimized enabled Deep Convolutional Neural Network (GWO-Deep
CNN): The GWO-Deep CNN method identifies the chicken disease accurately by
recognizing the image for which the features are automatically extracted in the research.
The proposed method provides an effective result that shows whether the chicken is
affected by the disease or not and further classifies the disease detection through the
model.

The system investigation is organized as section, the assessed convolutional techniques in
section 2, the sketch of the disease detection in poultry utilizing GWO-Deep CNN is detailed
in section 3, the result section of the research is detailed in the section 4, and the last section is
referred as a conclusion part in section 5.
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2 Literature Review

Mizanu Zelalem Degu et al. [1] designed a YOLO-V3 object detection algorithm and ResNet50
image classification model for the detection and classification of poultry disease from chickens.
The designed model was implemented to attain easy access for veterinarians and farmers in
poultry. However, the system did not tell the type of disease accurately, so the performing task
of the systematic investigation was in efficient absolutely.

Kaixuan Cuan et al. [2] demonstrated a CSCNN that detected the sound of the chicken through
which the healthy and diseased chicken is identified in the system. In addition, the system
reduced redundant information and certain noise influences. Moreover, the CSCNN detected
the disease later, which resulted in an increased death rate that showed that the performance
was not enhanced in the research.

Ghufran Ahmed et al. [3] implemented GAN to enlarge the dataset, in which the ML
classification was utilized to classify the healthy and unhealthy chickens from the poultry. The
implemented model provided accurate predictions in chicken disease, so the performing task
of the model was enhanced in the research. The system could not predict the disease of the
chicken individually without certain advanced tools that resulted in poor detection
performance.

Suresh Neethirajan et al. [4] utilized Yolov5, which detected the trajectories of the chicken in
the poultry by mapping the designed modules in the system. Similarly, the model could track
the trajectories of multiple chickens, which enriches the ability of the system. The systematic
investigation addressed the challenge as, the model could not predict the disease accurately,
which reduced the efficiency of the research.

Zengxu Song et al. [5] drew out a sandwich enzyme-linked immunosorbent assay (ELISA) to
analyze the risk assessment of the infected chickens. The drawn-out model ensured food safety
after identifying the disease in the chicken that resulted in low-cost production and high
throughput respectively. Similarly, the model's efficiency and accuracy needed to be improved
in the research.

The above review describes that the model implemented till now are not very efficient
to detect diseases in chickens. Therefore, this research focuses on the optimized deep learning
model that will identify the diseases. To optimize the model
Grey wolf optimization is the most widely used metaheuristic algorithm. GWO-Deep CNN
attains better efficiency by breaking the complex problem into sub-sections, increasing the
performance of the system, reducing the timing consumption, and reducing the errors. The
various prior studies that used GWO and deep CNN to diagnose illnesses are described in Table
1.
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Table 1. Various types of Disease ldentification using GWO with Deep CNN

Referenc | Year | Objective | Model Strength Measurement
e
Naik, N. | 2024 Primitive CNN The recognition Accuracy -
K. et.al Indian Paddy rate on a limited 98.50 %
[36] Grain training dataset is Sensitivity -
Identification improved, and 98.50%
2D-DWT Specificity-
enhanced the 99.83%
feature vector's Precosion-
dimension 98.56 %
F1 score of
98.50 %,
Abuya, | 2024 | Lung Cancer | For Model Accuracy 96%
T. K. et Prediction | classificatio | performance
al.[37] n CNN, enhanced by
Random using GWO
Forest (RF),
and
Decision
Trees (DT)
Liu, L. et | 2024 | Skin Lesion | Four distinct | By using GWO Accuracy -88.8%
al [38] Ensemble ensemble effectively avoids | Precision- 83.7%
Classification | strategies the premature Recall-89.7%
convergence F1 scores -86.2%
problem and
improves the
search
combination
efficiency
Sharma, | 2024 Sugarcane | CNN By using GWO, Accuracy -
D. K. et Diseases model 84.74%
al.[39] Detection performance, Precision- 63.63%
improved Recall-93.33%
F1 scores -
75.88%
Sharmila | 2024 | Skin Lesions | CNN The accuracy has | Accuracy -96.5%
, Vet Detection improved using Precision - 97%
al.[40] GWO. Specificity -
96.2%
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Sensitivity -
92.1%
Seetha, J. | 2023 | Mango Leaf | CNN The accuracy has Accuracy -
et al.[41] Disease improved. 96.7111%
Classification Precision -
97.5712%
Recall -
97.1504%
F1 Score -
96.4792%
Bilal, A. | 2022 Diagnose CNN Its capability to Accuracy to
et al.[42] Diabetic ensure rapid 98.33%
Retinopathy. convergence by
balancing
effective
exploration and
exploitation
during the search
process.
Gopatoti, | 2022 | COVID-19 | Deep The model design Accuracy -
A. et Diagnosis Learning is checked for 94.00% for the 4-
al.[43] CNN optimality using class model
the grey wolf Accuracy 97.05%
optimization for the 3-class
technique. model 100%
accuracy for
Model
Gulmez, | 2023 Cotton CNN Model Accuracy- 100%
B. [44] Disease performance
Detection enhanced.
Sallam, | 2022 Blood K-nearest Select useful Accuracy-
N. M. et Diseases neighbors features and 99.69%
al.[45] Detection (KNN), enhance
support performance.
vector
machine
(SVM),
naive Bayes
(NB), RF

Copyright: © 2025. This is an open access article distributed under the terms of the CC BY NC 4.0.

31




Package Printing
ISSN : 0163-9234
Vol. 73 Issue 1 (2026)

Mohaku | 2021 | Skin Cancer | CNN Efficiency has Accuracy-
d, R. et Detection boosted using 98.33%
al.[46] GWO.

2.1 Challenges

e The SVM did not find accurate data with major predictive information about the
chicken, which was relevant to describing the disease in the poultry [26].

e The multi-posture and the multi-behaviour of chicken recognition were not captured
for the diagnosis of disease in the chicken [28].

e The CNN was simple and had high speed in training that detects on type of chicken
disease named avian influenza, the other disease cannot be identified in the research
[2].

e The Deep CNN could not expand the dataset and was not utilized in the stage of
emergency to detect the disease of the chickens [29].

3 Methodology

The target of the research is to detect poultry disease by employing the GWO-Deep CNN. In
the research, the input image is taking over from the Poultry Disease Diagnostics dataset [32]
and the Farm labeled fecal images dataset [33]. The input data is fed into the preprocessing that
improves the image by removing the distortion in the image and ROI extraction extracts the
relevant region of the image. After all the features are preprocessed, the extracted image is
entered into the feature extraction that contains structural descriptor and ResNet-101 that
defines the structure and extracts the image based on the relevant features for further process.
Then the extracted feature of the image passes into the Ranking approach which acts as the
feature selection process and reduces the dimensions of the image to improve the performing
task of the image. Finally, the image passes into the GWO-Deep CNN that minimizes the
computation, classifies the image with high accuracy, and detects healthy and sick chickens in
poultry. The detailed description of the systematic investigation is sketched out in Figure 1.
3.1 Input Image

The fecal input image is fetched from the poultry disease diagnostic dataset [30] and Farm
labeled fecal images [31]. The dataset includes 6812 files, organized as four classes of disease
stored in four categories, which are labeled in accurate order. The input image is represented

ass,,
S={S,,S,srrsSyrerens S | (1)

where, S, is represented as the input image in the dataset S, S is represented as the total

number of inputs in the dataset.

3.2 Preprocessing

The image is efficiently improved in the preprocessing by enhancing the features and
eliminating the distortions [6]. The ROI extraction is utilized to extract the significant region
in an image [7].
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The preprocessing is symbolized as S™ .

Feature Extraction
Preprocessing

Structural Descriptor

ROI Extraction

- Method // Reshet

- TrainedModel Grey Wolf optimized Deep Ranking
Convolutional Neural Network . Approach

Qutput detected

Figure 1. Block Diagram of GWO-Deep CNN

3.3 Feature Extraction

The selected relevant information of the feature extraction is viewed in an image and reduces
the dimensionality of the image [8]. The feature extraction process includes structural
descriptor and ResNet-101 that are described below,

3.3.1 Structural Descriptor

Structural descriptors are utilized to define the structures that are grouped to identify the
majority of the sub-parts, which have a similar structure and spatial distribution [9].

3.3.1.1 Local Binary Pattern (LBP)

LBP is utilized in the image feature extraction to produce a better statistical texture of an image.
The distinct shaped images are captured with different orientations that hold the inter-class
variations, which are reduced here to obtain the précised image [11]. LBP is calculated [22] as
follows,

o

-1
Cun=.9S
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. 1y=>0
S, (y):{oyy<0}

3)

where, d,is the central pixel gray value, d, is the neighbor's value, M is represented as the
total number of the neighbors involved, N is represented as the neighbor radius, 2°is the
binomial weight, and C,,  is the output of LBP.

3.3.1.2 Canny Edge

The canny edge detection algorithm smoothens the image by utilizing a Gaussian filter and
reduces the noise effect by calculating the image to obtain the edge response. The gradient of
the image is calculated by obtaining the neighboring area of the image [12]. The canny edge is

calculated below as [23],
y__ 1 exp| - u? +v? .
21—[0_2 20_2 ( )

where, v is the vertical axis distance from the origin and u is the horizontal distance from the

origin of the image S, . o is represented as the Gaussian distribution standard deviation, and

Y is represented as output of a canny edge.
The LBP and Canny edge are concatenated to form a structural descriptor, which is calculated
as, SD, as follows,

SD=[Cyn [IY] (5)

3.3.2 ResNet-101
The feature extraction is further obtained through the ResNet 101 model, which contains 101
convolutional layers [19]. Initially, the resolutions are reduced to extend the channel and then
perform further process [21]. ResNet-101 is utilized numerous of filters to capture expensive
features and the convolutional layers, then the parameters are reduced on the edge region. To
avoid the missing image features, the influence of the noise is reduced from the background
[20]. In addition, the ResNet 101 decreases the difficulties that are faced at the time of training
and to define the identity mapping [10]. The outcome of ResNet 101 is determined as, RS .
Finally, the features obtained from the Structural descriptor and ResNet-101 are combined to
produce feature vector, which is described as,
DE =[SD||RS |

(6)
3.4 Ranking Approach as Feature Selection
The ranking approach acts as the feature selection mechanism to reduce the feature dimensions
of the image by utilizing the final feature vector. In addition, the ranking approach easily
separates the positive and negative values by minimizing the feature vector dimensionality and
boosting the performance of the classification [13].

F= {DE/ }[AxB] @)
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Where, DErepresents the features that are extracted from the structural descriptor, and ResNet
101 in the fecal images, v*" represents the obtained fecal image.

AB(DE,) = X{DE, (k,t)}, _ @®)

where, kand t represent the vector features, and X {DE, (k,t)} represents the integrations

of different features DE shown in equation (6), the combinations of feature are elaborated as,

AB(DE, _{DE,"?,DE,",...,DE,*',DE,**,.., DE,*', DE,, 32,..,DE,,Z3’}] ©)

The equation (8) is generalized as,
}(Zvy:1,2,..e)&z¢z

yz
AB(DE,) = {DE," |/’ 0
To establish the classification model maximal score is selected for the feature combination.
The combination of the features is passed into the Deep CNN classifier and produces the
outcome as, J

1,2,3....e

rank=Max(J, , ) (11)

The above-mentioned equation (10) represents the ranking-based feature selection.

3.5 Poultry disease detection using GWO Deep CNN

The poultry disease detection utilizes GWO Deep CNN to attain accurate detection with highly
efficient classified outcomes. In addition, Deep CNN captures the image automatically for
detecting the disease in the chicken [25]. Deep CNN has multiple layers, which are utilized to
process the extracted features that consume only very less power during the time of the
computational process [24].

Dense

Dropout

Input image

s
~d.
=
- -

(1x28x28x4) (50176x100)
(4x28x28x064)  (64x50176)

(28 x 28 x1)

Figure 2. Architecture Diagram of Deep CNN
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Deep CNN contains a multi-convolutional layer, initially, the feature vector input size is (
1x28x28x1) fed into the convolutional layer, and the block contains seven convolutional

layers along with max-pooling that extracts the feature vector[35]. Then the feature vector
passes into the max pooling with the size (1x28x28x4) that reduces the dimensions by

selecting the maximum value from the region. The output of the max pooling layer of size
[1x 28x 28 x 64] is passed as an input into the flatten layer that extracts the spatial features

from the layer which are connected fully, with the size of the output (1x50176). At last, the

result of the flattened layer pass into the dense layer, the dense layer that classifies the disease
and the layer produces an efficient output size (1x100).

3.6. Grey Wolf Optimization
Grey wolf characteristics such as tracking, encircling, and attacking prey, are well-trained to
attain the best-performing task in the CNN classifier. The GWO addresses certain advantages
collate with other quality mechanism such as which mimic the effective hunting techniques of
a pack and fewer parameters are present so it is easier to implement the techniques rapidly.
3.6.1 Inspiration
Tracking, encircling, and attacking are the characteristics [14] of the grey wolf, belonging to
the Canidae family. The grey wolf lives as a pack, average size is 5-12. Grey wolf allot a leader
for themselves; leaders are male and female, named as alphas. In addition, the grey wolf makes
decisions only by considering the alpha about sleeping, hunting, and so forth. The other name
of the alpha wolf has the power because the entire wolf in the pack should follow the alpha
wolf command. The second category of grey wolf is a subordinate wolf that helps in the time
of decision making, named as beta. Simultaneously, the beta conveys the commands of alpha
to the entire pack and provides reviews about the command. The last level of grey wolf ranking
is omega which is considered as the last wolf that plays the character of scapegoat. If any of
the wolf is not in the mentioned three groups then the wolf is named as a delta that dominates
the omega. In the case of any danger that occurs in their regions, scouts warn the pack because
scouts are responsible for taking care of the boundaries. Hunters in the pack help to hunt the
prey and provide food to the pack. The Caretaker’s wolf cares for the weak wolf in the pack.
Thus, the solutions of the optimization are elaborated as follows,
Initialization
The weight and bias of the initialization are mentioned below:
z=[,5]

(12)
where, ¢,0 describe the bias and weight.
Declaration of an Object function
Obiject function declares maximization function to the utilized optimization. Object function is
denoted as I,

I = Max(Accuracy)

(13)
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Solution update

The updated solutions as per the behavior of hunting and attacking characteristics of the grey
wolf, are described below,

Search for prey

Grey wolf search for prey according to their position, |R >]J and grey wolf force the prey and
identify the prey, which is fitter respectively.
GH = \Aéz (i) - B(i)\
(14)
B(i+1) =B, (i) — AGH
(15)
where, 1 represents the iteration in current, Rand Aare the vector coefficients, g, is the vector
position of the prey, GH is described as the solution position, and B describes vector grey wolf
position.
The vectors R Aare calculated below,
R=24.,-q (16)
A=20, (17)
where, § is linearly minimized from 2 to O over the iteration of the course, and o,, 0, are the
random vectors in the range [01].

GH, =|A B, -8,GH, =|4,8, ~BGH, =|A.B, - B (17)
B, =B, -R.(GH,)B,=B,-R,(cH,) B, =B, -R,-(A,) .
B(i+1)= B, + iz +B, .

Attacking Prey
To attack the prey certain conditions are followed, which force the wolf to perform a hunt. The
position of the search agents is updated by the position of alpha, beta, and delta. The condition

IR|>1 of the grey wolf forces prey that find the fitter prey hopefully.

4 Results and Discussion

The paper implements the GWO-Deep CNN for poultry disease detection and the main purpose
of the model that enrich the accuracy. The section mentioned the estimation of the result of
poultry disease detection in the Deep CNN optimizer.

4.1 Experimental setup

Experiment is implemented in the Python software of the system configuration of Windows 10
and the storage capacity is concerned with 16 GB ROM.

4.2 Dataset Description
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The poultry Disease Diagnostics [32] and Farm labeled fecal images [33] are employed in the
systematic investigation of poultry disease detection with GWO-Deep CNN. The images
contain the healthy and coccidiosis disease captured in the poultry farms. The chicken disease
named salmonella is captured from the poultry farm after spreading for 1 week. Another disease
named Newcastle that captured within three days.

4.3 Experimental analysis

The results image of the systematic investigation is described below in Figure 3,

"‘\

Original preprocessed ~Canny LBP LBP+  ResNet101 Output
& ROI Canny

Figure 3. Experimental Results of GWO-Deep CNN in Chicken Poultry Disease Detection

4.4 Performance Metrics
The outcome performance metrics are described below.
Accuracy: The exact disease image is identified in the systematic investigation and is
mentioned as(A).
Qp +Qu
Qp +Qu +Qyp + Qs (20)

where, Q_represent the true positive, Q, represent the true negative, Q, represent the false

positive, and Q, represent the false negative.

Sensitivity: The sensitivity evaluates the capability to detect the poultry disease in all
categories and which is mentioned as (W ).
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We e (21)
Qtp + an

Specificity: The specificity evaluates to detect appropriately and provides the outcome which

is represented negatively in the model and which is mentioned as(K ).

K — Qtn
Qtn +pr ,

(22)
4.5 Comparative Evaluation
The GWO-Deep CNN model concerns the metrics and comparatively evaluated and shown
respectively. The GWO-Deep CNN model compare with the existing methods such as Support
Vector Machine (SVM), Convolutional Neural Network (CNN), Deep Neural Network (DNN),
DenseNet, and Deep Convolutional Neural Network (Deep CNN)
4.5.1 Comparative evaluation of Farm labeled fecal images with TP
The chicken disease detection with the GWO-Deep CNN model is utilized in the farm-labeled
fecal dataset and is compared with the existing mechanisms. The accuracy of the model is
improved by 3.29%with the SVM, and 4.52% with CNN. The model’s sensitivity is improved
by 3.56% with the CNN, and 2.44% with DNN with the previous method. The specificity of
the model is improved by 15.03% with the Dense Net, and 4.25% with Deep CNN with the
traditional method. The figure 4 represents the comparative evaluation and placed absolutely.
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0.2 mm SVM = DenseNetModel 0.2
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Figure 4. Comparative evaluation with Form labeled fecal images

4.5.2 Comparative Evaluation of Poultry Diseases Diagnostics fecal images

The comparative analysis of the poultry chicken disease detection with the GWO-Deep CNN
model is utilized in the Poultry Disease Diagnostics dataset of a TP. Accuracy of the model is
improved by 1.03% with SVM, and 2.78% with CNN. The model’s sensitivity is improved by
0.41% with the DNN, 1.12% with CNN, and 3.76% with DenseNet. The specificity of the
model is improved by 7.40% with CNN, and 3.13% with Deep CNN with the previous method.
The comparative analysis of the K-fold is measured in Figure 5.
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Figure 5. Comparative evaluation of Poultry Disease Diagnostic
4.6 Comparative Discussion
The GWO-Deep CNN model is utilized to compare with the existing techniques, the SVM [26]
cannot able to provide an accurate disease detection outcome when the dataset is large in the
research. The CNN [27] needs much time for training and produces the disease detection
outcome as slow. The DNN [4] needs a high amount for the training process. The
DenseNetModel [28] requires numerous parameters to become expensive. The Deep CNN [29]
considers only the feature detail as an input. The comparative discussion of GWO-Deep CNN
is employed in Table 1.

Table 1: Comparative discussion of the GWO-Deep CNN model

DenseNe | Dee GWO-
Analysis/Methods SVM | CNN | DNN P1 Deep
tModel CNN
CNN
Accuracy | 0910 | 0937 | 0929 | 0941 | 0946 | 0.973
Farm
labeled | Sensitivity | 0.939 | 0959 | 0948 | 0965 | 0973 | 0.983
Fecal SoeciTict
Dataset | “PMY | 0800 | 0896 | 0.845 | 0921 | 0924 | 0.965
TP
Accuracy | 0.906 | 0961 | 0944 | 0961 | 0965 | 0.975
Poultry
D'Szase Sensitivity | 0.948 | 0981 | 0974 | 0983 | 0.984 | 0.985
Diagno
stics | Specificity | 0.810 | 0921 | 0.888 | 0921 | 0.929 | 0.959
Dataset
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5. Conclusion

The GWO-Deep CNN model is proposed to perform efficient detection of chicken disease from
the fecal image dataset. The model performs the accurate detection in the poultry chicken with
decreased time consumption, which leads to a decrease death rate of the chicken in the poultry.
The feature extraction process contains a structural descriptor and ResNet-101 to extract the
significant region for further process. The ranking approach is involved in the feature selection
to reduce the feature dimensions extracted in the image. GWO-Deep CNN minimizes the
complexity, classifies the image with high accuracy, and detects healthy and sick chickens in
poultry. The performance metrics such as accuracy, sensitivity, and specificity are utilized to
analyze the GWO-Deep CNN that attains 0.973, 0.983, and 0.965 progressively. Furthermore,
hybrid optimization can be utilized to produce the outcome of the research efficiently.

6. Future Work

A potential future direction for this research is to investigate additional Deep learning
techniques or hybrid models that combine different algorithms to further enhance the accuracy
of chicken diseases diagnosis. The researchers could aim to expand the dataset used for training
these models by including a wider range of patient demographics, tumor characteristics, and
imaging modalities. This approach could lead to the development of more robust and
generalizable diagnostic models that perform effectively across diverse populations and
imaging techniques.
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