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Abstract

The progress in artificial intelligence (Al) technology has
led to substantial transformations in several areas,
particularly in image recognition and classification.
Convolutional neural networks (CNNs) are widely
recognized as powerful methods in the field of digital
image processing, particularly for tasks involving pattem
recognition and image classification. CNNs extract
essential features from images through convolution and
pooling operations, followed by fully connected layers
that produce classification output. This research aims to
train a CNN model to classify animal images into
categories suchas cats, rabbits, cows, chickens and others.
Image classification is crucial for practical applications,
including image database management, visual search, and
automated recognition systems. Using a labeled dataset,
the CNN modelis trained to recognize and classify images
based on distinctive visual features characteristic of each
category. The training process involves data
preprocessing, network architecture implementation, and
hyperparameter optimization. Model performance is
evaluated using metrics like accuracy, precision, recall,
and F1-score to ensure accurate and reliable classification
results. Result concludes that CNN is a highly effective
approach for classifying animal images, achieving a loss
rate of 0.1949 and an accuracy of 95.45%.

Keywords: Convolutional Neural Network, Image
Classification, Animal Recognition, Deep Learning,
Model Evaluation Metric.
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Introduction

The progress in artificial intelligence (Al)technology has led to substantial transformations
in several areas, particularly in image recognition and classification. Utilizing convolutional neural
networks (CNN)stands out as one of the most efficient methodsin digital image processing (Lecun
et al.,, 1998). CNN is a type of neural network architecture specifically created to handle grid-
structured data, such as images, and has proven to be superior in various tasks involving pattern
recognition and image classification (Scott et al., 2022).

CNN functions by extracting key features from images through a sequence of convolution
and pooling operations, this is followed by fully connected layers that generate the classification
output. The strength of CNNs is their capability to autonomously learn and identify intricate
patterns within images, eliminating the necessity for complex manual feature extraction. This
capability makes CNN a top choice for various applications, from facial recognition and object
detection to image classification (Kong et al., 2019).

This research aims to train a CNN model to classify animal pictures into several categories,
such as cat, rabbit, cow, chicken and others. Image classification is a crucial task in many practical
applications, including image database management, visual search, and automated recognition
systems. Using a labeled image dataset, the CNN model will be trained to recognize and classify
images based on distinctive visual features characteristic of each category (Divya Meena &
Agilandeeswari, 2019).

The training process of a CNN model involves several stages, starting from data
preprocessing, such as image normalization and augmentation, to the implementation of the
network architecture and hyperparameter optimization (Pravin et al., 2023). Moreover, model
performance is assessed using metrics such as accuracy, precision, recall, and F1-score to ensure
the model delivers accurate and reliable classification results.

This research aims to develop a CNN model that can achieve precise image classification
with high accuracy, providing further insights into the effectiveness and efficiency of CNN in
image recognition and classification tasks. The findings of this study can be utilized across
multiple sectors including security, healthcare, transportation, and creative industries, all of which
demand rapid and precise image recognition technology.

Literature Review

1. Convolutional Neural Networks (CNN)

CNN have become one of the most powerful tools in image recognition and classification
(Natarajan etal., 2023). CNN have been utilized across diverse domains, such as facial recognition,
object detection, and image classification. This research reviews the literature related to training
CNN models to classify animal images into several categories, such as cats, rabbits, cows,
chickens, and others (Norouzzadeh et al., 2018).

2. Convolution and Pooling in CNN

CNNs utilize convolution operations to extract important features from images. In their
paper introducing AlexNet, (Krizhevsky et al., 2017) demonstrated that the first convolutional
layer acts as an edge detector, while deeperlayers identify more complex features. Pooling, usually
max-pooling, is employed to decrease the dimensionality of features, aiding in the reduction of
overfitting and improvement of computational efficiency (Humayun et al., 2022).
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3. Network Architecture

Since AlexNet (Mittal et al., 2023), various CNN architectures have been developed to
enhance accuracy and efficiency. VGGNet proposed the use of small (3x3) convolutional layers
repeatedly to deepen the network. Meanwhile, GoogLeNet introduced the Inception module,
which allows for the parallel use of filters of different sizes (Prasetyo, 2022). ResNet introduced
skip connections to address the issue of vanishing gradients, allowing the training of extremely
deep networks (Martija et al., 2020).

4. Training Dataset

The success of CNN models heavily relies on the dataset used for training. Large datasets
like ImageNet have become the standard for training and testing CNN models (Rabah, 2021). For
this research, a combination of existing datasets covering more than three animals based on the
previous ones can be utilized.

5. Data Augmentation Techniques

Data augmentation is a method employed to enlarge and diversify training datasets without
the need for additional data collection. Methods such as rotation, cropping, adjusting brightness,
and flipping are utilized to enhance the robustness of models against variations in images. Show

that data augmentation can greatly improve CNN model performance by decreasing overfitting
(Shorten & Khoshgoftaar, 2019).

6. Optimization and Training

During the training of CNN models, parameters are optimized using methods such as
stochastic gradient descent (SGD) and more recent variations like Adam (Kingma & Ba, 2017).
Research by (Wilson et al., 2017) compared different optimization algorithms and concluded that
the selection of algorithms has a notable effect on both the convergence and ultimate performance
of the model.

7. Performance Evaluation Model

CNN model performance is assessed using metrics like accuracy, precision, recall, and F1-
score. Furthermore, a confusion matrix is employed to provide a detailed view of classification
errors. Research by (Tharwat, 2021), provides a comprehensive guide on the interpretation and
usage of evaluation metrics in the context of classification.

8. CNN Applications in Image Classification

The application of CNNs in image classification spans various domains. In the field of
biology, CNNs have been used to classify plant species based on leaf images (Abady et al., 2024).
In the automotive industry, CNNs are utilized to recognize vehicle types and models from road
images (Lee et al.,, 2018). The use of CNNs in animal classification has been researched by
(Norouzzadeh et al., 2018), demonstrating high performance in recognizing animal species from
wildlife images.

Research Methods

1. Data Collection
The data for this study will be sourced from publicly available categorized image datasets.
These datasets include ImageNet, a vast collection with millions of images organized into
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thousands of classes and also encompass small images (32x32 pixels) from diverse categories.
Additionally, Kaggle datasets will be used, specifically those available on the platform for plant
images.

Collect data representative of the animals to be collected. This data can be numeric features
based on the symptoms being examined such as body size, weight, tail length, colour, or even
features extracted from animal images using methods such as Convolutional Neural Networks
(CNN).

Images will be collected from the aforementioned datasets and organized into main
categories: cat, rabbit, cow, chicken and others. Each category will contain at least 872 images to
ensure diversity and balance in the data.

AnimalName symptomsl ymptoms2 ymp symptoms4 symptomss Dangerous
Dog Faver Diarrhea Vomiting Weight loss Dy i Ys
Dog Fever Diarrhea Coughiny Tiredness Paing Yes
4 Dog Fever Diarrhea Coughin, Vomiting Anorexia Yes
5 Dog Fever Difficulty breathing Coughin, Lethargy Sneezing es
& Dog Fever Diarrhea Coughing Lethargy Blue Eye es
&7 cat Fatty stool Diarrhea Vomiting Weight loss Pain fes
&8 cat Nausea Loss of appetite Vomiting Firm Distended stomach Yes
&9 cat Fever Swelling in the bite area Lethargy Limp Pain Yes
0 cat Fever Loss of appetite Eyeproblem Liver disease Nuerological Yes
cat Fever Mild sneezing Coughing Nasal Ocular discharge Yes
Rabbit iate death Difficulty in breathing Blue colored lip Bloody discharge Neurologic it Yes
Rabbit Fever Pox lession on skin Skin reashes Nasal discharge Mortality varies Yes
Rabbit Red on affected area Horry growth Wart-like growth Red skin Lesions on ear Yes
Fabbit Fover Chills Skin ulcer Exhaustion Swollen and painfull Yes
82 Rabbit Watering Diarrhea Depression Emaciation Ruffled Coat Lethargy Yes
83 cow loss inweight emaciation lozs of appetite Weakness diarrhoea Yes
B4 chicken loss of appetite diarrhea swollen purple wattle Swollen comb Lameness. Yes
chicken loss of appetite diarrhea ruffled feathers Weight loss Inability to absorb nutrients fes
86 chicken egg production decreases stunted growth Blindness Distinctive bumps Facial swelling Yes
a7 chicken loss of appetite thirst ruffled feathers Closed eyes Diarrhea Yes
&8 cow Fever weakened legs los of the ability to walk Mammary glads Fluit filled blisters Yes
89 cow Fever weakened legs los of the ability to walk Weight loss Lameness Yes
cattle abortion at the end of gestation Fatigue weak calves Join pains Swelling of internal organs Yes

Figure 1. Data Collection

2. Data Preprocessing

Missing data is managed through imputation or deletion methods, depending on the
characteristics of the dataset. Imputation is done by replacing missing values using the median or
mean of the respective columns. Deletion is applied if the amount of missing data is insignificant
or if imputation is not possible. After that, removing Irrelevant Columns such as "animal name"
containing unimportant string data is removed to ensure efficient data clustering. Removing
unnecessary columns is an important step in preprocessing to improve the accuracy of clustering
results. Then, Data is normalized to ensure that each attribute has the same scale, so that no
attribute dominates the clustering. Normalization is done with Min-Max Scale or Z-score. Some
attributes are transformed to improve data distribution or reduce skewness, such as by using log
transform or square root transform.

Including Images will be inspected to ensure they match the predefined categories. Blurry,
damaged, or miscategorized images will be removed. Subsequently, the data will undergo
normalization by scaling their pixel values to the range [0, 1], achieved by dividing the pixel values
by 255. Augmentation techniques like rotation, flipping, zooming, and brightness adjustment will
be utilized to increase the variety of training data and mitigate overfitting.

3. CNN Architecture
Convolutional Neural Network (CNN) is a deep learning model tailored for processing
structured grid data, such as images. CNNs excel in tasks like image classification, object
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detection, and various computer vision applications. The typical CNN architecture includes the
following layers:

e Input Layer: This layer stores the original pixel values of the input image. In the case of a
colour image, it typically consists of three channels corresponding to the RGB colour
model.

e Convolutional Layers: These layers use a series of filters (kernels) on the input image.
The filters move across the image, performing convolution operations to generate feature
maps. These feature maps assist in identifying elements like edges, textures, and patterns
within the image. The convolution operation is defined by equation (1).

I*K)(i,j) =X, 2,1 +m,j+n)K(m,n) (D)

I = Input matrix (for example, image).

K = Kernel or filter, which is a small matrix used to detect certain features.

i, j = Coordinates of the output element.

m,n = Index used to explore elements of the kernel.

Yom 2 = The addition operation is performed on all kernel elements.

[(i +m,j + n) = The pixel value of the input at the position offset by m and n.
K (m,n) = The value of the kernel element at position m, n.

e Activation Function (ReLU): The Rectified Linear Unit (ReLU) activation function is
employed to incorporate non-linear properties into the model, improving its capacity to
capture complex patterns effectively, while ensuring originality. ReLU is defined as
equation (2).

f(x) = max (0,x) @)

x = Input value provided to the activation function.
f(x) = Resulting value from the ReLU activation function.

e Pooling Layers: These layers reduce the spatial dimensions (width and height) of the
feature maps while retaining essential information and reducing computational
complexity, thereby avoiding plagiarism. The most typical type is Max Pooling, where
the maximum value within a set of values in the feature map is selected.

e Fully Connected (Dense) Layers: following multiple convolutional and pooling layers,
the output is flattened into a one-dimensional vector and then processed through one or
more fully connected layers. These layers are employed to conduct classification using
the features extracted by the convolutional layers.

e Output Layer: This layer generates the final predictions, usually employing a softmax
activation function for multi-class classification tasks. The softmax function transforms
the output scores into probabilities, show as equation (3).
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softmax(z;) = ;le] 3)
J

z; = Input score from class to-i.
e”t = Exponentiality of the input score.
2.; e?i = The summation of all exponential input scores for all classes ;.

4. Visualization Data

In the context of a 3 dimensional visualization, three attributes from the animal dataset (for
example, weight, body size, and tail length) are assigned to the X, Y, and Z axes, respectively.
Each point within the 3D space represents an individual animal. Subsequently, the animals are
categorized into distinct clusters, with each cluster visualized using a different color to enhance
differentiation. Furthermore, the centroid of each cluster is illustrated as an enlarged point or
marker positioned at the center of the respective cluster (Yuni K, K. C., Hidayat, N., & Musfiroh,
A., 2025)..

5. Performance Evaluation

The model's performance will be assessed using defined metrics such as Accuracy,
Precision, Recall, and F1-Score. Accuracy represents the ratio of correct predictions to total
predictions. Precision, Recall, and F1-Score will be utilized to evaluate the model's performance
across each category. The trained model will be tested using testing data to evaluate its actual
performance beyond the training data (Rahman, H., Abidin, R. Z., & Hidayat, N., 2025).

Results and Discussion

1. Classification Report

This study reveals the results of implementing a transfer learning-based image classification
system to distinguish various animal species into appropriate categories. Through the use of
separate test datasets, our model achieved an average accuracy of 95%, demonstrating robust
capability in recognizing unique characteristics of each species. This can be observed in Figure 1.

Figure 1. Classification Report Results

2. Model Training and Validation Results
Throughout training, the CNN model underwent 50 epochs using a batch size of 32. The
training results are shown in Figures 2. It was found that the loss value was minimal, with an
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accuracy of. The chart below shows the evolution of accuracy and loss on both training and
validation data throughout the training process.

1

Figure 2. Training Results 50 epochs

Next, the model was trained to classify animal images into several categories. The model
training ran for 50 training epochs. The training results are shown in Figure 3. It was found that
the minimal loss value was 0,1949, with an accuracy of 95,45%.

Training and Validation Loss Training and Validation Accuracy
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Figure 3. Graph of Loss and Accuracy Values Against Training and Validation Epochs
Conclusions and Practical Implication

Conclusion

This study demonstrates that CNN is a highly effective approach in addressing the
classification of animal images. With a loss rate of 0.1949, CNN significantly reduces errors in
predicting animal categories, showcasing its ability to comprehend and utilize crucial features
from images. An accuracy of 95.45% confirms that this model excels in identifying and classifying
different animals.

These findings not only validate the reliability of CNN in image classification tasks but also
highlight its potential applications in various contexts, including livestock monitoring, wildlife
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conservation, and image recognition technologies. Nevertheless, challenges remain, such as
adapting to variations in poses, lighting conditions, and diverse backgrounds in images.
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