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Abstract

The preservation and documentation of traditional Malay buildings is a significant challenge,
especially in identifying diverse architectural styles, which is often done manually. This study aims to
optimize digital architecture using Vision Transformer (ViT) for identifying Malay architectural styles,
such as Riau Malay and Pontianak Malay, by measuring model performance using Precision, Recall,
and F1-Score. The method used is ViT-based deep learning trained using a dataset of traditional
building images. The data was divided using an 80:20 and 70:30 ratio for training and testing data.
The model was optimized to improve accuracy and prevent overfitting using regularization
techniques. Testing results show that the ViT model achieved excellent Precision, Recall, and F1-
Score values, with Precision and Recall reaching 0.99 on the training data, and 0.98 for Riau Malay
House Types and 0.97 for Pontianak Malay Traditional Houses on the test data. This proves that ViT
can automatically and accurately identify Malay architectural styles. This research has the potential
to be applied in digital preservation, traditional building documentation, and the development of Al-
based applications for the cultural and tourism sectors.
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Traditional Malay buildings in Indonesia and Malaysia preserve a strong cultural
heritage, visual identity, and local philosophy, characterized by architectural elements such
as stilted structures, carved wooden ornaments, cross ventilation systems, and open space
compositions that reflect the tropical climate and local cultural values [1]. However, from a
conservation perspective, significant challenges arise in relation to modernization,
urbanization, and the physical degradation of traditional Malay buildings, both in Indonesia
and Malaysia, which have caused many original buildings to suffer damage or lose their
identity.

1. Introduction
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In the context of Malaysia, traditional Malay buildings emphasize the need for global
structural evaluation and greater attention to mechanical aspects, and the environmental
impact on traditional Malay buildings [2].

Meanwhile, in Indonesia, the application of neo-vernacular Malay style in contemporary
buildings has begun to be studied, for example, in the application of neo-vernacular Malay
architecture in the North Sumatra Sports Building, which adapts traditional elements into a
modern context [3]. Studies of traditional Malay buildings in Indonesia and Malaysia reveal
similarities and differences in architectural style. Similarities include stilted houses, the use
of local wood, pyramid or long-pitched roofs, and decorative carvings with symbolic flora
and fauna motifs. Both traditions also emphasize adaptation to the tropical climate with
cross ventilation and stilted structures to overcome humidity and flooding. However, there
are significant differences: in Indonesia (for example, in Riau and Sumatra), Malay houses
feature more detailed wooden carvings and local philosophies such as bamboo shoot
motifs, while in Malaysia, colonial and Islamic influences are more pronounced, both in the
shape of the roof structure, the use of interior space, and the layout of the building. [2]; [4].
In modern architectural studies, these differences are considered to be a wide variety of
styles that shape the transnational identity of Malay architecture. However, these subtle
visual differences pose a challenge in the process of automatic documentation and
classification, as digital systems must be sensitive enough to recognize both commonalities
and differences in detail within each sub-style [5];[6];[7]. Other studies that adapt traditional
Malay house designs for occupant comfort also show that elements such as ventilation,
room layout, and raised floor height are still relevant to apply in modern designs for better
thermal comfort and quality of life [8]. In the field of contemporary architecture, the study of
traditional Malay architectural design as an adaptive element in modern architecture shows
that the transformation of traditional visual elements into new forms (digital architecture) is
one strategy for preserving cultural identity [4].

In the field of digital architecture, visual representation and 2D imaging technologies,
3D modeling, and virtual tours have become the primary media for documenting traditional
buildings. However, the identification of architectural styles still often relies on human
observation, which tends to be subjective, slow, and inconsistent. Therefore, automated
approaches based on artificial intelligence, particularly deep learning, are very attractive
due to their ability to recognize complex visual patterns [4];[9];[10];[11].

In deep learning, conventional models such as Convolutional Neural Networks (CNNs)
have been widely used for image classification and architectural pattern recognition.
However, CNNs work based on local convolution operations, so they have limitations in
capturing global spatial relationships between image parts. To overcome these limitations,
the Vision Transformer (ViT) architecture was developed, which uses a self-attention
mechanism, allowing the model to process images as a collection of patches and learn the
relationships between patches globally [12];[13]. In another context, the application of
Deep Learning to improve the understanding of architectural styles and eras through
building facades has also been discovered [14]; [15];[16].

Research discussing technology and visual computing, the Vision Transformer (ViT)
model and its variants have become popular solutions in image processing, thanks to their
self-attention capabilities, which are effective in capturing global and local contexts in
complex images [17].

A recent review of the Vision Transformer architecture and its variations highlights the
model's ability to excel at visual recognition tasks compared to traditional CNN
architectures [18]. This research introduces a global contextual mechanism to improve
efficiency and spatial representation in computer vision. In the realm of practical
applications, the study “A modified vision transformer framework for image-based land
cover segmentation” shows that ViT modifications combined with optimization algorithms
(such as the firefly algorithm) can be applied in the context of rural architectural design and



spatial planning [19]. In addition, other Vision Transformer architectural innovations, such
as SpectFormer (combining multi-headed attention and spectral components), strengthen
image representation capabilities more efficiently [20]. Variants such as Reversible Vision
Transformers also offer reduced memory usage without sacrificing accuracy, which is
relevant when architectural image data is large in size [21].

Although the potential of Vision Transformer is enormous, its specific application for
identifying traditional Malay architectural styles is still limited. Several obstacles that need
to be considered include:

1. Limitations of the dataset in the form of videos of traditional Malay architecture in

terms of quantity, variety of angles, and regional style variations.

2. The variability of Malay sub-styles (in Indonesia: Riau and Kalimantan, while in
Malaysia Negeri Sembilan and Terengganu) that produce subtle visual differences
in ornamentation, roof shapes, and room details requires the model to be highly
sensitive to subtle characteristics between variants.

3. The need for digital architecture optimization (e.g., image augmentation, patch
embedding, fine-tuning, hyperparameter adjustment) so that the Vision Transformer
model can adapt to the local cultural domain rather than general datasets such as
ImageNet.

4. The issue of model interpretability and generalization must not only be accurate, but
also explainable (which visual features led to style classification?) so that the results
can be used in the context of cultural preservation.

Thus, this study aims to optimize Vision Transformer-based digital architecture to detect,
identify, and compare the architectural styles of traditional Malay buildings in Indonesia and
Malaysia. This work is expected to produce a more accurate style classification method, a
rich digital database of cultural heritage, and support the process of preserving architectural
heritage in the realm of digital heritage. The reason for using Vision Transformer as an
optimization effort in identifying traditional Malay buildings based on digital architecture is
that Vision Transformer works by breaking images into small pieces (image patches) and
processing them through a self-attention mechanism. This mechanism allows the model to
understand the relationship between image parts comprehensively (global context), while
remaining sensitive to visual details. Recent research shows that ViT outperforms CNN in
architectural classification tasks, heritage building damage detection, and facade
segmentation [12]; [19];[13]. This proves that ViT has great potential in identifying complex
architectural visual patterns, including Malay ornaments that are rich in detail.

2. Related Works

Research related to the recognition of traditional architectural styles through computer
vision and deep learning can be grouped into several themes: (1) classification of
architectural styles or facades; (2) modern architectural models (Transformer, hybrid) for
architectural images; and (3) efficiency and cross-domain generalization.

In the context of architectural style, several recent studies have demonstrated the
application of deep learning methods for classifying building or facade styles. For example,
the study “An Approach with Deep Convolutional Neural Networks for Accurate
Architectural Style Classification” (2024) proposes a deep CNN architecture optimized to
distinguish architectural styles based on real-world facade features. Additionally, in the
domain of urban facades [22], introducing the Revision-based Transformer Facade Parsing
pipeline, which combines Vision Transformer with a line integration-based revision
algorithm, demonstrating that ViT can successfully handle parsing highly complex real
facades [23].

Meanwhile, the study “Architectural Style Classification Based on Deep Learning”
(2025) shows that trained deep learning models can effectively extract architectural

features from CAD models and images for style classification [11]. Although not specific to
Malay architecture, this approach is relevant as a comparative methodology.

In the context of Vision Transformers, in recent years, vision-based transformers (Vision
Transformers, ViT) and their efficient variants have been increasingly used due to their
ability to model global relationships between image patches (self-attention). A survey study
titled “A Comprehensive Study Showcasing Vision Transformers” (2023) compares various



Vision Transformer models across different vision tasks, highlighting the advantages of ViT
in handling global features compared to traditional CNNs [24]. Another review,
“Understanding the architecture of vision transformer and its variants: A review” (2024),
presents an in-depth analysis of ViT variants, including their advantages and limitations in
the context of images [18].

However, in the domain of multiscale vision and efficiency, several efficient
architectures have emerged. For example, TurboViT uses generative architecture search
to produce a lighter ViT design that remains accurate [25]. This approach is relevant when
field implementation (mobile/web) requirements are a consideration. Also, the big.LITTLE
Vision Transformer architecture proposed by Guo et al. uses dual blocks (large blocks +
efficiency blocks) with dynamic inference to balance accuracy and computational efficiency
[25]. Furthermore, hybrid models that combine CNN and Transformer have gained
attention. Chibuike et al. in “Convolutional Neural Network—Vision Transformer” present a
hybrid architecture that utilizes the strong local features of CNN and the global context of
VIiT [26]. This approach is suitable for traditional architectural domains where local details
(carvings, ornamental elements) and global structures (roof silhouettes, floor plans) are
equally important.

3. Proposed Method

This research methodology is designed to optimize the application of Vision
Transformer (ViT)-based deep learning in identifying patterns and styles of traditional
Malay architecture in Indonesia and Malaysia. The stages of the methodology consist of:
a. Literature Study and Needs Analysis

This literature study and needs analysis aims to examine the theory of traditional
Malay architecture in Indonesia and Malaysia, including differences and similarities in
styles such as stage structures, roof shapes, ornaments, and spatial arrangements. A
review of previous research on deep learning and Vision Transformer in architectural
classification was also conducted to evaluate the application of technology in
identifying cultural heritage. Based on this study, the requirements for an automatic
identification system based on digital architectural images are formulated. The
objectives of this literature study and analysis are to gain an in-depth understanding
of the characteristics of traditional Malay architecture, identify relevant technologies in
the field of digital architecture, and formulate effective system requirements for
digitizing and classifying cultural heritage buildings efficiently and accurately.
b. Dataset Development

Data collection (dataset development) was carried out by gathering digital images of
traditional Malay buildings from various sources, such as field documentation,
academic repositories, heritage publications, and open online sources. This dataset
includes variations in shooting angles, lighting conditions, and regional style
differences (Sumatra, Riau, Kalimantan, Negeri Sembilan, Terengganu, etc.). The
data was then labeled with architectural style categories based on expert literature.
The purpose of this data collection was to build a representative and diverse dataset,
which will be used in the development of an image-based automatic identification
system, as well as to ensure the accuracy of traditional Malay architectural
classification based on different styles and conditions.



Data Preprocessing

Data preprocessing is performed by normalizing image sizes to make them uniform
(e.g., 224x224 pixels), augmenting data to increase diversity (such as rotation,
flipping, and contrast/light changes), and cleaning the dataset to remove duplicate
images or noise. The purpose of this activity is to prepare high-quality and varied data
so that the model can be trained more optimally and produce accurate classifications.
Model Development

Deep learning modeling was performed by constructing a Vision Transformer (ViT)
architecture using patch embedding and self-attention schemes, and comparing its
performance with baseline models such as CNN (ResNet, EfficientNet). Fine-tuning
was performed on the ViT model using the Malay architecture dataset, and the
Explainable Al (XAl) method was applied to highlight the image parts that formed the
basis of the classification decision. The purpose of this activity was to develop an
effective model for classifying Malay architecture, as well as to ensure the
transparency and interpretability of the model through XAl.

Model Evaluation

Experiments and evaluations were conducted using a train-validation-test split
scheme (e.g., 70:15:15), and model performance was measured using metrics such
as accuracy, precision, recall, F1-score, and confusion matrix to evaluate classification
errors between sub-styles. The ViT results were compared with the CNN model as a
baseline. The purpose of this activity is to evaluate the effectiveness of the model in
classifying Malay architecture and to identify areas that need improvement to enhance
performance.

Model Optimization

Model optimization was performed by testing the effects of hyperparameters such as
learning rate, batch size, number of patches, and number of Transformer layers. In
addition, transfer learning was used with pretrained ViT on a general dataset
(ImageNet), which was then fine-tuned on the Malay architecture dataset.
Regularization, such as dropout and weight decay, was applied to avoid overfitting.
The purpose of this activity was to improve model performance, ensure good
generalization, and reduce the risk of overfitting on the Malay architecture dataset.
Implementation in Digital Architecture

Implementation in digital architecture is carried out by integrating the model into a web-
based system or a simple application for identifying Malay architectural styles. This
system also displays classification results along with visualizations of important
features, such as heat maps, to improve interpretability. The purpose of this activity is
to provide a practical and easy-to-use platform for identifying and understanding Malay
architectural styles, as well as ensuring transparency in the classification decisions
made by the model.
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Fig 1. Research Methods

In the process of identifying these traditional Malay buildings, an artificial intelligence
approach was used with Vision Transformer architecture.

A hybrid approach was developed to combine the strengths of local feature extraction
from CNN with the global context of ViT. CNN extracts texture patterns and small details,
while ViT models the relationships between parts of an image. Mathematically, the process
can be described as:

1. Local feature extraction (CNN):

Fenn = fenn(X) (1
where X is the input image f¢vn(X) is a convolution function:
fenn(X) = 0 (W * X +b) ()

where * is the convolution operation, and ¢ is the RelL U activation function.
2. Projection to the ViT patch:

Z = PatchEmbed Feny (3)
3. Implementation self-attention (ViT Encoder):

Z' = TransformerEncoder(Z) 4)
4. Final classification:

y = Softmax (WoZ us + bo) 5)

Research by Chibuike et al [26] shows that the hybrid CNN-VIT architecture produces a
3-5% increase in accuracy compared to single models, especially on complex textured
datasets such as architectural carvings.

The Vision Transformer (ViT) model changes the image classification paradigm by
replacing convolution operations with a self-attention mechanism capable of capturing
global relationships between patches. Input images of size H x W x C are divided into N
patches of size P x P so that [25]



y = 1 (6)

p2
Each patch is flattened and projected onto a D-dimensional vector through linear
embedding:
Z0 = [x1E; x2E; ... xNE1 + Epos (7)
where E is the projection matrix and E,.s is the positional encoding. The main stage of
ViT is the Multi-Head Self-Attention (MHSA) block, which is mathematically formulated as

follows [27]:
With
i — oxT
Attention(Q, K, V) = softmax ( Jd_k) %4 (8)
Q=XWy =K =XWk V=XWy 9)

as query, key, and value matrices.
Each head learns the inter-patch relationship from a different perspective, then the results
are combined (concatenated) and reprojected:

MultiHead(Q, K, V) = Concat(heads, ..., head,)Wo (10)

Output from the Transformer Encoder block through the Layer Normalization (LN) and two-
layer Feed-Forward Network (FFN) stages:

FFN(x) = GELU (xW+1 + b1) W2 + b2 (11)
and wrapped with a residual connection:
X' = X + MHSA(LN(x)), x" = x" + FFN(LN(x)) (12)

Finally, the [CLS] vector is used for classification through the MLP head layer with the
softmax activation function [28]. This approach enables ViT to understand the global
context, such as the relationship between roof shapes, wall proportions, and typical Malay
building ornaments. According to Wong et al [25]. The TurboViT model utilizes generative
architecture search to construct a lighter ViT without losing accuracy, enabling
implementation on edge devices such as web and mobile applications.



4. Experimental Setup

A. Case Study: Traditional Malay Houses in Riau and Pontianak

Pekanbaru, as the capital of Riau Province, is not only known as an economic and trade
center, but also as a silent witness to the rich development of Malay culture. One aspect
that characterizes Malay culture in Pekanbaru is the traditional Malay house, which is still
preserved and maintained. This building not only has aesthetic value but also contains
deep philosophy, history, and local wisdom. One of the most well-known examples of
traditional buildings in Pekanbaru is the Riau Malay Traditional House, which is often seen
in cultural events and local community activities. The Riau Malay Traditional House is a
rich cultural heritage with traditional values, combining beauty and functionality that reflects
the Malay people's philosophy of living in harmony with nature. This house is an adaptation
of a stilt house built high to protect its inhabitants from floods and wild animals, closely
related to the geographical conditions and climate around the rivers and lowlands of Riau.
The design of this house contains many symbols, such as a pointed roof that symbolizes
prayers for a blessed family life, as well as open and interconnected spaces to emphasize
communication and openness among family members.

Traditional Riau Malay houses are generally built with wood as the main material, often
using strong and durable types of wood such as meranti or ulin, based on the tradition of
stilt houses (raised) to cope with flooding and improve ventilation [29];[30]. The distinctive
shape of the roof is a pyramid (or truncated pyramid), as well as other roof shapes such as
the lontik roof, which curves at the ends to resemble buffalo horns or lancang. These roofs



They are not only aesthetically pleasing but also serve to reduce heat and facilitate air
circulation [31]. Wooden ornaments and carvings are prominent elements; plant, animal,
and even geometric motifs adorn the pillars, doors, windows, and upper edges of the roof
(such as the eaves or gables). In addition, traditional houses always have wooden stairs
as the entrance, which are usually located at the front; in some types of traditional
houses, the number of steps is odd, with a specific philosophy behind it. The front porch
is also an important part of the house structure, serving as a place to welcome guests,
socialize, and as a transitional space between the outside and inside of the traditional
house [31]. Figure 2 shows several types of traditional Malay houses in Riau.

- i e

Fig . TH;a Shape of Traditional Malay Houses in Riau

Another traditional Malay house that has been widely discussed since its establishment
is the Pontianak traditional Malay house. Pontianak, the capital of West Kalimantan
Province, has a rich Malay culture that reflects the identity of its people. One of the
important parts of the Malay cultural heritage in Pontianak is the Pontianak traditional Malay
building. This traditional building not only has high aesthetic value but also contains deep
philosophical and cultural meanings, reflecting the social, political, and historical life of the
Malay community in Pontianak. Through this case study, we will explore the characteristics
of the Pontianak Malay traditional building and how it symbolizes the identity and local
wisdom of the Malay community in West Kalimantan. The modern traditional Malay building
in Pontianak, known as the Rumah Adat Melayu Pontianak (Traditional Malay House of
Pontianak) in the Jalan Sutan Syahrir Cultural Village Complex, began construction on May
17, 2003, and was completed and inaugurated on November 9, 2005, by the Vice President
of the Republic of Indonesia, Jusuf Kalla, as a symbol of the cultural wealth of the Malay
community in West Kalimantan [32].

The stilt house with tall pillars was built not only as an adaptation to tropical climatic
conditions and flooding, but also as a public space for community activities such as
deliberations, cultural gatherings, and social events, reflecting the philosophy of
brotherhood, cooperation, social solidarity, and the concept of a community that lives in
“shared destiny” [33]. The ornaments that adorn the building, the functional roof shape, and
the layout of the public space around the building emphasize the harmonious relationship
between humans, customs, and the natural environment, as well as showing the social
position and cultural identity of the Pontianak Malays, which is rooted in local traditions,
religion, and cultural acculturation. The traditional houses of the Pontianak Malay have
distinctive features that differentiate them from other traditional Malay houses, including
pointed pyramid roofs made of natural materials such as palm fiber or thatch, which serve
to maintain coolness and protect from heavy rain. These buildings generally use the
concept of stilt houses, built on poles to avoid flooding and provide coolness, as well as
reflecting the value of togetherness in the community. In addition, traditional Pontianak
houses are decorated with wood carvings depicting traditional Malay art, with geometric,
floral, and fauna motifs that have spiritual meanings. The large stairs connecting the house



The ground is also often decorated with colorful carvings and symbolizes the transition
from the outside world to the more sacred world inside the house.

Based on this explanation, there are several differences and similarities between traditional
Malay buildings in Riau and Pontianak in terms of location, roof shape, building structure,
carvings and ornaments, social function, design philosophy, and role in society. This is
shown in Table 1.

Table 1. Differences between the traditional houses of the Riau Malay and
the Pontianak Malay

Aspect Traditional Malay House of Riau Traditional Malay House of
Pontianak
Location Province Riau, Indonesia West Kalimantan Province
Roof Shape Cut pyramid roof, lontik roof, kajang Pyramid roof, pointed roof,
folding roof, peaked lontik roof curved roof
Building Stilt house with tall pillars, made of Stilt house with tall pillars,
Structure wood and bamboo made of strong wood
Carvings and Carvings of leaves, wings, and other Typical Malay ornaments with
Ornaments decorations with symbolic meanings Javanese cultural influences
Social Function Place of residence, traditional Malay residence and cultural
deliberations, and traditional center
ceremonies
Design Harmony with nature, openness cooperation, sharing the same
Philosophy among family members fate, and social solidarity
Role in Society = Symbols of social status and cultural Symbols of cultural identity of
identity of the Riau Malays the Pontianak Malays

In identifying the second object of these two traditional Malay buildings, a literature
review was conducted by searching for image sources using conventional/manual
methods. This data may be incorrect in terms of the names given by the authors; for
example, traditional Malay houses in Riau may be referred to as traditional Malay houses
in Pontianak, and vice versa. The development of smartphone technology with various
social media applications has led to a large amount of video data being uploaded by the
public, including video data of traditional Malay buildings. However, the accuracy of the
information uploaded in identifying the characteristics of traditional Riau Malay houses and
traditional Pontianak houses may be incorrect or invalid. There is another way that can be
used to identify the architectural styles of traditional Malay houses in Riau and Pontianak
by utilizing artificial intelligence. One of the methods used to recognize an object in the
concept of artificial intelligence (Al) is deep learning. One of the techniques used to identify
objects in the form of temporal data (or video-type data) is Vision Transformer (ViT)
[34];[18].



B. Application of Vision Transformer in Identifying the Architectural Style of

Traditional Malay Houses

Vision Transformer (ViT) is a deep learning model that adapts the transformer
architecture from Natural Language Processing (NLP) for Computer Vision (CV) tasks.
Unlike Convolutional Neural Networks (CNNs) that use local convolutions to process
images, ViT divides images into small patches, flattens them, and treats them as a
sequence of tokens, similar to words in NLP. Each patch is processed through a self-
attention mechanism that allows the model to capture global relationships between parts
of the image [35]. ViT demonstrates strong capabilities in capturing global context and long-
range dependencies in images, which are often difficult for CNNs to achieve. However, ViT
requires large datasets for training to compete with CNNs in terms of accuracy. To address
this shortcoming, approaches such as Data-efficient Image Transformer (DeiT) have been
developed, which enable training ViT with smaller datasets without sacrificing performance
[18]. VIT has been applied in various domains, including object recognition, image
segmentation, and medical image processing, demonstrating great potential in improving
the accuracy of medical diagnoses [36]. Overall, Vision Transformer represents a
significant leap forward in architectural approaches to computer vision tasks, with a focus
on global processing and flexibility in handling various types of visual data [37].

This study provides an application of how automation can be used to identify the
architectural styles of traditional Malay houses in Riau and Pontianak using the vision
transformer model. Vision Transformer (ViT) can be used to identify architectural styles in
traditional Malay houses in Riau and Kalimantan in a very effective manner, thanks to its
ability to understand complex visual patterns and capture the relationships between
elements in images. The basic principle of ViT is an adaptation of the transformer
architecture originally used in natural language processing (NLP), converting images into
a series of “patches” or small pieces. Each patch is treated like a token in NLP, which is
then analyzed collectively by the model to capture the global relationships and context
between the elements of the image. This differs from Convolutional Neural Networks
(CNNs), which focus more on the local analysis of image features using convolution
operations. ViT's process of identifying the architectural styles of traditional Malay houses
in Riau and Pontianak begins with processing video data that is converted into frame-by-
frame images. This conversion process in ViT is broken down into patch by patches. To
begin the architectural style identification process, images of traditional Malay houses in
Riau and Kalimantan will be broken down into small patches. For example, images of house
facades, roof details, house pillars, etc. ViT then treats each patch as a token that can be
learned. After the image is divided into patches, each patch is processed through a self-
attention mechanism.

In the context of traditional houses, this allows the model to recognize design patterns
in each part of the image (such as pyramid-shaped roofs, wood carvings, and stilted house
structures). Self-attention helps ViT capture global information, for example, how the
pointed roof design of traditional Riau Malay houses relates to the philosophy of balance
and blessings that they seek to convey. The ViT model was trained using a large dataset
that includes images of various types of Malay traditional houses, including Riau Malay
Traditional Houses and Kalimantan Malay Traditional Houses. In this training, the model
will learn the architectural elements that characterize both traditional houses, such as tall
pillars on stilt houses, pyramid or pointed roofs, wood carvings, and stilt structures. ViT will
also study the different design variations between traditional houses in Riau and
Kalimantan, such as distinctive carving motifs and the use of local materials such as wood
and bamboo. After training, ViT can be used to identify architectural styles based on images
of traditional houses provided. For example, when given an image of a traditional Malay
house in Riau, ViT can recognize distinctive features such as a pyramid roof made of palm
fiber or thatch, a stilted structure that raises the house above the ground, and carvings rich



in symbolism. Similarly, for traditional Malay houses in Kalimantan, ViT can recognize other
distinctive features such as typical Dayak carvings or the use of more diverse materials.
This explanation is summarized in the form of a flowchart of the identification process for
traditional Malay houses in Riau and Kalimantan, as shown in Figure 4.
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C. Data Analysis

From the survey conducted directly in Pontianak and Pekanbaru, the data were mapped
into seven data groups: overall image of the building, roof, pillars, walls, doors, windows,
and columns. Table 2 shows the number of frame images obtained from 5 videos for each
aspect. The aspects used to identify traditional houses are five characteristics: the entire
building, the shape of the roof, the structure of the building, carvings and ornaments, the
shape of the windows, and the shape of the stairs, with a maximum duration of 2 minutes.
Every 2 minutes produces 170 image frames.

Table 3. Data on Traditional Malay Houses in Riau

Aspect Video duration Number Number of frame images
of videos

Roof Shape 2 minutes 5 159 frame x 5 = 759 frame
Building Structure 2 minutes and 20 seconds 5 167 frame x 5 = 835 frame
Carvings/Ornaments 1 minute and 25 seconds 5 135 frame x 5 = 675 frame
Entire Building 2 minutes and 30 seconds 5 177 frame x 5 = 885 frame
Window Shape 1 minute and 30 seconds 5 132 frame x 5 = 660 frame
Staircase Shape 1 minute and 15 seconds 5 120 frame x 5 = 600 frame

Total 4339 frames




Table 4. Data on Traditional Malay Houses in Riau

Aspect Video duration Number Number of frame images
of videos

Roof Shape 2 minutes and 10 seconds 5 161 frame x 5 = 805 frame
Building Structure 2 minutes and 30 seconds 5 177 frame x 5 = 885 frame
Carvings/Ornaments 1 minute and 15 seconds 5 120 frame x 5 = 600 frame
Entire Building 2 minutes and 45 seconds 5 198 frame x 5 = 990 frame
Window Shape 1 minute and 20 seconds 5 128 frame x 5 = 640 frame
Staircase Shape 1 minute and 20 seconds 5 120 frame x 5 = 600 frame

Total 4520 frames

Based on Table 2, the data will be trained and validated by dividing it into an 80:20 split.
In the Vision Transformer (ViT) model training process, an 80:20 split is one of the most
commonly used divisions in machine learning, where 80% of the data is used for model
training, and the remaining 20% is used for testing. In the context of traditional Malay
houses in Riau and Kalimantan, the following is an analysis of how the 80:20 split can
affect the ViT model training and evaluation process. From Table 2 and Table 3, the total
image frames for each aspect of traditional houses are as follows:

a. Traditional Malay Houses in Riau: 4339 image frames

b. Traditional Malay Houses in Kalimantan: 4520 image frames
If using an 80:20 split, the data used for training and testing is described in Table 4.

Table 4. Split the Data for training and testing
Total data Training Data Testing Data
Amount 80% Amount 20%

Malay Traditional House Class

Traditional Malay House of Riau 4339 3471 868
Traditional Malay House of 4520 3616 904
Pontianak

Total 8859 7087 1772

D. Training Process

During the training phase, the Vision Transformer model will learn patterns in the
training data (80% of the total image frames). ViT will break each image frame into several
small patches and process the information through a self-attention mechanism to recognize
existing patterns, such as roof shapes, building structures, carvings and ornaments,
window shapes, and stairs. With 80% of the training data, the model will perform iterations
(epochs) to minimize the loss function and improve the model's predictive capabilities.

a) Image Frame Processing: Each image frame obtained from the video will be converted
into patches, and the model will use a transformer encoder to understand the
relationships between patches.

b) Training: During training, the model will attempt to recognize the characteristics of
traditional house architecture through elements such as roof shape, building structure,
and distinctive ornaments.

The ViT model will also learn the global context of the image, such as the relationship between
larger elements (e.g., the relationship between the roof and the building structure) that
conventional CNN models cannot easily capture.

E. Testing Process

After the model has been trained using 80% of the training data, it will be tested using
the remaining 20% of data that has been set aside for testing. The model has never seen
this data during the training process, so it can provide an overview of how the model works
on data that has not been seen before.



1) Accuracy Evaluation: Testing is conducted to evaluate the accuracy of model
predictions. The model will be tested to identify elements of traditional house
architecture (such as roof shape, stilt house structure, carvings, etc.) in previously
unseen test images.

2) Evaluation Metrics: Several metrics can be used to evaluate the performance of the
model, namely:

a. Accuracy: The proportion of correct predictions compared to the total number
of predictions.
b. Precision: Measures the proportion of correct positive predictions.
c. Recall: Measures how much positive data is successfully recognized by the
model.
d. F1-Score: The harmonic mean between precision and recall.
The purpose of testing in the context of machine learning, including when using models
such as Vision Transformer (ViT) to identify architectural styles in traditional Malay houses
in Riau and Kalimantan, has several very important aspects. Testing is used to measure
the extent to which a model can generalize on data it has never seen before. After the
model is trained on 80% of the training data, testing on 20% of the test data, which is
separate from the training data, helps ensure that the model does not simply memorize the
training data (overfitting) but can also make accurate predictions on new, similar data. In
this study, the test results are presented in Table 5.

Table 5. Matrix Test Results

Class Precision Recall F1-score  Support
Riau Malay 0,99 0,99 0,99 860
Pontianak Malay 0,99 0,98 0,99 895

The results of the similarity detection between traditional Malay houses in Riau and traditional
Malay houses in Pontianak in terms of roof shape, building structure, carvings and ornaments,
overall building shape, window shape, and staircase shape are presented in Table 6.

Table 6. Details of Experimental Findings in Identifying the Architectural Style of Traditional
Malay Houses

Similarity (%)

Experiment Type of Style Riau Malay Pontianak Malay Split Data
18t Roof Shape 62,4% 60,5% 80:20
2 Building Structure 70.5% 73,3% 80:20
3d Carvings and Ornaments 72,3% 68,7% 80:20
4t Full building of the original 82,3% 80,9% 80:20
5 window shape 85,3% 83.5% 80:20
6" staircase shape 97,4% 99,9% 80:20
7t Full building of the original 85,5% 99,9% 80:20
8 window shape 99,4% 99,7% 80:20
o staircase shape 92,3% 99,4% 80:20
10 Full building of the original 95,8% 95,8% 80:20
11t Roof Shape 98,8% 88,7% 70:30
12t Building Structure 98,9% 98,9% 70:30
13t Carvings and Ornaments 80,8% 80,8% 70:30
14% Roof Shape 90,8% 90,8% 70:30
15t Full building of the original 99,4% 92,4% 70:30
16% Carvings and Ornaments 99,2% 91,2% 70:30
17" window shape 99,2% 82,2% 70:30
18 staircase shape 98,9% 88,9% 70:30
19t Carvings and Ornaments 99,1% 90,1% 70:30

20t Full building of the original 99,7% 89,7% 70:30




The test results can be seen in the visualization in Figure 5 below for all experiments that
have been conducted with different data splits and object types.

Similarity Scores for Malay House Detection by Experiment
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Fig 6. The visualization of the similarity scores for Riau Malay and Pontianak Malay across
the 20 experiments

F. Analysis of Model Testing Results

The results of testing the Vision Transformer (ViT) model show excellent performance
in identifying architectural styles in traditional Malay houses in Riau and Pontianak. With
very high precision, recall, and F1-score (0.99 for both classes), the model shows near-
perfect accuracy in recognizing elements of traditional houses. Accuracy reached 99.4%,
indicating that the model can correctly predict almost 99.4% of the total data tested.
Although there was a slight difference in the amount of test data between the two classes,
the model still showed an excellent balance between precision and recall, reflecting its
ability to accurately identify positive elements and not miss many important examples.

Overall, the ViT model demonstrates exceptional ability in recognizing and identifying
traditional Malay houses in Riau and Pontianak, with highly stable and accurate
performance. Overall, the ViT model has successfully identified the architectural styles of
traditional Malay houses in Riau and Pontianak with outstanding performance, making it
ready for use in real-world applications related to architectural recognition and cultural
heritage preservation.

6. Conclusion

This study developed a Vision Transformer (ViT)-based system to identify traditional
Malay architectural styles. Using video data of Malay buildings processed through image
normalization and augmentation, the deep learning model achieved an accuracy of over
85% or 99.4%. Model evaluation using metrics such as accuracy, precision, recall, and F1-
score showed adequate results. However, training with a small amount of data will result
in overfitting, which causes objects to be unrecognizable or have low accuracy. After
hyperparameter optimization, the model can be integrated into an application for
automatic recognition of Malay architectural styles. This research makes a significant
contribution to the preservation and digital documentation of traditional buildings, which



can support the tourism and cultural sectors. This research has the potential to be
developed in the future by expanding to the identification of other architectural styles, such
as predicting the level of damage to buildings based on natural conditions and light
direction, and detecting damage to buildings.
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