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1- Introduction

Cracks are among the most common visible indicators of
distress in buildings and structural components. Their
orientation, geometry, width, distribution, and location can
provide useful evidence about stress concentration, local
weakness, differential movement, environmental effects, or the
initiation of damage. For this reason, crack assessment is an
important part of structural health monitoring and of decisions
concerning repair, strengthening, or continued use.
Conventional visual inspection, however, is strongly dependent
on the experience and judgment of the inspector and can become
time-consuming and inconsistent when many buildings must be
screened within a short period. These limitations are particularly
important after moderate earthquakes, in deteriorated urban
areas, and in buildings with difficult access.

Recent progress in computer vision and deep learning has
created practical opportunities for automated analysis of
damage images. Previous studies have used image-processing
techniques, unmanned aerial imagery, and convolutional neural
networks for crack detection and damage recognition [1], [3].
Other research has combined deep models with regression or
image-processing procedures to detect cracks and estimate
related characteristics [7], [10]. Nevertheless, a substantial part
of the reviewed literature concentrates on binary crack/no-crack
detection, on a single surface type, or on one isolated crack
characteristic. The present study addresses a different task:
multiclass classification of several crack patterns in two
building components, slabs and walls, followed by linkage of
the predicted class to engineering information:

The objective is therefore to develop a computer-vision
framework that can automatically classify ten target crack types
and support preliminary damage assessment. Five.crack types
are considered for slabs and.-five for walls, and a separate no-
crack class is included in each component group. In addition to
class prediction, the graphical user interface reports the probable
origin of the crack and whether it is considered structural or non-
structural. For selected structural < cracks, supplementary
information about crack width and progression is used to
provide preliminary risk guidance. The system is intended for
screening and decision-support and is not presented as a
substitute for professional structural inspection.

2- Materials and Methods

The final dataset contains 1,292 images collected from a
combination of photographs of existing cracks and public or
Internet sources. Because the images originate from different
sources, uniform metadata for camera type, imaging distance,
lighting, viewing angle, and original resolution are not available
for the entire dataset; this heterogeneity is treated as a limitation
when interpreting the results. The slab subset contains 553
images and the wall subset contains 739 images. Each subset is
formulated as a six-class classification problem consisting of
five target crack patterns and one no-crack reference class.

The slab classes include radial cracks around columns,
rectangular cracks around columns, perpendicular/grid-line
cracks along reinforcement, horizontal cracks along the slab,
crazing cracks, and clear images. Their respective sample
counts are 145, 78, 71, 97, 72, and 90.

The wall classes include horizontal cracks at mid-height of
retaining walls, vertical cracks, oblique diagonal cracks,
diagonal/cross cracks, cracks at the intersection of two walls,
and clear images, with 72, 165, 121, 178, 112 and 91 samples,
respectively. Thus, the class distribution is not-fully balanced.

Image preprocessing was designed to reduce noise, strengthen
crack boundaries, and 'standardize the inputs. First, a 5 x 5
Gaussian filter was applied to smooth4he images and suppress
unnecessary detail. The filtered image was then processed using
Canny edge detection so that regions with large changes in
intensity and the boundaries associated with cracks were
emphasized. To retain texture and color information while
reinforcing edge information, the denoised image and the edge
image were combined by weighted fusion using
cv2.addWeighted. The original/denoised image contributed
with a weight of 0.8 and the edge image with a weight of 0.2.
Finally, all processed images were resized to 150 x 150 pixels
to,match thesmodel input dimensions.

To reduce the risk ‘of overfitting and improve generalization
with the available dataset, data augmentation was applied
through the Keras ImageDataGenerator. Random horizontal and
vertical shifts of up to 10% were used, together with random
zooming of up to 20% and horizontal flipping. The nearest-
neighbor fill mode was used for pixels introduced near image
boundaries after shifting or zooming. These operations increase
variation in crack position, scale, and orientation while
preserving the class label.

The classification model is based on EfficientNetBO and
transfer learning. A version pretrained on ImageNet was used as
the feature-extraction backbone, with its original top layer
removed. The EfficientNetBO weights were frozen during the
reported training stage in order to retain general image features
learned during pretraining. A Global Average Pooling layer was
added to compress the extracted feature maps, followed by a
Dropout layer with a rate of 0.4. A fully connected Dense layer
with 128 neurons and ReLU activation was then used, and the
output Dense layer employed Softmax activation with the
number of neurons matched to the six classes in each model.
EfficientNetBO itself uses compound scaling and MBConv
blocks with depthwise convolution and skip connections, while
batch normalization and nonlinear activation support stable
feature extraction.



The model was trained with the Adam optimizer using a
learning rate of 0.0005 and categorical cross-entropy as the loss
function. Accuracy was used as the reported evaluation metric,
and training was performed for 20 epochs. After preprocessing,
the data were divided into 80% for training and 20% for
validation. The reported quantitative assessment is therefore
based on Accuracy and Loss trends for the training and
validation sets rather than on an independent external test set.
The engineering interpretation connected to the predicted crack
classes was developed from the reviewed literature and
technical guidance, including ACI documents on cracking and
1ISO 13822 on assessment of existing structures [14]-[16]. The
resulting crack-origin and structural/non-structural labels are
used as practical guidance rather than as a claim that every row
corresponds directly to a single standard classification.

A simple graphical user interface was implemented in Python
using Tkinter so that the trained models can be used without
programming knowledge. The user first selects whether the
image belongs to the slab or wall group and then loads a crack
image. The corresponding model returns the predicted class and
a numerical confidence value. The interface also displays the
probable cause and the structural or non-structural interpretation
associated with that crack type. For selected structural classes
such as diagonal, radial, and punching-shear-related cracks, an
additional technical window receives information on crack
width and whether the crack is progressive, and then provides a
preliminary risk-level indication for further review.

3- Results and Discussion

For slab-crack classification, the training accuracy was 34.77%
in the first epoch, with a loss of 1.6214. By the second epoch,
training accuracy increased to 84.12% and validation accuracy
reached 90.91%. The learning trend subsequently stabilized. At
the end of the twentieth epoch, training accuracy was 97.23%
and validation accuracy was 98.18%. Final training and
validation losses were 0.0603 and 0.0750, respectively. The
simultaneous reduction in loss and the close training and
validation accuracies indicate that no ‘obvious divergence
between the two curves was observed in the reported training
history.

For the wall model, training accuraey in the first epoch was
34.11% with a loss of 1.6675. In.the second epoch, ‘training
accuracy rose to 78.95% and validation accuracy to 87.16%. By
the eighth epoch, the corresponding accuracies were 96.45%
and 96.62%.

At the end of the twentieth epoch, training accuracy was 98.13%
and validation accuracy remained 96.62%, while training and
validation losses decreased to 0.0630 and 0.0891. In both
models, the Accuracy and Loss curves show relatively stable
convergence, and the final validation loss is below 0.1.

These results show that, within the present dataset and its
training/validation split, the proposed EfficientNetB0-based
framework can distinguish the defined crack patterns with high
validation accuracy. Direct numerical comparison with all
earlier studies should nevertheless be made cautiously because
the reviewed studies do not all solve the same problem; some
focus on binary detection or on narrower surface domains,
whereas the present work considers multiclass classification for
two building components. The engineering linkage in the
interface is a practical feature because the model output is not
limited to a class name, but is connected to probable crack
origin, structural significance, and preliminary follow-up
guidance.

The reported performance must also be interpreted in light of
the study limitations. The dataset is relatively limited and not
fully balanced, and it combines images obtained under different
and incompletely documented acquisition conditions. The
quantitative evaluation in/the current version is limited to
Accuracy and Loss; class-specific Precision, Recall, F1-score,
and a confusion matrix were not calculated and recorded in the
reported results. In addition, the model has not been evaluated
in an independent field study within a real building-inspection
workflow. Two-dimensional images do not directly provide
crack depth,. three-dimensional geometry, internal member
condition, or residual structural capacity. Accordingly, the
classification output should be treated as supporting information
for.an engineer rather than as a definitive determination of
structural safety:

4-/Conclusions

This study developed an integrated computer-vision system for
classification of ten target crack types in building slabs and
walls. The workflow combines Gaussian filtering, Canny edge
detection, weighted image fusion, resizing, data augmentation,
and an EfficientNetBO transfer-learning model. Separate six-
class models were trained for slab and wall images. The final
validation accuracies were 98.18% for the slab model and
96.62% for the wall model, with validation losses of 0.0750 and
0.0891, respectively. A graphical user interface links the
predicted crack class to probable origin and structural/non-
structural interpretation and, for selected structural cracks,
provides preliminary risk guidance based on additional crack
information.

The proposed framework is best viewed as a tool for preliminary
screening, visual documentation, and decision support. Future
development should increase the volume and diversity of field
data, evaluate performance on new independent datasets,
incorporate video information to study changes over time,
estimate crack width and depth automatically, and combine
computer-vision results with structural-analysis information.
These steps are necessary before broader field generalization. In
its present form, the system can assist inspection activities but
does not replace site visits, engineering judgment, or a qualified
structural-safety assessment.
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Abstract

Structural health monitoring and timely maintenance are important for building
safety, and crack patterns can provide useful information about the probable
origin of damage. This study presents a computer-vision and deep-learning
framework for automated classification of slab and wall. cracks to support
preliminary building-damage assessment. The dataset contains 1,292 images
representing ten target crack types, including five slab-crack types and five wall-
crack types, together with one no-crack reference class for each group. The class
distribution is not fully balanced, ranging from 71 to 145 images per slab class
and from 72 to 178 images per wall class. Preprocessing includes Gaussian
filtering, Canny edge detection, weighted image fusion, and image resizing, and
an EfficientNetBO0 backbone is trained using transfer learning. Model evaluation
in this study is based on Accuracy and Loss trends for the training and validation
data. The final validation accuracies are 98.18% for the slab model and 96.62%
for the wall model. The main contribution is the multiclass classification of crack
patterns in two building components and the linkage of model outputs to
engineering information, “including probable crack origin, structural/non-
structural classification, and preliminary risk guidance for selected structural
cracks through a graphical user interface. The proposed system is intended as a
support tool for preliminary screening rather than a replacement for professional
structural inspection.

Keywords: ‘Structural Health Monitoring, Image Processing, Deep Learning, Crack
Detection, Convolutional Neural Networks
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