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NOISIAI

automated livestock management, disease tracking, and optimization of farm

productivity. In this study, we compare the performance of three deep learning
architectures, Vision Transformer (ViT), Swin Transformer, and ResNet18, for large-scale,
multiclass cattle classification. The proposed system is trained and evaluated on a cow dataset
from Karachi, Pakistan, which includes approximately 459 distinct classes, making it one of
the largest publicly available cow image datasets. All the models were trained and tested in
similar experimental conditions, which ensures a fair comparison. The highest classification
accuracy was achieved by the Vision Transformer with 96.27%, compared to 95.86% and
94.48% in both ResNet18 and Swin Transformer, respectively. In addition, the ViT model
attained a macro precision of 0.94, recall of 0.95, and Fl-score of 0.94, while ResNet18
achieved 0.94, 0.95, and 0.94, and Swin Transformer achieved 0.92, 0.93, and 0.92,
respectively. The training process converged within 100 epochs, with final training and
validation losses of 0.0176 and 0.2420 for ViT, 0.0228 and 0.2172 for ResNet18, and 0.0527
and 0.3159 for Swin Transformer, indicating stable learning behavior across models. The
obtained results indicate that transformer-based architectures effectively capture fine-grained
facial features in cattle compared to traditional CNNs. In addition, the Top-5 accuracies of all
models were more than 99%, which highlights the appropriateness of all models to large-scale,
multiclass cattle identification. Hence, the proposed work illustrates that these models can
improve classification accuracy, which will aid in accurate livestock tracking, traceability, and
help to identify diseases in their early stages, which will eventually increase productivity and
the development of sustainable agriculture. The current research also fits in with the United
Nations Sustainable Development Goals, SDG 2 (Zero Hunger) and SDG 12 (Responsible
Consumption and Production), as it contributes to effective livestock management and
sustainable agricultural practices.
Keywords: Cattle Identification, Deep Learning, Convolutional Neural Network, Vision
Transformer, Sustainable Agriculture.
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Introduction:

Livestock management plays a crucial role in global agriculture by providing essential
goods such as dairy, meat, and leather, and forms a significant part of the rural livelihoods [1].
In countries like Pakistan, where cattle farming constitutes a major component of the
agricultural economy, accurate identification and classification of individual animals is required
in order to manage livestock efficiently, monitor diseases and breeding programs, as well as
monitor productivity. Traditional methods of identifying animals, including branding and ear
tagging, routinely cause physical harm, increase stress levels in the animals, and can indirectly
affect health and production [2].

Recent advances in deep learning have significantly improved image-based animal
identification systems. Convolutional neural network (CNN) models, such as ResNet18 has
demonstrated effectiveness in image classification objectives [3]. Furthermore, with the
development of Vision Transformers (ViTs) [4] and their derivatives, such as the Swin
Transformer [5], a more attractive option has emerged, which has shown superior capability
in capturing long-range dependencies and fine-resolution image details, making it potentially
useful in livestock biometrics and precision agriculture applications [6].

The Cow Frontal Face Dataset [7], which contains about 459 classes of cows in
Karachi, Pakistan, is one of the largest datasets available in cattle-classification research.
Individual cattle are very difficult to identify due to the high intra-class variation caused by
poses, illumination, and viewpoint, along with visual resemblance between different
individuals. Therefore, robust deep-learning models with strong feature-extraction capabilities
are required.

Recent studies have explored deep learning and transformer-based approaches for
livestock monitoring and precision agriculture applications [8] and [9]. However, limited work
has been conducted on large-scale cattle classification using transformer-based architectures,
particulatly in the context of South Asian livestock systems. This research paper compares the
performance of three modern architectures, ViT [4], Swin Transformer [5], and ResNet18 [3],
with large-scale multi-class cattle classification. The deep learning models were trained and
evaluated under identical experimental conditions, with classification accuracy used as the
primary performance metric. The objective of the comparative analysis is to determine which
model proves to be the most productive in terms of cattle classification, and the possible
outcomes include livestock monitoring, traceability infrastructures, and Al-based precision
agriculture.

Research Obijectives:
The main objectives of this study are:

To compare transformer-based and CNN-based architectures on one of the largest
available datasets for cattle classification.

Comparative performance of ViT, Swin Transformer, and ResNetl8 with similar
training conditions.

Analyze the suitability of deep learning methods to precision livestock farming and
automated monitoring in the Pakistani environment.

Novelty and Contributions:
The novelty of this work includes:

A large-scale experimental evaluation on a 459-class cattle facial dataset, addressing a
highly challenging fine-grained classification problem.

Experimental results demonstrate that Vision Transformer models outperform
traditional CNN architectures in cattle identification tasks.

A comprehensive comparative analysis under similar training conditions implies a fair
benchmarking of CNN and transformer-based models.
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Insights into the applicability of transformer-based models for automated livestock
tracking and precision agriculture in developing areas.

The work contributes to the United Nations Sustainable Development Goals, SDG 2
(Zero Hunger) and SDG 12 (Responsible Consumption and Production), as it enables the
effective management of livestock and sustainable agricultural practices by facilitating the
development of Al-based automation [10] and [11].

Literature Review:

The literature review aims to evaluate the existing literature about livestock
management and the use and implementation of artificial intelligence (Al) to identify cattle
and classify their breeds, thus contributing to the evolution and development of sustainable
agriculture. Modern innovations in deep learning (DL), machine learning, and computer vision
have attracted new possibilities in precision livestock farming, especially automating cattle-
monitoring systems that are inherently productive and improve animal welfare without
increasing environmental harm.

Several studies have evaluated and developed machine learning and deep learning
techniques for cattle identification. In this perspective, ear tagging, branding, and radio-
frequency identification (RFID), which are considered traditional ways of identification, are
still common but cause physiological stress to the animals [12]. Traditionally, machine learning
(ML) models, such as support-vector machines (SVM), k-nearest neighbors (KNN), and
artificial neural networks (ANN), along with hand-engineered feature extractors such as local
binary patterns (LBP), speeded-up robust features (SURFK), and scale-invariant feature
transform (SIFT), have been used to identify salient features such as coat patterns and muzzle
prints [2] However, deep learning models, specifically convolutional neural networks (CNNs)
and modern detection architectures, have proven to be more accurate and more robust in
livestock detection and identification tasks [12]. Research has also investigated the
performance of the machine-learning and deep-learning systems on popular image and video
databases using both tag-based, deoxyribonucleic acid (DNA) based, and visual-based
biometric systems [13]. Multi-feature decision-layer fusion has also been investigated, with
better results regarding identification performance. The muzzle-pattern analysis, mutually used
alongside facial recognition, has shown an increased accuracy, reliability, and robustness
particularly in dynamic farm environments [14]. Kumar et al. propose a local feature-guided
neural architecture to identify cows, where discrimination in local areas is emphasized to
enhance strong performance against pose and illumination variations [15]. Out of 58 publicly
available livestock-farming datasets under study, about 50 were of cattle. These results
highlight the need to have more specialized datasets to optimize computer-vision systems in
livestock management [16]. A study investigates accurate and non-invasive methods of
identifying cattle with deep learning models and utilizes facial features to recognize individual
livestock using image data [8]. Besides identification, computer vision technology has been
utilized to support other livestock management activities. An artificial-intelligence-based
system was proposed by Inam et al., which estimates cattle age based on dentition images,
using YOLOVS to detect and segment images and automatically predict the age group, which
demonstrates the potential of deep learning in non-invasive livestock measurement [17].

Convolutional Neural Networks (CNNs) have paved the way for these image-based
approaches by effectively learning discriminative visual features without manual feature
engineering [18]. Akarsu et al. suggested employing deep features, which were obtained using
ResNet-18, and Linear Discriminant Analysis (LDA) to improve the accuracy of animal
classification [19]. According to their findings, the hybrid deep-classical approaches can
significantly enhance the discriminative learning results in livestock recognition problems [19].
Similarly, individual identification accuracy of lightweight CNN models fine-tuned on dairy
cow side-view images achieved 96.65% [20]. A refined breed detection model, RTDETR-Refa
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(based on a ResNetl8 backbone with RepConv and attention modules), succeeded in
surpassing traditional ResNet18 and other comparisons, along with an accuracy increase of
almost 1% but without decreasing detection speeds [21]. In related efforts, metric learning
techniques combined with CNNs have been applied to Holstein-Friesian cattle using coat
pattern recognition. Such models achieved an impressive 93.8% accuracy in identifying unseen
individuals in test data, indicating strong generalization using SoftMax-based triplet loss
mechanism [22].

The Vision Transformer (ViT) marked a paradigm shift in computer vision (CV) by
applying transformer-based architecture, which was previously developed for natural language
processing (NLP), directly to image patches [4]. Vision transformers ViTs learn long-range
visual dependencies, which means that they are well-suited to fine-grained classification tasks
by using the mechanisms of self-attention [4]. Transformer-based methods of cattle
identification have been reported in recent literature. Specifically, Kumar et al. presented a
multi-directional shifted patch encoding transformer models of non-invasive cattle detection
and proved that patch-based detection can be used to successfully extract fine-grained
biometric characteristics of cattle in image data [23]. The effectiveness of deep learning and
machine-learning methods in predicting crop diseases has been validated by recent academic
research studies in the agricultural sector. As an example, an interpretable machine-learning
framework based on the Internet-of-Things has been applied to predict disease in pearl millet
and provides high accuracy in real-world agricultural conditions [24]. Likewise, a hierarchical
ViT (HViT) network, in a poultry disease analysis, reached an accuracy of 90.90% on
validation, which is higher than all CNN baselines such as ResNet50 and VGG16 [25]. All
these findings indicate a great applicability of ViTs to various fields of agriculture, especially
in areas where discriminative features, including the pattern of coats, the shape of the muzzle,
or facial features, play a critical role in the successful classification.

The Swin Transformer, which proposes a hierarchical structure with shifted-window
self-attention, alleviates the weaknesses of ViT's in terms of data inefficiency and scale variance,
improving efficiency and accuracy in general computer-vision problems [5]. The adoption of
this in livestock management is not yet complete, but recent studies have shown its potential.
In one of these studies, a Swin Transformer using a triplet network has been shown to
recognize cattle nose-print with high accuracy (98.61% on a small dataset), demonstrating the
feasibility of fine-grained biometric recognition in precision livestock farming despite the
existing lack of data [26]. More recent transformer-based approaches, such as CattleDiT, a
distillation-based transformer architecture, have been able to achieve higher accuracy in
identifying cattle and also reduce the computational cost [27].

Despite recent studies demonstrating significant improvements using deep learning
and transformer-based approaches, several limitations remain. Most of the existing works are
evaluated on small-scale datasets with limited class diversity, restricting their applicability to
real-world livestock environments. More recent works have explored computer-vision-based
livestock analysis beyond identification, such as age estimation via dentition analysis using Al,
to demonstrate how deep learning can be used to support a wide range of livestock
management-related tasks, such as health monitoring and breeding analysis. However, the
majority of the existing studies focus on particular tasks and do not provide a full-scale
reference of modern deep-learning networks in full recognition of cattle on a large scale.
Therefore, there has been no formal comparison of Vision Transformer (ViT) and Swin
Transformer systems with long-established convolutional neural systems like ResNet -18 on
large-scale cattle-face classification, especially in region-specific applications like Pakistani
cattle databases. This gap is addressed by the current research, which compares these
architectures on a standardized training procedure on a 459-class cattle-face dataset, therefore,
offering practical implications of Al-based livestock control in real-life settings.
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Materials and Methods:
Dataset Description: This study utilized the Cows Frontal Face Dataset [7], comprising
approximately 459 classes of cows in Karachi, Pakistan, and is one of the largest datasets
available for cattle classification studies. Each class corresponds to an individual animal
identity, making the task suitable for individual cattle identification. The dataset employs facial
and muzzle biometric features and provides a challenging benchmark for evaluating the
performance of convolutional neural network (CNN) and transformer-based models in
precision livestock farming.

Figure 1. Dataset Samples
Image Preprocessing: All images were scaled to 224X224 pixels, compatible with the input
requirements of ResNet-18, Swin Transformer, and Vision Transformer models. To match
pretrained weights, the ImageNet mean and standard deviation were used to normalize the
images. This preprocessing step ensures consistent input dimensions, reduced computational
complexity, and enhanced convergence during training by standardizing pixel intensity
distributions.
Proposed Pipeline:
The overall pipeline of the proposed system consists of the following steps:
Dataset acquisition.
Image preprocessing includes resizing and normalization.
Data splitting into training and testing subsets.
Model training using ResNet18, Vision Transformer, and Swin Transformer architectures.
Model evaluation based on classification metrics.
The trained models are then used for inference to identify individual cattle from facial images.
Model Architectures:
ResNet18: ResNet-18 is a deep learning-based 18-layer convolutional neural network (CNN)
that uses residual learning to mitigate the vanishing gradient problem, thus allowing training
of deeper models to be effectively trained [3]. The main idea of ResNet is the residual
connection, which was developed as [3].

y=F(,{Wi})+x (1)

Here, x is an image input into the residual block, F (x, {Wi}) represents the residual
mapping (stacked convolutional layers), and y is the output. In this research, ResNet18 was
used as a baseline model. Standard residual blocks of ResNet18 consisting of convolution,
batch normalization, and RelLU activation layers were used. The last fully connected layer was
replaced to match the 459 classes of the cattle face dataset, while the other layers retained
pretrained weights from ImageNet.
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Vision Transformer (ViT): The model implements a transformer-based architecture, which
was Initially used in natural language processing, to image patches [4]. Every image is divided
into fixed-size patches, embedded linearly and treated using multi-head self-attention layers,
which can be expressed as [5]:

T
Attention (Q,K,V) = Softmax(%) V(2)

where Q, K, V represent the query matrix, key matrix, and value matrix based on patch
embeddings, and d is the key dimension. This mechanism enables the model to capture long-
range dependencies between image patches. For this research, the ViT-Base Patch16-224
model was applied, in which the images are divided into 16X16 patches, which creates a chain
of embedded tokens. The model has 768 embedding dimensions and 12 attention heads,
enabling effective modeling of global contextual relationships.
Swin Transformer: This model uses a shifted-window attention mechanism, which makes
features represented hierarchically with a minimal complexity of computation. The self-
attention is calculated initially in non-overlapping windows and then moved to enable cross-
window interaction [26].

yW =W-—-MSA(x W) + x W 3)
y = SW-MSA(y_ W) + y W “

where W-MSA and SW-MSA indicate window-based and shifted window multi-head
self-attention, respectively. The Swin Transformer Base model is a hierarchical model with a
4X4 patch size and a 7X7 shifted window mechanism. The model uses multi-head self-
attention on local windows and shifted windows, which enables the efficient learning of local
and global features.
Training: The dataset and model training parameters are given in Table 1. The models were
trained under the same experimental conditions to ensure a fair comparison of performance
metrics.

Table 1. Dataset and Training Parameters Summary

Parameters Description
Dataset Cows Frontal Face Dataset
Number of Classes 459
Image Size 224 X 224 pixels
Training/Test Split Balanced subsets
Batch Size 32
No of Epoch 100
Preprocessing Resize, To Tensor, Normalize
Loss Function CrossEntropyloss
Optimizer (ResNet18) Adam, Ir = 0.001
Optimizer (Swin Transformer) | AdamW, Ir = le-4
Optimizer (ViT) AdamW, Ir = le-4
Pretrained Weights ImageNet
Data Augmentation None
Training Environment GPU-enabled PyTorch

A learning rate scheduler was employed to reduce the learning rate during training for
improved convergence. Farly stopping was also taken into consideration to avoid overfitting
by tracking validation loss. All models were trained for 100 epochs, and the best-performing
model weights were selected based on validation performance.

To promote real-time inference in edge or GPU-enabled devices, The proposed
models are designed for practical deployment in the systems of livestock monitoring.
Transformer-based models prove to be much more efficient, and ResNet18 is lightweight,
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thus suitable to implement it in farms to conduct automated cattle identification. These
systems can be used to monitor continuously, identify diseases, and analyze their productivity
in precision livestock farming.

Results and Discussion:

The section outlines the experimental findings, conducts detailed performance
analysis, and provides a critical discussion on the suggested classification models based on the
three deep-learning architectures.

Training Dynamics: The training loss and validation loss convergence curves of the three
classification models provide useful information about the stability of learning, convergence
rate, and the ability to generalize the information to the dataset.

Vision Transformer ViT (Training, Validation Loss Convergence Curve):
Training & Validation Loss

—— Train Loss
Validation Loss

A Noe

T
0 20 40 60 80 100
Epoch

Figure 2. Training Validation Loss Convergence Curve ViT

In figure 2 the ViT model shows a rapid decrease in both training and validation loss
at the initial epoch, indicating effective feature learning of global representations. After the
convergence, the training loss decreases, whereas the validation loss has minor fluctuations,
which is indicative of slight overfitting. Periodic spikes of the loss in later epochs demonstrate
that there is sensitivity to the optimization dynamics; however, the stability is generally high,
and the final validation loss is not excessive, which demonstrates strong generalization in the
multi-class dataset.

ResNet-18 (Training, Validation Loss Convergence Curve):
Training & Validation Loss

—— Train Loss
Validation Loss

NA A S

T
0 20 40 60 80 100
Epoch

Figure 3. Training Validation Loss Convergence Curve ResNet-18
In figure 3 ResNet-18 exhibits smooth convergence, and the training loss and
validation loss values decline continuously with the number of epochs. The close gap between
the training loss and the validation loss emphasizes good generalization and strength. The
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validation loss spikes vary temporarily, and the trends quickly stabilize, which is indicative of
noise-resistance and the effective learning of features. Generally, ResNet-18 has consistent
and stable training dynamics and little overfitting.

Swin-ViT (Training, Validation Loss Convergence Curve):
Training & Validation Loss

Eh —— Train Loss

Validation Loss

Loss

o] — A

(I) 2‘0 4‘0 6‘0 Bb ].CIFCI
Epoch
Figure 4. Training Validation Loss Convergence Curve Swin ViT

The Swin Transformer has a rapid initial convergence, which is a steady decrease in
loss in the initial epochs as shown in figure 4. Training losses continue to drop significantly as
the training continues, but validation loss levels off and even increases in each successive
epoch, suggesting over-fitting due to large model capacity. However, Swin-ViT maintains
competitive performance with respect to validation performance, which highlights its
competence to represent hierarchical and local-global features interaction in complex visual
data.

In all models, ResNet-18 exhibits the most stable training dynamics and better
generalization, but ViT and Swin-ViT have faster convergence and will reduce training losses.
In later epochs, they show evidence of overfitting. Transformer-based architectures are adept
at encoding complex relationships among visual features, whereas ResNet-18 offers a better
compromise between stability and generalization. These results highlight a trade-off between
model complexity and training robustness in large-scale multi-class classification tasks.
Evaluation Metrics: This research utilized the Cows Frontal Face Dataset 7], comprising
approximately 459 classes of cows in Karachi, Pakistan, which is one of the largest datasets
available for cattle classification research.

Top-1 Accuracy (Overall Accuracy): Top-1 accuracy measures the fraction of test samples
that the top-1 prediction of the model exactly matches the ground-truth class label [28].

1 . .
Top — 1 Accuracy = NZ?’_l 1(yi = yi) 5)
Precision: Precision is used to determine the percentage of observed positive cases that are

predicted to be positive [29].
TP 6
TP+ FP ©)
Recall: Recall calculates how many of the actual positive cases were predicted correctly by the

model [29].

Precision =

TP

TP+ FN O
Fl-score: Precision and Recall are the harmonic mean to generate the Fl-score. It strikes a

trade-off between the two, particulatly in the case of imbalanced class distribution [29].
Precision X Recall
F1 = 2X (8)

Recall =

Precision + Recall
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Top-5 Accuracy: Top-5 Accuracy calculates the proportion of test samples for which the
ground-truth class appears among the model’s top five predicted classes ranked by confidence
28].

Top — 5 Accuracy = %Z?’_l 1(yie Top 5 (pi)) )
Mean Class Accuracy (MCA): Mean Class Accuracy is a measure of the mean classification

accuracy across all classes, with the same weight given to each of the classes regardless of its
size [30].

MCA = = ¥ ,—= (10)
Results: In this research, we evaluated three deep learning architectures, Swin Transformer,
Vision Transformer (ViT), and ResNet-18, on our dataset. Table 2 summarizes the
classification metrics, including top-1 accuracy, precision, recall, and F1-score, top-5 accuracy,
and mean class accuracy.

Table 2. Comparative Performance Evaluation of Models

Model ViT ResNet-18 | Swin Transformer
Top 1 Accuracy 96.27% 95.86% 94.48%
Precision (weighted) | 95.63% 95.46% 93.83%
Recall (weighted) 96.27% 95.86% 94.48%
F1- Score (weighted) | 95.64% 95.31% 93.71%
Top 5 Accuracy 99.58% 99.58% 99.17%
Mean Class Accuracy | 95.02% 94.65% 93.29%

Observations:

Top-1 Accuracy: The Vision Transformer has achieved the best classification accuracy of
96.27%, as compared to ResNet-18 (95.86%) and Swin Transformer (94.48%).

Precision & Recall: The models showed similar weighted precision (93-96%) and recall (94-
96%) values, with a good performance with minimal false negatives and false positives.
Fl-score: ResNet-18 and Swin Transformer achieved an Fl-score of 95.31% and 93.71%,
respectively, and ViT slightly outperformed them with 95.64%, showing a better precision-
recall balance.

Top-5 Accuracy: Models all had high Top-5 accuracy, which highlights the strong
identification performance under circumstances where the correct class is not at the top. ViT
and ResNet-18 both performed with 99.58%, and Swin Transformer scored 99.17%.

Mean Class Accuracy: ViT achieved the most accurate mean class (95.02%), followed by
ResNet-18 (94.65%) and Swin Transformer (93.29%), indicating the robustness of these
models on both common and rare classes.

Misclassification Analysis: Due to the large number of classes (459), a complete confusion
matrix is difficult to visualize; therefore, analysis is focused on misclassification trends among
visually similar cattle classes, where most errors are based on high inter-class similarity.
Mapping Research Objectives:

The experimental results directly address the defined research objectives. Objective 1
is met by the comparative analysis of CNN and transformer-based models, in which ViT
demonstrated the best classification accuracy. Objective 2 is affirmed through the fact that
transformer-based architecture has been better than conventional CNN architectures in fine-
grained features representation, as it has been supported by a higher degree of precision and
recall. The high Top-5 accuracy (>99%) in all models supports objective 3 and shows that it
can be used in practice to monitor animals.

Discussion:

The experimental evaluation of the three considered models, Swin Transformer,

Vision Transformer (ViT), and ResNet-18, showed that ViT demonstrated the best
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classification accuracy of 96.27% and, a precision of 95.63%, and a recall of 96.27%. ResNet-
18 achieved an accuracy of 95.86%, and Swin Transformer reached a score of 94.48%.
Transformer architecture outperformed the baseline convolutional neural network
significantly with respect to all performance metrics.

The high performance of the Swin Transformer can be explained by the hierarchical
representation learning and shifted-window self-attention, which allows simultaneously using
both local and global contextual patterns in bovine images. These abilities are particularly
relevant to livestock identification problems where they are necessary to use fine-grained
discrimination of coat colors, ear shape, and facial features. However, in the current dataset,
the ViT slightly outperformed the Swin Transformer on the Top-1 accuracy, which is
indicative of the possibility that a pure global attention mechanism is more consistent with the
given features.

Comparing transformers and CNNs, the results demonstrate that while CNNs
(ResNet-18) remain competitive, they heavily utilize local receptive fields, which may limit
their ability to capture global relationships in high-resolution livestock imagery. Transformers,
however, are more effective at learning long-range dependencies, facilitating more successful
discrimination in cases where animals have similar local textures, yet different overall shape or
pattern configurations.

Practically, these results indicate that transformer-based architectures are better

adapted to real-world livestock monitoring systems, where animals can be partially occluded
or appear at different distances, or be captured under varying illumination conditions. This
robustness is significant towards uncontrolled farm deployment.
Conclusion and Future Work: This research experimented on livestock recognition using
Swin Transformer, Vision Transformer, and ResNet-18. Thus, the Vision Transformer
became the most effective, achieving the highest classification accuracy of 96.27% and
demonstrating competitive performance across all evaluation metrics. The results verify that
transformer-based architecture offers a competitive advantage in the performance of
traditional CNNs in identifying fine-grained animals. The findings further confirm the
effectiveness of transformer-based architectures for fine-grained cattle identification. The
results accommodate the specified research objectives since they prove the comparative
performance of CNN and transformer-driven models as well as indicate their relevance to
large-scale cattle classification. Furthermore, the high accuracy in classifications shows that
these models can be used in real-world livestock monitoring systems.

This method in livestock surveillance systems can enable automated recognition and
tracking, hence facilitating the application of precision agriculture, such as individual health
monitoring, feeding-behavior identification, and breeding control. The proposed models will
be beneficial in reducing the dependence on manual tagging, thereby facilitating efficient farm
operations and animal welfare. Overall, the results indicate that transformer-based
architectures can significantly enhance Al-powered livestock monitoring systems and thus
allow scalable and sustainable agricultural solutions. The suggested framework also supports
the United Nations Sustainable Development Goals, especially SDG 2 (Zero Hunger) and
SDG 9 (Industry, Innovation and Infrastructure), as it allows for managing livestock
efficiently, increasing productivity, and encouraging innovation in precision agriculture.

Future research must enhance this framework with the additional use of multimodal
data combining visual recognition with supplementary data, video-based behavioral analytics,
RFID data, and biometric data. It is expected that such a multimodal approach will increase
the robustness and reliability of the system in more complex farm conditions. Furthermore, it
will be useful to expand the dataset to more heterogeneous and diverse cohorts, i.e., include
various breeds, different environmental factors, and different occlusion scenarios, as it will
make the model more generalized and applicable to the real-world agriculture context.
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Research on real-time inference by the implementation of optimized transformer models on
edge devices would allow real-time monitoring of devices on-site without the need to have
high-bandwidth connectivity. Lastly, the use of Explainable AI (XAI) frameworks is likely to
be critical towards promoting model transparency and trust. XAl can encourage farmers and
veterinarians to use it by providing interpretable insights into model decisions, which will
facilitate informed decision-making. Comprehensively, this study shows that transformer-
based architectures have significant flexibility in enhancing Al-based livestock monitoring,
which can be used to create more scalable, intelligent, and sustainable agricultural solutions.
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