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Abstract - The integrity and serviceability of structural
systems are increasingly threatened by aging,
environmental exposure, and insufficient maintenance
practices. Conventional inspection techniques, while
widely used, are labor-intensive, time-consuming, and
often reactive rather than proactive. This study proposes
a predictive maintenance framework using MobileNetV2
(MobileNetV2) to automate the detection and
forecasting of structural surface defects. A custom-
labeled image dataset comprising various damage
types— Intact Crack Spalling Corrosion, is utilized to
train the MobileNetV2 model. The model not only
achieves high accuracy in multi-class damage
classification but also demonstrates potential in
recognizing early patterns of deterioration through
sequential image analysis. Performance evaluation
indicates superior detection precision compared to
traditional deep learning models such as Faster R-
MobileNetV2 and YOLOvS5, with reduced computational
requirements. The findings suggest that the proposed
MobileNetV2- based approach can significantly enhance
structural health monitoring by facilitating timely
interventions and extending the lifespan of
infrastructure. This study contributes toward the
advancement of Al-driven predictive maintenance
systems and their application in real-world civil
engineering contexts.
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1. INTRODUCTION

The increasing complexity and aging of global

infrastructure necessitate innovative approaches to

ensure safety, longevity, and cost-effective
maintenance. Conventional inspection and
maintenance practices, such as manual visual

inspections or non-destructive testing methods, are
inherently reactive, prone to human error, labor-

intensive, and unable to scale effectively for large
structures or networks. With the growing interest in
smart infrastructure, there is a compelling need for
predictive and automated systems that can assess
structural health with minimal human intervention.

Recent advancements in Artificial Intelligence (AI),
especially in Deep Learning, have revolutionized many
engineering domains. MobileNetV2 (MobileNetV2), a
class of deep learning models particularly effective in
image processing tasks, offer a promising pathway
toward real-time and scalable Structural Health
Monitoring (SHM). By leveraging historical image data
and learning visual patterns associated with
degradation, MobileNetV2 enable early detection of
defects and classification of their severity levels. Unlike
traditional models that focus purely on object
detection, MobileNetV2 excel at classification tasks
where nuanced differences in visual features (such as
crack depth or spalling extent) are critical.

In this research, we present a MobileNetV2-based
predictive maintenance system designed to identify
and classify surface defects in civil structures. Our
approach utilizes a custom image dataset, carefully
annotated and restructured from YOLOvV5 format into a
MobileNetV2-compatible structure. The images
represent a spectrum of damage severity: intact, crack,
spalling, and corrosion. Our results demonstrate that
the proposed model not only achieves high
classification accuracy but also holds the potential to
identify deterioration trends when extended with
sequential learning methods.

This study emphasizes the potential of Al-driven
systems in transforming infrastructure maintenance
strategies from reactive to predictive, enabling civil
engineers and city planners to make informed
decisions for extending the service life of critical
assets
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2.LITERATURE REVIEW

Recent advancements in deep learning have
significantly impacted the domain of SHM. Techniques
such as YOLOv5, Faster R-MobileNetV2, and Mask R-
MobileNetV2 have demonstrated high efficacy in
detecting defects like cracks and spalling in concrete
and masonry structures. However, these models are
largely detection-focused and less suited for
classification tasks or predictive insights based on
progressive damage states.

MobileNetV2, on the other hand, offer a simplified
architecture optimized for classification tasks. Prior
studies have shown MobileNetV2 to be effective for
binary and multi-class classification of cracks, dust,
discoloration, and other surface defects.

3.METHDOLOGY

The predictive framework is centered around a
MobileNetV2 designed for multi-class classification of
structural surface defects. The MobileNetV2's
architecture was chosen for its balance between
performance and computational efficiency, making it
viable for deployment in edge devices or embedded
SHM systems.

3.1 Dataset Description

The dataset includes a total of 3757 training
images and

3623 validation images, categorized into four
classes:

e Intact
e Crack
o Spalling

e Corrosion

These images were originally collected and labeled in
YOLOv5 format and later transformed into a flat
classification format suitable for MobileNetV2 training.
Preprocessing steps included:

e Imageresizing to 224x224 pixels

e Normalization of pixel values

e Data augmentation via horizontal/vertical
flipping, rotations, zooming, and brightness
variations to mitigate class imbalance and
improve generalization.

3.2 MobileNetV2 Architecture Overview

The architecture consists of the following key
components:

1. Input Layer: Accepts 224x224x3 RGB images.

2. Convolutional Layers: Five convolutional
layers with increasing filter depths (32, 64, 128,
128, 256) and Kkernel size of 3x3, each
followed by ReLU activation to introduce non-
linearity.

3. Stride and dilation are used instead of pooling
to maintain spatial resolution efficiently.

4. Global Average Pooling: Reduces
dimensions before classification.

spatial

5. Fully Connected Layer: Final dense layer with
dropout and softmax activation.

6. Dropout Layer: Set at 0.3 to regularize the final
dense layer.

7. Output Layer: A softmax activation layer with
four neurons representing: Intact, Crack,
Spalling, and Corrosion.

3.3 Training Configuration

e Loss Function: Categorical Cross-Entropy

e Optimizer: Adam

e Batch Size: 32

e Epochs: 20

e Learning Rate: Adaptive, with early
stopping and check pointing based on
validation loss.

3.4 MODEL WORKING PRINCIPEL

The MobileNetV2 progressively extracts hierarchical
features through convolution operations. In earlier
layers, it captures low-level features such as edges and
textures; in deeper layers, it learns class-specific
features like crack morphology or spall distribution.
These features are then aggregated and interpreted in
the dense layers to output a probability distribution
across the four damage classes. The model's internal
representations allow it to generalize well across new,
unseen images, enabling accurate classification even
under varying lighting or surface conditions.
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4.Results and Discussion
4.1 Model Training and Performance

The model was trained for 20 epochs. Validation
accuracy peaked at 89.75% with a minimum validation
loss of 0.1653. Training accuracy reached 88.65% by
the 19th epoch.

4.2 Training and Validation Accuracy and Loss of
MobileNetV2 Model

This plot shows how the classification accuracy of the
MobileNetV2 model evolves over training epochs for
both the training and validation datasets.

e The blue line represents training accuracy.
e The orange line represents validation
accuracy.

The model starts with moderate accuracy, and over
successive epochs, both training and validation
accuracies improve, with fluctuations observed
particularly in validation accuracy. The final
accuracy stabilizes around 90%, indicating that
the model learns discriminative features for
structural damage classification effectively.
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Fig -1: Training and Validation Accuracy and Loss of
MobileNetV2 Model

1.1.2. Right Plot - Training and Validation Loss

This plot represents the categorical cross-entropy
loss, which the model tries to minimize.

e Theblueline indicates training loss.

e Theorange line indicates validation loss.

Initially, both training and validation losses are high,
with sharp fluctuations in the early epochs—
especially for validation. However, as training
progresses, both losses gradually decrease, and
validation loss stabilizes, which confirms that the
model is learning and not overfitting severely.

4.3 Test Evaluation

The MobileNetV2 model was evaluated using a separate
test dataset comprising 534 labeled images. The final
model achieved a test accuracy of 88.95% and a test
loss of 0.379, demonstrating its robust generalization
ability. The classification report highlights per-class
precision, recall, Fl-score, and support, reflecting the
model’s capability across diverse structural defect
categories. Performance metrics are summarized in Table
1.

Class Precision |[Recall F1- Support
score
[ntact 0.94 0.98 0.96 100
Crack 0.94 0.40 0.56 129
Spalling 0.78 0.98 0.87 294
Corrosion 0.14 0.09 0.11 11
Weighted Avg 0.84 0.82 0.80 534

Table-1 classification matrix

The model performs exceptionally well in detecting
“Intact” and “Spalling” categories, indicating its strength
in distinguishing visually clear or well-represented
classes. However, performance in the “Crack” and
especially “Corrosion” class is relatively low due to class
imbalance, limited sample size, and visual similarities
with other categories. These observations suggest future
improvements may include class balancing, feature
refinement, and augmentation techniques

To visualize the classification performance across all
classes, a confusion matrix heatmap was generated. It
highlights that the model performs well in identifying
“Spalling” and  “Intact” categories. = However,
misclassifications are evident in the “Crack” and
“Corrosion” classes, likely due to class imbalance and
feature overlap. This visualization aids in understanding
the prediction behavior of the MobileNetV2 model and
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reveals areas for further optimization, such as advanced  6.Future Work and Scope

data augmentation and class rebalancing.

Confusion Matrix Heatmap for MobileNetV2 Classification
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Fig -2: Confusion Matrix Heatmap of MobileNetV2 on
Test Dataset

4.4 Analysis

The MobileNetV2 showed strong performance for the
"intact" and "spalling” classes. Minor and corrosion
classes were less accurately predicted due to class
imbalance and visual similarity between categories.
The confusion between "minor" and "moderate"
damage may be mitigated in future studies by
incorporating temporal data or additional image
enhancements.

5. CONCLUSIONS

This study demonstrates the effectiveness of a
MobileNetV2-based deep learning framework for the
classification of structural surface defects. By
leveraging a custom-labeled dataset and applying a
lightweight yet robust convolutional architecture, the
model achieved a test accuracy of 88.95%, showing

excellent capability in identifying “Intact” and
“Spalling” surfaces. These results validate the
feasibility of MobileNetV2 for use in real-time
Structural Health Monitoring (SHM) applications,
especially in resource-constrained environments
such as embedded systems or drone-based

inspections. Furthermore, the integration of this
approach into infrastructure maintenance protocols
can significantly reduce inspection time, enhance
safety, and support cost-efficient asset management.
As Al continues to evolve, such systems hold promise
in becoming a standard component of smart civil
infrastructure.

While the MobileNetV2 model

demonstrated high

classification accuracy, there are several avenues to
further improve and extend this research:

These

Class Balancing: The model showed reduced
performance for underrepresented classes like
"Corrosion." Future studies should address this
by increasing the volume of samples through
advanced data augmentation or synthetic data
generation using GANs.

Temporal Learning: Incorporating time-series
image data could allow the model to detect and
forecast progressive deterioration trends,
enhancing its predictive capabilities.
Explainability and Interpretability: Integration
of model interpretability tools like Grad-CAM or
SHAP can offer insights into what regions of the
image influenced classification, making the
system more transparent to engineers.
Deployment on Edge Devices: Due to its
compact architecture, MobileNetV2 can be
optimized further for real-time deployment on
edge devices such as Raspberry Pi or Nvidia
Jetson platforms for field use.

Multi-Modal Sensing Integration: Combining
visual inspection with non-destructive testing
(NDT) methods such as ultrasonic or infrared
thermography could yield a more comprehensive
defect assessment system.

3D Structure and Drone Integration: Extending
the model to process LiDAR or photogrammetry-
based 3D surface data, captured via drones, could
support full-scale inspection of bridges, facades,
or towers.

will

directions help transform the current

classification system into a comprehensive, scalable, and
fully autonomous structural monitoring solution.
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