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1. INTRODUCTION

Concrete structures are essential elements critical to the safety of building occupants and
construction. However, these structures tend to deteriorate over time, with cracking, which is one of the most
common forms of damage, varying in severity. These include severe cracks requiring urgent repair,
e.g., diagonal wall cracks indicating structural problems, vertical beam cracks affecting building stability, and
rust-exposed cracks showing reinforcement deterioration. Cracks requiring monitoring include column
cracks, roof cracks that may cause leakage, and road cracks that could develop into potholes. Minor cracks
refer to crazing and slight material degradation. Recent advances in automated detection systems have
enabled more efficient identification and classification of these various crack types [1], [2].
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In general, structural cracks wider than 0.3 millimeters can lead to reinforcement deterioration,
strength loss, and potentially structural collapse. Deep learning-based crack detection systems have
demonstrated effectiveness in identifying cracks and predicting damage severity in reinforced concrete
structures [3], [4]. Early and regular detection and assessment of concrete cracks are significant for
maintaining structural integrity, allowing for identification and repair before cracks progress to severe
structural damage while reducing long-term maintenance costs.

Traditional concrete crack inspection methods include visual inspection [5], crack width gauge
measurements, microscopic examination, ultrasonic flaw detection, and high-resolution imaging techniques.
However, these approaches have several limitations, such as being time-consuming, requiring expert
involvement, and accuracy depending on inspector experience, along with efficient but cost-prohibitive
equipment [5], [6]. Automated crack-detecting systems have been made possible by progress in image
processing and artificial intelligence. In particular, deep learning [7]-[9] has demonstrated remarkable
potential in detecting, classifying, and assessing the severity level of cracks from images with high accuracy.
Convolutional neural networks (CNNs) [10], [11] are popular deep learning architectures for image analysis,
enhanced by Al-assisted automation systems for practical deployment. These networks are capable of
automatically learning crack characteristics through transfer learning approaches [12], [13], which leverage
pre-trained models to improve performance even with limited training data. Currently, there is significant
interest in developing high-performance, lightweight models for mobile devices. Models such as mobile
network (MobileNet), visual geometry group-16 (VGG-16), and residual network-50 (ResNet-50) [14], [15]
are designed to operate efficiently on resource-constrained devices.

However, deploying these models on mobile devices remains challenging due to processing
resources, memory, and power limitations [16]. While deep learning has shown effectiveness in various
concrete crack detection applications [17], [18], comparative studies evaluating model performance on
mobile devices remain limited [19], particularly regarding the trade-offs between detection accuracy,
resource utilization, and processing speed [20]. Recent comprehensive reviews of crack detection
technologies have highlighted the growing importance of automated systems for infrastructure
inspection [21].

Advanced techniques combining U-Net and fully convolutional networks have shown enhanced
performance in classifying concrete damage under various environmental conditions [22]. Therefore, this
research focuses on comparing the performance of three deep learning models, namely MobileNet, VGG-16,
and ResNet-50, for concrete crack detection on mobile devices [23], [24]. These CNN architectures have
demonstrated effectiveness in automated crack detection for structural health monitoring applications [3].

The novelty of this study lies in three key contributions:

i) A fine-grained classification scheme comprising 10 crack categories across three severity levels,
enabling more precise structural damage assessment than conventional binary detection.

ii) A systematic hyperparameter optimization framework covering epoch selection, learning rate, dropout
rate, and optimizer selection, tailored specifically for mobile-constrained deployment.

iii) End-to-end mobile deployment via TensorFlow Lite conversion and Flutter-based application
development, demonstrating real-world feasibility for field inspection without specialized equipment.

The study considers not only detection accuracy but also crucial factors for practical
implementation, such as model size [25] and processing speed. Additionally, the research includes
hyperparameter optimization to find the optimal balance between performance and resource utilization [26].
This comparative study of deep learning models for mobile-based concrete crack detection has significant
practical implications for civil engineering and structural maintenance. By identifying the most suitable CNN
architecture for mobile applications [27], this research contributes to the development of more accessible,
efficient, and reliable crack detection tools. These tools can be widely utilized by construction professionals,
building inspectors, and maintenance personnel [28], as well as homeowners interested in examining cracks
in their own properties.

2. METHOD

This research employs an experimental approach focused on comparing deep learning model
performance for concrete crack detection on mobile devices. Quantitative research methodology was used for
analysis and evaluation. The research process consists of nine main stages: i) concrete crack image dataset
collection and preparation, ii) dataset partitioning, iii) deep learning model preparation, iv) model adaptation
for crack detection, v) model training, vi) testing and performance evaluation, vii) result analysis and
comparison, viii) model deployment testing on mobile devices, and ix) performance and resource utilization
analysis. The details of each stage are as follows.
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2.1. Dataset collection and preparation

In the data collection and preparation phase, 1,634 crack images were gathered from two sources:
online databases and researcher-captured photographs. The images were classified according to crack
location and cause into 10 classes: i) diagonal wall center cracks, ii) material deterioration cracks, iii) column
cracks, iv) road cracks, v) roof cracks, vi) rust-tinted reinforcement cracks, vii) hairline cracks, viii) vertical
beam center cracks, ix) general cracks, and x) non-crack images. This detailed image categorization enables
the model to effectively learn the distinctive characteristics of each crack type. Although 1,634 images are
relatively small compared to large-scale datasets, the use of transfer learning addresses this constraint. All
three models were initialized with weights pre-trained on ImageNet, which contains over 1.2 million images
across 1,000 categories. As a result, the models could apply previously acquired visual knowledge to the
crack classification task, reducing the need for a large domain-specific training set.

2.2. Dataset partitioning and organization

To ensure efficient model training and evaluation, the dataset management was systematically
organized. All collected images were first uploaded and structured in category-specific folders on
Google Drive facilitates streamlined data access and management. Following standard machine learning
practices, the complete dataset was partitioned into three distinct sets using a conventional split ratio: 60% of
the images were allocated to the training set for model learning, 20% to the validation set for parameter
tuning and optimization, and the remaining 20% to the test set for final performance evaluation. Each set
contained a balanced distribution of images from all ten crack categories to ensure representative sampling.
The 60/20/20 split ratio was selected following standard practice in deep learning research, ensuring
sufficient training data while keeping the wvalidation and test sets independent. Although k-fold
cross-validation could improve result reliability, it was not applied here due to the high computational cost of
training three large pre-trained models across multiple folds. Figure 1 illustrates this organizational structure,
showing both the folder hierarchy and representative sample images from all ten crack categories used in this
study, including eight distinct crack types, general objects, and crack-free surfaces.
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Figure 1. Dataset organization and folder hierarchy by crack categories

2.3. Deep learning model preparation

To compare model performance and size, three high-performance deep learning models were
selected: MobileNet, VGG-16, and ResNet-50. Initial hyperparameters were standardized across models as
follows: input layer =224x224 (RGB), convolutional 2D layers with rectified linear unit (ReLU) activation
function, dropout rate =0.3, dense layer =10 with softmax activation function, Adam optimizer,
learning rate =0.01, categorical cross-entropy loss function, and epochs =15. This selection of models allows
detailed evaluation of different architectural performances in concrete crack detection.

2.4. Model optimization for crack detection

This process involves finding optimal parameter configurations for each model to maximize
performance and prevent overfitting. Hyperparameter optimization is particularly critical for deep learning
applications on mobile devices, as suboptimal configurations may result in either underfitting, where the
model fails to capture essential crack features, or overfitting, where the model becomes overly specialized to
training data and loses generalization capability. The following parameters were systematically tuned through
controlled experiments to identify the configuration that achieves the best balance between detection
accuracy and computational efficiency on resource-constrained mobile devices.
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2.4.1. Optimizer comparison

The selection of an appropriate optimizer is crucial for deep learning model performance.
Optimizers are algorithms that adjust neural network parameters during training to minimize the loss
function. This study compared three widely used optimizers: stochastic gradient descent (SGD), Adam, and
AdamW, each with distinct characteristics affecting convergence speed and final model performance.

SGD updates parameters using random subsets of training data in each iteration. Though its
convergence is slower than adaptive methods, it tends to generalize well due to the natural noise in its
gradient estimates. Adam computes individual learning rates for each parameter based on first and second
moment estimates, which works well for data with sparse gradients or noisy data. AdamW builds on Adam
by separating weight decay from the parameter update step, which helps reduce overfitting more effectively
than standard Adam.

For this comparative study, all three optimizers were evaluated under identical conditions with a
learning rate of 0.03, a dropout rate of 0.3, and 20 training epochs. The performance evaluation focused on
training stability, convergence speed, and final accuracy on the validation set. This systematic comparison
aimed to identify the optimizer that provides the optimal balance between training efficiency and model
performance for mobile-based concrete crack detection.

2.4.2. Learning rate

The learning rate is a critical hyperparameter that controls the magnitude of parameter updates
during model training. It determines how quickly the model adapts its weights to minimize the loss function,
directly influencing both the convergence speed and the stability of the training process. In this study,
learning rates ranging from 0.01 to 0.1 with an interval of 0.01 were systematically evaluated to determine
the optimal value for each deep learning model.

Higher learning rates usually achieve faster convergence. However, they risk overshooting the
optimal solution, potentially causing training instability and degraded model performance. Conversely, an
excessively low learning rate leads to slow convergence and may become trapped in local minima, requiring
significantly more epochs to achieve satisfactory results. Therefore, selecting an appropriate learning rate is
essential for achieving reliable model performance in crack detection tasks.

This study conducted learning rate optimization experiments while keeping all other
hyperparameters constant, including an input layer size of 224x224 (RGB), a dropout rate of 0.3, the Adam
optimizer, a dense layer with 10 nodes using softmax activation, categorical cross-entropy loss, and
20 training epochs. This controlled setup ensured that observed variations in accuracy and loss metrics were
directly attributable to changes in the learning rate. All other factors remained unchanged to isolate the
learning rate's effect.

2.4.3. Dropout rate

The dropout rate is a regularization technique applied during training to prevent overfitting by
randomly deactivating a proportion of neural network nodes in each training iteration. This mechanism
encourages the network to learn more general features rather than memorizing specific patterns in the
training data. In this study, dropout rates ranging from 0.1 to 0.9 were tested to find the value that best
balances model complexity and generalization performance.

A dropout rate that is too low allows the model to memorize training samples, resulting in poor
performance on unseen data. On the other hand, setting the dropout rate too high limits the model's ability to
learn, causing underfitting and reduced accuracy. Selecting an appropriate dropout value, therefore, requires
careful tuning to ensure the model learns meaningful crack features without becoming too specialized to the
training set.

The dropout rate optimization was performed with all other hyperparameters held constant,
including an input layer size of 224x224 (RGB), Conv2D layers with ReLU activation, a dense layer with
10 nodes and softmax activation, the Adam optimizer, a learning rate of 0.03, categorical cross-entropy loss,
and 20 training epochs. This systematic approach allowed precise identification of the dropout rate that yields
the best trade-off between training accuracy and generalization performance. The evaluation focused on
performance across the ten crack categories.

2.4.4. Epoch selection

The number of training epochs determines how many complete passes the model makes through the
entire training dataset during the learning phase. Each epoch allows the model to update its internal
parameters based on the accumulated gradient information, progressively improving its ability to classify
concrete crack images. In this study, training epochs of 5, 10, 15, 20, 30, and 50 were evaluated to identify
the optimal number of iterations for each model. An insufficient number of training epochs may result in an
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undertrained model that has not yet converged to a stable solution, leading to lower accuracy on test data. On
the other hand, excessive training epochs can lead to overfitting, where the model becomes highly specialized
to the training data patterns and loses its ability to generalize to new, unseen images. Monitoring both
training and validation performance across epochs is essential to identify the point at which further training
no longer improves or begins to degrade generalization performance.

The epoch optimization experiments were conducted under identical conditions for all three models,
with fixed hyperparameters including an input layer size of 224x224 (RGB), Conv2D layers with ReLU
activation, a dropout rate of 0.3, a dense layer with 10 nodes and softmax activation, the Adam optimizer, a
learning rate of 0.01, and categorical cross-entropy loss. This standardized protocol enabled direct comparison
of convergence behavior across different training durations. The task focused on concrete crack detection.

2.5. Model training

The three models, namely MobileNet, VGG-16, and ResNet-50, were trained on the prepared
dataset. The data was split into training (60%), testing (20%), and validation (20%) sets, containing 980, 327,
and 327 images, respectively. Each set maintained a balanced distribution across all ten crack categories to
ensure representative model training. During the training phase, each model progressively learned
discriminative features from the training set while the validation set was used to monitor generalization
performance and tune hyperparameters. The training process utilized a categorical cross-entropy loss
function to measure the discrepancy between predicted and actual crack classifications, with the Adam
optimizer employed to efficiently update model weights. All three models were trained under identical
conditions to facilitate a fair and systematic comparison of their respective performance characteristics.

The training procedure was repeated for multiple configurations as part of the hyperparameter
optimization process described in sub-section 2.4. Performance metrics, including accuracy and loss values,
were recorded at each epoch to enable detailed analysis of training dynamics, convergence behavior, and
potential overfitting patterns for each of the three deep learning architectures. This systematic evaluation
approach ensured reliable identification of the optimal model configuration for mobile-based crack detection.

2.6. Testing and performance evaluation

After the training and validation phases were completed, the final performance of each deep
learning architecture was evaluated using an independent held-out test set consisting of 327 images. This test
set was strictly excluded from all stages of model development, including training, validation, and
hyperparameter optimization, in order to provide an unbiased estimate of each model’s generalization
capability. By evaluating the trained models on previously unseen data, the testing procedure assessed their
practical reliability for mobile-based concrete crack classification. Model performance was assessed using
classification accuracy and categorical cross-entropy loss. Classification accuracy measured the proportion of
correctly predicted samples across the ten crack categories, providing a direct indication of overall
recognition performance. Categorical cross-entropy loss evaluated the discrepancy between the predicted
probability distributions and the corresponding ground-truth labels, reflecting the quality and confidence of
the model predictions. Together, these metrics provide a clear basis for comparing the predictive
effectiveness of the evaluated architectures.

In addition to classification performance, model file size was recorded as a deployment-oriented
criterion. Since the intended application involves mobile-based concrete crack detection, model compactness
is an important practical consideration. A model must not only achieve reliable classification performance
but also remain suitable for storage and deployment on resource-constrained mobile devices. Therefore, the
evaluation considered accuracy, loss, and model size to support a balanced comparison among the three deep
learning architectures. While additional diagnostic analyses may be useful in future extended studies, the
present evaluation focused on these criteria because they directly reflect the study’s objective of comparing
predictive performance and deployment suitability for mobile-based crack detection.

2.7. Result analysis and comparison

This research conducted the analysis and comparison of results in two main aspects to provide a
complete assessment of model suitability for mobile-based concrete crack detection. The first aspect focused
on comparing the initial performance of the three pre-trained models, namely MobileNet, VGG-16, and
ResNet-50, under identical experimental conditions. The second aspect involved detailed fine-tuning
optimization of the selected best-performing model to maximize its detection capabilities. The comparative
analysis framework evaluated multiple performance dimensions, including classification accuracy, loss
convergence behavior, model file size, and training efficiency. These metrics were selected to capture both
the predictive capability and the practical deployment requirements of each model architecture. Statistical
analysis of the results across different experimental configurations provided reliable evidence for model
selection decisions.
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The final analysis synthesized findings from both the initial model comparison and the
hyperparameter optimization experiments to identify the optimal configuration for concrete crack detection
on mobile devices. This integrated approach ensured the selected model achieved superior classification
performance while meeting practical mobile deployment constraints. Those constraints included acceptable
file size, processing speed, and resource utilization.

2.7.1. Transfer learning-based model comparison

The performance of the three models was compared considering key factors: accuracy, loss values,
model size, and training time. Transfer learning was used instead of training complex deep learning models
from scratch with randomly initialized weights, which would require extensive data and computational
resources. This approach uses pre-trained models' knowledge from similar tasks, reducing training time for
large models while maintaining effectiveness.

2.7.2. MobileNet fine-tuning optimization

The optimization process involved systematic adjustment of four key parameters. The number of
epochs was varied across six levels, 5, 10, 15, 20, 30, and 50, to determine the optimal training duration. The
learning rate was tested within a range of 0.01 to 0.1, while the dropout rate was explored from 0.1 to 0.9 to
evaluate regularization effectiveness. Additionally, three optimizers, namely SGD, Adam, and AdamW, were
compared to identify the most suitable algorithm for the MobileNet model.

2.8. Mobile device implementation testing

MobileNet model was converted to TensorFlow Lite (.tflite) format and deployed on an Android
mobile device for field testing. The mobile application was developed using Flutter framework, integrating
the converted model with a camera interface that captures real-time images for crack classification. Test
results revealed performance variations compared to laboratory testing due to external factors such as camera
quality, lighting conditions, and color variations. To enhance real-world accuracy, the dataset was expanded,
particularly in the general crack category, and additional augmentation techniques were applied during
training to improve model robustness under diverse environmental conditions.

2.9. Performance and resource analysis

Based on comprehensive model testing and hyperparameter optimization results, MobileNet was
selected as the final model due to its superior balance between classification accuracy and computational
efficiency. The final configuration incorporated the optimized parameters identified through systematic
experimentation: input layer =224x224 (RGB), Conv2D (activation = ReLU), Dense (10,
activation = softmax), SGD optimizer, learning rate =0.03, dropout rate =0.3, categorical cross-entropy loss,
and 20 epochs. The optimized model achieved 80% accuracy with a training loss of 0.73 and a compact size
of 13.1 MB, and when integrated into the Flutter-based classification application, the total application size
was 110 MB, demonstrating practical feasibility for mobile-based concrete crack detection.

3. RESULTS AND DISCUSSION

This study compares deep learning model performance for crack detection on mobile devices. The
research findings comprise four main sections: i) pre-trained models’ comparison, ii) hyperparameter
optimization, iii) mobile device performance evaluation, and iv) overall model performance comparison. The
details are as follows.

3.1. Pre-trained models’ comparison

This research employed transfer learning techniques [12], [13] using ImageNet weights as
initialization points to reduce model training time. MobileNet, VGG-16, and ResNet-50 models were
compared using identical initial parameters: input layer size of 224x224 (RGB), Conv2D layers (activation =
ReLU), dropout rate =0.3, dense layer (10, activation = softmax), Adam optimizer, learning rate =0.01,
cross-entropy loss function, and 15 epochs. The model adaptation process for all three models, namely
MobileNet, VGG-16, and ResNet-50, began with weights pre-trained on the ImageNet dataset. These
parameters were then fine-tuned for the specific task of concrete crack detection. After optimization, each
model's performance was evaluated using the test set. The performance results of the optimized MobileNet,
VGG-16, and ResNet-50 models are illustrated in Figure 2, which presents four performance metric graphs
comparing the three models across training epochs. Figure 2(a) and Figure 2(b) display the training accuracy
and training loss curves, while Figure 2(c) and Figure 2(d) present the validation accuracy and validation loss
curves to evaluate optimization effectiveness and potential overfitting for each model architecture.
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Figure 2. Model performance metrics of (a) training accuracy, (b) training loss, (c) validation accuracy, and
(d) validation loss

The performance results of the three models are presented as follows. Figure 2(a) presents the
training accuracy curves of MobileNet, VGG-16, and ResNet-50 over 15 epochs, in which MobileNet
demonstrates the steepest initial convergence and reaches the highest training accuracy at approximately
0.81. Figure 2(b) shows the corresponding training loss curves, where MobileNet and VGG-16 maintain
comparable loss values around 0.89, while ResNet-50 exhibits a slightly higher loss of 0.91. Figure 2(c)
illustrates the validation accuracy trends, revealing that MobileNet achieves the most stable validation
accuracy at approximately 0.77 throughout training, consistently outperforming the other two models.
Finally, Figure 2(d) displays the validation loss progression, in which MobileNet maintains the lowest and
most stable validation loss at approximately 0.80, indicating effective learning without overfitting compared
to VGG-16 and ResNet-50, as summarized in Table 1.

Table 1. Performance comparison of MobileNet, VGG-16, and ResNet-50 models using test set data

Models Accuracy Loss  Epochs Size (MB)
MobileNet 0.81 0.89 15 13.1

VGG-16 0.78 0.89 15 57.9
ResNet-50 0.80 0.91 15 97.1

Table 1 shows that MobileNet achieved the highest accuracy at 81%, followed by ResNet-50 at 80%
and VGG-16 at 78%. MobileNet is the smallest model at 13.1 MB, compared to VGG-16 at 57.9 MB and
ResNet-50 at 97.1 MB. Considering both accuracy and model file size, MobileNet was selected as the choice
for mobile device implementation, offering the best balance between performance and resource efficiency.
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3.2. MobileNet fine-tuning results

The fine-tuning process adapted the pre-trained model for crack detection. This study experimented
with adjusting epochs, learning rate, dropout rate, and optimizer parameters. The results are summarized
as follows.

3.2.1. Epoch optimization results

Training iterations were varied from 5 to 50 epochs while keeping other parameters constant: input
layer =224x224x3, Conv2D with ReLU activation, dropout rate =0.3, dense layer with 10 nodes and softmax
activation, Adam optimizer with learning rate =0.01, and categorical cross-entropy loss. Figure 3 shows
epoch optimization results with four sub-graphs: training accuracy (Figure 3(a)), training loss (Figure 3(b)),
validation accuracy (Figure 3(c)), and validation loss (Figure 3(d)). These plots reveal convergence patterns
and help identify the epoch count that yields optimal generalization performance.
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Figure 3. MobileNet epoch optimization results of (a) training accuracy, (b) training loss, (c) validation
accuracy, and (d) validation loss

The epoch optimization results for MobileNet are presented in Figure 3. Figure 3(a) shows the
training accuracy at different epoch settings (5, 10, 15, 20, 30, and 50), in which the highest training accuracy
of 0.81 is achieved at 20 epochs. Figure 3(b) displays the training loss values across the same epoch
configurations, where the loss increases from 0.75 at 5 epochs to 0.79 at 20 epochs, before rising sharply to
1.29 at 50 epochs. Figure 3(c) illustrates the validation accuracy trends, revealing that performance stabilizes
at approximately 0.73 around 20 epochs and begins to fluctuate at higher epoch counts. Figure 3(d) presents
the validation loss progression, demonstrating that the lowest validation loss of approximately 0.80 is
maintained at 20 epochs, with a notable increase beyond 30 epochs indicating the onset of overfitting, as
summarized in Table 2.
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Table 2. Epoch optimization results using test set data
Round Epochs Accuracy Loss

1 5 0.77 0.75
2 10 0.78 0.83
3 15 0.77 0.93
4 20 0.81 0.79
5 30 0.80 1.03
6 50 0.79 1.29

The experimental results demonstrate that while increasing training epochs can improve model
accuracy, excessive iterations eventually lead to overfitting. The optimal configuration was identified at
20 epochs, achieving the highest accuracy of 0.81 with a stable validation loss of 0.79. Consequently, this
study indicates that model optimization requires a balanced consideration of multiple factors beyond simply
increasing training iterations, including computational efficiency, dataset characteristics, and the inherent
trade-off between training duration and generalization performance.

3.2.2. Learning rate optimization results

The learning rate was adjusted while maintaining other parameters constant: input
layer =224x224x3, Conv2D (activation = ReLU), dense layer (10, activation = softmax), Adam optimizer,
dropout rate =0.3, categorical cross-entropy loss, and 20 epochs. Figure 4 presents the MobileNet
performance results under varying learning rates, with each sub-graph (Figures 4(a)—4(d)) capturing a distinct
performance dimension. The plots reveal how different learning rate values influence convergence stability,
training speed, and the trade-off between model complexity and generalization capability.
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Figure 4. MobileNet performance comparison with learning rate optimization of (a) training accuracy,
(b) training loss, (c) validation accuracy, and (d) validation loss
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The learning rate optimization results are presented as follows. Figure 4(a) presents the training
accuracy across learning rates ranging from 0.01 to 0.10, in which learning rates of 0.01 to 0.03 achieve a
high training accuracy of approximately 0.90 to 0.91 at epoch 20, while learning rates above 0.05 result in
significantly lower accuracy. Figure 4(b) displays the corresponding training loss values, where learning rates
of 0.01 to 0.04 maintain a low training loss near zero after convergence. Figure 4(c) illustrates the validation
accuracy trends, revealing that learning rates of 0.01 to 0.03 achieve a validation accuracy of approximately
0.75 to 0.78 with moderate fluctuations. Figure 4(d) presents the validation loss progression, demonstrating
stable values around 1.0 to 1.5. Finally, the test set evaluation in Table 3 confirms that learning rates of 0.02
and 0.03 achieve the best performance, with an accuracy of 0.78 to 0.79 and a loss of 0.87 to 0.91;
meanwhile, a learning rate of 0.04 shows decreased performance, confirming that the optimal learning rate
range is between 0.02 and 0.03 for balanced model performance.

Table 3. Learning rate optimization results using test set data
Round Learning rate  Accuracy  Loss

1 0.01 0.79 1.29
2 0.02 0.78 0.87
3 0.03 0.79 091
4 0.04 0.74 1.38
5 0.05 0.70 1.26
6 0.06 0.64 1.31
7 0.07 0.58 1.16
8 0.08 0.58 1.30
9 0.09 0.56 1.18
10 0.10 0.56 1.36

From Table 3, experiments with increasing learning rate revealed that accuracy remained stable at
0.78 to 0.79 across learning rates of 0.01 to 0.03, while the lowest loss values of 0.87 to 0.91 were achieved
at learning rates of 0.02 to 0.03. Accuracy demonstrated a consistent declining trend when the learning rate
was increased beyond this optimal threshold, dropping significantly from 0.74 (at learning rate =0.04) to
0.56 (at learning rate =0.10). Consequently, both accuracy and loss patterns confirm that the range of 0.02 to
0.03 provides the most balanced performance, effectively maintaining high predictive accuracy while
ensuring model stability.

3.2.3. Dropout rate optimization results

The dropout rate was adjusted while maintaining other parameters constant: input layer =224x224x3,
Conv2D (activation = ReLU), dense layer (10, activation = softmax), Adam optimizer, learning rate =0.03,
categorical cross-entropy loss, and 20 epochs. Figure 5 displays the performance impact of varying dropout
rates on MobileNet training dynamics through four sub-graphs (Figures 5(a)-5(d)), illustrating how increasing
dropout rates affect model learning capacity, regularization effectiveness, and the balance between training
accuracy and generalization performance on the validation set. Specifically, Figure 5(a) presents training
accuracy, Figure 5(b) presents training loss, Figure 5(c) presents validation accuracy, and Figure 5(d) presents
validation loss.

The dropout rate optimization results are presented in Figure 5(a) shows the training accuracy across
dropout rates from 0.1 to 0.9, in which accuracy remains stable at approximately 0.76—0.79 for dropout rates
between 0.1 and 0.6, before declining sharply to 0.56 at a dropout rate of 0.9. Figure 5(b) displays the
training loss values, where loss fluctuates within a moderate range for lower dropout rates but increases
notably when the dropout rate exceeds 0.7. Figure 5(c) illustrates the validation accuracy trends, revealing
that optimal validation accuracy of approximately 0.70—0.75 is maintained at dropout rates of 0.1 to 0.3, with
a gradual decline at higher values. Similarly, Figure 5(d) presents the validation loss progression,
demonstrating that the most stable and lowest validation loss values are observed in the 0.1-0.3 dropout
range, confirming this as the optimal regularization configuration for the MobileNet model, as summarized
in Table 4.

Based on the dropout rate optimization results shown in Table 4, the accuracy and loss metrics
indicate minimal variation in accuracy during initial increases in dropout rate. However, loss values showed a
notable decrease in the range of 0.1 to 0.3, confirming this as the optimal dropout range for the MobileNet
model. The accuracy demonstrated a consistent declining trend with continuous increases in dropout rate
beyond this optimal range, indicating excessive information loss during training.
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Figure 5. MobileNet performance comparison with dropout rate optimization of (a) training accuracy,
(b) training loss, (c) validation accuracy, and (d) validation loss

Table 4. Dropout rate optimization results using test set data
Round  Dropout  Accuracy  Loss

1 0.1 0.79 1.34
2 0.2 0.77 0.94
3 0.3 0.77 0.97
4 0.4 0.76 0.91
5 0.5 0.76 0.84
6 0.6 0.77 0.7

7 0.7 0.70 0.90
8 0.8 0.61 1.06
9 0.9 0.56 1.18

3.2.4. Study results of optimizer adjustment

The experiment was conducted by maintaining constant values for other hyperparameters as follows:
input layer =224x224x3, Conv2D (activation = ReLU), Dense (10, activation = softmax),
loss = categorical crossentropy, epochs =20, dropout =0.3, and learning rate =0.03. Figure 6 presents the
comparative performance of SGD, Adam, and AdamW optimizers applied to MobileNet training through four
sub-graphs (Figures 6(a)—6(d)). These plots enable direct visual comparison of training stability, convergence
speed, and final performance levels achieved by each optimizer under identical experimental conditions.

The comparative optimizer results are presented as follows. Figure 6(a) presents the training
accuracy curves of SGD, Adam, and AdamW, in which SGD achieves the highest training accuracy of 0.80,
followed by AdamW at 0.78 and Adam at 0.75. Figure 6(b) displays the training loss for each optimizer,
where SGD maintains the lowest loss value of 0.73, while Adam exhibits the highest loss at 0.93, indicating
less effective convergence. Figure 6(c) illustrates the validation accuracy trends, revealing that SGD
maintains the most stable validation accuracy at approximately 0.75 throughout training, while Adam and
AdamW show greater fluctuation. Figure 6(d) presents the validation loss progression, demonstrating that
SGD achieves the lowest and most stable validation loss at approximately 0.80, confirming it as the optimal
optimizer for this concrete crack detection task, as summarized in Table 5, which shows the performance
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comparison of different optimizers, algorithms used for model parameter adjustment. The experimental
results demonstrate that model accuracy across the three optimizers ranged from 0.75 to 0.80, with SGD
achieving the highest accuracy of 0.80.
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Figure 6. MobileNet performance comparison with different optimizers of (a) training accuracy,
(b) training loss, (c) validation accuracy, and (d) validation loss

Table 5. Optimizer performance comparison (SGD, Adam, and AdamW) using test set data
Round  Optimizer  Accuracy  Loss

1 SGD 0.80 0.73
2 Adam 0.75 0.93
3 AdamW 0.78 0.76

The performance of MobileNet achieved in this study can be contextualized within the broader
landscape of deep learning-based crack detection research. A comparative analysis of multiple deep learning
architectures, including Inception-v3, VGG-16, and ResNet-50, for crack detection in buildings using
24,000 images found that Inception-v3 achieved the highest accuracy at 99.98%, while different models
excelled across precision and recall metrics [28]. A study comparing CNN and MobileNetV2 for concrete
crack identification using 40,000 images found that both models achieved comparable detection accuracy;
however, MobileNetV2's significantly smaller model size made it a more efficient selection for mobile
device deployment [18].

In this study, the MobileNet model, achieving 80% accuracy with a compact size of 13.1 MB,
demonstrates competitive performance compared to these existing approaches [18], [28] while maintaining a
significantly smaller model footprint suitable for mobile deployment. Furthermore, a comprehensive
evaluation of 14 lightweight deep learning models, comprising CNN, vision transformer, and hybrid
architectures, for real-time crack detection [27] found that the optimal model selection depends on the
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trade-off between detection accuracy and inference time, with different architectures performing best on
computers versus mobile devices. The findings of the present study align with this perspective, as
MobileNet's favorable balance between detection accuracy and model size positions it as an effective
solution for resource-constrained mobile environments.

Compared to existing research evaluating CNN pre-trained models for concrete crack classification
under standard conditions [17], this study extends the comparative framework by incorporating mobile
device deployment constraints and systematic hyperparameter optimization. The inclusion of optimizer
selection analysis and epoch tuning provides additional practical insights for field-based infrastructure
inspection applications. By demonstrating that MobileNet can achieve 0.80 accuracy with a compact model
size of 13.1 MB, this research contributes to the growing body of knowledge on efficient deep learning
solutions for resource-constrained structural health monitoring. However, misclassification may occur under
poor lighting conditions or when crack characteristics are visually similar across categories; thus, expert
verification is recommended for critical structural assessments.

4. CONCLUSION

This research compared MobileNet, VGG-16, and ResNet-50 for concrete crack detection on mobile
devices using 1,634 images across 10 categories, partitioned at a 60:20:20 ratio. Among the three models,
MobileNet achieved the best performance with 80% accuracy and a training loss of 0.73, using the SGD
optimizer, a learning rate of 0.03, a dropout rate of 0.3, and 20 epochs, while maintaining a compact model
size of 13.1 MB. The optimized model was successfully deployed as a Flutter-based mobile application
totaling 110 MB, confirming its practical feasibility for field-based concrete crack inspection. Future work
should expand the dataset to cover more crack types and environments, include per-class metrics such as
precision, recall, and Fl-score, apply k-fold cross-validation, and report mobile benchmarks including
inference latency and frames per second.
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