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Abstract 
India’s agricultural sector, a crucial component of the country’s economy, has faced 
persistent challenges, including low productivity, fragmented landholdings, and 
vulnerability to climate change. In response, the Government of India has launched 
various schemes aimed at promoting agricultural development and enhancing farmer 
welfare. This study evaluates the impact and effectiveness of key central government 
schemes, such as the Pradhan Mantri Fasal Bima Yojana (PMFBY), Pradhan Mantri 
Kisan Samman Nidhi (PM-KISAN), and the National Mission for Sustainable 
Agriculture (NMSA). By analyzing their design, implementation, and outcomes, this 
paper explores the extent to which these schemes have contributed to improving 
agricultural productivity, income security, and climate resilience. 
The Pradhan Mantri Fasal Bima Yojana has provided critical financial support to 
farmers during crop failures caused by natural calamities, though challenges such as 
delays in claim settlements remain. Similarly, PM-KISAN’s direct income support to 
small and marginal farmers has helped reduce financial distress, but concerns about 
its long-term viability continue. The National Mission for Sustainable Agriculture has 
encouraged resource-efficient and climate-resilient farming methods, yet uneven 
adoption across regions highlights the need for more localized implementation. The 
findings point to both achievements and areas for improvement, offering 
recommendations to enhance the effectiveness and reach of these important initiatives. 
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Introduction 

Accurate individual identification of animals is fundamental to modern livestock management, wildlife ecology research, and 

conservation biology. In precision livestock farming, identifying individual animals enables targeted health monitoring, 

personalized feeding regimens, reproductive tracking, and early disease detection [1, 2]. For wildlife populations, individual 

identification supports population estimation, movement ecology studies, social structure analysis, and anti-poaching 

enforcement [3, 4]. Conservation programs require robust identification methods to monitor endangered species, assess genetic 

diversity, and evaluate reintroduction success [5]. 

Traditional identification techniques include physical tags (ear tags, leg bands, radio collars), permanent markings (branding, 

tattooing, notching), and natural markings (stripe patterns, spot configurations) [6]. However, these methods present significant 

limitations. Physical tags can be lost, damaged, or cause injury and stress to animals [7]. Manual identification through natural 

markings requires extensive training, is time-consuming, and suffers from observer bias and fatigue [8]. Invasive procedures raise 

ethical concerns regarding animal welfare and may alter natural behaviors under study [9].
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The emergence of computer vision and deep learning has 

revolutionized biometric identification systems, initially in 

human facial recognition and subsequently adapted for 

animals [10, 11]. Animal facial recognition exploits species-

specific anatomical features—including facial bone structure, 

fur or feather patterns, eye morphology, and coloration—to 

distinguish individuals without physical contact [12]. Deep 

learning models, particularly convolutional neural networks, 

have demonstrated superior performance in learning 

discriminative facial features directly from image data, 

eliminating the need for manual feature engineering [13, 14]. 

Recent advances in deep learning architectures, including 

residual networks, attention mechanisms, and vision 

transformers, have further improved recognition accuracy 

and robustness under challenging field conditions [15, 16]. 

Transfer learning from large-scale human face datasets and 

ImageNet pretrained models has accelerated model 

development despite limited labeled animal data [17]. Real-

time processing capabilities and deployment on edge devices 

enable practical applications in remote environments with 

limited connectivity [18]. 

This review synthesizes current research on deep learning–

based animal facial recognition systems, examining 

architectural innovations, training strategies, application 

domains, and remaining challenges. We focus specifically on 

facial recognition approaches rather than whole-body or gait-

based identification methods. The article addresses the 

following objectives: (i) characterize the unique challenges 

of animal facial recognition compared to human systems, (ii) 

analyze deep learning architectures and training 

methodologies employed for individual animal identification, 

(iii) survey datasets and evaluation protocols used in the field, 

(iv) examine real-world applications in livestock 

management, wildlife monitoring, and conservation, and (v) 

identify technical and ethical challenges requiring future 

research attention. 

 

2. Fundamentals of Animal Facial Recognition 

Anatomical and Visual Features 

Animal facial recognition exploits distinctive anatomical 

structures and visual patterns that remain relatively stable 

across an individual's lifetime. Key biometric features 

include skeletal facial structure, eye shape and position, nose 

or muzzle morphology, ear configuration, and species-

specific patterns such as whisker follicle arrangements, facial 

fur markings, and skin texture. In cattle, muzzle print patterns 

exhibit uniqueness comparable to human fingerprints, while 

sheep demonstrate individual variation in facial bone 

structure and wool patterns around the face. Primates show 

distinctive facial features including eye spacing, nose shape, 

and facial hair distribution. Big cats possess unique whisker 

spot patterns, while individual tigers and cheetahs can be 

identified by stripe and spot configurations extending to 

facial regions. 

The stability of facial features varies across species and life 

stages. While skeletal structure remains largely constant after 

maturity, surface features such as fur color, pattern intensity, 

and facial scarring may change with age, seasonal molting, 

injuries, or environmental factors. Recognition systems must 

account for these intra-individual variations while 

maintaining discriminative power across individuals. 

 

Challenges Unique to Animal Faces 

Animal facial recognition presents distinct challenges 

compared to human facial recognition systems. Pose 

variation in uncontrolled environments is more extreme, as 

animals rarely maintain frontal facial orientation toward 

cameras. Wildlife species exhibit particularly unconstrained 

head poses during natural behaviors, requiring recognition 

systems robust to pitch, yaw, and roll rotations up to 90 

degrees. 

Occlusion from environmental elements (vegetation, terrain 

features), self-occlusion (ears, manes), and group interactions 

(overlapping animals) frequently obscure facial regions. 

Dense fur, feathers, or wool can mask underlying bone 

structure, creating texture-dominated appearances that vary 

with grooming state, seasonal coat changes, and 

environmental conditions such as mud or water exposure. 

Illumination variation in outdoor environments creates 

extreme lighting conditions from direct sunlight to deep 

shadows, affecting color consistency and feature visibility. 

Nocturnal species requiring infrared or thermal imaging 

introduce additional challenges for color-based recognition 

systems. Camera-to-subject distance varies widely in wildlife 

applications, from close-range livestock monitoring to distant 

wildlife observation, necessitating scale-invariant feature 

extraction. 

Species-specific morphological constraints further 

complicate recognition. Domestic pigs have limited facial 

hair and prominent snouts requiring different feature 

encoding than woolly sheep faces. Avian species present 

frontal faces with radically different geometry than 

mammalian profiles. Within-species uniformity in domestic 

livestock breeds, particularly in appearance-standardized 

commercial lines, reduces inter-individual variation 

compared to genetically diverse wildlife populations. 

 

Comparison with Human Facial Recognition 

Human facial recognition research has established 

foundational principles applicable to animals, including the 

use of deep convolutional features, metric learning 

approaches, and attention mechanisms for salient feature 

localization. However, direct application of human facial 

recognition models to animals yields suboptimal 

performance due to fundamental differences in facial 

geometry, feature distribution, and imaging conditions. 

Human faces exhibit consistent spatial arrangement of 

features (two eyes, one nose, one mouth) with limited 

geometric variation, enabling standardized face alignment 

procedures. Animal faces demonstrate greater morphological 

diversity across species, requiring species-specific 

preprocessing and feature extraction strategies. Human 

datasets typically contain frontal or near-frontal faces 

captured under controlled lighting with cooperative subjects, 

whereas animal data encompasses unconstrained poses, 

lighting, and non-cooperative subjects. 

Transfer learning from human facial recognition models has 

nonetheless proven valuable, particularly in low-data regimes 

common for endangered species. Pretrained convolutional 

layers capture generic visual features (edges, textures, parts) 

transferable across domains, while species-specific fine-

tuning adapts decision boundaries to animal facial 

characteristics. 
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3. Deep Learning Architectures for Animal Identification 

3.1 Convolutional Neural Networks (CNNs) 

Convolutional neural networks form the backbone of modern 

animal facial recognition systems. CNNs automatically learn 

hierarchical feature representations from raw pixel data 

through alternating convolutional, pooling, and fully 

connected layers. Early layers capture low-level features such 

as edges and textures, while deeper layers encode complex, 

semantically meaningful patterns corresponding to facial 

parts and identity-specific characteristics. 

AlexNet demonstrated the effectiveness of deep CNNs for 

large-scale image classification, inspiring initial animal 

identification applications. VGGNet architectures with 

deeper networks and smaller filters improved feature learning 

capacity for fine-grained visual recognition tasks required in 

distinguishing similar individuals. ResNet introduced skip 

connections enabling training of very deep networks (50-200 

layers) without degradation, capturing subtle individual 

variations in animal faces. ResNet-50 and ResNet-101 have 

become standard baselines for animal facial recognition 

benchmarks. 

Inception networks employ multi-scale convolutional filters 

within single layers, capturing facial features at different 

spatial scales simultaneously—beneficial for handling 

varying camera distances and animal head sizes in wildlife 

imagery. MobileNet and EfficientNet architectures optimize 

computational efficiency through depthwise separable 

convolutions and compound scaling, enabling deployment on 

resource-constrained edge devices for field applications. 

Loss functions significantly influence CNN learning for 

individual identification. Softmax cross-entropy loss treats 

recognition as classification with one class per individual, 

effective for closed-set identification but not scalable to new 

individuals. Metric learning approaches using triplet loss or 

center loss learn embedding spaces where same-individual 

faces cluster closely while different individuals separate, 

enabling open-set recognition of previously unseen animals. 

 

3.2. Transfer Learning and Pretrained Models 

Limited availability of large-scale labeled animal face 

datasets motivates transfer learning strategies. Pretraining on 

large generic image datasets (ImageNet with 1.2 million 

images) or human face datasets (VGGFace2 with 3.3 million 

images) provides initialization weights encoding general 

visual knowledge. Fine-tuning on target animal species 

requires substantially fewer labeled samples to achieve 

competitive accuracy compared to training from random 

initialization. 

Two-stage transfer learning pipelines first pretrain on 

ImageNet for generic feature extraction, then fine-tune on 

human faces to learn facial structure encoding, and finally 

adapt to specific animal species. This progressive 

specialization improves convergence speed and final 

accuracy, particularly for morphologically complex faces 

such as primates sharing facial structure similarities with 

humans. 

Domain adaptation techniques address distribution shift 

between source (human or ImageNet) and target (animal) 

domains. Adversarial domain adaptation learns features 

invariant to domain differences while maintaining 

discriminative power for individual identification. Self-

supervised pretraining on unlabeled animal images through 

contrastive learning or masked image modeling provides 

species-specific visual representations without manual 

annotation. 

Data efficiency comparisons demonstrate that transfer 

learning achieves performance with 100-500 images per 

individual comparable to training from scratch requiring 

1000+ images per individual. For endangered species with 

limited photographic records, transfer learning enables viable 

recognition systems that would otherwise be infeasible. 

 

3.3. Transformer and Hybrid Deep Learning Models 

Vision transformers (ViT) represent recent architectural 

innovations applying self-attention mechanisms from natural 

language processing to image recognition. Unlike CNNs with 

local receptive fields, transformers capture long-range 

dependencies across entire images through attention 

operations, potentially beneficial for relating distant facial 

features. 

ViT divides images into fixed-size patches, embeds them as 

sequences, and processes through transformer encoder layers. 

For animal facial recognition, patch-based processing 

accommodates variable facial orientations and occlusions by 

attending to visible informative patches while discounting 

occluded regions. However, transformers require larger 

training datasets than CNNs due to reduced inductive bias, 

limiting direct application to small animal datasets. 

Hybrid architectures combine CNN feature extraction with 

transformer-based refinement, leveraging CNNs' data 

efficiency and local feature learning with transformers' global 

context modeling. Convolutional vision transformers (CvT) 

introduce convolutional token embedding and position 

encoding, improving efficiency for medium-scale animal 

datasets. 

Attention mechanisms incorporated into CNN architectures 

enhance interpretability and performance. Squeeze-and-

Excitation networks apply channel-wise attention, 

emphasizing informative feature channels corresponding to 

discriminative facial regions. Spatial attention modules 

localize salient facial landmarks, improving robustness to 

background clutter in wildlife images. Cross-attention 

between different facial views enables multi-view fusion for 

animals photographed from multiple angles simultaneously. 

Graph neural networks model spatial relationships between 

facial landmarks, encoding geometric configurations of eyes, 

nose, and mouth positions. Graph-based representations 

prove particularly effective for species with distinct landmark 

configurations, such as primate faces with prominent eyes 

and lips. 

 

4. Datasets, Training Strategies, and Evaluation 

4.1. Public and Custom Animal Face Datasets 

Dataset availability critically determines deep learning model 

development and benchmarking. Several public datasets 

support animal facial recognition research across species. 

The Cattle Face Dataset contains images of Holstein-Friesian 

cattle with individual labels for closed-set identification 

tasks. Sheep Face Dataset provides annotated images of 

sheep faces captured under farm conditions with varying 

poses and lighting. The Primate Face Database includes 

multiple primate species with facial images supporting both 

species classification and individual identification. 

Wildlife-focused datasets include the Amur Tiger Re-

Identification Dataset with camera trap images of individual 

tigers identified through facial and body stripe patterns. The 

Lion Re-Identification Dataset contains images from 

conservation reserves annotated with individual identity 
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labels. The Chimpanzee Face Dataset provides long-term 

photographic records of wild chimpanzee communities 

supporting longitudinal identification studies. 

Dataset characteristics vary substantially in scale, diversity, 

and annotation quality. Livestock datasets typically contain 

controlled imaging conditions with frontal or near-frontal 

poses, consistent lighting, and clean backgrounds, facilitating 

high recognition accuracy but potentially limiting 

generalization to field conditions. Wildlife datasets exhibit 

greater variability in pose, occlusion, resolution, and 

environmental conditions, better representing deployment 

scenarios but increasing learning complexity. 

Dataset scale remains a limiting factor, with most animal 

datasets containing 10-100 individuals compared to millions 

in human face datasets. This scarcity motivates few-shot 

learning approaches enabling recognition from limited 

exemplars per individual. Cross-species datasets combining 

multiple related species enable learning shared facial feature 

representations useful for data-scarce species. 

 

4.2. Data Augmentation and Annotation Challenges 

Data augmentation artificially expands training sets through 

label-preserving transformations. Standard augmentations 

include random cropping, horizontal flipping, rotation, color 

jittering, and brightness adjustment, increasing model 

robustness to imaging variations. Mixup and CutMix blend 

training images, regularizing models against overfitting on 

small datasets. 

Animal-specific augmentations simulate field conditions: 

occlusion masks replicate vegetation or body part occlusion, 

weather effects (rain, fog, snow) mimic adverse conditions, 

and infrared simulation prepares models for night-vision 

camera deployment. Generative adversarial networks 

synthesize novel training images by learning data 

distributions, particularly valuable for rare or endangered 

species with minimal photographic records. 

Annotation challenges include face detection, landmark 

localization, and identity labeling. Automated face detection 

models pretrained on human faces require fine-tuning for 

animal facial geometries and orientations. Multi-task 

learning jointly optimizes face detection and individual 

identification, improving efficiency. Active learning 

prioritizes annotation of maximally informative images, 

reducing labeling effort for expanding datasets. 

Temporal tracking in video data associates detections across 

frames to the same individual, enabling automatic identity 

propagation and reducing manual labeling. However, 

occlusion, motion blur, and crowded scenes complicate 

tracking, requiring robust multi-object tracking algorithms 

integrated with facial recognition. 

 

4.3. Performance Metrics and Validation Protocols 

Recognition accuracy quantifies correct individual 

identification rate on test sets. Closed-set accuracy measures 

performance when all test individuals appear in training data, 

while open-set protocols include unknown individuals 

requiring rejection. Top-k accuracy reports whether the 

correct identity appears among the top k predictions, relaxing 

strict top-1 requirements. 

Precision, recall, and F1-score provide fine-grained 

performance analysis across individuals, particularly relevant 

for imbalanced datasets where some individuals have many 

training images while others have few [97]. Confusion 

matrices reveal systematic misclassification patterns between 

similar-appearing individuals, guiding model improvements. 

Cumulative Match Characteristic (CMC) curves plot 

identification rate versus rank, summarizing performance 

across multiple operating points. Receiver Operating 

Characteristic (ROC) curves and Area Under Curve (AUC) 

metrics evaluate verification systems distinguishing same 

versus different individual pairs. 

Validation protocols must prevent data leakage and assess 

generalization. Individual-disjoint splits ensure no overlap 

between training and test individuals for open-set evaluation. 

Time-based splits withhold recent data for testing temporal 

generalization to aging or seasonal appearance changes. 

Cross-dataset evaluation tests generalization across different 

imaging conditions, cameras, or geographic locations. 

Real-world performance assessment requires field 

deployment measuring accuracy under operational 

conditions. Metrics include processing speed (frames per 

second), latency, memory footprint, and power consumption 

for edge deployment. Failure case analysis identifies 

systematic errors requiring targeted improvements. 

 

5. Applications of Deep Learning–Based Animal Facial 

Recognition 

5.1. Precision Livestock Farming and Health Monitoring 

Precision livestock farming employs sensor technologies and 

data analytics to monitor individual animal health, behavior, 

and productivity. Facial recognition enables automated 

individual identification without physical tags, reducing 

labor costs and animal stress. Dairy cattle identification 

through facial recognition integrated with automated milking 

systems tracks milk yield, composition, and quality per 

individual cow, optimizing breeding decisions and detecting 

mastitis early. 

Health monitoring applications leverage continuous facial 

imaging to detect disease indicators. Facial expression 

analysis identifies pain, distress, or illness through changes in 

eye appearance, ear position, and overall facial configuration. 

Thermal imaging of facial vascular patterns detects fever and 

inflammation associated with respiratory disease or 

metabolic disorders. Weight estimation from facial 

dimensions predicts body condition scores, guiding 

nutritional management. 

Behavioral monitoring tracks feeding patterns, social 

interactions, and rumination activity linked to individual 

faces, identifying animals requiring veterinary intervention. 

Reproduction management benefits from estrus detection 

through facial behavioral changes and automated sire 

identification for paternity assignment in multi-sire breeding 

groups. 

Commercial systems integrating facial recognition with 

livestock management software provide real-time dashboards 

displaying individual animal metrics, alerts for health 

deviations, and historical performance records. Adoption in 

large-scale operations (1000+ animals) demonstrates 

scalability and economic viability, with reported 

improvements in early disease detection reducing mortality 

by 15-25% and increasing production efficiency. 

 

5.2. Wildlife Monitoring and Anti-Poaching Systems 

Wildlife population monitoring traditionally relies on mark-

recapture methods requiring physical capture and tagging—

invasive, expensive, and potentially harmful. Camera traps 

equipped with facial recognition enable non-invasive 

population census, estimating abundance through 
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photographic capture-recapture and identifying individuals 

for demographic studies. 

Tiger conservation programs employ facial recognition on 

camera trap networks, identifying individuals across reserves 

to monitor population connectivity, dispersal, and territorial 

dynamics. Facial stripe patterns combined with deep learning 

achieve over 95% individual identification accuracy, rivaling 

manual expert identification while processing thousands of 

images automatically. 

Primate research utilizes facial recognition for long-term 

behavioral ecology studies, tracking individuals through 

multi-decade datasets without requiring repeated captures. 

Chimpanzee facial recognition systems identify individuals 

in video footage, enabling automated behavioral annotation 

and social network analysis. 

Anti-poaching applications deploy facial recognition on 

surveillance systems monitoring protected areas. Elephant 

facial recognition identifies individuals targeted by poachers, 

triggering rapid response deployment. Real-time alerts from 

camera networks integrate facial detection with intrusion 

detection, distinguishing between known resident animals 

and potential poaching targets. 

Marine mammal monitoring adapts facial recognition to 

challenging underwater imaging conditions. Whale shark and 

manta ray identification uses facial spot patterns for 

population monitoring and movement tracking across ocean 

regions. Seal facial recognition enables longitudinal studies 

of breeding colonies and foraging behavior. 

 

5.3. Conservation Biology and Population Management 

Endangered species conservation requires accurate 

population assessment, genetic diversity monitoring, and 

evaluation of conservation intervention effectiveness. Facial 

recognition provides non-invasive identification supporting 

these objectives without capture stress or altered behavior. 

Great ape conservation employs facial recognition for 

monitoring reintroduced individuals, assessing adaptation to 

wild environments and social integration into existing 

communities. Orangutan facial recognition tracks individuals 

across fragmented forest patches, informing habitat 

connectivity restoration priorities. 

Giant panda conservation programs utilize facial recognition 

on monitoring camera networks, identifying individuals by 

facial markings and estimating population size in remote 

mountainous habitats. Accuracy exceeds 98% for high-

quality frontal images, providing reliable census data for 

conservation management decisions. 

Captive breeding programs benefit from facial recognition 

for pedigree verification, ensuring genetic management 

accuracy and preventing inbreeding. Zoo and sanctuary 

populations of endangered species use facial recognition to 

track individual health, behavior, and breeding success across 

institutions. 

Reintroduction programs require post-release monitoring of 

individually identifiable animals to assess survival, 

reproduction, and habitat use. Facial recognition from remote 

camera networks provides continuous monitoring without 

recapture, reducing costs and disturbance. Success metrics 

including survival rates, offspring production, and dispersal 

patterns inform adaptive management strategies. 

 

6. Challenges and Future Perspectives 

Dataset Bias and Scalability 

Current datasets exhibit taxonomic bias toward charismatic 

megafauna and domestic livestock, with limited 

representation of small mammals, reptiles, amphibians, and 

avian species. Geographic bias concentrates data collection 

in accessible regions, potentially missing population 

structure variations across species ranges. Imaging condition 

bias toward high-quality, well-lit, frontal images 

inadequately represents challenging field conditions. 

Dataset scale limitations constrain deep learning model 

capacity. Most animal datasets contain 10-100 individuals 

with 10-1000 images per individual, orders of magnitude 

smaller than human face datasets. Expanding datasets 

requires coordinated data collection across institutions, 

standardized annotation protocols, and incentive structures 

for data sharing. 

 

Cross-Species Generalization 

Species-specific models demonstrate high accuracy but 

require retraining for each new species, limiting scalability 

across biodiversity monitoring applications. Cross-species 

transfer learning shows promise but variable success 

depending on morphological similarity between source and 

target species. Developing general animal facial recognition 

models capable of zero-shot or few-shot learning for novel 

species remains an open challenge. 

Meta-learning approaches training models to quickly adapt to 

new species from limited examples show potential for 

biodiversity applications. However, extreme morphological 

diversity across animal taxonomy requires carefully designed 

feature representations capturing shared facial structure 

principles while accommodating species-specific variations]. 

 

Real-Time and Edge Deployment 

Field deployment requires real-time processing on edge 

devices with limited computational resources, battery power, 

and connectivity. Model compression through pruning, 

quantization, and knowledge distillation reduces memory and 

computation requirements while maintaining accuracy. 

Hardware acceleration using GPUs, NPUs, or specialized AI 

processors enables real-time inference on mobile platforms. 

Energy-efficient operation for solar-powered camera traps 

necessitates ultra-low-power inference, potentially requiring 

simplified models or event-triggered processing activating 

recognition only when animals are detected. Network 

communication constraints in remote areas require on-device 

processing with selective transmission of identification 

results rather than raw imagery. 

 

Ethical Considerations and Animal Welfare 

Animal welfare concerns arise from camera trap density, 

flash photography effects, and behavioral impacts of 

monitoring infrastructure. Best practices minimize 

disturbance through passive infrared triggers, low-flash or 

infrared illumination, and unobtrusive camera placement. 

Facial recognition enables reduced monitoring intensity 

compared to physical capture methods, but system design 

must prioritize animal welfare. 
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Data privacy and misuse risks include poaching exploitation 

of animal location data and commodification of wildlife 

identity information. Secure data management protocols, 

controlled access systems, and ethical data sharing 

agreements protect sensitive species and populations. 

Indigenous community consultation ensures respectful 

integration with traditional knowledge systems and local 

conservation practices. 

 

Future Trends in Multimodal Biometric Systems 

Multimodal biometric fusion combines facial recognition 

with other identification modalities including body patterns, 

gait analysis, vocalizations, and genetic markers. Fusion 

improves robustness when individual modalities fail due to 

occlusion, poor imaging conditions, or limited discriminative 

power]. Deep learning enables end-to-end multimodal 

learning, jointly optimizing feature extraction across 

modalities. 

Behavioral biometrics incorporating movement patterns, 

social interaction networks, and habitat use preferences 

complement physical appearance for identification. 

Temporal modeling through recurrent networks or temporal 

transformers captures behavioral signatures unique to 

individuals. 

Integration with genomic data links phenotypic facial 

features to genetic identity, enabling hybrid identification 

systems combining visual and molecular information. 

Applications include validating visual identifications through 

genetic sampling and inferring genetic relationships from 

facial similarity. 

 

7. Conclusion 

Deep learning–based facial recognition has transformed 

individual animal identification from labor-intensive manual 

processes to automated, scalable, and non-invasive systems. 

Convolutional neural networks, transfer learning strategies, 

and emerging transformer architectures enable accurate 

individual discrimination across diverse species, from 

livestock to endangered wildlife. Performance in controlled 

livestock environments exceeds 95% accuracy, while 

challenging wildlife applications achieve 85-95% accuracy 

depending on imaging conditions and species characteristics. 

Real-world deployment demonstrates practical value for 

precision livestock management, enabling automated health 

monitoring, productivity tracking, and welfare assessment 

without physical tags. Wildlife conservation applications 

provide non-invasive population monitoring, anti-poaching 

surveillance, and longitudinal behavioral studies impossible 

with traditional methods. Integration with camera trap 

networks, automated milking systems, and conservation 

databases creates comprehensive monitoring ecosystems 

supporting data-driven management decisions. 

Significant technical challenges remain, including limited 

dataset availability, cross-species generalization, edge 

deployment constraints, and handling extreme pose and 

occlusion variations. Methodological advances in few-shot 

learning, domain adaptation, model compression, and 

multimodal fusion address these limitations. Future research 

directions include developing foundation models pretrained 

on diverse animal imagery enabling rapid adaptation to new 

species, integrating facial recognition with behavioral and 

genetic data for comprehensive individual profiling, and 

deploying real-time systems on resource-constrained edge 

devices for global-scale biodiversity monitoring. 

Ethical considerations regarding animal welfare, data 

privacy, and equitable access to technology must guide 

development and deployment. Collaborative efforts across 

computer vision researchers, ecologists, livestock scientists, 

and conservation practitioners will advance facial recognition 

technology as a powerful tool for understanding, protecting, 

and sustainably managing animal populations in an 

increasingly monitored and data-driven world. 

 

 

8. Figures 

 

 
 

Fig 1: Overall workflow of deep learning-based animal facial recognition systems 
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Fig 2: Representative deep learning architectures used for animal face identification 

 

 
 

Fig 3: Training and evaluation pipeline for individual animal recognition models 
 

 

9. Tables 
Table 1: Summary of deep learning models and animal species studied for facial recognition 

 

Species Architecture Dataset Size Accuracy Application Reference 

Cattle ResNet-50 120 individuals 96.7% Livestock ID [107] 

Sheep VGG-16 85 individuals 93.2% Farm management [76] 

Pigs MobileNet-V2 150 individuals 91.4% Health monitoring [32] 

Tigers Inception-V3 107 individuals 95.8% Conservation [118] 

Chimpanzees ResNet-101 24 individuals 92.1% Behavioral study [120] 

Pandas Ensemble CNN 218 individuals 98.5% Population census [130] 

Elephants AlexNet + SVM 42 individuals 87.3% Anti-poaching [121] 

Primates Multi-species CNN 15 species, 280 ind. 89.6% Taxonomy study [77] 

 



Journal of Agriculture Digitalization and Research www.agridigitaljournal.com  

 
    73 | P a g e  

 

Table 2: Advantages and limitations of deep learning-based animal identification systems 
 

Aspect Advantages Limitations 

Data Requirements 
Transfer learning reduces need for large datasets; pretrained 

models accelerate development 

Limited public datasets; annotation labor-intensive; long-

tail species underrepresented 

Accuracy 
95%+ in controlled conditions; comparable to human expert 

performance 

Degrades with occlusion, extreme pose, low resolution, 

adverse weather 

Invasiveness Non-contact; no capture stress; preserves natural behavior Requires camera infrastructure; potential flash disturbance 

Scalability 
Automated processing of thousands of images; 24/7 

monitoring capability 

Species-specific training; limited cross-species 

generalization 

Real-time Processing 
GPU acceleration enables real-time inference; integration 

with alert systems 

Edge deployment limited by computational resources; 

battery constraints 

Cost 
Eliminates recurring physical tag replacement; reduces 

labor for manual ID 
Initial camera and computing infrastructure investment 

Robustness 
Data augmentation improves tolerance to imaging 

variations 

Dataset bias toward ideal conditions limits field 

performance 

Interpretability Attention mechanisms visualize discriminative regions 
Deep features less interpretable than hand-crafted 

biometrics 
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