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Abstract  

Animal recognition has emerged as a non-invasive approach that is increasingly adopted in various applications, 

including smart farming and image-based animal identification. This study proposes a Convolutional Neural 
Network (CNN)-based animal recognition system for classifying two companion animal species, namely cats and 

dogs. The experiments were conducted using the Kashtanka Pets (Animal Recognition) dataset, which consists of 
400 images, including 200 cat images and 200 dog images. Prior to model training, the dataset underwent several 

preprocessing steps, including image resizing, pixel value normalization, contrast enhancement, and image 

augmentation to improve data diversity and reduce the risk of overfitting. The proposed model employs a transfer 
learning approach using the NASNetMobile architecture as the feature extractor, followed by a customized 

classification head for binary classification. The network was trained using the Adam optimizer with the categorical 
cross-entropy loss function and evaluated using accuracy, confusion matrix, precision, recall, and F1-score. 

Experimental results demonstrate that the proposed model achieved an overall test accuracy of 70%, while 
maintaining relatively balanced precision, recall, and F1-score across both classes. The confusion matrix analysis 

further indicates that misclassification errors were distributed relatively evenly between the cat and dog classes.The 
findings suggest that the transfer learning-based CNN is capable of effectively extracting discriminative visual 

features for animal recognition, although there remains considerable room for improving classification performance. 

Therefore, the proposed approach provides a promising foundation for the development of more robust image-

based multi-species animal recognition systems. 

Keywords: Animal Recognition, Deep Learning, Convolutional Neural Network (CNN), Transfer Learning, 
NASNetMobile 

 

1. Introduction 

Recent advances in computer vision and deep learning have significantly improved image analysis 

capabilities, enabling the development of automated animal recognition systems. These technologies have been 
widely adopted in applications such as smart farming, wildlife conservation, and non-invasive animal monitoring, 

where accurate identification is essential for effective population management and health assessment [1]. 

Compared with conventional identification techniques, image-based animal recognition offers a more efficient, 
scalable, and sustainable solution by eliminating the need for direct physical interaction with animals. Traditional 

animal identification methods, including ear tags, tattoos, and microchips, present several limitations. These 
approaches are susceptible to marker loss, require relatively high installation and maintenance costs, and may 

cause stress or discomfort to animals during the identification process [2]. Consequently, image-based animal 
recognition has emerged as a promising non-invasive alternative that provides safer, more efficient, and cost-

effective identification for various livestock management and wildlife monitoring applications [3]. 
Despite these advantages, automated animal recognition remains more challenging than human recognition 

because of the substantial morphological variations among animal species. Differences in body shape, fur texture, 
coat color, and anatomical structures, together with uncontrolled environmental conditions such as illumination 

changes, animal movement, background complexity, and viewpoint variations, considerably increase the difficulty 
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of extracting discriminative visual features [4]. These challenges limit the effectiveness of traditional handcrafted 

feature extraction methods, which often fail to capture the complex and non-linear visual patterns present in animal 
images [5].  The rapid advancement of deep learning has established Convolutional Neural Networks (CNNs) as 

one of the most effective approaches for animal recognition tasks. CNNs automatically learn hierarchical feature 
representations directly from raw images, enabling the extraction of low-level textures as well as high-level 

semantic features without manual feature engineering [6]. Numerous studies have demonstrated that CNN-based 
models outperform conventional machine learning approaches by providing greater robustness to variations in 

illumination, pose, and background while achieving superior classification performance across diverse image 

recognition tasks [7]. 
CNN-based animal recognition systems have recently been incorporated into numerous practical applications, 

including animal health monitoring, behavioral analysis, individual tracking, and camera-based population 
management. Modern smart farming and wildlife conservation systems increasingly rely on deep learning models 

to perform real-time animal recognition without requiring additional sensors or physical identification devices [8]. 
This capability improves operational efficiency while reducing maintenance costs and minimizing animal 

disturbance, making image-based recognition an attractive solution for intelligent livestock and conservation 
management [9]. Although CNN-based animal recognition has achieved encouraging performance, existing studies 

are predominantly designed for specific animal species or application domains, limiting the generalizability of the 

developed models to other species [10]. To address this limitation, the present study employs the Kashtanka Pets 
dataset, which contains images of two companion animal species—cats and dogs. The substantial visual differences 

between these species provide an appropriate benchmark for evaluating the effectiveness of CNN-based feature 
learning in inter-species recognition tasks. 

This study proposes an animal recognition framework based on a Convolutional Neural Network using transfer 
learning with the NASNetMobile architecture. The proposed model is designed to accurately classify cat and dog 

images while maintaining robustness against visual variations. The findings are expected to contribute to the 
advancement of computer vision technologies for intelligent animal recognition, with potential applications in smart 

farming, wildlife conservation, and image-based animal monitoring systems [11]. 

 

2. Methods 

This study develops an animal recognition model through two primary stages: the training phase and the 
testing phase. The proposed methodology follows a standard deep learning pipeline for image classification using 

a Convolutional Neural Network (CNN), consisting of image preprocessing, data augmentation, feature extraction, 

model training, and performance evaluation [10].  

 

Figure 1. Workflow of the proposed animal classification model based on transfer learning using the 

NASNetMobile architecture 
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During the training phase, the animal images undergo a series of preprocessing operations to ensure consistent 

image quality and standardized input dimensions. Data augmentation techniques are subsequently applied to 
increase dataset diversity, thereby improving the model's robustness and reducing the risk of overfitting by 

exposing the network to a wider range of visual variations [3].  Feature extraction is then performed using a 
transfer learning approach based on the NASNetMobile architecture, which automatically learns hierarchical visual 

representations, including texture, shape, and other discriminative characteristics relevant to animal recognition 
[12]. The testing phase employs previously unseen images that are excluded from the training process to evaluate 

the model's generalization capability. This evaluation assesses the robustness of the proposed model under varying 

visual conditions and determines its effectiveness in recognizing different animal categories, consistent with 
established evaluation protocols for image-based animal recognition systems [15].  

Fig. 1. Overall workflow of the proposed animal recognition system based on transfer learning using the 
NASNetMobile architecture. The framework consists of two main stages: (a) the training phase, including image 

preprocessing, data augmentation, feature extraction, and model training, and (b) the testing phase, where unseen 

images are classified and evaluated using accuracy, precision, recall, F1-score, and the confusion matrix.  

2.1 Dataset 

The dataset used in this study is the Kashtanka Pets (Animal Recognition) dataset, a publicly available 

benchmark containing images of companion animals, specifically cats and dogs. This dataset was selected because 
it provides substantial variations in pose, illumination, viewing angle, and fur texture, making it suitable for 

evaluating the robustness and generalization capability of convolutional neural network (CNN)-based animal 
recognition models [1]. A subset consisting of 400 images was employed in this study, including 200 cat images 

and 200 dog images. To ensure input consistency, all images were resized to 256 × 256 pixels, following a 

standard preprocessing procedure widely adopted in contemporary deep learning studies [13]. The dataset was 
then divided into training, validation, and testing sets with a ratio of 240:64:80, corresponding to 60%, 16%, and 

20% of the total dataset, respectively. The training set was used to optimize the network parameters, the validation 
set was utilized to monitor the training process and mitigate overfitting, and the testing set was reserved for 

evaluating the model's generalization performance on previously unseen data [7]. Representative examples of the 
animal images used in this study are presented in Table 1. 

Table 1. Examples of the images in the Kashtanka Pets Dataset 

No. Images Class 

1 

 

Cat 

2 

 

Dog 

 

2.2 Image Preprocessing 

The image preprocessing stage was performed to improve image quality and ensure that all input data were 
standardized before being used for model training. This step is essential because variations in image resolution, 

illumination, and object pose can significantly affect the feature learning capability and classification performance 
of Convolutional Neural Networks (CNNs). 

2.2.1 Image Resizing 

Image resizing was performed to standardize the dimensions of all input images prior to model training. In 
this study, every image was resized to 256 × 256 pixels, ensuring a consistent input size compatible with the 

NASNetMobile architecture. Standardizing image dimensions not only reduces computational complexity but also 

facilitates efficient batch processing and stable feature extraction throughout the training process. Furthermore, 
uniform image resolution minimizes variations caused by different image sizes, allowing the network to focus on 

learning discriminative visual features rather than scale-related differences [13]. Examples of the original and 

resized images are presented in Fig. 2. 
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(a) Original (256 × 256 pixel)  (b) After Resizing (128 × 128 pixel) 

Figure 2. Dog image before and after Resizing 

2.2.2 Pixel Normalization 

Following the resizing process, pixel values were normalized to the range of 0–1 by dividing each pixel 

intensity by 255. Pixel value normalization is a fundamental preprocessing technique that reduces the influence of 
variations in image intensity and illumination while improving numerical stability during model training. This 

operation also accelerates the convergence of the optimization process and prevents large pixel values from 

dominating the learning process, thereby enabling the network to learn more discriminative visual representations 

[8].  For an input image 𝐼(𝑥, 𝑦), the normalized pixel value 𝐼norm(𝑥, 𝑦)is computed as follows: 
 

𝐼norm(𝑥, 𝑦) =
𝐼(𝑥, 𝑦)

255
 

where 𝐼(𝑥, 𝑦)denotes the original pixel intensity in the range [0, 255], and 𝐼norm(𝑥, 𝑦)represents the normalized 

pixel value within the interval [0, 1]. This normalization ensures a consistent input scale for the NASNetMobile model, 
contributing to more stable training and improved classification performance. Examples of the original and 

normalized images are presented in Fig. 3. 

  
(a) Before Normalization  (b) After Normalization 

Figure 3. Example image before and after Normalization 

2.2.3 Contrast Enhancement 

Contrast enhancement was applied to improve the visibility of discriminative visual features in animal images, 
particularly those captured under suboptimal lighting conditions. Enhancing image contrast increases the distinction 

between foreground and background regions, enabling the model to better capture fine-grained characteristics 
such as fur texture, color distribution, and structural patterns that are essential for accurate animal recognition [2]. 

Examples of the original and contrast-enhanced images are presented in Fig. 4. 

 
 
 
 
 

(1) 
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(a) Original Image (b) After Applying Contrast Enhancement 

Figure 4. Example of Image before anda after Contrast Enhancement 

2.2.4 Image Augmentation 

Data augmentation was applied to increase the diversity of the training dataset and improve the 

generalization capability of the proposed model while reducing the risk of overfitting [3]. By generating multiple 
transformed versions of the original images, the model becomes more robust to variations that may occur in real-

world scenarios, such as changes in orientation, position, and scale. In this study, the augmentation techniques 
included random rotation, horizontal flipping, zooming, and width/height shifting. These transformations preserve 

the semantic information of the images while introducing sufficient variability to enable the NASNetMobile-based 
transfer learning model to learn more discriminative and invariant feature representations.  Representative 

examples of the augmented images are presented in Fig. 5. 

 

 
a. Original 

 
b. Random Rotation 

 
c. Horizontal Flip 

 
d. Contras 

 
e. Grid Distortion 

 
f. Noise Gaussian 

 
g. Grayscale 

 

Figure 5. Image Augmentation Results 
 

2.3 Convolutional Neural Network (CNN) 
Convolutional Neural Network (CNN) was employed as the primary classification model in this study due to its 

ability to automatically learn hierarchical visual features from images. Unlike conventional machine learning methods 
that rely on manually engineered features, CNN extracts discriminative representations directly from raw image 

data through convolutional operations. This capability enables the model to effectively capture complex visual 

patterns, including fur texture, facial structure, ear shape, and other distinctive characteristics that differentiate cats 
and dogs. Consequently, CNN has become one of the most effective deep learning architectures for image 

classification tasks because of its high feature extraction capability and robust classification performance [10]. 

 
- Transfer Learning 

Transfer learning was adopted to improve classification performance while reducing training time and 

computational cost. This study employed the NASNetMobile architecture as the backbone feature extractor due 

to its lightweight design and strong capability in learning discriminative visual representations from natural 
images. NASNetMobile was pre-trained on the ImageNet dataset, allowing the model to leverage previously 

learned low-level and high-level features, such as edges, textures, shapes, and object patterns. During training, 
the extracted features were fine-tuned using the cat and dog image dataset to adapt the model to the target 

classification task. This approach has been widely reported to achieve competitive performance, particularly 
when the available training data are relatively limited [12]. 
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- CNN Model Architecture 
The proposed classification model combines the pre-trained NASNetMobile network with several additional 

neural network layers to improve classification capability. The feature extraction stage utilizes the convolutional 
layers of NASNetMobile, followed by a custom classification head consisting of a Global Average Pooling 

layer, Dropout, and fully connected (Dense) layers. The dropout layer was incorporated to reduce overfitting 
by randomly deactivating a proportion of neurons during training, thereby improving the model's generalization 

performance. Finally, a Dense output layer with a Softmax activation function was employed to generate the 

probability distribution for the two target classes, namely cat and dog. This architecture enables the model to 
efficiently learn discriminative features while maintaining computational efficiency suitable for practical image 

classification applications [10]. 
 

- Model Compilation 
Before training, the model was compiled using the Adam optimizer, which adaptively updates the learning rate 

for each parameter and has demonstrated excellent convergence performance in deep learning applications. 
The categorical cross-entropy loss function was selected because the task involves multi-class probability 

prediction using one-hot encoded labels. Model performance was evaluated using classification accuracy as the 

primary evaluation metric throughout the training and validation processes. This compilation configuration has 
been widely adopted in image classification studies due to its stability and effectiveness in optimizing deep 

neural networks [14]. 
 

-  Training Process 
The proposed model was trained for 40 epochs with a batch size of 64. Prior to training, the dataset was 

divided into training, validation, and testing subsets. Data augmentation techniques, including random rotation, 
horizontal flipping, zooming, and shifting, were applied exclusively to the training set to increase data diversity 

and reduce overfitting. In contrast, the validation and testing datasets underwent only pixel normalization to 

ensure that the evaluation accurately reflected the model's generalization capability without introducing 
artificial variations. During training, both training and validation accuracy and loss were monitored to assess 

convergence and detect potential overfitting. The model with the best validation performance was subsequently 
used for the final evaluation on the testing dataset [3]. 

 

3. Result and Discussions  

The NASNetMobile-based CNN model was trained using 240 training images, validated with 64 validation 

images, and evaluated on 80 testing images. Model performance was assessed by analyzing the training and 
validation accuracy and loss curves throughout the training process, followed by quantitative evaluation using a 

confusion matrix and classification report. This evaluation strategy provides a comprehensive assessment of both 
the learning behavior and the classification capability of the proposed model.During training, the model was 

optimized for 40 epochs, while monitoring the accuracy and loss on both the training and validation datasets. These 
learning curves are commonly used to evaluate the convergence behavior of deep learning models and to identify 

potential overfitting or underfitting.  

 

 

Figure 6. Training performance of the NASNetMobile-based CNN model in terms of accuracy and loss over 
40 epochs 
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As illustrated in Fig. 6, the training accuracy exhibited moderate fluctuations but showed a gradual upward trend, 

reaching approximately 0.60 at the final epoch. In comparison, the validation accuracy increased more consistently 
and achieved approximately 0.72, indicating that the model successfully learned discriminative visual features and 

generalized reasonably well to unseen images. 

The corresponding loss curves further demonstrate the effectiveness of the training process. Both training and 
validation loss gradually decreased throughout the 40 epochs, although minor fluctuations were observed in the 

training loss. The validation loss exhibited a smoother and more consistent decline, suggesting continuous 
improvement in the model's predictive capability as the network parameters were updated. A decreasing loss trend 

generally indicates successful optimization and effective feature learning in CNN-based image classification 
models. Furthermore, the gap between the training and validation curves remained relatively small, suggesting that 

the model maintained a good balance between fitting the training data and generalizing to new samples. No 
significant signs of overfitting were observed during training. This behavior can be attributed, in part, to the 

application of data augmentation techniques, which increased the diversity of the training samples and improved 

the model's robustness despite the relatively limited size of the Kashtanka Pets dataset.  Overall, the experimental 
results demonstrate that the proposed NASNetMobile-based CNN successfully learned representative visual 

characteristics of cat and dog facial images, achieving stable convergence and satisfactory generalization 
performance. These findings support previous studies reporting that transfer learning with lightweight CNN 

architectures can provide reliable and efficient performance for animal image classification tasks, particularly 
when only a limited amount of labeled training data is available. 

 

 
Figure 7. Confusion matrix of the proposed NASNetMobile-based CNN model 

The confusion matrix obtained from the Kashtanka Pets Dataset is presented in Fig. 7. Of the 40 cat facial 

images included in the testing set, 29 images were correctly classified as cats, while the remaining 11 images were 

incorrectly classified as dogs. Similarly, for the 40 dog facial images, the proposed model correctly identified 27 
images as dogs, whereas 13 images were misclassified as cats. Overall, the confusion matrix indicates a relatively 

balanced distribution of misclassification errors between the two classes, suggesting that the proposed model does 
not exhibit a significant prediction bias toward either cats or dogs. Nevertheless, the observed classification errors 

indicate that distinguishing between the two animal classes remains a challenging task under certain conditions. 
Misclassifications are likely associated with the high visual similarity between cat and dog facial characteristics, 

particularly when images are captured under varying viewpoints, illumination conditions, facial expressions, or 

partial occlusions. Such variations can reduce the discriminative capability of the extracted feature representations, 
leading to incorrect predictions. 

Despite these challenges, the confusion matrix demonstrates that the NASNetMobile-based CNN successfully 
captured the essential visual characteristics required for binary animal classification. The remaining errors highlight 

opportunities for further performance improvement through the use of larger and more diverse datasets, advanced 
data augmentation strategies, or fine-tuning of deeper network layers. Similar observations have been reported 

in previous studies, where variations in pose, texture, and lighting conditions were identified as major factors 
affecting the classification performance. 
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The detailed classification performance of the proposed model on the Animal Faces Dataset is summarized in 

Table 3. The classification report indicates that the model achieved relatively balanced performance across both 
target classes. For the Cat class, the model obtained a precision of 0.69 and a recall of 0.72, indicating that most 

cat images were correctly identified, although a number of samples were still misclassified as dogs. Conversely, 

for the Dog class, the model achieved a precision of 0.71 and a recall of 0.68, demonstrating comparable 
classification capability while also revealing some difficulty in correctly recognizing certain dog images. The F1-

score, which provides a balanced measure of precision and recall, reached 0.71 for the Cat class and 0.69 for the 
Dog class. These comparable values suggest that the model maintains consistent predictive performance across 

both categories without exhibiting a substantial bias toward either class. The relatively balanced precision, recall, 
and F1-score further confirm that the NASNetMobile-based CNN effectively learned representative facial features 

from both animal categories. 
Overall, the proposed model achieved an overall classification accuracy of 70% on the testing dataset. 

Although this result demonstrates the capability of the NASNetMobile-based CNN to perform binary animal face 

classification with satisfactory performance, there remains considerable potential for improvement. Future work 
may focus on increasing the size and diversity of the training dataset, optimizing the fine-tuning strategy of the 

pre-trained network, and investigating more advanced deep learning architectures or attention mechanisms to 
enhance feature discrimination and classification accuracy. These improvements are expected to increase the 

model's robustness, particularly when dealing with challenging images exhibiting variations in pose, illumination, 
facial expression, and background complexity. 

 

Table 2. Classification Reports 

Class Precision Recall F1-score Support 

Cat 0.69 0.72 0.71 40 
Dog 0.71 0.68 0.69 40 

Accuracy   0.70 80 
Macro avg 0.70 0.70 0.70 80 

Weighted avg 0.70 0.70 0.70 80 

 

4. Conclusion 

This study successfully developed a Convolutional Neural Network (CNN)-based animal recognition system for 
binary classification of cats and dogs using the Kashtanka Pets Dataset. By employing a transfer learning approach 

with the NASNetMobile architecture, the proposed model achieved an overall testing accuracy of 70%, 

accompanied by balanced precision, recall, and F1-score values across both classes. These results demonstrate that 
the model is capable of effectively learning representative facial features while maintaining comparable 

classification performance for cats and dogs. The training process exhibited stable convergence, as reflected by 
the gradual improvement in validation accuracy and the consistent reduction in validation loss over 40 training 

epochs. Furthermore, the confusion matrix analysis revealed a relatively balanced distribution of misclassification 
errors between the two classes, indicating that the model did not exhibit a significant prediction bias toward either 

category. These findings suggest that the combination of transfer learning and data augmentation contributed to 
improved model generalization despite the limited size of the training dataset.Although the achieved accuracy 

indicates satisfactory performance, there remains room for improvement. Classification errors were primarily 

associated with the visual similarity between cat and dog facial characteristics, as well as variations in pose, 
illumination, and image quality. Future research should investigate larger and more diverse datasets, more extensive 

fine-tuning strategies, and advanced deep learning architectures, such as attention-based networks or transformer-
based models, to further enhance feature representation and classification accuracy.Overall, this study 

demonstrates that the NASNetMobile-based CNN provides an effective and computationally efficient approach 
for animal recognition, highlighting its potential for practical applications in intelligent pet identification, animal 

monitoring systems, and other computer vision-based animal recognition tasks. 
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