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Received Nov 20. 2024 civilizations. Patan Durbar Square in Nepal is home to many such structures,

yet identifying them remains a challenge for tourists. This paper presents an
automated monument recognition system built on the backbone of convolutional
neural networks (CNNs). A dataset of 1832 images of 9 important monuments
from Patan was created, and build a detection system with MobileNetV2,
Keywords: a light-weight CNN, to detect monuments in Patan Durbar Square with a
near-perfect F1 score of 98.94%. The approach utilizes transfer learning to adapt
the model to local architectural styles. A detailed ablation study is performed to
determine the optimal network design and augmentation strategies. Class-wise
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Convolutional neural network performance is further analyzed to verify robustness against visual occlusion and
Deep learning similarity. Finally, the model is deployed as a mobile application using Flutter
MobileNet and the FastAPI framework. This work demonstrates the viability of lightweight
Monument recognition CNN:s for real-time cultural heritage preservation.
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1. INTRODUCTION

Cultural heritage stands as a tangible testament to human history and artistic evolution. The
Kathmandu Valley serves as a prime example, hosting seven UNESCO World Heritage sites within a small
radius [1]]. This high density of historical sites makes it a major hub for cultural tourism in South Asia. Recent
data from the Nepal Tourism Board highlights a strong post-pandemic recovery in visitor numbers [2]], [3].
However, the sheer density of monuments often overwhelms visitors who lack deep historical knowledge. Most
tourists face significant challenges in identifying specific shrines and temples among the clustered architecture.
Professional local guides can be expensive or unavailable during peak seasons. Furthermore, static guidebooks
often fail to provide instant visual identification from a specific viewpoint.

This gap creates a need for digital tools that can offer real-time information without human
intervention. A mobile-based solution can democratize access to historical knowledge for all visitors. To
address this challenge, an end-to-end system is proposed that utilizes deep learning to detect and recognize
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monuments in real-time. The system is developed by creating a diverse dataset of 1,832 images that captures
nine distinct monuments under varying lighting conditions and angles. A lightweight convolutional neural
network (CNN) model is trained on this data, utilizing transfer learning to achieve high accuracy while
maintaining the low latency required for mobile devices.

This system allows users to simply point their camera at a structure to receive immediate historical
context. An earlier version of this work was presented at the International Symposium on Computing and
Networking Workshops (CANDARW) [4]. This manuscript extends that work by providing deeper analysis,
expanded methodological justification, and additional discussion on robustness and generalization.

2. LITERATURE REVIEW

Image classification is a foundational problem of computer vision, which has as its main objective to
label an image based on its visuals. The emergence of deep learning and, to a greater extent, CNNs [3], [6] has
greatly helped in vision tasks, especially for applications in object detection, medical imaging, and self-driving.
CNNs are a bracket of deep learning architectures that automatically and adaptively learn spatial features of
input from low-level edges to high-level patterns. CNNs can identify patterns directly from raw pixel data,
significantly improving the efficiency and accuracy of image recognition tasks [7]. The foundational works
in [8]]-[L0] made substantial contributions to progress in computer vision and image classification, particularly
for employing very deep neural networks. Building upon this, Saini et al. [11] pioneered the use of CNN
techniques for autonomous recognition of Indian cultural heritage sites, opening fresh possibilities for research
in monument detection and recognition tasks. Transfer learning enables adaptation of pre-trained models to
new tasks with limited data. By leveraging features learned on large datasets like ImageNet [12], transfer
learning reduces computational requirements and training time while improving generalization [[13], [14]. This
approach proves particularly valuable for monument recognition, where training data may be limited.

Recent advances in monument recognition have leveraged various CNN architectures and deep
learning techniques. Paul er al. [15] conducted an extensive analysis of machine learning and deep
learning approaches for Indian monument classification, demonstrating the effectiveness of transfer
learning and CNN-based methods. Hesham et al. [[16] compared deep learning versus traditional machine
learning approaches for monument recognition, establishing the superiority of CNN-based techniques.
Shamov and Shelest [17] applied CNNs specifically for the recognition of tower lighthouses, demonstrating
the adaptability of deep learning techniques across various domains. Jaiswal er al. [18] studied identifying
monuments through aerial images using you only look once version 5 (YOLOvVS) [19] and visual geometry
group 16 (VGG-16) [8] as the base model. Kalliatakis and Triantafyllidis [20] explored utilization of
graph-based visual saliency for monument recognition from images. Termritthikun and Muneesawang [21]]
developed Naresuan University-lightweight network (NU-LiteNet), a novel lightweight CNN inspired by
SqueezeNet [22], achieving competitive accuracy measures on monument datasets. Using top-1 and top-5
accuracy measures, NU-LiteNet achieved greater accuracy, even surpassing GoogLeNet [23]] for the Singapore
and Paris datasets [24].

Razali et al. [25] developed a landmark recognition model for smart tourism applications using
lightweight deep learning combined with linear discriminant analysis, achieving 100% classification
accuracy on the Universiti Malaysia Sabah-scene (UMS-Scene) dataset and 94.26% on the Scene-15 dataset
using the EfficientNet-CNN architecture. Additionally, the integration of data augmentation techniques,
including random flip, rotation, translation, zoom, contrast, hue, brightness, and saturation adjustments,
has proven effective in improving robustness [26]. Wang et al. [27] applied an improved Inception-V3
model for ancient architecture recognition, incorporating dropout layers and transfer learning to address
overfitting in small monument datasets. Mobile deployment of monument recognition systems has gained
prominence, with researchers focusing on developing lightweight CNN architectures suitable for real-time
heritage site identification on mobile devices, enhancing accessibility for tourism and cultural preservation
initiatives [28]], [29].

3. MATERIALS AND METHODS

This section outlines the theoretical framework, data collection, and methodology for the monument
recognition application. The methodology for monument recognition is subdivided into several steps. Each
step is described in the following subsections.
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3.1. Dataset creation

To train the model, the dataset was compiled by clicking pictures of cultural heritages around the Patan
Durbar Square area. The dataset includes a total of 1,832 images belonging to 9 different classes as shown in
Table [T} Figure [I] shows a batch of the dataset. The images were clicked with 4 different mobile devices
with varying dimensions to ensure that a particular device doesn’t affect the result. However, for training,
the images were resized to 224x224 during the pre-processing steps. In the preprocessing phase, both data
augmentation and normalization were applied. Initially, each image was rotated 270° counter-clockwise during
the dataset loading phase to correct their orientation. This adjustment was necessary because the images, which
were captured in portrait mode (i.e., width < height), were interpreted as landscape mode by default during
loading, causing an unwanted 90° counter-clockwise rotation. To address this, the images were rotated back
to their correct orientation. The dataset was split into 70 : 15 : 15 ratios for training, validation, and testing
respectively. For data augmentation, random rotation (0.2, 0.4 and 0.7 radians), random brightening (40%),
random contrasting (40% and 60%), and random horizontal and vertical flipping were applied. This process
created new images by rotating, adjusting intensity, and flipping the originals, which increased the dataset
size and introduced variability. This variability helps the model adapt to different angles and perspectives of
the monuments. Normalization was achieved using MobileNetV2 [30] preprocessing, which scales the pixel
values within the range [—1, 1]. The data augmentation is only activated during the training phase by default.

Table 1. Image distribution for each class for each phase

Monument Trainset  Validation set ~ Testset  Total
Bhimsen Temple 191 40 42 273
Char Narayan Temple 156 33 35 224
Dhungey Dhara 114 24 26 164
Garuda Pillar 70 15 15 100
Harishankara Temple 140 30 30 200
Krishna Mandir 172 36 38 246
Narayan Temple 169 36 37 242
Octagonal Chyasing Deval 130 27 29 186
Vishwanath Temple 137 29 31 197
Total 1,279 270 283 1,832

Bhimsen Temple Bhimsen Temple Char Narayan Temple Krishna Mandir Garuda Pillar Dhungey Dhara Dhungey Dhara Octagonal Chyasing Deval

B |

[

e

Vishwanath Temple . Namy.'an-.Temp\e

—

Vishwanath Temple Garuda Pillar Bhimsen Temple Garuda Pillar

Vishwanath Temple

Bhimsen Temple

Char Narayan Temple Char Narayan Temple Dhungey Dhara Octagonal Chyasing Deval Narayan Temple

e

Narayan Temple

E

{

&

Char Narayan Temple Narayan Temple Narayan Temple Bhimsen Temple Krishna Mandir Krishna Mandir

|

Figure 1. A sample batch of the dataset after every image has been normalized and resized to 224x224

3.2. Monument class selection and dataset representativeness

Nine monument classes were selected from Patan Durbar Square. Bhimsen Temple, Char Narayan
Temple, Dhungey Dhara, Garuda Pillar, Harishankara Temple, Krishna Mandir, Narayan Temple, Octagonal
Chyasing Deval, and Vishwanath Temple. The selection was guided by the need to balance dataset
representativeness with the practical constraints of data collection and annotation.

Int J Artif Intell, Vol. 15, No. 4, August 2026: 3326-3341



Int J Artif Intell ISSN: 2252-8938 ) 3329

3.2.1. Selection rationale

To identify appropriate monuments for the task, the help of a local tourist guide was taken. The
selected heritage sites have significant cultural and historical value. The goal was to include monuments
that are culturally important but also widely recognized by visitors. Patan Durbar Square is one of the most
important historical sites in Nepal that reflects the artistic nuances of the Malla era. It is a designated UNESCO
World Heritage site that sits at the heart of Lalitpur city. Temples, shrines, and palaces embodying Newari
craftsmanship and traditions impart cultural life to every corner of the square. The selection of monuments
captures this theme and the beauty of Patan Durbar Square. Input features were also considered in the
selection of monuments. The selection consists of cultural heritages that are a blend of distinctive and similar
architectures. Some structures are multi-tiered pagodas typical of traditional Newari Temples, while still
having vivid differences among them. Krishna Mandir, which is a stone construction and has a very different
facade, is completely different from the Newari-traditional temples. Each of these monuments also has pillars,
water spouts, and shrines, which introduces morphological variety. Such a dataset was created to improve the
generalization of the model. Finally, monuments that are widely popular among tourists were considered. The
selection of monuments is among the most popular hotspots within Patan Durbar Square. People frequently
visit them and photograph them, especially the Krishna Mandir. As a result, the model developed has a very
high degree of practicality. All the monuments were captured under varying light conditions, across days, to
ensure robust model training.

3.2.2. Representativeness

The selection of monuments covers a wide range of religious, cultural, and historical contexts present
in Patan Durbar Square. Patan Durbar is home to more than 100 monuments, and thus, our dataset is not an
exhaustive collection of monuments within this area. However, the selection reflects the key architectural and
cultural characteristics of the site. Furthermore, they are 9 of the most visited and referred sites within the area.
As such, they can be considered a good representation of the artistic landscape of Patan Durbar Square. Yet,
the dataset is only representative of a single heritage zone, while Kathmandu Valley itself contains two more
Durbar areas with rich cultural contexts. Future work should extend beyond Patan to other sites within the
Valley, and hopefully over the country, and improve the generalization capability of models. However, for the
current scope of the work, these nine classes provide an adequate base for analyzing the capability of automated
monument recognition in the context of edge devices.

3.3. Model development

The architecture of the model is illustrated in Figure 2} In this figure, MobilenetV2 is used as the
backbone for the model. Transfer learning is employed to design the classification network based on the
MobileNetV2 backbone, which outputs a feature map of size 7 x 7 x 1,280. MobileNetV2 is a lightweight
and efficient CNN designed for low-resource vision applications. It introduces several key enhancements, most
notably the use of inverted residuals and linear bottlenecks. It utilizes depth-wise separable convolutions that
notably reduce the number of calculations required for performing convolutions, resulting in a lightweight,
low-parameter-count network. Inverted residuals enable the network to preserve feature maps through
nonlinearities, which improves the representational capacity of the model.
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Figure 2. Architectural diagram of the model for monument recognition constructed using Visualkeras
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Depthwise separable convolution is an approach in computer vision that reduces both computational
cost and model size without compromising performance. It splits the convolution operation into two distinct
steps: depthwise convolution accompanied by pointwise convolution. A separate filter is applied to each input
channel individually during depthwise convolution. Normally, with n input channels, a standard convolution
uses a filter with depth n, but in depthwise convolution, n filters each with a depth of 1 are used, producing an
output with a depth of 1 per filter. This operation is succeeded by a pointwise convolution, where 1 x 1 filters
of depth n are applied to the depthwise convolution’s output. The number of these 1 x 1 filters determines the
final output depth. Depthwise separable convolution significantly reduces the number of computations, leading
to faster inference times.

For an input feature map X with height I, width W, and depth D (H x W x D), depthwise
convolution applies a separate kernel individually to each channel. Let K; represent the depthwise filter with
dimensions kp X k,, x 1, where kj is the height and k,, is the width of the filter. For each input channel d
(where d ranges from 1 to D), the depthwise convolution output Y; can be defined as in (1).

kw—1kp—1

Ya(i,j)= > > Ka(m,n)  Xa(i+m,j+n) (D

n=0 m=0

Where, ¢ and j are spatial indices and, K is the depthwise filter applied to the d-the channel of the input.

After performing depthwise convolution, the pointwise convolution kernel is applied to the output
across different channels. The pointwise convolution uses a 1 x 1 filter K, with dimensions 1 x 1 x D x M,
where M is the desired number of output channels. The output Z,,, for the m-th output channel can be expressed
as in (2).

D
Zn(is ) = Y Kp(d,m) - Ya(i, ) )
d=1

Where K,(d, m) is the pointwise filter coefficient connecting the d-th input channel to the m-th output channel,
and Yy(4, 7) is the output of depthwise convolution for channel d.

The MobileNetV?2 backbone is succeeded by a global average pooling (GAP) layer and an immediate
dropout layer. GAP reduces 7 x 7 x 1,280 feature maps to a 1,280-dimensional vector by averaging the
values in each 7 x 7 feature map. This reduces the dimension and computational complexity. A dropout layer
of probability p, is then employed to mitigate overfitting by setting a fraction of the neurons’ output to zero
during training with probability p. This combination ensures that the model generalizes well and maintains
high performance on novel data.

Next, a fully connected block is introduced to work as the classifier for the model. The architecture
of the fully connected block is varied to determine the optimal network design. The fully connected network
(FCN) architectures under consideration are: i) simple FCN: a single-layer FCN with 9 neurons; ii) two-layer
FCN: a double-layer FCN, having 18 neurons followed by 9 neurons; and iii) three-layer FCN: a FCN with
three layers, consisting of 36, 18, and 9 neurons in the first, second, and final layers, respectively. Additionally,
each architecture is tested with and without dropout to evaluate its impact on performance. The detailed results
of these experiments, including the impact of dropout, are discussed in the results section.

3.4. Model choice justification

MobileNetV2 [25] is a lightweight CNN model that is specifically built for edge-case usages. In this
context, MobileNetV2 was chosen because of its high accuracy and efficiency in public benchmarks. This is
important for the system as it aims for real-world deployment in a resource-constrained environment.

3.4.1. Rationale for MobileNetV2

MobileNetV2 uses depthwise separable convolutions for convolution operations. This reduces
parameters and floating-point operations while still maintaining high performance. As a result, the model
is comparatively very small in weight and is a solid option for mobile deployment. Since practical usability is
a long-term goal of this research, model efficiency was weighted alongside accuracy in the design decisions.
MobileNetV2 also performs very well in transfer learning. Since the dataset of 1,832 images is very modest
compared to standard model training datasets, transfer learning was a necessity. Transfer learning has also
proven to be a much better option than training from scratch, even in cases of huge dataset availability.
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By using MobileNetV2, the weights of the model that were already trained on 1,000 classes of ImageNet
were leveraged [24]. This allowed for faster convergence and high accuracy right off the bat during training.
As a result, the model achieved 99% accuracy in the experiments.

3.4.2. Consideration of alternative architectures

Other architectures that are widely used for detection tasks were also considered. EfficientNet [32]]
models offer very strong performance, above that of MobileNet. However, they are heavier and thus require
higher computation resources than MobileNet. This decreases their practicality and makes them less viable
for edge-case uses. YOLO-based models [19] are one of the most widely used models in computer vision.
They offer the highest performance in complex scenarios and sub-second detection, making them useful
for detection within videos too. However, since monument classification is a much simpler task where a
monument dominates the image, adding a full detection pipeline complicates the system and introduces the
risk of overfitting. As MobileNetV2 was providing similar performance with a simpler pipeline, it was selected
for the model.

3.4.3. Design trade-off perspective

The model selection reflects a deliberate trade-off that prioritizes practicality and generalization over
higher numbers. A lightweight model reduces the risk of overfitting and is easier to deploy in low-resource
devices such as smartphones. These are practical advantages that speed up the model development as well as
the deployment time. Still, other lightweight models with similar usability are recognized and discussed in
subsection However, within the scope of this work, MobileNetV2 stands out as a solid option for the
backbone of the recognition pipeline.

3.5. Training and evaluation

The functioning of all models was assessed on the monument recognition dataset using accuracy
and loss as performance metrics. The total training epochs for each model was 80 epochs, 50 epochs of
classification-head training with a learning rate of 0.001, followed by 30 additional epochs of fine-tuning with
the learning rate decreased to 0.0001. During fine-tuning, the last 29 layers of the base model were unfrozen.
This training process was repeated for 3 turns for each model to account for variability introduced by stochastic
factors such as random initialization, data shuffling, and batch processing. The accuracy metrics for the last 5
epochs are also calculated to assess the model’s stability during the final phase of fine-tuning. The most robust
model is identified with a focus on minimizing overfitting. After selecting the best model, a hyperparameter
search is conducted to maximize performance after training. The hyperparameters under consideration are
listed in the Table [2] The base model i.e., MobilenetV2 consists of a total of 154 layers including the input
layer. The main convolutional block with residual connection consists of 9 layers. The hyperparameter space
for the number of layers to unfreeze is chosen in such a way that each step-increase unfreezes a convolutional
block in the base model. Random search is used to find the best hyperparameter combinations for both initial
training and fine-tuning. Early stopping with a patience value of 5 is also employed during the search, with
maximum trials set to 75 for initial training and 40 for fine-tuning. The best hyperparameter combination is
then used to train the model and evaluate its performance on the test set. The performance metrics used are
recall, precision, and F1-score as defined in [33]].

Table 2. Hyperparameters search space

Phase Hyperparameter Value
Initial training Learning rate 0.01 to 0.0001 (Sampling = log)
Dropout rate 0.2,0.3,0.4,0.5and 0.6
No. of epochs 20, 30, and 40
Batch size 0.2, 16, 32, and 64
Regularization factor (L2) 0.1 to 0.001 (Sampling = log)
Optimizer Adam, root mean square propagation (RMSprop) and
Stochastic gradient descent (SGD) (with momentum)
Fine tuning Learning rate 0.001 to 0.000001 (Sampling = log)
No. of layers to unfreeze 29, 38, 47, 56, and 65
No. of epochs 30, 40, and 50
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3.6. Data augmentation rationale

Data augmentation helps improve the robustness of deep learning models when the dataset is small.
Since the dataset is relatively small, data augmentation was used in the training pipeline. This effectively
increases the diversity within the same sample and reduces the risk of overfitting.

3.6.1. Selected augmentation strategies

The augmentation pipeline consisted of several different image transformation operations. These
include rotation, brightness, contrast adjustments, and horizontal flipping. These transformations were chosen
as they reflect the most commonly occurring scenarios where people click images. Rotation represents the
slight viewpoint changes that are caused when handheld cameras get tilted while clicking images. This is
also one of the most common forms of aberrations in images. Casual photographers rarely maintain a perfectly
aligned camera, and these slight angular variations are common in clicked images. Having datasets that account
for these variations helps the model become robust when facing such edge cases in practical usage.

Brightness and contrast adjustments are incorporated to account for images clicked under different
lighting conditions. Depending upon the time of day and weather, images captured of monuments can differ
significantly. While the original dataset itself contains images clicked during different times of the day,
augmentation using brightness and contrast modifications complements the training further. This allows the
model to learn features that are less dependent on specific lighting conditions. Horizontal flipping is used to
increase the visual diversity of the samples. Many monuments exhibit approximate bilateral symmetry and
maintain identity even when mirrored. This also simulates cases where images are not flipped after capturing
with a front-facing camera.

3.6.2. Parameter selection considerations

The augmentation parameters are kept within a moderate range that simulates the real-life aberration
scenarios. This also prevents generating unrealistic samples, which only consumes training time but doesn’t
provide any gains. The intention with augmentation was to complement our already diverse dataset with
plausible photographic variations. Extreme transformation can lead to degraded model learning, as it can
distort the monument completely and shift the model’s weight towards recognizing these distorted samples.

3.6.3. Considered but excluded techniques

Other widely used augmentation techniques, such as random cropping and noise injection. However,
they were not included in the augmentation pipeline, as they are not indicative of practical photographic
variations. Random cropping has the risk of removing the key architectural feature within the image, and
may lead to label ambiguity. Similarly, injecting artificial noise could lead to the model trying to learn the
features of the noise instead of the monuments. As the initial dataset already contains realistic variations of
noise and cropping, the models trained on the dataset are well-equipped to handle such aberrations in practical
use.

3.6.4. Role in generalization

The augmentation strategy was designed to introduce realism and balance diversity. By exposing the
model to the controlled variations of the same samples, it is encouraged to learn invariant features. This results
in improved generalization and robust performance across conditions.

3.7. Development

After evaluating the best model, it is deployed as a smartphone application for real-time monument
recognition. Fast application programming interface (FastAPI) is used to develop the backend server, which
handles model inference requests. FastAPI allows asynchronous operations for seamless communication
between the smartphone application and the backend server. For the mobile application, the Flutter framework
is used, which allows us to build a cross-platform app from a single codebase. To manage hypertext transfer
protocol (HTTP) requests and interactions with the FastAPI backend, Dio is employed, a powerful HTTP client
for Flutter.

4. RESULTS AND DISCUSSION
This section presents a comprehensive analysis of the model training and evaluation outcomes,
including ablation studies to validate architectural choices and the effectiveness of regularization techniques.
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Different hyperparameter configurations are systematically evaluated to identify the optimal settings
for final model training, ensuring robust performance across multiple validation metrics. Additionally,
the model’s generalization capabilities are assessed through rigorous testing on an independent test set,
examining both classification accuracy and error patterns to validate the practical utility of the monument
recognition framework.

4.1. Ablation study

Five distinct models were experimented with to examine how different network designs and dropout
rates impact performance. Table [3] summarizes the findings, showing average accuracy and average loss
metrics for both training and validation phases for 3 total training runs. The single fully connected architecture
(9 neurons) achieved the highest training and validation accuracy at 99.77% and 96.42% respectively.

When complexity was added with two fully connected layers (18 and 9 neurons) without dropout, a
significant drop in validation accuracy and an increase in validation loss were observed. This indicates that more
complex models without dropout might overfit the training data. The three-layer model attained an accuracy of
99.40% for training but performed poorly for the validation dataset (92.84%) compared to simpler architectures,
showing signs of overfitting. Incorporating dropout (0.2) into the two-layer and three-layer models reduced
training accuracy but kept validation accuracy consistent. This shows that dropout helps in reducing overfitting
by improving generalization, even though it affects training accuracy. The most complex configuration with
three fully connected layers and dropout (0.2) provided the second highest validation accuracy at 94.44% and
improved performance during fine-tuning.

It should be noted that the training accuracy shown for dropout models will be lesser than their actual
training accuracy as dropout will reduce the accuracy during training and not during evaluation. The average
accuracy metrics of the last 5 epochs show that the single FC architecture and 36 — 18 — 9 dropout had
the most stable training during the last phases. Given the comparable performance between the two models,
Occam’s Razor [34] principle is used to select the simpler model. Occam’s Razor principle suggests that among
competing hypotheses that explain the data equally well, the simplest one should be selected. The single fully
connected layer model thus emerged as the most robust configuration, balancing high accuracy and minimal
overfitting with the simplest architecture design.

Table 3. Average training results for all five fully connected architectures for 3 turns of training

Model Initial-training (50 epochs) Fine-tuning (30 epochs) Average of last 5 epochs
Training Validation Training Validation Training Validation
Accuracy Loss Accuracy Loss Accuracy Loss Accuracy Loss Accuracy Accuracy
9 0.9523 0.1461 0.8543 0.4272 0.9977 0.0069 0.9642 0.0874 0.9971 0.9514
18-9 0.9510 0.1433 0.8556 0.4185 0.9974 0.0122 09111 0.2858 0.9968 0.9188
18-9 0.8027 0.5303 0.8222 0.5423 0.9322 0.1827 0.9222 0.2186 0.9298 0.9081
dropout
36-18 0.9453 0.1541 0.8469 0.4247 0.9940 0.0159 0.9284 0.2184 0.9944 0.9163
36-18-9 0.8548 0.4267 0.8469 0.4987 0.9487 0.1485 0.9444 0.2111 0.9484 0.9321
dropout

4.2. Hyperparameter search and training

The hyperparameters listed in Table [2] were searched for using random search. The best values for
each hyperparameter are listed in Table [d] The training of the single-layer (9 neurons) model was conducted
for a total of 80 epochs.

The hyperparameters used were the ones that gave the best validation accuracy during the
hyperparameter search. For the fine-tuning, the last 47 layers of the base model were unfrozen. The training
curves of the complete process are shown in Figure 3] The pink dotted line in this figure indicates the start
of fine-tuning with the last 47 layers of MobileNetV2 unfrozen. The final training accuracy of the model is
100.00% with a loss of 0.0345.

The model demonstrated exceptional performance on the validation set as well, with a loss of 0.0470
and a near-perfect accuracy of 99.63%. The model’s validation accuracy at the end of the 30th epoch,
i.e., before fine-tuning was 82.22%. These findings show that the model’s performance and generalization
improved considerably during the fine-tuning phase. The negligible difference between the accuracy metrics
also indicates that the model is not overfitting.

A transfer learning-based approach for automatic monument detection (Santosh Giri)
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Table 4. Hyperparameters best values

Phase Hyperparameter Best value
Initial training Learning rate 0.001
Dropout rate 0.2
No. of epochs 30
Batch size 32
Regularization factor (L2) 0.006285
Optimizer Adam
Fine tuning Learning rate 0.000193
No. of layers to unfreeze 47
No. of epochs 50
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Figure 3. Training curves for the best model

4.3. Test set evaluation

A final evaluation of the model was conducted on the test set consisting of 283 images across the 9
classes with distribution as in Table[I] The model achieved a splendid accuracy of 98.94% with minimal loss
of 0.0810. The performance across the classes was splendid as perfect F1-score, recall, and precision scores
were achieved in 4 classes. The performance metrics of individual classes along with the average are listed
in Table[5] Out of 283 images, only 3 instances of images were misclassified and had metrics less than 1, as
shown in Figure [d An instance of the Garuda Pillar, the Dhungey Dhara, and the Harishankara Temple were
misclassified. The performance metrics of misclassified classes are greater than 0.96 with the exception being
the recall of Garuda Pillar (0.9333) and precision of Vishwanath Temple (0.9394). The macro average recall
(0.9846), precision (0.9904), and F1-score (0.9872) are all above 0.98. The weighted averages of performance
metrics are also greater than 0.98. This demonstrates that the model performs consistently across the classes.

Table 5. Performance metrics of all the classes for the test set

Class Precision  Recall ~ Fl-score  Size
Bhimsen Temple 1.0000 1.0000 1.0000 42
Char Narayan Temple 1.0000 1.0000 1.0000 35
Dhungey Dhara 1.0000 0.9615 0.9804 26
Garuda Pillar 1.0000 0.9333 0.9655 15
Harishankara Temple 1.0000 0.9667 0.9831 30
Krishna Mandir 0.9744 1.0000 0.9870 38
Narayan Temple 1.0000 1.0000 1.0000 37
Octagonal Deval 1.0000 1.0000 1.0000 29
Vishwanath Temple 0.9394 1.0000 0.9688 31

Accuracy 0.9894 283

Macro average 0.9904 0.9846 0.9872 283
Weighted average 0.9899 0.9894 0.9894 283
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Figure 4. Confusion matrix highlighting true and predicted labels between monument classes

4.4. Class-wise error and robustness analysis

In order to understand the model behavior, a class-wise analysis is performed. In cultural heritage
recognition tasks, different monuments present different levels of visual complexity. Thus, examining per-class
performance helps identify the strengths and limitations of the approach better, compared to an overall number.

4.4.1. Class-wise performance variability

The results indicate high precision and recall across most monument classes. This suggests that
the model is effectively capturing the visual features of monuments. Still, monuments that have clearly
identifiable structures and unique silhouettes exhibit higher recognition reliability. The Krishna Mandir has
a very distinct facade and structure, and shows a near perfect reconition rate across different training runs.
Yet, a slight performance variability is observed among a few classes. This arises due to several factors.
Many monuments share similar architectural styles. Harishankara Temple and Vishwanath Temple are almost
identical, which even confuses the locals of Patan. This is also translated in the model’s performance, as the
model sometimes classifies Harishakara Temple incorrectly. This happens when both images are captured from
similar viewpoints. The background clutter and occlusion also affect recognition. Patan Durbar Square is an
active hotspot. Many of the samples within the dataset also reflect this. Because of this, many monuments are
often partially occluded by people or surrounding structures. This makes it difficult for models to concentrate on
features that are representative of monuments. Moreover, an edge case in our analysis is when two monuments
are present within the same image. The Garuda Pillar is surrounded by many of the other monuments within
our dataset. It is also not possible to capture the Garuda Pillar without other monuments, as that doesn’t depict
the real-life scenario. As such, the model sometimes misclassified the Garuda Pillar as the other monument
present in the image.

4.4.2. Misclassifications patterns

The analysis of misclassified samples shows that errors typically occur between monuments that share
visual similarity. Some of these have been discussed in depth in subsection [#.4.1] This highlights that while
the model is learning meaningful visual representations of monuments, they still struggle when discriminative
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features between classes are very subtle or partially occluded. However, these misclassifications are not random
and reflective of mistakes that even local makes.

4.4.3. Robustness considerations

Despite these challenges, the model shows robust performance as the overall misclassification rate is
negligibly small. This robust performance can be attributed to transfer learning and the data augmentation
pipeline. The model also maintains its performance across varying lighting conditions, highlighting the
importance of careful dataset curation. Nevertheless, it is acknowledged that the robustness could be further
improved through larger datasets. This is especially true for cases where monuments share visual similarities.
Incorporating more images with controlled variation in occlusion and crowd presence may help the model
better handle complex real-world scenarios.

4.4.4. Practical implications

The observed performance indicates that the proposed approach is suitable as a supportive tool for
monument identification. It can be acceptable in many heritage-assistance applications, particularly when
predictions are accompanied by confidence scores or contextual information. Nevertheless, there remains room
for future refinement.

4.5. Overfitting and generalization considerations

Overfitting is a common concern in deep learning applications involving relatively small datasets.
With 1,832 images distributed across nine monument classes, there is an inherent risk that a model may
memorize training samples rather than learn generalizable visual patterns. Therefore, several design choices in
this study were guided by the goal of promoting generalization.

4.5.1. Architectural simplicity and Occam’s Razor

One notable finding of the work is that a single fully connected layer on top of the pretrained backbone
achieved better performance than deeper classifier heads. This shows that simple models can generalize better
when the training data is limited. Adding more parameters increases the representational power of the model,
but also introduces the problem of overfitting. A case was also found where both simpler and complex
model architectures performed comparatively during the initial model selection phase. To solve this selection
dilemma, Occam’s Razon principle was utilized [34]. Occam’s Razor is a problem-solving principle that states
the simplest explanation with the fewest assumptions is usually the best or most likely to be correct. In machine
learning terms, Occam’s Razor is understood as a principle favoring simpler models over complex ones when
both achieves comparative predictive performance. This is because simpler models usually generalize better to
new data and are less prone to overfitting noise.

4.5.2. Role of transfer learning

Transfer learning is now a standard approach in computer vision tasks. In any computer vision task,
detecting a certain structure involves understanding the points, edges, vertices, and design elements that form
that structure. Training a model from scratch will lead to model fitting to the training dataset. This is because
the model is limited to a smaller dataset. In reality, many structures share similar design elements and geometry
despite being completely different in overall form. By utilizing weights of a model already trained on a
huge dataset, the model can be trained to concentrate only on distinctive elements required for classifying
the monuments. This leads to higher performance, generalization, and robustness.

4.5.3. Effect of regularization and augmentation

Regularization is used to combat the issue of overfitting. Dropout is used to ensure that every
parameter in the model contributes to the final prediction. This leads to a better generalization. During dropout,
the model also effectively becomes much simpler and reduces overfitting risks. Data augmentation is used to
improve the robustness of the model. As discussed in subsection 3.6, data augmentation helps the model to
learn invariant features. This also reduces overfitting and improves generalization. Together, these strategies
help reduce the gap between training and testing performance.
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4.5.4. Generalization scope

While the model shows exceptional performance within the Patand Durbar Square dataset, it cannot
be assumed that this will translate well to other heritage sites without evaluating on samples of those sites.
Different monuments have different architectural styles, textures, and contexts. These vary across regions.
These affect the recognition performance. Computer vision models usually don’t generalize to unseen data
without further training. Thus, the present results only presents a strong evidence of performance within the
studied heritage zone.

4.5.5. Practical perspective

The current generalization capability of the model is suitable for localized heritage assistance and
guided-tour support systems, focused on the monuments of Patan Durbar Square. Despite dataset constraints,
the model provides very robust performance across conditions. This makes the edge deployment of the model
all the more practical.

4.6. Future work

In future work, the dataset can be expanded to include a broader range of monument types in different
heritage sites of the Kathmandu Valley to better capture visual diversity and improve the robustness of the
model. Further research can be done to explore multi-monument detection in complex scenes where multiple
heritage structures appear within the same view. Hence, a video-based object detection formulation for the
multi-monument detection task might be an alternative future approach.

5. CONCLUSION

A comprehensive deep-learning solution was developed for a monument recognition smartphone
application trained on the dataset. Pre-trained weights from MobileNetV2 were used to create a specialized
fully linked architecture. Following thorough testing with several architectures, a single fully connected layer
model was determined to perform the best. The model attained an excellent test accuracy of 98.94% and
showed robust performance with macro-average recall of 0.9846, precision of 0.9904 , and F1-score value of
0.9872. These metrics illustrate the model’s excellent generalization skills as well as its ability to distinguish
between similar architectural structures. The mobile application was created using Flutter with the backend
powered by FastAPI. The application is intended to be user-friendly and efficient, allowing users to quickly
and accurately identify monuments using their mobile devices. Although the model performed admirably, it
could be enhanced in the future by using a bigger dataset with a greater variety of classes to represent all the
monuments in the Kathmandu Valley. Furthermore, exploring attention mechanisms and multi-modal datasets
for recognizing monuments could also be a path to enhance the model. Real-time training could be used
on the application side to constantly enhance the model’s capabilities. This study demonstrated that transfer
learning and data augmentation achieve near-perfect accuracy (98.94%) for automated monument recognition
in Patan Durbar Square. The framework successfully integrates MobileNetV2 with deep learning for practical
heritage site identification, establishing a foundation for cultural preservation and tourism initiatives across
South Asia. Future work should focus on expanding the dataset to encompass all Kathmandu Valley monuments
and investigating advanced techniques such as attention mechanisms and on-device transfer learning to enhance
scalability and real-time capabilities.
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