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Abstract

Balinese sculpture is an important form of cultural heritage that exhibits high visual diversity in terms of shape,
structure, and carving style, which makes manual identification and documentation challenging. Previous studies on
automated statue classification have generally focused on limited sculpture categories and therefore do not fully
represent the visual diversity of Balinese sculptures. This study aims to develop an automatic image classification
model capable of recognizing multiple Balinese statue categories using transfer learning and fine-tuning strategies.
The proposed approach compares two convolutional neural network architectures, MobileNetV3 and EfficientNetV2,
across eight statue classes: Dewa, Dewi, Mitologi, Penabuh, Pengapit, Punakawan, Raksasa, and Wanara. A dataset
of 8,400 images was constructed from three-dimensional video documentation to capture multiple viewing angles of
each statue. The images were processed through frame extraction, resizing, normalization, data augmentation, and
dataset splitting. Model training was conducted in two stages, consisting of transfer learning followed by fine-tuning
using reduced learning rates. Experimental results indicate that both models achieve high classification performance
on the test dataset. MobileNetV3 obtained the highest test accuracy of 99.64% with a loss value of 0.0119, while
EfficientNetV2 achieved an accuracy of 98.56% with a loss of 0.0613. These findings demonstrate that lightweight
architectures can deliver competitive performance when supported by appropriate training strategies. This study
provides a comparative evaluation of efficient deep learning models for cultural heritage image classification and
supports the development of more reliable and systematic digital documentation of Balinese sculptures.

Keywords : Balinese Sculpture Classification, Convolutional Neural Networks, Cultural Heritage Preservation,
EfficientNetV2, MobileNetV3, Transfer Learning.
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1. INTRODUCTION

Bali is widely recognized for its diverse artistic heritage. One of the most prominent and enduring
art forms is sculpture [1]. Sculpture is an artistic creation composed of multiple elements arranged in
balanced proportions to produce aesthetic value and distinctive characteristics that can be appreciated
from various viewpoints [2]. It combines solid and empty spaces and offers freedom in determining
form, production methods, and modes of expression. Balinese sculpture represents a traditional artistic
practice that reflects the cultural and spiritual values of local communities and functions as a medium
for conveying beliefs and traditions that remain embedded in daily life [3]. External influences,
particularly through interactions with tourists and Western artists, have encouraged a transformation
from sacred sculptural forms to more liberated and expressive styles. This shift has resulted in the
emergence of increasingly diverse sculptural types in terms of style, function, and form. These
developments also broaden the visual complexity of Balinese sculptures and strengthen the need for
more systematic identification methods.

The diversity of styles and forms that characterizes the evolution of Balinese sculptures enriches
their aesthetic value while simultaneously presenting challenges in categorization and identification.
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Several sculptures exhibit highly similar visual attributes, making manual recognition difficult.
Addressing this problem requires an automatic classification approach capable of distinguishing
sculptures based on subtle visual differences. Image classification refers to the process of grouping
pixels or picture elements within an image into classes, where each class represents a specific entity
with identifiable characteristics [4]. With increasing access to image processing technologies, such
approaches have become particularly important for cultural objects with substantial variation in shape
and visual detail, such as Balinese sculptures. Research on the classification of Balinese sculptures has
been conducted previously. In [5], Convolutional Neural Networks (CNN) were applied to classify
Dewa and Dewi sculptures into five classes. Their study involved constructing a CNN model and
comparing it with AlexNet and ResNet. The constructed model achieved the highest accuracy of
97.14%, while AlexNet and ResNet achieved 24.44% and 33.33%, respectively. Although these results
demonstrate the potential of deep learning for Balinese sculpture classification, the study was limited to
a single sculpture category and a relatively narrow classification scope. This limitation highlights the
need for broader and more representative classification studies that can capture the diversity of sculptural
forms found in Bali. Therefore, the present study expands the classification scope to include a wider
range of sculpture types commonly found in Bali, divided into eight classes: Dewa, Dewi, Mitologi,
Penabuh, Pengapit, Punakawan, Raksasa, and Wanara. This broader approach enables a more
comprehensive analysis of the diverse visual characteristics of Balinese sculptures.

In recent years, advances in computer vision and deep learning have increasingly been applied to
cultural heritage documentation and analysis, with transfer learning becoming a common strategy for
coping with limited labeled data and visual complexity in such domains [6]. Lightweight CNN
architectures like MobileNet and EfficientNet are particularly valued for balancing performance and
efficiency in heritage classification tasks [7], [8]. Recent studies have demonstrated deep learning
approaches for classification of heritage buildings and artifacts using transfer learning and data
augmentation [9]. In addition, systematic reviews highlight the broad applicability of pretrained CNNs
in visual heritage analysis [10].

To develop the classification model, this study employs deep learning methods using
Convolutional Neural Networks (CNN), an architecture specifically designed for processing two-
dimensional data [11]. A CNN consists of feature extraction through convolutional operations and
classification using the conceptual framework of neural networks that emulate the human nervous
system [12]. This research develops an automatic classification model for Balinese sculptures by
comparing the performance of EfficientNetV2, which is designed with progressive learning mechanisms
and optimized scaling to achieve high accuracy with more efficient training [13]. In [14], MobileNetV3
was developed through Neural Architecture Search to produce lightweight yet accurate models for
image classification tasks. In [15], EfficientNetV2 achieved a test accuracy of 94.29% at the sixth epoch
and increased to 95.89% by the fifteenth epoch in a bird species classification task. These results indicate
that the EfficientNetV2 architecture is capable of rapid convergence while maintaining high
performance on visually complex datasets. In [16], MobileNetV3-Large was evaluated for
histopathological breast cancer image classification using the BreakHis v1 dataset. The model achieved
an Fl-score of 0.98 for binary classification and the highest accuracy of 0.95 for ductal carcinoma
subtypes. This result shows that MobileNetV3, despite its lightweight and computationally efficient
design, can deliver strong classification performance without extensive preprocessing. Overall, these
findings suggest that EfficientNetV2 is well suited for visually complex datasets, while MobileNetV3
offers a favorable trade-off between accuracy and computational efficiency.

The model in this study is developed using transfer learning, a machine learning technique in
which a model previously trained for one task is repurposed for a related task [17]. In recent studies,
deep transfer learning has been shown to improve classification performance in complex image domains
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by leveraging pre-trained features that generalize across visual tasks, particularly when labeled data are
limited [18], [19]. This approach accelerates training while maintaining high accuracy because the
model has already learned relevant representations. Fine-tuning is also applied to adjust the pre-trained
parameters so the model can better accommodate the distinct visual patterns of Balinese sculptures [20],
[21]. Prior work on cultural heritage image classification using transfer learning demonstrates that
extracting and adapting high-level features from pre-trained CNN backbones significantly enhances the
representation of complex visual structures inherent to heritage objects [22]. The combination of transfer
learning and fine-tuning enables the model to capture more specific visual patterns in Balinese sculptures
while preserving the inherent strengths of the underlying architecture. This is supported by [23], who
demonstrated that fine-tuning significantly improves a pre-trained model's ability to adapt to new visual
domains and enhances classification accuracy.

Another important aspect of this study lies in the characteristics of the dataset. The images of
Balinese sculptures were extracted from three-dimensional video documentation, allowing the dataset
to capture sculptures from multiple viewing angles. Compared to conventional single-view image
acquisition, this approach introduces greater variability in visual appearance, which is expected to
improve the robustness of the trained models when distinguishing between visually similar sculpture
classes [24]. Research exploring photogrammetric 3D model-based synthetic dataset generation
suggests that leveraging multi-view 3D reconstructions can augment diversity in training data and
enhance deep learning model robustness for complex visual tasks [25]. Based on the limitations
identified in previous studies and the recent developments in deep learning for cultural heritage analysis,
this study aims to evaluate the effectiveness of transfer learning combined with fine-tuning for multi-
class Balinese sculpture classification. Recent studies indicate that transfer learning is particularly
effective for cultural heritage image classification tasks characterized by limited labeled data and high
visual complexity [26]. In addition, systematic comparative evaluations of lightweight convolutional
neural network architectures have been emphasized as an important step to balance classification
accuracy and computational efficiency in real-world applications [7]. Through a controlled comparative
analysis of MobileNetV3 and EfficientNetV2 under identical training configurations, this study seeks
to provide a clearer understanding of the suitability of lightweight CNN architectures for classifying
visually complex cultural heritage objects, while supporting more reliable digital documentation
practices [10].

2. METHOD
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The research begins with a preliminary phase that includes selecting the topic, identifying the
problem, defining the objectives, and determining the scope of the study. This is followed by data
collection conducted directly in the field, accompanied by a literature review. The collected dataset then
undergoes preprocessing, which consists of several steps to prepare the data for classification, including
frame extraction, resizing, normalization, dataset splitting, and data augmentation. The next stage
involves the classification process using EfficientNetV2 and MobileNetV3 models through the
application of transfer learning and fine-tuning. The final stage is the evaluation of the developed
models. The overall workflow of the proposed method is illustrated in Figure 1, which outlines each
stage from data collection to model evaluation in a sequential manner.

2.1. Data Collection

The dataset used in this study was collected from 240 Balinese stone sculptures located in various
environments across Bali, including sculpture workshops, temples, public parks, and open cultural
spaces. Three-dimensional video documentation was captured using the Polycam application, allowing
each sculpture to be recorded from multiple viewing angles. During the acquisition process, particular
attention was given to ensuring that each sculpture was fully captured from all visible sides to avoid
missing structural parts, thereby preserving the completeness of the object representation in the dataset.
From the recorded three-dimensional videos, two-dimensional image frames were extracted to generate
the final dataset. This multi-view acquisition strategy was adopted to capture variations in viewpoint,
orientation, and illumination, which are commonly encountered in real-world cultural heritage
documentation scenarios. By deriving images from three-dimensional recordings rather than single-view
photography, the dataset inherently incorporates visual diversity that supports the robustness and
generalization capability of the classification models. In total, 8,400 images were obtained and
categorized into eight sculpture classes: Dewa, Dewi, Mitologi, Penabuh, Pengapit, Punakawan,
Raksasa, and Wanara. Each class consists of images generated from 30 distinct sculptures, resulting in
approximately 1,050 images per class and ensuring balanced representation across all categories.
Because no significant class imbalance was present, no additional class reweighting or resampling
techniques were applied during model training, ensuring that classification performance was not biased
toward any particular sculpture class. Sample images from all eight classes are presented in Figure 2.

=

fa =

Wanara

Pengapit Punakawan

Figure 2. Dataset Sample

2.2. Pre-processing

The preprocessing stage prepares the image data before it is fed into the model [27]. Its main
purpose is to ensure that the input aligns with the model requirements so the network can learn
effectively and produce accurate predictions [28]. In this study, preprocessing consisted of frame
extraction, resizing, normalization, data splitting, and data augmentation.

2.2.1. Frame Extraction

The dataset used in this study consists of two-dimensional images generated from three-
dimensional statue videos recorded using Polycam. These videos were converted into sequences of static
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images through a frame extraction process implemented using a Python-based program. A Tkinter-based
graphical user interface was developed to facilitate efficient and consistent conversion of video files into
image frames. Each 8-second video was decomposed into 35 frames, producing a set of images that
captured various viewing angles and structural details of the statues. To maintain proportional
consistency during subsequent resizing, all extracted frames were cropped to a 1:1 aspect ratio.

2.2.2. Data Split

Before the data processing stage, the dataset was divided into three subsets using a 70:20:10 ratio,
consisting of 70% for the training set, 20% for the validation set, and 10% for the test set[29]. The
training set was used to learn feature representations, while the validation set was employed to monitor
performance during training and detect potential overfitting [30], [31] The test set was reserved
exclusively for final performance evaluation on unseen data.

To ensure reproducibility of the data partitioning process, a fixed random seed was applied during
dataset splitting. The same seed value was consistently set across the Python random module, NumPy,
and TensorFlow, guaranteeing identical data splits across repeated experimental runs. This deterministic
splitting strategy ensures that performance differences observed between models are attributable to
architectural and training variations rather than randomness in data allocation.

2.2.3. Resize

Resizing was performed to ensure that all images meet the dimensional requirements of the model
[32]. Resizing was performed to ensure that all images meet the dimensional requirements of the model
[33], [34]. Standardizing image size ensures that both models process uniform inputs and prevents
unnecessary variability caused by inconsistent resolutions. Figure 3 shows an example of the resized
images.

612x612 224x224

Figure 3. Resized Image

2.2.4. Normalization

Data normalization is the process of scaling numerical values into the O - 1 range to enable more
stable computations and prevent excessively large outputs[35]. In general, normalization serves to
standardize data that originate from different value scales or distributions, ensuring that they can be
processed effectively by the same algorithm or model [36]. EfficientNetV2 utilizes its built-in
preprocessing function for input scaling, while MobileNetV3 applies ImageNet-based normalization to
align input pixel values with the statistical properties of its pretrained weights. This ensures
compatibility between the pretrained backbone and the target dataset.

2.2.5. Data Augmentation

Data augmentation is a process of applying random transformations to an image to generate new
variations while preserving the original label or category [37]. This approach increases the size of the
dataset without requiring additional data collection in the field. Data augmentation also helps reduce the
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risk of overfitting, a condition in which the model learns the training data too closely, causing it to
capture unnecessary and irrelevant details [38]. The augmentation techniques applied in this study
include rotation, horizontal flipping, width and height shifting, and zooming, as summarized in Table 1.
Examples of augmented images are shown in Figure 4.

Tabel 1. Data Augmentation Methods Used

No Augmentation Value
1 Flip Horizontal
2 Width shift 0.1
3 Height Shift 0.1
4 Zoom 0.1
5 Rotation 15

Figure 4. Examples of Augmented Images

2.3. Modelling

The modelling stage aims to build and train deep learning models capable of classifying Balinese
statues into eight predefined classes. Transfer learning is applied using EfficientNetV2 and
MobileNetV3, implemented in TensorFlow and Keras.

2.3.1. Load Pretrained Model

The pretrained EfficientNetV2 and MobileNetV3 models were loaded along with their ImageNet-
trained weights. These models provide feature extraction layers capable of recognizing general visual
patterns. The original top layers were removed and replaced with a custom classifier consisting of fully
connected layers and an 8-class softmax output, allowing adaptation to the Balinese statue dataset. This
step ensures that pretrained visual representations are retained while enabling learning of task-specific
features.

2.3.2. Training and Fine-tuning

The training regimen was executed in two distinct phases. Initially, only the newly added
classification output layer was permitted to learn, accomplished by freezing the parameters of the
foundational network layers. Subsequently, a fine-tuning step was implemented; this involved
selectively unfreezing some of the deeper layers. This crucial action allowed the pre-trained weights of
the model to adapt and specialize to the specific visual features inherent in the Balinese statue dataset.
Across all trials, models underwent 50 training cycles (epochs) with a batch size of 32. The optimization
was managed using the Adam algorithm, coupled with a sparse categorical cross-entropy objective
function. Finally, an analysis was performed by comparing the classification effectiveness of models
that utilized this weight adaptation strategy (fine-tuning) versus those that did not.
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2.3.3. Testing

After training, the models were evaluated using the unseen test set consisting of 840 images
distributed across eight classes. Each image was passed into the EfficientNetV2 and MobileNetV3
models to generate predictions. The evaluation configuration is summarized in Table 2, which lists the
learning rates and fine-tuning settings for each experiment.

Table 2. Testing Scenario for EfficienNetV2 and MobileNetV3

Data and Model Learning Rate
Without Fine-Tuning le-4
Without Fine-Tuning le-3

With Fine-Tuning le-3 + 1e-5
With Fine-Tuning le-4 + le-6

2.4. Result & Evaluation

The evaluation stage measures model performance under different learning rate and fine-tuning
configurations. Accuracy and loss curves across epochs are visualized to assess convergence behavior
and detect signs of overfitting. In this study, model performance is primarily assessed using top-1
accuracy and class-wise metrics, including precision, recall, and F1-score, to maintain consistency with
previous image classification studies in cultural heritage analysis. Although higher-order metrics such
as top-k accuracy can be used to account for inter-class visual similarity, the experimental evaluation in
this research focuses on top-1 accuracy and confusion-matrix-based metrics to ensure direct
comparability with prior studies. This choice allows for direct comparison with prior works and
emphasizes exact class prediction performance. The potential use of top-k accuracy, such as top-3
accuracy, is acknowledged as a future extension to further analyze classification ambiguity among
visually similar sculpture classes.

In this research, the confusion matrix is used to examine the classification behavior of the model
in more detail. True Positive (TP) denotes statue images that are correctly assigned to their actual class,
indicating successful recognition. True Negative (TN) refers to images that are accurately identified as
not belonging to a particular class. False Positive (FP) represents instances where the model incorrectly
assigns an image to a class it does not belong to, while False Negative (FN) captures cases in which the
model fails to classify an image into its correct class. These four components provide a technical
foundation for calculating accuracy, precision, recall, and Fl-score, while also helping to identify
specific patterns of misclassification within the dataset [39]. From the confusion matrix, several key
evaluation metrics are derived:

TP+TN

Accuracy = ——
Y = TPITN+FP+FN

(M

Accuracy represents the overall correctness of the model's output. It is precisely defined as the
quotient of correctly classified samples divided by the entire set of samples evaluated. Essentially, this
metric quantifies the degree of alignment between the model's predictions and the true underlying labels,
where a greater resulting value signifies a superior operational performance [40] (1).

TP

Precision = —— 2)
TP+FP

Precision is a key metric used to assess the reliability of a model's positive classifications. It is
defined as the ratio of correctly predicted positive observations to the entire pool of observations that
were predicted as positive. Consequently, this value reflects the overall trustworthiness of the positive
predictions generated by the system. [40] (2).
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TP
TP+FN

Recall =

3)

Recall measures the system's ability to successfully identify relevant positive samples. It is
defined as the ratio of correctly predicted positive observations to the total number of actual positive
cases. This metric fundamentally assesses how well the model avoids False Negative errors. [40] (3).

PrecisionXRecall

Flscore =2 X —F—— “4)

Precision+Recall

The Fl-score is an evaluation metric that effectively consolidates precision and recall into a
singular measure. It is defined as the harmonic mean of these two quantities. This single value is utilized
to represent the overall effectiveness and balance of a classification system's performance[41](4).

3.  RESULT

This study evaluates the performance of two CNN architectures utilizing transfer learning,
EfficientNetV2 and MobileNetV3, across four training configurations: two without fine-tuning (learning
rates le-3 and le-4), and two with fine-tuning using two-stage learning rate schedules (le-3 followed
by le-5, and 1e-4 followed by 1e-6). Each configuration was trained for 50 epochs with a batch size of
32, and evaluated using the separate test set consisting of 840 images across eight statue classes. The
presentation of results is organized into training behavior, accuracy—loss curves, confusion matrices,
and detailed per-class performance.

3.1. EfficientNetV2 Performance Model Results

Both EfficientNetV2 and MobileNetV3 were trained under four configurations that differed in
learning rate and the use of fine-tuning. Although the training setup is identical for both models, each
architecture responds to these configurations in its own way. To provide a clearer picture of how the
learning process unfolds, the behavior of each configuration is described before the corresponding
figure. This approach allows readers to relate the narrative directly to the visual patterns observed in the
accuracy and loss curves.

In the first configuration, EfficientNetV2 was trained for 50 epochs without fine-tuning, meaning
that all pretrained layers remained frozen and only the classification head was updated. The training
curve shows a steady and gradual rise in accuracy, accompanied by a smooth decline in loss throughout
the entire training process. Because the model learns in a single continuous phase without structural
changes, the trend remains stable from start to finish. The training and validation curves remain close to
each other, suggesting that the model fits the data well without exhibiting notable overfitting. The
corresponding accuracy and loss curves for this configuration are presented in Figure 5.

Training Accuracy Training Loss
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Figure 5. EfficientNetV2 without fine-tuning (LR = 1e-4)
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The second non—fine-tuning configuration adopts a higher learning rate of 1e-3, which leads to
noticeably faster improvement during the early epochs. Both accuracy and loss curves exhibit sharper
changes as the model adapts more aggressively. Despite the faster learning pace, the validation curves
remain broadly consistent with the training curves, indicating that the model manages to generalize well
without overfitting. The behavior reflects the effect of the larger learning rate, which drives the
optimization process more rapidly while remaining stable. The corresponding accuracy and loss curves
for this configuration are presented in Figure 6.

Training Accuracy Training Loss.
— Train Loss
0.90 124 \ validation Loss
0.85 \
104
0.80
Iy
E 075 u 0.8
3 k|
£
0.704
0.6
0.65 '
0.4 - e—
0.60 - J—"\_t‘x,-w
—— Train Accuracy
Validation Accuracy
0.551 T T T T T 02 T T T T T
a 10 20 30 40 50 1} 10 20 30 40 50
Epoch Epoch

Figure 6. EfficientNetV2 without fine-tuning (LR = 1e-3)

The training curve shows a clear two-phase learning pattern. During the initial transfer-learning
stage, both training and validation accuracy increase rapidly and remain close, indicating stable learning.
When fine-tuning begins, a brief fluctuation appears visible as a small dip in validation accuracy and a
short spike in validation loss. This behavior is typical when deeper layers are unfrozen, as the model
readjusts its internal representations. After a few epochs, both curves stabilize again and continue
improving steadily, showing better convergence and stronger generalization in the later stages. The
corresponding accuracy and loss curves for this configuration are presented in Figure 7.

Training + Fine-Tuning Accuracy Training + Fine-Tuning Loss
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Figure 7. EfficientNetV2 with fine-tuning (LR = 1e-3 — le-5)

With lower learning rates, the curves appear smoother and more gradual throughout training. The
transition into fine-tuning produces only minor changes in accuracy and loss, suggesting a stable
adaptation process with minimal disruption when deeper layers are unfrozen. Improvements occur
slowly but consistently during the fine-tuning phase, leading to gradual refinement without large
oscillations. This configuration favors safer convergence and controlled learning dynamics, making it
suitable for tasks that require conservative parameter updates. The corresponding accuracy and loss
curves for this configuration are presented in Figure 8.
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Figure 8. EfficientNetV2 with fine-tuning (LR = le-4 — le-6)

When fine-tuning was applied, EfficientNetV2 consistently achieved higher validation accuracy
and lower validation loss compared to the non—fine-tuning configurations. The two-stage learning-rate
schedules allowed the model to refine its pretrained representations more effectively, resulting in
smoother convergence patterns and stronger generalization on the validation set. Among the four
scenarios, the fine-tuning configuration with a learning rate of 1e-3 followed by le-5 produced the best
performance, reaching the highest validation accuracy and the lowest validation loss. A summary of the
best training and validation performance for all configurations is presented in Table 3.

Table 3. Results Accuracy with EfficientNetV2

Data and Model Learning Rate Train-Acc ]Eilsz_ Val-Ace  Vall-Loss
Without Fine-Tuning le-4 82.14% 0.5386 85.42% 0.4951
Without Fine-Tuning le-3 87.81% 0.3414 92.38% 0.2332

With Fine-Tuning le-3 + le-5 96.72% 0.0985 97.86% 0.0648
With Fine-Tuning le-4 + le-6 82.34% 0.5321 85.42% 0.4725

After identifying the fine-tuning configuration with a learning rate of le-3 followed by le-5 as
the best-performing setup, the model was evaluated on the independent test set consisting of 840 images
from eight statue classes. This evaluation reports class-level precision, recall, and F1-score, as well as
the overall accuracy, to provide a comprehensive view of the model’s generalization performance. The
confusion matrix and its normalized version are presented in Figure 9, illustrating how well the model
distinguishes among visually similar statue categories and where occasional misclassifications occur.

Normalized Confusion Matrix (Persentase Recall per Kelas)

Confusion Matrix (Jumlah Absolut)

10

True Labels

Punakawan Pengapit  Penabuh

Raksasa

Wanara

Mitologi  Penabuh  Pengapit Punakawan Raksasa Wanara
Predicted Labels

Dewi

Dewa

Dews  Dew  Mitologi FPenabuh Pengapit Punakawan Raksasa Wanara
predicted Labels

Figure 9. Confusion Matrix and Normalized Confusion Matrix

The complete test results for each class are listed in Table 4. Overall, the model demonstrated
strong and consistent performance across all categories, reflected in the high precision, recall, and F1-
scores.
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Table 4. Test Metrics for EfficientNetV2

Class Precision Recall F1-Score
Dewa 0.99 0.98 0.99
Dewi 1.00 0.97 0.99
Mitologi 1.00 1.00 1.00
Penabuh 0.97 0.99 0.98
Pengapit 0.99 1.00 1.00
Punakawan 0.98 1.00 0.99
Raksasa 0.99 0.97 0.98
Wanara 0.97 0.98 0.98
Accuracy 0.98
Macro Avg 0.98 0.98 0.98
Weighted Avg 0.98 0.98 0.98

The EfficientNetV2 model reached an overall accuracy of 98.56% on the test dataset. Both macro
and weighted averages were 0.98, reflecting stable performance across all classes. Most statue categories
achieved near-perfect precision and recall, while minor misclassifications occurred in classes such as
Dewa, Dewi, and Raksasa, likely due to subtle visual similarities in their carvings. These results indicate
that EfficientNetV2 can reliably distinguish between the different statue types, demonstrating strong
generalization to unseen images.

3.2. MobileNetV3 Performance Model Results

MobileNetV3 was trained using the same four configurations applied to EfficientNetV2, but the
model exhibited its own learning characteristics due to differences in architectural complexity and
parameter capacity. As with the previous model, each configuration is explained prior to the
corresponding figure to help readers interpret the accuracy and loss patterns more clearly.

In the first configuration, MobileNetV3 was trained without fine-tuning using a learning rate of
le-4. The accuracy curve increases steadily with a relatively gentle slope, while the loss curve decreases
in a smooth and consistent manner. Compared to EfficientNetV2, the progression appears slightly
slower, which aligns with MobileNetV3’s compact architecture that limits the rate of feature adaptation.
The training and validation curves remain closely aligned, indicating good generalization and an absence
of overfitting. The corresponding accuracy and loss curves for this configuration are presented in Figure
10.

Training Accuracy

—— Train Accuracy

Validation Accuracy

- —
L~

Training Loss

—— Train Loss

‘Validation Loss

= \

o
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Accuracy
Loss

a2
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03— -
| 0.5

. ' ' ' ' ' ' ' ' ' - '
4] 10 20 30 40 50 o 10 20 30 40 50
Epoch Epach

Figure 10. MobileNetV3 without fine-tuning (LR = 1e-4)

The second configuration, which uses a higher learning rate of le-3, shows a noticeably faster
rise in accuracy during the initial epochs. The steeper learning trajectory indicates that MobileNetV3
adapts more aggressively under this setting. While this configuration accelerates early learning, minor
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fluctuations appear in the validation curve, suggesting that the model becomes more sensitive to shifts
in the optimization process. Nevertheless, both curves remain broadly consistent, showing that the
model remains stable despite the faster learning rate. The corresponding accuracy and loss curves for

this configuration are presented in Figure 11.
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Figure 11. MobileNetV3 without fine-tuning (LR = 1e-3)

The third configuration introduces fine-tuning by training the classification head for 25 epochs
with a learning rate of le-3, followed by unfreezing selected backbone layers and continuing training
for another 25 epochs with a reduced rate of 1e-5. The transfer-learning phase produces rapid accuracy
gains, while the transition to fine-tuning introduces a brief dip in accuracy and a momentary spike in
loss as previously frozen backbone layers are unfrozen and begin updating. After this short adjustment,
both curves stabilize and continue improving steadily, reflecting effective refinement of features during
the fine-tuning stage. The corresponding accuracy and loss curves for this configuration are presented

in Figure 12.
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Figure 12. MobileNetV3 with fine-tuning (LR = 1e-3 — 1e-5)

The fourth configuration adopts a more conservative approach, using a learning rate of le-4
during the transfer learning phase and le-6 during fine-tuning. The accuracy increases steadily
throughout training, with curves that are notably smooth and stable. The transition between the two
phases is subtle, reflecting the effect of the small learning rates that limit abrupt parameter updates. This
results in stable convergence, though the improvement gained during fine-tuning is smaller in scale
compared to the previous configuration. The corresponding accuracy and loss curves for this

configuration are presented in Figure 13.
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Figure 13. MobileNetV3 with fine-tuning (LR = 1le-4 — le-6)

Among the four configurations, MobileNetV3 achieved its strongest validation performance in
the fine-tuning scenario that used learning rates of 1e-3 followed by le-5. This setting produced the
highest validation accuracy and the lowest validation loss across the model’s training runs. A summary
of the best performance for each configuration is presented in Table 5.

Table 5. Results Accuracy with MobileNetV3
Data and Model Learning Rate Train-Acc Train-Loss Val-Acc Vall-Loss
Without Fine-Tuning le-4 88.62% 0.3541 92.38%  0.2934
Without Fine-Tuning le-3 92.80% 0.2013 96.31%  0.1157
With Fine-Tuning le-3 + le-5 98.10% 0.0577 99.52%  0.0266
With Fine-Tuning le-4 + le-6 85.82% 0.4373 90.36%  0.3388

The best MobileNetV3 configuration was evaluated on the independent test set of 840 images
across eight statue classes. The class-level precision, recall, and F1-score, along with overall accuracy,
are reported in Table 5. The confusion matrix and its normalized version are shown in Figure 14,
highlighting the model’s ability to distinguish visually similar categories and the locations of occasional
misclassifications.

Confusion Matrix (Jumlah Absolut) Normalized Confusion Matrix (Persentase Recall per Kelas) 10

Dewa
Dewa

True Labels
Dewi
Dewi

Wanara Raksasa Punakawan Pengapit Penabuh Mitologi
True Labels

Wanara Raksasa Punakawan Pengapit Penabuh Mitalogi

- 0.4

20 -02

-0 - 0.0

Dewa Dewi Mitologi Penabuh Pengapit Punakawan Raksasa Wanara Dewa Dewi Mitologi Penabuh Pengapit Punakawan Raksasa Wanara
Predicted Labels Predicted Labels

Figure 14. Confusion Matrix and Normalized Confusion Matrix

The complete test results for each class are listed in Table 6. Overall, the model demonstrated
strong and consistent performance across all categories, reflected in the high precision, recall, and F1-
scores.
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Table 6. Test Metrics for MobileNetV3

Class Precision Recall F1-Score
Dewa 1.00 1.00 1.00
Dewi 0.99 1.00 1.00
Mitologi 1.00 1.00 1.00
Penabuh 0.99 1.00 1.00
Pengapit 1.00 0.99 1.00
Punakawan 1.00 1.00 1.00
Raksasa 1.00 0.99 1.00
Wanara 0.99 0.99 0.99
Accuracy 0.99
Macro Avg 0.99 0.99 0.99
Weighted Avg 0.99 0.99 0.99

The MobileNetV3 model obtained an overall test accuracy of 99.64%, with both macro and
weighted averages also at 0.99. This indicates that the model performed consistently across all eight
statue classes. Most classes achieved high precision and recall values, although minor deviations were
observed in the Dewi, Pengapit, Raksasa, and Wanara categories, reflecting occasional
misclassifications likely due to subtle visual similarities among the statues.

3.3.  Analysis

The comparative analysis between EfficientNetV2 and MobileNetV3 was conducted based on
their best-performing configurations, both utilizing fine-tuning with a two-stage learning rate schedule
(1e-3 followed by le-5). MobileNetV3, designed as a compact and lightweight network, demonstrates
rapid adaptation during early training, especially under higher learning rates (1e-3). The training and
validation curves indicate faster initial improvements in accuracy compared to EfficientNetV2, which
aligns with MobileNetV3’s efficient feature extraction and lower computational overhead. This fast
adaptation is beneficial for scenarios requiring quick convergence. However, due to its smaller
representational capacity, the magnitude of improvement during fine-tuning is more modest relative to
EfficientNetV2. The two-stage learning rate schedule (1e-3 followed by 1e-5) allows MobileNetV3 to
refine features carefully during the second phase, achieving a peak validation accuracy of 99.52% and
stable loss curves, demonstrating controlled learning and minimal overfitting.

EfficientNetV2, on the other hand, exhibits smooth and stable convergence across all
configurations. Its deeper architecture and higher parameter capacity enable precise feature extraction
and strong generalization, as evidenced by consistently high validation accuracies and low loss values.
While its adaptation during the initial epochs is slightly slower under lower learning rates (1e-4), the
model benefits more from fine-tuning, particularly with the two-stage learning rate schedule, reaching
97.86% validation accuracy. The accuracy—loss curves for EfficientNetV2 show a gradual but steady
improvement, reflecting careful weight updates and resilience to fluctuations, which is advantageous for
datasets containing visually similar classes.

The influence of learning rate is clearly observable. Configurations with an initial high learning
rate followed by a smaller rate allow rapid convergence initially, while the lower rate in fine-tuning
reduces the risk of overfitting and stabilizes validation loss. Conversely, using a consistently low
learning rate throughout results in slower adaptation and smaller overall gains during fine-tuning. To
provide a clearer overview of these performance patterns, the comparative results for all configurations
are summarized in Table 7.
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Table 7. Comparison Results
No Fine-Tune No Fine-Tune No Fine-Tune No Fine-Tune

Model

(1-e4) (1-e3) (1-e3 & 1-e5) (l-e4 & 1-¢4)
EfficientNetV2 85.42% 92.38% 97.86% 85.42%
MobileNetV3 92.38% 96.31% 99.52% 90.36%

On the test set, MobileNetV3 reached an overall accuracy of 99.64% with a loss of 0.0119,
slightly surpassing EfficientNetV2 at 98.56% with a loss of 0.0613. Both models maintain high
precision, recall, and Fl-scores across most classes. Minor misclassifications occurred in visually
similar categories such as Dewi, Pengapit, Raksasa, and Wanara, reflecting the challenge of subtle
differences in statue details. A consolidated comparison of these configurations is provided in Table 8.

Table 8. Comparison Evaluation confusion matrix

Model Accuracy Precision Recall F1-Score
EfficientNetV2 0.98 0.98 0.98 0.98
MobileNetV3 0.99 0.99 0.99 0.99

Based on the experimental results, MobileNetV3 demonstrates rapid adaptation to the dataset,
achieving relatively quick increases in accuracy and high computational efficiency, making it suitable
for scenarios that require fast learning or lightweight deployment. In contrast, EfficientNetV2 exhibits
smoother and more stable convergence, with consistent generalization across all classes, providing
robustness against subtle visual variations in the images. Although the overall performance difference
is relatively small, these characteristics suggest that model selection should be guided by specific needs:
MobileNetV3 for speed and efficiency, and EfficientNetV2 for stability and precision in feature
representation.

4. DISCUSSIONS

The experimental results indicate that both MobileNetV3 and EfficientNetV2 perform well in
classifying Balinese statue images, with accuracy values above 98% on the test set. MobileNetV3
reached the highest performance with a validation accuracy of 99.52% and a test accuracy of 99-64%,
while EfficientNetV2 achieved a validation accuracy of 97.86% and a test accuracy of 98.56%. These
results show that both architectures are capable of learning the visual characteristics of stone sculptures,
which generally involve consistent textures, repetitive structural patterns, and shape-dominant features.
Under these conditions, MobileNetV3 displayed slightly better performance, particularly in
configurations using a two-stage learning rate schedule.

The difference between the two models becomes clearer when considering how each architecture
responds to the characteristics of the dataset. The dataset in this study contains 8,400 images collected
from real sculpture environments, with significant variation in angle and carving details. Despite the
relatively large dataset, EfficientNetV2 did not surpass MobileNetV3. This outcome is consistent with
findings in [42], which reported that MobileNetV3 outperformed EfficientNetV2 in American Sign
Language classification under similar transfer learning settings, despite the larger dataset of 13,000
images. Their study highlights that EfficientNetV2 is more sensitive to hyperparameter settings and
tends to require more extensive fine-tuning to reach peak performance. A comparable pattern is also
visible in this study, where EfficientNetV2 showed stable convergence but gained less improvement
from fine-tuning compared to MobileNetV3.

Meanwhile, several previous studies emphasize that EfficientNetV2 remains a strong architecture
when trained on visually complex datasets with high intraclass variation. For example, [43] reported
that EfficientNetV2-Large achieved 99.9% accuracy in cervical-cell image classification, outperforming
smaller variants due to its capacity to capture fine-grained visual cues. Similarly, [15] demonstrated that
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EfficientNetV2 can reach high accuracy in bird-species classification, with performance improving
steadily as training progresses. These findings suggest that EfficientNetV2 excels when detailed texture
information is essential. However, in the Balinese statue dataset used in this research, the discriminative
features are dominated more by shape and structural form than by fine texture variations. This condition
appears to favor MobileNetV3, whose lightweight architecture is optimized through Neural Architecture
Search (NAS) to efficiently represent shape-based features.

MobileNetV3 also demonstrated advantages in earlier related work. In [16], it was reported that
MobileNetV3-Large achieved an F1-score of 0.98 in histopathological image classification despite its
compact size, suggesting that the architecture can adapt well even in domains requiring high-level
feature abstraction. This aligns with the present study’s finding that MobileNetV3 converges more
rapidly and benefits greatly from the two-stage learning rate strategy. Taken together, the literature
indicates that MobileNetV3 often provides a favorable balance between accuracy and computational
efficiency, whereas EfficientNetV2 tends to reach its best performance when deeper fine-tuning and
larger-scale optimization are applied.

When compared to previous research on Balinese sculpture classification, such as the study by
[5], which reported a highest accuracy of 97.14% using a custom CNN on five sculpture classes, the
present study demonstrates improved generalization with a broader set of eight sculpture categories.
This suggests that combining transfer learning with fine-tuning enables more robust feature extraction
compared to constructing a CNN from scratch, particularly when the dataset includes wide variation in
form and carving intricacies.

Beyond model accuracy, the dataset size and diversity play a critical role in determining the
generalization capability of deep learning models. Although the dataset used in this study comprises
8,400 images derived from real-world cultural heritage environments, questions regarding whether this
size is sufficient for broader generalization remain relevant. Recent studies in cultural heritage image
analysis indicate that dataset diversity particularly variations in viewpoint, illumination, and object
morphologycan be as influential as dataset size in achieving robust model performance [9]. In addition,
systematic reviews of deep learning applications in cultural heritage emphasize that pretrained
convolutional neural networks are well suited for scenarios where labeled data are limited but visually
complex, reinforcing the appropriateness of transfer learning for this task [6].

In addition, qualitative inspection of misclassification patterns using confusion matrices indicates
that most classification errors occur between visually similar statue classes, such as Dewi and Raksasa,
which share comparable pose structures and ornamental elements. This observation suggests that
misclassification is primarily driven by inter-class visual similarity rather than model instability. Data
augmentation strategies, particularly rotation-based transformations, are therefore important for
exposing the model to varied viewing angles and mitigating confusion arising from pose-dependent
similarities. Such augmentation helps the network learn more invariant representations of statue
geometry across different orientations.

Although Class Activation Mapping (CAM) visualizations were not explicitly included in this
study, prior research demonstrates that CAM-based analysis can provide insight into which regions of
an image contribute most strongly to a model’s prediction. In the context of sculpture classification,
CAM techniques may help verify whether the model focuses on semantically meaningful regions such
as facial structure, posture, or symbolic ornaments, rather than background artifacts. Incorporating CAM
analysis in future work would therefore enhance model interpretability and support more transparent
cultural heritage documentation.

From a broader computer vision perspective, emerging architectures such as Vision Transformers
(ViT) and hybrid CNN-Transformer models have recently been explored for artistic and cultural image
classification, showing promising performance in handling complex visual semantics. While such
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models were not evaluated in this study, they represent a potential direction for future comparative
analysis in cultural heritage classification tasks [44]. Finally, ethical considerations must also be
acknowledged when applying artificial intelligence to cultural heritage documentation. Automated
classification systems inherently encode the assumptions embedded in their training data, which may
influence how cultural artifacts are represented and interpreted. Careful dataset construction, transparent
labeling, and collaboration with cultural stakeholders are therefore essential to mitigate potential cultural
bias and ensure respectful digital preservation practices.

Overall, the results highlight that model performance is influenced not only by architectural
characteristics but also by the interaction between learning rate scheduling, dataset properties, and the
depth of fine-tuning. MobileNetV3 demonstrates advantages when discriminative features rely primarily
on global shape and structural patterns, whereas EfficientNetV2 provides stable learning dynamics and
consistent predictions across classes. The relatively small performance gap between the two models
indicates that both architectures are well suited for Balinese statue classification. Future research may
explore deeper fine-tuning strategies, alternative learning rate schedulers, CAM-based interpretability
analysis, and comparisons with transformer-based architectures to further advance cultural heritage
image classification.

From a computer science perspective, this study contributes to the field of deep learning and
computer vision by providing a controlled comparative benchmark of lightweight convolutional neural
network architectures for fine-grained image classification tasks involving visually complex objects.
The findings demonstrate how architectural design choices, learning rate scheduling, and fine-tuning
strategies interact with dataset characteristics to influence model performance. In particular, this work
highlights the suitability of efficient CNN models such as MobileNetV3 for shape-dominant
classification problems, which are common in real-world visual recognition scenarios beyond cultural
heritage domains. By bridging methodological advances in transfer learning with practical
documentation needs, this research supports the development of scalable, accurate, and computationally
efficient visual classification systems, thereby contributing to broader applications in digital
documentation, pattern recognition, and applied computer vision.

5. CONCLUSION

This study successfully implemented an image classification approach to recognize eight
categories of Balinese stone sculptures using transfer learning and fine-tuning. The workflow covered
image extraction from 3D video documentation, preprocessing, model training, and performance
evaluation. The experimental results reaffirm that fine-tuning plays a crucial role in refining pre-trained
models, especially when the target domain exhibits structural and stylistic characteristics different from
those found in standard image datasets.

Both CNN architectures MobileNetV3 and EfficientNetV2 demonstrated strong capability in
learning the visual patterns of Balinese sculptures. MobileNetV3 showed advantages in efficiency, rapid
convergence, and responsiveness to learning-rate scheduling, making it well-suited for scenarios that
require lightweight models. EfficientNetV2 offered stable learning dynamics and consistent predictions
across classes, although it required deeper parameter adjustments to fully utilize its representational
capacity. Overall, MobileNetV3 achieved slightly better generalization in this research setting, likely
due to the dataset’s emphasis on shape-dominant and structural visual cues.

The findings indicate that both architectures have meaningful potential to support digital
documentation and automated cataloging of cultural heritage artifacts. From a computer science
perspective, this research contributes empirical evidence on the effectiveness of lightweight and scalable
deep learning architectures for complex visual classification tasks in the cultural heritage domain,
particularly when data are derived from three-dimensional documentation and exhibit high inter-class
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similarity. Future research can be directed toward improving the reliability of the classification model
in more realistic conditions. This includes expanding the dataset with additional statue samples,
particularly those with higher variation in surface wear, lighting, and viewing distance. Another
potential improvement lies in examining other fine-tuning depths or alternative learning rate strategies
to determine whether the performance gap between MobileNetV3 and EfficientNetV2 can be further
reduced. In addition, integrating the trained models into mobile or web-based applications for cultural
tourism, museum documentation, or heritage management systems represents a practical direction to
enhance public accessibility and real-world impact.

Further research may also explore privacy-aware or federated learning approaches to enable
collaborative model training across data from different artisans, institutions, or regions without requiring
centralized data sharing, thereby respecting cultural data ownership while improving model
generalization. In addition, testing the models on field-captured images outside the controlled dataset
may provide stronger evidence of generalization, ensuring that the classification system remains
dependable when applied to real documentation activities.
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