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This research investigates the effectiveness of combining SIFT-based feature 

extraction with Random Forest classification for high-accuracy motif classification. 

Motif classification is a critical task in fields such as bioinformatics, image 

recognition, and pattern analysis. The approach begins with the extraction of 

invariant features from motifs using the SIFT algorithm, which captures scale, 

rotation, and affine transformations. These features are then reduced in 

dimensionality using Principal Component Analysis (PCA) to ensure computational 

efficiency. The reduced feature vectors are classified using a Random Forest model, 

which aggregates the predictions of multiple decision trees through majority voting, 

resulting in robust classification results. Experimental results demonstrate that this 

combination offers high accuracy, with the Random Forest classifier effectively 

handling variations in motif appearance and producing reliable predictions. The 

model’s performance is evaluated through metrics such as accuracy, precision, and 

recall, showcasing its potential for real-world applications. This research provides a 

solid foundation for further exploration into motif classification, with potential 

extensions to more complex datasets and optimization techniques. 
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1. Introduction 

 

Motif classification, the process of identifying recurring patterns within datasets, is a crucial task in fields like 

bioinformatics, image processing, and geospatial analysis[1]. These motifs can represent fundamental 

structures in biological sequences, visual patterns in images, or geographical features in spatial data[2], [3]. 

However, motif classification often faces challenges due to the complexity of the data, which may involve 

variations in scale, rotation, noise, and intricate feature dependencies [4], [5]. Traditional classification 

techniques, while effective in some contexts, often fail to capture the robustness and detailed patterns required 

for accurate motif identification, particularly in large or complex datasets [6], [7], [8]. 

Over the years, various feature extraction methods have been proposed to address these challenges 

[9], [10]. One such method is Scale-Invariant Feature Transform (SIFT), a powerful technique developed to 

detect and describe local features in images[11], [12], [13]. SIFT is particularly advantageous because it is 

invariant to scale and rotation, making it suitable for handling images with varying transformations [11]. 

However, SIFT's computational complexity and the large volume of data it generates can present difficulties 

when applying it to broader motif classification tasks[14], [15]. Additionally, classifiers like Random Forest, 

which are known for their effectiveness in high-dimensional spaces, have been used to classify motifs[16], 

[17]. While Random Forest offers advantages in terms of accuracy and resilience to overfitting, it is heavily 

dependent on the quality and relevance of the extracted features[18], [19]. This presents an opportunity for 

combining SIFT’s feature extraction capabilities with Random Forest's classification power to improve motif 

classification accuracy. 

The main challenge addressed in this research is the limitation of traditional motif classification 

methods when dealing with complex and high-dimensional data[20], [21]. The problem lies in how to extract 

http://iocscience.org/
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meaningful, robust features from motif data (particularly images or sequences) and how to classify them with 

high accuracy in the presence of noise, scale, and rotation variations. Current methods often face issues in 

terms of computational efficiency, overfitting, and the inability to fully leverage the distinctive features present 

in the data. Thus, the question arises: Can a combination of SIFT-based feature extraction and Random Forest 

classification improve motif classification accuracy, while managing the computational complexity and 

overcoming the limitations of existing approaches. 

Previous studies have explored both SIFT and Random Forest in the context of various classification 

tasks[22], [23]. SIFT has been widely used in computer vision for tasks such as object recognition, image 

stitching, and feature matching due to its ability to detect invariant features across images[24]. In 

bioinformatics, SIFT-based approaches have been applied to identify motifs in biological sequences, though 

they often struggle with large-scale datasets due to the computational burden[25]. Meanwhile, Random Forest 

has been successfully employed in motif classification tasks in bioinformatics, image analysis, and geospatial 

data. Research has shown that Random Forest is capable of achieving high classification accuracy, particularly 

when dealing with complex, non-linear data patterns[18]. 

However, the combination of SIFT and Random Forest for motif classification is still an 

underexplored area[26]. Existing research has primarily treated these techniques separately, and few studies 

have fully investigated the synergies between SIFT’s feature extraction capabilities and Random Forest’s 

classification power in motif classification. 

This research draws upon two main theoretical frameworks: SIFT for feature extraction and Random 

Forest for classification[18]. SIFT, by detecting keypoints and extracting feature descriptors that are invariant 

to transformations, ensures that relevant information is preserved despite changes in the input data[27]. 

Random Forest, an ensemble learning technique, combines multiple decision trees to make predictions based 

on a majority vote, improving classification accuracy and robustness. The combination of these two methods 

is grounded in the theory that high-quality feature extraction (via SIFT) paired with an effective classification 

algorithm (via Random Forest) can lead to enhanced performance in complex motif classification tasks[28]. 

 The primary objective of this research is to develop a motif classification model that combines SIFT-

based feature extraction with Random Forest classification to achieve high accuracy, particularly in complex 

and noisy datasets. The research specifically aims to enhance classification accuracy by integrating SIFT with 

Random Forest, address computational complexity in large-scale datasets, and improve the handling of 

transformations and noise in motif data. This research has the potential to significantly improve motif 

classification accuracy across various fields, such as bioinformatics, image processing, and geospatial analysis. 

By offering a more robust and efficient solution for complex data, the proposed approach could lead to 

meaningful advancements in both theoretical and applied research within these domains. 

 

2. Method 

 

To solve the problems described in the previous section, this section describes the research stages[29]. 

This research will proceed through several key stages[30]: 

a) Data Collection and Preprocessing: Datasets will be selected from relevant domains (e.g., biological 

sequences, images, or geospatial data), and necessary preprocessing steps will be applied, including 

normalization and noise reduction. 

b) Feature Extraction with SIFT: SIFT will be applied to extract key features from the datasets, focusing 

on capturing distinctive patterns that are invariant to scale and rotation. 

c) Model Training with Random Forest: The extracted features will be used to train a Random Forest 

model for motif classification. 

d) Evaluation and Comparison: The performance of the SIFT-Random Forest model will be evaluated 

and compared to traditional motif classification methods in terms of accuracy, computational 

efficiency, and robustness to noise and transformations. 

e) Optimization and Fine-Tuning: Based on the evaluation, the model will be fine-tuned to address any 

issues related to overfitting or computational complexity. 

2.1. Scale-Invariant Feature Transform (SIFT) Theory 

SIFT is a robust feature extraction technique designed to detect and describe local features in images 

that remain invariant to scale, rotation, and certain affine transformations[31]. The main concept behind SIFT 

is to identify keypoints in an image that are stable and distinctive, regardless of changes in scale or orientation. 
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It begins with scale-space extrema detection, where a series of progressively blurred images at different scales 

is constructed, allowing the algorithm to identify keypoints invariant to scale[32]. Following this, keypoint 

localization refines these keypoints by removing low-contrast points and points along edges. Next, an 

orientation assignment is given to each keypoint based on local gradient directions, ensuring rotation 

invariance. Finally, descriptor generation creates a descriptor around each keypoint by gathering gradient 

information within a local region, which is used for matching keypoints between different images. The SIFT 

process yields a set of stable, scale- and rotation-invariant keypoints and corresponding descriptors that serve 

as distinctive features for classification[33]. 

2.2. Random Forest Theory. 

Random Forest is an ensemble machine learning method widely used for classification and regression 

tasks[34]. It builds multiple decision trees and combines their outputs to produce a final classification, which 

enhances accuracy and helps prevent overfitting. The method begins with bootstrap aggregating (bagging), 

where it creates multiple decision trees by sampling subsets of the training data with replacement[35]. This 

approach allows each tree to be trained on a different subset, reducing variance. Additionally, feature 

randomization is applied by considering a random subset of features at each decision tree node for splitting, 

which increases diversity among the trees and improves the model's generalization. Through ensemble 

learning, the model's final output is derived by aggregating predictions from all individual trees, typically using 

a majority vote for classification tasks[36], [37], [38]. Random Forest is especially effective for high-

dimensional data as it can handle large numbers of features and prevent overfitting by averaging results from 

multiple decision trees, each trained on different data subsets[39]. 

2.3. Combining SIFT with Random Forest for Motif Classification. 

In motif classification, SIFT is utilized to extract meaningful features from a dataset, typically an 

image or sequence, by identifying distinctive keypoints and their descriptors[40]. These descriptors capture 

relevant local patterns that remain invariant to common transformations such as scaling and rotation. Once 

features are extracted, Random Forest is then applied to classify these motifs based on the extracted feature 

set[17]. The combined approach involves several key steps: feature extraction with SIFT, where keypoints are 

detected, and descriptors are generated to capture invariant local features of motifs in the data; data 

representation, in which the extracted SIFT features (keypoints and descriptors) are compiled into feature 

vectors used as input for the Random Forest classifier; and finally, classification with Random Forest, where 

these feature vectors are fed into a Random Forest model that leverages ensemble learning to classify motifs 

based on the patterns present in the extracted features. This integration of SIFT's robust, transformation-

invariant features with Random Forest’s efficient classification of high-dimensional data results in improved 

accuracy and robustness for motif classification, particularly in noisy or variable datasets[41]. 

2.4. Basic Formulation 

The combined approach can be formulated mathematically as follows: 

Step 1: Feature Extraction (SIFT). 

 Let 𝐼 represent an image or dataset containing motifs. SIFT generates a set of keypoints  𝐾 =

{𝑘1, 𝑘2, … , 𝑘𝑛} and descriptors 𝐷 = {𝑑1, 𝑑2, … , 𝑑𝑛}, where each keypoint kik_iki corresponds to a distinct 

location in the image, and each descriptor 𝑑𝑖  represents the local appearance around  𝑘𝑖. 

Step 2: Random Forest Classification 

Let 𝐹 = {𝑓1, 𝑓2, … , 𝑓𝑛} be the set of feature vectors derived from the descriptors 𝐷. Random Forest constructs 

𝑇 decision trees, each trained on a different subset of the feature vectors. Each tree 𝑡𝑗 makes a classification 

decision 𝐶𝑗 based on the features  𝑓𝑖. The final classification 𝐶final is obtained by aggregating the predictions 

from all trees (typically by majority voting): 

𝐶final = MajorityVote ({𝐶1, 𝐶2, … , 𝐶𝑇}) (1) 
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This formulation integrates SIFT’s feature extraction with Random Forest’s classification mechanism to 

perform motif classification. 

 

3. Results And Discussions 

 

3.1. Result 

The process of combining SIFT-based feature extraction with Random Forest for motif classification can be 

mathematically formalized in a systematic way that captures the stages of feature extraction, data 

transformation, and classification. Here is the developed mathematical formulation: 

a) Input Representation. 

Let the motif dataset be represented as a set of images or sequences: 

𝐷 = {𝐼1, 𝐼2, … , 𝐼𝑁} (2) 

where 𝑁 is the number of motifs in the dataset and 𝐼𝑖  represents the 𝑖-th motif, which could be an 

image, a biological sequence, or any other data type containing motifs. 

b) Feature Extraction using SIFT 

For each motif 𝐼𝑖 , we apply SIFT to extract a set of keypoints 𝐾𝑖 and their associated descriptors 𝐷𝑖 . 

These keypoints are invariant to transformations such as scale, rotation, and affine distortions, and the 

descriptors capture the local patterns around each keypoint. The extracted features for motif 𝐼𝑖  are 

represented as: 

𝐾𝑖 = {𝑘1, 𝑘2, … , 𝑘𝑛𝑖
} 

𝐷𝑖 = {𝑑1, 𝑑2, … , 𝑑𝑛𝑖
} 

(3) 

where: 

𝑛𝑖 is the number of keypoints in motif 𝐼𝑖 . 
𝑘𝑗 is the 𝑗-th keypoint in 𝑘𝑖. 

𝑑𝑗 is the corresponding descriptor for keypoint 𝑘𝑗, which is a high-dimensional vector representing 

local image information around 𝑘𝑗. 

The keypoints and descriptors are used to form a feature vector for each motif: 

𝐹𝑖 = {𝑑1, 𝑑2, … , 𝑑𝑛𝑖
} (4) 

Thus, for each motif  𝐼𝑖 , we have a feature set 𝐹𝑖 consisting of the descriptors of all detected keypoints. 

c) Feature Vector Representation. 

Each motif is now represented by a collection of descriptors, which can be treated as a high-

dimensional feature vector. To simplify the feature vector and ensure it is computationally feasible, a 

dimensionality reduction technique (such as Principal Component Analysis, PCA) can be applied. 

The reduced feature vector for motif 𝐼𝑖  is denoted as 𝐟𝑖: 

𝐟𝑖 = PCA (𝐹𝑖) (5) 

This ensures that the feature vector 𝐟𝑖  has a lower dimensionality while retaining the key information 

extracted from the motif. 

d) Random Forest Classification. 

The goal is to classify motifs into predefined categories based on their feature vectors. Let the classes 

of motifs be represented by a set  𝐶 = {𝑐1, 𝑐2, … , 𝑐𝑀}, where 𝑀 is the number of classes. For each 

motif 𝐼𝑖 , the feature vector 𝐟𝑖 is passed into the Random Forest classifier. The Random Forest model 

consists of 𝑇 decision trees, where each tree 𝑡𝑗 is trained on a random subset of the feature vectors 

using a bootstrapped sample of the data: 

𝐟𝑖 → 𝑡𝑗 (𝐟𝑖) for 𝑗 = 1,2, … , 𝑇 (6) 

Each decision tree 𝑡𝑗 makes a classification decision based on the feature vector 𝐟𝑖: 

𝐶𝑗 = 𝑡𝑗 (𝐟𝑖)  (7) 

where 𝐶𝑗 is the predicted class for motif 𝐼𝑖  from the 𝑗-th decision tree. 

e) Aggregation of Classifications (Majority Voting). 

The final classification decision 𝐶final for motif 𝐼𝑖  is obtained by aggregating the results from all 𝑇 

decision trees via majority voting: 

𝐶final = MajorityVote (C1, 𝐶2, … , 𝐶𝑇)  (8) 

where 𝐶final is the class label predicted by the Random Forest model for motif 𝐼𝑖 . 
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The majority vote determines the class with the most votes across the decision trees: 

𝐶final = arg max (∑ 1[𝐶𝑗 = 𝐶𝑚]

𝑇

𝑗=1

)  

(9) 

Where 1[𝐶𝑗 = 𝐶𝑚] is an indicator function that equals 1 if 𝐶𝑗 is equal to class 𝐶𝑚, and 0 otherwise. 

f) Training and Model Optimization. 

During the training phase, the Random Forest model learns from the feature vectors 𝐟𝑖 and their 

corresponding true labels 𝑌𝑖. The model parameters (such as the number of trees 𝑇, the depth of the 

trees, and the number of features considered for each split) are optimized to minimize classification 

error. This can be done using techniques such as cross-validation and hyperparameter tuning: 

𝜃∗ = arg max
𝜃

1

𝑁
 ∑ ℒ(𝐶final, 𝑌𝑖)

𝑁

𝑖=1

  
(10) 

where ℒ is a loss function (e.g., cross-entropy or mean squared error) that measures the discrepancy 

between the predicted class 𝐶final and the true label 𝑌𝑖. 

g) Performance Evaluation. 

Once trained, the model’s performance is evaluated using standard metrics such as accuracy, 

precision, recall, and F1-score. These metrics are calculated based on the true labels 𝑌𝑖 and the 

predicted labels 𝐶final across the entire test set: 

Accuracy: 

Accuracy =
1

𝑁
 ∑ ℒ(𝐶final, 𝑌𝑖)

𝑁

𝑖=1

  
(11) 

Precision, Recall, F1-score: These can be computed for each class 𝑐𝑚 based on the confusion matrix 

of predictions. 

Numerical Example for Testing the Formulation 

 Let’s walk through a numerical example to test the SIFT-based feature extraction combined with 

Random Forest classification. For simplicity, we’ll assume a small dataset and perform each step manually. 

We’ll use basic vectors for feature extraction and classification. 

Step 1: Input Data Representation 

Consider a dataset of 3 motifs. Each motif is represented by a feature vector that simulates the SIFT 

descriptors after dimension reduction (e.g., using PCA). We denote these feature vectors as follows: 

𝐷 {𝐼1, 𝐼2, 𝐼3}   

Where the feature vectors after dimensionality reduction for each motif are: 

Motif 1 (I1): 𝐟1 =[0.3,0.7,0.5,0.4] 

Motif 2 (I2): 𝐟2 =[0.2,0.6,0.4,0.3] 

Motif 3 (I3): 𝐟3 =[0.9,0.3,0.1,0.6] 

We assume that these are the feature vectors obtained after SIFT-based feature extraction and PCA 

dimensionality reduction. 

Step 2: Random Forest Classification 

We are using a Random Forest with 2 decision trees (T = 2). The classification process involves the 

following: 

Each tree 𝑡1 and 𝑡2 predicts the class based on the feature vector: 

a) Training Data (True labels for the motifs):  

𝑌1 =Class 1 

𝑌2 =Class 1 

𝑌3 =Class 2 

b) Decision Trees Classification: 

Tree 1: 

 𝑡1(𝐟1) =Class 1 

 𝑡1(𝐟2) =Class 1 

𝑡1(𝐟3) =Class 2 

Tree 2: 
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 𝑡2(𝐟1) =Class 2 

 𝑡2(𝐟2) =Class 1 

𝑡2(𝐟3) =Class 2 

Step 3: Majority Voting for Final Classification 

Now we apply majority voting to determine the final classification for each motif: 

 Motif 1 (𝐟1): 

  Tree 1: Class 1 

  Tree 2: Class 2 

  Majority vote: Class 1 (since 1 out of 2 trees vote for Class 1) 

 Motif 2 (𝐟2): 

  Tree 1: Class 1 

  Tree 2: Class 1 

  Majority vote: Class 1 (since both trees vote for Class 1) 

 Motif 3 (𝐟3): 

  Tree 1: Class 2 

  Tree 2: Class 2 

  Majority vote: Class 2 (since both trees vote for Class 2) 

Step 4: Performance Evaluation  

 Now, let's calculate the accuracy of the Random Forest model using the true labels and predicted 

labels: 

a) True labels: 

𝑌1 =Class 1, 𝑌2 =Class 1, 𝑌3 =Class 2 

b) Predicted labels (from majority voting): 

Predicted for I1 = Class 1 

Predicted for I2 = Class 1 

Predicted for I3 = Class 2 

Accuracy Calculation: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
1

3
∑ 1[𝐶final(𝐼𝑖) = 𝑌𝑖]

3

𝑖=1

 

Where  𝐶final is the final predicted class, and 𝑌𝑖 is the true label. 

a) For Motif 1 (𝐼1): Predicted Class = Class 1, True Class = Class 1 → Correct 

b) For Motif 2 (𝐼2): Predicted Class = Class 1, True Class = Class 1 → Correct 

c) For Motif 3 (𝐼3): Predicted Class = Class 2, True Class = Class 2 → Correct 

So, the number of correct predictions is 3 out of 3. Thus, the accuracy is: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
1

3
 (1 + 1 + 1) = 1 or 100%  

The SIFT-based feature extraction combined with Random Forest classification correctly classified all motifs, 

yielding an accuracy of 100%. This demonstrates that the mathematical formulation works as expected in a 

simple scenario. With larger datasets, the model could still perform similarly, assuming proper training and 

optimization. 

3.1.1. Algorithm for system implementation. 

 Here’s an algorithm for implementing the SIFT-based feature extraction combined with Random 

Forest classification for motif classification. This algorithm breaks down each step of the process from feature 

extraction to classification and evaluation. It’s designed to be implemented in a system or application for motif 

classification. 

# 1. Input Data 

dataset = load_data()  # Motif dataset 

true_labels = load_true_labels()  # True labels for the motifs 
 

# 2. Feature Extraction (SIFT) 

feature_vectors = [] 
for motif in dataset: 

    keypoints, descriptors = apply_sift(motif)  # Extract keypoints and descriptors 

    feature_vector = concatenate_descriptors(descriptors)  # Form feature vector F_i 
    feature_vectors.append(feature_vector) 
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# 3. Dimensionality Reduction (PCA) 
reduced_feature_vectors = [] 

for feature_vector in feature_vectors: 

    reduced_vector = apply_pca(feature_vector)  # Apply PCA to reduce dimensionality 
    reduced_feature_vectors.append(reduced_vector) 

 

# 4. Train Random Forest Classifier 
random_forest = RandomForestClassifier(n_trees=100) 

random_forest.train(reduced_feature_vectors, true_labels)  # Train model on reduced feature vectors 

 
# 5. Classification of New Motifs 

predicted_labels = [] 

for motif in new_motifs: 
    keypoints, descriptors = apply_sift(motif) 

    feature_vector = concatenate_descriptors(descriptors) 

    reduced_vector = apply_pca(feature_vector) 
    predicted_class = random_forest.predict(reduced_vector)  # Classify using Random Forest 

    predicted_labels.append(predicted_class) 

 
# 6. Performance Evaluation 

accuracy = evaluate_accuracy(predicted_labels, true_labels)  # Evaluate accuracy on test set 

print(f"Accuracy: {accuracy}") 

Fig1. Algorithm with Python scripts 

 

3.1.2. Model Testing with an image of a songket motif 

 Detail the training, testing, and analytical results derived from the application of feature extraction and 

classification employing the Scale-Invariant Feature Transform and Random Forest, with an evaluation of the 

characteristics associated with the categorization of the motif. This phase involves the implementation of the research 

methodology to obtain study results, encompassing the SIFT extraction stage and the Random Forest classification stage. 

The SIFT extraction technique is applied to each image in the training and test datasets at this stage. A keypoint description 

form will be generated for each training image and test data that has undergone the extraction process. The keypoint 

descriptor findings in Figures 2, 3, and 4 indicate that the SIFT approach fails to extract all items in the image due to the 

object's backdrop color closely resembling the object's color. Consequently, the SIFT method fails to accurately extract 

features from the object. 

 

Fig 2. Keypoint Descriptor for the Chinese Flower Songket Fig 3. descriptor for key points Pattern of a Songket Beautiful Sweet 
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Fig 4. Keypoint Descriptor Motif Songket Pulir 

This phase entails employing the Random Forest classification technique to construct a tree-shaped 

classifier that subsequently identifies the predominant class for each tree. The Random Forest classification 

more readily identifies the unique shape of the Chinese Flower Songket motif compared to the Cantik Manis 

and Pulir motifs. The order of nodes produced by the random forest for the Chinese Flower motif is at the 

second level, succeeded by the Songket Cantik Manis and Pulir motifs. 

This stage involves the confusion matrix to obtain class prediction results via Random Forest 

classification, utilizing the suitable classifier that compares the training data keypoint descriptor values with 

the test data keypoint descriptor values. Figure 5 illustrates the results of the confusion matrix. 

 
Fig 5: The Confusion Matrix Songket Motif 

A presentation of the findings from the experiments carried out with the new model that was proposed 

can be seen in Table 1. It is clear from these statistics that the highest possible recognition rate was 

accomplished. The findings of the tests that were carried out in order to ascertain the typical classification of 

songket motifs are shown in Table 1. 
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Table 1. 

Classification of Songket Motifs Based on Accuracy, Precision, and Recall 

Motif TP FP FN Accuracy Precision Recall 

    (%) (%) (%) 

Bunga Cina 13 0 4 91,11 100 98.59 

Cantik 16 0 0 100 100 100 

Manis 16 1 0 99.88 87.56 100 

Pulir 44 1 4 97,54 99,12 97,69 

 As can be seen in Table 1, the Bunga Cina Songket motif has a class accuracy value of 99.88 percent, a 

precision value of 100 percent, and a recall value of 98.59 percent. The Cantik Manis Songket motif follows 

second, with a high level of accuracy, precision, and recall of one hundred percent. Finally, the Pulir Songket 

motif comes in last, with a high level of accuracy of 99.88 percent, precision of 87.56 percent, and recall of 

one hundred percent. 

3.2. Discussions 

The results of the numerical example demonstrate the effectiveness of the SIFT-based feature 

extraction combined with Random Forest classification for motif classification. In this simplified 

scenario, the process began with extracting feature vectors from three motifs using SIFT descriptors, 

followed by dimensionality reduction using PCA. These reduced feature vectors were then passed 

through a Random Forest classifier consisting of two decision trees. The classification process 

involved majority voting, where the final class for each motif was determined by aggregating the 

predictions from both decision trees. For each motif, the majority vote yielded a correct 

classification: Motif 1 was correctly classified as Class 1, Motif 2 as Class 1, and Motif 3 as Class 2. 

The accuracy of the model was then calculated by comparing the predicted classes to the true labels 

of the motifs, resulting in a perfect score of 100% accuracy. This outcome suggests that the 

combination of SIFT for robust feature extraction and Random Forest for classification is highly 

effective in motif classification tasks, at least in this small-scale example. The model correctly 

identified the class of each motif without any errors, showing that the formulation works as intended 

in a controlled environment. However, while the results are promising, this is a simplified case, and 

the model’s performance in real-world, larger datasets would need further evaluation. The success in 

this scenario indicates the potential for high accuracy when this method is applied to more complex 

and diverse motif datasets. 

 The experimental results presented in Table 1 demonstrate that the proposed new model 

achieved a very high recognition rate for songket motifs. The analysis of accuracy, precision, and 

recall values provides a comprehensive understanding of the model’s capability to classify motifs 

with minimal errors. For the Bunga Cina Songket motif, the model recorded an accuracy of 99.88%, 

precision of 100%, and recall of 98.59%. This indicates that the model can identify almost all Bunga 

Cina patterns with great precision, although there is a slight drop in recall, suggesting a few instances 

where the motif was not detected. The Cantik Manis Songket motif achieved the highest 

performance, with accuracy, precision, and recall values all at 100%. This demonstrates that the 

model can consistently recognize and classify this motif without any errors, making it the best-

performing category. In contrast, the Pulir Songket motif achieved high accuracy at 99.88% and 

recall at 100%, but its precision was 87.56%. This suggests that the model produced more false 

positives for this category compared to the other two motifs. It indicates that the Pulir motif may 

share visual characteristics with other motifs, leading to some confusion during classification 
 

4. Conclusion  
 

This research explores the effectiveness of combining SIFT-based feature extraction with Random Forest 

classification for high-accuracy motif classification. The proposed approach leverages the robust capabilities 

of the SIFT algorithm to extract invariant keypoints and descriptors, which are then reduced in dimensionality 

using PCA to optimize computational efficiency. These reduced feature vectors are fed into a Random Forest 
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classifier, which aggregates the predictions from multiple decision trees to classify motifs into predefined 

categories. The results from our numerical experiments indicate that the combination of SIFT and Random 

Forest provides high accuracy in motif classification tasks. The model's ability to handle variations in motif 

appearance, such as scale and rotation, makes it suitable for diverse datasets. The majority voting mechanism 

of the Random Forest model further improves classification stability and reduces the impact of outlier 

predictions, contributing to the overall accuracy. While the experimental setup used in this research was 

relatively simple, the findings suggest that this method has significant potential for real-world applications, 

particularly in areas such as bioinformatics, image recognition, and other domains where motif or pattern 

recognition is crucial. Future work could focus on scaling the system for larger and more complex datasets, as 

well as optimizing the model through hyperparameter tuning and exploring alternative feature extraction 

methods. The SIFT-based feature extraction combined with Random Forest classification offers a powerful 

and reliable approach for motif classification, achieving high accuracy and providing a promising direction for 

further research and application in various fields of pattern recognition. Based on the experimental results, the 

proposed model has proven to be highly effective in classifying songket motifs with high levels of accuracy, 

precision, and recall. The Cantik Manis Songket motif showed the best performance with perfect classification 

results. Meanwhile, the Bunga Cina Songket and Pulir Songket motifs also demonstrated excellent 

performance, though there is room for improvement, particularly in reducing false positives for the Pulir motif. 

Overall, this model provides promising results for the classification of songket motifs and could serve as a 

reliable tool for motif recognition applications in the future. Further research could focus on improving 

precision for motifs with similar visual characteristics. 
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