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ABSTRACT

This study addresses the research gap in the visual recognition of Toraja buffalo, particularly the two main
classes, Bonga and Saleko, which exhibit complex morphological variations and diverse coat patterns.
Conventional methods often suffer from misclassification under extreme lighting conditions or when the
background closely resembles the object. To bridge this gap, a hybrid model is proposed by integrating
You Only Look Once (YOLO) for object detection, Visual Geometry Group 16 (VGG16) for deep feature
extraction, and Canny edge detection for precise segmentation. The model was evaluated on a dataset of
200 Toraja buffalo images, divided into 70% training, 15% validation, and 15% testing. Experimental
results indicate competitive detection performance with mean Average Precision (mAP)@0.5 of 0.84, a
Dice coefficient of 0.933, and classification accuracy close to 95% on the confusion matrix. The reliability
diagram further confirms that the model's confidence scores are well calibrated, with an Expected
Calibration Error (ECE) of 0.03, indicating that the model's predictions align well with empirical accuracy
across various confidence levels. The novelty of this research lies in the hybrid approach that combines
detection, feature extraction, and edge-based segmentation into a unified framework tailored for Toraja
buffalo recognition, a domain rarely explored in previous works. This study contributes not only to the
cultural conservation and documentation of Toraja traditions but also offers practical implications for
livestock identification systems in complex real-world environments.

Keywords-Canny edge detection; hybrid model; object detection; segmentation; Toraja buffalo; VGGI16;
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important to know their characteristics, especially the coat

L. INTRODUCTION patterns of these buffaloes. Saleko and Bonga buffaloes are

Toraja buffalo, as one of the livestock assets with high  domesticated buffaloes with very expensive selling prices. The
economic and cultural value in Indonesia, plays an important  general characteristics of Saleko and Bonga buffaloes are
role in people's lives, especially in local cultural traditions. In striped skin with white and black patterns; the white pattern is
order to maximize the potential of these buffaloes, it is very more dominant than the black pattern or vice versa. Other

www.etasr.com Tandililing et al.: A Hybrid Deep Learning Model for Spotted Buffalo Image Detection and ...



Engineering, Technology & Applied Science Research

Vol. 16, No. 3, 2026, 36584-36589 36585

characteristics include golden yellow hair that contrasts with
the basic color of the golden yellow horns and bluish-white
eyes. The Saleko buffalo is the torchbearer in the Toraja
tradition; this is because it is one of the prestigious treasures for
the Toraja people as well as a measure of social strata in the
community. The Saleko buffalo plays a significant role in the
cultural and ceremonial practices of the Toraja people,
symbolizing wealth and social status. Meanwhile, the Bonga
buffalo is considered the second-class buffalo after the Saleko,
often seen as less prestigious but still highly valued in local
traditions.

Toraja buffalo, an essential livestock species in Indonesia,
is recognized for its significant cultural and economic value.
However, detecting and classifying these buffaloes, especially
under varying visual conditions, remains challenging due to
their complex skin patterns and morphological variations.
Recently, deep learning models such as You Only Look Once
(YOLO) have shown great promise in real-time object
detection [1, 2]. Additionally, Visual Geometry Group
Network (VGGNet) has been widely used for feature extraction
in image classification tasks, enhancing detection accuracy by
identifying intricate visual characteristics [3, 4]. This research
proposes a hybrid model integrating YOLO, VGGNet, and
Canny edge detection to improve the detection and
segmentation of Toraja buffalo, aiming to bridge the gap in
automated livestock recognition. Object detection in images is
a significant challenge, particularly in complex environments
with varying lighting conditions. As highlighted in a recent
systematic review of precision farming applications [5], object
detection and tracking have become important tools for real-
time monitoring of crops and livestock under practical field
conditions

The hybrid combination of YOLO, VGGNet, and Canny
edge detection is effective in performing image segmentation
while preserving the spatial structure and visual feature
similarity of image pixels. YOLO enables fast and accurate
detection of buffalo objects under various visual conditions.
VGGNet enhances the classification process by providing deep
feature representations, whereas Canny edge detection
contributes by highlighting object boundaries, particularly in
skin patterns and horn shapes. The synergy of these three
methods provides a robust foundation for further analysis of the
visual characteristics of Toraja buffalo in an automated and
systematic manner. One way to identify quality buffalo is by
classifying image data. Image classification, especially of
buffaloes, is an image processing task using machine learning
with the stages of segmentation, feature extraction, and
classification. In addition, by classifying buffaloes based on
image segmentation and feature extraction, quality buffaloes
can be easier to distinguish from other buffaloes.

This research focuses on the segmentation and extraction of
buffalo images by developing a hybrid deep learning
architecture. Deep learning is a branch of machine learning that
leverages multiple hierarchical layers to extract and represent
complex patterns in data [6]. In this study, the authors utilize
the YOLO algorithm for real-time object detection of Toraja
buffalo in input images. YOLO is known for its speed and

accuracy in identifying multiple objects within a single pass
through the network [7].

Previous research aligned with this study demonstrates the
effectiveness of using deep learning in object detection and
visual identification. For example, authors in [8] developed a
fine-grained cattle identification framework that combines
object detection, deep feature extraction, and attention
mechanisms to improve recognition performance. These
findings highlight the strong potential of deep learning
techniques for addressing detection and segmentation problems
across livestock-related image analysis tasks. While methods
such as Mask R-CNN and YOLOv8-Seg have shown
effectiveness in instance and semantic segmentation, the
present study chooses Canny edge detection for its simplicity
and its ability to function effectively in small datasets without
requiring complex segmentation heads.

To enhance feature representation, this model integrates
VGGNet as a deep convolutional neural network capable of
extracting visual characteristics such as skin patterns, horn
shape, and eye structure. These extracted features are critical
for improving classification and segmentation precision [9].
Additionally, the Canny edge detection algorithm is employed
to perform edge-based segmentation, effectively highlighting
object boundaries, particularly in regions with subtle contrast
or complex textures [10]. The combination of YOLO,
VGGNet, and Canny edge detection creates a robust hybrid
model for detecting, extracting, and segmenting Toraja buffalo
images under diverse visual conditions.

Edge-based techniques have also been widely explored to
enhance boundary accuracy in object segmentation tasks.
Authors in [11] emphasized that edge and object contour
detection remain essential for higher-level vision tasks such as
image segmentation and object recognition. Hybrid detection
strategies have likewise demonstrated strong potential in
handling complex visual patterns across different application
domains. For example, authors in [12] proposed a lightweight
yet high-precision YOLO-based framework for PCB defect
detection, showing that improved feature extraction and
localization strategies can strengthen robustness under
challenging visual conditions. Motivated by these findings, this
study proposes a hybrid deep learning framework to address
the morphological complexity of Toraja buffalo images under
real-world conditions.

II. MATERIALS AND METHODS

Image segmentation plays a critical role in computer vision
tasks, particularly in object detection and classification. In this
research, a hybrid approach is proposed by integrating three
techniques: YOLO for object detection, VGGNet for feature
extraction, and Canny edge detection for boundary
segmentation. The dataset used in this study consists of 200
high-resolution images of Toraja buffalo, with an even split
between the Saleko and Bonga breeds. These images were
collected under diverse environmental conditions from local
farms to ensure representation of various lighting scenarios.
For object detection, we employed YOLOVS, a state-of-the-art
deep learning algorithm known for its efficiency and accuracy
in identifying multiple objects in real-time [1, 13]. The Visual
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Geometry Group 16 (VGG16) network was utilized for feature
extraction, leveraging its deep architecture to capture complex
textures and patterns from the images [14]. To refine
segmentation, Canny edge detection was applied to enhance
object boundaries, an approach proven effective in
distinguishing complex objects from cluttered backgrounds.
The dataset was divided into training (70%), validation (15%),
and testing (15%) sets, with images resized to fit the YOLO
model's input dimensions of 416 x 416 pixels.

Recent review work on visual animal monitoring has
further emphasized that detection, tracking, and behavior
analysis systems must balance accuracy, computational
efficiency, and adaptability across diverse farm environments
[15]. In this study, the YOLOVS algorithm was used for real-
time object detection due to its high speed and accuracy in
detection. For feature extraction, VGG16 was applied because
of its ability to capture complex patterns and textures from
images. For segmentation, Canny edge detection was used to
clarify object boundaries and separate the objects from
complex backgrounds. This approach also aligns with recent
YOLO-based applications in challenging scenarios such as
plastic bottle waste detection on water surfaces [16] and human
remains detection in natural disaster environments [17].

A. Dataset Preparation

This study uses a dataset consisting of 200 high-resolution
images of Toraja buffalo, evenly split between two classes:
Saleko and Bonga. Figure 1 shows representative sample
images from both classes.

Bonga_10 Bonga_11 Bonga_12 Bonga_13 Bonga_16

Saleko_2

Saleko_3 Saleko_4 Saleko_5 Saleko_6 Saleko_7

Fig. 1.
dataset.

Sample images of Saleko and Bonga Toraja buffalo from the

The images were collected from local farms and markets in
in Tana Toraja, Indonesia under various lighting conditions to
ensure diversity. Each image was manually annotated to
highlight object features such as horn shape, skin color, and
patterns. The dataset was split into stratified training (70%),
validation (15%), and testing (15%) sets to ensure a balanced
representation of both buffalo types in each split, preventing
any data leakage. Ground truth annotations were manually
created for each image, marking key features such as horn
shape and skin patterns. These annotations were used to create
pixel-level segmentation masks, which were then used for
evaluating segmentation performance using Intersection over
Union (IoU) and Dice coefficient metrics. All images were
resized to 416 x 416 pixels to match the input requirements of
the YOLO model. The dataset used in this study was self-

collected by the authors and is not publicly available due to
privacy and ethical considerations.

B. YOLO for Object Detection

YOLO is a real-time object detection algorithm widely
adopted for fast and accurate object localization. YOLOVS was
used in this study to localize buffalo objects within the image
using bounding boxes. The model was trained using the
annotated dataset, focusing on learning distinct object
boundaries and key visual features [14]. Recent studies have
extended YOLO-based detectors by incorporating additional
refinement stages to improve detection accuracy. For example,
authors in [18] proposed an edge-optimized YOLO framework
that improves edge representation and multi-scale feature
extraction in complex field environments.

C. VGGNet for Feature Extraction

After detection, the Regions of Interest (ROIs) were passed
to a pretrained VGG16 model for deep feature extraction.
VGGNet is a convolutional neural network known for its
simple and deep architecture, capable of generating robust
feature representations from image input.

D. Canny Edge Detection for Segmentation

To refine the segmented object area, Canny Edge Detection
was applied to the ROI from YOLO's output. This method
identifies high-frequency regions representing object edges,
which helps in precisely separating the buffalo object from the
background.

E. Evaluation Metrics

The performance of the model was evaluated using
standard metrics such as mean Average Precision (mAP), IoU,
and Fl-score. These metrics assess the accuracy of object
detection, the quality of segmentation boundaries, and the
overall effectiveness of the hybrid approach.

II. RESULTS AND DISCUSSION

A. Workflow of the Proposed Method

The overall workflow of the proposed hybrid method is
illustrated in Figure 2. The figure summarizes the sequential
stages of object detection, feature extraction, and edge-based
refinement used to obtain classification labels and
segmentation masks for Toraja buffalo images.

The proposed pipeline processes raw field images through a
hybrid detection and segmentation framework. First, YOLOvVS
is employed to detect buffalo instances and extract ROIs using
non-maximum suppression. Each ROI is then forwarded to a
fine-tuned VGG16 network for deep feature extraction,
enabling classification based on discriminative texture and
shape characteristics. To refine object boundaries, Canny edge
detection, followed by morphological post-processing, is
applied to each ROI, producing a cleaner foreground
representation. The framework outputs both class labels and
segmentation masks for evaluation. This hybrid design
leverages YOLOVS's fast localization, VGG16's robust feature
representation, and Canny edge detection's boundary
refinement to handle complex buffalo morphology in
challenging field environments.
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Fig. 2. Workflow of the proposed hybrid detection and segmentation
framework for Toraja buffalo images.

B. Experimental Setup

For object detection, YOLOvVS was employed as the
primary detection backbone due to its efficiency and suitability
for real-time applications. All input images were resized to 416
x 416 pixels before training. The YOLOVS model was trained
using the AdamW optimizer with a learning rate of le-4, a
batch size of 8, and up to 100 epochs, with early stopping
applied based on validation loss to prevent overfitting.

C. Object Detection Results (YOLOvVS)

The detector achieves competitive performance on both
classes (Table I), with a mean mAP@0.5 of 0.84 and
mAP@0.5:0.95 of 0.62. Precision and recall reach 0.86 and
0.82, respectively, indicating robust localization under varied
backgrounds. Class-wise, Bonga slightly outperforms Saleko
due to stronger visual contrast. Most errors occur under
extreme lighting or partial occlusion, suggesting that additional
data augmentation could further improve robustness.

TABLE L. PER-CLASS DETECTION PERFORMANCE
METRICS
Class AP@0.5 AP@0.5:0.95 | Precision Recall F1
Bonga 0.85 0.63 0.87 0.83 0.85
Saleko 0.83 0.61 0.85 0.81 0.83
Mean 0.84 0.62 0.86 0.82 0.84

The Precision-recall curve (Figure 3) shows that YOLOVS
maintains high precision across recall values, with Bonga
slightly outperforming Saleko due to stronger visual contrast.

Precision-Recall Curves — YOLO

0.8

o
o

Precision

S

0.2

Bonga (AP=0.85)
Saleko (AP=0.83

L i L i i J
0 % 0 0.2 0.4 0.6 0.8 1.0
Recall

Fig. 3. Precision—recall curve for YOLOVS on Toraja buffalo detection.

D. Segmentation Results (Canny Edge Detection)

The Canny edge detection stage is employed to extract
detailed buffalo boundaries following the initial YOLO
detection. By leveraging gradient-based edge operators, the
algorithm highlights the contours of the head, horns, and body,
effectively separating the foreground from a complex
background. This output forms the basis for generating the final
mask prior to further refinement.

Figure 4 shows the input image (left) and the corresponding
Canny edge map within the ROI (right), highlighting the
buffalo's head, horns, and body boundaries. This output forms
the basis for the final mask.

Fig. 4. Input image (left) and corresponding Canny edge map (right).

After edge detection, morphological closing, dilation, and
hole filling are applied, retaining the dominant component near
the bounding box center as the foreground. This allows the
creation of a trimap for optional GrabCut or Conditional
Random Field (CRF) refinement. The process sharpens object
boundaries, reduces background leakage, and supports IoU-
based evaluation, though very low contrast or strong specular
highlights may fragment some edges.

Segmentation performance was evaluated using: IoU, Dice
coefficient, and F-boundary metrics. These metrics were
chosen because they assess both the mask overlap quality with
the ground truth and the contour accuracy of the Toraja buffalo
objects.

www.etasr.com

Tandililing et al.: A Hybrid Deep Learning Model for Spotted Buffalo Image Detection and ...



Engineering, Technology & Applied Science Research

Vol. 16, No. 3, 2026, 36584-36589 36588

Figure 5 presents the segmentation performance evaluated
using IoU, Dice, and F-boundary metrics. The proposed
method achieves IoU scores of 0.876 (Bonga) and 0.865
(Saleko), with higher Dice coefficients of 0.933 and 0.927,
indicating accurate mask overlap. Slightly better performance
on Bonga is attributed to clearer visual contrast, whereas
fragmented edges may occur under very low contrast
conditions.

Segmentation ROI - IoU, Dice, F-boundary

0.94 (Hybrid)

0.92

0.9

00.88
= A

0.84

0.82

IoU Dice Dice F-bnd F-bnd

Bonga Saleko Bonga Saleko Bonga Saleko

Fig. 5. Segmentation performance for ROIs evaluated using IoU, Dice
coefficient, and F-boundary metrics.

E. Combined Detection and Segmentation Performance

Figure 6 shows YOLOVS5's object detection results for
Toraja buffalo, with bounding boxes (red or orange) around the
target, class labels (Bonga or Saleko), and confidence scores
(e.g., 0.9). The model accurately locates the buffalo in images,
with high confidence scores (>0.8). Detection of Bonga is more
stable due to its distinct color contrast, whereas Saleko's
bounding boxes are sometimes closer to background elements,
though class labels remain correct. Overall, YOLOvVS
effectively distinguishes the buffalo breeds, even in complex
backgrounds.

Fig. 6.
bounding boxes, class labels, and confidence scores.

YOLOV5 object detection results for Toraja buffalo, showing

F. Reliability Diagram

To assess the calibration quality of the predicted
probabilities, a reliability diagram and the Expected Calibration
Error (ECE) were employed. The model achieved an ECE of
0.03, indicating that the predicted confidence scores are well
aligned with empirical accuracy. As shown in Figure 7, the
reliability curve closely follows the ideal calibration line,

confirming the stability and reliability of the proposed hybrid
detection—segmentation ~ framework  under  real-world
conditions.

Reliability Diagram — Hybrid (YOLO+VGG+Canny)

1.0 Ideal
®— Hybrid

o o o
> ) o

Empirical Accuracy

o
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0.0

0.0 0.2 0.4 0.6 0.8 1.0
Confidence

Fig. 7. Reliability diagram of the proposed hybrid model.

G. Classification Accuracy (Confusion Matrix)

To evaluate the classification accuracy of the
Yolo+VGG+Canny edge detection hybrid model on the two
Toraja buffalo classes (Bonga and Saleko), a confusion matrix
was employed. This visualization provides an overview of the
distribution of correct and incorrect predictions for each class,
allowing for a more detailed assessment of model performance.

Figure 8 shows the confusion matrix of the model's
classification performance on the test set. Out of 49 test
samples, 24 Bonga images were correctly classified, whereas 1
was misclassified as Saleko. For Saleko, 22 images were
correctly identified, with 2 misclassified as Bonga. These
results indicate a classification accuracy of approximately 94%,
with misclassifications largely occurring due to visual
similarities between the two buffalo types.

Confusion Matrix — Hybrid Model (YOLO+VGG+Canny)

Bonga

True Class

Saleko -

Bonga

Predicted Class

Fig. 8. Confusion matrix of the proposed hybrid model.

IV. CONCLUSION

This study presents a hybrid deep learning framework that
integrates You Only Look Once version 5 (YOLOvS)-based
object detection, Visual Geometry Group 16 (VGG16) feature
extraction, and Canny edge detection with morphological post-
processing for buffalo image classification and segmentation.
The proposed approach addresses a key limitation in existing
livestock image analysis methods, which often rely on large
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annotated datasets or monolithic deep learning architectures
that are less robust under data-scarce and complex field
conditions. By combining fast object localization from
YOLOVS, discriminative deep features extracted by VGG16,
and edge-aware refinement using Canny edge detection and
morphological operations, the proposed framework effectively
handles complex backgrounds and morphological variations
commonly found in real-world livestock imagery.
Experimental results demonstrate that the hybrid framework
achieves reliable detection and segmentation performance, with
detection accuracy exceeding 85% and segmentation
performance, measured by Intersection over Union (IoU) and
Dice coefficient scores, above 0.86 and 0.92, respectively,
confirming its effectiveness under real-world field conditions.

A major contribution of this work lies in demonstrating that
a modular hybrid architecture can offer improved
generalization and robustness compared to end-to-end deep
learning models, particularly when training data are limited. In
addition, the modular design provides flexibility, allowing
individual components to be optimized or replaced without
redesigning the entire system, which is advantageous for
practical deployment. Overall, the proposed framework offers a
practical and effective solution for intelligent livestock image
analysis and has strong potential for application in agricultural
monitoring systems. Future work will focus on expanding the
dataset, incorporating additional livestock categories, and
exploring lightweight backbone networks to enable real-time
deployment on edge devices.
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