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Abstract:

Introduction: Passura’, or Toraja carvings, are an essential element of the cultural heritage of the Toraja people in
Indonesia. These carvings feature complex motifs rooted in nature, folklore, and spiritual symbolism. This study aims
to evaluate the efficacy of four Convolutional Neural Network (CNN) architectures—VGG-16, DenseNet121,
ResNet50V2, and EfficientNetBO—in classifying seven traditional Toraja carving motifs. Methods: A dataset of 700
images was collected and categorized into seven motif classes. The dataset was split into 80% for training and 20%
for validation. Each CNN model was trained for 25 epochs with standard pre-processing, including resizing to 224x224
and normalization. Performance evaluation was conducted based on validation accuracy and confusion matrix analysis
to assess classification precision and model overfitting. Results: EfficientNetB0O achieved the highest validation
accuracy of 98%, although signs of overfitting were observed. ResNet50V2 followed closely with a validation
accuracy of 95.33% and demonstrated the most balanced classification results across all motif categories. VGG-16 and
DenseNet121 achieved 94.67% and 81.82%, respectively. Confusion matrix analysis confirmed the robustness of
ResNet50V2 in correctly identifying complex patterns. Conclusions: The findings indicate that ResNet50V2 provides
a reliable balance between accuracy and generalizability for classifying Toraja carvings, making it suitable for digital
preservation of cultural heritage. EfficientNetBO, while achieving higher accuracy, may require additional
regularization to avoid overfitting. This study contributes to the development of Al-driven cultural documentation and
suggests future research with larger and more diverse datasets to improve model robustness.
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1. Introduction

Toraja carvings, known as passura’, are a rich part of Toraja's cultural heritage, rich in planar geometry,
patterns, shapes, and various motifs. Each motif in the sculpture has not only aesthetic value, but also a deep
meaning that reflects the Toraja people's hope for an abundant life [1], [2]. The motifs of Toraja carvings are
inspired by natural elements such as animals, plants, and folklore, depicting the harmonious relationship between
humans and their gods, fellow humans, and nature [3]. Toraja carvings were originally created on wood to decorate
traditional Tongkonan houses and ceremonial tools, but their use has expanded to other mediums, including
embroidered fabrics and batiks worn by Torajans [4]. The nearly 70 passura’ designs are frequently used in a
variety of ceremonies and craft activities [3].

Previous studies have shown that most toraja carvers do not fully grasp the meaning of the motifs they create.
Furthermore, although the basic motifs have been preserved, toraja wood carvings have been modified for
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aesthetic purposes [1]. These circumstances make it even more difficult to understand the original meaning of
toraja carving.

Convolutional Neural Networks (CNNs) are an excellent technique for image classification and pattern
recognition [5]—[7]. The core of a CNN, the multilayer perceptron (MLP), is designed to process two-dimensional
input data [8], [9]. Various CNN architectures, such as EfficientNet, MobileNet, AlexNet, VGG, ResNet and
NasNet, have been shown to be suitable for image classification tasks [10]. CNNs are well suited for image data
classification and are particularly effective for the classification of complex and diverse Toraja sculpture patterns
[11].

Some previous studies have attempted to use CNN models to classify Toraja carvings. Herman's experiment
in this research aims to classify the motifs of Toraja carvings using CNNSs, specifically the LeNet-5 architecture.
The dataset used consists of 700 images divided into seven motif categories, each consisting of 100 images. This
study examined the effect of data separation ratio (60:40, 70:30, 80:20 and 90:10), batch size and target size on
classification accuracy. The results show that a data separation ratio of 70:30 leads to a maximum accuracy of
50.67%, while increasing the batch size value has a negative impact on accuracy. However, increasing the target
size has a positive effect, with a maximum accuracy of 69.33% at 256 x 256. This study shows that the choice of
parameters in the LeNet-5 architecture has a significant impact on the classification of truncated torus shapes [11].

Previous research on image classification with CNNs has proven highly effective in analyzing complex
patterns, including cultural motifs such as Torajan woodcuts. Wardhani's research shows that machine-learning
approaches, particularly CNNs, are essential for cultural preservation. Using the Canny extraction method, the
CNN model uses the ResNet50 architecture to identify complex Torajan woodcut patterns. Some classes of Toraja
motifs used in the study include Pa' Lulun Pao, Pa’ Somba, Pa' Tangke Lumu and Pa' Tumuru. The results show
that the Pa' Somba class has an accuracy of 0.9697, a recall of 0.96 and an F1 Score of 0.9648; the Pa' Lulun Pao
class has an accuracy and recall of 0.94 and an F1 Score of 0.94; the Pa’' Tangke Lumu has an accuracy of 0.9898,
a recall of 0.97 and an F1-Score of 0.9798; and the Pa' Tumuru motif has an accuracy of 0.9327, a recall of 0.97
and an F1-Score of 0.9500 [12].

The purpose of this research is to develop and test a better classification method to understand the complex
patterns in Torajan carving motifs. By using CNN architectures such as VGG-16, EfisieNetB0, ResNet50V2 and
DenseNet121, the classification results are expected to be more accurate and reliable. This study will contribute
to the preservation and better understanding of Torajan cultural heritage. This is an important step to protect the
rich Torah cultural heritage in the context of modern technological discoveries and to improve digital
documentation for future cultural research.

2. Method:

Image dataset collection, data pre-processing methods, classification model building, evaluation, and
performance analysis are the research flow in this study, as shown in Figure 1.
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Figure 1. Research Flow
Data Image Preparation

The collection of images for the Passura’ dataset was carried out in the field, photographing different types of statues
found in traditional houses and cultural monuments in Toraja. Each image was carefully taken to ensure quality resolution
so that the details of the subject could be clearly seen in the model created. Once the capture process is complete, all images
are saved to the computer and organized for the next step. The amount of image data per category or type of Torajan carvings
model is shown in Table 1.
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Table 1. Total Data

No Toraja Carving Class Amount

1 Pagkapug Baka 100

2 Pagtanduk Reqpe 100

3 Pagsekong Kandaure 100

4 Patangke Lumug 100

5 Paqgdon Bolu 100

6 Paqgtologpaku 100

7 Paqtedong 100
Total 700

Figure 2 shows different Toraja carvings. The photographs were taken and stored on a computer. The data was then
divided into two main categories: training data and validation data. These two categories are used to train the model and to
evaluate the accuracy of the model and are divided into 80% training data and 20% validation data. Just as Herman has done
in his research which uses an 80:20 data split [4].
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Figure 2. Example of Toraja Carvings
Classification

A special type of neural network (CNN) is created to analyze the input using Patterns, as shown in the image. The
convolution technique allows CNN to extract features by applying filters to the input image. A pooling layer and multiple
convolution layers are the basis of the CNN structure [13], [14]. Convolution layers are usually used to see how filters or
kernels scan an image to capture certain patterns or features, such as edges and textures. However, pooling layers reduce the
spatial size of the information without losing important data. Ultimately, pooling layers help in faster training because they
reduce the size of the feature maps after the convolution layers extract them. Finally, a fully connected layer calculates the
final prediction using the extracted features [15], [16]. One of the main reasons CNNSs are effective in image processing is
that they can learn multi-level features, from simple to complex, which makes it easy for CNNs to solve classification and
object detection tasks [17].

For image processing, VGG-16 is one of the most popular CNN architectures. VGG-16, which was originally proposed
by the Visual Geometry Group at the University of Oxford, consists of 16 invariant layers, with 13 convolutional layers and
3 fully connected layers. The convolution layer uses a 3x3 convolution with padding to preserve the size of the input space.
In addition, some networks gradually reduce the size of locally detected maps by using massive Asynchronous training and
convergence is accelerated by the ReLU technique. Finally, the full embedding layer combines the learned features to make
group decisions. The architecture of VGG-16 as shown in Figure 3 shows that the network can learn complex features and
thus achieve high accuracy for many images classification tasks [18].

DenseNet121 is a CNN architecture consisting of 121 layers as shown in Figure 4 and is designed to increase the
efficiency and accuracy of image recognition by means of dense connections, where each layer is directly connected to all
previous layers, enabling better information flow and deeper feature learning. It also reduces the problem of vanishing
gradients and the number of required parameters, which increases computational efficiency. The architecture consists of
many "dense blocks" with interconnected convolutional layers, as well as transition blocks that reduce the feature dimension
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to balance the complexity and accuracy of the model. DenseNet121 has been proven effective ina wide range of applications,
including image classification, image segmentation, and object recognition, and is commonly used in medical image
analysis, such as tumor detection in radiological images. Its high performance on benchmark datasets such as ImageNet
makes it an ideal choice for research and deep learning applications, providing a powerful solution for pattern recognition
and image analysis problems [19]—[21].
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Figure 3. VGG-16 Architecture
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Figure 4. DenseNet121 Architecture

One of the most often used architectures in deep learning is ResNet50V2. The ResNet50 architecture, which
is well-known for its capacity to resolve low-dimensional computational issues, is extended by this architecture.
Architecture of ResNet50V2 can be seen in Figure 5. Data may readily flow through deep neural networks
because to this architecture's usage of residual learning techniques. This architecture makes it easier to train the
model by combining 50 layers and connecting non-adjacent layers via shortcuts. Additionally, ResNet50V2
employs extremely effective grouping and communication techniques, which enhance stability and performance
throughout training. ResNet50V2 is the suggested option for applications like image classification and data
processing because of its great accuracy in a variety of image-related tasks. This architecture is used to analyze
medical images and is one of the most widely used tools by researchers and companies [22], [23].
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Figure 5. ResNet50V2 Architecture

EfficientNetBO0 is a convolutional neural network architecture designed to achieve an optimal balance between
accuracy and computational efficiency in image recognition. Architecture of EfficientNetB0 can be seen in Figure
6. EfficientNetB0 launched by Google, is the first model in the EfficientNet family to use customized scaling
where network width, depth, and resolution are simultaneously optimized to improve performance. Using
techniques such as hybrid scaling and efficient use of convolutional blocks, EfficientNetBO can achieve higher
accuracy with a much smaller number of parameters compared to previous models. This format also combines
techniques such as swish activation and group training, which add to training stability and speed. EfficientNetB0
has been proven to be highly efficient for various image recognition tasks and is widely used in industry and
research, making it one of the most popular models in deep learning today.
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Figure 6. EfficientNetBO Architecture
Performance Evaluation and Analysis

At this stage, the performance of the models in classifying Toraja carving motifs was measured using VGG-16,
DenseNet121, ResNet50V2, and EfficientNetBO0 architectures. The training process is performed by splitting the dataset into
two parts, namely 80% as training data and 20% as validation data. This division aims to ensure that the model can learn
from the most available data while retaining enough data to test its ability to generalize to data it has not seen before. Once
the training process is complete, the validation accuracy of each tested CNN architecture is calculated and compared. The
accuracy results are analyzed to determine which model provides the best performance in classification. Comparing the
validation accuracy of different architectures allows us to identify the most effective and efficient model in completing the
task of classifying Toraja carving motifs.

Validation accuracy is calculated by comparing the correct predictions made by the model with the total number of
predictions. The formula for calculating accuracy is given in (1).

TP+TN

Validation Accuracy = TP+TN + FP + FN

@
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Where FP stands for False Positive, FN for False Negative, TP for True Positive, and TN is for True Negative. This
formula provides explicit statistics about model performance by calculating the percentage of images correctly captured
among all images Diagnostic accuracy is determined by comparing the correct predictions made by the model with the
total number of predictions [25], [26] as in (1).

In this section, only the model with the highest prediction accuracy among the four CNN architectures will also be tested
using the confusion matrix. The confusion matrix provides detailed information about the classification performance of each
class, allowing for errors in the prediction model, such as motifs being incorrectly classified in the wrong class. By analyzing
the confusion matrix, it is possible to critically evaluate how each structure performs in the classification of Toraja sculpture
motifs. This competition aims to identify the most suitable and useful designs for the task of classifying Toraja design motifs.

3. Results and Discussion

Each architecture is trained for 25 epochs to ensure that the model has sufficient learning opportunities and
that no overfitting occurs, and each architecture uses two equal proportions of data, 80% training data and 20%
validation data.

In the VGG-16 architecture, each dataset is processed into 32 batch sizes and the target image size used is
(224, 224), which is the standard size of the VGG architecture. In addition, after the source layer, each structure
has the same additional layers. A flat layer, a dense layer with 512 units and a ReLU activation function, a rolling
layer with a value of 0.5 to avoid overfitting, a dense layer of 256 units with a ReLU activation function and seven
classes to distinguish Toraja sculpture patterns, an output layer with 7 units and a Softmax activation function.
The model was assembled using the Adam optimizer with a learning rate of 0.0001 after the training process in
the VGG-16 model structure achieved the highest evaluation accuracy results of 94.67%. A graph of the accuracy
and evaluation results of the VGG-16 model and the structure can be seen in the Figure 7.

In the DenseNet121 architecture, the training parameters of the pair are set to 32 pixels, and the height of the
pair image is 224 pixels. Procedural data were acquired by ImageDataGenerator with the parameter rescale=1/255
for normalization without enlarging the interval [0, 1]. The GlobalAveragePooling2D layer is added to reduce the
dimensionality of the output, and the dense layer trains the classifier through softmax activation, which increases
the number of neurons and the number of classes in the dataset. The model was tuned using the RMSprop
optimizer with a learning rate of 0.0001. After the model is trained, an evaluation is performed to calculate the
accuracy loss value of the estimation data. The post-training validation results of the DenseNet 121 model
architecture achieved a high validation accuracy of 81.82%. A plot of the results of DenseNet 121 model
architecture accuracy evaluation is shown in Figure 8.
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The training parameters of the EfficientNetBO0 architecture include image size set to (224, 224) to ensure
consistent input, and batch size set to 32 to batch process the data. In addition, the model also sets the number of
classes to 7, depending on the number of classes in the dataset. EfficientNetBO is loaded without overlapping
using pre-trained weights on the ImageNet dataset, followed by a GlobalAveragePooling2D layer, and a Dense
layer with softmax activation for classification. The model is then compiled using the Adam Optimizer, which
automatically sets the initial learning rate. After the training process, the EfficientNetBO model shows good
performance, with an average validation accuracy of 98%. The graph of the accuracy and validation accuracy
results for the EfficientNetBO model architecture can be seen in the Figure 10.
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Figure 9. Accuracy of ResNet50V2
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Figure 10. Accuracy of EfficientNetB0

The EfficientNetBO0 architecture gets the greatest accuracy of 98%, which is really good, as seen in Table 2.
These high findings, nevertheless, might point to overfitting in EfficientNetB0. This implies that there is a chance
the model won't be able to maintain the same level of accuracy or might incorrectly classify the toraja carving
when a larger or new dataset is included. The results derived from the model's confusion matrix make this very
evident depicted in the Figure 11. The ResNet50V2 architecture, the top model in this test with a remarkable
validation accuracy of 95.33%, comes next. The data can be efficiently categorized by this model. This illustrates
its capacity to classify pertinent patterns and characteristics within the toraja carving.

Table 2. Validation Of The Accuracy Of Each Architecture Model

No Architecture Val_Accuracy
1 VGG-16 94.67%
2 DenseNet121 81.82 %
3 ResNet50V2 95.33%
4 EfficientNetBO 98%

Based on the confusion matrix shown in the Figure 12, the ResNet50V2 model has excellent performance in
classifying the features of the Toraja carving. Each row of the confusion matrix represents the proportion of correct
entries, and the columns represent the prediction model. On the main diagonal, it can be seen that the model is
able to accurately classify most of the motifs. For example, the pattern Pagdon Bolu had 25 correct guesses and



129 Indonesian Journal of Data and Science

Pagkapug Baka had 19 correct guesses. In addition, Pagsekong Kandaure and Pagtanduk Reqgpe had 21 correct
predictions, indicating that the model was effective in identifying toraja carving.

Confusion Matrix
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Figure 11. Confusion Matrix Results from EfficientNetBO Model
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Figure 12. Confusion Matrix Results from ResNet50V2 Model

However, there are some significant classification errors. For example, the Pagdon Bolu standard was
misclassified as Pagsekong Kandaure and the Pagtanduk Reqgpe standard was misclassified as Paqtedong, this
error is very small. However, it shows some difficulties in recognizing more accurate patterns. Overall, the
ResNet50V2 model shows high performance in classification. The predictions were mostly accurate, but further
improvements may be needed to reduce the prediction errors of some models. Allows the model to recognize all
fragment classes more accurately.

4, Conclusion

This research measures the performance of VGG-16, DenseNet121, ResNet50V2, and EfficientNetBO
architectures in classifying the motifs of Toraja sculptures trained and validated using an 80:20 split of training
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and validation data. DenseNet121 architecture produces the highest classification accuracy of 98%, but the model
overfits. This is proven based on the results obtained from the confusion matrix of the EfficientNetBO model.
ResNet50V2 architecture is the most effective for this task as it provides high accuracy and can perform the
classification task efficiently and accurately. That is, it achieves a validation accuracy of 95.33%. This study
contributes to the preservation and understanding of Toraja cultural heritage through the accuracy of motif
classification. This is an important step towards protecting the rich cultural heritage of Toraja against the
advancement of modern technology and improving digital documentation for future cultural studies. Future
studies should add more datasets to improve the model performance and prevent overfitting in classifying Toraja
sculptures.
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