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ABSTRACT

Face recognition is increasingly used for biometric identification in both humans and animals, offering a non-invasive
option for managing hard-to-handle species such as water buffalo. We present a real-time face recognition system
based on YOLOV5 to accurately identify individual buffalo in a livestock setting. Our goal is to support precision
livestock farming with an efficient and scalable monitoring solution. We also introduce Buffalo-22, a dataset of 4000
augmented face images from eight water buffalo collected at a breeding farm in Yozgat, Turkey. We compare our
system with a traditional approach based on Local Binary Patterns in the HSV color space (LBP-HSV) to highlight
the advantages of deep learning in challenging agricultural environments. The proposed YOLOvV5 model achieved
99.3% average precision at loU 0.5 (mMAP@0.5), while the LBP-HSV model reached 87.8% test accuracy. These
results show that convolutional neural networks can deliver accurate, real-time face recognition for water buffalo. The
reported performance indicates that the proposed system is a practical tool for automatic and reliable identification on
livestock farms.
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INTRODUCTION

Animal identification methods are commonly grouped into mechanical, electronic, and biometric categories
(Marchant, 2002). In practice, metal or flexible plastic ear tags, subcutaneous passive RFID transponders, and rumen
boluses are widely used. However, the application of electronic identification methods requires an expert practitioner
and may occasionally lead to severe accidents resulting in animal injury or death (Bugge et al., 2011; Lu et al., 2014).
Hence, biometric identification has begun to gain attention alongside the traditional methods to reduce the risks and
requirements and increase manageability. Biometrics leverage unique anatomical and behavioral traits, including
visual coat patterns, muzzle prints, iris and retinal patterns, face features, ear vein patterns, bite marks, DNA, and
behavior or movement signatures (Nilsson et al., 2006; Barry et al., 2008; Burghardt, 2008; Erdem and Tuna, 2008;
Awad et al., 2013; Noviyanto and Arymurthy, 2013; Kumar and Singh, 2014). Animal welfare concerns also require
that identification devices or methods should not cause pain or distress. This has increased interest in machine-
learning-based frameworks for automatic identification.

Animal biometrics rely on features that can be observed and measured, such as appearance, movement and
vocal sounds. These data are usually collected with sensors, compared with stored patterns and then used by other
systems or applications (Kiihl and Burghardt, 2013; Celikyiirek and Karakus, 2017).

A growing number of computer vision studies now use deep learning methods. Among the most common are
convolutional neural networks (CNNs) and transformers, which have been used for detection, classification,
recognition and tracking (Zhang et al., 2018; Bezen et al., 2020; Erbay and Hayit, 2025). Similar methods have also
been tested in livestock research, especially for identifying cattle from face images. Although the reported results are
generally strong, one practical problem is the amount of labeled data needed to train these models (Qiao et al., 2019;
Yang et al., 2019; Yao et al., 2019; Wang et al., 2020; Xu et al., 2022). Individual animal recognition can support
several farm-management tasks, including disease monitoring, vaccination records, production management, animal
tracking and owner identification (Awad, 2016).
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In recent years, more studies have applied deep learning to livestock identification. Researchers have used
cattle face images, recordings from several cameras and depth data to tell individual animals apart. Many of these
studies have reported a high accuracy (Bergman et al., 2024; Ermetin and Ornek, 2025; Sharma et al., 2025; Yu et al.,
2025).

Water buffalo (Bubalus bubalis) are the second most important dairy species in the world after cattle. Most
buffalo studies have focused on genetics, nutrition and breeding. Much less attention has been given to intensive
buffalo production systems and to the use of precision livestock farming (PLF) tools on buffalo farms. These
technologies could be useful in managing silent estrus, infertility, heat stress and problems related to milking (Kul et
al., 2018; Ermetin, 2021).

Buffalo are not always easy to approach under farm conditions and in some cases this may involve a safety
risk. Reading an ear tag or carrying out a routine procedure can lead to a defensive response, particularly when the
animal is handled by someone unfamiliar (Kul, 2020). Housing conditions that allow more natural behavior and reduce
unnecessary close contact may help lower fear and aggression and may also reduce problems with milk let-down
(Ermetin, 2017). Computer vision offers a way to identify and monitor animals without direct contact. Ear tags can
sometimes be read from a distance, but they may also be lost, damaged or difficult to read. Another possibility is to
identify each animal from its face and connect this result with records on pedigree, milk yield and breeding history.
Developing models directly for water buffalo could therefore make PLF systems easier to use in practice, using either
deep learning or traditional machine-learning methods (Ermetin, 2021).

Although several biometric modalities such as muzzle, iris, and retinal patterns have been explored, face
recognition for water buffalo has received limited attention. Feature-based methods and simple classifiers remain
attractive where resources are constrained and often perform well under controlled conditions, but their accuracy and
scalability tend to degrade in dynamic, real-time farm environments.

In this study, we developed a real-time face recognition system for individual water buffalo identification
based on YOLOV5, a state-of-the-art deep learning object detection algorithm. We also introduce Buffalo-22, a curated
dataset comprising 4000 augmented facial images from eight buffalo collected on a breeding farm in Yozgat, Turkey.
Alongside the proposed model, we implement a traditional baseline that combines LBP features from HSV and
grayscale images with an SVM classifier, enabling a side-by-side comparison of accuracy, throughput, and practical
deployability. We hypothesize that a YOLOvV5-based approach trained on Buffalo-22, a curated dataset containing
augmented facial images of water buffalo, will outperform a conventional machine learning baseline combining Local
Binary Pattern—Hue Saturation Value (LBP-HSV) feature extraction with a Support Vector Machine (SVM) classifier
in terms of identification accuracy and real-time efficiency. Furthermore, compared with conventional farm
identification methods, the proposed system is expected to provide a fast, low-cost, and robust alternative.

MATERIALS AND METHODS

Dataset

Image Acquisition: In this study, eight healthy water buffalo aged between 2 and 4 years were used on a private water
buffalo farm located in Yozgat, Turkey. Face images were captured from different angles in RGB (red, green, blue)
format using a Canon EOS 1200D DSLR camera between May and June 2023. Sample images from the data collection
phase are presented in Fig. 1.

Table 1. Raw dataset statistics

Buffalo ID 0 1 2 3 4 5 6 7 Total
Number of images 422 384 192 301 277 286 193 269 2324

Data Annotation and Augmentation: First, the raw images were annotated using the Roboflow labeling tool by
manually drawing bounding boxes around the face regions of each water buffalo. Annotations were used to train the
face detection model (Dwyer and Gallagher, 2023). Insufficient raw images can lead to overfitting or underfitting
during training. To avoid data leakage between the training, validation and test sets, the original non-augmented
images were first divided into training, validation and test subsets at a ratio of 70%, 20% and 10%, respectively. This
split was performed at the original image level and stratified according to buffalo identity. After this separation, data
augmentation was applied only to the training subset using standard techniques, including rotation, horizontal and
vertical flipping, and adjustments to brightness and contrast. The validation and test subsets were not augmented and
were kept unchanged for unbiased model evaluation. An example of a water buffalo image and its augmented variants
is shown in Fig. 2.
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As a result of the data collection process, a total of 2324 images were obtained. Individual buffalo were labeled with
IDs from 0 to 7. The number of raw (unprocessed) images per animal is summarized in Table 1.

p I S E M Cme
Fig. 2. Examples of augmented water buffalo face images: (A) original image; (B) brightness adjustment; (C)
contrast adjustment; (D) vertical flip; (E) horizontal flip; (F) rotation.
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After data splitting and training-set augmentation, 500 facial images were obtained for each of the eight water
buffalo, resulting in a total of 4000 images. This curated dataset, hereafter referred to as the Buffalo-22 dataset, was
used for model training, validation and testing. Summary statistics are presented in Table 2.

Table 2. Buffalo-22 statistics

Buffalo ID 0 1 2 3 4 5 6 7 Total
Number of images 500 500 500 500 500 500 500 500 4000

Face recognition approaches: The analysis was conducted in two stages to enable a direct comparison between
traditional and modern methods: face recognition using a statistical feature extraction approach and face recognition
using a deep learning-based approach.

Face recognition using statistical feature extraction: Humeau-Heurtier (2019) reviewed texture feature extraction
methods and grouped them into several categories. One of these categories, the statistical approach, has been used in
a wide range of computer vision applications, including object detection and image classification, for more than half
a century (Haralick et al., 1973).

Local Binary Pattern (LBP) feature extraction: Traditional machine learning approaches such as Local Binary
Pattern (LBP)-based texture analysis combined with classical classifiers have been widely used in biometric
recognition studies due to their low computational cost and effective texture representation capabilities. LBP was
proposed by Ojala et al. (1996) and has been widely adopted as a texture descriptor due to its computational efficiency
and its capability to capture fine-scale image details (Nanni et al., 2017). The canonical LBP operator is computed at
each pixel by considering the values of a small circular neighborhood with radius R around a central pixel with
intensity 1.,, as follows:
N-1

LBP (N,R) = Z s, — 1,)2"

n=0
The resulting descriptor is a histogram of the binary codes, where N denotes the number of pixels in the
neighborhood, R is the radius, and the thresholding function is defined as s(x) = 1ifx > 0and s(x) = 0 otherwise.
In this study, uniform LBP operator was used with a radius of R=1 pixel and N=8 neighboring pixels. This
configuration creates a 59-bin histogram descriptor for each image channel.
Local Binary Pattern has been widely used as a feature extractor for face recognition tasks (Kumar et al.,
2015; Niu et al., 2021; Liao et al., 2023). In this study, LBP was adopted as the traditional feature extraction method.

Color Conversions: Image texture, color and pixel density describe different parts of the visual information contained
in an image. These properties can be measured over the full image or only within a selected region (Stockman and
Shapiro, 2001). For this reason, earlier studies have used color-based information together with gray-level features
(Madiwalar and Wyawahare, 2017; Suttapakti and Bunpeng, 2019; Xian and Ngadiran, 2021). Using texture
information from color images has been found to improve classification in several applications. Since digital images
can be represented in different color spaces, the choice of color space may also affect the extracted features. Previous
studies have obtained good results with the HSV color space, which represents hue, saturation and value separately
(Hayit et al., 2021; Kurniastuti et al., 2021; Hayit et al., 2023; Hayit et al., 2024).

For this study, the RGB images of water buffalo faces were converted into HSV format. This representation
separates color-related information from brightness. A grayscale version of each image was also created so that
additional texture information could be included. Features from the HSV channels and the grayscale image were then
used together in the analysis. Fig. 3 shows examples of the original RGB image, its HSV form and the corresponding
grayscale image.
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Support Vector Machine (SVM) classifier: Support Vector Machine (SVM) is one of the classification methods
used in supervised machine learning. It has frequently been used in studies on face recognition and texture
classification (Vapnik, 2003; Shi et al., 2020; Varma et al., 2020; Abdullah and Abdulazeez, 2021; Chaabane et al.,
2022). The method separates classes by finding a decision boundary, usually called a hyperplane, from the features
given to the model (Memmedova, 2012). Because face-recognition data are not always linearly separable, a kernel
function can be used to represent the data in a higher-dimensional space. In this study, a cubic polynomial kernel was
selected because it gave the highest accuracy among the tested kernels.

Face recognition workflow based on statistical feature extraction:

The traditional face recognition pipeline used in this study can be summarized as follows. Throughout this
manuscript, the term "LBP-HSV" refers to the baseline model that combines LBP features extracted from the H
(hue), S (saturation), V (value), and grayscale (GS) image channels. The resulting feature vector is subsequently
classified using a Support Vector Machine (SVM) classifier.

Input: Labeled images of water buffalo faces

Output: Classified water buffalo faces based on the extracted features

Algorithm:

1.

Image preprocessing: For each labeled image, crop the region of interest using the bounding box coordinates (x,
y, width, height) provided by Roboflow, and resize the cropped image to 640x640x3 pixels, consistent with the
YOLOVS5 input size.

. Color space conversion: For each preprocessed image, convert the RGB image into two additional representations:

HSV (hue, saturation, value) and grayscale (GS).

Feature extraction: For each HSV and GS image, split the HSV image into its three channels, H (hue), S
(saturation), and V (value). Apply Local Binary Pattern (LBP) feature extraction to each of the H, S, V, and GS
channels, computing 59 features per channel.

. Feature combination: Concatenate the LBP features extracted from the H, S, V, and GS channels, yielding a 236-

dimensional feature vector (59 features per channel x 4 channels) for each image.

. Classification: Use an SVM classifier to assign a class label to each water buffalo face based on the combined

feature vector.

The face recognition workflow based on statistical feature extraction is presented in Fig. 4.
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Fig. 4. Graphical representation of face recognition using statistical feature extraction.

Deep learning-based buffalo face detection and identity classification: The YOLO (You Only Look Once) family
is primarily a one-stage object detection framework and is widely used in real-time detection tasks due to its high
inference speed and practical applicability (Zhao et al., 2020; Kumar et al., 2021; Yadav et al., 2022; Shahid and Yan,
2023; Xu et al., 2023). In the present study, YOLOv5s was used as a multi-class object detection model rather than a
classical embedding-based face recognition or re-identification architecture. Each buffalo individual was defined as a
separate identity class, and the model was trained to localize the buffalo face and assign it to one of the predefined
identity classes in a single step. Therefore, the term “recognition” refers to closed-set, detection-based identity
classification of known buffalo individuals. YOLOvV5s was preferred because it provides a practical, computationally
efficient and real-time framework suitable for livestock farm conditions.

YOLOV5: YOLOV5 is a one-stage object detection model developed by Ultralytics. It is often used in applications
that require fast detection because it can locate and classify objects in a single pass through the network (Majeed et
al., 2021; Yadav et al., 2022; Zhou, 2022; Xu et al., 2023). In this study, YOLOV5s version 6.0 was implemented in
PyTorch and used to detect water buffalo faces and assign an identity class to each detected face. YOLOvV5s was
selected because its relatively small size makes it suitable for applications where inference speed is important. The
model predicts the location of each face together with an objectness score and the probabilities of the identity classes.
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Fig. 5. YOLOV5 Network Architecture (Ma et al., 2023)

Activation Function: Activation functions enable a neural network to learn nonlinear relationships from the input
data. In version 6.0 of YOLOVS5s, the Sigmoid Linear Unit (SiLU) activation function is used primarily in the hidden
convolutional layers. SiLU does not zero out small negative values directly, but retains them, which can help in
maintaining the gradient flow during training. Corresponding outputs of the detection head such as objectness and
class probabilities are sigmoid functions.

Optimization Function: The optimizer updates the model parameters during training based on the calculated
gradients. The Adaptive Moment Estimation (Adam optimizer) was used in this study. Adam updates each parameter
by estimates of the first and second moments of the gradients. It was selected because it generally provides stable
updates and can converge fast in deep learning tasks (Majeed et al., 2021).

Loss Function: The model was trained by minimizing several loss terms together. These terms measure the errors in
the predicted bounding-box coordinates (x, y, width, height), objectness scores and identity classes. These were
summed and used to update the network parameters during backpropagation (Majeed et al., 2021; Solawetz, 2021).

Evaluation Metrics: To evaluate the accuracy of the face detection results, we used mean average precision (mAP)
and Intersection over Union (loU). mAP is a standard metric in computer vision for quantifying the performance of
object detection algorithms, summarizing precision-recall behavior over all confidence thresholds. loU measures the
overlap between the predicted face region of an object (water buffalo) and the ground-truth annotated face area of the
same object (Padilla et al., 2021; Bergman et al., 2024). mAP is computed as the mean of the class-wise average
precision values:

1 c
mAP = Ez AP, (1)

c=1
Where AP, is the average precision of class c, and C is the number of classes.
True positives (TP) and true negatives (TN) are samples that are correctly classified by the model. False positives (FP)
are samples that are incorrectly labeled as positive and false negatives (FN) are samples that are incorrectly labeled as
negative (Grandini et al., 2020; Bergman et al., 2024). The F1-score can be interpreted as the harmonic mean of
precision and recall, taking its maximum value of 1 and minimum value of O (Bergman et al., 2024). In this context,
precision reflects the model’s ability to correctly identify face bounding boxes among all predicted boxes, while recall
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reflects its ability to detect all ground-truth face bounding boxes (Padilla et al., 2021; Bergman et al., 2024). Precision,
recall, and the F1-score are defined as follows.

TP
oo TP 5
Precision Tﬁp'" P (2)
- 3
Recall = 757N @)

Accuracy and the F1-score were used to evaluate the performance of the face recognition models. They are defined as

follows.
4 _ TP+ TN @
COUracy = TP Y TN + FP+ FN
2 x Precision x Recall

F1S = 5
core Precision + Recall ®)

Experimental Setup and Hyperparameters: The Buffalo-22 dataset was used in all training and testing steps. The
deep learning experiments were carried out in PyTorch. The software environment consisted of Python 3.9, CUDA
11.3 and cuDNN 8.x. MATLAB was also used for some of the additional analyses. All experiments were run on one
NVIDIA RTX A4000 GPU.

Before any augmentation was performed, the original images were separated into training, validation and test
groups. The proportions were 70%, 20% and 10%, respectively. The same split procedure was followed for both the
LBP-HSV method and YOLOvV5s. Augmentation was used only for the training images. The validation and test images
were left in their original form so that the same images would not appear in more than one group.

For the LBP-HSV model, multiclass classification was carried out with a one-vs-one SVM and a cubic
polynomial kernel. The SVM settings were selected by Bayesian optimization, which was run for a maximum of 30
iterations. YOLOV5s was trained with a batch size of 16 using the Adam optimizer. The starting learning rate was
0.05 and the maximum number of epochs was 150. Training could stop earlier when the validation loss showed no
improvement for 10 successive epochs. A weight decay value of 0.0005 was also used as L2 regularization to limit
model complexity and reduce variation in the learned parameters.

The hyperparameter values used for YOLOV5s training, including learning rate, batch size and weight decay,
were selected based on commonly used YOLOV5 training settings reported in the literature and preliminary
experiments aimed at achieving stable model convergence and satisfactory validation performance. No formal grid
search or automated hyperparameter optimization procedure was performed.

RESULTS

This section discusses the comparative performance of the traditional and deep learning-based face recognition
models. The Buffalo-22 dataset was divided into training, validation, and test sets by using a holdout validation scheme
with random sampling and a ratio of 70%, 20%, and 10%, respectively. The number of samples in the training,
validation, and test sets for each class is summarized in Table 3.

Table 3. Training, validation, and test groups

Groups 0 1 2 3 4 5 6 7

Training 350 350 350 350 350 350 350 350
Validation 100 100 100 100 100 100 100 100
Test 50 50 50 50 50 50 50 50

On the traditional side, 236 LBP-HSV texture descriptor values were extracted from each image in the HSV
color space and classified using an SVM classifier. This model achieved a validation accuracy of 88.4 percent and a
test accuracy of 87.8 percent.

On the deep learning side, the YOLOV5s model was trained for up to 150 epochs with a batch size of 16. The
metric values for the first 5 and last 5 epochs are reported in Table 4. The YOLOv5-based system achieved a mean
average precision of 99.3 percent at an loU threshold of 0.5.
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Epoch Precision Recall mMAP@0.5 MAP@0.5:0.95 Total Validation Loss
0 0.12727 0.71596 0.15635 0.099381 0.0045536
1 0.2251 0.68706 0.31847 0.22106 0.0038351
2 0.34601 0.65322 0.44965 0.28446 0.0043228
3 0.59211 0.66742 0.69733 0.47775 0.0042206
4 0.71052 0.73865 0.8094 0.53726 0.0042766
145 0.98917 0.99326 0.99391 0.85402 0.0026172
146 0.9892 0.99326 0.9939 0.85402 0.0026182
147 0.98922 0.99327 0.9939 0.85452 0.0026191
148 0.98927 0.99328 0.99391 0.85465 0.0026197
149 0.98927 0.99328 0.99391 0.85524 0.0026201

Note: Loss (val) represents the total validation loss (box + classification + objectness).

During training, the difference between the predicted boxes and the annotated boxes was followed through
the loss values. For YOLOVS5, this mainly included box loss and classification loss. Box loss measures errors in the
location and size of the predicted boxes, while classification loss measures errors in the assigned buffalo identity.
These values were used to monitor the progress of the model while training it. The training and validation loss curves

are shown in Fig. 6.
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Fig. 6. Training and validation loss values
Performance metrics including precision, recall, and mAP, computed during training on both the training and

validation sets, are shown in Fig. 7.
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Fig. 7. Performance metrics in the training phase

Fig. 8 and Fig. 9 show example outputs of the system for individual frames, illustrating the predicted
bounding boxes and the biometric face recognition results for each identified water buffalo.

WB0,0.94 &
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Fig. 9. Detected faces of WB0 (Water Buffalo-0) using YOLOV5

Finally, confusion matrices were used to compare the class-wise performance of the LBP-HSV and YOLOV5
models. The confusion matrices for both models are presented in Fig. 10.

True Class
True Class

] 1 2 3 4 5 6 7 ] 1 2 3 4 5 6 7
Predicted Class Predicted Class

Fig. 10. Confusion matrices of LBP-HSV (left) and YOLOV5 (right) models
DISCUSSION

In this study, we tested a YOLOV5s-based system for identifying individual water buffalo from facial images
in the Buffalo-22 dataset. The LBP-HSV method combined with SVM gave an accuracy of 88.4% on the validation
set and 87.8% on the test set. These values are close to results reported in earlier biometric studies that used statistical
texture features (Shi et al., 2020; Varma et al., 2020; Abdullah and Abdulazeez, 2021; Chaabane et al., 2022). The
YOLOvV5s model produced an mAP of 99.3% at an loU threshold of 0.5 and also showed high precision and recall
values for the eight buffalo identities (Fig. 7). Based on these results, the model appears suitable for fast, contact-free
identification under farm conditions.

YOLOv5s was selected is a compact member of the YOLOV5 family that provides a practical balance
between model size, inference speed, and predictive performance. YOLOV5N is generally lighter and faster but has
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lower model capacity. YOLOv5m, |, and x, on the other hand, have more parameters and require more computation
time (Ultralytics, 2022). In our experiments, YOLOv5s gave high mAP, precision and recall values on Buffalo-22
while running on a single RTX A4000 GPU (Fig. 7). Although more recent versions of YOLO are now available,
YOLOVS5 is still widely used in real-time object detection studies. This was the main reason for using YOLOV5s in
the present work.

From the point of view of precision livestock farming, the system could be useful for routine identification
and herd management (Kumar et al., 2015; Dandil et al., 2019; Yang et al., 2019; Yao et al., 2019; Bergman et al.,
2024). Reading ear tags on water buffalo is not always easy and may be unsafe when the handler is not familiar with
the animals. Tags may also be lost, damaged or difficult to read under farm conditions. Previous studies on dairy cattle
have shown that facial images contain useful biometric information because skin texture and facial shape differ
between animals (Kumar et al., 2016). The results of the present study show that these facial differences can also be
used in water buffalo. The examples in Figs. 8 and 9 show that the animals could be detected and identified without
direct contact. If the predicted identity is linked to farm records, information on pedigree, production and breeding
could be accessed more quickly. This may reduce the time needed for record checking and support day-to-day
management on buffalo farms.

Earlier animal face recognition studies were generally carried out on a small scale and included several
species (Burghardt and Campbell, 2007). Subsequent research on cattle achieved high identification accuracy using
face images and nose patterns (Kumar et al., 2015; Kumar et al., 2016; Kumar et al., 2018; Dandil et al., 2019). Deep
convolutional networks have also been used for classification between different animal species and for feature
extraction from large image sets (Khan et al., 2020). Faster R-CNN and Mask R-CNN have been applied to animal
face recognition, counting and census tasks in cattle and sheep with accuracies reported to be above 90% in controlled
or partly controlled conditions (Dandil et al., 2019; McLennan and Mahmoud, 2019; Dutta, 2021). Other studies have
dealt with more difficult images, such as animals photographed behind cage bars, using M2Det and transfer learning
(Li et al., 2020). Data augmentation has also been used to improve classification performance when the available
image set was limited (Szegedy et al., 2016; Khan et al., 2020). The present study differs from much of this earlier
work by using YOLOV5s for both face localization and identity classification in water buffalo images collected on a
farm. The performance obtained on Buffalo-22 was similar to or higher than many earlier results reported for cattle
and sheep, although the small number of animals should be taken into account.

The comparison with the traditional method also showed where hand-crafted features remain useful and
where they may be limited. LBP-HSV combined with SVM gave a simple baseline with relatively low computational
cost. This agrees with its common use in texture-based face recognition studies (Kumar et al., 2015; Niu et al., 2021;
Liao et al., 2023). SVM can still perform well in both linear and nonlinear classification problems involving biometric
or texture features (Kaur et al., 2022). In this study, however, its accuracy was about ten percentage points lower than
the result obtained with YOLOV5s. The confusion matrices in Fig. 10 also show that the LBP-HSV model made more
errors between some buffalo identities. This may be because fixed texture descriptors do not represent changes in
pose, lighting and facial appearance as well as features learned directly from the images. Previous studies have
suggested that combining LBP-type descriptors with CNN features or ensemble classifiers may improve performance
further (Kumar et al., 2021; Shojaeipour et al., 2021; Kaur et al., 2022).

Another step is to test ensemble and hybrid approaches in more detail. The combination of the outputs of
multiple classifiers, such as bagging and boosting, can be beneficial for unbalanced datasets or datasets with a high
degree of variation (Kumar et al., 2021). Other studies have also combined hand-crafted texture features such as LBP
with CNNSs or ensemble classifiers and achieved better classification performance (Shojaeipour et al., 2021; Hayit and
Cmarer, 2022; Kaur et al., 2022). A similar approach could be applied to water buffalo identification. In this way, the
lower computational cost and easier interpretation of hand-crafted features could be used together with the stronger
feature-learning ability of deep networks.

Conclusion: Buffalo-22 includes images from only eight animals, which is an important limitation of the
study. However, the photographs were taken under different poses, viewing angles and lighting conditions, and the
training set was expanded through data augmentation. The results obtained on the validation and test sets indicate that
YOLOV5s was able to distinguish the animals in this dataset with high accuracy. Even so, the model should be tested
on more animals, on different farms and under a wider range of management conditions before broader conclusions
are drawn. The system allows buffalo to be identified without direct contact and without interrupting normal farm
activities. It may also reduce the need to approach animals closely to read ear tags. When connected to farm records,
the predicted identity could be used to retrieve pedigree, production and breeding information. The results therefore
support further testing of YOLOv5s-based identification as a possible tool for water buffalo farms.
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