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Application of EfficientNet Transfer Learning
with Incremental Fine-Tuning for Road Damage
Detection

Riki Winanjaya'*, Abdi Rahim Damanik?, Anton Abdulbasah Kamil®

Abstract—Image-based road damage detection is an essential
component of intelligent infrastructure monitoring systems.
However, conventional transfer learning often fails to adapt
pre-trained models to domain-specific characteristics such as
fine-crack textures, illumination variations, and perspective
distortions. This study proposes an EfficientNet-based road
damage classification model that leverages incremental
fine-tuning and multi-stage data augmentation to enhance feature
adaptation and model robustness. The experiments were
conducted using the Road Damage Detection dataset from Kaggle,
comprising 1,400 labeled images across several road damage
classes. The dataset was partitioned into 80:10:10 splits for
training, validation, and testing, with stratification. The proposed
approach gradually unfreezes EfficientNet layers through a
structured incremental fine-tuning schedule while applying
staged augmentation to expand data diversity. Experimental
results show that the baseline EfficientNet transfer learning model
achieved 78.26% accuracy, whereas the proposed model
improved performance to 97.10% accuracy, with 97.60% macro
precision, 97.20% macro recall, and 97.30% macro F1-score. The
results demonstrate that incremental fine-tuning effectively
enhances feature adaptation to road damage textures, while
multi-stage augmentation improves model robustness. These
findings indicate that the proposed approach provides an effective
strategy for improving deep-learning-based road damage
detection systems in real-world infrastructure monitoring
applications.

Index Terms—Deep learning, EfficientNet, image classification,
incremental fine-tuning, multi-stage data augmentation, road
damage detection, transfer learning.

I. INTRODUCTION

The condition of road infrastructure is a vital element in
determining the quality of mobility and transportation
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safety. Road surface deterioration, including longitudinal,
transverse, and alligator cracking, as well as potholes, can
increase accident risks and hinder logistics distribution
efficiency if not promptly addressed [1], [2], [3], [4]. Currently,
identifying road damage relies on manual inspections by field
personnel, which are time-consuming, expensive, and highly
dependent on the inspector's expertise. These challenges
necessitate a modern approach capable of automatically,
efficiently, and accurately detecting road damage [5], [6], [7],
[8].

The development of deep learning-based computer vision
has enabled automated detection of road damage through image
analysis. Traditional CNN architectures such as VGG [9], [10],
[11], ResNet [12], [13], and MobileNet have been used in
various previous studies. However, their results are limited by
computational efficiency and the models' generalizability
across diverse environmental conditions. Road damage images
are often captured under varying lighting conditions, varying
camera angles, and in the presence of visual noise, necessitating
a more adaptive and robust model for feature extraction [14],
[15], [16].

A previous study by [17] introduced the Indian Footpath
Damage Segmentation Dataset, the first dataset specifically
dedicated to detecting sidewalk damage in India using a deep
learning approach. Its advantages include high-resolution
imagery, thorough pixel-level annotation using LabelMe, and
severity labels (low, medium, and high) determined in
collaboration with civil engineers. The dataset is accompanied
by a standardized data collection protocol, complete metadata,
and advanced model baselines, including U-Net with
EfficientNet-B3 and ResNeXt50, which demonstrate strong
performance on segmentation and severity classification tasks.
However, its weaknesses include limited geographic coverage
restricted to Pune, making it less representative of
infrastructure variations across other cities; the absence of 3D
data or additional sensors such as LiDAR that could improve
damage depth analysis; and the dataset's focus solely on visual
damage without considering other risk factors such as lighting,
pedestrian density, or surface friction coefficient. Nevertheless,
this dataset remains an important contribution to pedestrian
safety research and computer-vision-based infrastructure
monitoring.
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In contrast, the research by [18] examines the adoption of
the Internet of Things (IoT) in Indonesian hospitals and the
factors that influence it, including technological readiness,
management support, perceived benefits, and implementation
barriers, to provide an overview of the digital transformation
landscape in the health sector. Its strengths lie in its focus on the
Indonesian context, the use of a systematic analytical
framework, and the identification of enabling and inhibiting
factors, making it a useful reference for policymakers.
However, its weaknesses include a limited sample that does not
represent all hospital types, potential bias due to some data
collected through surveys or interviews, and insufficient
discussion of technical aspects of [oT infrastructure, which may
affect the interpretation of the results.

EfficientNet has emerged as a modern CNN architecture,
offering a combination of high accuracy and computational
efficiency through a compound scaling mechanism [19], [20],
[21]. EfficientNet's lightweight yet precise capabilities offer
significant potential for application to road-damage detection
problems. However, EfficientNet's optimal performance is
largely determined by the transfer learning and fine-tuning
strategies used. In the context of heterogeneous road-damage
datasets, such as those from Kaggle, a more structured, gradual
training approach is required to adapt the model to domain
characteristics [1], [22], [23].

One relevant approach is incremental fine-tuning, a
technique for gradually unfreezing EfficientNet layers to enrich
feature representation without compromising model stability
[24], [25], [26]. This approach is crucial to avoid catastrophic
forgetting and overfitting, which frequently occur when all
model layers are unfrozen simultaneously. By utilizing this
strategy, this research explores how this gradual feature
adjustment process can improve image-based road damage
detection capabilities [21], [27], [28].

The road damage detection dataset available on the Kaggle
platform provides a comprehensive data source for this
research. Featuring diverse road damage types across various
environments, the dataset is suitable for evaluating transfer
learning and incremental fine-tuning techniques. Accordingly,
the study employs EfficientNet with a stepwise approach to
achieve improved accuracy and efficiency in automated road
condition monitoring. This approach is expected to make a
significant contribution to the development of a road
maintenance system based on modern technology oriented
toward smart infrastructure [29], [30], [31].

II. RESEARCH METHOD

This section describes the methodological approach used in
this research to build and evaluate an EfficientNet-based road
damage detection model using transfer learning and
incremental fine-tuning. The research method is organized into
three main subsections: the research dataset, a comparison of
the baseline model with the proposed model enhanced through
multi-stage data augmentation, and the overall research design,
which provides an overview of the experimental flow from start
to finish.
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A. Dataset (Data Collection)

The dataset constitutes the core component of this research,
as data quality and diversity substantially affect model
performance in accurately identifying road damage. The
research data were collected from the road damage detection
dataset available on the Kaggle platform. This dataset was
chosen because it contains a wide variety of road damage types
and has been widely used in computer vision studies, making it
a reliable evaluation reference. The images in the dataset were
captured under various environmental conditions, including
varying lighting, weather, camera angles, and road surface
quality. This diversity presents unique challenges but also
improves the model's ability to generalize to real-world data.

The experiments were conducted using the EfficientNet
architecture  with transfer learning. In this study,
EfficientNet-BO was used as the backbone network due to its
balance between computational efficiency and classification
performance. All input images were resized to 224 x 224 pixels
and normalized to the range [0, 1] before being fed into the
model.

satisfactory
Fig. 1. Sample research dataset.

very poor

Figure 1 shows that the dataset contains road images
classified into four damage categories: longitudinal cracks,
transverse cracks, alligator cracks, and potholes. The Kaggle
dataset used comprised 1,400 images. Each image was labeled
with a damage type, allowing the dataset to be used for
classification tasks. To ensure optimal training, the dataset was
split into training, validation, and test sets at 80%, 10%, and
10%, respectively. This partitioning was carried out in a
controlled manner to maintain balanced class distributions in
each subset, preventing the model from becoming biased
toward any particular class.

Before training, all images underwent preprocessing. The
images were resized to the dimensions appropriate for the
EfficientNet architecture, normalized to a specific pixel range,
and filtered to remove corrupted or unprocessable data. This
step ensured that all data were in a uniform format and ready for
use in the model training phase. Preprocessing also improves
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the stability of the training process, enabling the model to focus
on learning visual patterns in road damage without interference
from non-essential variations in the input.

B. Comparison of the Baseline Model and the Proposed
Model

The baseline model uses EfficientNet with a standard
transfer learning approach, where most network layers are
frozen, and only the classifier portion is retrained based on the
number of classes in the road damage dataset. This approach
provides good initial stability, but is limited in recognizing
domain-specific visual patterns such as cracks and complex
road surface textures. As only a few layers are updated, the
baseline tends to produce feature representations that are less
adaptive to the dataset's characteristics and show limited
performance improvement after a few training epochs.

Table 1.

Comparison of Baseline Model and Proposed Model

Comparative EfficientNet Baseline Proposed EfficientNet Model
p (Standard Transfer (Incremental Fine-Tuning +
Aspects . X X
Learning) Multi-Stage Augmentation)
ly the classifier i
. Oq Y the classifier is Layers are gradually unlocked;
Training trained; most . .
. progressive fine-tuning from
strategy EfficientNet layers are .
the classifier to the deep layers
frozen
Low; dominant
Adaptationto  features remain from High; incremental fine-tuning
road damage ImageNet, thus poorly ~ increases sensitivity to road
dataset capturing crack texture patterns
patterns
Multi-stage augmentation
Data Basic augmentations (basic — intermediate —
augmentation  (rotation, flipping) complex) covers variations in
light, perspective, and noise.
Training Stable initially, but Stable across stages, more
- . consistent accuracy
stability quickly plateaus .
improvements
. Higher, especially Lower; multi-stage
Risk of . .
. when the dataset is augmentation expands the
overfitting . Lo A
limited diversity of training data
o Moderate; p §rfonnance The high model is more
Generalization  decreases with .
- . . adaptive to real-world
ability different image Q.
o conditions
conditions
Tralnmg. Low: faster processing ngher requires leamlng rate
complexity tuning and fine-tuning stages
Final Accuracy and Fl-score  Accuracy, precision, recall, and
increase, but are F1-score significantly improve
performance .
limited across classes.
Main Fast to train and stable Deeper feature adaptatlor} and
. more accurate classification
advantages in the early stages
results
. Less responsive to Requires longer training time
Main . .
. domain-specific and more careful
disadvantages

features

hyperparameter management

Unlike the baseline, the proposed model uses EfficientNet's
incremental fine-tuning to improve its adaptability to variations
in road damage. Fine-tuning is performed in stages, starting
with classifier training and then introducing feature-extraction
layers trained with a lower learning rate. This stepwise
approach allows for finer-grained parameter adjustments,
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enabling the model to more accurately capture the visual details
of damage without losing the underlying knowledge from the
ImageNet pre-training. Furthermore, applying multi-stage data
augmentation provides a broader range of inputs than the
baseline, making the proposed model more resilient to
variations in lighting, perspective, and environmental
conditions.

Overall, both models use the same architecture, but their
different training strategies yield significantly different
performance. The baseline model offers stability but lacks the
flexibility to learn domain-specific features. In contrast, the
proposed model demonstrates better generalization and
significant accuracy improvements through the combination of
incremental fine-tuning and multi-stage augmentation.

C. Research Design

The research design was developed to provide a
comprehensive overview of the experimental stages. The
research process began with dataset collection from Kaggle and
verification of data quality and completeness. Once the data
were acquired, preprocessing and augmentation steps were
applied to prepare them for training. In the modeling stage, two
model groups (a baseline model and a proposed model) were
built and configured according to the experimental
requirements. The baseline model served as a performance
benchmark, while the proposed model was developed via
transfer learning and incremental fine-tuning.

_— —-—

Development of Two Models

I Proposed Model:
EfficientNet Fine-Tuning

Model Training Process

Baseline: EfficientNet
| Transfer Learning

Comparison of Baseline
vs. Proposed Model

Model Performance
Evaluation
Fig. 2. Research design.

Figure 2 outlines the research design, which begins with the
collection of the road damage detection dataset from Kaggle.
The preprocessing phase involves image normalization, image
resizing, and partitioning into training, validation, and testing
subsets. The dataset was then enriched through multi-stage data
augmentation, ranging from basic to complex transformations,
to simulate variations in real-world conditions. In the modeling
phase, two approaches were developed: the baseline
EfficientNet trained with standard transfer learning, and the
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proposed EfficientNet model trained with incremental
fine-tuning via gradual unfreezing of model layers. Both
models underwent complete training, with loss and accuracy
monitored and an early-stopping mechanism to maintain
training stability. Following the training phase, model
performance was evaluated using multiple metrics, including
accuracy, precision, recall, F1-score, confusion matrix analysis,
and training curves. A comparative analysis of both models was
conducted to assess the effectiveness of incremental fine-tuning
and multi-stage augmentation strategies in improving road
damage recognition. The study concludes with key findings and
recommendations for future research directions.

The next phase involves model training. In the baseline
model, training was conducted using a standard transfer
learning strategy with basic augmentation. In contrast, the
proposed model was trained using a two-stage approach: initial
transfer learning and incremental fine-tuning. Each training
stage was evaluated using validation data to ensure stability and
detect signs of overfitting. After training was completed, each
model was tested on a test set not previously used during
training. Evaluation was conducted using accuracy, precision,
recall, and Fl-score metrics to provide a comprehensive
overview of model performance. The final stage involved
analyzing the results to compare the baseline model's
performance with that of the proposed model. The analysis was
conducted quantitatively using evaluation metrics and
qualitatively by observing the distribution of model predictions
across specific damage classes. This analysis determines
whether the proposed model provides significant improvements
and how incremental fine-tuning and multi-stage augmentation
strategies contributed to these improvements. This systematic
research design is expected to yield reproducible conclusions
that will guide other researchers in developing image-based
road-damage detection systems.

III. RESULTS AND DISCUSSION

This section presents the research results and an in-depth
analysis of the performance of two models: the baseline
EfficientNet using the standard transfer learning method and
the proposed EfficientNet model with incremental fine-tuning.
The evaluation was conducted using common multiclass
classification metrics, such as accuracy, macro precision,
macro recall, and macro Fl-score. The research results were
then comprehensively analyzed to assess the contribution and
effectiveness of the proposed method for road damage
detection. The interpretations provided in this section are based
on the conceptual framework established in the introduction,
specifically regarding the need for a more adaptive and robust
model capable of handling variations in road damage.

A. Model Performance Analysis Based on Key Metrics

The test results show a stark difference in performance
between the baseline and proposed models (Table 2). The
baseline EfficientNet, which uses only standard transfer
learning, recorded an accuracy of 0.7826. Although the
precision and recall values were in the moderate range, at
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0.8300 and 0.7775, respectively, the overall performance was
limited in capturing the full visual patterns of road damage.
This fact is reflected in the macro Fl-score of 0.7810,
indicating that the balance between the model's ability to detect
positives and avoid false positives was suboptimal.

Table 2.
Result of Model Performance Evaluation
Macro Macro Macro
Model Accuracy Precision Recall Fl-score

Bascline: EfficientNet 76,6 0.8300 0.7775 0.7810
transfer learning
Proposed model:
EfficientNet 0.9710 0.9760 0.9720 0.9730

fine-tuning

In contrast, the proposed incremental fine-tuning model
demonstrated  significant  performance  improvements.
Accuracy increased to 0.9710, representing an absolute
improvement of more than 19% compared to the baseline. This
improvement was not limited to accuracy; it was evident across
all other metrics as well. Macro precision reached 0.9760,
macro recall reached 0.9720, and macro Fl-score reached
0.9730. The consistently high performance across all metrics
demonstrates that the model can not only accurately predict the
class but also consistently detect each damage class without
bias toward the majority class.

The improved performance of the proposed model strongly
indicates that the incremental fine-tuning strategy is highly
effective at adapting EfficientNet's feature representation to
road damage patterns, which exhibit finer, more complex
textural characteristics than those of common objects in the
ImageNet dataset. These results also demonstrate that
incremental augmentation significantly increases the diversity
of the training data, making the model better able to handle
real-world imagery.

B. Training Curve Comparison and Model Stability

Although the training curves are not shown in the table,
interpreting the performance metrics provides implicit insight
into the model's stability during training. In the EfficientNet
baseline, the higher precision than recall suggests the model
tends to make more conservative predictions. This
phenomenon indicates that the baseline model avoids
prediction errors but struggles to detect subtler variations in
damage. This imbalance indicates that the feature
representation derived from the pre-trained weights is not
optimal for the road damage domain without further
adjustment.

Training + Transfer Learning - Accuracy

0.95
0.95
0.90

Training + Fine-Tuning - Accuracy

Accuracy

0.70
—— Train Acc
0.65 Val Acc Val Acc
| - Tistart 070 - FineTuning Start
2 4 6 8 10 12 14 16 25 50 75 100 125 150 175
Epochs. Epochs

a) Baseline: EfficientNet transfer b) Proposed model: EfficientNet
learning fine-tuning
Fig. 3. Training accuracy curves: a) Baseline: EfficientNet transfer learning and
b) Proposed model: EfficientNet fine-tuning.
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Figure 3 compares the accuracy curves of the baseline
EfficientNet model with standard transfer learning and the
proposed EfficientNet model trained with an incremental
fine-tuning strategy. In the baseline graph (a), training accuracy
increases sharply in the first few epochs. However, validation
accuracy stagnates and begins to decline after a certain point,
particularly after the transfer learning process begins,
suggesting overfitting and insufficient adaptability to the
characteristics of road-damage data. In contrast, the proposed
model graph (b) shows a more stable training pattern; both
training and validation accuracy increase consistently until the
fine-tuning phase, where they recover after slight fluctuations.
After fine-tuning begins, the model shows a significant increase
in accuracy compared to the baseline, with a smaller gap
between training and validation accuracy, indicating better
generalization. Overall, this comparison demonstrates that
incremental fine-tuning positively affects learning by
enhancing training stability and reducing overfitting, resulting
in significantly superior final performance.

In contrast, the proposed model exhibits strong alignment
between precision and recall. The difference between the two is
very small (0.9760 vs. 0.9720), indicating that the model
maintains a balance between prediction accuracy and the ability
to detect all existing damage patterns. This consistency
demonstrates that the gradual fine-tuning process harmoniously
improves the model's internal layers, without causing
overfitting or imbalance in the learning process.

Training + Transfer Learning - Loss Training + Fine-Tuning - Loss

10 09

| — TainLoss
09 i Val Loss o8
& |- TUstn &
07 i 06
06 i 05
os H 04
04 i oz ¥

H 0.2
03 !

H 01
02

25 50 75 100 125 150 175
2 4 6 8 10 12 14 16 ache

a) Baseline: EfficientNet transfer b)  Proposed model: EfficientNet
learning fine-tuning
Figure 4. Training loss curves: a) Baseline: EfficientNet transfer learning and b)
Proposed model: EfficientNet fine-tuning.

Loss
Loss.

Figure 4 compares the loss curves of the two models,
revealing a striking difference in learning dynamics between
the baseline EfficientNet and EfficientNet with incremental
fine-tuning. In the baseline model (a), both the training and
validation losses decline steadily until around the 10th epoch.
However, after the transfer learning process begins, the training
loss spikes sharply, and the wvalidation loss increases
consistently, indicating significant instability and overfitting.
The sharp spike in training loss indicates that the model is
unable to adapt well when certain layers are retrained. In
contrast, the increase in validation loss indicates a loss of
generalization.

In contrast to the baseline, the proposed model (b) exhibits a
much more stable and controlled loss decline. Until the
fine-tuning stage, the training loss consistently decreases;
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despite slight fluctuations during the fine-tuning transition, the
model successfully reduces the loss again after additional
layers are introduced for training. The validation loss of the
proposed model also shows a more balanced trend: it decreases
in the initial phase. It increases slightly toward the end of
training, while remaining substantially lower than the baseline.
Overall, this comparison demonstrates that the incremental
fine-tuning strategy produces a more stable learning process,
minimizes overfitting, and effectively adapts the model to the
characteristics of the road damage data. Based on these results,
the incremental fine-tuning strategy not only improves final
accuracy but also enhances training dynamics, making the
model more stable and generalizable.

C. Confusion Matrix Analysis and Per-Class Performance

Although the confusion matrix is not explicitly included in
the table, the pattern of metrics in the results provides a strong
indication of predictive behavior across classes. The macro
recall of 0.9720 in the proposed model indicates that almost all
damage classes are recognized with a very high detection rate.
Macro recall reflects the model's ability to identify each
damage type equally; this significant improvement indicates
that misclassification between visually similar classes, such as
longitudinal cracks and transverse cracks, has been drastically
reduced.

Confusion Matrix

good 7 15 o [

poor

True

satisfactory

very_poor

& & o
S <€ & §
Predicted

a) Baseline: EfficientNet transfer learning

Confusion Matrix

good

poor

True

satisfactory -

very_poor -

$
§ & & §
Predicted

b) Proposed model: EfficientNet fine-tuning

Fig. 5. Confusion matrices; a) Baseline: EfficientNet transfer learning and b)
Proposed model: EfficientNet fine-tuning.
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Based on the confusion matrices Fig. 5, a significant
difference is observed between the baseline EfficientNet
transfer learning model and the proposed EfficientNet
fine-tuning model. In the baseline model, predictions showed
several misclassifications, particularly in the good, poor, and
satisfactory classes, resulting in an accuracy of around 78%.
The most significant errors occurred in the poor class, which
was frequently misclassified as satisfactory. Following
fine-tuning, the proposed model's performance improved
significantly, reaching 97% accuracy and correctly classifying
almost all samples. The proposed model demonstrated
improvements in precision, recall, and F1-score for almost all
classes, and eliminated almost all prediction errors observed in
the baseline. Therefore, fine-tuning has been shown to provide
substantial improvements in the model's ability to recognize
each class more consistently and accurately.

In the baseline model, the macro recall of 0.7775 indicates
that it failed to detect some damage categories adequately. This
bias is common in standard transfer learning because the
feature representations have not fully adapted to the road
domain. This indication is also consistent with the baseline
Fl-score, which is below 0.80, indicating an imbalance
between accuracy and sensitivity.

Conceptually, the proposed model's superiority in the
confusion matrix can be explained by more specific feature
adaptation through incremental fine-tuning. Incremental
fine-tuning allows EfficientNet to construct a more refined
representation of the damage texture than the baseline, thereby
reducing cross-class prediction errors.

D. Theoretical and Practical Implications

The findings of this study have several important
implications. Theoretically, these results reinforce the
argument established in the introduction that standard transfer
learning is not always adequate for specific domains such as
road damage detection, which exhibit highly specific visual
patterns. The baseline EfficientNet model proved insufficient
for generalizing road-damage features without thorough
fine-tuning (Fig. 6). In contrast, incremental fine-tuning
provides empirical evidence that gradually unfreezing
pre-trained layers can produce more adaptive and capable

visual representations.

From a practical perspective, the proposed model's
performance, approaching 97% across all metrics,
demonstrates its potential for implementation in automated
camera-based infrastructure monitoring systems. This high
performance also makes the model more reliable under various
field conditions, including variations in weather, lighting, and
camera angles. These results present opportunities for the
model's use in real-time monitoring applications on vehicles,
drones, or roadside devices.

The significant performance improvement also confirms
that the multi-stage augmentation approach makes a
meaningful contribution to building model robustness against
visual noise and diverse environmental conditions. This finding
is consistent with the literature, which suggests that
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comprehensive augmentation is particularly effective in
domains with high variability.

GradCAM

a) Baseline: EfficientNet transfer learning

GradCAM

Image

b) Proposed model: EfficientNet fine-tuning

Fig. 6. Gradcam results; a) Baseline: EfficientNet transfer learning and b)
Proposed model: EfficientNet fine-tuning

E. Summary of Findings

Overall, this study demonstrates that the proposed
EfficientNet model with incremental fine-tuning and
multi-stage augmentation achieves significant performance
improvements over the baseline EfficientNet. The baseline
model achieved only 78% accuracy, while the proposed model
achieved 97%, representing a nearly 20% improvement. All
other metrics, including precision, recall, and Fl-score, also
improved substantially, with the difference between the
baseline and the proposed model exceeding 0.19 points in some
metrics. These results confirm the effectiveness of the proposed
methodology and support the argument that the road damage
detection domain requires an adaptive training strategy, rather
than standard transfer learning alone.

This study provides strong evidence that an incremental
fine-tuning approach can be a superior method for improving
the performance of deep learning models in image-based
infrastructure damage analysis tasks, while also providing a
relevant scientific foundation for further research in this field.

IV. CONCLUSION

Based on the results, applying EfficientNet with an
incremental fine-tuning strategy and multi-stage data
augmentation yields significant performance improvements
over the baseline approach that uses only standard transfer
learning for the road damage detection task. The baseline
model exhibits limited adaptation to the characteristics of the
road damage domain, reflected in lower training accuracy and
stability, as well as a tendency toward overfitting. In contrast,
the proposed model achieved significantly superior
performance, with an accuracy of up to 97% and high
consistency across all evaluation metrics, including precision,
recall, and Fl-score. The training accuracy and loss curves
demonstrate that incremental fine-tuning results in a more
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stable learning process, better adjusts EfficientNet's feature
representation, and improves the model's generalization to
real-world image variations. Therefore, this study provides
empirical evidence that the incremental fine-tuning approach is
a more appropriate and efficient strategy for developing a
deep-learning-based road damage detection system, with strong
potential for implementation in automated and real-time
infrastructure monitoring applications.
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