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Abstract 
This study develops a classification model of traditional Malay buildings using a deep learning approach to analyze 
the suitability between the design model and real objects. We utilized VGG16 with a dataset of Malay traditional 
building images to train and test the model. The test results show that the VGG16 model can achieve an accuracy 
of 98.77% with a learning rate of 0.0001, dropout of 0.20, and epochs of 25. These results indicate that VGG16 
is effective as a tool in the process of identifying and preserving traditional architecture based on imagery by 
producing good accuracy. 
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1. Introduction 

The preservation of cultural heritage is an essential aspect of maintaining national 

identity and historical continuity. Traditional buildings represent a society’s customs, 

beliefs, and architectural advancements, reflecting the evolution of construction techniques 

and cultural values. One of Indonesia's most prominent architectural heritages is the 

traditional Malay house, which features distinctive design elements adapted to the region’s 

climate, social structure, and cultural traditions. These buildings are characterized by 

elevated wooden structures, steeply pitched roofs, intricate carvings, and natural ventilation 

systems, collectively representing a unique architectural style[1]. 

Malay traditional architecture is deeply rooted in historical and philosophical narratives, 

with each structural component carrying cultural significance. For example, the shape of 

the roof often symbolizes the hierarchical social structure, while the house's orientation is 

typically aligned with environmental and spiritual considerations [2]. Despite their cultural 

and architectural importance, many traditional Malay buildings face the threat of 

degradation due to modernization, lack of preservation efforts, and insufficient 

documentation. Over time, the loss of these structures could lead to a decline in historical 

knowledge and the disappearance of a valuable part of Indonesia’s heritage [3] [4]. 

The advancement of technology, particularly in artificial intelligence and computer vision, 

has provided new opportunities for heritage documentation and preservation. Deep 

learning, a subset of machine learning, has shown remarkable potential in image 

classification and pattern recognition[5]. Among the various deep learning models 

available, CNN has emerged as the most effective approach for analyzing visual data. 

CNNs have been widely utilized in medical imaging, security surveillance, and automated 
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identification systems, proving their ability to extract meaningful features from images 

accurately[6]. 

The development of deep learning has brought significant changes in digital image 

processing, including architecture and cultural heritage preservation [7].  CNN models such 

as VGG16 have proven effective in classifying and extracting visual features from images 

and can identify architectural patterns with high accuracy [8]. This capability opens up 

opportunities for using deep learning to support the preservation of traditional architecture 

that is starting to be eroded by modernization. In architectural heritage preservation, CNNs 

offer a promising solution for the automated identification and classification of traditional 

buildings. By leveraging deep learning techniques, researchers and conservationists can 

create digital records of architectural styles, allowing for more efficient restoration efforts 

and historical studies [9]. This approach also helps minimize human subjectivity in 

architectural analysis, ensuring more reliable and data-driven assessments. Through 

proper implementation, deep learning can preserve traditional architecture while making 

historical knowledge more accessible [10]. 

One of the problems that arise in architecture is the mismatch between the results of 
digital design and the real form of the building, especially in traditional buildings. This also 
occurs in traditional Malay buildings with distinctive elements such as curved roofs, jalousie 
windows, and carved wooden pillars [5]. To answer this problem, an AI-based approach 
can be used to identify the suitability of design elements of traditional Malay buildings. As 
a popular method in image classification, CNN offers an accurate and efficient solution for 
processing visual features of architectural elements. One of the widely used CNN 
architectures is VGG16, which has a moderate network depth but is quite strong in 
detecting complex visual features such as contours, textures, and building ornament 
patterns[11]. 

This study explores the application of CNNs, specifically the VGG16 model, to classify 

and identify Malay traditional buildings. The research focuses on recognizing architectural 

elements such as roofs, windows, and pillars, key distinguishing features of Malay heritage 

structures. By training a deep learning model with a carefully curated dataset, this study 

aims to enhance the accuracy of architectural classification, providing a systematic method 

for identifying and documenting Malay traditional buildings. 

2. Related Works 

The integration of deep learning in image recognition has emerged as a transformative 

approach to enhance accuracy and efficiency results [39][40][41][42][43]. Various studies 

demonstrate the effectiveness of DL models in recognizing diverse heritage forms, from 

tangible monuments to intangible cultural expressions. The heritage recognition and 

classification (HRC) model has been created based on the DL strategy. A paper proposed 

a complete model using various Indian heritage images comprised of 10000 images 

containing four categories of heritage images namely animals, birds, monuments, and 

paintings. The complete process outcome resulted in a recognition accuracy of 94.32% 

using the binary classification technique, whereas 95.43% accuracy has been observed for 

further multi-classification tasks of heritage category images [35]. 

Another work explored DL techniques to preserve and understand heritage through 

comics. Detecting and analyzing important elements like speech bubbles and characters, 

can uncover the cultural significance of these comics in preserving indigenous heritage. 

The proposed Faster Region-based CNN (R-CNN) and Bidirectional Encoder 

Representations from Transformers (BERT) models demonstrate their accuracy and 



 

effectiveness in interpreting indigenous intangible heritage through comics [36]. Another 

paper introduced a deep learning-based ancient literature recognition method for cultural 

heritage preservation. The model of Single Shot Multibox Detector for detecting and 

recognizing the ancient characters focuses on the recognition of Oracle Bone Inscriptions' 

ancient characters. The experimental results show that Precision achieves and Recall 

achieves 0.86 and 0.97. The paper can prove the effectiveness of Single Shot Multibox 

Detector in ancient character recognition [37]. 

The current study presents a hybrid DL CNN and RNN to extract visual features and 

temporal dependencies from heritage object images, respectively, and demonstrates the 

potential of DL approaches for the classification of cultural heritage objects. The model 

utilized 10,000 heritage object images, which were divided into a 70:30 ratio of training and 

testing. The proposed model achieved an overall accuracy of 91.5% on the testing set, 

demonstrating its effectiveness for the classification of diverse heritage object classes. The 

comparative analysis of the model’s performance on each heritage object class highlighted 

that the "Tombs and Mausoleums" class had the highest performance, with a precision 

score of 94.15%, a recall score of 92.84%, and an F1 score of 93.49% [38]. 

Several challenges have been identified in applying deep learning to architectural 

heritage classification. Ensuring deep learning models can generalize well across different 

variations is crucial for achieving robust classification results. Heritage documentation 

through deep learning can be combined with augmented reality (AR) and virtual reality (VR) 

[14] [15]. Another challenge is the computational cost of training complex models of CNN 

architectures with multiple layers, making them difficult to implement in environments with 

limited access to high-performance hardware. Many communities attempted to address 

this issue by optimizing model architectures, reducing parameter complexity, and utilizing 

cloud-based solutions [16][17].  

3. Proposed Method 

3.1 Dataset 
This study collected high-resolution images of Riau Malay traditional houses in 

Pekanbaru, Indonesia, and categorized them into three architectural components: roofs, 

windows, and pillars. Researchers applied preprocessing techniques such as resizing, 

scaling, and augmentation to enhance the dataset and support robust training. From a total 

of 750 images, 649 were used for training and 101 for testing, ensuring a balanced 

evaluation. Using authentic, real-world images allowed the model to learn directly from 

actual architectural structures. After validating the dataset, the team constructed and 

trained a CNN model based on the VGG16 architecture to perform classification tasks. 

 
3.2 VGG16 Architecture 

This study selected the VGG16 with 3×3 convolutional filters to extract local features 

critical for identifying unique characteristics of Malay traditional architecture, such as roofs, 

windows, and pillars. To improve performance, VGG16 can undergo feature extraction and 

classification of architectural images by tuning hyperparameters, including learning and 

dropout rates, By training on real-world images, the model aims to support accurate 

classification that preserves cultural authenticity and informs design decisions for architects 

and heritage preservation agencies [12] [13]. 

Fig. 1 systematically illustrates the research flow diagram, including data collection, pre-

processing, model training, and evaluation. This diagram presents a comprehensive 

overview of the methodological framework used to accurately classify components of Malay 

traditional buildings. 

 



 

 

Fig. 1. Research Workflow for Malay Traditional Building Classification Using VGG16 
 

Fig. 1 illustrates the operation of the CNN VGG16 model in classifying images of 

traditional Malay buildings through four key stages: data pre-processing, model 

training, feature extraction, and final classification. During the data pre-processing 

stage, the dataset—comprising hundreds of images obtained from online sources 

and field documentation—is categorized based on architectural elements. The 

dataset is then divided into training, validation, and test subsets. Pre-processing 

procedures include resizing all images to 224×224 pixels to comply with VGG16 

input dimensions, normalizing pixel values to the [0, 1] range, and applying data 

augmentation techniques such as rotation, flipping, and zooming to enhance 

variability and improve model generalization. 

The proposed VGG16 has 13 convolutional layers with 3 fully connected layers. 

Initially, the model loads pre-trained weights from ImageNet, which are then fine-

tuned to adapt to the specific characteristics of Malay traditional building imagery. 

Within the convolutional layers, the model applies 3×3 filters to capture spatial 

features such as edges, textures, and structural patterns relevant to architectural 

components like roofs, windows, and pillars. In VGG16, the convolution layer is 

responsible for extracting spatial features from the image. The convolution process is 

expressed mathematically as [18][19]: 

 

𝑆(𝑖, 𝑗) = (𝑋 ∗ 𝑊)(𝑖, 𝑗) = ∑ ∑ 𝑋(𝑖 + 𝑚,   𝑗 + 𝑛)𝑁−1
𝑛−0

𝑀−1
𝑛−0 . W(𝑚, 𝑛) … . (1) 

 

where: 

X : input image (e.g., building image), 

W : filter/kernel, 



 

S(i,j) : convolution result. 

 

This convolution is performed in layers on VGG16, as many as 13 convolutional layers 

with a 3x3 kernel. After the convolution results, the Rectified Linear Unit (ReLU) 

activation function is used to add non-linearity to speed up the training process and 

prevent the vanishing gradient problem as follows: 

𝑓(𝑥) = max(0, 𝑥) … … (2) 
 

After convolution and activation, the features are compressed with max pooling [20] 

[21][22]: 

𝐹𝑚𝑎𝑥 =  {𝑥𝑖}𝑖=0
𝑛  … . . (3) 

 

 

The compressed image is flattened and inserted into a Fully Connected Layer [20]: 

𝐹𝑎𝑣𝑒𝑟𝑎𝑔𝑒(𝑥) =  
1

𝑁
 ∑ 𝑥𝑖

𝑁

𝑖=1

… … (4) 

 

For the final classification, the Softmax function is used to calculate the probability of 

each class [23]: 

𝑃 (𝑗\𝑥) =  
𝑒𝑧𝑗

∑ 𝑒𝑧𝑘𝐾
𝑘=1

  …… (5) 

 

This study uses pooling layers and dropout regularization to improve CNN efficiency and 

generalization. Pooling reduces spatial dimensions and computational load, helping the 

model focus on key features while minimizing overfitting. Dropout randomly deactivates 

neurons during training, encouraging robust pattern learning and reducing reliance on 

specific pathways. This study also adopts Softmax which can provide a probability 

distribution by transforming raw outputs into values interpreted as unnormalized 

probabilities for each class. Mathematically, the softmax function maps a vector z with K 

components into a probability distribution, ensuring that each value falls between 0 and 

1[34].  

The training configuration involved experimenting with different parameter combinations 

to optimize the VGG16 model for classifying images of traditional Malay buildings. Learning 

rates of 0.00001, 0.0001, and 0.001 were tested alongside dropout rates of 0.20, 0.25, and 

0.30 to prevent overfitting. The model was trained for 25 to 30 epochs using the Adam 

optimizer and a batch size of 32. Eighty percent of the dataset was used for training and 

the remaining 20% for validation. The training process was conducted on the Google Colab 

platform with GPU acceleration to enhance computational efficiency and reduce processing 

time. 

4. Experimental Setup 

To conduct this study, we collected the dataset directly using digital cameras and 

smartphones, capturing images of traditional Malay buildings and compiling them into the 

custom Bangunan Melayu dataset. This dataset contains 750 images, categorized into 

roofs, pillars, and windows, with 642 images used for training and 108 for testing. A pre-

processing phase followed, involving de-noising and resizing images to 256 × 256 pixels 

to standardize quality and improve model performance. The study then proceeds through 

a systematic methodology of model development, training, and evaluation using the 



 

VGG16 architecture. This study utilizes performance evaluation includes metrics such as 

accuracy, precision, recall, and F1-score,  

 

 

  
(a) (b) 

Fig. 2a. Examples of Roof Structures in Malay Traditional Buildings 
Fig. 2b. Examples of Window and Pillar Structures in Malay Traditional Buildings 

 

CNN is a subset of deep learning designed to recognize and is widely applied in object 

detection, facial recognition, and image classification because it can extract complex 

features from visual data [24] [25]. A key component of CNN architecture is the convolution 

layer, which performs convolution operations on the output from the previous layer. CNN 

has pooling layers that are responsible for refining the extracted feature maps using 

statistical operations based on pixel values. Pooling layers progressively reduce the 

dimensionality of feature maps by decreasing the output data volume. Pooling layers 

enhance the CNN’s ability to generalize across different image variations [26][27]. The 

pooling ensures that essential patterns with reduced spatial resolution [28]. 

The activation function used in CNN is crucial in introducing non-linearity to the network. 

The Rectified Linear Unit (ReLU) is the most widely used activation function due to its 

simplicity and efficiency. ReLU applies the function f(x) = max (0, x), meaning negative 

input is set to zero, while positive inputs remain unchanged. This operation enhances the 

network's ability to model complex relationships by enabling the learning of non-linear 

patterns. ReLU reduces computational complexity and accelerates the training process by 

preventing negative values from propagating [29][30]. The derivative function of RelU is 

shown in Equation 2. 

𝑓′ = {
1  𝑗𝑖𝑘𝑎 𝑥 > 0
0 𝑗𝑖𝑘𝑎 𝑥 ≤ 0

       … . . (6) 

ReLU can overcome the vanishing gradient problem, which often occurs in other 

activation functions such as sigmoid and tanh. Vanishing Gradient is a problem that occurs 

when training deep neural networks, where the gradient of the loss function becomes so 

small that the weight updates in the early layers of the network become insignificant. As a 

result, the neural network has difficulty learning in deeper layers [31][32]. 

Figure 3 illustrates the VGG16 architecture, a widely used CNN for image recognition 
that processes 224 × 224-pixel inputs through 13 convolutional layers with 3×3 kernels to 
extract features such as edges and textures. Max pooling layers follow to reduce spatial 
dimensions and computation while minimizing overfitting. The model then passes features 
through three fully connected layers for classification, with the final output representing 
building types like Malay traditional architecture. An additional path labeled “Moccl” 



 

appears to extract supplementary features, though its function is not explicitly defined. 

 
Fig. 3. Architecture of the VGG16 CNN Model 

5. Result and Analysis 

This study applies VGG16 to classify and assess traditional Malay building images, 

utilizing its deep architecture—comprising 13 convolutional layers, five max-pooling layers, 

and three fully connected layers with 3×3 kernel filters—to extract detailed architectural 

features. The model processes 224×224-pixel RGB images, maintaining spatial integrity 

while learning complex patterns. The first convolutional layer (Conv-1) uses 64 filters, 

followed by 128 filters in Conv-2, 256 in Conv-3, and 512 in Conv-4 and Conv-5. This 

incremental number of filters allows the model to capture low-level and high-level image 

features, enhancing its ability to distinguish between architectural styles. 

VGG16 includes three fully connected (FC) layers, where the first two layers contain 

4096 neurons each. The final classification layer consists of 1000 neurons, corresponding 

to the ILSVRC 1000-class classification with 13 convolutional layers and 3 fully connected 

layers. The dataset of hundreds of images of traditional Malay buildings from various 

regions is used for model training and testing. Experimental parameters include an input 

size of 224x224 pixels, the number of epochs between 25–30, the best learning rate of 

0.001, and a dropout rate of 0.20–0.25. The evaluation uses accuracy, training loss, and 

validation loss metrics. The model achieved the highest validation accuracy of 98.77% at 

a combination of a learning rate of 0.001 and a dropout of 0.20–0.25, with the lowest 

training loss of 0.0076. The comparison of accuracy between model configurations shows 

that the most optimal parameter combination is a learning rate of 0.001 with a dropout of 

0.20–0.25, where all configurations with these parameters produce consistently high 

validation accuracy above 98%. In contrast, when the learning rate is lowered to 0.0001 

and 0.00001, accuracy is significantly decreased to 70–80%, especially when combined 

with a higher dropout rate (0.30–0.35). This indicates that the model is either learning too 

slowly (underfitting) or losing its generalization ability due to over-regularization.  

Table 1 presents the experimental results in which a learning rate of 0.00100 consistently 

delivers the best performance, achieving a validation accuracy of 98.77% in most test 

scenarios. This high accuracy is particularly noticeable when the dropout rate is set to 0.20 

or 0.25, as lower dropout rates help minimize validation loss. In contrast, a learning rate of 



 

0.00010 results in lower validation accuracy, ranging between 95.37% and 97.23%, with a 

higher validation loss. This suggests that the model struggles to optimize effectively at this 

learning rate. The lowest-performing model is observed with a learning rate of 0.00001, 

where validation accuracy drops significantly to around 68.13% – 82.45%, indicating 

inefficient learning. 

 

Table 1. Experimental Results of the VGG16 Model with Different Learning Rates, 

Dropout Rates, and Epochs 

No. Epoch Learning 

Rate 

Dropout 

Rate 

Training 

Loss 

Validation 

Loss 

Validation 

Accuracy 

1 25 0.00100 0.20 0.0076 0.0213 0.9877 

2 25 0.00010 0.20 0.1552 0.1822 0.9537 

3 25 0.00001 0.20 0.1088 0.1842 0.9792 

4 30 0.00100 0.25 0.0156 0.0163 0.9877 

5 30 0.00010 0.25 0.1275 0.2203 0.9723 

6 30 0.00001 0.25 0.6293 0.7054 0.8245 

7 20 0.00100 0.20 0.0173 0.1041 0.9877 

8 20 0.00010 0.25 0.1833 0.2512 0.9607 

9 20 0.00001 0.30 0.7695 0.8237 0.6813 

10 25 0.00100 0.25 0.0128 0.0485 0.9877 

11 25 0.00010 0.30 0.1608 0.2038 0.9630 

12 25 0.00001 0.35 0.7685 0.7632 0.7067 

 

When analyzing the effect of dropout rates on model performance, a dropout rate of 0.20 

consistently yields the best results, particularly when combined with a high learning rate 

(0.00100). This combination achieves a validation accuracy of 98.77% while maintaining a 

low validation loss, as seen in experiment No. 7 (0.1041). While a dropout rate of 0.25 still 

provides good results, its performance is slightly lower than 0.20 regarding validation 

accuracy and loss. When using a lower learning rate (0.00001), a dropout rate of 0.25 leads 

to reduced validation accuracy. However, increasing the dropout rate to 0.30 or higher 

significantly degrades model performance, particularly at lower learning rates.  

Figure 4 visualizes the performance trends further, presenting training, validation, and 

loss graphs for a clearer analysis. The validation accuracy across different experiments 

highlights that specific parameter combinations achieve optimal performance. Experiments 

Nos. 1, 4, 7, and 10 reach the highest validation accuracy (0.9877), mainly when using a 

high learning rate (0.00100) and a dropout rate of 0.20 or 0.25. In contrast, experiments 

with lower learning rates (0.00010 or 0.00001) consistently yield lower accuracy values. 

Validation loss analysis reveals that models trained with higher learning rates tend to 

have lower validation loss. The lowest validation loss occurs in experiments using a 

learning rate of 0.00100, particularly in No. 4 (0.0163) and No. 10 (0.0485). Conversely, 

models trained with a very low learning rate (0.00001) suffer from high validation loss, as 

seen in experiments No. 6 (0.7054) and No. 12 (0.7632). These results indicate that models 

trained with very low learning rates struggle to converge effectively, leading to poor 

performance. 

Training loss patterns further support these findings. Models with lower training loss tend 

to have lower validation loss, reinforcing the correlation between effective learning and 

optimal performance. In experiments with a high learning rate (0.00100), training loss 

remains low, as observed in No. 1 (0.0076) and No. 4 (0.0156). However, experiments 

such as No. 6 (0.6293) and No. 9 (0.7695) demonstrate high training loss, often correlating 



 

with low validation accuracy, indicating that the model failed to learn effectively in certain 

configurations. 

 

Fig. 4. Training Loss, Validation Loss, and Validation Accuracy Trends Across Experiments 

 

Fig. 4 shows that the best parameter combination in training CNN VGG16 is obtained 

when using a learning rate of 0.001 and a dropout rate of 0.20–0.25, with high validation 

accuracy and low loss. Conversely, a learning rate that is too small and a dropout that is 

too large causes a decrease in model performance. This graph supports the importance of 

selecting optimal training parameters in CNN-based classification tasks for cultural heritage 

preservation. The relationship between validation accuracy and learning rate further 

emphasizes the importance of high learning rates combined with optimal dropout rates. 

Across all scenarios, higher learning rates (0.00100) consistently yield better validation 

accuracy. However, dropout rates exceeding 0.30 negatively impact performance, 

particularly at lower learning rates. This trend is observed in experiments No. 9 and No. 12, 

where a combination of a low learning rate (0.00001) and a high dropout rate (0.30 or more) 

significantly reduces accuracy. 

Based on these findings, the optimal parameter combination for the VGG16 model is a 

learning rate of 0.00100, a dropout rate of 0.20 or 0.25, and an epoch count of 25 or 30. 

This configuration consistently delivers the highest validation accuracy while maintaining 

low validation loss, making it the most effective setup for classifying Malay traditional 

buildings using deep learning. 

The accuracy analysis using a confusion matrix demonstrates the performance of the 

VGG16 model, which was evaluated through training, testing, and validation of Malay 

traditional building images. The best confusion matrix result achieved an accuracy of 

98.77%, obtained using a learning rate of 0.0001, 25 epochs, and a dropout rate of 0.20. 

Avoiding excessively small learning rates, such as 0.00001, was crucial, especially when 

combined with a high dropout rate (0.30 or more), as this significantly degraded model 

performance.  



 

Fig. 5. 3D Visualization of Learning Rate Dropout rate, and validation Accuracy 

Fig. 5 shows the relationship between three main CNN training parameters—the number 

of epochs, learning rate, and dropout rate—towards model performance in the form of 

validation accuracy. The colors on the graph indicate the accuracy level, with greenish-

yellow representing higher accuracy. It can be seen that the combination of a learning rate 

of 0.001, a dropout rate of 0.20–0.25, and 25–30 epochs yield the highest validation 

accuracy of 98.77%. In contrast, the accuracy decreases significantly in configurations with 

very low learning rates (0.00001) and high dropout (≥0.30), indicating over-regularization 

and slow convergence. This visualization reinforces the importance of optimal parameter 

selection in training CNN models for architectural heritage classification tasks, especially 

in the context of the digital preservation of traditional Malay buildings. 

Figure 6 visualizes the model’s performance, showcasing its evaluation through different 

training and validation stages. 

 



 

 
Fig. 6. Confusion Matrix and Correlation Analysis of Model Performance Metrics 

 

Fig. 6 also presents the correlation matrix between key variables analyzed in Table 1, 

highlighting the relationships among validation accuracy, training loss, and validation loss. 

The correlation between validation accuracy and validation loss is strongly negative, 

meaning that as validation loss decreases, validation accuracy tends to increase, indicating 

better generalization of the model. 

The correlation graph shows the relationship between the main variables in training the 

CNN VGG16 model to classify Malay traditional buildings. The analysis results reveal that 

the dropout rate has a strong negative correlation with the validation accuracy (-0.72), 

indicating that a dropout rate that is too high can reduce model performance. In addition, 

there is a very strong negative correlation between the training loss (-0.98) and validation 

loss (-0.96) with the validation accuracy, indicating that the smaller the loss value, the 

higher the model accuracy. Meanwhile, the learning rate shows a moderate positive 

correlation with accuracy (0.52), indicating that choosing the right learning rate can improve 

model performance. The almost perfect correlation between the training loss and validation 

loss (0.99) indicates the stability of the model during the training process.  

The relationship between learning rate and validation accuracy shows a moderate 

positive correlation, meaning that a higher learning rate generally results in better validation 

accuracy. However, if the learning rate is too high, it may cause instability in training, 

whereas excessively low values slow down convergence and can lead to suboptimal 

results. The dropout rate and validation accuracy exhibit a weak negative correlation, 

implying that higher dropout rates slightly reduce validation accuracy. While dropout is 

essential for preventing overfitting, excessive dropout may hinder the model’s ability to 

retain critical information during training, affecting its overall performance. 

Experimental results demonstrate the effectiveness of the VGG16 model in identifying 

Malay traditional houses with a high level of precision. The model achieved an accuracy of 

98.77%, indicating its ability to distinguish different architectural elements with minimal 

error. By integrating VGG16 with digital image analysis, the study can automate the 

recognition of architectural features and contribute significantly to the documentation and 

preservation of cultural heritage. 

 



 

6. Conclusion 

This study explored VGG16-CNN for identifying and classifying Malay traditional 

buildings by analyzing key architectural components such as roofs, windows, and pillars. 

The experimental results demonstrated the high accuracy of VGG16, achieving an optimal 

validation accuracy of 98.77%, confirming its reliability in recognizing traditional 

architectural elements. The evaluation of different hyperparameters with a learning rate of 

0.00100 combined with a dropout rate of 0.20 or 0.25 consistently yielded the best results, 

reducing validation loss while maintaining high accuracy. In contrast, excessively low 

learning rates (0.00001) and high dropout rates (0.30 or more) led to a notable decline in 

performance. These findings emphasize the importance of careful parameter selection to 

enhance the robustness and generalization for classification. VGG16 has been proven 

effective in detecting and classifying traditional architectural elements. This approach is a 

modern solution for accurate, efficient, and reliable technology-based cultural preservation 

for developing architectural heritage documentation and conservation systems. 

 Future research should focus on expanding the dataset to include more diverse Malay 

traditional buildings and exploring alternative CNN architectures such as ResNet, 

InceptionV3, or MobileNet. Additionally, integrating real-time detection, augmented reality 

(AR), and virtual reality (VR) applications could enhance the practicality and accessibility 

of deep learning in architectural heritage preservation. 
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