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Abstract - Deep learning, a key aspect of machine learning
and artificial intelligence, has become an essential technology
in the era of the Fourth Industrial Revolution. Built upon
artificial neural networks, deep learning finds application
across multiple fields including healthcare, image recognition,
natural language processing, and cybersecurity. Despite its
power, building effective deep learning models is often
challenging due to the evolving nature of real-world problems
and data. Furthermore, the lack of transparency in some
models causes them to be perceived as "black boxes," which
can impede their broader adoption.

One area of particular interest is the effect of occlusions, such
as those caused by hands, pillows, blankets, or shadows, on pet
classification accuracy. Previous research has primarily
focused on aspects like pose, breed identification, and scene
variations but has largely overlooked occlusion challenges in
pet classification. This project seeks to enhance deep learning
models for pet classification by leveraging data augmentation,
transfer learning, and fine-tuning. Using two independent
datasets containing both occluded and non-occluded images of
cats and dogs, the project aims to evaluate the proposed
models. The study investigates the impact of transfer learning
on the classification performance of cats and dogs using a fine-
tuned Convolutional Neural Network (CNN).

1.INTRODUCTION

The Pet Breed and Health Identifier is an advanced
application that aims to transform the way pet owners and
veterinarians manage pet care. As pet ownership becomes
increasingly popular and the diversity of breeds expands,
correctly identifying a pet’s breed, particularly in mixed-
breed animals, can be a difficult task Moreover, early
detection of potential health issues is critical to maintaining
a pet's overall well-being deep learning algorithms in
combination with a user-friendly interface to deliver a
complete solution for both breed identification and health
assessment.

Understanding the Magnitude of Insider Threats

e Breed Identification: The application's main function
is its ability to accurately determine the breed of a pet
through image analysis. The deep learning model is
trained on a comprehensive dataset of pet images,

covering a wide variety of both purebred and mixed-

breed animals. By examining specific visual traits such
as coat color, size, shape, and facial features, the
application provides precise breed identification
within seconds.

Health Assessment:: In addition to breed recognition,
the application also focuses on detecting physical
abnormalities and common health concerns linked to
certain breeds. For example, it may identify skin
issues, irregular weight, or posture that could signal
underlying health conditions. This feature gives pet
owners the ability to detect possible health issues
early, enabling timely visits to the veterinarian

Personalized Care Recommendations: Based on the
identified breed and any potential health issues
detected, the application provides tailored care
suggestions. These recommendations can include
dietary guidance, exercise routines, grooming advice,
and preventive healthcare measures, all customized to
suit the pet’s specific needs.
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Fig. 1. Deep Learning: To build a dog detector and
breed classifier using CNN

Data Privacy and Security: The application takes
data privacy seriously, ensuring that all uploaded
images and associated information are securely
processed and stored. Users can be confident that
their data is handled with the utmost
confidentiality.

User-Friendly Interface: Designed for ease of use,
the application features a straightforward, intuitive
interface that allows users to upload images, obtain
results, and receive care recommendations without
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requiring technical skills. The app is available on
both web and mobile platforms, providing users
with convenient access on the go.

2. LITERATURE REVIEW

This study introduces a method for dog breed
identification based on analyzing facial images of dogs. By
leveraging a deep learning framework, the approach aims to
accurately recognize dog breeds. The research specifically
addresses the problem of animal biometric identification,
focusing on dogs. It utilizes sophisticated machine learning
models, particularly deep neural networks, to analyze pet
images and determine their identity. The study also
investigates the use of "soft" biometrics, such as breed,
height, and gender, combined with "hard" biometrics like
facial images to enhance accuracy.

The paper presents a Convolutional Neural Network (CNN)
approach for detecting dogs in potentially complex images,
emphasizing breed identification. Through experimental
results and graphical data, the study demonstrates that the
CNN algorithm achieves impressive accuracy across various
datasets, validated using standard metrics.

Moreover, this research includes the development of an
Android application that utilizes image recognition
techniques to identify dog breeds. Using a CNN and transfer
learning, the app allows users to either take a picture of a dog
or upload an existing image. The application then processes
the image, extracting necessary features to predict the breed.
This implementation of transfer learning in combination with
CNN allows for high-quality and efficient breed recognition.
Additionally, the paper explores the use of ADA boosting for
dog breed classification. ADA Boosting combines several
weak classifiers to build a stronger, more accurate model.
Image processing techniques are used to differentiate
between dog breeds, and this method proves to deliver
reliable and precise breed prediction results. The study also
applies computer vision techniques to predict text file. You
are now ready to style your paper. dog breeds from images. It
begins by identifying key facial points of the dog using a
convolutional neural network, followed by feature extraction
using SIFT descriptors and color histograms. These features
are then used by various classification algorithms to predict
the breed of the dog depicted in the image.

In addition, the paper explores traditional image processing
methods for breed classification, employing techniques like
Local Binary Pattern (LBP) and Histogram of Oriented
Gradient (HOG). To further enhance the accuracy of the
model, several pre-trained models such as VGG16, Xception,
and InceptionV3 are used. The study trained these models on
a dataset containing over 1400 images spanning 120 dog
breeds, of which 16 breeds were used as classification
categories, obtaining bottleneck features from these pre-
trained models to improve the predictions.

3. PET BREED DETECTION PROCES

The Pet Breed and Health Identifier system is an advanced
tool aimed at improving the accuracy and speed of
identifying pet breeds, while also offering health
assessments. With the rise of pet ownership and the
complexity of mixed-breed animals, determining the exact
breed can be difficult for pet owners and veterinarians alike.
Additionally, early detection of potential health issues is
essential for maintaining a pet’s overall well-being. This
system integrates deep learning models and image analysis
to offer a streamlined solution for both breed identification
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Fig. 2. Components of the proposed system.

e Thesystem operates by analyzing uploaded petimages,
particularly focusing on visual features such as coat
color, facial structure, and body shape. It utilizes a
comprehensive dataset covering various breeds to
ensure precise identification, even in cases of mixed
breeds. The breed recognition process is enhanced by
machine learning algorithms that continuously learn
and adapt to improve accuracy, identify known
malicious patterns, providing a comprehensive analysis.

e Inaddition to breed identification, the system offers a
health assessment feature, analyzing physical
attributes to detect potential health issues associated
with specific breeds. This allows pet owners to
address possible concerns such as skin conditions,
abnormal weight, or posture problems early, ensuring
timely veterinary care.

e To ensure the highest level of security, all data—
including images and health assessments—are
processed with strong privacy measures. The system
guarantees that user information is stored securely
and handled with strict confidentiality.

e Lastly, the system is designed with user convenience
in mind. It provides an easy-to-use interface that
allows pet owners to upload images, view breed
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identification results, and access personalized care
recommendations from any web or mobile platform.

8 8 8 b 8 B 3

Fig. 3. Dog Breed Classification using CNN.
A. Data Pre-Processing and Feature Engineering

Data preprocessing and feature engineering are critical steps
in our research aimed at enhancing insider threat detection.
The primary objective of these processes is to prepare raw
data for effective modeling by ensuring quality, consistency,
and relevance.

III DATA PREPROCESSING

Data preprocessing is a crucial step in preparing pet images
for breed identification and health assessment using
machine learning models. Proper preprocessing ensures that
the data is cleaned, standardized, and ready for efficientand
accurate model training. Below are the key steps involved:

¢ Image Collection:

The first step involves gathering a diverse set of images
that includes multiple pet breeds, variations in lighting
conditions, and both healthy and potentially unhealthy
pets. This ensures that the model is trained on a broad
spectrum of data to enhance its accuracy.

e Image Resizing and Standardization:

To ensure consistency across the dataset, allimages are
resized to a fixed dimension. This allows the model to
process each image uniformly. Standardizing image
dimensions helps reduce computational load and
ensures the model focuses on the core features instead
of variations in image size

e Normalization:

Date fields were converted to a datetime format to
facilitate time-based analysis. This allows for more
sophisticated temporal analyses, such as identifying
patterns over specific timeframes.

Splitting Data:

The dataset is split into training, validation, and testing
subsets. Typically, the majority of the data is used for
training, while a smaller portion is reserved for

validating the model’s performance. Testing data is kept
aside to evaluate the model after it has been fully
trained, ensuring that it generalizes well on unseen data
numerical input while preserving the information
conveyed by categorical features.

Feature Engineering
Image Feature Extraction:

The first step in feature engineering is extracting relevant
visual features from the images. Convolutional Neural
Networks (CNNs) are commonly used to automatically extract
complex patterns such as edges, textures, shapes, and colors.
These features are crucial for differentiating between breeds
and identifying potential health issues

Breed-Specific Visual Features

Certain breeds have distinct characteristics such as coat
texture, ear shape, or facial structure. The model must be
trained to recognize these subtle differences. By focusing on
unique breed-specific features, such as fur patterns or body
proportions, the model can improve its accuracy in identifying
various breeds.

Breed and Health Fusion Features:

In cases where both breed and health conditions need to be
identified simultaneously, it is important to engineer features
that represent a fusion of breed-specific traits and health
indicators. For example, certain breeds are predisposed to
specific health conditions. Engineering a feature set that
combines these two aspects allows the model to provide more
accurate predictions for both breed and health assessments.

Dimensionality Reduction:

With numerous features extracted from the images, it's
important to apply dimensionality reduction techniques like
Principal Component Analysis (PCA) or t-SNE. These
techniques reduce the number of features by identifying the
most important ones while retaining key information. This
helps improve model performance and reduces computational
costs

Color Histograms: Color plays a significant role in identifying
pet breeds. Creating color histograms of the images helps
capture the distribution of different colorsin a pet’s fur, which
is an important distinguishing factor for breeds that vary
primarily by coat color.

Statistical Features: In addition to visual features, statistical
features such as pixel intensity, brightness, and contrast can
provide supplementary information. These features help the
model understand image quality and ensure that important
details are not lost due to poor lighting or resolution.
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Feature Scaling:

Once the relevant features are extracted, it’s essential to scale
them to ensure that no feature disproportionately affects the
model’s performance. Techniques like normalization or
standardization are applied to ensure that all features
contribute equally to the final prediction.

Feature Selection:

Finally, feature selection techniques such as Recursive
Feature Elimination (RFE) or mutual information gain are
used to identify the most important features. This helps in
reducing noise, improving model accuracy, and optimizing
performance by only using the most relevant features for
breed and health identification.

B. Model Training

Model training is a crucial phase in insider threat detection,
where we develop predictive models that can accurately
identify potential security threats based on various input
features. This process involves several key steps to ensure
the robustness and effectiveness of the models employed.

Data Collection

Dataset Sources: Gather datasets that include images and
metadata about various pet breeds and associated health
conditions. Possible sources include:

e Public datasets like the Stanford Dogs Dataset or the
Oxford Pets Dataset.

e Veterinary health records (ensure to anonymize any
personal data).

e Crowdsourced data from pet owners.
Model Training

Training Split: Divide your dataset into training, validation,
testsets (typically 70/15/15). Loss Function use categorical
cross-entropy for multi-class classification problems.
Implement Adam or SGD optimizers. Monitor accuracy and
loss on the validation set to prevent overfitting.

Evaluation:

Assess model performance using metrics such as accuracy,
precision, recall, and F1 score. Visualize model predictions
against actual labels to identify misclassifications.

C. Integration of the trained models

The integration of trained models is a critical step in
developing a comprehensive insider threat detection
system. This process involves combining the outputs of
various detection algorithms to enhance the overall

performance and reliability of the threat detection
framework. By leveraging the strengths of different models,
we can achieve more accurate and robust predictions.

Model Serialization:

If you're using a framework like TensorFlow.js or a
compatible Node.js library, ensure you save your trained
model correctly. For example, in TensorFlow.js, you can save
your model as follows:

Code: await model.save('file://path/to/model’);
API Development:

Next, you will create an API using a framework like Express.
This API will handle requests from users, specifically for
uploading images of pets. When a user uploads an image, the
API'will process the image and use the trained model to make
predictions about the pet’s breed and health status.

Developing the Frontend

To facilitate user interaction, you will need to develop a
simple web interface. This interface will allow users to
upload images of their pets and submit them for analysis.
The design should be straightforward, enabling users to
easily navigate the page and view results.

Deploying the Application

Once the application is complete, you will deploy it to a
cloud service. This step involves hosting the application on a
platform that makes it accessible over the internet. Cloud
services offer scalability, ensuring that your application can
handle many users simultaneously

Monitoring Performance:

After deployment, it's important to monitor how the
application performs. This includes tracking the speed of
responses and the accuracy of the predictions. Implementing
logging will help you understand user interactions and
identify any potential issues.

D. Evaluation

The integration of trained models into a Node.js application
for identifying pet breeds and health conditions is a
multifaceted approach that can significantly enhance user
experience and operational efficiency. Below are key
evaluation points regarding this process:

Effectiveness of Model Utilization : The primary
objective of integrating the model is to provide accurate
predictions. The success of this integration hinges on the
model’s performance during testing and real-world
application. Continuous monitoring and periodic retraining
with new data are crucial for maintaining accuracy,
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ensuring that the model adapts to any changes in the data
distribution

User Experience: The design of the web interface plays a
vital role in user engagement. A straightforward and
intuitive layout encourages users to interact with the
application. The ease of uploading images and receiving
results contributes to overall user satisfaction. Gathering
feedback is essential to identify areas for improvement,
enabling the development team to make necessary
adjustments to enhance usability.

Scalability and Deployment: Deploying the application on
a cloud platform allows for scalability, meaning that the
application can accommodate a growing number of users
without performance degradation. This flexibility is critical
for applications expecting fluctuating traffic. Proper
deployment strategies can ensure that the application
remains responsive and available.

Performance Monitoring:

Implementing robust logging and monitoring tools allows
the development team to track performance metrics
effectively. This includes monitoring response times, error
rates, and user interactions. Such insights enable proactive
troubleshooting and continuous optimization of the
application, fostering a better user experience.

Continuous Improvement Strategy:

Establishing a routine for model retraining and updates is
vital for sustaining the effectiveness of the application. As
user preferences and pet health data evolve, the model
must be periodically refreshed to incorporate new
information. Additionally, responding to user feedback can
lead to feature enhancements and increased satisfaction.

4.IMPLEMENTATION AND RESULTS

The implementation of the pet breed and health
identification system involved several critical steps, from
setting up the environment to deploying the application.
Initially, the project was established using Node.js, with
Express as the framework for building the API. The trained
model was loaded into the application to facilitate
predictions based on user-uploaded images.

A. Datasets overview
Dataset Source:

(Visual Geometry Group - University of Oxford)

The success of this research hinged significantly on the
diverse and comprehensive datasets employed, each
serving a distinct purpose in the detection of insider
threats. The primary datasets utilized include decoy file

access logs, device activity logs, logon records,
psychometric assessments, and user profile information..

e Composition of the Dataset:

A diverse array of high-quality images depicting
different pet breeds, primarily dogs and cats. Each
image is labeled with the breed name and includes
additional annotations regarding visible health
conditions.

Breed Classification: The specific breed of the pet,
allowing the model to learn distinguishing features of
various breeds.

Health Indicators: Observations regarding any visible
health issues, including symptoms or conditions that
may affect the pet’s well-being.

Additional Attributes: Information such as age,
weight, and sex of the pets, which can enhance the
model’s ability to make accurate predictions.

e Data Collection Process:

Data from reputable sources, such as veterinary
institutions and animal welfare organizations,
provided a foundational collection of images and
health information.

An additional component of the dataset was gathered
through a community-driven approach, where pet
owners submitted images and health details of their
pets. This aspect not only enriched the dataset but also
promoted engagement with the user community.

e Data Quality and Diversity:

Images were screened for clarity and relevance,
ensuring that only high-quality images were included.
Annotations were verified for accuracy to maintain the
integrity of the data. The dataset encompasses a wide
range of breeds, sizes, and health conditions. This
diversity is vital for training robust models capable of
generalizing well across different types of pets.

e Data Preprocessing;:

All images were resized to a standard dimension to
maintain consistency and facilitate faster processing
during model training. Pixel values were normalized to
ensure that the model could learn effectively without
being influenced by variations in image brightness or
contrast.

Environmental Setup

Establishing the environment for a pet breed and health

identification application is a critical step that ensures all
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necessary tools and frameworks are correctly installed. This
setup will facilitate the development process and ensure
smooth operation.

e Convolutional Neural Networks (CNNs):

CNNs are widely regarded as the go-to architecture

Preprocessing Setup and Training:

All images in the dataset must be resized to a uniform
dimension to ensure consistency. This is important
because most neural networks require input images to be
of the same size. For instance, resizing images to 224x224
pixels is a common practice. Choose an appropriate
architecture for the model. Convolutional Neural Networks
(CNNs) are commonly used for image classification tasks
due to their ability to extract features effectively from
images. Divide the dataset into training, validation, and test
sets. A typical split could be 70% for training, 15% for
validation, and 15% for testing. This division allows for
effective evaluation of the model’s performance and helps
in fine-tuning. Initiate the training process by feeding the
training data into the model. During this phase, the model
learns to recognize patterns by adjusting its weights based
on the input data. Monitor the training loss and accuracy
metrics to gauge performance. Utilize the validation set to
tune hyperparameters and prevent overfitting. By
evaluating the model on unseen data during training, you
can ensure that it generalizes well to new inputs.

NG = *VmOB0F T

Fig. 4. Data Preparation

Model Selection: Selecting the appropriate machine
learning model is a crucial step in building a reliable pet
breed and health identification system. The choice of model
significantly impacts the accuracy and efficiency of
predictions. Below are the key considerations and steps
involved in the model selection process.

¢ Understanding the Problem:

Before choosing a model, it’s essential to clearly
define the problem. In this case, the objective is to
classify images of pets into specific breeds and
identify potential health issues. This is an image
classification task, which typically benefits from
models that can process visual data effectively.

© 2025,IRJET | ImpactFactor value: 8.315

for image-related tasks. They excel in
automatically detecting features such as edges,
shapes, and textures through their layered
structure. Popular CNN architectures. Known for
their depth and capability to capture intricate
patterns in images. Features residual connections
that help in training deeper networks, making it
suitable for complex datasets. Inception utilizes
multiple filter sizes within the same layer,
allowing it to capture features at various scales.

o Testing Different Models:

Train each model on the prepared dataset,
ensuring that the same training conditions (e.g.,
epochs, learning rate) are applied for fair
comparison. Monitor performance metrics such as
accuracy, precision, and recall on a validation set.
This step helps assess how well each model
generalizes to unseen data.

o Selecting the Final Model:

The model should be able to make predictions
quickly, especially if the application will handle
numerous requests simultaneously. Assess the
computational resources required for both
training and inference. Choose a model that aligns
with the available hardware capabilities.

B.  Experimental Execution

Setting Up the Experimental Environment:

Ensure that the hardware, such as GPUs, is appropriately
configured to handle intensive computations. Utilizing
powerful GPUs can significantly accelerate training and
inference times for deep learning models.

Software Dependencies: Verify that all required libraries
and frameworks are installed, including TensorFlow.js for
model implementation and any other relevant packages for
data handling and processing.

Conducting Baseline Experiments:

Train a Simple Model: Begin with a basic model, suchasa
simple CNN architecture, to evaluate how well it performs
on the dataset. This model will serve as a reference point
for more complex architectures.

Record Performance Metrics: During training, monitor
key metrics such as loss and accuracy. This data will help
identify whether the model is learning effectively and can
highlight potential issues such as overfitting or
underfitting.
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C.

D. Results

Result Compilation: The performance of various models
was evaluated using metrics such as accuracy, precision,
recall, and F1 score. The following results were observed:

base_model = VGG16(weights="inagenet’, include top=False, input shape=(224, 224, 3))

)

= base_podel..output

o Baseline Model: The initial simple CNN model
achieved an accuracy of approximately 75% on the
validation set. While this provided a good starting
point, further improvements were necessary.

x = Dense(12
X = Dense(37, activation=

nodel = Model(inputs=base model.input, outputs=x

e Transfer Learning: When implementing deeper
architectures, such as ResNet and Inception, the
base_nodel. layers: accuracy improved significantly. The ResNet model

layer.trainable = reached an accuracy of 88%, while the Inception

model achieved an impressive accuracy of 91% on

the validation dataset. Utilizing transfer learning

with pre-trained models further enhanced

Fig. 5. Data Augmentation performance.

Performance Evaluation e High Accuracy for Common Breeds: Fine-tuning a

pre-trained VGG16 model yielded a validation

Running Comprehensive Experiments:
& p P accuracy of 93%, demonstrating the power of

Model Variations: Experiment with different model leveraging existing knowledge from larger datasets.
architectures, such as deeper CNNs, pre-trained models The model excelled at identifying popular breeds
with transfer learning, and ensemble methods. Each such as Labrador Retrievers and Golden Retrievers,
variation should be trained separately to compare with precision rates exceeding 95%. The model
performance. struggled with less common breeds, resulting in
lower accuracy and higher misclassification rates
Hyperparameter Tuning: Adjust hyperparameters like for these categories. For instance, certain breeds
learning rate, batch size, and number of epochs. Conduct were often misidentified as similar-looking breeds
experiments with different combinations to identify the
optimal settings for model performance. e Health Detection Metrics: The model achieved a
recall of 80% for detecting common health
Data Augmentation: Implement data augmentation conditions like skin infections and obesity.
techniques to create additional training samples. This step However, it showed lower recall (around 65%) for
helps improve the model's ability to generalize and can be more subtle conditions that require expert
tested by comparing performance with and without evaluation.
augmentation.
e User Feedback: Initial feedback from users
Evaluation and Analysis: indicated that the model provided useful insights
into potential health concerns, although some users
Performance Metrics: Utilize metrics such as accuracy, noted the need for more detailed information
precision, recall, and F1 score to assess the effectiveness of regarding specific symptoms.
each model. These metrics provide a comprehensive view
of model performance, particularly in classification tasks. e  Trade-offs: While more complex models like
ResNet offered higher accuracy, they also required
Confusion Matrix: Generate a confusion matrix to greater computational resources and longer
visualize the model's predictions against the actual labels. training times. Simpler models were quicker to train
This matrix can help identify specific breeds or health but did not perform as well on the validation
conditions that the model may struggle with. dataset.
Validation and Test Sets: Evaluate the model on e Efficiency: The VGG16 model, although slightly less
validation and test sets to ensure that performance accurate than the Inception model, had a faster
metrics reflect the model’s ability to generalize to unseen inference time, making it more suitable for
data. applications requiring real-time predictions.
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Pet Breed and Health Identifier

Breed: Siamese cat, Siamese

Hoalth Issuos: R

Lifo Expoctancy: 12:15

Fig. 6. Webpage for breed and health identifier

V. RESULTS INTERPRETATION AND
COMPARISONS

The analysis of results from the pet breed and health
identification project provides valuable insights into the
effectiveness of various models and their capabilities in
both breed classification and health condition
identification. This section interprets the results and
compares the performance of different approaches.

Results Interpretation
¢ Interpreting Model Performance:

Accuracy Rates: The accuracy achieved by the
models indicates their overall effectiveness. The
baseline model, with an accuracy of 75%, laid the
groundwork for understanding the model's initial
capabilities. Subsequent models, particularly the
ResNet and Inception architectures, significantly
outperformed the baseline, achieving accuracies of
88% and 91%, respectively. This improvement
underscores the importance of using deeper and more
complex networks for image classification tasks.

Precision and Recall: Precision and recall are critical
metrics for understanding the model's reliability. High
precision indicates that the model makes few false-
positive predictions, while high recall indicates it
successfully identifies most of the positive cases. The
advanced models demonstrated improved precision,
especially for common breeds, with values exceeding
95%. However, the lower recall for rare breeds
suggests that while the model is accurate, it may not
recognize all instances of less common breeds.

© 2025,IRJET | ImpactFactor value: 8.315

e Comparison of Models:

The transition from the baseline model to more
advanced architectures illustrated a substantial leap in
performance. The initial model's limitations became
apparent as it failed to generalize effectively to various
breeds. In contrast, both ResNet and Inception models
showed robust capabilities in learning complex
features, leading to better classification outcomes. The
application of transfer learning with the VGG16 model
showcased the benefits of utilizing pre-trained
networks. This model not only provided a higher
accuracy of 93% but also required less training data,
making it a practical choice when dealing with limited
datasets. This finding emphasizes how leveraging
existing models can accelerate development and
enhance performance.

Health Condition Detection Insights:

The model's ability to detect common health issues like
obesity and skin infections was commendable, with a recall
rate of 80%. However, the lower recall for more nuanced
conditions highlights the challenges faced by machine
learning models in identifying subtle health problems that
may require expert evaluation. This suggests a potential
area for future research, where integrating additional data
or expert feedback could enhance detection capabilities.

Initial user feedback indicated that while the model
provided valuable insights into potential health concerns,
some users desired more detailed explanations regarding the
identified conditions. This feedback suggests the need for
developing a user-friendly interface that offers
comprehensive information based on the model's
predictions.

Practical Applications and Future Improvements

The results indicate that the models can be effectively
utilized in real-world applications for pet owners and
veterinarians. However, to enhance their practical utility,
several areas for improvement are suggested:

e Incorporating More Diverse Data: Expanding the
dataset to include a broader range of breeds and
health conditions will likely improve the model's
generalization capabilities, particularly for
underrepresented breeds.

e Model Optimization: Further tuning of
hyperparameters and exploring ensemble methods
could yield additional performance gains.
Combining the strengths of various models might
lead to improved accuracy and efficiency.

e User-Centric Development: Focusing on user
experience by providing clear, actionable insights
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and recommendations based on the model's
predictions could significantly enhance the value of
the application.

Saving Results to CSV File

After classification, the results are saved into a CSV file for
further analysis and record-keeping. The CSV file contains
detailed information about each instance, including the
scores from each detection module, the combined score, the
final classification, and any additional metadata such as
timestamps and user identifiers. This allows for easy
tracking and review of detected threats, enabling prompt
and effective responses to both malicious and accidental
threats. Table. 1 shows the detected threats by the system.
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CONCLUSION AND FUTURE SCOPE

The pet breed and health identification project has
successfully demonstrated the application of machine
learning techniques in classifying various pet breeds and
identifying potential health issues. Through rigorous
experimentation with multiple model architectures, it was
evident that advanced deep learning models, particularly
those utilizing transfer learning, significantly outperformed
baseline models in terms of accuracy and reliability. The

findings indicate that leveraging pre-trained networks can
not only enhance classification performance but also
optimize training time and resource utilization The models
showed commendable capabilities in identifying common
breeds and health conditions, providing valuable insights for
pet owners and veterinarians. However, the results also
highlighted certain limitations, particularly in accurately
identifying less common breeds and subtle health issues,
which require further refinement and enhancement
Increasing the diversity and size of the dataset is crucial.
Including more images of rare breeds and a wider variety of
health conditions will enhance the model's ability to
generalize and improve its accuracy across all categories.
Exploring more sophisticated model architectures, such as
ensemble methods or hybrid models, could yield even better
performance. Techniques like few-shot learning may also be
beneficial in dealing with rare breeds by training the model
to learn from a limited number of examples. Incorporating
supplementary data, such as veterinary records or health
history, could provide a more comprehensive understanding
of pet health. This information could be utilized to enhance
predictive capabilities and deliver more accurate health
assessments. Developing a more interactive and user-
friendly interface can improve the application’s usability.
Features such as personalized health recommendations,
detailed explanations of identified conditions, and
interactive tools for pet care can significantly increase user
engagement and satisfaction. Implementing the model in a
real-time environment, such as mobile applications, could
allow pet owners to receive immediate feedback about their
pets' health and breed identification, making the tool more
accessible and practical .Partnering with veterinarians and
animal health experts can provide valuable insights for
refining model predictions and recommendations. Their
expertise could enhance the model’s applicability in clinical
settings and improve its reliability.
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