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ABSTRACT

Crack detection and assessment of roads and concrete are
vital for infrastructure and safety management. This paper
proposed an end-to-end deep learning based framework for
automated crack detection, classification, and severity
analysis under different surface conditions. The simulation
implemented and tested four architectures, namely CNN,
BiGRU, BiLSTM, and a hybrid BiGRU-BILSTM—CNN model.
Using a large dataset of 5,200 crack and non-crack photos
collected from the METU campus and road photos taken
using a smartphone, we trained and assessed our approach.
Regression and classification metrics such as RMSE, MAE, R2,
Cohen's Kappa, Fl-score, and AUC were also used in the
study to evaluate model performance. The CNN
outperformed recurrent and hybrid models in capturing
complex spatial crack information, according to the
experimental data (R? = 0.92, F1-score = 0.97, AUC = 0.99).
The suggested framework included geometric crack analysis
and 3D heat map visualization in addition to probabilistic
crack classification to measure relative depth and crack
shape. The result offers an approach to real-time road
condition evaluation using conventional cameras that is
clear, dependable, and reasonably priced.
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1. INTRODUCTION

Road infrastructure degradation is the biggest issue facing modern transport systems, as
surface cracking is the most visible indicator of structural decline [1-3]. If unchecked, cracks
can propagate to the underlying road layers, resulting in rapid deterioration, reduced vehicle
control, reduced ride quality, and increased maintenance/repair costs [4-5]. Existing
techniques, including visual inspection, ground-penetrating radar, or laser scans, also face
problems of operational costs, manual involvement, and vulnerability to lighting, weather,
and human inconsistencies [6-8]. Likewise, conventional machine learning approaches, such
as support vectors, random forests, K-nearest neighbors, and decision trees, rely on manual
feature extraction and cannot self-learn high-dimensional crack representations [9-10]. New
developments in artificial intelligence (Al), especially deep learning, have significantly
increased road surface monitoring. CNNs allow for spatial feature learning by autonomously
learning crack attributes like width, complexity of edges, and branching. Recurrent models,
such as BiLSTMs, can model sequential and temporal crack characteristics but generally
demand significant computational overhead. In contrast, BiGRUs offer similar temporal
modeling performance with much less computational and memory requirements, making
them better suited for real-time applications. Additionally, the hybrid architectures that
combine CNNs with BiGRU and BiLSTM models are more robust to environmental noise,
surface roughness, and nonlinear crack propagation [11-13]. Compared with classical
machine learning and pure deep learning approaches, experimental results indicate that such
hybrid approaches attain better accuracy, flexibility, and automation [14-16].

Recent studies have demonstrated the outstanding potential of artificial intelligence (Al),
particularly deep learning, in automating crack detection and road condition monitoring with
high accuracy and real-time deployment capabilities. The advanced performance of the DCU
Former model in surface crack segmentation, while also highlighting challenges such as data
imbalance and practical implementation [17]. A real-time crack detection system based on
MobileNetV2 and XGBoost, achieving 99% accuracy and 42 fps speed on an embedded
platform [18]. Surveys by previous study, all affirm the superiority of deep learning methods
over traditional image processing, while highlighting remaining challenges such as generality,
real-time deployment, and integration with smart sensors [19-22].

While prior work has broadly leveraged deep learning for crack detection, nearly all have
applied CNN-based models and emphasized classification accuracy, with few comparisons of
different architectures or evaluations in diverse environments. To fill this gap, this research
evaluates CNN, BiGRU, BiLSTM, and a hybrid model for wet and dry road crack detection by
combining quantitative metrics with geometric crack analysis.

Based on this overview, the study proposes an integrated spatiotemporal deep learning
framework that combines quantitative geometric assessments of cracks under different
environmental conditions (dry and wet) with synchronous heat mapping and contour
analysis. The results show that the proposed method allows for early detection of microcracks
and accurate prediction of propagation trends, thereby supporting proactive road
maintenance, optimizing lifecycle costs, and improving traffic safety.

2. METHODS

To accurately detect and classify crack patterns, four deep learning architectures such as
CNN, BiGRU, BiLSTM, and a hybrid BiGRU-BiLSTM-CNN model were implemented. Each model
capitalizes on a different feature extraction capability to boost prediction prowess. At the
same time, the experiments were implemented in Python 3.12.4 using several scientific and
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deep learning libraries. OpenCV and PIL, NumPy, Matplotlib, TensorFlow/Keras, and Scikit-
learn. All experiments were conducted on an ASUS laptop (8th Gen Intel Core i7, 32 GB RAM.

2.1. Convolutional Neural Network (CNN) Model

CNNs are good at capturing local spatial features like texture and edges, which makes them
well suited for crack pattern recognition [23-24]. The CNN architecture for the study in Figure
1 includes three hierarchical convolutional blocks:

Conv2D - RelLU = MaxPooling (repeated three times)
Flatten

Dense(64) - RelLU - Dropout(0.5)

Dense(1) - Sigmoid
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Figure 1. The CNN structure.

2.1. Bidirectional Gated Recurrent Unit (BiGRU) Model

BiGRUs learn temporal relationships in sequences from images with less computation than
LSTMs. Their bidirectional nature enables processing feature patterns in both directions. The
sructural model in Figure 2 is decribed as below:

BiGRU(128) - BatchNorm = Dropout(0.5)
BiGRU(64) - BatchNorm —> Dropout(0.4)
Dense(128, ReLU) - Dropout(0.3)
Dense(64, ReLU) = Dropout(0.3)

Dense(1, Sigmoid)
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Output layer

Input layer

Figure 2. BiGRU structure.

2.3. Bidirectional Long Short-Term Memory (BiLSTM) Model

BiLSTMs excel at learning long-range dependencies, making them robust in modeling crack
geometry trends and progression [25-26]. The architecture of the model in Figure 3 show as:

BiLSTM(128) - BatchNorm = Dropout(0.4)

BiLSTM(64) - BatchNorm - Dropout(0.4)

Dense(128, ReLU) - Dropout(0.3)

Dense(64, ReLU) = Dropout(0.3)

Dense(1, Sigmoid)

Output layer ? ? ?

Forward layer :

Backward layer

Input layer @ ° @

Figure 3. The BiLSTM structure.

2.4. Hybrid BiGRU-BIiLSTM—-CNN Model

A hybrid BiGRU-BILSTM—-CNN architecture is designed to combine temporal sequence
learning with spatial crack feature representation. First, BIGRU and BiLSTM layers perform
sequential learning to model crack propagation dynamics and long—short term dependencies.
Next, a feature expansion stage transforms learned representations into structured feature
maps. Finally, CNN layers extract spatial textures and morphological features of cracks for
robust classification. The novelty of this approach lies in integrating temporal sequence
learning with spatial convolutional analysis, enabling the model to simultaneously capture
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crack geometry and propagation behavior, thereby improving prediction accuracy and
feature interpretability. The model configuration for the simulation in Figure 4 consists of:
Sequence learning
BiGRU(128, dropout=0.2) - BatchNorm
BiLSTM(64, dropout=0.2) - BatchNorm
Feature expansion
Dense(256, ReLU) - Dropout(0.3)
Dense(64, ReLU) - Reshape(8x8x1) - BatchNorm
Spatial analysis
Conv2D(32) - MaxPooling
Conv2D(64) - MaxPooling
Flatten
Final classification
Dense(128, ReLU) - Dropout(0.3)
Dense(64, ReLU) = Dropout(0.3)
Dense(1, Tanh)

Output
Input BIGRU Ls™ CNN P

layer layer

2
3

layer layer

Convolutional layer Pooling layer Fully @
(@) tanh connected
GRU » LSTM > —’@* layer @
@
1 yeRu_—| L plistm ot @
'ooling layer >
@ g lay z
u = § > o
- RU > LSTM - >E— p > > ™~
o ] = u 3 [ J
* @
® GRU » LSTM Convolutiona\layertanh
= RU LSTM @ @
Pooling layer
@
@ ——PGRu —PsT™

Figure 4. Hybrid structure.

Table 1. Models' configuration indiates the network architectures and training
configurations of our four deep learning models, including CNN, BiGRU, BiLSTM, and our
hybrid BiGRU-BILSTM—CNN model. The table summarizes our layer structures, key
parameters, and typical training settings, giving a nice overview of the processing framework
we implemented for road crack detection.

Table 1. Models' configuration.

Model Layer / Stage Configuration / Parameters Function

CNN Input Image size: 256 x 256 x 3 (RGB) Road crack image input
Conv2D 32 filters, kernel 3x3, ReLU Low-level spatial feature extraction
MaxPooling 2x2 Downsampling
Conv2D 64 filters, kernel 3x3, ReLU Crack texture extraction
MaxPooling 2x2 Feature reduction
Conv2D 128 filters, kernel 3x3, ReLU High-level spatial features
MaxPooling 2x2 Dimensionality reduction
Flatten — Convert feature map to vector
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Table 1 (Continue). Models' configuration.

Loss function

Evaluation
metrics

Binary cross-entropy

RMSE, MAE, R?, Fl-score, AUC,

Cohen’s Kappa

Model Layer / Stage Configuration / Parameters Function
Dense 128 units, ReLU Feature representation
Dense 64 units, RelLU Feature compression
Output Dense (1), Sigmoid Binary crack classification

BiGRU BiGRU 128 units Temporal sequence learning

BatchNorm Default Training stabilization
Dropout 0.4 Regularization
BiGRU 64 units Deeper sequential learning
BatchNorm Default Feature normalization
Dropout 0.4 Overfitting reduction
Dense 128 units, RelLU Feature transformation
Dropout 0.3 Regularization
Dense 64 units, RelLU Feature compression
Output Dense (1), Sigmoid Crack prediction

BiLSTM BiLSTM 128 units Temporal dependency learning
BatchNorm Default Stabilize training
Dropout 0.4 Regularization
BiLSTM 64 units Deep sequential modeling
BatchNorm Default Feature normalization
Dropout 0.4 Overfitting reduction
Dense 128 units, ReLU Feature representation
Dropout 0.3 Regularization
Dense 64 units, RelLU Feature compression
Output Dense (1), Sigmoid Binary crack classification

Hybrid BiGRU- BiGRU 128 units, dropout 0.2 Sequential learning
BiLSTM-CNN BatchNorm Default Stabilize training

BiLSTM 64 units, dropout 0.2 Long—short term dependency learning
BatchNorm Default Feature normalization
Dense 256 units, ReLU Feature expansion
Dropout 0.3 Regularization
Dense 64 units, RelLU Feature transformation
Reshape 8x8x1 Convert sequence features to spatial map
Conv2D 32 filters, kernel 3x3 Spatial texture extraction
MaxPooling 2x2 Spatial reduction
Conv2D 64 filters, kernel 3x3 Deep spatial feature learning
MaxPooling 2x2 Feature abstraction
Flatten — Convert feature map to vector
Dense 128 units, RelLU High-level feature representation
Dropout 0.3 Overfitting reduction
Dense 64 units, RelLU Feature compression
Output Dense (1), Tanh Final crack prediction

Common  Optimizer Adam Gradient optimization

Training  Learning rate 0.001 Model convergence control

Settings (All pich size 32 Training efficiency
Models) Epochs 20 Model training iterations

Classification loss
Performance evaluation
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2.5. Accuracy Metric

Predicted accuracy indicators work by tracking and comparing actual and forecast data.
These metrics evaluate the predicted quantity in the research, namely RMSE, MAE, R-squared
(R"2), Kappa, F1 score, AUC. The indicators are presented in Egs. (1-6).

S G- x))? W

RMSE =
n
MAE ! \ ! )
t=1
Z ems )" (3)
R_squared = 1— nzt—l t t
1 2
(xt n t=1 xt)
_ t=1
Kappa = ”10__;’@ ’
F1 score = octon x recall 5
Precision+Recall
AUC = fol TPR(FPR)d(FPR) ©

where x;, x{ name the predicted and actual values in the period time t, and n is the number
of the observed data in the testing stage, x: x" describe the mean of the predicted and mean
of the actual values; p,, p. are observed agreement, and expected agreement by chance;

and Recall = —=— Tp (True Positives) denotes the number of
TP+FP TP+FN

correctly predicted positive instances, FP (False Positives) refers to the number of instances
incorrectly predicted as positive, FN (False Negatives) represents the number of instances
incorrectly predicted as negative, TPR (True Positive Rate) also known Recall, measures the
proportion of actual positives correctly identified, FPR (False Positive Rate) measures the
proportion of actual negatives that are incorrectly classified as positive, and TN (True
Negatives) denotes the number of correctly predicted negative instances.

4

Precision =

2.6. Data Collection

The dataset used in this study contains raod surface crack images, collected at different
buildings across the Middle East Technical University (METU) campus in Ankara, Turkey
(dataset can download at https://data.mendeley.com/datasets/5y9wdsg2zt/1). As for image
classification, the data is divided into two classes: crack (positive) and non-crack (negative).
Each class has 20,000 images, for 40,000. All images are 227 x 227 pixels in three RGB
channels. Also, 10 images were taken on a Samsung A12 phone in wet and dry road surface
conditions to detect the model in random roads in Hue City Vietnam.

Due to hardware limitations, including a Core i7 CPU and 32 GB of RAM, only a subset of
5,200 images of the total 40,010 images was selected for simulation and model training.
Specifically, for each class, 2,000 images were used for training, 300 images for validation,
and 300 images for testing, corresponding to 70%, 15%, and 15% of the dataset, respectively.
All images were loaded and preprocessed prior to model construction and performance
evaluation.

Figure 5 introduces an end-to-end structural simulation pipeline for automated crack
detection and analysis. These preprocessed images are assessed with several deep learning
models like CNN, BiGRU, BiLSTM, and hybrids. Model performance is used to compare and
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pick the best predictor. The chosen model does probabilistic crack classification, then
geometric crack analysis, visualization by heat maps, and statistical reporting to aid in overall
road condition assessment.

Input
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T
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ey,
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Conv2D -> ReLU -> MaxPool
Flatten
Dense(64) -> ReLU
Dropout(0.5)

Dense(1) -> Sigmoid

Image Pre-processing
Colour convert to grayscale
image
Normalize pixel values to
float32
Reshape to (1,227, 227,1)

BiGRU Model
BiGRU(128) — BatchNorm — Dropout(0.5)
IBiGRU(64) — BatchNorm — Dropout(0.4)
Dense(128, ReLU) — Dropout(0.3)
Dense(64, ReLU) — Dropout(0.3)
IDense(1, Sigmoid)

BiLSTM Model
IBiLSTM(128) — BatchNorm — Dropout(0.4)
IBILSTM(64) — BatchNorm — Dropout(0.4)

—pp{Dense(128, ReLU) — Dropout(0.3)

IDense(64, ReLU) — Dropout(0.3)
IDense(1, Sigmoid)

BiGRU-BiLSTM-CNN Model
BiGRU(128, dropout=0.2) — BatchNorm
IBILSTM(64, dropout=0.2) — BatchNorm
IDense(256, ReLU) — Dropout(0.3)
IDense(64, ReLU) — Reshape(8x8x1) —
[BatchNorm

IConv2D(32) — MaxPool

|IConv2D(64) — MaxPool

[Flatten

IDense(128, ReLU) — Dropout(0.3)
IDense(64, ReLU) — Dropout(0.3)
IDense(1, Tanh)

Accuracy
—Pp Metric

Comparison

l
Thebest
model

Output
No crack detected

Label =No
Crack if <0.7

Crack Label
Prediction
raw_predicted_label

= model.predict(img)

Label = Crack
if>0.7

Crack Ahnlysis

Binarythresholding

+ +

Contour detection

+  Statistical computation:
- Number of cracks
- Total area & perimeter
- Average area/perimeter

+ Visualization:

= 2D colour crack map

= 3D heatmap
- Crack geometric diagram

l

Output

~+ Save images
+ Display statistics

i ’
[} "w
* A
5
/
P W—

Figure 5. The general simulation of the study.

3. RESULTS AND DISCUSSION

This describes our study on the performance of three deep learning standalone models:
CNN, BiGRU, and BiLSTM, along with a hybrid architecture that combines them to simulate
and evaluate road or road crack severity under dry and wet surface conditions. Figure 6
illustrates the training and validation loss convergence behavior of the four models over 20
epochs. The CNN model converges fastest and most stably, reaching the lowest loss values
during training. Instead, the BiLSTM and hybrid models exhibit moderate convergence, with
the BiGRU model stabilizing more slowly.

As shown by the quantitative performance metrics summarized in Table 2, the CNN model
achieves the best overall performance among the approaches. Notably, it also logs the
minimal error (RMSE = 0.14, MAE = 0.03), maximal R? (0.92), and exceptional classification
results, with Cohen’s Kappa (0.94), F1-score (0.97), and AUC (0.99). Subsequently, the best is
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the BiLSTM, which also demonstrates robust predictive power (RMSE = 0.19, MAE = 0.06, R?
= 0.85) and classification accuracy (Kappa = 0.90, Fl-score = 0.95, AUC = 0.99). While the
hybrid model slightly bettered BiGRU on most metrics, both methods lagged behind CNN and
BiLSTM, indicating a deficiency in capturing intricate spatial crack characteristics.

~&— BILSTM Train
~M- BILSTM Val

—e— Hybrid Train

07 Hybrid Val
—e— CNN Train

I -m- CNN val

BIiGRU Train
®- BIGRU val
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Figure 6. Training and validation loss curves of the models.

Table 2. Performance metrics of the models for road crack detection.

Model RMSE MAE R2 Kappa Flscore AUC

CNN 0.14 0.03 0.92 0.94 0.97 0.99
BiGRU 0.26 0.10 0.72 0.83 0.92 0.98
BiLSTM 0.19 0.06 0.85 0.90 0.95 0.99
Hybrid 0.20 0.06 0.84 0.89 0.95 0.99

Figures 7 and 8 presents a qualitative comparison of crack detection results generated by
CNN, BiLSTM, BiGRU, and hybrid models. For each method, the original image and various
preprocessing results, including grayscaling, binary thresholding, Gaussian blur, truncation,
Canny, Sobel X, and Laplacian, are shown. The CNN model generates the most realistic and
uniform crack depictions, in line with its top R? score. The BiLSTM and hybrids appear visually
similar; however, the BiGRU still exhibits weaker crack delineation. These visual observations
are further supported by the quantitative evaluation metrics.

To identify crack occurrence during simulation, the authors created two complementary
prediction functions by combining deep learning with traditional image processing. The initial
function performs crack classification using a pretrained deep learning model. The input
images are normalized to the network architecture, and the model returns a continuous
probability of crack. A threshold of 0.7 is then used to convert this probability to a binary label
(Crack/No Crack), with confidence levels being considered based on the magnitude of the
probability to enable confident decision-making. The second function quantitatively analyzes
crack morphology based on binary images by extracting contours and calculating the number
of cracks, total crack area, total perimeter, and related averages. This two-pronged approach
facilitates not only identifying cracks but also quantifying their severity in a quantitative
manner.
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Hybrid (BiGRU-BILSTM-CNN)
R? = 0.8357

TRUNC

Grayscale

f

TOZERO TOZERO_INV Gaussian Blur Canny Edge

BiGRU
R? = 0.7225

TRUNC

TOZERO_INV Canny Edge

Sobel X

Figure 7. Visual comparison of crack detection results using hybrid, and BiGRU models.

Model validation with randomly selected images from the test set demonstrates that all
four models distinguish between cracked and non-cracked conditions in photos captured of
building cracks on the METU campus. The images in Table 3 demonstrate the visualization
results of crack detection and geometric analysis for a representative positive case and a
negative condition. For confirmation, randomly selected test images were examined by the
trained models. In the positive case, the model successfully detects a crack with a prediction
confidence of 0.7928. The identified crack area is then isolated via crack coloring, in which
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pixels labeled as cracks are colored. Based on this segmentation mask, geometric properties
are computed using contour extraction, including a total crack area of 197.0 pixel? total
perimeter of 723.6 pixels, average area of 90.8 pixel?, and average perimeter of 32.9 pixels.
The 3D Crack Heat Map is generated by converting the 2D crack probability map into a height
representation, where pixel intensity values correspond to normalized crack activation levels
(0-1). This visualization highlights the variations in crack severity and distribution over the
surface. On the other hand, negative samples do not exhibit crack segmentation or geometry,
validating the model’s identification of crack-free surfaces.

CNN
R? = 0.9174

BiLSTM
R? = 0.8535

Original image BINARY TRUNC

Ve

TOZERO_INV Gaussian Blur Canny Ldge

Laplacian

Figure 8. Visual comparison of crack detection results using CNN, and BiLSTM models.
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For road crack evaluation, images were captured using a Samsung Al2 smartphone
without any brightness or resolution modifications to preserve real field conditions. The
dataset comprises images under both dry and wet surface conditions, as summarized in
Tables 4 and 5. Under dry conditions, crack features stand out with relatively low background
noise; therefore, the models can easily locate crack patterns. The CNN and BiLSTM models
detect positive crack samples with confidence values around 0.79. After detection, a crack
segmentation map is generated by highlighting pixels classified as crack regions. From this
segmentation mask, geometric features are extracted using contour detection, including
crack area and perimeter, which show values similar to those obtained from building crack
experiments. Negative samples return almost zero geometric markers, verifying that no
cracks exist. The 3D Crack Heat Map is obtained by transforming the 2D crack probability or
segmentation map into a three-dimensional surface representation. Specifically, the pixel
intensity values of the crack activation map are normalized within the range of 0 and 1, and
these values are then interpreted as the height (z-axis) in a 3D visualization. Consequently,
areas of pronounced crack response emerge as raised peaks in the 3D plot, representing the
spatial distribution and intensity of cracking over the surface. Under wet conditions (see Table
5), crack detection becomes more challenging due to reduced contrast, water reflections, and
higher background noise. Nevertheless, the CNN, BiLSTM, and BiGRU models still detect
cracks with confidence levels within the range of 0.75 and 0.80. The corresponding geometric
analysis indicates total crack areas ranging from 190-200 pixel? and perimeters exceeding 700
pixels, whereas negative samples continue to exhibit minimal crack traces.

Table 3. Visualization results of crack detection and geometric analysis under different

conditions.

. . .. Crack Map with Heat Crack Geometry (All

Situation  Orginal image P . 3D Crack Heat Map v(
Coloring Contours)
Positive i
V-
2
o 50 :nA 150

Negative NA NA NA
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Table 4. Visualization results of crack detection and geometric analysis under dry
condition.

Crack Map with 3D Crack Heat Crack Geometry
Heat Coloring Map (All Contours)
NA NA NA

Model Situation Orginal image

Hybrid Positive

Negative

BiLSTM Positive

Negative

BiGRU Positive

Negative

CNN Positive

Negative
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Table 5. Visualization results of crack detection and geometric analysis under wet
condition.

i k k
Model Situation Orginal image Crack Map with 3D Crac Crack Geometry

Heat Coloring Heat Map (All Contours)

Hybrid Positive

Negative

BiLSTM Positive

Negative

BiGRU Positive

Negative

CNN Positive

Negative
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Several prior studies have investigated crack detection using deep learning techniques;
however, most of them primarily focus on convolutional neural network (CNN) architectures
for pavement and structural crack identification. For instance, Fan et al. [27] proposed a CNN-
based structured prediction framework for automated pavement crack detection,
demonstrating that CNN models can effectively learn spatial crack patterns and achieve
classification accuracies exceeding 90% (F1-score = 0.92). Similarly, Ali et al. [28] evaluated
several deep CNN architectures, including VGG-16 and ResNet-50, for crack detection in
concrete structures, reporting accuracies between 92% and 96%.

Another related study by Matarneh et al. [29] developed a transfer learning approach that
was applied with multiple pre-trained CNN architectures to classify 2,139 pavement crack
images into three crack categories. Of the tested models, DenseNet201 had the highest
baseline accuracy (94.12%). Once Grey Wolf Optimizer (GWQO) was implemented, the
accuracy increased to 98.73%, showcasing the power of optimization. In contrast to these
earlier efforts, the present study provides a more comprehensive evaluation framework by
examining three standalone deep learning models, namely CNN, BiGRU, and BiLSTM, together
with a hybrid architecture. Unlike many previous studies that focus mainly on classification
accuracy, this research incorporates multiple quantitative performance metrics, including
RMSE, MAE, R?, Fl-score, AUC, and Cohen’s Kappa, enabling a more robust and
multidimensional assessment of model performance. The experimental results indicate that
the CNN model achieves the best overall performance (RMSE = 0.14, MAE = 0.03, R = 0.92,
Fl-score = 0.97), highlighting its strong predictive capability in capturing spatial crack
features.

Furthermore, this study extends previous work by integrating geometric crack analysis and
visualization, including crack area, perimeter, contour extraction, and 3D crack heat maps
derived from normalized probability maps. The evaluation also considers crack detection
under both dry and wet road surface conditions, which better reflects realistic monitoring
scenarios. Experimental validation displays that all four models produce consistent
predictions for images collected on the METU campus, whereas smartphone images captured
using a Samsung A12 demonstrate performance variations due to environmental conditions.
Under dry conditions, all models illustrate high accuracy in detecting non-cracked surfaces,
while CNN and BiLSTM outperform in crack detection. Under wet conditions, all models also
keep comparable prediction performance, demonstrating great robustness to noise and
illumination changes.

Overall, the findings confirm that the CNN model outperforms recurrent-based approaches
in capturing complex spatial crack characteristics (R?> = 0.92). Moreover, validation with raw
smartphone images highlights the practical feasibility, low deployment cost, and significant
potential of the proposed framework for real-time road condition monitoring and intelligent
maintenance decision support.

4. CONCLUSION

This paper introduced a novel failure detection and ranking framework that combines deep
learning with geometric and depth-based crack analysis. Leveraging a large-scale dataset of
5,200 in 40,010 images sampled from buildings on METU campus and further smartphone
images captured in dry and wet conditions, the proposed approach proves to be robust and
applicable to real-world scenarios. Among the models tested, CNN consistently performed
best across regression and classification metrics (R? = 0.92, Fl-score = 0.97, AUC = 0.99),
emphasizing its effectiveness in capturing complex spatial crack features. The combination of
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probabilistic classification, quantitative geometric indices, and 3D depth visualization enables
accurate crack identification while providing a reliable assessment of damage severity.

Even with promising results, there are still some limitations. First, the data was gathered
in a relatively narrow context and not necessarily generalizable to other road types or
environments. Second, the computer setup, with its restricted scope, could not digest all of
the data.

Future work will expand the dataset to different road materials and locations, include real-
world depth sensors for actual crack depth estimation, and attempt advanced architectures
like attention or transformers. In addition, real-time deployment on mobile or edge devices
will be explored to enable large-scale, low-cost infrastructure monitoring.
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