
                           International Scientific Journal of Engineering and Management (ISJEM)                                ISSN: 2583-6129 
                                  Conference Proceedings: Volume: 05 ACME – 2026                                                                                         DOI: 10.55041/ISJEM.ACME118                                                                                                                                       

                                  An International Scholarly || Multidisciplinary || Open Access || Indexing in all major Database & Metadata        

 

© 2026, ISJEM (All Rights Reserved)     | www.isjem.com                                                                                                 |        Page 1 
 

Smartlivestock: An Efficient CNN-Based Approach for Automated Cattle 

Breed Identification 

MOKKALA KIRAN MONI, 

Assistant Professor, Department of CSE 

Annamacharya Institute of Technology And Sciences, 

Tirupati-517520, A.P 

kiranmonireddy@gmail.com 

TANDERI VISHNU PRIYA, 

UG Scholar, Department of CSE 

Annamacharya Institute of Technology And Sciences, 

Tirupati-517520, A.P 

priyapriya125sss@gmail.com 

 

Abstract -- Accurate cattle breed identification plays a 

vital role in modern livestock management by supporting 

genetic preservation, efficient breeding practices, and 

improved productivity. Although deep learning 

techniques have shown strong performance in image-

based classification tasks, many existing approaches 

primarily emphasize accuracy under controlled 

conditions, with limited focus on real-world deployment. 

This paper presents a Visual Intelligence Framework for 

automated cattle breed recognition using a transfer 

learning approach based on the MobileNetV2 

convolutional neural network. The proposed system 

integrates image preprocessing, deep feature extraction, 

and a confidence-based prediction mechanism to 

enhance robustness under varying environmental 

conditions such as lighting, background complexity, and 

pose variations. In addition to model performance, the 

framework prioritizes computational efficiency and 

deployment feasibility. A web-based interface is 

developed to enable real-time interaction with the trained 

model. Experimental results demonstrate that the system 

achieves reliable classification performance with low 

computational overhead, making it suitable for practical 

livestock monitoring applications. 

Keywords -- Cattle breed classification, deep learning, 

transfer learning, MobileNetV2, image-based 

recognition, smart livestock management, agricultural 

AI. 

I.  Introduction 

Cattle breed recognition plays a crucial role in modern 

livestock management by enabling informed breeding 

decisions, preserving genetic diversity, and improving 

overall productivity. Accurate identification of cattle 

breeds allows farmers and livestock managers to monitor 

herd composition, maintain breed purity, and support 

effective farm management practices.Nevertheless, 

conventional approaches to identification are very 

manual-labor-intensive; they are also subjective and 

cannot be scaled in large or dynamic farms. The latest 

computer vision and deep learning developments have 

presented automotive substitutes to visual recognition 

processes. This is especially true of Convolutional 

Neural Networks (CNNs) which have been shown to be 

capable of learning discriminative visual features 

directly off the images. Their hierarchical nature in 

extracting features enables models to not only extract 

low-level features, such as, edges and textures, but also 

high level semantic features, such as, body structure and 

appearance. These characteristics render the CNN-based 

methods desirable to the cattle breed recognition. Photos 

that are taken in the farm settings are known to have an 

inconsistency in lighting, the complexity of the 

background, the body position, and the quality of the 

picture. This variability may decrease prediction 

confidence and restrict the practical utility of typical 

classification pipelines. In order to overcome such 

difficulties, this paper introduces a Visual Intelligence 

Framework of automated breed recognition of cattle 

using transfer learning. The suggested system utilizes a 

lightweight MobileNetV2 network to obtain deep visual 

features at a low cost and with minimal computation. The 

framework does not emphasize the complexity of models 

but system-level robustness and deployability. The given 

methodology is aimed to serve in the field of practice-

based livestock management situations where breed 

prediction can be automated, more reliable, and 

interpretable. 
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II.  Literature Survey 

Computer vision and deep learning techniques have 

significantly advanced cattle identification systems in 

recent years. Early advancements in object detection, 

such as YOLO-based models, improved real-time 

detection accuracy and efficiency in complex 

environments [1]. Traditional machine learning 

approaches like Random Forest and boosting algorithms 

such as XGBoost have also contributed to classification 

tasks by improving prediction accuracy and reducing 

errors [2], [3]. 

To address data scarcity and adaptability challenges, 

meta-learning approaches were introduced, enabling 

models to quickly adapt to new datasets with minimal 

training samples [4]. In parallel, multi-modal approaches 

combining depth and RGB data improved robustness in 

livestock identification by capturing both texture and 

structural features [5]. 

Region-based deep learning models such as Mask R-

CNN and Faster R-CNN further enhanced object 

detection and segmentation performance, enabling 

accurate identification in crowded herd environments 

[6], [12]. Deep convolutional architectures like ResNet 

improved feature learning by addressing vanishing 

gradient issues, while large-scale CNN models 

demonstrated strong performance in image classification 

tasks [7], [8]. 

Biometric approaches, such as muzzle pattern 

recognition, were proposed as non-invasive alternatives, 

providing reliable identification without stressing 

animals [9]. Additionally, CNN-based image feature 

extraction methods enabled effective cattle breed 

classification by capturing discriminative visual 

characteristics [10], [11]. 

Metric learning approaches, such as FaceNet, introduced 

embedding-based identification techniques, allowing 

models to distinguish between individual cattle in 

unconstrained environments [13]. Deployment-focused 

research emphasized scalable solutions using cloud-

based platforms for managing and deploying deep 

learning models in agriculture [14]. 

More recently, real-time cattle identification systems 

using YOLO-based deep learning models have 

demonstrated improved performance in practical farm 

conditions, enabling efficient and automated livestock 

management [15]. 

 

III.  Methodology 

The proposed Visual Intelligence Framework for 

automated cattle breed recognition utilizes a deep 

learning–based approach to achieve reliable 

classification in real-world agricultural environments. It 

combines image preprocessing, transfer learning–based 

feature extraction, probabilistic classification, and 

performance evaluation into a unified pipeline. The 

workflow follows a sequence of stages that convert raw 

cattle images into accurate breed predictions. 

 

Fig. 1. System architecture of the proposed transfer 

learning-based cattle breed classification framework. 

A. Data Collection and Dataset Description 

The dataset consists of labeled cattle images belonging 

to five breed categories: Jersey, Red Dane, Holstein 

Friesian, Ayrshire, and Brown Swiss. Images are 

captured using standard digital cameras or mobile 

devices, resulting in variations in illumination, 

background complexity, pose, and viewing angle. This 

data diversity ensures that the model learns robust visual 

representations suitable for practical farm environments 

rather than controlled laboratory settings. 

 

Fig. 2. Sample dataset images of selected cattle breeds 

for deep learning–based classification. 

B. Data Preprocessing and Normalization 

To ensure compatibility with the deep learning model, all 

input images are resized to a fixed spatial resolution. 
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Pixel intensity normalization is applied to scale image 

values into a uniform range, improving numerical 

stability and convergence during training. Image 

normalization is expressed as: 

𝐼′ =
𝐼

255
 

where 𝐼denotes the original image and 𝐼′represents the 

normalized image. This preprocessing step reduces the 

impact of lighting variations while preserving important 

visual features such as coat texture and body structure. 

C. Transfer Learning-Based Feature Extraction 

The main core feature extraction is carried out with the 

help of a Convolutional Neural Network (CNN) whose 

weights are pre-trained. Transfer learning approach is 

used instead of training the network directly and using 

already trained generic visual patterns of edges, contours 

and textures. The convolutional layers are trained in 

advance and kept as fixed feature extractors which makes 

it efficient to learn at low computational cost. 

The feature extraction process is mathematically 

represented as: 

F = 𝑓CNN(𝐼
′) 

where 𝑓CNN(⋅)denotes the convolutional feature 

extraction function and Frepresents the high-level feature 

vector obtained from the normalized input image. 

D. Breed Classification and Decision Making 

The feature vector that has been extracted will be sent to 

fully connected layers, which will do the multi-class 

classification. A softmax activation is provided to 

produce probability scores on the possible classes of 

cattle breast. This softmax can be characterized as: 

𝑃(𝑦𝑖 ∣ F) =
𝑒𝑧𝑖

∑ 𝑒𝑧𝑗𝐶
𝑗=1

 

where 𝐶represents the total number of breed classes and 

𝑃(𝑦𝑖 ∣ F)denotes the predicted probability for class 𝑖. 

The breed corresponding to the highest probability value 

is selected as the final prediction. 

E. Training Strategy and Performance Evaluation 

The model is opt imized with respect to a labeled 

image to train it. The training is done repeatedly among 

epochs to enable the network to acquire discriminative 

breed-specific features. The model performance is 

measured using the training and validation data in order 

to determine the ability to learn as well as the 

generalization performance. The accuracy of the 

classification is calculated as: 

Accuracy =
Number of Correct Predictions

Total Number of Samples
× 100 

The experimental results demonstrate strong learning 

behavior, with high training accuracy and reasonable 

validation accuracy under diverse image conditions. 

F. Result Generation and Analysis 

In inference, the trained model takes unseen images of 

cows and gives a predicted breed and a probability score. 

Through this probabilistic output, the confidence 

interpretations of the results are achievable, and as a 

result predictions made, which are applicable even in the 

real-world livestock monitoring situations. 

G. System Design Significance 

In contrast to the traditional framework of stationary 

image classification models, the offered methodology is 

built on the focus of robust features learning, 

computational efficiency and deployment preparedness. 

Transfer learning, probabilistic classification plus 

systematic evaluation allows proper recognition of cattle 

breeds and remains practical in terms of application to 

the agricultural world. 

The framework uses a Convolutional Neural Network 

(CNN) which is built on the MobileNetV2 scheme as the 

underlying classification algorithm. MobileNetV2 is 

chosen because it has a lightweight architecture, 

depthwise separable convolutions, and is applicable to 

install on resource-constrained devices. MobileNetV2 is 

capable of reaching a compromise between 

computational efficiency and accuracy, which is unlike 

heavyweight CNNs and suitable in real-time applications 

to agriculture. 

Transfer Learning Approach 

The given system uses transfer learning in order to avoid 

the possibility of training a deep network on the initial 

level. It uses a MobileNetV2 model that is pre-trained on 

a large-scale image database as a feature extractor. The 

trained convolutional layers store learnt representations 

of general visual patterns like edges, contours and 

textures. This training just freezes these layers and new 

classification layers are also trained in order to identify 

cattle breeds. This plan saves time on training and 

enhances in generalization. 
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Fig. 3. Transfer learning workflow for deep CNN-based 

cattle breed classification using MobileNetV2. 

IV.  Results and Discussions 

The proposed Visual Intelligence Framework for 

Automated Recognition of Cattle Breeds was evaluated 

using a deep learning model trained over 20 epochs. The 

performance analysis focuses on classification accuracy, 

generalization behavior, and practical reliability under 

real-world conditions. 

A. Model Accuracy Assessment 

The training accuracy of the MobileNetV2-based model 

was 98% which reflects the effective learning of such 

visual features of the breed specificity like the coat 

texture, body structure and shapes pattern. The training 

accuracy is high, which proves that transfer learning can 

be effective in the recognition of breeds of cattle when 

there is a small amount of training data. 

The validation score was found to be 71 percent, 

indicating how difficult it is to work with unconstrained 

agricultural images. Disagreements in lighting, cluttered 

background, variation in posture, and visual relatedness 

between different breeds of Jersey and Brown Swiss 

influence reduced validation performance. This level of 

accuracy can be regarded as reasonable when applied to 

the real-life situations with livestock, as images are taken 

when the conditions are non-uniform. 

Fig. 4. Table Representing Training and Validation 

Accuracy  

Metric Value 

Number of Cattle 

Breeds 

5 

Training Epochs 20 

Training Accuracy 

(%) 

98.14 

Validation Accuracy 

(%) 

69.87 

 

 

Fig. 5. Comparison of training and validation accuracy 

for the proposed cattle breed classification model. 

B. Performance Gap Analysis 

The gap between the training and the validation accuracy 

is observed to be a result of moderate overfitting. This is 

however to be expected when working with deep models 

when the data to be trained on are relatively small. The 

system incorporates a confidence-sensitive decision 

mechanism to reduce the effects of prediction 

uncertainty; however, during deployment, low-

confidence results are suppressed, and the system is 

expected to be more reliable. 

C. System Performance and Efficiency 

It is contrary to the benchmark-based research in which 

the values of absolute accuracy are not as important as 

the robustness of systems and their deployment 

feasibility. MobileNetV2 architecture is also lightweight 

and thus the system is applicable in the web based and 

resource-constrained environments because of the low 

computational overhead. The integration of 

preprocessing, feature extraction, classification, and 

visualization of results allows showing the possibility of 

using deep learning models in practice in managing 

livestock. 

D. Future Research Directions 

In as much as the framework is effective, there are 

limitations to it. By using bigger datasets and more 

varied data, using multi-view images, or data 
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augmentation methods, the classification performance of 

visually similar breeds can be further enhanced. It could 

also be done in the future to investigate the fine-tuning 

of deeper layers of the network and incorporating time-

based information and picture sequences to improve 

stability in the prediction. 

E. Summary of Findings  

The findings have shown that although perfect 

generalization is hard to achieve in real world, the 

presented system gives reliable and explainable 

predictions that can be useful in making decisions. The 

transfer learning approach and the concept of 

confidence-aware classification allow the system to align 

the precision and realistic application. This means that 

additional refinements in the future (e.g. increasing the 

size of the dataset and more sophisticated regularization 

methods) should lead to a further enhancement of 

validation performance. 

V.  Conclusion 

The intended audience of this paper was given a Visual 

Intelligence Framework of Automated Recognition of 

Cattle Breeds that will be applied to the practical 

environment of livestock. The framework combines 

lightweight deep learning with system-level intelligence 

to make credible identification of the breed when no 

constraints are provided on imaging.Using a 

convolutional neural network based on the transfer 

learning of MobileNetV2, it can successfully extract The 

gap between the training and the validation accuracy can 

be seen as a consequence of moderately good overfitting. 

This is of course likely to occur when dealing with deep 

models in situations when the data which is to be trained 

on are very small. The system will use a confidence-

sensitive decision mechanism to minimize the impact of 

uncertainty in prediction but, when deployed, the results 

with low confidence are suppressed, making the system 

more plausible. 

Discussion 

The results have demonstrated that it is not extremely 

easy to make perfect generalization in real world, but the 

presented system provides predictions that are reliable 

and explainable and can be utilized during decision 

making. The concept of confidence-aware classification 

coupled with the transfer learning approach can enable 

the system to match the precision and application 

realism. It implies that further improvements of the 

algorithm in the future (e.g. making the data size bigger 

and more intricate regularization techniques) will result 

in another improvement of validation performance. 

computational complexity. It is also featured with 

adaptive preprocessing and confessional classification 

method, which enhance the reliability of predictions by 

discouraging the uncertainty results that are crucial in 

practice in agricultural application. Experimental results 

illustrate that the proposed framework had an excellent 

training performance and decent validation accuracy 

with experimental on a variety of cattle breeds. All in all, 

the article provides an insight into how deep learning and 

sound system structure should be interconnected as the 

entire work implicates the implication of transferring 

cattle breed detection out of the closed research 

environment and into the environment of livestock 

management tools accessible to non-technical clients. 
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