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IMAGE BASED BOVINE BREED RECOGNITION
SYSTEM.

ABSTRACT

The “Image-Based Bovine Breed Recognition System” is an Al-driven approach
designed for the automatic identification of Indian cattle and buffalo breeds using
deep learning and computer vision. The project employs a Convolutional Neural
Network (CNN) to recognize breed-specific visual traits such as skin texture, horn
shape, and facial patterns from 2D images. A curated dataset of multiple indigenous
bovine breeds was pre-processed through normalization, augmentation, and noise
reduction to improve the model’s robustness and accuracy under varied environmental
conditions.

The CNN model architecture integrates multiple convolutional and pooling layers for
hierarchical feature extraction, followed by dense and softmax layers for multi-class
classification. The model was trained using the Adam optimizer with categorical
cross-entropy loss and evaluated using performance metrics like accuracy, precision,
recall, and F1-score. The proposed framework achieved high accuracy in
distinguishing visually similar breeds, showcasing its reliability and adaptability for
real-world agricultural applications.

A Flask-based web interface, connected to a cloud database, enables users to upload
animal images and instantly obtain breed predictions with confidence scores. This
system empowers farmers, veterinarians, and researchers to identify breeds efficiently
without expert supervision, supporting the goals of Precision Livestock Farming
(PLF) and national programs such as the Rashtriya Gokul Mission. By integrating
deep learning and image analytics, the project contributes to the digital transformation
of livestock management, promoting sustainable and data-driven practices within
India’s agricultural ecosystem.

Keywords:Image-Based Bovine Breed Recognition, Computer Vision, Deep
Learning, Convolutional Neural Networks (CNN), Muzzle Pattern Recognition,
Facial Recognition, Transfer Learning, Object Detection (YOLO), Precision
Livestock Farming, Edge Al
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1. INTRODUCTION

1.1 INTRODUCTION

“Technology is best when it brings people together — and in agriculture, it brings

data, science, and tradition to the same field.”

India, known as the land of cattle wealth, holds one of the world’s largest and most
diverse bovine populations, with over fifty recognized indigenous breeds of cattle and
buffaloes. From the high milk-yielding Murrah buffaloes of Haryana to the hardy
Gir and Sahiwal cows of Gujarat and Punjab, each breed plays a vital role in
sustaining rural livelihoods and the nation’s dairy economy. Despite their importance,
identifying breeds still relies heavily on manual observation — a process that requires

expert knowledge, is time-consuming, and is prone to human error.

Imagine a farmer in a remote village trying to confirm the breed of a newly purchased
cow, or a veterinary officer inspecting cattle health records during a livestock camp.
Without a standardized digital system, these tasks often depend on personal judgment
and experience. This lack of automation not only slows down data collection but also

limits the government’s efforts to digitally manage and conserve indigenous breeds.

With the advancement of Artificial Intelligence (Al) and Computer Vision, it has
become possible to automate breed identification using images captured from a
simple smartphone or camera. Convolutional Neural Networks (CNNSs), a deep
learning approach inspired by the human visual system, can analyze and learn visual
patterns from thousands of images, enabling accurate breed recognition within

seconds.
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1.1.1 Manual vs Automated Identification Approaches

AutomatedCNN-Based

Criteria Manual Identification
System

Accuracy Moderate, depends on expert skill ~ High, consistent
Time Required  Slow for large herds Fast (seconds)
Skill )

) High (expert needed) Low (any user)
Requirement
Consistency Variable Highly consistent
Scalability Difficult Easily scalable
Risk of Error High Very low

Manual

Fig 1.1 Manual vs Automated Methods

The proposed project introduces a web-based application that uses CNN-based deep
learning models to identify Indian cattle and buffalo breeds automatically. The
system, built using TensorFlow/PyTorch frameworks and ResNet architecture,

integrates with a cloud-based backend for real-time processing. Farmers,
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veterinarians, and researchers can upload images through a simple interface and

receive instant, accurate breed classification.

This innovation supports the goals of the Ministry of Fisheries, Animal Husbandry
& Dairying and complements initiatives like the Rashtriya Gokul Mission, which
emphasize digital livestock management. By merging traditional farming wisdom
with cutting-edge Al, the project takes a step toward “smart agriculture” —
empowering rural communities, reducing dependency on experts, and ensuring the

preservation of India’s precious native breeds for generations to come.

Fig 1.2 Buffalo Image Classification

1.1.2 Scope of Image classification system:
The scope of this project extends across multiple domains:

1. Livestock Management: The application can be used by farmers and
veterinarians for quick and accurate breed identification, helping maintain

digital livestock records.
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2. Research and Education: Researchers and agricultural institutes can use the

tool for data collection, breed studies, and automated image-based analysis.

3. Government Schemes: The project supports government programs like the
Rashtriya Gokul Mission and e-Pashuhaat by aiding in the digitization of

indigenous breed data.

4. Scalability and Future Expansion: The system can later be expanded to
include disease detection, health monitoring, and individual animal

identification through muzzle or facial recognition.

In essence, this project not only modernizes livestock management but also bridges
the gap between technology and agriculture, empowering India’s rural communities

with innovation, precision, and accessibility.

1.2 NEED FOR AUTOMATION IN BOVINE BREED
IDENTIFICATION

Livestock classification has traditionally relied on manual visual inspection of
features such as horn curvature, coat color, skeletal structure, and body proportions.

However, this manual process suffers from three major drawbacks:

1. Subjectivity: Two experts may classify the same animal differently due to

inconsistent observational skills.

2. Time Requirement: Large-scale breed census or cattle-fair inspections

require extensive human resources.

3. Risk of Human Error: Environmental distractions, poor lighting, and animal

movement affect judgment accuracy.

To overcome these limitations, automated identification using image-based deep
learning becomes essential. CNN models can learn subtle breed-specific patterns that
humans often overlook, making them ideal for a standardized, reliable recognition

system.
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1.3 CHALLENGES IN BOVINE BREED RECOGNITION

Image-based classification of cattle and buffalo breeds introduces several technical
challenges:

Image Variability: Differences in lighting, shadows, mud contamination, and camera
resolution affect feature clarity.

High Inter-Breed Similarity: Breeds such as Sahiwal vs Red Sindhi or Murrah vs
Mehsana buffalo have nearly identical visual traits, requiring fine-grained feature

extraction.

Lack of Large Public Datasets: Few publicly available datasets exist for Indian

breeds. This leads to lower generalization and higher misclassification rates.

Posture and Angle Variations: Animals seldom remain still during image capture.

Front-view, side-view, and top-view differences affect model training.

1.4 OBJECTIVES OF THE PROJECT

The primary objectives of the Image-Based Bovine Breed Recognition System are:

1. To design and develop a CNN-based classification model for Indian cattle
and buffalo breeds.

2. To create a diverse and well-annotated bovine image dataset suitable for

deep learning.

3. To implement a user-friendly web/mobile interface for real-time image

upload and breed detection.

4. To enhance precision livestock farming through automated digital

recognition.

5. To reduce manual labor, improve data reliability, and support national

initiatives such as Rashtriya Gokul Mission.
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2. LITERATURE REVIEW

2.1 LITERATURE REVIEW

Mun-Hye Kang and Sang-Hyon Oh (2025) conducted a comprehensive review on
the application of video processing and Convolutional Neural Network (CNN)-based
deep learning for livestock facial identification. Their study highlights the growing
importance of precision livestock farming (PLF), where non-contact monitoring
technologies like computer vision are increasingly replacing traditional sensor-based
systems. The authors categorized recognition techniques into three major types —
recognition, identification, and re-identification — emphasizing that CNNs have
become the core of these systems due to their ability to automatically extract and learn
spatial features from animal faces. The paper compared one-stage algorithms such as
YOLO and SSD with two-stage approaches like R-CNN and Faster R-CNN,
concluding that deep learning significantly improves detection accuracy and
efficiency. Additionally, the study reviewed various livestock species, including pigs,
sheep, and cattle, noting that architectures such as ResNet, VGGFACE, and
Inception-V3 achieved remarkable accuracy in breed and individual recognition. The
authors also discussed the role of data augmentation, pre-training, and transfer
learning in addressing dataset limitations and enhancing model generalization. This
review establishes that integrating CNN-based face recognition with video processing
not only improves identification accuracy but also supports sustainable livestock
management by promoting animal welfare, real-time monitoring, and efficient farm

automation.

Kumar et al. (2025) explored the integration of Artificial Intelligence (Al)
technologies in dairy farm management to enhance productivity, efficiency, and
animal welfare. Their research emphasized the growing role of machine learning,
computer vision, and the Internet of Things (IoT) in automating critical farming
operations such as health monitoring, milk yield prediction, feeding optimization, and
behavior tracking. The authors reviewed a variety of Al models including
Convolutional Neural Networks (CNNs) for image-based analysis and Recurrent
Neural Networks (RNNSs) for time-series prediction of animal behavior and milk yield
patterns. The study highlighted that real-time data collected from sensors, cameras,

and wearable devices can be processed through Al algorithms to detect early signs of
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diseases like mastitis and heat stress, reducing economic losses. Additionally,
predictive analytics were found to assist farmers in making informed decisions about
nutrition, breeding, and farm resource management. The paper also discussed
challenges such as limited data availability, infrastructure cost, and the need for
farmer training to adopt Al-driven systems effectively. The authors concluded that
integrating Al into dairy farm management creates a data-driven, intelligent, and
sustainable ecosystem that aligns with the goals of Precision Livestock Farming
(PLF), ensuring both animal welfare and agricultural advancement.

Orhan Ermetin and Humar Kahramanh Ornek (2025) developed a deep-learning-
based buffalo identification system using muzzle pattern images to address the
limitations of traditional livestock identification methods such as ear tagging and
RFID. The study utilized facial images of 11 buffaloes to build a dataset and
experimented with four convolutional neural network architectures — AlexNet,
SqueezeNet, GoogLeNet, and ResNet101 — for biometric recognition. Among these,
SqueezeNet achieved the highest performance, with 99.88% accuracy, 0.998
precision, and an F1 score of 0.999, demonstrating exceptional recognition capability.
The authors highlighted that muzzle patterns, similar to human fingerprints, serve as
unique identifiers for each buffalo, allowing for non-invasive and reliable
identification. The study’s results confirmed that deep learning models, particularly
lightweight CNN architectures, can effectively identify individual buffaloes even in
challenging farm conditions. The authors concluded that the adoption of such Al-
driven biometric systems could significantly enhance livestock monitoring, reduce
human error, and promote Precision Livestock Farming (PLF) through automation,

data accuracy, and animal welfare improvement.

Bingxuan Li, Jiandong Fang, and Yudong Zhao (2025) introduced an advanced
RTDETR-Refa (RepConv Efficient Faster Attention) algorithm for real-time multi-
breed classification of cattle in complex pasture environments. The proposed model
enhances the ResNet18 backbone by integrating a Faster-Block module for improved
feature extraction and computational efficiency, while the RepConv technique
replaces the conventional 1x1 convolution to achieve reparameterization and reduce
inference time. Additionally, an Efficient Multiscale Attention (EMA) mechanism
was implemented to enhance feature transformation and multi-scale representation.

Experimental evaluations on datasets of Holstein, Simmental, and Wagyu breeds
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demonstrated an average classification accuracy of 91.6%, outperforming several
classical models such as YOLOv5, YOLOVS8, and EfficientViT. The model also
exhibited strong real-time performance with reduced error rates in detection and
classification. The study confirmed that the RTDETR-Refa model effectively
identifies and classifies multiple cattle breeds under challenging environmental
conditions, validating the potential of convolutional neural networks (CNNs) and

attention mechanisms for Precision Livestock Farming (PLF) applications.

Zhao et al. (2024) proposed an Al-enhanced real-time cattle identification system
designed to operate effectively across different environmental conditions such as
varying lighting, weather, and background complexities. The study focused on
integrating object detection algorithms and multi-object tracking (MOT) techniques to
identify and follow cattle in real-time video streams. The authors utilized advanced
deep learning architectures including YOLOv5 and DeepSORT, which allowed
precise detection and continuous tracking of individual animals within herds. Their
system achieved high accuracy and robustness even in challenging conditions like
occlusion, movement, and low-light environments. The paper emphasized the
importance of using Convolutional Neural Networks (CNNs) for visual feature
extraction and Re-Identification (Re-1D) networks for distinguishing between similar-
looking animals. Additionally, the research addressed issues such as data imbalance
and annotation challenges by employing extensive data augmentation and transfer
learning techniques. The authors concluded that Al-driven identification and tracking

systems.

Singh et al. (2024) proposed a study on the identification of buffalo breeds using
advanced image processing and machine learning techniques to enhance the accuracy
and efficiency of breed classification. The authors focused on analyzing
morphological features such as body color, horn shape, and facial structure to
distinguish between various indigenous buffalo breeds of India, including Murrah,
Mehsana, and Surti. The research utilized algorithms like Convolutional Neural
Networks (CNNs) and Support Vector Machines (SVM) to extract and classify key
image features. The CNN model achieved superior accuracy compared to traditional
methods by automatically learning breed-specific characteristics without manual
feature engineering. The study emphasized that accurate breed identification supports

genetic improvement programs, better resource management, and the preservation of
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indigenous germplasm. Additionally, the authors discussed the challenges of image
variability caused by lighting, camera angle, and environmental background, which
were mitigated through data augmentation and preprocessing. The findings
demonstrate that Al-based image analysis offers a reliable and scalable approach for
buffalo breed recognition, contributing to the goals of digital livestock management
and aligning with national initiatives such as the Rashtriya Gokul Mission for

conserving and promoting native breeds.

Lili Bai, Zhe Zhang, and Jie Song (2024) developed a high-quality biometric image
dataset of Horgin yellow cattle to support research in intelligent livestock
management and computer vision-based animal analysis. Their dataset, captured in
natural farm conditions in Inner Mongolia, includes side and back-view images of
seventy-two cattle along with detailed biometric annotations such as oblique body
length, withers height, heart girth, hip length, and body weight. The study highlights
how such a dataset enables the training of deep learning models, including
Convolutional Neural Networks (CNNs), for automated cattle identification, body
measurement estimation, and health monitoring. Through data preprocessing,
augmentation, and annotation techniques, the dataset ensures robustness against
variations in lighting and background conditions. The authors emphasized that
integrating biometric data with Al algorithms enhances livestock monitoring
efficiency, enables early disease detection, and supports Precision Livestock Farming
(PLF) initiatives. This dataset provides a valuable foundation for developing
intelligent farm management systems capable of real-time health tracking and weight
estimation, thereby promoting digital transformation, sustainability, and

modernization within the livestock industry.

Rupak Jogi et al. (2024) presented a comprehensive comparative study on cattle
breed classification techniques using various machine learning frameworks and
algorithms to improve accuracy and efficiency in livestock identification. The authors
utilized datasets containing cattle images and evaluated multiple models, including
Convolutional Neural Networks (CNNSs), Residual Networks (ResNet), Support
Vector Machines (SVMs), K-Nearest Neighbors (KNN), Random Forest, and
Principal Component Analysis (PCA)-based classifiers. The performance of these
algorithms was compared using parameters such as Precision-Recall Curve, ROC
Curve, Accuracy, and F1-Score to determine their suitability for real-world
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applications. The study found that the PyTorch framework demonstrated the highest
accuracy (87.6%), followed closely by CNN and ResNet models, which effectively
captured visual patterns in cattle images for classification. The results indicate that
deep learning-based approaches outperform traditional machine learning models in
handling complex image features and achieving reliable classification. The authors
emphasized the importance of these models in improving cattle breeding, veterinary
research, and digital livestock management systems. Additionally, the research
highlighted the role of such intelligent classification techniques in strengthening
biosecurity, supporting online cattle trading, and aligning with modern Precision

Livestock Farming (PLF) practices for sustainable agricultural development.

Vijayalakshmi A. et al. (2023) proposed a robust ensemble learning algorithm for
cattle breed identification by combining advanced computer vision and deep learning
techniques to enhance classification accuracy and overcome the limitations of existing
methodologies. The study integrated Convolutional Neural Networks (CNNs), YOLO
object detection, K-means image segmentation, greyscale imaging, and Canny edge
detection within a single pipeline. This ensemble framework used multiple pre-
processed image versions, each fed into independently trained CNN models, whose
outputs were combined through a voting-based learner for final prediction. The model
demonstrated strong performance in recognizing cattle breeds under challenging field
conditions, including variable lighting, occlusion, and low-resolution images captured
by farmers. The research achieved high accuracy and precision through transfer
learning, data augmentation, and micro-macro evaluation metrics, establishing that
ensemble learning improves generalization and reduces false positives. The authors
concluded that combining feature-level diversity with deep CNN architectures
provides a scalable and accurate solution for breed identification, supporting
automation in livestock management and advancing the goals of Precision Livestock

Farming (PLF) through intelligent and sustainable Al-driven practices.

Munir Ahmad et al. (2023) developed an Al-driven livestock identification and
insurance management system that utilizes advanced computer vision and biometric
recognition techniques to ensure precise cattle identification and eliminate fraudulent
insurance claims. The study highlights the limitations of traditional methods like ear
tagging, branding, and RFID implantation, which are invasive, costly, and prone to
tampering. The proposed model integrates YOLOv7 object detection and Scale-
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Invariant Feature Transform (SIFT) for extracting unique muzzle pattern features,
enabling accurate identification of cattle across varying lighting and environmental
conditions. The system operates in real-time, detecting animal faces and noses with a
mean average precision of 99% and 100% identification accuracy using FLANN-
based matching algorithms. The authors demonstrated that the proposed approach not
only enhances cattle traceability and health monitoring but also effectively mitigates
fake livestock insurance claims. By combining deep learning, pattern recognition, and
biometric analysis, this framework establishes a secure, automated, and scalable
system aligned with the objectives of Precision Livestock Farming (PLF) and

supports digital transformation in the agriculture and insurance sectors.

Yuanzhi Pan et al. (2022) proposed a self-activated-based improved Convolutional
Neural Network (CNN) framework for the automatic identification and classification
of buffalo breeds in Pakistan, focusing particularly on the Neli-Ravi and Khundi
breeds. The study addressed the challenges of manual breed identification, which
relies heavily on expert observation of morphological features such as body color,
horn shape, and facial structure. The proposed deep learning model utilized self-
transfer learning to enhance feature extraction, improving classification accuracy
across multiple data splits and validation sets. The dataset, collected from the Buffalo
Research Center in Pakistan, was augmented to handle variations in lighting and
posture. The model achieved a maximum classification accuracy of 93% using
Support Vector Machine (SVM) and over 85% with other machine learning
classifiers. The authors emphasized that their self-activated CNN not only improves
feature representation but also supports scalable automation in livestock breed
recognition. This study demonstrates the significant potential of combining deep
learning, feature transfer, and classical machine learning for efficient buffalo breed
identification, contributing to data-driven livestock management and supporting the

advancement of Precision Livestock Farming (PLF).

Kumar et al. (2022) conducted a systematic review of machine learning techniques
applied to cattle identification, highlighting the evolution of computer vision and
artificial intelligence in the livestock domain. The study analyzed a wide range of
methodologies, including Convolutional Neural Networks (CNNs), Support Vector
Machines (SVMs), K-Nearest Neighbor (KNN), and Random Forest (RF), focusing

on their performance in tasks such as breed classification, muzzle print recognition,
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and individual cattle identification. The authors emphasized that CNN-based
architectures outperform traditional machine learning methods by automatically
extracting hierarchical visual features, thus achieving higher accuracy and robustness
under varying environmental conditions. The paper also discussed key challenges,
such as limited dataset availability, image quality variations, and the need for real-
time scalability in farm environments. Furthermore, the review highlighted the
growing adoption of transfer learning and ensemble approaches to improve prediction
accuracy and generalization. The authors concluded that integrating machine learning
and deep learning techniques can significantly enhance cattle identification, reduce
manual intervention, and promote Precision Livestock Farming (PLF) through

intelligent, automated, and sustainable solutions for the agricultural sector.

He Gong et al. (2022) proposed an improved cattle facial recognition model based on
Selective Kernel Residual Networks (SK-ResNet) to enhance the precision and
robustness of livestock identification. The study utilized a self-built dataset
comprising cattle face images captured from multiple angles to train and validate the
model. By integrating multiple receptive fields and employing SK-Bottleneck
structures within a ResNet-50 framework, the network extracted facial features at
multiple scales while minimizing information loss through an enhanced shortcut
connection mechanism. The use of the ELU activation function further reduced
vanishing gradients and improved model convergence. Experimental evaluation on
both self-built and public datasets demonstrated outstanding performance, achieving
98.42% accuracy for cattle face recognition and over 97% accuracy when applied to
pig and sheep datasets. The results confirmed that the SK-ResNet model significantly
outperformed traditional methods such as ResNet, DenseNet, and GoogleNet in terms
of recognition accuracy, efficiency, and generalization. The authors concluded that
this deep learning—based, non-contact recognition approach provides a reliable and
scalable solution for intelligent livestock monitoring, contributing to the advancement
of Precision Livestock Farming (PLF) and promoting automation in cattle

management systems.

Shijun Li et al. (2021) proposed a lightweight convolutional neural network (CNN)
model for individual dairy cow identification in complex farm environments. The
study addressed the limitations of conventional identification techniques such as ear
tagging, branding, and RFID systems, which are often invasive, unreliable, and prone
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to damage or tampering. The authors used AlexNet as the base framework and
enhanced it with multi-scale convolution modules, Squeeze-and-Excitation (SE)
attention mechanisms, and Basic-Block short-circuit connections to improve feature
extraction and model generalization. The improved model achieved 97.95% accuracy
while reducing parameters to only 6.51 MB, making it faster and more efficient than
traditional CNNs like VGG16, ResNet50, and MobileNet V2. The approach
effectively handled images captured under varying lighting and background
conditions, demonstrating strong robustness and scalability for real-world farm
applications. The authors emphasized that the proposed model’s reduced computation
time and high recognition accuracy make it well-suited for deployment in smart dairy
farms, promoting non-invasive animal monitoring and supporting Precision Livestock

Farming (PLF) through automation, accuracy, and intelligent livestock management.

Qiao et al. (2021) in their paper “Automated Individual Cattle Identification Using
Video Data: A Unified Deep Learning Architecture Approach” proposed an advanced
deep learning framework for individual cattle identification using video analysis. The
study combines Convolutional Neural Network (CNN) and Bidirectional Long Short-
Term Memory (BILSTM) with a self-attention mechanism to extract spatio-temporal
features from cattle videos. This hybrid model improves the identification process by
focusing on key video frames that carry the most discriminative information. The
dataset used consisted of 363 rear-view videos of 50 cattle, and the model achieved a
93.3% identification accuracy, outperforming traditional models such as Inception-
V3, LSTM, and BIiLSTM. The attention mechanism significantly enhanced
performance by prioritizing relevant temporal features while minimizing redundant
information. The research demonstrates that video-based deep learning methods can
provide a robust and non-invasive alternative for precision livestock farming, offering

accurate, real-time identification without reliance on tags or sensors.

Bello et al. (2020) presented an image-based approach for individual cow recognition
using distinctive body patterns as biometric features. The study emphasized that
unlike traditional identification methods such as ear tags and RFID, which often
suffer from loss, tampering, or manual errors, body pattern recognition provides a
reliable and non-invasive alternative. The authors extracted unique texture and spot-
pattern features from cow images captured under varying farm conditions and

employed pattern-classification techniques to distinguish individual animals. Their
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experiments demonstrated that body patterns offer sufficient discriminative power for
accurate identification even in the presence of background noise, illumination
changes, and posture variations. This work established a strong foundation for visual
biometric identification in livestock and highlighted the potential for integrating Al-

driven pattern recognition into automated cattle monitoring systems.

Khan et al. (2020) introduced Cow Bree, a novel fine-grained visual categorization
(FGVC) dataset specifically designed for cow breed classification. The dataset
contains 4000 images across eight visually similar cattle breeds, collected from
natural farm environments with significant background and illumination variations.
The authors highlighted that existing FGVC datasets for animals are limited in scale
and often lack domain specificity, making Cow Bree an essential resource for
advancing research in livestock-based classification tasks. To validate the dataset, the
study employed three classical machine learning classifiers—Sequential Minimal
Optimization (SMO), J48, and a Multiclass classifier—using texture and color
features extracted through Gabor, Auto Color Correlogram, and FCTH filters. Among
these, SMO achieved the highest accuracy of 68.81%, demonstrating the dataset’s
baseline suitability for classification research. The authors emphasized the challenge
of distinguishing between breeds with extremely subtle visual differences, such as
Sahiwal and Red Sindhi, and positioned Cowbree as a foundational benchmark for
developing and benchmarking future deep learning—based cattle breed recognition

systems.

Kumar and Singh (2019) presented one of the most comprehensive reviews on
visual animal biometrics, establishing cattle recognition as an emerging frontier
within computer vision and pattern recognition. Their work critically evaluated
traditional livestock identification methods such as ear tags, tattoos, freeze-branding,
and RFID, highlighting significant limitations including tag loss, duplication, fraud,
and overall invasiveness. The authors emphasized that these shortcomings have
accelerated the need for non-invasive biometric systems capable of reliably
identifying individual cattle for disease control, ownership verification, and livestock
management. The review detailed the evolution of visual biometric traits—such as
muzzle point patterns, facial features, coat markings, iris patterns, and retinal vascular
structures—and analyzed how each modality contributes differently to recognition
accuracy and long-term usability. Among these, the muzzle point image pattern was
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identified as one of the most stable and immutable biometric features, comparable to
human fingerprints due to its unique ridge-bead structure. The authors extensively
discussed state-of-the-art feature extraction approaches including SIFT, SURF, LBP,
PCA, LDA, and ICA, illustrating how these algorithms are used to extract
discriminatory features from cattle images under varying field conditions. They also
highlighted major challenges such as inconsistent datasets, uncontrolled
environmental conditions, movement-related noise, illumination variation, and the
absence of publicly available benchmark databases. Overall, the paper positioned
visual animal biometrics as a highly interdisciplinary domain requiring advancements
in computer vision, cognitive science, and biological research to develop robust,

automated cattle identification systems suitable for real-world deployment.

Kumar, Tiwari, and Singh (2016) conducted one of the earliest and most
comprehensive studies on the feasibility of cattle face recognition, addressing long-
standing issues in livestock management such as missing animals, swapped identities,
fraudulent insurance claims, and challenges in traceability. Their work provided a
detailed analysis of the shortcomings of traditional identification methods—including
ear tags, tattoos, microchips, notching, and freeze branding—which often suffer from
loss, tampering, degradation, and limited reliability. In response to these limitations,
the authors explored facial images as a primary biometric trait due to their
universality, rich texture information, and distinctiveness across individual cattle.
They developed a face image database of 300 cattle and applied multiple appearance-
based feature extraction techniques such as PCA, LDA, ICA, CCIPCA, and ILDA to
evaluate discriminative facial features under real-world challenges including pose
variation, blurriness, and illumination inconsistencies. Their experimental analysis
demonstrated that ICA and hybrid SVM-based classifiers achieved the highest
identification accuracy, reaching up to 95.87% after Gaussian pyramid—based
smoothing. The study also highlighted the difficulty of acquiring high-quality images
due to cattle’s non-cooperative behavior and environmental constraints, emphasizing
the need for robust preprocessing techniques such as CLAHE and multi-level
smoothing. Overall, the research established that automated cattle face recognition is
both feasible and highly promising as a non-invasive, cost-effective, and scalable
solution for livestock identification, and it significantly influenced subsequent works

in visual animal biometrics.
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Arias et al. (2004) presented one of the earliest applications of digital image
processing integrated with neural networks for livestock assessment, focusing
specifically on estimating the live weight of Cebu cattle. Their study was motivated
by the limitations and ethical concerns associated with traditional weighing practices,
which often involve physical stress, manual handling, and increased chances of injury
for both animals and handlers. To address this, the authors developed an artificial
vision system (SAV) capable of deriving biometric measurements from overhead
images captured using a mounted color video camera. After digitization, the images
underwent preprocessing through median filtering to remove noise and segmentation
using both reference—object image differencing and video-sequence differencing
techniques, enabling semi-automatic isolation of the cattle contour. The study then
employed the Hotelling Transform (KLT) to extract rotation-invariant features such as
body area, perimeter, abdomen width, hip width, scapula width, and body length—
traits that exhibited high correlation with actual body weight. These extracted
measurements were fed into a multilayer feedforward neural network with two hidden
layers, which achieved a remarkably high correlation coefficient of 0.993 between
predicted and actual weights. The research demonstrated that computer vision
techniques combined with neural network modeling can reliably estimate cattle
weight without physical contact, thus reducing labor requirements, ensuring animal
welfare, and providing a foundation for future vision-based livestock monitoring

systems.




499 2.2 COMPARATIVE STUDY (BY USING TABLE)

S.No | TITLE AUTHOR PUBLICATION | METHODOLOGY | YEAR

1. RTDETR- Bingxuan Li, Journal of Real- | RTDETR-Refa 2025
Refa: A Real- | Jiandong Fang, Time Image model with
Time Yvdong Zhao Processing ResNet18 backbone,
Detection RepConv, and
Method for Efficient Multiscale
Multi-Breed Attention (EMA) for
Classification real-time multi-
of Cattle breed cattle

classification.

2. Deep- Orhan Ermetin, Copernicus CNN architectures 2025

Learning- Humar Publications (AlexNet,
Based Buffalo | KahramanhOrnek SqueezeNet,
Identification GoogLeNet,
Through ResNet101) trained
Muzzle Pattern on muzzle patterns
Images for buffalo
identification

3. Research Mun-Hye Kang, | Journal of Review of CNN- 2025
Trends in Sang-Hyon Oh Animal Science | based livestock
Livestock and Technology | facial identification
Facial techniques, datasets,
Identification and model

comparisons.

4. Integrating Shubhangi KeAi Chinese Al-IoT integrated 2025
Artificial Mahato, Roots Global framework for smart
Intelligence in | Suresh Impact dairy management
Dairy Farm Neethiranjan including disease
Management detection, feeding,

and yield prediction.

5. Identification | Yuanzhi Pan, MDPI Hybrid CNN 2024
of Buffalo Hua Jin, Jiechao integrated with
Breedsusing Gao, Hafiz biometric body
Improved Tayyab Rauf measurements for
CNN buffalo breed

recognition.

6. Su Larb Mon, Nature Portfolio | YOLOVS5 object 2024
Al-Enhanced ) : .

. Tsubasa Onizuka, detection with
Real-Time . i
Cattle Pyke Tin, Masaru DeepSORT tracking
Identification Aikawa, II_<uo for re_a!-tlrpe c_attle

Kobayashi, identification in




System ThiThi Zin open environments.
Through

Tracking

Across

Various

Environments

7. Image Dataset | Lili Bai, Egyptian Construction of a 2024
for Cattle Zhang Jie Song Informatics large-scale biometric
Biometric Journal dataset of cattle for
Detection and computer vision
Analysis model training.

8. Cattle Breed Rupak Jogi, Journal Of Comparative study | 2024
Classification | Gireesh Propulsion of CNN, ResNet,
Techniques Temburnikar, Technology DenseNet, and

Ajinkya Jadhav, EfficientNet
Atharva Biradar, architectures for
Satish Gajbhive, breed classification.
Abhijeet Malge

9. Al-Driven Munir Ahmad, Egyptian YOLOvV7 + SIFT 2023
Livestock Sagheer Abbas, Informatis feature extraction
Identification | Areej Fatima, Journal model for livestock
and Insurance | Taher M. Ghazal, identification and
Management Meshal Alharbi automated insurance
System verification.

10. | Ensemble VijayLakshmi A, | IACIDS E 2023

) nsemble model
Learn!ng P. i combining CNN,
Algorithm for Shanfnugavadlvg, SVM, and Random
Cattlg !Bret_ed S. Vijayalakshmi, Forest for improved
Ide_ntlflcatlon Shreyansh accuracy and
Using Padarha, -

. Do generalization.
Computer Sivaranjani R
Vision
Techniques

11. | Facial B He gong, _ H|_nda\_/v_| SK-ResNet with 2022
Recognition of Haohong pa_n, Lin | Scientific _ selective kernel
Cattle Based ch(j:n_, Talr!Ll Hu, | Programming attention for robust
on SK-ResNet | Shinjun Li, Yu multi-scale cattle

Sun, Ye Mu, . .
. facial recognition.
Ying Guo

12. Identification | YuanZhi Pan, MDPI Self-activated CNN | 2022
of Buffalo Hua Jin, Jiechao utilizing transfer
Breeds Using | Gao, Hafiz learning for accurate

Self-

Tayyab Rauf

buffalo breed




Activation identification.
13. . Md Ekramul KeAi Chinese Review of ML 2022
A Systematic .
. Hossain, Roots Global methods (SVM,
Review of
. Muhammad Impact KNN, CNN);
Machine . e
: Ashad Kabir, identified CNN and
Learning . .
. Lihong Zheng, hybrid models as
Techniques Dave L. Swai ¢ effect
for Cattle Srf:we M Véam,h most effective.
Identification awn McGrat
14. Automated YongLiang Qiao, Fro.ntlers |r.1 CNN + BI.LSTM + 2021
. Cameron Clark, Animal Science | Self-attention
Individual ) .
Cattle Sabrina Lomax, network for spatio-
Identification ge Izolng S tempor_a! cattle_
Using Video aobilige u,_ rgcognltlon using
_ Salah Sukkarieh video data.
Data: A
Unified Deep
Learning
Architecture
15. Individual Shijun Li, Lili Fu, | Plos One Lightweight CNN 2021
Dairy Cow Yu Sun, Ye Mu, | Publication with Squeeze-and-
Identification | Lin Chen, Ji Li, Excitation (SE)
Based on He Gong attention for efficient
Lightweight facial identification
Convolutional of dairy cows.
Neural
Network
16. | Image-based Rotimi-Williams | International Body pattern 2020
Individual Bello, Abdullah Journal of extraction, texture
Cow Zawawi Talib, Advanced analysis, classical
Recognition Ahmad Sufril Computer machine-learning
using Body Azlan Mohamed, | Science and classifiers for
Patterns Daniel A. Applications individual cow
Olubummo, recognition
Firstman Noah
Otobo
17. Cow Bree — A | Umar Bulletin of Electr | Dataset 2020
Novel Dataset | AkbarKhan, Saira | Eng & Inf development; Gabor,
for Fine- Moin U. Din, FCTH, Auto Color
Grained Visual | Saima Anwar Correlogram
Categorization | Lashari, Murtaja features; SMO, J48,
Ali Saare, Multiclass

Muhammad llyas

classification




18. Face Santosh Kumar, National PCA, LDA, ICA, 2016
Recognition of | Srikanth Tiwari, | Academy of CCIPCA, ILDA
Cattle: Can It | Sanjay Kumar Sciences feature extraction;
Be Done? Singh SVM-based cattle
face classification
19. Cattle Santosh Kumar, Springer Survey of biometric | 2017
Recognition: | Sanjay Kumar traits (muzzle
A New Singh patterns, facial cues,
Frontier in coat patterns),
Visual Animal analysis of SIFT,
Biometrics SURF, LBP, PCA,
ICA approaches
20. | Estimate of the | N.A. Arias, M.L. | Research gate Image acquisition, 2004
Weight in Molina, O. median filtering,
Bovine Gualdron two-stage
Livestock segmentation, KLT-
using Digital based feature
Image extraction,
Processing and feedforward neural
Neural network regression
Networks
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2.3 RESEARCH GAP

Based on the reviewed literature and existing bovine recognition systems, several core

research gaps have been identified:
2.3.1 Dataset Limitations for Indian Breeds

Despite significant progress in bovine recognition research across China, Pakistan,
and Western countries, Indian indigenous breeds remain underrepresented.

Existing datasets suffer from:
e Limited number of Indian cattle/buffalo breeds
« Few publicly available annotated datasets
o Lack of images representing real farm conditions

This restricts model generalization across India’s highly diverse livestock population.

2.3.2 High Inter-Breed Similarity & Fine-Grained Classification Challenges

Visual features of breeds such as Sahiwal vs Red Sindhi or Murrah
vsMehsanabuffaloes are extremely similar.
Existing models struggle with:

o Subtle coat pattern variations
« Similar horn morphology
« Nearly identical facial structures

This creates a fine-grained classification challenge requiring deeper, more
sophisticated CNN architectures.

2.3.3 Environmental & Capture Variability

Most studies rely on studio-like images or controlled environments.

Real-world Indian farm images include:
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e Variable lighting

e Mud, shadows, occlusions
e Background noise

e Moving animals

Existing models fail to adapt without robust augmentation and preprocessing

pipelines.

2.3.4 Limited Practical Deployment of Al Models
Although many research papers present high-accuracy models, very few:
e Provide a real-time mobile/web interface
o Integrate cloud or edge Al
o Design farmer-friendly systems
o Validate performance under field conditions

This limits practical adoption by farmers, veterinarians, and government agencies.

2.3.5 Absence of Unified Al Architecture for Multiple Breeds
Most existing studies identify only:

e One breed (e.g., Holstein, Jersey), or

e One buffalo species, or

« Individual animal recognition

A unified architecture capable of identifying multiple breeds across cattle and buffalo

categories simultaneously is still missing.
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4. METHODOLOGY

The proposed methodology outlines the structured approach used to develop an Al-

driven Image-Based Bovine Breed Recognition System capable of automatically

identifying Indian cattle and buffalo breeds. The methodology consists of six

sequential phases: dataset acquisition, preprocessing, CNN model design, training and

validation, system integration, and deployment.

3.1 OVERVIEW OF PROPOSED METHODOLOGY

The proposed methodology follows a structured pipeline combining:

1.

6.

Dataset Collection & Annotation

Image Preprocessing

CNN Model Development

Model Training & Optimization

System Integration (Web/Mobile Application)

Evaluation & Validation

This methodology ensures robust performance in real-world livestock conditions.

o Dataset Collection
:D: Data Preprocessing
> Model Design

’f Iiﬁ | Training & Optimization

Fig 3.1 System Workflow
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3.2 DATASET COLLECTION AND PREPARATION

To build a robust deep learning system, a diverse dataset of bovine images is required.
The dataset will include multiple Indian breeds captured under real-world conditions.

Image Sources
e Public datasets (CowBree, SK-ResNet)
o Field images captured from dairy farms
o Veterinary hospitals and livestock fairs
o Government livestock databases (where available)
Breed Categories Included
o Cattle: Gir, Sahiwal, Tharparkar, Ongole, Kankrej, Red Sindhi

o Buffalo: Murrah, Mehsana, Jaffarabadi, Surti

3.2.1 Dataset Structure Table

Breed Species No. of Images  View Type Capture Conditions
Gir Cattle 500 Front, Side Outdoor, shadow
Sahiwal Cattle 450 Side Muddy background
Murrah Buffalo 600 Front Low light

Mehsana Buffalo 520 Front, Side Indoor




582 3.3 IMAGE PREPROCESSING PIPELINE

583  Preprocessing improves image quality, enhances relevant features, and reduces noise.

584 It ensures that all images fed into the CNN model are uniform and optimized.

585  Steps Included:

586  1.Resizing
587  All images are resized to 224x224 pixels for CNN input compatibility.

588 2.Normalization

589  Pixel values normalized to the range [0, 1].

590 3.DataAugmentation

591  Used to simulate real-varied field conditions:

592 « Random rotation

593 o Horizontal and vertical flipping
594 « Random zoom

595 o Brightness changes

596 o Contrast adjustments

597  4.Noise Reduction

598  Gaussian/median filtering to remove dust, mud, and visual noise.

599  3.3.1 Preprocessing and Augmentation Techniques Table

Technique Purpose Example Operation
Resizing Standard CNN input 224x224 pixels
Normalization Stabilizes training Pixel + 255

Rotation Adds pose diversity +25°

Brightness Shift Simulates sunlight variation +/- 30%

Zoom Avoids overfitting 10% random zoom

600

601




602 3.4 CNN MODEL ARCHITECTURE

603  Convolutional Neural Networks (CNNs) are used due to their strong ability to extract
604  spatial features such as horn shape, coat texture, ear orientation, and facial patterns.

CNN Model Architecture

- > - ofo-

Input Convolution Activation Fully Softmax
Image Layers (ReLU) Connected Layer
Detect local Introduces Layer Outputs
patterns (skin, non-linearity Combines breed
horn, texture) features for  probabilities

classification

Mathematical Functions Used

\ Cross-Entropy RelLU Softmax
Loss Activation Probability Function

606  Convolutional Layers

605

607  These layers extract features using kernels.

Y, )) = (X *K)(@,j) = Z Z X(i +m,j +n) K(m,n)
m n
608
609  Activation Function (ReLU)
610  Introduces non-linearity:

f(x) = maxi0, x)
611

612  Pooling Layer

613  Reduces dimensionality and computation.




Y = maxi{X)
614

615  Fully Connected Layer

616  Aggregates learned features for classification.

0=fQ) WX +h)
J
617

618  Softmax Output Layer

619  Converts scores to breed probabilities:
P(y;) = %
j=1 €”
620 3.5 MODEL TRAINING AND OPTIMIZATION
621  The CNN is trained using labeled bovine images to accurately classify breeds.
622

623  Loss Function

624  Categorical Cross-Entropy Loss:

k
L==>" ylogi)
i=1
625
626  Optimization Algorithm

627  Using Adam optimizer:

0 1:9—a
t+ t v + €

628

629  Training Parameters




Parameter Value

Epochs 50-100
Batch Size 32
Learning Rate 0.001
Validation Split 20%

630

631 Evaluation Metrics

632 e Accuracy
633 e Precision
634 e Recall
635 e Fl-score
636 o Confusion matrix
Training Accuracy Curve
1.0
|
10.8
l0.6
0.4
05|
0 5 10 15 20 25 30 25
Epoch
637
638 Fig 3.5 Training Accuracy Curve

639




640 3.6 SYSTEM INTEGRATION

641  After achieving desirable accuracy, the trained model is integrated with a web-based
642  interface using Flask/Django.

643 User Interface Features

644 e Upload image of cattle/buffalo
645 e Instant breed prediction

646 o Confidence score display

647 o Breed information popup

648 o Database logging of predictions

649  Backend Features

650 e CNN model stored as a serialized file
651 « Preprocessing + inference pipeline
652 o Scalability options using cloud deployment
(1.0
|
0.6
0.2
0.0
0.2

0 5 10 15 20 25 30 25
Loss

653

654 Fig 3.6 Training Loss Curve
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3.7 TESTING AND VALIDATION

The model is validated on unseen real-world images not included in training.
Testing Conditions

« Different angles (front, side, oblique)

« Different lighting (sunlight, shade, indoors)

o Dirty, muddy, partially occluded images

e Mixed farm backgrounds
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5. PERFORMANCE & OUTPUT

This chapter presents the expected outputs, model performance, visual results, and
interpretation of findings for the Image-Based Bovine Breed Recognition System.
Since the project is in progress, the results discussed here represent the proposed
outcomes after training and testing the CNN model on a diverse dataset of Indian
cattle and buffalo breeds.

The proposed results aim to demonstrate that the system can effectively classify
bovine breeds with high accuracy and robustness, even under real-world
environmental variations such as lighting changes, mud, shadows, and pose

differences.

4.1 PROPOSED RESULTS

The deep-learning model (CNN/ResNet-based) is expected to generate several
measurable outputs that validate the system’s accuracy and reliability. These results

will be obtained after dataset training, validation, and testing phases.
Expected Classification Accuracy

Based on literature trends and the proposed methodology, the model is expected to

achieve:

Evaluation Metric  Expected Value

Training Accuracy 95-97%
Validation Accuracy 90-95%
Testing Accuracy 88-94%
Precision 89-95%
Recall 88-94%
F1-Score 90-95%
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4.1.1 Class-Wise Breed Identification Result Table

The system is expected to produce predictions for each breed category with varying

confidence scores.

Breed Species Expected Accuracy  Confidence Score (%0)
Gir Cattle 92% 90-95
Sahiwal Cattle 90% 88-93
Tharparkar Cattle 88% 85-90
Murrah Buffalo 93% 92-96
Mehsana Buffalo 91% 89-94
Jaffarabadi Buffalo 90% 88-92

Proposed Confusion Matrix Interpretation
A confusion matrix will help analyze the correctness of predictions.
Expected Observations

o High diagonal values — strong correct classification

« Misclassifications may occur between visually similar breeds

« Buffalo breeds generally show slightly higher accuracy due to distinct facial &

body features
Sample Output Interface
When a user uploads an image, the system will return:
e Predicted Breed
o Confidence (%)

o Explanation/feature heatmap (optional Grad-CAM)




698 o Textual description of breed characteristics

Sample Output Ul

Breed

Murrah

Confidence

98.4%

699

700 Fig 4.1.4 Sample Output Ul
701  Diagnosis and Recommendation

702  The system is expected to provide diagnostic insights based on visual breed traits
703  learned through CNN layers. Although the project focuses on breed recognition, the
704  same framework can be extended to offer:

705  Diagnosis

706 « ldentification of abnormal physical patterns
707 « Detection of inconsistent body traits (useful for cross-breed identification)
708 e Highlighting regions used for classification (via heatmaps)

709  Recommendations
710 e Suggestions for correct breed documentation

711 e Advisories for farmers during purchase/sale
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o Alerts in cases where classification confidence is low
e Recommendations to retake the image under better lighting conditions

These diagnostic-support features enhance usability and ensure accurate decision-

making for livestock.

4.2 PROPOSED DISCUSSION

This section interprets the proposed performance outcomes and discusses the overall

impact of the system on livestock management.
Interpretation of Expected Results
The proposed results indicate that:

1. High model accuracy shows that CNNs can effectively handle fine-grained

breed differences.

2. Confidence scores above 90% ensure reliable on-field use for farmers and

veterinarians.

3. Augmentation strategies help the system perform well under low light,
shadow, and muddy conditions.

4. Buffalo breeds are easier to distinguish due to distinctive facial anatomy.

5. Cattle breeds, especially Sahiwal vs Red Sindhi or Gir vs Tharparkar, pose a
greater challenge due to subtle morphological differences.

Impact of Predictive Outbreak Alert System

Though the current project focuses on breed recognition, integrating the CNN model
with livestock health data could eventually support:

Predictive Disease Alert Capabilities

e Monitoring visual symptoms (sores, lesions, swelling)
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o Early identification of skin-related diseases

e Tracking onset of mastitis or parasitic outbreaks
Benefits

e Reduces veterinary diagnosis delays

e Prevents spread of infections across herds

e Supports decision-making for quarantine or medication

« Strengthens government livestock monitoring systems

Practical Applications of Proposed System
e Livestock Census Automation
o Digital Breed Certification
o Cattle Trading Platforms (e-PashuHaat)
o Research and genetic studies

o Farm-level precision livestock management

Limitations of Proposed Results
« Lower accuracy in extreme lighting
« Misclassification between visually similar breeds
o Dataset imbalance may affect minority breed prediction
e Occluded or partially visible animals reduce prediction confidence

These limitations will be addressed during model refinement and dataset expansion.
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5. CONCLUSION & FUTURE WORK
5.1 CONCLUSION

The proposed Image-Based Bovine Breed Recognition System successfully
demonstrates how deep learning can be leveraged to automate the identification of
Indian cattle and buffalo breeds. The study highlights the importance of digitizing
livestock management practices in India, where manual breed identification is prone

to subjectivity, inaccuracies, and inconsistencies.

Using a CNN-based architecture, combined with systematic preprocessing,
augmentation, and fine-tuning, the system is expected to achieve high levels of
accuracy and robustness. The model can recognize visually similar breeds by focusing
on key morphological traits such as horn shape, coat pattern, ear orientation, and body
structure. The inclusion of a user-friendly web interface ensures that the system
remains accessible to farmers, veterinarians, and government agencies for real-world

applications.

The work demonstrates the feasibility of creating a scalable, Al-based livestock
recognition framework that can support national initiatives such as Rashtriya Gokul
Mission and improve overall traceability, breed documentation, and livestock census

activities.
In summary, the proposed model:
o Provides high-accuracy breed classification,
e Works under diverse environmental conditions,
e Supports real-time predictions through a web interface,

e Has strong potential for extension into disease detection and livestock

monitoring.

Thus, the system represents a significant step toward smart livestock management and

precision dairy farming in India.
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5.2 FUTURE WORK

Although the proposed system shows promising results, several enhancements can

improve accuracy, efficiency, and real-world usability.
Dataset Expansion

o Expand dataset to include more breeds like Ongole, Hallikar, Badri, Khillar,

Pandharpuri, etc.

e Collect controlled and uncontrolled field images (sunlight, night-time, rain,

mud).
o Add labeled metadata (age, sex, lactation stage) for advanced analytics.
Model Improvement

o Integrate advanced architectures such as EfficientNet, Vision Transformers
(VIT), or MobileNetV3.

e Implement Attention Mechanisms to improve fine-grained feature

understanding.

o Apply model compression/quantization for faster mobile deployment.
Mobile App Deployment
Develop a smartphone app with:

o Offline model inference using TensorFlow Lite

o GPS tagging for livestock location

o Breed-based advisory and dairy productivity insights
Disease & Health Monitoring Module
Extend the same CNN framework to detect:

o Skin infections

o Lameness
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o External injuries
e Mastitis symptoms

o Parasite infestations

This transforms the system into a full livestock health monitoring solution.

Integration with Government Platforms

Integrate with:

« NADCP (National Animal Disease Control Programme)

e INAPH (Information Network for Animal Productivity and Health)

o e-PashuHaat and Pashu Sakhi apps
Explainable Al (XAl) Integration
Enhance transparency using:

e Grad-CAM heatmaps

o Feature-importance maps

e Visual explanation panels for farmers
Multi-species Expansion

Extend the model to recognize:

o Goats
e Sheep
e Horses
e Camels

This increases the broader agricultural impact.
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