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Abstract 

Cattle identification is essential for distinguishing individual animals, enabling effective 

tracking of disease progression, vaccination management, production monitoring, ensuring 

traceability, and establishing ownership. Recently, there has been a notable shift toward the 

automation of cattle identification, largely driven by advancements in machine learning (ML) 

and computer vision technologies. This paper provides a comprehensive review of various 

aspects of cattle identification techniques in the context of animal husbandry, exploring 

multiple facets of the field. It examines tag-based approaches that focus on hardware 

solutions, DNA feature-based methods emphasizing genetic identification, and visual feature-

based approaches leveraging biometric data. Additionally, the paper discusses machine 

learning-based methods, deep learning techniques, and integrated learning approaches that 

combine both ML and Deep learning (DL) strategies for enhanced identification accuracy. 

Through this structured analysis, the paper aims to highlight the strengths and applications of 

each method in the advancement of cattle identification practices. Furthermore, the study 

investigates the standard image and video based datasets utilized in these models, 

emphasizing their characteristics, scale, and relevance to real-world applications. A thorough 

meta-analysis of key performance metrics is conducted to evaluate the effectiveness of 

different cattle identification approaches. Through this analysis, the paper aims to elucidate 

the strengths and limitations, offering valuable insights for future research and practical 

implementations in cattle identification. 

 

Keywords: Cattle identification, Animal husbandry, Machine learning, Artificial 
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1. Introduction 

The increasing demand for reliable livestock identification and tracking systems stems from 

growing concerns regarding food safety and supply chain integrity. The need for accurate cattle 

identification has evolved into a dual issue, impacting both human health and the effective 

management, conservation, and productivity of cattle. Cattle identification encompasses both 

detection and recognition, employing various algorithms and models to automatically identify 

and classify individual cattle based on unique characteristics, such as facial features, body 

markings, or biometric data, including ear tags or Radio Frequency Identification (RFID) 

implants. Key components of precision livestock management include disease diagnosis, 

vaccination, tracking, productivity management, and the monitoring of animal welfare and 

health [1][2]. Traditional ranching practices rely on methods such as electronic devices [3], ear 

notching, and ear tagging [1] to identify individual cattle. However, these approaches present 

challenges, including tag loss, duplication, device malfunction, and tag number fraud, which 
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can complicate livestock management. To overcome these limitations, automatic cattle 

identification systems have been developed using image processing techniques, particularly 

deep learning, to replace manual identification methods [4]. Advances in computer vision have 

made the use of visual traits for cattle identification a compelling alternative [5][6][7][8][9]. 

Visual feature-based identification systems leverage distinct traits to differentiate between 

breeds and individual animals [10][11]. In recent years, ML and DL methods have gained 

widespread adoption for automatically identifying cattle using visual cues [12][13][7][14][15][16]. 
Furthermore, monitoring cattle behavior and movement in dairy farms can provide valuable 

insights into their health and well-being. The empirical monitoring of animal welfare has 

emerged as a critical concern for both livestock producers and consumers [17]. Subsequently, 

EU law has gradually expanded to improve the welfare of animals raised for farming purposes. 

Additionally, existing European Union regulations related to organic farming emphasize strict 

adherence to animal welfare standards, requiring farmers to meet the unique behavioral needs 

of animals [18]. 

 

ML and DL are two significant areas of Artificial intelligence (AI) that address complex 

problems by making decisions automatically. As fundamental branches of AI, both ML and 

DL focus on developing computer systems capable of learning from data and independently 

making predictions or judgments [19]. ML involves creating algorithms designed specifically 

to identify patterns in data and generate predictions or judgments without the need for explicit 

programming. These algorithms acquire knowledge using labeled datasets, where input data is 

matched with corresponding output labels [20]. ML algorithms can be divided into supervised 

learning, where the algorithm learns from labeled data; unsupervised learning, where it trains 

on unlabeled data to identify patterns independently; and reinforcement learning, where the 

algorithm learns to make decisions based on feedback from its environment [21][22]. DL, a 

specialized branch of ML, leverages Artificial Neural Networks (ANN) to analyze and extract 

insights from data. DL models consist of multiple layers of interconnected nodes or neurons 

that process a sequence of transformations on the input data [23][24]. These models are 

particularly effective for handling large and complex datasets and extracting intricate patterns. 

DL models are trained using back-propagation, a process where prediction errors are 

propagated backward through the network to adjust the weights of neuron connections. Deep 

learning has demonstrated remarkable success in tasks such as audio recognition, image 

processing, autonomous driving, and natural language processing due to its ability to acquire 

and represent hierarchical structures from data. 

The paper examines the latest literature to identify applications of ML techniques in 

animal husbandry [25][26]. The study addresses challenges and other key aspects related to the 

importance of using ML in animal husbandry, focusing on cattle identification, animal 

husbandry, ML, AI and DL [27][28]. 

1.1 Motivation 

1. The motivation behind Cattle Identification in Animal Husbandry Using ML Techniques 

stems from the increasing demand for efficient and accurate livestock management. 

Traditional identification methods, such as ear tagging and RFID implants, often present 

challenges like tag loss, duplication, and device failure, which can lead to inefficiencies in 

tracking, health monitoring, and productivity management. As the livestock industry 

grows, ensuring precise identification and tracking of cattle is essential for improving 

disease control, optimizing herd management, and enhancing food safety.  
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2. Machine learning (ML) techniques, particularly in the areas of computer vision and deep 

learning, offer promising solutions to overcome the limitations of traditional methods. By 

leveraging advanced algorithms, ML can automate the identification process, using unique 

visual and biometric traits to recognize individual cattle. This not only improves accuracy 

and efficiency but also supports the broader goals of precision livestock farming, including 

better health monitoring, welfare assessment, and increased productivity.  

3. The integration of ML techniques into cattle identification addresses the industry's need for 

scalable, reliable, and non-invasive solutions, paving the way for more sustainable and 

technologically driven livestock management practices. 

1.2 Challenges  

Addressing challenges in the field of cattle identification is crucial for advancing and 

facilitating the development of practical, scalable solutions for farmers worldwide. 

Following are the classified categories outlined for the challenges in this area [8][29-37] - 

• Manual Annotation and Classification: Annotating and classifying massive datasets 

for effective model training requires significant time and financial investment. Accurate 

annotation of ear tags, coat patterns, and facial traits is essential, but labor-intensive. 

• Consistency in Labeling: Ensuring consistent labeling across annotators poses a 

challenge, as interpretations of features may vary among individuals, leading to 

discrepancies in dataset quality and model performance. 

• Logistical Challenges in Large-Scale Deployment: Deploying machine-learning 

models for large-scale cattle identification across diverse farms and ranches presents 

logistical hurdles. Achieving widespread acceptance requires scalable, efficient, and easy 

to deploy solutions, particularly in resource-constrained environments. 

• Regulatory Compliance: Compliance with regulatory standards and guidelines 

concerning animal welfare, data privacy, and food safety is critical for the adoption of 
ML-based cattle identification systems. Ensuring adherence to these regulations adds complexity 

to system development and deployment processes. 

• Data Quality and Availability: Ensuring the quality and availability of annotated 

datasets, particularly in regions with limited resources or infrastructure, presents a 

challenge for training accurate and reliable DL models for cattle identification. 

• Environmental Variability: Environmental factors such as lighting conditions, weather, 

and terrain variability can affect the performance of DL models in cattle identification 

tasks, necessitating robustness and adaptability in model design and training strategies. 

• Transferability and Generalization: Ensuring the transferability and generalization of 

trained models across different cattle breeds, ages, and environmental conditions is 

essential for real-world deployment, but requires careful consideration of model 

architecture, training data diversity, and domain adaptation techniques. 

1.3 Research Contribution 

The current study aims to categorize various aspects of cattle identification, from traditional to 

machine learning (ML) and deep learning (DL) techniques. It investigates the invariant features 

that are essential for efficient cattle identification, analyses the ML models commonly used in 

this field, and examines the specific DL models applied for this purpose. Additionally, the study 
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explores the datasets employed in cattle identification research and identifies the challenges 

encountered in addressing this issue. These focus areas highlight where ML can be effectively 

utilized to enhance cattle management and improve practices within animal husbandry. 

The paper is structured as follows: Section 2 offers a thorough review of the literature, 

highlighting different aspects of cattle identification. Section 3 details standard datasets, while 

Section 5 examines standard performance parameters. Finally, Section 6 summarizes the key 

findings and insights, concluding the paper.  

2. Various aspects of Cattle Identification 

The literature reveals various trends and categories of techniques effectively employed for 

cattle identification. Farmers have adopted individualized management strategies, 

recognizing that accurate cattle identification is essential for genetic improvement, disease 

control, biosecurity, and efficient supply chain management. Common identification 

methods include ear tagging, DNA analysis, and visual feature-based approaches. Biometric 

indicators used for cattle identification include DNA profiling, antibody matching, muzzle 

pattern recognition, and facial feature analysis [1]. These biometric modalities exhibit 

phenotypic and genomic traits unique to each animal, are resistant to tampering, remain 

stable over time, and ensure minimal impact on the animal’s health. 

The literature analysis is organized around specific themes derived from existing 

research, including ML and DL techniques for cattle identification based on image 

processing and computer vision. The various aspects of cattle identification approaches, 

presenting studies and methods aligned with each category for a comprehensive 

understanding of the field, are as follows:  

 

1. Hardware Aspect: Tag based Approaches 

2. DNA Aspect: DNA feature based Approaches 

3. Biometric Aspect: Visual Features based Approaches 

4. Machine Learning Aspect: Machine Learning based Approaches  

5. Deep Learning Aspect: Deep Learning based Approaches  

6. Integrated Learning Aspect: ML and DL based Combined Approaches  

Each of these categories contributes to a deeper understanding of how technological 

advancements can improve cattle identification, ensuring better management, biosecurity, 

and productivity in animal husbandry. 

2.1 Hardware Aspect:  Tag based Approaches  

Cattle identification techniques based on ear tags have been widely employed in livestock 

management systems [3][38]. These methods are instrumental in tracking disease patterns and 

controlling the spread of illnesses [39-40]. Tag-based solutions include a variety of identifiers, 

such as permanent markers like ear notching, tattooing, and branding, as well as temporary 

options like ear tags and electronic devices, including RFID technology [1 - 3]. Ear notching 

involves removing sections of the animal's ear to create a distinctive, recognizable shape, 

although ear tagging is more commonly used for livestock identification [41]. However, as 

noted by Wang et. al.  [40], ear tags are prone to detachment, raising the risk of losing an 

animal's individual identification. Additionally, ear tags are vulnerable to damage, duplication, 

and potential misuse. 
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Livestock farmers often utilize passive RFID tags for tracking and identification purposes 

[3]. These systems comprise a tag, server, reader, communication channel, and RFID back-

end, which transmit livestock data as a unique numerical sequence via radio waves. Despite 

their advantages, the setup and maintenance of RFID systems require specialized expertise and 

come with security challenges, such as tag data manipulation and system spoofing. Although 

ear tag-based cattle identification systems are widely accepted and frequently used, they face 

several limitations, including challenges in monitoring, fraud risks, potential vulnerabilities, 

disease management shortcomings, and concerns regarding animal welfare. Ear notching, a 

method of surgically altering sections of the animal's ear or lobes, creates a unique 

identification marker, but can have welfare implications [42-43]. More economical and 

welfare-friendly alternatives, such as visible ear tags and RFID devices, are commonly used 

for cattle identification. 

2.2 DNA Aspect: DNA based Approaches  

DNA is the fundamental blueprint of life, with no two individuals sharing an identical genetic 

makeup. Research leveraging DNA-based validation methods has capitalized on the 

uniqueness of this biological macromolecule. The genome, which resides in an individual’s 

cells, comprises the complete set of genes within the cell [44]. DNA-based techniques for cattle 

identification have been developed to simplify the identification process for purposes such as 

disease monitoring, production management, and health surveillance. However, these methods 

are often constrained by significant time and cost requirements. For example, obtaining unique 

DNA identifiers for routine identification is both labour-intensive and costly [45]. 

One prominent application of DNA-based identification technologies is in establishing 

genetic relationships for genetic improvement programs. Despite its value, the widespread use 

of DNA for routine identification remains limited due to these cost barriers. Gallinat et.al. [46] 

proposed a DNA-based identification approach focused on genetic variations in the bovine 

casein gene, involving the sequencing of four casein genes from a sample of 319 animals. 

Modern advances in technology now enable the documentation of animal genetics through 

electrophoretic imaging. Each cattle has a unique genetic profile that can be used for 

identification by submitting a blood or tissue sample to a laboratory equipped with the 

appropriate tools. This method remains effective even after slaughter, as DNA fingerprinting 

can identify meat through skin analysis and differentiate it by brand [47], making it possible to 

trace stolen cattle even if only the flesh has been taken. Figure 5 shows numbering of livestock 

using ear notching and whole.  
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Figure 5: System for numbering livestock using ear notching and whole. 

2.3 Biometric Aspect: Visual Features based Approaches 

Pattern recognition enables cattle identification systems to extract biometric and visual features 

unique to each animal, facilitating accurate individual identification. Distinctive characteristics 

such as iris patterns, muzzle prints, facial patterns, and body coat markings are commonly 

employed for this purpose. Traditional techniques including Scale-Invariant Feature Transform 

(SIFT), pattern matching, and Euclidean distance, Machine Learning methods like Support 

Vector Machines (SVM), K-Nearest Neighbors (KNN), and Artificial Neural Networks 

(ANN), as well as Deep Learning models such as Convolutional Neural Networks (CNN), 

Residual Networks (ResNet), and Inception, have provided accurate and efficient solutions for 

cattle identification [7-8][48 -51]. 

Advancements in machine learning and deep learning techniques have shifted focus toward 

using distinctive body coat and facial patterns for identification [45]. Machine learning models 

can identify cattle by analyzing these features from photographs of their faces or bodies, while 

deep learning models excel at automatically extracting features without the need for predefined 

attributes [7][30]. Recent research efforts have increasingly concentrated on automating cattle 

identification and addressing the limitations of traditional methods through these advanced 

techniques. Approaches in Biometric aspect can be categorized into following 3 categories - 

2.3.1 Cattle Muzzle patterns-based Approaches 

Cattle possess unique muzzle patterns that are distinct from one another. Muzzle print 

photographs have been extensively utilized for cattle identification [9][31][51-52]. Similar to 

human fingerprints, cattle muzzle and nose prints exhibit distinct grooves and patterns that 

serve as unique identifiers. These biometric characteristics have been recognized since 1921 

[4]. Digital cameras capture images of cattle muzzle prints, and feature extraction techniques 

such as SIFT and Speeded Up Robust Features (SURF) are widely used to extract identifying 

traits [52-53]. Additionally, iris and retinal patterns, which remain stable over time, offer 

another layer of identification, though capturing these features in livestock poses challenges 

[54-55]. This concept was first explored in detail by Petersen (1922) through a sophisticated study on 

this method of authentication [4]. 

Additionally, Gabor filters and local binary patterns have proven effective for this 

purpose and in 2018, Kusakunniran and Chaiviroonjaroen [9] has achieved 100% accuracy in 

identifying 20 cattle, with at least four images per animal in the gallery. Principal Component 

Analysis (PCA) and Euclidean distance classifiers demonstrated an impressive 98.85% 

accuracy when identifying 29 calves [51]. Moreover, muzzle print images processed with 

Gabor filters attained 99.5% accuracy in cattle identification [56]. 

2.3.2 Retinal and iris-based Approaches 

The use of biometric traits, such as retinal and iris patterns, facilitates the identification of cattle 

[55][57]. Retinal vascular patterns remain stable over time, while iris characteristics are unique 

and long-lasting [57]. These distinct patterns, extracted from image data, enable differentiation 

between individual animals [57-58]. By combining iris patterns with the two-dimensional 

complex wavelet transform, Lu et. al. [55] achieved 98.33% accuracy in identifying beef cattle.  

2.3.3 Facial and coat pattern-based Approaches 



 
 

907 

Vol. 21, No. 1, (2024) 

ISSN: 1005-0930 

Machine learning techniques have been applied to extract distinct features from cattle faces 

and coats for identification purposes. These models analyse local elements in cattle face 

images, such as pixel intensity, and have successfully identified individual animals in over 85% 

of 5,000 face images [59]. Additionally, regional coat descriptors and Support Vector Machines 

are used to further determine each cow's identity [7]. This approach significantly improves the 

accuracy and efficiency of cattle identification, aiding in the precise management and tracking 

of livestock. By leveraging advancements in machine learning, livestock managers can 

optimize operations, increase productivity, and enhance animal welfare, contributing to more 

sustainable and efficient agricultural practices. 

In 2019, Okura et. al. [60] integrated three-dimensional video analysis with RGB-D cameras 

to observe cows, achieving an 84.2% accuracy rate by incorporating texture and locomotion 

features into the identification process [89]. However, the success of facial and coat pattern-

based cattle identification heavily depends on the proper selection and application of feature 

extraction and selection methods. Furthermore, the manual extraction of features introduces 

susceptibility to variations in lighting conditions and camera angles, which can affect the 

system's accuracy and reliability. 

2.4 Machine Learning Aspect: Machine Learning based Approaches  

Machine learning (ML) techniques have been extensively applied in cattle identification, 

analysing and learning from patterns, as elaborated by various authors. Different ML models, 

tailored for specific identification needs, have been explored in cattle identification technology. 

Traditional biometric approaches utilize algorithms such as Support Vector Machines (SVM) 

[61], K-Nearest Neighbours (KNN) [62], and Artificial Neural Networks (ANN) [63-64], 

alongside techniques like Scale-Invariant Feature Transform (SIFT), pattern matching, and 

Euclidean distance to effectively distinguish individual animals. Passive RFID systems, which 

use RFID tags and communication channels, provide reliable livestock management by 

enabling automatic identification [3]. 

Modern approaches integrate ML and deep learning (DL) to analyse more complex 

biometric features such as facial and body coat patterns, as well as iris and retinal features, thus 

enhancing identification accuracy [65]. Techniques like SIFT and pattern matching are also 

used to analyse muzzle-print images, which serve as unique identifiers for cattle [66]. ML 

models have been utilized to extract distinctive features from cattle faces and coats, identifying 

individual animals in over 85% of 5,000 images based on features such as pixel intensity. 

Regional coat descriptors and vector machines further assist in determining the identity of each 

cow, improving identification accuracy and operational efficiency on livestock farms [67]. 

By leveraging advancements in ML, livestock managers can optimize their operations, 

increase productivity, and ensure animal welfare, ultimately contributing to more sustainable 

and efficient agricultural practices. A variety of works dedicated to cattle identification via ML 

algorithms are summarized in Table 1. For instance, in a dataset of 377 images, the training set 

consisted of 83 images, while the testing set comprised 294, yielding a performance accuracy 

of 97% [7]. The FLANN model, applied to a database of 528 Videos, achieved a performance 

accuracy of 96.72% by using the FAST algorithm to extract body features of cattle, splitting 

the dataset into 198 training and 330 testing instances [68]. Another study using the Brute Force 

model and SIFT method for body feature detection on 1,500 images, with 900 used for training 

and 600 for testing, achieved a performance accuracy of 98.33% [53]. Table 1 summarizes the 
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outcomes of various machine learning (ML) models used in cattle identification, focusing on the 

patterns and features employed in the identification process. It specifically highlights works that 

consider the body as the primary feature for identifying cattle. This approach emphasizes how different 

models and feature extraction techniques perform in recognizing individual cattle based on body 

characteristics, contributing to more accurate and efficient livestock management systems. The findings 

in the table showcase the performance metrics, such as accuracy, across different datasets, providing a 

comprehensive comparison of methods that prioritize body features in cattle identification. 

Table 1: Machine Learning based Cattle Identification using body features 

 

Table 2 provides a summary of the outcomes of various machine learning (ML) models applied in cattle 

identification, focusing on the patterns and features related to the muzzle as the primary characteristic 

for the identification process. It presents different studies that have utilized muzzle patterns for 

distinguishing individual cattle and evaluates the performance of these models in terms of accuracy, 

efficiency, and dataset size. The table highlights the unique advantages of using muzzle prints, which, 

much like human fingerprints, are highly individualized and remain unchanged over time. By 

comparing the results of various ML techniques, Table 2 offers insights into the effectiveness of muzzle-

based cattle identification methods, contributing to improved accuracy and precision in livestock 

management practices. 

  

Ref. Model 

Used  

Dataset Feature 

extraction 

method 

Used 

feature 

Accuracy 

(%) 

Remarks  

Size Breed Split 

(Train, 

Val, 

Test) 

[7] SVM 377 

images 

H 83, –, 294 ASIFT Body 97% 

Identificatio

n Accuracy 

69(A): 

feature-

importance 

prediction 

accuracy 

Disabling the 

individuality 

model was found to 

result in a decrease 

in identification 

accuracy 

[68] FLANN 528 

videos 

H 198, –, 330 FAST) Body 96.72% This method 

depends on High 

Quality images and 

highly sensitive to 

the noise. It has a 

Low matching 

Accuracy. 

[53] Brute 

Forc e 

1500 

images 

H 900, –, 600 SIFT Body 98.33% The method didn’t 

detect features 

which are defined 

by color contrast 

rather than 

intensity contrast. 

It is an Expensive 

approach to 

convert into Lαβ 

color space. 
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Table 2: Machine Learning based Cattle Identification using Muzzle features 

Ref. Model 

Used  

Dataset Feature 

extraction 

method 

Used 

feature 

Accuracy       

 (%) 
Remarks 

Size Breed Split 

(Train, 

Val, 

Test) 

[52]  SVM 105 

Images 

NC 75, 15, 15 SURF Muzzle    93  • Dataset is too small, and 

is collected from a 

private farm in North 

Carolina.  

• Larger Datasets can 

increase the 

Computational 

Complexity.  

• The feature descriptor 

(SURF) not always 

captures the 

discriminative features. 

[69] GSRC 5000 

Images 

M 3000, –

, 

2000 

LBP Muzzle 93.87  LBP is not inherently 

scale-invariant also 

sensitive to rotation. 

[59] ANN 5000 M 3000, –

, 

LBP Muzzle 96.74  LBP is not inherently 

scale-invariant also 

sensitive to rotation. 

[70]  SVM 5000 

Images 

M 3000, –

, 

2000 

FLPP Muzzle 96.87  • The difficulty of using 

FLP techniques might 

increase exponentially 

with the size of the cow 

herd, creating 

difficulties for managing 

and interpreting massive 

amounts of data.  

• To prepare data for FLP 

analysis, extensive 

preprocessing is 

frequently needed, 

which can be resource- 

and time-intensive. 

[31] KNN 5000 

Images 

M 3000, –

, 

2000 

SURF Muzzle 93.87  • Private Dataset of 500 

Cattle.   

• The Size of muzzle point 

patterns needs to be 

expanded, and various 

factors can be taken into 

account when taking a 

cow's muzzle picture for 

every subject. 

[71] SVM 322 

Images 

NC –, –, – SVD Muzzle 75  • Dataset is very small. 

• Accuracy achieved is 

low. SVD helps for 
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dimensionality 

reduction, it might lose 

important features. 

Cattle unique features 

are not detailed enough. 

[72] Ada-

Boost 

31 Head 

Images 
NC 186, –, 31 WLD Muzzle 98.9  • WLD involves 

computationally 

extensive applications if 

applied to high 

resolution datasets it 

may take more 

processing time.  

• WLD may find it 

challenging to extract 

distinguishing 

characteristics from 

cattle with less 

recognizable muzzle 

patterns or 

homogeneous textures, 

making it impossible to 

distinguish between 

individuals. 

[73] ANN 1060 

Images 

NC 636,

 212

, 

212 

Box-

counting 

Muzzle 99.18 (A) • The fractal dimension 

determined by box 

counting may not always 

have enough 

discriminative power, 

particularly if the 

differences are small.  

• There's a chance that the 

fractal dimension will 

leave out important 

details from the muzzle 

pattern, which could 

result in inaccurate or 

partial data 

representations. 

[56] SVM 217 

Images 

NC 186, –, 31 Gabor 

filter 

Muzzle 99.5 (A) Dataset is too small, and is 

collected from a private 

farm in North Carolina 

  [12] SVM 217 

Images 

NC 186, –, 31 LBP Muzzle 99.5 (A) • This feature descriptor 

fails to work where 

texture variation is there.   

• LBP is not inherently 

scale-invariant also 

sensitive to rotation. 

Dataset collected is very 

small 

 [74]  SVM 217 

Images 

NC 186, –, 31 SURF Muzzle 100 (A) • Dataset is too small, and 

is collected from a 

private farm in North 

Carolina. Larger 

Datasets can increase the 
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SVM, a Machine Learning model work on a dataset of 217 images from North Carolina (NC), achieving 

a perfect 100% accuracy by focusing on muzzle features using SURF feature extraction model [74]. In 

2019, Awad et. al. [52] uses SVM on a smaller dataset of 105 images from NC, achieving 93% accuracy 

with SURF (Speeded-Up Robust Features) for muzzle features. Wagner et. al. [69] uses GSRC approach 

on larger datasets of 5000 images, achieving 93.87% accuracy with LBP for muzzle features. An 

Artificial Neural Network (ANN) on the same dataset achieves 96.74% accuracy using LBP for muzzle 

features [59]. In 2017, Kumar et.al. [70] achieved 96.87% accuracy with SVM on 5000 images using 

FLPP (Fisher Linear Projection Profile) for muzzle features. Kumar et. al [31] used KNN on the same 

dataset and achieved 93.87% accuracy with SURF for muzzle features. However, using SVM on 322 

images from NC results in a lower accuracy of 75%, likely due to unspecified details regarding the 

dataset split and feature extraction using SVD (Singular Value Decomposition) for muzzle features 

[71].  Approaches in table 2 reports high accuracies, ranging from 98.9% to 100%, using various SVM 

and ANN models on datasets primarily from NC, with a consistent emphasis on muzzle features using 

methods like WLD (Weighted Local Directional Pattern), Gabor filters, LBP, and SURF. 

Using Support Vector Machines (SVM) for identifying cattle based on mammary gland features 

has demonstrated a 60% accuracy on a dataset of 302 images from North Carolina. This approach 

employed Local Binary Patterns (LBP) for feature extraction from the mammary glands [75]. Li et. al. 

[76] utilized Quadratic Discriminant Analysis (QDA) on a larger dataset comprising 1,965 images, 

achieving a notable 99.7% accuracy. They used Zernike moments to extract features from the tail head 

region. 

Table 3: Machine Learning based Cattle Identification using unique features. 

Computational 

Complexity.  

• The feature descriptor 

(SURF) not always 

captures the 

discriminative features. 

Ref. Model 

Used 

Dataset Feature 

extraction 

method 

Used 

feature 

Performance 

Accuracy 

(%) 

Remarks 

Size Breed Split 

(Train, 

Val, 

Test) 

   

[38]  

SVM 302 

images 

NC 150, –

, 

152) 

LBP Mam

mary 

gland

s| 

60  The dataset is very 

small and not 

annotated. NIR 

imaging does not 

capture enough 

distinct features. 

Dirt, Hair on 

mammary glands 

can affect the NIR 

Imaging Process.  
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2.5 Deep Learning Aspect: Deep Learning based Approaches  

Advanced deep learning methods have significantly advanced image segmentation, 

autonomous visual feature extraction [77], and visual identification, generating substantial 

interest in these areas [78][79]. Deep learning (DL) has proven effective in animal farm 

management in recent years, addressing various needs such as animal verification, surveillance, 

and medical monitoring [19]. The categorization of studies in this domain is based on their 

objectives. In the recognition category, the focus is on initially detecting calves using DL 

detection models and then classifying individual cattle using DL classification models [13]. 

Convolutional Neural Networks (CNNs) have been employed to categorize cattle images, 

introducing methods for identifying bovine trunks. For instance, a deep neural network 

demonstrated the ability to distinguish cattle based on their coat patterns, achieving a video 

processing accuracy of 98.1% for 23 cows, compared to 86.1% for 89 cows using frame-based 

methods [80]. 

The classification of Holstein Friesian cattle exemplifies the effective application of these 

DL techniques. CNN-based approaches, using primary muzzle point images, achieved an 

accuracy of 98.99% in identifying individual cattle [32]. Similarly, CNN models trained on 

rear photos of cows attained a recognition accuracy of 97.01% [81]. Further studies reported 

that 93.33% of tested videos and 90.55% of tested frames were correctly identified [82]. YOLO 

(You Only Look Once) was used to identify bovine subjects in side-view images, achieving 

96.65% accuracy with an enhanced CNN model. A recent study introduced a Bidirectional 

Long Short-Term Memory (BiLSTM) model that classified 50 calves with 91% accuracy, 

contributing to the field of cattle identification [83]. Recent advancements include the 

development of a Long-term Recurrent Convolutional Network (LRCN) incorporating 

InceptionV3, achieving a 99% success rate for identifying the Pantaneira cattle breed. 

CNNs are widely utilized for livestock identification due to their simplicity and 

effectiveness [34]. These networks consist of pooling, convolutional, and fully connected 

layers, with convolutional layers playing a crucial role in generating feature maps from input 

data [84][85]. Region-based CNN (R-CNN) models, including Fast, Faster, and Mask R-CNN, 

have proven to be powerful object detection tools. Faster R-CNN, which uses a fully 

convolutional network to propose regions and is then processed by the Fast R-CNN detector, 

is particularly effective for cattle detection [86][87][88]. The findings suggest that Faster R-

CNN and YOLO are among the most popular algorithms for cattle detection. YOLO, known 

[42] QDA 1965 

images 

H 1667, 298 Zern

ike 

mo

ment

s 

Tail 

head 

99.7 Inaccuracies can 

occur due to image 

boundary 

conditions. Zernike 

moments can be 
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image size and 

resolution. Local 

patterns textures on 

a cow's body that is 

critical for accurate 

identification gets 

missed. 
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for its efficiency and effectiveness, employs regression-based techniques to predict classes and 

bounding boxes in a single pass. Variants like YOLO-V2 and YOLO-V3 have enhanced 

localization accuracy and object detection performance [89][90]. Table 4 summarizes the 

outcomes of DL models in cattle identification.  

Table 4: Deep Learning based Cattle Identification using body features. 

Ref. Used 

feature 

Dataset Accuracy 

(%) 

Feature 

extraction 

Method 

Remarks 

Size Breed Split 

(Train, 

Val, 

Test) 

[91] Body 13,603 

frames 

NC 9064, –, 

4539 

96.3 Skew 

histogram 

Cattles have variations in 

their skin spots, hair, and 

coat pattern so the 

skewness-based statistical 

measures do not apply 

properly on the dataset. 

Skewness cannot capture 

much of complex patterns in 

cattles. 

[15] Body 32 

videos 

H 14, –, 18 93.6 Inception 

v3, LSTM 

Dataset is very small to 

measure the accuracy. 

[92] Body 150 

images 

NC – – SIFT - 

[37] Body 4736 

images 

H 1895, 

473, 

2368 

93.7  Res-Net 
Unique markings or 

physical characteristics may 

not be easily captured or 

visible from aerial images. 

Drones' limited onboard 

processing power can 

impede real-time data 

analysis and decision-

making, particularly for 

difficult biometric 

identification. 

[93] Body 21,600 

images 

NC 19,440, –

, 2160 

98 CNN Incepetion v3 Model  

[94] Body 17,258 

images 

C 13,806, –

, 3452 

99.2 

(Detection 

Accuracy) 

CNN NasNet large Model is 

used for best Detection 

[78] Body 750 

images 

NC 500, –, 

250 

94 

(Detection 

Accuracy 

CNN Mask R-CNN Model is 

used for best Detection 

The Skew Histogram method is employed to extract features focusing on body characteristics 

[91]. Advanced techniques such as Inception v3 and Long Short-Term Memory (LSTM) 

networks are used for feature extraction based on body features [15]. Traditional methods like 

Scale-Invariant Feature Transform (SIFT) are also applied for extracting features from body 

characteristics [92]. Additionally, ResNet, a deep learning architecture renowned for its 
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effectiveness in image recognition, is utilized to extract body features [37]. Convolutional 

Neural Networks (CNNs), known for their powerful feature extraction capabilities, are 

employed by [5], [93], [94], and [78] for analysing body features. Table 5 summarizes the 

outcomes of deep learning models in cattle identification, detailing various patterns and 

features used, including face, head, and muzzle, among others, in the identification process. 

Table 5: Deep Learning based cattle Identification using Muzzle, Head and Unique features. 

 

 

 

The VGG-M 2024 architecture combined with Long Short-Term Memory (LSTM) networks 

achieved an impressive accuracy of 98.13% for analyzing the dorsal coat of cattle [8]. For 

muzzle features, Kumar et. al [32] used Convolutional Neural Networks (CNNs) and attained 

a notable accuracy of 98.99%, demonstrating the effectiveness of CNN-based feature 

extraction in distinguishing detailed muzzle characteristics. Accuracy of 84% was achieved 

by Zin et. al. [95] in identifying cattle based on head features, although the specific feature 

extraction method was not detailed. Yang et. al. [30] used CNN and ResNet 50 to provide a 

commendable accuracy of 94.92% for analyzing face features of cattle [30]. 

2.6 Integrated Learning Aspect: ML and DL based Combined Approaches  

Advancements in ML and DL techniques have increasingly facilitated the use of body coat and 

face patterns for identification [45][55][7][30]. ML models leverage features from photographs 

of cattle faces or bodies for identification, while DL models excel at feature extraction without 

predefined attributes [30[97][8]. Recent research has focused on automating cattle 

identification and addressing the limitations of traditional methods [45]. 

In cattle identification, Machine Learning (ML) is widely used to analyse patterns for 

accurate livestock identification, leveraging features specifically designed for identification 

needs. However, research shows that ML models may suffer from reduced accuracy when 

using non-standard muzzle print images. The demand for large and complex image or video 

Ref. Used 

feature 

Dataset Accuracy 

(%) 

Feature 

extraction 

method Size Breed Split (Train, 

Val, Test) 

[8] Dorsal 

coat 

940 images 

1064 videos 

H –, –, – 957, 

–, 107 

98.13  

96.03 (mAP) 

VGG-M 2024, 

LSTM 

[32]  Muzzle 5000 images NC 4000, –, 

1000 

98.99 CNN 

[95] Head 6000 images NC –, –, – 84 – 

[30] Face    85,200 images H 82,010, –, 

3190 

94.92 (F) CNN 

[96] Face 1323 images NC 926, –, 397 95 (P) 

For  Detection 

Only 

– 
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datasets has led many studies to incorporate data augmentation techniques to improve training 

data and labels. While ML methods have historically been predominant in cattle identification 

for livestock management, Deep Learning (DL) models are gaining traction due to their 

superior accuracy, especially when dealing with large datasets. Recent studies show an 

increasing preference for DL models in cattle identification and detection tasks. DL-based 

approaches often rely on features such as cattle head, muzzle print, and body coat patterns, 

which have proven effective in feature extraction and image representation. Among DL 

models, Convolutional Neural Networks (CNNs), ResNet, and Inception have consistently 

outperformed others in identification tasks. Notably, DL classification models began to be 

applied to livestock identification in 2015, with detection models emerging later in 2019. Early 

architectures like CNN and LeNet have been successfully employed since their introduction, 

solidifying DL's growing role in improving the accuracy and efficiency of cattle identification 

systems. 

3. Standard Datasets  

The dataset used for machine learning (ML) models includes various characteristics and their 

corresponding results or labels. Deep learning (DL) algorithms are capable of autonomously 

extracting complex and abstract features from a dataset and learning from these features. While 

the implementation of DL and ML models might appear straightforward, challenges arise in 

selecting appropriate algorithms, fine-tuning parameters, and choosing features to enhance 

prediction accuracy [19]. 

The effectiveness of these approaches is closely linked to the quality and diversity of the 

dataset. Table 6 offers a detailed overview of cattle datasets from rigorously reviewed studies, 

highlighting key parameters such as breed, cattle count, dataset size, data type, capture location, 

image resolution, and acquisition methods. Notably, the Holstein cattle dataset has been a 

cornerstone in numerous studies due to its distinctive coat patterns and patches. Utilizing these 

unique features, ML and DL methods have demonstrated high efficacy. 

This review found that image-based datasets were the most prevalent, appearing 

approximately 40 times across studies and including various image types such as RGB, 

grayscale, and Near-Infrared (NIR), captured from different angles including side, top, back, 

and front views of the cattle. Additionally, video datasets were utilized in 15 investigations. 

Digital cameras were the primary tool for data acquisition in most studies, though some 

researchers employed Unmanned Aerial Vehicles (UAVs) or drones. Photographs or videos of 

cattle from farms were extensively analysed to develop decision-making systems for 

identification using ML or DL techniques. Despite variations in image resolutions, higher 

resolutions did not always result in superior accuracy. In fact, many studies found that low-

resolution images worked effectively for ML/DL models [98][99]. 

One study applied convolutional neural networks and deep metric learning to automate 

biometric identification of Holstein-Friesian cattle based on their distinctive black-and-white 

coat patterns, akin to Turing's reaction-diffusion systems. This method achieved 93.8% 

accuracy in recognizing and identifying individual calves from aerial images in open herd 

scenarios, with essential portions of the source code, network weights, and supporting datasets 

(OpenCows2020) made publicly available. The approach is well-suited for disease tracking, 

precision farming, health monitoring, and veterinary research, as it does not require wearable 

or physical tags [37]. 
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Another study proposed the use of multi-view images to enhance visual cow identification 

in real farm environments. It introduced a new loss function, SoftMax-nB, which minimizes 

bias and integrates distance metrics such as triplet and tight losses, thereby improving feature 

separation. Evaluations on the MVCAID100 and OpenCows2020 datasets demonstrated 

superior performance compared to existing models in both face recognition and cow 

identification tasks, advancing precision livestock farming applications [100]. 

Additionally, a study demonstrated an automated pipeline using key point matching in 

distinctive body patterns to detect individual Giant Sunfish. Root SIFT achieved the highest 

mean average precision (mAP) of 75.91% on the TinyMola+ and OpenCows2020 datasets, 

evaluating descriptors like ORB, SIFT, Root SIFT, and SuperPoint. The pipeline's adaptability 

allowed for re-identification of cows and seals without additional instructions, transitioning 

from a ranking-based to a binary classification method and achieving 98% accuracy and 44% 

recall on TinyMola+, thus significantly reducing the need for manual verification [101]. 

Table 6: Summary of Standard Image Datasets for Cattle Identification 

Ref. Type Breed # of 

animals 

Acquisiti on 

device 

Captur e 

location 

Resoluti on Data size 

[75] Image 

(M.G) 

NC 151 Camera Indoor 3840×2160 302 

[7] Image (B) H 50 Kinect 2 Indoor – 377 

[52] Image (M) NC 15 Camera – – 105 

[66] Image (T) H 10 DS- 

2CD2T32 

(D)-I3 

Indoor 1920×1080 1,965 

[32] 

[69] 

Image (M) M 500 Camera Indoor 500×500 5,000 

[73] Image (M) NC 53 Camera 
 

– 1,060 

[71] Image (M) NC 46 Camera – 300×400 322 

[33] Image (F & B) An 216 Camera Outdoor – 5,042 

[92] Image (B) NC 26 Camera Outdoor 640×480 150 

[8] Image (B) H 112 Kinect 2 Indoor – 940 

[102] Image (B) M 5 Camera Outdoor – 775 
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[37] Top-view image 

(B) 

H 46 DJI 

Inspire 

MkI, 

Kinect 2 

Indoor & 

Outdoor 

– 4,736 

[98] Activity (B) H 5 – Outdoor – 14,400 

 

Table 7: Summary of Standard Video Datasets for Cattle Identification 
 

Ref. Type Breed  # of        

Animals 

Acquisition 

on device 
 Captur e 

location 

 Resolution  Data Size Country 

[68] Video (B) H 66 Nikon 

D5200 

Outdoor   1280×720 528 US 

[53] Video (B) H 60 Camera Outdoor 1280×720 1,500 

images 

China 

[95] video (He) NC 
 

AXIS 

P1448-LE 

Indoor – 6,000 

images 

Japan 

[15] Video (B) H 17 DJI 

Matrice 

drone 

Outdoor 720×720 32 UK 

[36] Video (B) NC 50 ZED 

camera 

Indoor 401×506 36 
 

[78] Video (B) NC 
 

MAVIC 

Pro drone 

Outdoor 512×512 750 

images 

Australia 

[14] Rear-

view 

video (B) 

NC 41 ZED 

camera 

Indoor 401×506 516 Australia 

[103] Video (B) H 4 HDR- 

CX115E 

Indoor – 11,745 

frames 

Italy 

[5] Video (B) P 51 Video 

Recorder 

Outdoor – 212 Brazil 

4. Standard Performance Parameters [104-106] 

Cattle identification is crucial for livestock management, traceability, disease control, and 

ensuring food safety. Technological advancements have introduced automated methods for 

cattle identification, which rely on various performance parameters to ensure efficiency and 

accuracy. The standard performance parameters used in assessing cattle identification systems 

are Accuracy, identification rate, Durability and reliability, Scalability, User-friendliness, 

security and privacy etc.  
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Accuracy is a key parameter in cattle identification systems, measuring how effectively 

the system can correctly identify individual cattle. This is essential for accurate tracking, 

particularly for health monitoring, breeding, and regulatory compliance. The identification rate 

reflects the percentage of correct identifications, while the error rate indicates the proportion 

of incorrect or missed identifications, which should be minimized for reliability. Speed is also 

critical, especially for large herds, as faster systems enable efficient real-time tracking. The 

time per identification and the system’s ability to process large batches of cattle are important 

for high-volume operations. Durability and reliability are equally vital, as hardware like RFID 

tags or sensors must endure harsh conditions without malfunctioning, and system uptime must 

be consistent over time. Scalability ensures the system can handle varying herd sizes without 

sacrificing performance, with capacity and flexibility allowing it to grow as the farm expands. 

Integration with other systems is essential for modern cattle management, ensuring seamless 

interoperability with health, feeding, and breeding systems, and facilitating easy data sharing 

with external platforms. User-friendliness is another important factor, as the system should be 

easy to set up, with a simple interface that requires minimal training. Cost-effectiveness 

balances the system’s performance and affordability, taking into account initial setup costs, 

ongoing maintenance, and operational expenses. Finally, security and privacy are paramount 

to protect sensitive cattle data, with features like data encryption and user authentication 

safeguarding against unauthorized access. 

 

An effective cattle identification system must excel in accuracy, speed, scalability, and ease 

of use. These performance parameters ensure that farms, whether small or large, can efficiently 

manage their cattle populations while maintaining high standards of traceability and 

compliance with regulatory requirements. Systems that integrate well with other farm 

management tools and are cost-effective will be increasingly essential as livestock farming 

continues to modernize. Measuring accuracy in cattle identification is critical to ensure the 

system performs effectively and reliably. Below are the common steps and methods to measure 

the accuracy in cattle identification systems: 

 

a. True Positive Rate or Sensitivity (Correct Identifications): The proportion of cattle that 

are correctly identified by the system out of the total cattle presented. 

 

True Positive Rate =
Correct Identifications 

Total Identifications 
∗ 100 

For example, if 90 out of 100 cattle are correctly identified, the system’s accuracy would 

be 90%. High sensitivity indicates that the system is highly effective at identifying the 

majority of cattle in the target group, ensuring reliable performance in accurately 

recognizing the intended animals. 

b. False Positive Rate (Incorrect Identifications): The proportion of times the system 

incorrectly identifies an animal as belonging to another group or identity. It represents false 

identifications. 

False Positive Rate =
False Identifications 

Total Identifications 
∗ 100 

Suppose a cattle identification system is designed to recognize a specific breed, and out of 

100 non-target cattle (those not belonging to the breed), it incorrectly identifies 20 as part 

of the target group. The False Positive Rate (FPR) is 20%. This means that 20% of the non-
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target cattle were incorrectly classified as belonging to the target group. A higher False 

Positive Rate reduces the overall accuracy of the system. Minimizing the False Positive 

Rate is essential for ensuring the system’s reliability and effectiveness in large-scale cattle 

management. 

c. True Negative Rate or Specificity (Correctly rejected Identifications): The proportion 

of non-target cattle correctly excluded by the system. In other words, it measures how often 

the system correctly excludes cattle from a specific class when they do not belong to that 

class. 

True Negative Rate =
Correct Exclusions (True Negatives) 

Total Non − Target Cattle 
∗ 100 

 

For example, if 50 cattle do not belong to a specific breed or group, and the system correctly 

identifies 45 of them as not belonging, the True Negative Rate would be 90%. A high True 

Negative Rate indicates that the system is effective at accurately excluding cattle that do 

not belong to the target group, which helps prevent errors in herd management, such as 

incorrect breed classifications or improper disease monitoring. Conversely, a low True 

Negative Rate could lead to mismanagement, as cattle may be wrongly classified or 

grouped, causing issues in tracking and care. 

 

d. False Negative Rate (Missed Identifications): The proportion of times the system fails to 

identify a cattle correctly, meaning the system misses the identification altogether. 

 

False Negative Rate =
Missed Identifications 

Total Identifications 
∗ 100 

 

For example, if 20 out of 100 cattle from the target group are missed, the False Negative 

Rate would be 20%. A high False Negative Rate indicates that the system is failing to 

correctly identify a significant number of cattle, which can lead to serious management 

issues. These include missed health checks, incorrect tracking, and potential gaps in 

monitoring, all of which can negatively impact the overall efficiency and health of the herd. 

e. Confusion Matrix Analysis: A confusion matrix is a tool used to evaluate the performance 

of a cattle identification system by showing the true positives, false positives, true 

negatives, and false negatives. This matrix helps visualize the system’s overall 

performance. 

i. True Positive (TP): Correctly identified cattle. 

ii. False Positive (FP): Incorrectly identified cattle. 

iii. True Negative (TN): Correctly rejected cattle (not identified as belonging to the 

system). 

iv. False Negative (FN): Missed identifications. 

Based on the above, accuracy, precision, recall and F1-score definitions are as follows: 

Accuracy =
TP + TN 

TP + TN + FP + FN 
∗ 100 
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Precision =
TP 

TP + FP 
∗ 100 

Recall =
TP 

TP + FN 
∗ 100 

𝐹1 = 2 ∗ 
Precision ∗ Recall

Precision + Recal 
∗ 100 

f. Real-Time Monitoring of Accuracy 

- Field Testing: Continuous real-time tracking of cattle can help identify system 

performance over time. Compare system identifications against human or manual 

identifications to check the accuracy. 

- Data Logging: Keep a record of all identifications and compare them against expected 

outcomes to monitor discrepancies. 

g. Long-Term Accuracy (Durability): Evaluate how well the identification system 

maintains its accuracy over extended periods, especially with hardware like RFID tags or 

visual recognition systems that may degrade due to environmental factors. 

To ensure accurate cattle identification, regular monitoring using metrics like the true positive 

rate, false positives, recall, precision is essential. Systems should undergo real-time testing to 

ensure that they are reliable and maintain accuracy over long periods, allowing for efficient 

herd management and traceability. 

5. Conclusion 

This paper presents a comprehensive review of cattle identification techniques within the 

context of animal husbandry, addressing several key aspects. First, it explores hardware-based 

approaches that utilize tag systems for identification. Next, the DNA aspect focuses on methods 

that leverage genetic features for cattle identification. The biometric aspect examines visual 

feature-based approaches that utilize physical characteristics. Additionally, the paper discusses 

machine learning approaches that apply various algorithms for identification tasks, followed 

by an analysis of deep learning techniques that enhance accuracy through advanced neural 

networks. Finally, it considers integrated learning approaches that combine both machine 

learning and deep learning strategies to optimize identification performance. Through this 

multifaceted analysis, the paper aims to provide insights into the strengths and applications of 

each method in improving cattle identification practices. This study highlights the use of 

diverse datasets focusing on features like ear tags and coat patterns, with ML models like 

Random Forests and Support Vector Machines achieving varying success, while DL models 

such as CNNs and Res-Net have shown considerable promise. Challenges remain, including 

logistical issues with large-scale implementation and the need for high-quality annotated 

datasets, underscoring the importance of addressing these hurdles to develop effective solutions 

for the agricultural sector. This study conducts an analysis of standard datasets and performance 

metrics related to cattle identification. By evaluating these datasets and metrics, the research 

aims to assess the effectiveness of various identification techniques and identify areas for 

improvement within the field. 
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