
Baghdad Science Journal Baghdad Science Journal 

Volume 23 Issue 3 Article 28 

3-25-2026 

Leveraging Feature Fusion and Convolutional Neural Networks for Leveraging Feature Fusion and Convolutional Neural Networks for 

Concrete Crack Prediction Concrete Crack Prediction 

Amal Abdulbaqi Maryoosh 
Department of Computer Engineering, Faculty of Electrical and Computer Engineering, University of 
Tabriz, Tabriz, Iran, a.abdolbaghi@tabrizu.ac.ir 

Saeid Pashazadeh 
Department of Information Technology, Faculty of Electrical and Computer Engineering, University of 
Tabriz, Tabriz, Iran, pashazadeh@tabrizu.ac.ir 

Pedram Salehpour 
Department of Computer Engineering, Faculty of Electrical and Computer Engineering, University of 
Tabriz, Tabriz, Iran, psalehpoor@tabrizu.ac.ir 

Follow this and additional works at: https://bsj.uobaghdad.edu.iq/home 

How to Cite this Article How to Cite this Article 
Maryoosh, Amal Abdulbaqi; Pashazadeh, Saeid; and Salehpour, Pedram (2026) "Leveraging Feature 
Fusion and Convolutional Neural Networks for Concrete Crack Prediction," Baghdad Science Journal: Vol. 
23: Iss. 3, Article 28. 
DOI: https://doi.org/10.21123/2411-7986.5253 

This Article is brought to you for free and open access by Baghdad Science Journal. It has been accepted for 
inclusion in Baghdad Science Journal by an authorized editor of Baghdad Science Journal. For more information, 
please contact mina.t@csw.uobaghdad.edu.iq. 

https://bsj.uobaghdad.edu.iq/home
https://bsj.uobaghdad.edu.iq/home/vol23
https://bsj.uobaghdad.edu.iq/home/vol23/iss3
https://bsj.uobaghdad.edu.iq/home/vol23/iss3/28
https://bsj.uobaghdad.edu.iq/home?utm_source=bsj.uobaghdad.edu.iq%2Fhome%2Fvol23%2Fiss3%2F28&utm_medium=PDF&utm_campaign=PDFCoverPages
https://doi.org/10.21123/2411-7986.5253
mailto:mina.t@csw.uobaghdad.edu.iq


BAGHDAD SCIENCE JOURNAL 2026;23(3):1068–1083 Scan the QR to view
the full-text article on
the journal website

RESEARCH ARTICLE

Leveraging Feature Fusion and Convolutional
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ABSTRACT

Detection of cracks in concrete is crucial for the safety of bridges and the overall infrastructure. This paper presents
a new hybrid method that combines handcrafted and deep features to significantly improve classification accuracy.
Texture and semantic information are captured using Local Binary Patterns (LBP) and a pre-trained Xception model,
respectively. These features are converted by the Bag of Visual Words (BoVW) method, combined, and the best features
are selected by using the Apriori algorithm. The selected features are classified utilizing the light MobileNetV3, a large
network. Our method is tested on four public datasets, namely CODEBRIM, DIMEC, Crack, BCD, and Bridge, using 10,
fold cross, validation. The model we introduced has drastically diminished the error rate by less than 1%. Furthermore, it
performed well on the accuracy metric, achieving scores of 0.9995, 0.9983, 0.9998, and 0.9993, respectively. Precision
values reached 0.9998, 1.0000, 1.0000, and 0.9991, while recall figures stood at 0.9995, 0.9938, 0.9998, and 0.9986
for these same datasets. Compared to other deep learning models trained on the same datasets, our model shows highly
encouraging and promising outcomes.

Keywords: Association rule mining, BoVW, CNN, Feature fusion, Feature selection

Introduction

Bridges are essential structures for transportation.
They are exposed to deterioration and damage due to
rust, chemical degradation, unfavorable loading, ero-
sion factors, or natural disasters such as earthquakes,
floods, and hurricanes throughout their service lives,
so their efficiency must be maintained. Due to the
huge costs of building bridges, periodic maintenance
must be done on bridges to ensure the health of
their structures, identify damage, and carry out ap-
propriate maintenance activities. Several structural
health monitoring techniques have been proposed to
assess the health of bridges and avoid major accidents
caused by bridge collapses. The assessment of the
health condition of the bridge and all its elements
is carried out by defining a series of data obtained
from visual inspections, which allows for the drawing

up of damage maps to work on. However, there are
instances where visual inspection may be difficult or
impossible, particularly in critical areas of bridges
like roofing, corners, and highs.1,2

One of the main reasons why researchers have
been investigating the use of advanced technolo-
gies for damage detection is the pressing need to
have accurate and automated methods of identify-
ing damage. As computer vision, machine learning
(ML), and deep learning (DL) have been evolving at a
very fast pace, vision-based approaches have become
promising tools for the automation of bridge damage
classification. Even though they can be very effective,
these systems are still exposed to challenges, which
are usually huge. Structural photos normally have
issues such as low contrast, crack patterns that are
not uniform, and complicated backgrounds, which all
together make it very difficult to detect accurately.3,4
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Traditional image processing and ML methods highly
depend on handcrafted features like texture, shape,
and color, but they usually miss capturing high-level
semantic information and don’t perform well under
changing lighting and surface conditions. However,
deep convolutional neural networks (CNNs) provide
end-to-end learning and are able to extract better
features from raw images, but on the other hand,
they require huge amounts of labeled data, are prone
to overfitting, require high computational resources,
and are low in interpretability.5,6

Besides that, simple feature methods are usually
limited in their accuracy and robustness. By combin-
ing several types of features, feature fusion has shown
better results, but at the same time, it brings redun-
dancy and raises the computational cost. Therefore,
good feature selection methods are required to get
rid of noise and unhelpful features, and to improve
classification efficiency.7,8

This paper tries to tackle the problems by suggest-
ing a hybrid classification framework that merges
feature fusion, feature selection, association rule min-
ing, and deep learning. We highlight our works’
contributions in the following points:

• Use reliable hybrid supervised and unsupervised
learning techniques that drastically enhance error
rate performance over existing methods/baseline
models. Construct a new algorithm based on fea-
ture fusion, Apriori association rule mining, and
CNN for reliable concrete damage classification.

• We demonstrate the proposed method’s perfor-
mance on COncrete Defect BRidge IMage (CODE-
BRIM), the DIMEC-crack database, Bridge Crack
Detection (BCD), and bridge datasets.

Related works

Feature fusion

Feature fusion of local and deep features holds
the key to significantly improved classification per-
formance. By integrating local features that store
fine details, along with deep features derived from
neural networks, a more thorough data depiction
is obtained. The fusion of these modalities results
in the development of more accurate and consis-
tent models that understand and examine complex
image data proficiently. Several research studies in
the recent past have merged different feature ex-
traction approaches to increase the performance of
image classification in various domains. For example,
Shrinivasa S., et al.9 combined handcrafted and deep
features to facilitate the improvement of classification
accuracy in scene image classification. The standard

ResNet model retrieves the deep features of the im-
ages, while the Binary Robust Invariant Scalable Key
Points (BRISK) descriptor retrieves the handcrafted
local features. Fusing the two different kinds of image
features creates a new type of image feature known
as the hybrid feature. Thereafter, they utilize a Sup-
port Vector Machine (SVM) training model to classify
scene images. BRISK is a robust invariant key point
descriptor. While effective for certain tasks, its per-
formance might vary across different types of scene
images. While SVMs are powerful, they can be com-
putationally expensive for enormous datasets. Their
performance can also be sensitive to the choice of
kernel and hyperparameters. Ahmed, et al.10 com-
bined SIFT and CNN features in remote sensing image
classification. They integrated these features SVM as
the basis for classification. Similar to BRISK, SIFT is
a strong local descriptor but may have limitations in
certain remote sensing contexts (e.g., highly textured
areas with ambiguous keypoints). Other local features
might offer complementary information.

The objective of this fusion strategy is to use the
distinct benefits of each feature extraction method
while reducing their particular constraints. In or-
der to classify breast biopsy images, Tripathi, et
al.11 constructed a patch-based classifier by com-
bining a CNN with BoVW. ResNet50, DenseNet169,
and InceptionV3 evaluated their technique using the
BACH-2018 challenge dataset. In their work, they
show a method that outperforms all three models
collectively. Their approach may be quite good at
identifying local features; however, a patch-based
method could overlook some of the global contextual
information present in the whole biopsy image. It is
possible that the integration of the patch, level BoVW
with CNN features, still offers room for improvement
through the inclusion of additional global image fea-
tures. For pavement crack detection, Chen, et al.12

employed a fusion of LBP and principal component
analysis (PCA). They used LBP to extract features
from each frame of the road video, PCA to reduce
the features’ dimension, and SVM to train the sam-
ples. LBP is excellent for texture, but pavement cracks
can also have distinct shapes, edges, and contextual
information that LBP alone might not fully capture.
While PCA is common, it’s a linear dimensionality
reduction technique. It might not optimally preserve
discriminative information for complex non-linear
crack patterns compared to non-linear methods.

Ozkay S., et al.13 obtained a feature vector using
deep and textural feature extraction techniques. In
the first line, they extracted the feature from AlexNet
and generated the feature vector using the FC8 layer;
in the second line, they applied LBP to generate the
feature vector and applied it again to the resulting
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feature vector, then combined the two lines to ob-
tain the feature vector; after that, they utilized the
neighborhood component analysis (NAC) algorithm
for feature selection. Finally, train the selected fea-
tures using SVM. For the METU crack dataset, the
developed model has achieved 99.9% accuracy in
classifying crack images. Applying LBP twice to the
resulting feature vector after the first LBP applica-
tion is unusual, and its precise benefit or potential
drawbacks (e.g., increased redundancy, loss of orig-
inal information) are not immediately clear from
the description. Although this very high accuracy
is impressive, it can sometimes indicate potential
overfitting or a relatively “easy” dataset unless it is
carefully validated or tested on diverse datasets.

Concrete damage prediction

This section presents a full description of the most
recent models that identify damage in concrete. We
have noted different methods in the studies pub-
lished on concrete damage detection. Some studies
are based on deep learning models only, whereas
others emphasize machine learning techniques.

Also, there is a portion of research that combines
image processing techniques with deep learning or
machine learning to achieve better detection results.
The literature on concrete damage detection shows
that there are many different types of approaches that
researchers have used in their work. Some studies
focus on deep learning models, while others lever-
age machine learning techniques. Interestingly, a
notable number of investigations also combine image
processing techniques with either deep learning or
machine learning to enhance their detection capa-
bilities. For instance, a combination of multi-layered
image preprocessing (containing homomorphic fil-
tering, median filtering, Gaussian filtering, and the
Otsu method) with CNN proposed by Fu et al.14

for crack image identification and crack position de-
tection was applied to the 2042 crack image and
the 8680 background image. To find surface cracks,
Zhang F. et al.15 used three machine learning algo-
rithms: SVM, random forest, and k-nearest neighbor.
They also used image processing techniques: min-max
gray level discrimination and Laplace sharpening,
and dimensionality reduction methods: F-Score Fea-
ture Selection and Principal Component Analysis.
They discovered that the V-SVM machine learning
method can achieve an accuracy of 0.8899, PCA can
reduce the number of features to 0.95 of their original
variance, and Laplace sharpening can enhance the
image’s color. Bhalaji K., et al.16 utilized 12 transfer
learning DCNN models to classify cracks in three pub-
licly accessible datasets: CCIC, SDNET, and BCD. Due

to the limited efficiency of transfer learning DCNN
models on the SDNET images, two image enhance-
ment approaches, LBP and contrast enhancement,
were utilized on the images. In addition, the SVM
is trained using deep features obtained from the last
fully connected layer of the DCNNs. Detection accu-
racy was improved in all DCNN-dataset combinations
by integrating deep features with SVM. To enhance
the effectiveness of damage detection techniques in
the Structural Monitoring and Control (SMC) bench-
mark bridge, Ahmadian et al.17 employed XGBoost
to assess the significance of features derived from
the sensor data. They trained the stacking approach,
a combination of four machine-learning algorithms
(SVM, k nearest neighbor, decision tree, and Gaus-
sian Naive Bayes), using the time frame selected
features. The stacking approach obtained the maxi-
mum performance, with an average accuracy rate of
0.931. The study of Golding et al.18 proposed a deep
learning-based crack detection method using the CNN
technique. Before training the pre-trained VGG16
architecture to construct several CNN models, the
authors processed the images from the CCIC dataset
to enhance the performance of CNN classification. Im-
age processing employs thresholding, grayscale, and
edge detection methods for crack detection, but deep
learning does not use them. The analysis revealed
that grayscale models are on par with RGB models;
however, training significantly accelerates the perfor-
mance enhancement of the former. The thresholding
and edge detection models lagged behind RGB mod-
els in terms of performance. The researchers infer
that deep learning approaches for crack detection
are color-independent; deep learning crack detection
does not depend on color. Zadeh et al.19 incorporated
four deep learning models to crack detection of the
CCIC dataset. Specifically, they leveraged the power
of pre-trained deep learning architectures, such as
ResNet50, VGG19, EfficientNetV2, and Inception V3,
to fine-tune their approaches. The selection of these
models was based on their demonstrated performance
and flexibility in the field of image analysis. Among
the models evaluated, EfficientNetV2 demonstrated
superior performance in terms of increasing efficiency
and reducing false positives. In the area of transfer
learning, Islam et al.20 used four well-known deep
learning models: DenseNet161, VGG16, AlexNet, and
ResNet18. They used weights that had already been
trained on the ImageNet dataset. The models were
tested utilizing the CCIC and BWCI datasets. The
recommendations were using AlexNet to implement
augmentation techniques, which involved deleting
the last three fully connected (FC) layers and substi-
tuting them with an FC2 layer to align the output
features for binary classification. The researchers
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concluded that the suggested AlexNet model out-
performed the other models they used. Yang et
al.3 proposed utilizing the DCNN method to classify
cracks in three public datasets: CCIC, BCD, and SD-
NET. The suggested approach transfers three types of
knowledge from previous research accomplishments:
sample knowledge, parameter knowledge, and model
knowledge. The VGG network evolved additional
fully linked layers as a new learning framework. The
researchers confirmed the validity and effectiveness
of the suggested method. Bukhsh, et al.21 evaluated
a combination of in-domain and cross-domain trans-
fer learning strategies for bridge damage detection.
Six publicly accessible visual inspection datasets (SD-
NET, CDs, ICCD, BCD, CODEBRIM, and MCDS) were
used in extensive comparisons to examine the ef-
fects of cross-domain and in-domain transfer, with
different starting procedures, for binary and mul-
ticlass classification. The pre-trained models were
also assessed for their capacity to handle the incred-
ibly limited amount of data available. The results
demonstrate that using cross-domain and in-domain
transfer consistently yields better performance, par-
ticularly when dealing with small datasets. Zoubir
et al.22 investigated the concrete damage detection
method using more than 3,000 images of concrete
surfaces, both cracked and uncracked, showing var-
ious crack patterns and concrete surface conditions.
To characterize the images, they used a combina-
tion of Histogram of Oriented Gradients (HOG) and
Uniform Local Binary Patterns (ULBP) features. In
order to lessen the number of features, they decided
to use Kernel Principal Component Analysis (KPCA).
For the classification task, they experimented with
three different machine learning models. Their re-
sults demonstrated that the subsequent combination
of features from the two methods, HOG and ULBP
(once subjected to KPCA), with an SVM classifier
brought about the most superior result, getting an
extremely high accuracy of 99. 26%. Zoubir, with
the other team,23 has released a large-scale, publicly
accessible dataset that includes over 6,900 annotated
images of cracked and non-cracked concrete bridges
and culverts. This dataset is extremely valuable as it
presents difficult surface conditions and various crack
sizes and patterns. They performed an evaluation
of the dataset by three state-of-the-art Deep Convo-
lutional Neural Networks (DCNNs), namely VGG16,
VGG19, and InceptionV3, utilizing a transfer learn-
ing method. These models were able to distinguish
between cracked and non-cracked images, with the
peak testing accuracy being 95. 89%. The findings
indicate that the dataset has a significant capacity for
training deep learning networks that are specialized
in the detection of concrete cracks in bridge struc-

tures. Our model, compared to existing ones, offers
a broader and well-ordered hybrid method by merg-
ing handcrafted features (LBP) and deep semantic
features (from Xception), combined with mid-level
encoding via BoVW and then Apriori-based feature
selection. Prior art only dabbled in different mixes
of fusion and classifiers (e.g., SIFT+CNN+SVM or
BRISK+ResNet+SVM), our work brings in associa-
tion rule mining (Apriori) as a feature selection tool,
which is something not seen before and quite effec-
tive in this case. Different from earlier works, which
are mainly plagued with feature redundancy, poor
generalization, or heavy computation, our method
is more transparent. By keeping only, the frequent
and significant feature combinations, it lowers the
risk of overfitting. Thus, the generalization capability
standard is notably raised for a number of benchmark
datasets. Our experiments validate that our approach
has gained better accuracy and precision (99.8%) on
four varied datasets, which would be hard to match
by many deep and hybrid models that have been
published so far. These findings testify to the origi-
nality and applicability of our paper on the automated
detection of cracks in concrete structures, especially
in the case of real bridge monitoring systems, where
dependability and resource saving are key factors.

Datasets

We tested our model on four concrete damage im-
age datasets. Three of them are related to bridge
damage or crack detection, and the fourth one is for
building crack detection.
BCD Dataset: Xu, et al.24 released a dataset with

2,068 images equally representing bridge cracks and
non-cracks. The images were taken by a Phantom 4
Pro’s CMOS surface array camera at a resolution of
1024 × 1024 pixels. These images, after a two-stage
reduction process first to 512 × 512 and then to
224 × 224 dimensions, were used to form the final
dataset. In the end, this dataset comprises 4,057 im-
ages of cracks and 2,013 images of non-cracks.
Bridge Datasets: Zoubir, et al.22 compiled a

dataset containing 1,304 cracked and 1,806 non-
cracked RGB bridge images of 200 × 200 pixels each.
These photos show concrete surfaces/window cracks,
etc., and have been taken during real bridge inspec-
tions. Before converting the images to grayscale to
get rid of crack, like noise, they were subjected to a
3 × 3 median filter as a pre-processing step.
CODEBRIM Dataset: CODEBRIM includes images

of 30 distinct bridges, excluding bridges without
defects introduced by Mundt, et al.25 as a novel,
concrete defect bridge image dataset. The bridges
were selected based on their levels of general
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degradation, severity, number of defects, and sur-
face appearance, such as roughness and color. Images
were taken in various weather conditions, includ-
ing wet or dirty surfaces, with multiple cameras at
different magnifications. Because the defects were
very small, high-resolution images were necessary.
A drone (unmanned aerial vehicle, UAV) captured
part of the dataset as some sections of a bridge were
inaccessible. A set of four different high-resolution
cameras with large focal lengths took the dataset
while changing the distance, angle, and perspective
of the pictures. Besides that, to uniformly illumi-
nate the darkest sections of the bridge, they used a
diffused flash. The supplementary material provides
detailed information about the specific camera mod-
els and their respective technical specifications. The
collection contains 7,455 high-resolution photos of
30 different bridges at various sizes and resolutions.
We divided it into two classes: defects and back-
ground. The defects have 4,388 images, while the
background contains 3,067 images.
DIMEC-Crack Database: Lopez D., et al.26 created

a new dataset specifically for crack semantic segmen-
tation. This dataset comprises 10,092 high-resolution
images (1920 × 1080 pixels) extracted from video
footage of various concrete bridges, captured by a
UAV equipped with high-resolution cameras. While
their original study utilized 96× 96 pixel patches, we
plan to use the full, raw images. The dataset is divided
into two classes: 7,872 images featuring cracks and
2,220 images without cracks.

Materials and methods

The first step is applying the preprocessing steps to
the datasets, then two data types will be extracted
using the Xception model and LBP. We extracted the
mid-level feature representation for each type of fea-
ture using the BoVW method in five sizes of visual
words (50, 100, 200, and 300). We use the BoVW
method because it enhances generalizability. Then,
we concatenate the two types of features. After fusion,
we may encounter feature duplication, which reduces
classification accuracy and increases data bias. So, we
apply the Apriori algorithm to reduce the number of
features and eliminate duplication. Finally, we train
the data using MobileNetV3-Large. We will explain
the proposed model in this section. Fig. 1, illustrates
the general structure of the proposed model.

Preprocessing

The preprocessing steps may increase model in-
ference and reduce model training time. Reducing

the size of the input images can significantly re-
duce the model’s training time while preserving its
performance, especially if there are many images.
This paper employs the following preprocessing tech-
niques:

• Image resizing is the process of increasing or de-
creasing the size of an image while maintaining its
original properties. It works to make the model
faster. The large image is difficult to process ef-
fectively. Therefore, we resize the different sizes
of the dataset’s images to 100 × 100.

• Grayscale image: To simplify the image’s data and
reduce algorithmic processing requirements, we
convert the images to grayscale.

• Removing duplicate data is considered a funda-
mental operation in data cleaning and prepara-
tion. It eliminates biases in data and enhances
classification accuracy.

• Data augmentation techniques: To increase the
size of a dataset, enhance the model’s gener-
alization, and reduce overfitting, we use data
augmentation techniques to produce new images
from existing ones. We used the albumentations
library’s augmentation methods (HorizontalFlip,
ShiftScaleRotate, VerticalFlip, Rotate).

• The data normalization technique sets pixel inten-
sity values to a predefined range, usually between
0 and 1. It enhances the model’s effectiveness and
reduces its computation.

Feature extraction

This paper uses two features: texture features (low-
level features) extracted by Local Binary Pattern
(LBP) and deep features extracted by the Xception
model. This section briefly explains each type of
them.

Local binary pattern

The LBP is a textural descriptor described by Ojala,
et al.27 and utilized for classification. To calculate
a binary pattern, LBP compares the intensity of a
center pixel (threshold) with the intensity of the eight
neighbor pixels around it. LBP may be formalized as
follows in Eqs. (1) and (2) for a center pixel Ic and an
adjacent pixel Ii (i = 1, 2, . . ., P)28:

LBP =
P∑
i=1

F (Ii − Ic). 2i−1 (1)

F (I) =
{

1,

0,

I ≥ 0,

otherwise. (2)
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Fig. 1. The general structure of the proposed method.

Where P represents the number of neighbors con-
sidered, F(I) is a thresholding function, and 2i−1

represents the weight factor used to give each neigh-
bor a unique binary place value. LBP is highly
effective in capturing local micro-patterns, such as
cracks, textures, and edges, and it is proven robust
to illumination changes. Since photos from bridge
inspection are typically characterized by varying
lighting and diverse surface features, LBP provides
a fast and reliable technique to encode the fine tex-
ture details required for the detection of cracks. The
straightforwardness of LBP fits perfectly with the
complexity of the deep features.

Xception model

The Xception model29 that was used in this re-
search was initially trained on the ImageNet dataset,
a large-scale dataset composed of natural images.
The Xception, which is recognized for its high effi-
ciency with depthwise separable convolutions, has
been able to deliver the highest level of performance

among various image classification tasks, including
the distinguishing of fine details. The Xception model
utilizes its final MaxPooling2D layer to obtain fea-
tures with the size of (3 × 3 × 1024). After that,
we put a flattened layer to squeeze the feature array
dimension into a one-dimensional array. The feature
vector obtained from the flattened layer is of the
(1 × 9216) type. Retrieving features from an inter-
mediate layer of Xception enables us to get a rich,
generalized representation of the image content that
the model from a massive dataset (ImageNet) has
learned. It offers very strong contextual information
that goes beyond the local textures. We picked Xcep-
tion because it offers a good balance of accuracy and
computational efficiency, making it appropriate for
our feature extraction requirements.

BoVW

A BoVW is an overarching mechanism to derive a
single representation of the entire image from a set
of local features. Various ways based on BoVW are
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commonly used in computer vision because they are
highly precise, fast, and easy to implement. In the first
place, it was a tool for natural language processing
(NLP) and text retrieval, later changing to embrace
computer vision. The BoVW method has recently
gained notoriety for its excellent performance in se-
mantic image analysis and image classification tasks
across numerous benchmark datasets. The BoVW fea-
tures are obtained by first training the feature vector
patches with a k-means clustering algorithm. Next,
we decide on the dictionary size (k), which is the
number of clusters, and take the cluster centroids as
the visual words.30 The steps of BoVW are given as
follows:31

1. Decide how many patches should be used to split
each feature vector into patches.

2. In order to find out the dictionary size (k), we
tried 50, 100, 200, and 300, which correspond
to the number of K, meaning clusters.

3. Locate the center of each cluster. These centers
are the visual words. The dimension of the visual
word vector is the same as K.

4. We created local feature vectors by calculating
histograms of each feature vector.

BoVW is a method to create mid-level features,
LBP describes local pixel patterns, and Xception offers
high, level semantic context. In contrast, BoVW is a
connecting step that takes the raw local features (e.g.,
the LBP responses of different patches or regions)
and maps them into a semantic space using a visual
vocabulary. Hence, we can combine local visual hints
to form a completely global image descriptor that
statistically summarizes the visual patterns. At the
same time, it is very helpful to reduce the loss of
spatial detail, which is one of the drawbacks of strictly
global features, and at the same time, it provides a
much richer descriptor for the complicated damage
patterns.

Feature fusion

After texture and deep feature extraction, feature
selection, and mid-level feature representation, we
will gather these features together. The total feature
sizes will be (100, 200, 400, and 600). Feature fusion
is intended to capture more unique features, give
semantic information for describing the relevant parts
of images, and, at the same time, remove the irrele-
vant ones. Through these effective feature extraction
methods and a thorough feature selection process,
our model can fully capture tiny details as well as
the overall semantics of bridge inspection images,
thereby making it a more robust and accurate damage
classification system.

Apriori algorithm for feature selection

After fusing the diverse feature sets, we became
aware of the possibility of high dimensionality, which
could even include redundant or less informative fea-
tures. As a result, we decided to use an Apriori, based
feature selection method. This algorithm assists us in
discovering patterns and relationships that frequently
co, occur in the combined features. Through the use of
Apriori, we are able to single out and keep the most
discriminative and correlated feature combinations,
thus decreasing redundancy, facilitating computa-
tional efficiency, and most importantly, raising the
overall interpretability and predictive power of our
final classifier. This stage is paramount for resolv-
ing the typical problem of feature fusion leading to
dimensionality explosion and making sure that only
genuinely relevant information is used. Apriori de-
tects frequent itemsets (sets of features) that happen
together in a dataset. When considering feature selec-
tion, frequent itemsets can be viewed as combinations
of features that have a strong association with the
target class. The idea is to keep features that regu-
larly coexist with certain labels. Thinking of feature
selection, we can liken the features of the dataset to
“items” and each record of data to a “transaction.” By
identifying frequent itemsets (i.e., frequently occur-
ring combinations of features), we can spot features
that commonly co-occur, which may signify signifi-
cant relationships or redundancies. We rely on two
fundamental approaches in feature selection:

1. Redundancy Reduction: If we find that large
frequent itemsets (frequent features) are always
present together, it might suggest that frequent
features are highly correlated or redundant.
Thus, we choose to keep only one of them.

2. Filtering by Support/Confidence: We use thresh-
olds for support and confidence to filter out less
significant features or rules. Features involved in
rules that don’t meet these thresholds might be
considered less important.

Feature extraction is mainly carried out to achieve
two goals. Firstly, by choosing just a few highly
informative features from the original data, the clas-
sifier can perform more efficiently. Secondly, the
features that do not truly represent the data object
are eliminated so that the accuracy of the classifi-
cation can be increased. In the experiment, we set
min- support = 0.9 and min- confidence = 0.9 as
thresholds for choosing features. It is clear from
the experimental results that the feature selection
with the Apriori algorithm is responsible for the
17.39% boost in the classification accuracy. The
model, which had an accuracy of 82.56% and a loss
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Fig. 2. The accuracy and loss plot before using Apriori feature selection for feature size 100.

Table 1. Number of features before and after Apriori feature selection
for the CODEBRIM dataset.

No. of the features

Before Apriori feature selection 100
After Apriori feature selection 47, 31, 17, 42, 9, 27, 34, 28, 41,

26, 100, 17, 25, 12, 15, 29, 72,
42, 88, 21

of 17.44% before the application of the Apriori algo-
rithm, is now more accurate and less faulty. Fig. 2,
presents these performance metrics by means of ac-
curacy and loss plots derived from 10, fold cross,
validation.

After applying the Apriori algorithm to the fea-
tures derived from BoVW, the number of features
selected varies across different instances. This is be-
cause Apriori selects only those features that meet the
minimum support and confidence thresholds, which
are not uniformly satisfied by all features in each in-
stance. Consequently, the number of retained features
is not consistent across the dataset. Table 1 illustrates
this.

Table 1 explains the number of features for 20
instances after the Apriori feature selection of the
CODEBRIM dataset. It also reveals that before feature
selection each example originally had 100 BoVW fea-
tures. The number of features selected by Apriori for
each instance varies drastically, from only 9 features
to as many as 100 features, depending on how many
features satisfied the selection criteria in each case.
This variation necessitates the use of imputation to
standardize input dimensions for the proper function-
ing of models. Since model training requires a fixed
feature size per example, data was treated for miss-
ing values arising from this inconsistency using the
mean imputation method. This approach substitutes
missing values with the mean value of the respec-
tive feature from the whole dataset, thus maintaining
the data structure and limiting information loss or
bias.

MobileNetV3_Large

Google specifically developed MobileNet as an
open-source computer vision model for classifier
training. It is a convolutional neural network that uses
depthwise convolutions to greatly decrease the pa-
rameter count compared to other networks, thereby
creating a lightweight deep neural network. Mo-
bileNet is a compact model designed to accommodate
limited resources, such as low latency and low power
consumption. They are specifically parameterized to
cater to various use cases, making them well-suited
for mobile applications and other situations with con-
strained resources. Depthwise separable convolutions
enable MobileNet to achieve efficiency by reducing
the number of multiply-accumulates and the model’s
overall size. Although MobileNet exhibits superior
speed and compactness compared to other prominent
networks, it may sacrifice some accuracy compared
to bigger, resource-intensive models. Nevertheless, its
performance remains commendable, with just a little
decline in accuracy.32 In our work, we trained the
utilized datasets using MobileNetV3-Large. It is more
accurate and has a lower latency than MobileNetV2.

Experimental results

Experimental environment

In this section, we demonstrate that the proposed
model is generalizable and capable of producing reli-
able results by evaluating their performance on four
datasets using 10-fold cross-validation.

We experimented with our code, which was im-
plemented in the following environments: the Ten-
sorFlow and Keras frameworks. We developed it in
Python 3.9 using the Anaconda Navigator IDE and
utilized it with Windows 10 64-bit. An i7-8550U CPU
runs at 1.99 GHz and 32 GB of RAM, and the exper-
iment’s settings are as follows: the batch size is 128,
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20 epochs, and the optimization method for loss is
Adam optimization.

Evolution metrics

In order to assess our method, we make use of
various performance metrics, such as accuracy, pre-
cision, recall (or sensitivity), F1, score, AUC score,
and error rate. All of these metrics are derived from
the confusion matrix, which depicts the classifier’s
performance. This matrix consists of the four basic
elements for binary classification:

• True Positive (TP): It is the count of actual pos-
itive cases that have been correctly identified as
positive.

• True Negative (TN): It is the count of actual neg-
ative cases that have been correctly identified as
negative.

• False Positive (FP): It is the count of actual neg-
ative cases that have been wrongly identified as
positive.

• False Negative (FN): It is the count of actual pos-
itive cases that have been wrongly identified as
negative. These elements serve as the basis for cal-
culating the following evaluation metrics, and the
formulas for each metric are explained as follows,
from Eqs. (3) to (9):33

1. Accuracy (Overall Correctness): Accuracy refers to
how often a model classifies samples correctly in
relation to the total number of samples. This is
a very intuitive concept; however, it tends to be
misleading in the case of imbalanced datasets.

Accuracy =
(TP+ TN)

(TP+ TN+ FN+ FP)
(3)

2. Precision (Positive Predictive Value): Precision
measures the ratio of positive cases that have
been correctly identified out of all the cases that
have been predicted as positive. High precision
is important in a scenario where the cost of a
false positive is high, for instance, not performing
unnecessary maintenance on a healthy bridge.

Precision =
TP

(TP+ FP)
(4)

3. Recall (Sensitivity or True Positive Rate, TPR):
Recall is the measure of actual positive cases that
have been correctly identified. It is especially im-
portant to have high recall in the case of bridge
damage detection, as overlooking actual damage
(false negatives) may lead to very dangerous situ-

ations.

Recall =
TP

(TP+ FN)
(5)

4. F1-Score (Harmonic Mean of Precision and Re-
call): The F1-Score is a single value indicator
that considers both precision and recall. It is par-
ticularly helpful in situations where there is a
significant disparity between classes or when it is
equally important to reduce both false positives
and false negatives.

F1− score = 2∗
Precision ∗ Recall
Precision+ Recall

(6)

5. Error Rate (Overall Incorrectness): Error rate is
inversely related to accuracy, and it reflects the
percentage of total samples that have been classi-
fied inaccurately.

Error Rate = 1− Accuracy =
(FP+ FN)

(TP+ TN+ FP+ FN)
(7)

6. Specificity (True Negative Rate - TNR): Specificity
determines the fraction of real negative cases that
are correctly recognized. This is crucial for mak-
ing sure that the non-damaged cases are correctly
identified.

SP =
TN

TN + FP
(8)

7. AUC: The AUC score reflects how well the model
can separate positive and negative classes at dif-
ferent classification thresholds. A model with a
higher AUC can better distinguish between classes
overall.

AUC =
SP+ SE

2
(9)

Results and discussion

This section outlines a detailed breakdown of
the classification results that the proposed model
achieved on the datasets used. We optimized the
model training for four features, sized variations on
each of the datasets, which differed depending on the
size of the BoVW. Table 2 shows the outcomes of the
training of the proposed model using four different
datasets.

We have conducted the experiments, and our find-
ings were compared with the details given in Table 2.
Our results show that the size of the visual feature,
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Table 2. Performance of the proposed method with varying numbers of visual words for CODEBRIM
and DIMEC-Crack datasets.

Datasets Performance Metrics

Number of visual words

100 200 400 600

CODEBRIM Accuracy 0.9995 0.9993 0.9989 0.9984
Precision 0.9998 0.9995 0.9987 0.9985
Recall 0.9995 0.9992 0.9994 0.9989
F1-score 0.9996 0.9994 0.9991 0.9987
ROC-AUC 0.9996 0.9993 0.9988 0.9984
Error rate 0.0005 0.0007 0.0011 0.0016

DIMEC-Crack Accuracy 0.9983 0.9963 0.9902 0.9953
Precision 1.0000 1.0000 1.0000 0.9982
Recall 0.9938 0.9864 0.9640 0.9847
F1-score 0.9969 0.9929 0.9814 0.9913
ROC-AUC 0.9969 0.9932 0.9820 0.9920
Error rate 0.0017 0.0037 0.0098 0.0047

BCD Accuracy 0.9998 0.9997 0.9998 0.9990
Precision 1.0000 0.9999 1.0000 0.9995
Recall 0.9998 0.9996 0.9997 0.9990
F1-score 0.9999 0.9998 0.9999 0.9992
ROC-AUC 0.9999 0.9997 0.9999 0.9990
Error rate 0.0002 0.0003 0.0002 0.0010

Bridge Accuracy 0.9993 0.9980 0.9963 0.9940
Precision 0.9991 0.9976 0.9990 0.9921
Recall 0.9986 0.9952 0.9874 0.9862
F1-score 0.9988 0.9964 0.9932 0.9891
ROC-AUC 0.9991 0.9972 0.9935 0.9916
Error rate 0.0007 0.0020 0.0037 0.0060

which is of 100, has a dominant performance over all
the datasets that were tested. The size of the features
of 100 is well balanced, as it has enough descriptive
power and at the same time does not introduce noise
or redundancy. The best results were obtained for all
data sets by using 100 features. The model at this size
manifested an ideal capturing of the real underlying
patterns that result in a minimization of both false
positives and false negatives, as indicated by the high
precision, recall, and F1 metrics. If the feature num-
ber goes beyond 100, we mostly see a flattening of the
efficiency or a slight but noticeable lowering in some
of the metrics, notably the accuracy and F1 score. This
is consistent with the notion that the more features
you add beyond the optimal amount, the more re-
dundant or less discriminative pieces of information
you are likely to bring in. Our Apriori, based feature
selection method helps to reduce this effect. However,
an excessively large pool of initial features can still
result in increased model complexity, possible over-
fitting, and longer training/inference times without
corresponding gains in performance.

With the CODEBRIM dataset, using 100 features
alone led to an accuracy peak of 0.9995, along with
a very high precision of 0.9998 (meaning false posi-
tives were greatly minimized), a recall of 0.9995, an
F1 score of 0.9996 (that harmonized precision and
recall), an ROC, AUC of 0.9996, and an exceptionally

low error rate of 0.0005. The DIMEC, Crack dataset
performance was also the highest with 100 features,
producing an accuracy of 0.9983, a flawless preci-
sion of 1.0000, a recall of 0.9938, an F1 score of
0.9969, an ROC AUC of 0.9969, and an error rate of
0.0017. A precision of one here means the model is
perfect in terms of not confusing non-cracked areas
with cracked ones. Likewise, the BCD dataset with
100 features showed remarkable results, including
0.9998 accuracy, 1.0000 precision (zero false pos-
itives), 0.9998 recall (only 0.0002 false negatives),
0.9999 for both F1 score and ROC, AUC, and an
extremely low error rate of 0.0002. The optimized
feature set was a major factor in the performance
of this dataset. Last but not least, the Bridge dataset
also performed the best with 100 features, scoring an
accuracy of 0.9993, a precision of 0.9991, a recall
of 0.9986, an F1 score of 0.9988, an ROC, AUC of
0.9991, and an error rate of 0.0007. This profound
inspection of how feature size influences performance
truly reveals that 100The consistently high perfor-
mance across all evaluated metrics highlights the
effectiveness of our proposed feature fusion and se-
lection strategy.

Fig. 3 shows the plot of the average of the best
accuracy and loss for all datasets. Whereas Fig. 4
shows the average of the confusion matrix of the best
results for all datasets.
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Fig. 3. Visual representation of the average accuracy and loss obtained from 10-fold cross-validation for the optimal results on each dataset:
(a) CODEBRIM, (b) DIMEC-Crack, (c) BCD, and (d) Bridge, all at a feature size of 100.
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Fig. 4. Average confusion matrices reflecting the optimal performance across 10-fold cross-validation for: (a) CODEBRIM, (b) DIMEC-Crack,
(c) BCD, and (d) Bridge datasets, all with a feature size of 100.

We compared the performance of the proposed
model with some of the studies that classify the same
datasets. Table 3 presents the accuracy scores for each
dataset and compares them with related studies.

As shown in Table 3, The study conducted by Bha-
laji K., et al.16 tested the BCD dataset using transfer
learning DCNN and SVM. They employed 12 trans-
fer learning methods: The VGG16 model achieved
an accuracy of 0.9983, with nearly more than 0.99
for each precision, recall, and F1-score; the VGG19
model achieved an accuracy of 0.9967, with nearly
more than 0.99 for each precision, recall, and F1-
score; the Xception model achieved an accuracy of
0.9967, with precision, recall, and F1-score reaching
> 0.99; the ResNet 101 model achieved an accu-
racy of 0.995, with a precision of 1.0000, a recall of
0.99, and an F1-score of 0.995; the ResNet 152 model
achieved an accuracy of 0.9983, with approximately
> 0.99 for each precision, recall, and F1-score. Incep-
tionV3 achieved an accuracy of 0.9983, a precision of
0.99, a recall of 0.99, and an F1-score of 0.99. Incep-
tionResNet V2 achieved an accuracy of 0.995 with a
precision of 1.0000, a recall of 0.99, and an F1 score
reaching 0.995. MobileNet achieved an accuracy of
0.9983, surpassing 0.99 in each of the precision, re-

call, and F1-score categories. MobileNetV2 achieved
an accuracy of 0.9983 with a precision, recall, and F1
score of > 0.99. DenseNet 121 achieved an accuracy
of 0.9967 with a precision, recall, and F1-score of
1.0000, while the EfficientNetB0 model yielded an
accuracy of 0.996 and a precision of 0.9983, with a
precision, recall, and F1-score of > 0.99.

Yang, et al.3 also used transfer learning, utilizing 13
layers of VGG16 and 2 FC layers. They trained their
proposal with the BCD dataset, and they achieved an
accuracy of 0.9972, a precision of 0.9646, and an
AUC of 0.9999. Bukhsh, et al.21 employed transfer
learning using in-domain, cross-domain, and combi-
nation strategies. They tested the BCD dataset for
in-domain, achieving an accuracy of 0.975 with a
precision of 0.979, a recall of 0.975, and an F1-score
of 0.976; for cross-domain, they achieved an accu-
racy of 0.986 with a precision of 0.987, a recall of
0.986, and an F1-score of 0.986. The combination
strategy yielded the highest performance, achieving
an accuracy of 0.989, a precision of 0.99, a recall of
0.989, and an F1-score of 0.989. Xu, et al.24 proposed
a model based on the ASPP module and depthwise
separable convolution. They trained the BCD dataset
on 300 epochs, achieving an accuracy of 0.9637 with
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Table 3. Performance metrics comparison across four datasets for different methods.

Ref. Method k-fold CV No. of epochs
Performance
Metrics

Datasets

BCD Bridge CODEBRIM DIMEC-Crack

16 Transfer learning DCNN and
SVM

- - Accuracy 0.9983 - - -

3 Transfer learning VGG - 20 Accuracy 0.9972 - - -
Precision 0.9646
ROC-AUC 0.9999

21 Cross-domain TL - 30 Accuracy 0.976 - - -
Precision 0.981
Recall 0.976
F1-score 0.977

In-domain TL Accuracy 0.986
Precision 0.987
Recall 0.986
F1-score 0.986

Combination Accuracy 0.989
Precision 0.990
Recall 0.989
F1-score 0.989

24 atrous convolution, ASPP, and
depthwise separable
convolution

- 300 Accuracy 0.9637 - - -

Precision 0.7811
Sensitivity 1.0000
Specificity 0.9583
F1-score 0.8771

22 HOG + ULBP + KPCA+ SVM 5 - Accuracy - 0.9926 - -
Precision 0.99
Recall 0.9923
F1-score 0.9912

23 VGG16 5 10 Accuracy - 0.9489 - -
VGG19 0.9539
InceptionV3 0.9589

MobileNetV3_ Large 10 20 Accuracy 0.8214 0.7259 0.7753 0.9151
Precision 0.9112 0.3000 0.9271 0.9970
Recall 0.8305 0.0029 0.6825 0.6158
F1-score 0.8620 0.0057 0.7677 0.7613
ROC-AUC 0.8168 0.5014 0.7955 0.8076

Proposed Method 10 20 Accuracy 0.9998 0.9993 0.9995 0.9983
Precision 1.0000 0.9991 0.9998 1.0000
Recall 0.9998 0.9986 0.9995 0.9938
F1-score 0.9999 0.9988 0.9996 0.9969
ROC-AUC 0.9999 0.9991 0.9996 0.9969

a precision of 0.7811, 1.0000 of recall, and an F1-
score of 0.8771.

In their study, Zoubir, et al.22 used ULBP, HOG,
KPCA, and SVM to classify concrete cracks in the
self-made bridge dataset. They achieved an accuracy
of 0.9926, a precision of 0.95, a recall of 0.9923, and
an F1-score of 0.9912. Zoubir with another team23

utilized the Bridge dataset, supplemented it with cul-
vert images, and applied transfer learning to the CNN
models. They achieved accuracies of 0.9489 with
VGG16, 0.9539 with VGG19, and 0.9589 with In-
ceptionV3.The InceptionV3 model produced the most
favorable outcomes. When we compared our proposal
to previous studies, we found that it outperformed in
all feature sizes.

Conclusion

This paper proposes an automated concrete crack
classification framework that effectively uses a mix
of local handcrafted texture features, deep semantic
representations, mid-level visual encoding, and as-
sociation rule-based feature selection. The proposed
model achieves state, of, the, art performances on sev-
eral benchmark datasets by integrating Local Binary
Patterns (LBP), Bag of Visual Words (BoVW), Xcep-
tion deep features, and the Apriori algorithm, trained
with the MobileNetV3 Large architecture. The model
showed a very high average classification accuracy
of more than 99.8% and a very low average error
of less than 1%, which are signs of its robustness
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and efficiency. This work validates the significance
of combining different types of features and the im-
portance of feature redundancy reduction for higher
model accuracy and generalization. The proposed
model system enhances the predictive accuracy and
keeps the computational complexity at a low level,
which opens the possibility of it being operated in
environments with limited resources. Future works
will be geared towards assessing the model’s ability to
generalize to real-world, unseen data and its potential
expansion in the wider field of structural health mon-
itoring. This study can also be extended to develop
real-time crack detection systems, where the on-site
analysis might be done using edge computing. More-
over, a further examination of different feature fusion
techniques and advanced feature selection methods
might lead to even better results.
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الاستفادة من دمج السمات والشبكات العصبية الالتفافية للتنبؤ بتشققات 

 الخرسانة

 1، پيدرام صالِحپور2، سعيد پاشازاده1أمل عبد الباقي مريوش

 قسم هندسة الحاسوب، كلية الهندسة الكهربائية وهندسة الحاسوب، جامعة تبريز، تبريز، إيران. ¹

 الهندسة الكهربائية وهندسة الحاسوب، جامعة تبريز، تبريز، إيران.قسم تكنولوجيا المعلومات، كلية  ²

 الخلاصة

يدة يعُدّ الكشف عن تشققات الخرسانة أمرًا بالغ الأهمية لضمان سلامة الجسور والبنية التحتية عمومًا. تقدمّ هذه الدراسة طريقة هجينة جد

ع دقة التصنيف بشكل ملحوظ. تم التقاط المعلومات النسيجية والدلالية تجمع بين السمات المُستخرجة يدوياً والسمات العميقة بهدف رف

ب مسبقاً على التوالي. جرى تحويل هذه السمات باستخدام أسلوب  Xception(ونموذج LBPباستخدام الأنماط الثنائية المحلية  ) المدرَّ

بعد ذلك، تم تصنيف السمات المختارة  Aprioriة .(، ثم دمجها واختيار أفضلها باستخدام خوارزميBoVWحقيبة الكلمات البصرية )

خفيفة الوزن. اختبُرت الطريقة المقترحة على أربع مجموعات بيانات عامة، هي:   MobileNetV3-Largeباستخدام شبكة 

CODEBRIM ، DIMEC-Crack، BCDو ،Bridge ( 10، باستخدام أسلوب التحقق المتقاطع بعشرة طياّت-fold cross-

validation ر انخفاضًا كبيرًا في معدل الخطأ ليصبح أقل من %. كما أظهر أداءً متميزًا من حيث مقياس 1( . وقد حقق النموذج المطوَّ

(  Precision)0.9998على التوالي. وبلغت قيم الإحكام  0.9993و 0.9998و 0.9983و 0.9995(، إذ بلغت القيم Accuracyالدقة )

لمجموعات البيانات  0.9986و 0.9998و 0.9938( وRecall)0.9995ن سجل الاستدعاء ، في حي0.9991و 1.0000و 1.0000و

بة على مجموعات البيانات ذاتها، يظُهر النموذج المقترح نتائج مشجعة وواعد ة نفسها. وبالمقارنة مع نماذج التعلم العميق الأخرى المدرَّ

 للغاية.

(، دمج السمات، CNN(، الشبكات العصبية الالتفافية )BoVWالكلمات البصرية )تنقيب قواعد الارتباط، حقيبة  الكلمات المفتاحية: 

 اختيار السمات.
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