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Abstract  
Toraja buffalo holds significant cultural and economic value, yet automated classification remains challenging due to subtle 
visual differences between types. This study evaluates the efficiency of Local Binary Pattern (LBP) combined with Random 
Forest (RF) and Support Vector Machine (SVM) for classifying six Toraja buffalo types: Balian, Lotong Boko, Pudu, Saleko, 
Todi, and Ulu. Unlike complex deep learning approaches, this research focuses on a computationally efficient framework by 
extracting texture features from multiple body parts: head, eyes, horns, body, and tail to capture distinctive patterns. The 
methodology involves multi-part feature fusion and a comparative analysis of ensemble versus kernel-based learners. 
Experimental results demonstrate that the LBP-Random Forest model significantly outperforms SVM, achieving a superior 
accuracy of 92.08% compared to 64.17%. The findings highlight that the proposed LBP-RF integration provides a robust and 
resource-efficient alternative for livestock image classification, balancing high diagnostic accuracy with lower computational 
requirements. 
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1. Introduction  

Species identification and classification are 
fundamental elements in biodiversity and conservation 
studies, as they enable researchers to understand 
biodiversity at various levels, from molecular and 
morphological to ecosystem levels [1], [2]. Accurate 
identification procedures enable the deeper revelation 
of evolutionary links between species, bolster 
taxonomic databases and provide vital information for 
identifying uncommon, endangered, or 
environmentally vulnerable species. In order to build 
more methodical and evidence-based conservation 
methods, such as evaluating extinction threats, setting 
conservation priorities, and allocating resources as 
efficiently as possible in attempts to preserve and 
restore natural ecosystems, accurate classification is 
also essential [3]. 

Furthermore, species identification and classification 
are not only important in the context of ecological 
conservation, but also highly relevant in sustainable 
agriculture and livestock farming practices [4], 
especially those related to domestic species that have 
high economic and cultural value. One example is the 
Toraja Buffalo, which is a unique breed of livestock 
from the Toraja region of South Sulawesi, Indonesia. 
This buffalo is now an essential component of the 
Toraja people's social and cultural identity rather than 
just a useful farm animal. In various traditional 
ceremonies such as Rambu Solo' and Rambu Tuka', 
buffaloes play a central role as symbols of social status, 
spiritual offerings, and representations of respect for 
ancestors [5]. 

From an economic perspective, Toraja buffalo are also 
valuable assets in agrarian households, reflecting the 
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level of family welfare and serving as a source of long-
term investment [6]. However, the existence of Toraja 
buffaloes today faces major challenges, ranging from 
climate change and environmental degradation to 
modernization and shifting cultural values, which have 
led to a decline in the breeding of native buffalo breeds 
[7]. Therefore, efforts to preserve Toraja buffalo are not 
only important from a biological perspective, but also 
urgent in terms of preserving the cultural heritage and 
local identity of the Toraja people [8]. 

In the context of preservation and documentation, the 
process of automatically classifying Toraja buffalo 
types based on visual characteristics is a highly 
promising approach [7]. Each type of buffalo, such as 
Balian, Lotong Boko, Pudu, Saleko, Todi and Ulu, has 
unique phenotypic characteristics, particularly in terms 
of skin colour, horn shape, and body pattern, which can 
be detected through image processing. Therefore, the 
development of a computer vision-based classification 
system is important to support a more efficient, 
objective, and sustainable identification process [9], 
[10]. 

With the advancement of technology, digital image 
processing approaches are increasingly being used for 
visual classification tasks, including livestock 
classification [11], [12]. One of the important steps in 
this process is feature extraction, It attempts to 
transform visual data from pictures into useful 
numerical representations so that classification systems 
can process them [13], [14]. Previous studies extracted 
edge features from buffalo pictures using the Canny 
Edge Detection method, which were then further 
classified using machine learning techniques [15]. 
Additionally, Support Vector Machine (SVM) has been 
utilized in earlier research to classify buffalo photos; on 
the Nili-Ravi and Khundi buffalo datasets, accuracy 
rates of over 84% have been recorded [16]. 

However, most previous studies have focused on 
general buffalo classification datasets and have not 
specifically investigated the classification of Toraja 
buffalo breeds. Furthermore, limited attention has been 
given to exploiting texture information from multiple 
buffalo body regions, even though different anatomical 
parts may contain complementary visual characteristics 
that are useful for distinguishing visually similar 
breeds. These limitations highlight the need for a more 
effective and computationally efficient approach 
tailored to Toraja buffalo classification. 

Recent studies have demonstrated that lightweight 
texture-based approaches remain highly competitive for 
image classification tasks, particularly in situations 
where computational resources are limited. Local 
Binary Pattern (LBP) has been widely applied in animal 
recognition, medical image analysis, and texture 
classification because of its low computational 
complexity, robustness to illumination variations, and 
effectiveness in capturing local texture information. 
LBP-based techniques require fewer training samples 
and less computing power than deep learning 

techniques, which makes them appropriate for real-
world implementation in resource-limited settings. 

Inspired by these benefits, the main feature extraction 
technique used in this study to represent the texture 
features of Toraja buffalo photos is Local Binary 
Pattern (LBP). Two popular machine learning methods, 
Support Vector Machine (SVM) and Random Forest 
(RF), are then used to classify the retrieved LBP 
features. Due to their robustness against noise, 
computational efficiency during training and 
prediction, and capacity to handle high-dimensional 
feature spaces, both classifiers have shown excellent 
performance in image classification tasks. 

The purpose of this study is to assess how well Toraja 
buffalo breeds can be classified using LBP feature 
extraction in conjunction with SVM and RF classifiers. 
To determine the best strategy for this application, the 
study also contrasts the two classifiers' performances. It 
is anticipated that the results will aid in the creation of 
precise, effective, and useful picture categorization 
systems that support conservation efforts, cultural 
heritage preservation, and livestock identification. 

There are three primary areas where this study is 
innovative. It first presents a multi-part feature fusion 
approach that uses Local Binary Pattern descriptors to 
merge texture data taken from five buffalo body 
regions: the head, eyes, horns, body, and tail. Second, 
using the same fused feature representation, it offers a 
thorough comparison of Random Forest and Support 
Vector Machine classifiers. Third, the suggested 
framework is specifically made to be a computationally 
effective and lightweight solution for Toraja buffalo 
classification, which makes it appropriate for 
deployment in settings with constrained computational 
resources while preserving competitive classification 
performance. 

2. Methods 

This study began with the collection of a video dataset, 
which was then converted into an image dataset as the 
main material for image processing. The images 
underwent a pre-processing stage involving resizing to 
150x150 pixels and normalization to ensure data 
consistency and readiness for processing. Next, feature 
extraction was performed using LBP, which extracts 
local texture features from the images. To provide a 
more complete feature representation, the extracted 
features are then concatenated according to the buffalo's 
physical parts, including the body, eye, head, horn, and 
tail. The SVM and Random Forest algorithms are then 
used to move this feature data to the classification stage 
once it has been divided into 80% training data and 20% 
testing data. To better understand the model's efficacy 
in classifying buffalo kinds, performance metrics like 
accuracy, precision, recall, and F1-score are measured. 
as seen in Figure 1. 
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Figure 1. Research Workflow 

2.1 Dataset 

The dataset used in this research was collected from 
videos of six Toraja buffalo breeds, namely Balian, 
Lotong Boko, Pudu, Saleko, Todi, and Ulu. Video 
recordings were captured directly under outdoor farm 
conditions with natural illumination and varying 
viewing angles. The recorded videos were subsequently 
converted into image frames through a video frame 
sampling process, resulting in a dataset of buffalo 
images with diverse visual representations [17], [18]. 

For each buffalo breed, the extracted images were 
manually organized into five body-part categories, 
namely body, eyes, head, horns, and tail. Each body-
part category contains 1,200 images distributed across 
the six buffalo breeds, resulting in a total of 6,000 
images across all body-part inputs. Consequently, each 
breed contributes approximately 200 images to each 
body-part category. Each body-part input had 960 
training images and 240 testing images after the dataset 
was split in an 80:20 ratio. In order to avoid class bias 
during model training and evaluation and to guarantee 
balanced learning, the training data were divided almost 
equally among the six classes. 

The variety of image viewpoints is crucial because it 
makes the model more resilient in identifying Toraja 
buffaloes in spite of differences in viewpoint, 
orientation, and surroundings. For instance, 
distinguishing features like head form and horn 
structure that might not be apparent from other angles 
might be seen in photos taken from the front or side. As 
a result, models trained with this dataset have a greater 
capacity to generalize to data that has never been seen 
before and was acquired under various circumstances 
[19]. 

Additionally, the model can acquire distinguishing 
characteristics linked to particular buffalo breeds by 
using several inputs that represent various body parts. 
Characteristics such as horn shape and size, eye 
appearance, body texture, and tail structure can provide 
important visual cues for breed identification. By 
integrating information from multiple body regions, the 
model can capture complementary features that may not 

be sufficiently represented by a single input, thereby 
improving classification performance [20]. 

Furthermore, the variation in image content and 
acquisition conditions provides a broader context for 
the model to learn representative patterns from the data 
[21]. This variation enables the model to adapt to 
differences in position, lighting conditions, and 
individual appearances among buffaloes [22]. As a 
result, models trained on such diverse datasets are 
expected to generate more accurate and reliable 
predictions when applied to new data. 

This study intends to create a more robust and 
generalizable classification model that may 
successfully serve applications related to livestock 
management, breed identification, and Toraja buffalo 
conservation using a dataset structure that incorporates 
various body-part inputs and visual viewpoints. 

 
Figure 2. Directory structure of multi-input multi-class dataset 

Figure 2 Shows the kind of dataset with a variety of 
inputs and class categories, where the classes belong to 
various buffalo species and the inputs pertain to various 
Toraja buffalo sections. Images of the Toraja Buffalo's 
head, horns, tail, eyes, and general body structure are 
included in this collection, which aims to document the 
buffalo's physical changes from a variety of angles. The 
utilization of photographs captured from various 
perspectives offers a more thorough depiction of every 
component of the buffalo, facilitating the identification 
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of distinctive characteristics linked to each species or 
subspecies. The detailed distribution of the dataset, 
which comprises six types of Toraja buffalo and five 
distinct body part inputs (body, eyes, head, horns, and 
tail), including the total number of images and the 
training-testing split, is shown in Table 1. 

Table 1. Dataset Information 

Input Number of 
Class 

Total 
Image 

Train Test 

Body Part 6 1200 960 240 
Eye Part 6 1200 960 240 
Head Part 6 1200 960 240 
Horn Part 6 1200 960 240 
Tail Part 6 1200 960 240 

2.2 Preprocessing 

An essential step in this research is data preprocessing, 
which prepares the data in the format needed to be 
compatible with machine learning models [23]. 
Preprocessing guarantees that the model's training data 
is in ideal condition and prepared for additional 
processing [24]. In order to make data easier for 
machine learning algorithms to read and process, this 
stage entails a number of actions to clean, transform, 
and organize the data [25]. 

The images in the Toraja Buffalo picture dataset range 
in resolution from good to low. The effectiveness and 
consistency of model training may be impacted by these 
variations in resolution. Therefore, every image in the 
dataset is reduced to 150x150 pixels to guarantee that 
the model is trained on the data more uniformly and 
effectively. This procedure lessens changes in image 
size, which might make training more difficult [26]. 
Consistent image sizes allow models to process and 
learn patterns from each image more quickly, cutting 
down on computation time and speeding up training 
[27]. Figure 3 shows an example of image resizing in 
the Toraja buffalo dataset. 

 
Figure 3.  Resize Image 

Normalization is an important step in data 
preprocessing, especially in image processing and the 
application of machine learning algorithms [25], [26]. 
In this study, rgb2gray is used to convert the input 
image into grayscale after resizing them to 150 × 150 
pixels. This conversion produces floating-point 
grayscale intensities that are already scaled in the 

[0, 1]range, so explicit min–max scaling on pixel values 
is not required in the implementation. Instead, 
normalization is applied at the feature level to ensure 
that the extracted texture descriptors are comparable 
across images. Specifically, after computing Local 
Binary Pattern (LBP) codes, the resulting LBP 
histogram is normalized into a probability-like 
distribution by dividing each bin count by the total 
histogram sum [27-29]. The histogram normalization is 
defined in Equation 1. 

ℎ𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛(𝑖𝑖) = ℎ(𝑖𝑖)
∑ ℎ(𝑗𝑗)𝑗𝑗 +ε

               (1) 

ℎ(𝑖𝑖) is the frequency of the 𝑖𝑖-th LBP histogram bin, 
� ℎ(𝑗𝑗)𝑗𝑗 is the total number of counted samples, and 𝜀𝜀 =
10−7is a small constant to prevent division by zero. For 
example, if histogram counts are [50, 30, 20]with total 
100, the normalized histogram becomes 
[0.50, 0.30, 0.20]. This feature-level normalization 
reduces scale variability and produces a stable feature 
vector for the subsequent classification stage. 

2.3. Feature Extraction using LBP 

One prominent technique for extracting features from 
images is the Local Binary Pattern (LBP) method, 
which is especially useful for capturing local texture 
properties [30], [31]. The basic principle of LBP is to 
compare the intensity of a center pixel 𝑔𝑔𝑐𝑐with its 
neighboring pixels 𝑔𝑔𝑝𝑝within a certain radius [32]. A 
neighbor is given a binary value of 1 if its intensity is 
higher than or equal to the center pixel; otherwise, it is 
given a value of 0 [33]. In this study, LBP is computed 
using 𝑃𝑃 = 8 neighbors and radius 𝑅𝑅 = 1 with the 
uniform pattern setting (method="uniform"). The LBP 
code is computed using Equation 2. 

𝐿𝐿𝐿𝐿𝑃𝑃𝑃𝑃,𝑅𝑅 = ∑ 𝑠𝑠! �𝑔𝑔𝑝𝑝 − 𝑔𝑔𝑐𝑐�𝑃𝑃−1
𝑝𝑝=0  2𝑝𝑝 (2) 

The thresholding function 𝑠𝑠(⋅)is defined as Equation 3. 

𝑠𝑠(𝑥𝑥) =  �1,
0,

𝑥𝑥
𝑥𝑥
≥
<
0
0               (3) 

To illustrate the computation, consider a 3×3 grayscale 
patch with the center pixel 𝑔𝑔𝑐𝑐 = 35: 

34 36 39
32 35 40
30 33 37

 

Comparing each neighbor with 𝑔𝑔𝑐𝑐(clockwise from the 
top-left) yields the binary pattern 01111000. Using 
Equation 2, the decimal LBP value is obtained by 
summing the weighted bits, resulting in 𝐿𝐿𝐿𝐿𝐿𝐿 = 2 +
4 + 8 + 16 = 30. This process is applied to all valid 
pixels to form an LBP-coded image. Since the uniform 
setting is used, LBP patterns with at most two bitwise 
transitions are assigned dedicated labels, while non-
uniform patterns are grouped into a single label. 
Consequently, for 𝑃𝑃 = 8, the output label space 
becomes 𝑃𝑃 + 2 = 10bins, which produces a compact 
feature vector. 
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Next, an LBP histogram is constructed as the final 
texture feature representation [34–36]. Following the 
implementation, the histogram is computed using 𝑃𝑃 +
2bins over the label range [0,𝑃𝑃 + 1]. Finally, the 
histogram is normalized using Equation 1 so that the 
sum of all bins equals 1, making the feature 
representation robust to differences in pixel counts and 
image variations. Figure 4 illustrates the feature 
extraction workflow from the original RGB image, 
grayscale conversion, LBP-coded output, and the 
normalized histogram. The resulting normalized LBP 
histogram vector is then used as input for the SVM and 
Random Forest classification models in the next stage 
[37–39]. 

 
Figure 4. Feature Extraction LBP 

2.4 Classification 

The SVM algorithm was used in this study to classify 
features that were extracted using the LBP approach. 
Because of its ease of use and capacity to handle 
linearly separable data, the SVM model was built using 
a linear kernel  [28-30]. The regulatory parameter is set 
at 𝐶𝐶 = 1.0, It regulates the ratio of margin 
maximization to classification error minimization. The 
goal of SVM with a linear kernel is to identify the best 
hyperplane to divide two classes [31],[32] which is 
formulated in Equation 4. 

𝑓𝑓(𝑥𝑥) = 𝑤𝑤𝑇𝑇𝑥𝑥 + 𝑏𝑏               (4) 

𝑥𝑥 is a feature vector generated from the extraction 
process using the LBP method, 𝑤𝑤 is a weight vector that 
indicates the direction and orientation of the 
hyperplane, and 𝑏𝑏 is the bias or offset value of the 
hyperplane relative to the origin point [33],[34]. The 
function 𝑓𝑓(𝑥𝑥) is used to determine the class of data 
based on the sign of the calculation result. The data is 
categorized as belonging to the positive class if the 
value of 𝑓𝑓(𝑥𝑥)is more than or equal to zero, and as 
belonging to the negative class if it is less than zero [35], 
[36]. This approach is effective in producing optimal 
class separation, especially when the data can be 
separated linearly in feature space. Figure 5 shows the 
concept of margin and hyperplane. 

One of the classification techniques utilized in this 
study to assess performance against texture features 
derived from the LBP extraction procedure was the 
Random Forest algorithm.  

 
Figure 5. Architecture SVM 

To guarantee repeatability of results, the Random 
Forest model was constructed using 100 decision trees, 
𝑛𝑛_𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 and a 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠. Using the 
bagging technique, each tree in the ensemble is trained 
on a random subset of the training data. The majority 
vote from all trees is then used to make the prediction 
[37-39]. Mathematically, the final prediction in 
Random Forest for classification cases can be expressed 
as Equation 5. 

𝑦𝑦� = mode�ℎ1(𝑥𝑥),ℎ2(𝑥𝑥), … ,ℎ𝑇𝑇(𝑥𝑥)�             (5) 

ℎ𝑇𝑇(𝑥𝑥) is the prediction result of the 𝑡𝑡𝑡𝑡ℎ tree, and 𝑇𝑇 is the 
total number of trees in the forest. Figure 6 shows the 
architecture of the Random Forest model. 

 
Figure 6. Architecture Random Forest 

2.5 Evaluation 

Accuracy, precision, recall, and F1-score were the four 
main metrics utilized to assess the classification model's 
performance. These metrics were used to assess how 
well the model classified data, especially in datasets 
with multiple classes [40], [41]. 

Accuracy: Calculates the percentage of accurate 
predictions among all the data. Equation 6 provides the 
mathematical formula for determining accuracy. 

Accuracy = 𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹

               (6) 

Precision: Shows the proportion of accurate positive 
forecasts. Equation 7 provides the mathematical 
formula for determining precision. 
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𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

               (7) 

Recall: Measures how much positive data is correctly 
classified. The mathematical formula for calculating 
recall is given in Equation 8. 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

                (8) 

F1- Score: is the harmonic mean of precision and recall, 
which balances both. Equation 9 provides the 
mathematical formula for determining the F1-Score. 

𝐹𝐹1 = 2 ⋅ Precision⋅Recall
Precision+Recall

               (9) 

3. Results and Discussions 

3.1 Research Settings 

To support image processing and machine learning 
tasks, this investigation was carried out on a computer 
with a 12th generation Intel® CoreTM i5 processor and 
16 GB RAM. Python was chosen for the 
implementation because of its versatility and 
effectiveness in machine learning and data processing 
operations. In addition, Google Colab was utilized as 
the development environment to facilitate coding, 
experimentation, and model evaluation. 

Prior to the machine learning stage, the dataset was 
organized into two main directories, namely training 
and testing, where each directory contained six 
subfolders corresponding to the Toraja buffalo classes: 
Balian, Lotong Boko, Pudu, Saleko, Todi, and Ulu. As 
described in Section 2.1, each body-part input (body, 
eyes, head, horns, and tail) consisted of 1,200 images 
that were divided using an 80:20 ratio, resulting in 960 
training images and 240 testing images. The training 
data were distributed approximately equally among the 
six classes to ensure balanced learning during model 
development. 

The machine learning models may be trained and 
assessed on separate data subsets thanks to this dataset 
organization, which clearly separates training and 
testing data. Model performance was assessed using 
accuracy, precision, recall, and F1-score metrics to 
provide a comprehensive evaluation of classification 
efficacy. When there are slight differences in class 
support in the testing data, using a variety of assessment 
metrics helps guarantee that model performance is 
evaluated equitably. 
3.2 Experiment Result 

A number of metrics, including accuracy, precision, 
recall, and F1-Score, are employed in the model's 
analysis and performance. In relation to the total 
amount of data, accuracy quantifies how well the model 
predicts positive and negative classes. While recall 
displays the proportion of pertinent predictions that 
were correctly detected from all real positive classes, 
precision displays the percentage of pertinent 
predictions from the anticipated positive class. The 
false positive rate is the frequency with which the model 

incorrectly predicts a positive class. The F1 score 
measures the precision and recall harmonic mean. a 
graph using validation data that shows accuracy and 
loss throughout the training process. All assessment 
metrics for the SVM and random forest models with 
LBP feature extraction are displayed in Table 2. 

Table 2. Comparison of Random Forest and SVM Model 
Performance with LBP Feature for Toraja Buffalo Classification 

Model Buffalo Class Precision Recall F1-Score 

RF 

Balian 95.00 % 97.44 % 96.20 % 
Lotong Boko 91.84 % 93.75 % 92.78 % 
Pudu 93.94 % 88.57 % 91.18 % 
Saleko 90.00 % 94.74 % 92.31 % 
Todi 89.58 % 95.56 % 92.47 % 
Ulu 93.33 % 80.00 % 86.15 % 

SVM 

Balian 50.00 % 46.15 % 48.00 % 
Lotong Boko 75.00 % 50.00 % 60.00 % 
Pudu 53.66% 62.86 % 57.89 % 
Todi 75.51% 97.37 % 85.06 % 
Saleko 80.56 % 64.44 % 71.60 % 
Ulu 51.17 % 68.57 % 59.26 % 

To clarify how the values in Table 1 are obtained, one 
example of metric computation is presented for the 
Random Forest model based on the 
classification_report output. The total testing set 
consists of 240 images, with minor variations in class 
support across categories. As an example, for the Ulu 
class (support = 35), the reported recall of 80.00% 
follows 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹
, yielding 𝑇𝑇𝑇𝑇 = 0.80 × 35 =

28 and 𝐹𝐹𝐹𝐹 = 35 − 28 = 7. Next, the precision of 
93.33% is computed using 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹
; thus, 

0.9333 = 28
28+𝐹𝐹𝐹𝐹

, which gives 𝐹𝐹𝐹𝐹 ≈ 2(since 28
28+2

=

0.9333). The F1-score is then calculated as 𝐹𝐹1 = 2𝑃𝑃𝑃𝑃
𝑃𝑃+𝑅𝑅

, 

resulting in 𝐹𝐹1 = 2(0.9333)(0.8000)
0.9333+0.8000

≈ 0.8615or 86.15%, 
consistent with Table 2. Therefore, the precision, recall, 
and F1-score values reported in Table 2 are directly 
derived from the confusion-matrix components (TP, 
FP, FN), and the same procedure is applied to the other 
classes. 

 
Figure 7. Model Performance Metric 

Figure 7 illustrates the per-class performance 
comparison between Random Forest and SVM based on 
the precision, recall, and F1-score metrics. As shown, 
the Random Forest model consistently yields higher 
values across most classes, indicating better 
generalization when using LBP-based texture features. 
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3.3 Comparison of SVM and Random Forest 
Architecture Accuracy on LBP Feature Extraction 

Testing was conducted at this stage to find the best 
architecture for classifying Toraja buffalo using LBP 
feature extraction. The accuracy obtained for the 
Random Forest model was 92.08%, while the SVM 
model achieved an accuracy of 64.17%.  The results of 
this test are shown in Table 3. 

Table 3. Average Accuracy Result of Random Forest and SVM 
Obtained from Classification Performance in Table 2 

Model Accuracy Result 
Random Forest 92.08 % 

SVM 64.17 % 

Based on the data in Table 3, the performance of the 
Random Forest model with LBP feature extraction 
outperforms the SVM model with LBP feature 
extraction. Random Forest with LBP features provides 
better results than SVM due to Random Forest's ability 
to handle non-linear and complex data such as LBP 
extraction results. This model also performs automatic 
feature selection and is not overly sensitive to 
parameters, making it more stable and effective in 
processing diverse texture features. In contrast, SVM 
requires careful parameter optimization and is less 
flexible in handling features with non-linear 
relationships, resulting in lower performance on LBP 
data. The confusion matrix results for the Random 
Forest and SVM models are shown in Figure 8 and 
Figure 9. 

 
Figure 8. Confusion Matrix of Random Forest Model 

The confusion matrix in Figure 8 represents that the 
model recognizes majority classes such as Lotong Boko, 
Todi, and Balian well. However, errors occur in classes 
such as Pudu and Ulu, which are often misclassified as 
other classes. This is due to visual similarities between 
classes. The model still has difficulty distinguishing 
classes with similar visual characteristics when using 
only texture features from LBP. 

The confusion matrix in Figure 9 indicates that the 
SVM model was only able to recognize some of the data 
from certain classes well, particularly in the Saleko (37) 
and Todi (29) classes. However, the model failed to 

accurately recognize data from several other classes. 
For example, the Balian class was frequently 
misclassified as Ulu (17 times), and the Lotong Boko 
class was incorrectly identified as Balian (11 times) and 
Pudu (9 times). These errors indicate that the model still 
struggles to distinguish between classes with high 
visual similarity. Additionally, the performance of 
SVM, which relies on optimal margin, can be disrupted 
if data between classes overlap in the feature space, as 
may occur with LBP features. This leads to a decline in 
classification performance, particularly for minority 
classes or those with unclear feature distributions. 

 
Figure 9. Confusion Matrix of SVM Model 

3.4 Comparison of Previous Research 

Two kinds of models were created based on the study's 
findings. Among these models are the SVM model with 
LBP feature extraction and the Random Forest model. 
The random forest model with LBP feature extraction 
yielded an accuracy of 92.08% out of these two models. 
A comparison was then made with previous studies that 
used the same dataset, namely the Toraja buffalo 
dataset. This comparison is listed in Table 4. 

Table 4. Comparison Result with Previous Research 

References Feature 
Extraction Method Accuracy 

[14] Canny KNN 73.33 % 
[14] Canny Naïve Bayes 63.75 % 
[14] Canny Decision Tree 71.25 % 
[14] Canny SVM 60.42 % 
[15] - SVM 84.07 % 
[42] - VGG16 93.33 % 

Proposed 
Method LBP RF 92.08 % 

Proposed 
Method LBP SVM 64.17 % 

3.5 Analysis Result 

The results of the study indicate that the Random Forest 
model with LBP feature extraction achieved superior 
classification performance compared to SVM. This is 
evidenced by the Random Forest accuracy of 92.08%, 
which substantially exceeds the SVM accuracy of 
64.17%. Furthermore, precision, recall, and F1-score 
values obtained by Random Forest are consistently 
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higher across most classes. These results suggest that 
Random Forest is more effective in handling the high-
dimensional texture features generated by LBP, which 
exhibit complex and non-linear distributions. The 
ensemble-based learning mechanism of Random Forest 
also contributes to better generalization performance 
and demonstrates better generalization performance 
than SVM on the evaluated dataset. The confusion 
matrix further supports these findings, showing that the 
Random Forest model successfully recognizes majority 
classes such as Lotong Boko, Todi, and Balian with high 
accuracy. Although misclassifications are still observed 
in the Pudu and Ulu classes, the number of errors 
remains relatively small. The lower recognition 
performance observed for these classes can be 
attributed to their visual similarity with other buffalo 
breeds. Since LBP primarily captures local texture 
information, subtle differences in body shape, horn 
geometry, and overall appearance may not be fully 
represented in the extracted features. Consequently, 
samples exhibiting similar texture distributions tend to 
overlap in the feature space, increasing the likelihood of 
misclassification. This phenomenon is particularly 
evident among buffalo breeds that share comparable 
skin patterns and body textures. In contrast, the SVM 
model exhibits more substantial and uneven 
classification errors, particularly in the Balian and 
Lotong Boko classes, which are frequently 
misclassified as other categories. This highlights the 
limitations of SVM when dealing with overlapping 
texture-based feature distributions derived from LBP 
descriptors. 

Compared with previous studies employing 
conventional classification methods such as KNN, 
Naïve Bayes, and Decision Trees using Canny-based 
features, the Random Forest model proposed in this 
study demonstrates a considerable improvement in 
classification accuracy. Although its accuracy is 
slightly lower than that reported by the VGG16-based 
approach [39] (93.33%), the proposed LBP-RF 
framework achieves a competitive accuracy of 92.08% 
while requiring substantially lower computational 
resources. Unlike deep learning architectures such as 
VGG16, which demand extensive training data, longer 
training times, and higher hardware requirements, the 
LBP-RF approach provides a more lightweight and 
practical solution for real-time deployment in resource-
constrained environments. Therefore, the combination 
of LBP feature extraction and Random Forest 
classification can be considered an effective and 
efficient approach for the automatic classification of 
Toraja buffalo breeds while supporting conservation, 
livestock management, and cultural heritage 
preservation efforts. 

3.6 Research Limitation 

Despite the high accuracy achieved by the LBP-
Random Forest model, this study has several limitations 
that should be considered. First, although the dataset 
was collected under natural outdoor illumination, the 

captured conditions did not fully represent extreme 
environmental variations such as heavy rain, dense 
shadows, or very low-light situations. Therefore, the 
model's performance under such challenging conditions 
remains to be investigated. Second, the current 
classification framework relies on the manual cropping 
of buffalo body parts, which limits its potential for fully 
automated, end-to-end processing. Third, the proposed 
approach relies primarily on texture-based descriptors. 
While LBP is highly effective in capturing local texture 
patterns and offers computational efficiency, it is less 
sensitive to global structural information, such as horn 
curvature, body proportions, and spatial relationships 
among buffalo body parts. Consequently, important 
discriminative shape characteristics may not be fully 
represented in the extracted feature set. Moreover, LBP 
may not capture deep semantic information as 
comprehensively as modern deep learning 
architectures, particularly when dealing with visually 
similar buffalo breeds or images containing more 
complex and cluttered backgrounds. These limitations 
may contribute to feature overlap among classes with 
similar visual appearances and can affect classification 
performance in challenging scenarios. Therefore, future 
studies could explore the integration of texture 
descriptors with shape-based features or deep feature 
representations to improve classification robustness, 
feature discrimination capability, and overall model 
generalization. 

From a practical perspective, the proposed LBP-
Random Forest framework offers significant 
advantages for deployment in real-world livestock 
management systems. Because the method relies on 
lightweight feature extraction and conventional 
machine learning algorithms, it can operate on standard 
computers or low-cost edge devices without requiring 
dedicated GPU hardware. This capability makes the 
approach suitable for field-based buffalo identification 
and can potentially support digital livestock 
registration, breeding management, and livestock 
monitoring activities in rural areas where computational 
resources may be limited. In addition, the ability to 
automatically distinguish Toraja buffalo breeds may 
contribute to breed documentation, conservation 
programs, and the preservation of cultural heritage 
associated with indigenous buffalo populations. 

4. Conclusions 

The effectiveness of Random Forest (RF) and Support 
Vector Machine (SVM) in categorizing Toraja buffalo 
photos using Local Binary Pattern (LBP) feature 
extraction was examined in this work. According to the 
findings, the RF model outperformed SVM, which only 
attained 64.17%, with an accuracy of 92.08%. The RF 
model also showed more steady and consistent 
performance when evaluated using precision, recall, 
and F1-score. 

When compared to previous research that employed 
SVM on Nili-Ravi and Khundi buffalo datasets with an 
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accuracy of 84% [15], the findings of this study indicate 
a significant performance improvement through the 
application of LBP with RF. These results confirm that 
RF is more effective in handling complex data 
distributions and non-linear texture features generated 
by LBP. 

For future research, this approach can be further 
developed by combining LBP with other feature 
extraction methods or hybrid architectures, as well as 
expanding the dataset with more diverse image 
variations. In addition, the development of real-time 
classification systems could be a potential direction to 
support cultural conservation, livestock management, 
and the digitalization of local species. 
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