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Introduction: This paper evaluates the robustness and generalization
ability of five recently developed Convolutional Neural Networks (CNNs),
Visual Geometry Group 16 (VGG16), Google Inception Net (GoogleNet),
Mobile Network version 3 Large (MobileNetV3-Large), Efficient Network BO
(EfficientNetB0) and Efficient Network version 2 Small (EfficientNetV2-S), on
crack recognition and classification.

Methods: This study proposes a semantic segmentation based on VGG16- U-
Net to address the issue of background noise in the images automatically and
the transfer learning with fine-tuning is used to improve the performance of
the CNNs in the bridge crack image dataset and building crack image dataset
(transverse cracks, vertical cracks, oblique cracks and irregular cracks).

Results: The results indicate that the MobileNetV3-Large has the best
performance. For the low-resolution building crack image dataset, the accuracy
of the crack recognition reaches 99.58% and the Fl-score reaches 99.60%.
The accuracy of the classification reaches 94.70% and the Macro-F1 reaches
94.71%. For the higher resolution bridge crack image dataset, the accuracy of
the classification reaches 95.70% and the Macro-F1 reaches 95.67%.
Discussion: Theresultsshow thatthe MobileNetV3-Large hasthebestrobustness
and generalization ability with a small CNN size and the shortest training time.

KEYWORDS

convolutional neural networks (CNNs), crack recognition and classification, semantic
segmentation, transfer learning, robustness, generalization ability

1 Introduction

Visualization and identification of the crack are important to evaluate the condition
of structures (Cheng et al, 2019). For reinforced concrete structures, cracks could
appear due to applied loading and environmental conditions, such as stress induced
by the temperature difference and seismic action (Zhiguo et al, 2019). Cracks can
reduce the safety of a structure by depriving reinforcement of protection (Ma, 2014)
and increasing the possibility of reinforcement corrosion (Otieno et al, 2010).
Regular or long-term monitoring and measurement of critical cracks can reveal the
condition of the structures and evaluate structural safety (Zhang and Stang, 1998).

01 frontiersin.org


https://www.frontiersin.org/journals/built-environment
https://www.frontiersin.org/journals/built-environment#editorial-board
https://doi.org/10.3389/fbuil.2025.1724879
https://crossmark.crossref.org/dialog/?doi=10.3389/fbuil.2025.1724879&domain=pdf&date_stamp=2025-12-06
mailto:zhangjing@gzhu.edu.cn
mailto:zhangjing@gzhu.edu.cn
mailto:jiyangfu@gzhu.edu.cn
mailto:jiyangfu@gzhu.edu.cn
https://doi.org/10.3389/fbuil.2025.1724879
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/articles/10.3389/fbuil.2025.1724879/full
https://www.frontiersin.org/articles/10.3389/fbuil.2025.1724879/full
https://www.frontiersin.org/articles/10.3389/fbuil.2025.1724879/full
https://www.frontiersin.org/journals/built-environment
https://www.frontiersin.org

Chen et al.

Therefore, it is very important to develop a rapid and efficient
technique for the identification and classification of cracks in
reinforced concrete structures.

Crack recognition and classification is an important task for
preventing further damage and ensuring the structural safety of
civil infrastructure (Sharma et al, 2018). At present, the most
commonly used method for crack identification is still manual
inspection and highly subjective (Dais et al., 2021), which can cause
misjudgment (Phares et al., 2004). In addition, manual inspection is
labor intensive, low efficiency, etc.

The rapid developments of Convolutional Neural Networks
(CNNs) and Graphics Processing Units (GPU) have promoted
the application of CNNs in different fields. For instance, in
the field of road engineering, Garbowski and Gajewski (2017)
utilized 3D point cloud modeling for high-precision automated
identification and quantitative assessment of pavement crack; while
Nhat-Duc et al. (2018) employed a CNN-based model to achieve
automated crack detection in asphalt pavements. In the domain
of bridge structures, Yu et al. (2021) developed a rapid and high-
accuracy detection method for bridge cracks by employing the
YOLOvV4-FPM model integrated with a pruning algorithm. In
railway engineering, Aldao et al. (2023) utilized the DeepLab V3+
model coupled with an image segmentation algorithm to achieve
automated identification, missing detection, and fastening condition
assessment of railway track bolts and fasteners. For municipal
drainage systems, Yin et al. (2020) applied the YOLOvV3 object
detection model to automatically locate and classify multiple types
of pipeline defects. In underwater engineering, Fan et al. (2022)
introduced an attention mechanism via the MA-AttUNet model,
enabling high-precision automated identification and segmentation
of underwater dam cracks. In recent years, CNNs have been widely
adopted in crack recognition and classification. Different from the
traditional approach, CNNs can automatically extract image features
without manual interpretation and it can realize object detection
and image classification (Kohlhepp, 2020; Zhao et al., 2019). Visual
Geometry Group 16 (VGG16) (Silva and Lucena, 2018) was used
to identify a dataset containing 2336 concrete crack images with
1164 non-crack images. The effect of different learning rates on
crack detection was investigated and the best result of 92.27% overall
accuracy was finally obtained. Yusof et al. (2018) binarized the crack
images and trained the proposed CNN in this study, which achieved
98% of crack recognition accuracy and the crack classification
accuracy of lateral cracks and vertical cracks was 98% and 97%,
respectively. Shengyuan and Xuefeng (2019) applied the modified
AlexNet to train the crack dataset without preprocessing and the
results showed that the crack recognition accuracy reached 99.06%.
Dais et al. (2021) used CNNs (VGG, ResNet, DenseNet, Inception,
MobileNet) to identify cracks in masonry structures and train
without image preprocessing. The results showed that MobileNet
had the highest accuracy of 95.3%. Li et al. (2020) constructed CNNs
with different receptive fields using convolutional, pooling, and
fully connected layers. A road crack dataset (containing non-crack,
transverse crack, longitudinal crack, block crack, and alligator crack)
was trained. Song et al. (2019) established a multi-scale expanded
convolution module and introduced an attention mechanism for
training using a dataset containing lateral cracks, vertical cracks,
massive cracks and crocodile cracks without pre-processing the
images. The results showed that the classification accuracy of lateral
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and vertical cracks was above 95% and the classification accuracy
of massive and crocodiles was above 86%. Liu et al. (2022) used
deep learning (MobileNet, ResNet, DenseNet and EfficientNet)
and infrared thermography to classify the severity of asphalt
pavement cracks and established a dataset of asphalt pavement
cracks, including non-cracks, low-severity cracks, medium-severity
cracks and high-severity cracks. The results show that the above
CNNs perform well on non-crack and low-severity crack, while the
classification errors mostly occur on medium-crack and high crack
images. Among them, EfficientNet-B3 obtains high accuracy for
low-severity, medium-severity and high-severity cracks. The above
study illustrates that different cracks are not consistently difficult
to identify for the model. Therefore, it is necessary to carry out
classification research for various crack.

In recent years, research on crack identification and
classification has focused on deep learning. However, there are
some key challenges: i) the influence of the environmental factors,
which affects the robustness of the deep learning technologys; ii) the
data obtained from different scenarios, by which the generalization
ability of CNNs becomes very important; and iii) the demand of
online monitoring that the lightweight structure is required for the

application of CNNs in a practical situation.

1.1 Frontier mainstream of convolutional
neural network

At present, CNNs-based crack detection focuses on how CNNs
realize crack recognition with high accuracy. However, for practical
engineering, the robustness, generalization ability and lightweight of
the CNNs also needs to be investigated. In this study, the following
five representative CNNs are selected to study.

1. VGG16: In the early stage of this research, researchers believe
that the depth of the CNNs affects the final performance.
Thus, VGG16 (Simonyan and Zisserman, 2014) was proposed,
which increases the depth of the CNN and uses a 3 X
3 convolution kernel to make the CNN more concise and
efficient.

Google Inception Net (GoogLeNet): While a dramatic increase
in network, it is challenging to avoid excessive calculation for
improving the performance of CNNs. To solve this problem,
GoogLeNet was (Szegedy et al., 2014) proposed based on
the Inception module, and improve the performance of the
CNN by using a dense matrix without significantly increasing
computational cost.

Mobile Network version 3 Large (MobileNetV3-Large):
Although GoogLeNet and VGG16 perform well in image
classification, it is difficult to apply these CNNs to scenarios
with a requirement of fast response and small memory
footprints due to the large CNN sizes and the slow training.
Therefore, MobileNetV3-Large (Howard et al, 2019) was
proposed, which uses the Neural Result Search (NAS)
algorithm and introduces a lightweight attention module with
the Squeeze and Excitation (SE) (Jie et al., 2017) structure.
Efficient Network B0 (EfficientNetB0): Researchers needed to
manually zoom in or out the images to adjust the CNNs’ depth,
width and input image size. However, only a single dimension
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parameter of the CNNs can be adjusted, which is subject to the
limitation of computing resources. Thus, the best dimension
combination of the CNNG is difficult to find. Mingxing and
Quoc (2019) believed that the CNNs’ dimensional parameters
have an influence on each other and the CNNs” dimensionality
can be balanced by utilizing Neural Architecture Search (NAS)
to obtain the optimal network structure.

5. Efficient Network version 2 Small (EfficientNetV2-
S): In 2021, Tan and Le (2021) replaced the shallow
MBConv of EfficientNet with Fused-MBConv and proposed
EfficientNetV2-S.  EfficientNetV2-S
training using the data samples by modifying the progressive
learning strategy and proposing the mechanism of adaptive

realized accelerated

adjustment of regularization parameters.

1.2 Image preprocessing and semantic
segmentation

The quality of the crack image preprocessing directly affects
the results of crack classification and recognition. To improve
the crack classification and recognition performance, efficient
image preprocessing is essential. Different from the traditional
image preprocessing, the semantic segmentation (Linda and
George, 2001) can learn and extract crack image features. Semantic
segmentation is an important branch of image processing and
computer vision. U-Net (Ronneberger et al., 2015) was developed
based on the Fully Convolutional Network (FCN) to realize
biomedical image segmentation, in which convolutional coding and
convolutional decoding of this network are completely symmetric.
The combination of low-level feature maps is constructed into high-
level complex features to achieve precise positioning and solve
the problem of image segmentation, which is an FCN with good
scalability. Jenkins et al. (2018) used U-Net to semantically segment
road crack images and found that the semantic segmentation
accuracy of vertical crack images is lower than that of lateral
cracks. Jacob et al. (2019) embedded the attention mechanism and
residual convolution block module on U-Net for the first time
and used the residual connection between convolution modules to
semantically segment road cracks. According to Piao (2019), U-Net
integrating with VGG16 (VGG16-U-Net), in which the encoder has
the full advantage of VGG16 and U-Net, can address the under-
segmentation phenomenon. Therefore, this study proposes to use
VGG16-U-Net to remove image background noise, extract image
crack features and achieve automatic image preprocessing.

1.3 Improvement of generalization ability
using transfer learning

The generalization ability of the CNNs is also very
important for crack identification and classification. Researches
(Alipour et al, 2019; Zhang et al, 2019) showed that the
generalization ability of the CNNs cannot be studied using a single
dataset. Therefore, one of the objectives of this paper is to verify the
generalization of CNNs through two different datasets.

The performance of the CNN relies on a large amount of labeled
data. However, the acquisition and labeling of the dataset are very
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time-consuming. Transfer learning addresses the dependence issue
that the CNN relies on the amount of labeled data. Transfer learning
transfers the trained CNN parameters (Mohsen et al., 2020) to
a new network for training, which allows the CNN to achieve
higher accuracy and training speed (Tan et al, 2018). The
current commonly used transfer learning technology is fine-tuning
(Long et al,, 2015). The CNN loads pre-training weights during
the training process and freezes the weights except for the last
convolutional layer and the fully connected layer. Finally, the weights
of the convolutional layer and the fully connected layer are retrained
with a new learning rate. Transfer learning has been widely used
in the identification of structural damage (Mohsen, et al., 2020).
Dung et al. (2019) used the Fine-tune and data augmentation on
VGG16 and performed fatigue crack detection at steel bridge nodes,
which proved that data augmentation and Fine-tune improve the
accuracy and robustness. Rajadurai and Kang (2021) used Fine-
tune on AlexNet and training using the crack dataset. The crack
recognition accuracy can reach 99%. Therefore, transfer learning is
used to improve the CNN accuracy.

Based on the above studies in the literature, this study proposes
VGG16-U-Net to perform semantic segmentation on crack images
to eliminate image noise. Five pre-trained CNNs, MobileNetV3-
Large, VGG16, GoogLeNet, EfficientNetB0 and EfficientNetV2-S,
are proposed for the crack identification and classification. To
further improve the performance of the CNNG, this study proposes
to use the fine-tuning to fix the weights during training. The
Stochastic Gradient Descent with Warm Restarts (SGDR) is selected
as the optimizer to avoid the local optimum issue.

In this study, we 1) study the crack identification ability of CNNs.
Five different types of CNNs are trained using the building cracks
dataset (including crack and non-crack images); 2) verify the cracks
classification and generalization capabilities of the CNN, the five
CNN s are trained by the same building cracks dataset and the bridge
cracks dataset (including transverse crack, vertical crack, oblique
crack and irregular crack images); and 3) study the contribution
of the transfer learning. This study focuses on the influence of
the transfer learning method on MobilenetV3-large with the best
performance in crack recognition. In addition, we investigate the
contribution of semantic segmentation in the classification results
by the five CNNs before and after using semantic segmentation and
the results are compared and analyzed in detail.

2 Image preprocessing and evaluation
indicator

2.1 Image semantic segmentation based
on VGG16-U-net

In this study, the encoder of U-Net employs the first 15 layers of
VGG16 and the dropout layer is added between the convolutional
layers for preventing over-fitting. The image is up-sampled using the
deconvolution layer (Dais, et al., 2021) and the deconvolution layer
gradually restores the features to the original size of the image in
the decoder. After the decoder, a 1 x 1 convolutional layer and a
sigmoid activation function are connected to generate a prediction
for each pixel in the image. Moreover, the encoder and decoder are
connected by skipping and finally, the VGG16-U-Net is constructed
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FIGURE 1
Structure diagram of VGG16-U-Net.

FIGURE 2
Image comparison after semantic segmentation.

as shown in Figure 1. The pre-trained VGG16-U-Net is adopted
to separate the cracks from the complex picture background in
this study. The comparison before and after semantic segmentation
is shown in Figure 2, where the background pixels are represented
in black and the cracks pixels are represented in white.

2.2 CNNs parameters setting and
optimization

The original crack datasets and the ones after semantically
segmented have been trained by VGG16, GoogLeNet, MobileNet
V3-Large, EfficientNet BO and EfficientNetV2-S, respectively. In
addition, the fine-tuning is applied in the training process and
employs the weights pre-trained on ImageNet.

To achieve a balance between model convergence and training
time, each CNN for crack recognition has been trained with an
epoch of 20, while each CNN for crack classification is trained with
an epoch of 100. Masters and Luschi (2018) proved that for limited

Frontiers in Built Environment

computing resources, the versatility and stability of the CNN with
large batch size training are worse than that with small batch size.

Optimization of the deep learning networks updates the weight
to minimize the loss with multiple local minima and the global
optimal solution. In this study, SGDR (Loshchilov and Hutter, 2016)
is utilized as the CNN optimizer to avoid local minima. During
the training process, when the loss falls into the local minimum,
SGDR would increase the learning rate to avoid falling into the local
minimum and find a path to the global minimum. The formula
is shown as Equation 1:

. 1, . T
e = Mo+ 5 (Mg~ Moyi) (1 + c08 (£51)) ey

where i is the number of restarts, n'___ and nimn is the maximum

max
and minimum value of the learning rate. T, is currently executed
epochs and T; is the total epochs in the ith restart.

The improved cross-entropy loss function is treated as the loss
function of the optimizer in this study. Compared with other loss
functions, the cross-entropy loss function (Jamin and Humeau-

Heurtier, 2019) is more robust under noisy data and converges to
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a better local minimum under less noisy data (Sga et al., 2021).
To improve the computational efficiency, this study activates the
output of the fully connected layer with the softmax function
and mapped the output to the interval of (0,1). Then, the
mapped output is processed by the cross-entropy loss function. The
softmax activation function (see Equation 2) and cross-entropy loss
function (see Equation 3) applied in this study are:

gh
C Z;
c=1

)

Softmax(z;) =

where z; is the output value of the ith node. ¢ is the number of
output nodes.

n
Loss = —% > yilog g (3)
i

where n is the sample size. y is the actual label. a is the
predicted output.

2.3 Evaluation index

2.3.1 Evaluation index for cracks identification

Evaluation Index 1: Accuracy (Dais, et al, 2021), which
represents the proportion of samples that predict correctly in the
total samples and the formula, is defined as Equation 4:

TP+TN

Accuracy = TPTTNTEPTEN (4)

where TP, FP, TN and FN are true positive, false positive,
true negative and false negative, respectively. When the data set
category is imbalanced, the Accuracy would incorrectly evaluate
the classification performance of the CNN. When there are most
mainstream categories in a testing set, the entire testing set is
classified as the mainstream category. The Accuracy shows that the
CNN performance is good, but the weak categories are misidentified
as the mainstream categories. So the Accuracy cannot fully evaluate
the performance of the CNN. Fl-score addresses the above
problems, which is an evaluation parameter that comprehensively
considers precision and recall. The formulas of precision and recall
are as follows in Equations 5, 6:

TP
Precision = 5
recision TP+ P (5)
TP
Recall = ———— 6
T TP+IN ©)

Evaluation Index 2: The F1-score takes into account the accuracy
and recall of the CNN, which is mainly used to measure the accuracy
of the crack recognition. The formula is defined as Equation 7:

_ 2 X Precision X Recall

F1 —score = — (7)
Precision + Recall

In this study, the accuracy and F1-score are used as the indexes
to evaluate the performance of the CNNs in crack recognition.

2.3.2 Evaluation index for cracks classifications

The score of each category is calculated and then the average
value of all the Fl-score is calculated to get Macro-F1. To study
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the cracks classifications, Macro-F1 (see Equation 8) is used as the

evaluation index:

Fl+F,+F, +F,
4

Macro—-F1 = (8)
where F,, F,, F; and F, are the Fl-score for transverse cracks,
vertical cracks, oblique cracks and irregular cracks in this
study, respectively. In this study, accuracy and Macro-F1 are
applied to evaluate the performance of the CNNs in the crack
classification.

3 Crack identification and
classification results

This section summarizes the results of VGG16, GoogLeNet,
MobilenetV3-large, EfficientNetBO and EfficientNetv2-S verified
by the three datasets. The network performance, especially the
robustness and the generalization ability, was compared with
accuracy, F1-score, training time, size.

3.1 Dataset construction

This study constructed three datasets with different task
objectives based on two public crack datasets to systematically
evaluate the performance of mainstream CNNs in crack
identification and classification tasks. The images used in this
research are sourced from the following two public datasets:

1. The building crack dataset (Lei et al., 2016; C.F. and Arzu
Goneng, 2018): This dataset comprises 20,000 crack images
and 20,000 non-crack images, each with a resolution of 227 x
227 pixels.

2. The bridge crack dataset (Liangfu et al., 2019): This dataset
contains 2,000 crack images with a resolution of 1024 x
1024 pixels.

In this study, crack classification rules were established based
on common crack morphologies, as illustrated in Figure 3.
Furthermore, notable differences in image characteristics exist
between the two datasets (see Figure 4). The building crack dataset
features lower-resolution images with uneven illumination and
substantial stains, which can interfere with crack identification.
Meanwhile, the bridge crack dataset, while offering higher resolution
and clearer crack morphology, presents a greater diversity of
irregular crack patterns and subtle stains, thereby increasing the
difficulty of classification.

In accordance with the different research objectives, this
study systematically annotated and partitioned the two original
crack datasets to construct three datasets, each serving a distinct
purpose.

3.1.1 Dataset 1: from the building crack dataset

This dataset comprises a total of 40,000 images, with a balanced
distribution of 20,000 crack and 20,000 non-crack samples. It
primarily serves to evaluate the performance of the mainstream
CNNs in this paper for the binary classification task of crack
identification.
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FIGURE 3

Crack categories. (a) Transverse creak. (b) Vertical crack. (c) Oblique crack. (d) Irregular crack.

FIGURE 4
Difference between bridge crack dataset and building crack dataset.

3.1.2 Dataset 2: from the building crack dataset
This dataset was created by manually selecting 1,703
crack images covering four crack morphologies: transverse,
vertical, oblique and irregular. The dataset was expanded to
6,108 images through data augmentation techniques including
flipping, mirroring, cropping, and rotation. It contains four crack
morphology categories with the following distribution: 1506
transverse crack images, 1027 vertical crack images, 1327 oblique

Frontiers in Built Environment

crack images and 2248 irregular crack images. This dataset is
designated for evaluating the performance of mainstream CNNs
in the four-class crack classification task.

3.1.3 Dataset 3: from the bridge crack dataset

To evaluate the models generalizability, this dataset was
constructed by manually annotating 1,997 high-resolution images
from the bridge crack dataset. Following the same augmentation
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FIGURE 5

Comparison before and after semantic segmentation of images without cracks.

TABLE 2 Results by the five CNNs on the crack classification in Dataset 2.

Network Pretrained Image Accuracy Macro-F1  Train time(s) Recognition Lr Batch size
preprocessing (%) speed
(Images/
second)
Yes None 75.80% 76.60% 355 11.5 0.0001 16
VGG16
Yes Segmentation 83.10% 80.23% 330 15.2 0.0001 16
Yes None 84.80% 83.56% 283 114 0.005 32
EfficientNetV2-S
Yes Segmentation 91.00% 91.81% 260 13.2 0.005 32
Yes None 93.30% 93.28% 131 9.1 0.005 32
GoogleNet
Yes Segmentation 94.60% 94.31% 130 11.3 0.005 32
Yes None 90.10% 90.10% 91 27 0.005 16
EfficientNetB0
Yes Segmentation 90.70% 90.64% 80 39.9 0.005 16
B Yes None 86.50% 86.45% 52 30 0.001 16
MobileNetV3-
large .
Yes Segmentation 94.70% 94.71% 49 47.6 0.001 16

strategy as Dataset 2, the dataset was expanded to 6,532 images. It
also contains four crack morphology categories with the following
distribution: 1437 transverse crack images, 1430 vertical crack
images, 1374 oblique crack images and 2291 irregular crack
images. Compared with Dataset 2, Dataset 3 features higher
image resolution and clearer crack morphology, while presenting
greater diversity in irregular crack patterns. These characteristics
make it particularly suitable for comprehensively evaluating the
classification performance and generalization capability of CNNs
across different scenarios and imaging conditions.

To objectively evaluate the performance of different models,
4,000 images from Dataset 1 and 1,000 images each from Datasets
2 and 3 were allocated as test sets, which were excluded from the
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training process. The remaining images in each dataset were then
split, with 80% used for training and 20% for validation.

All tests in this study were conducted on a laptop equipped with
an Intel Xeon W-2245 CPU, running the Ubuntu 18.04 operating
system, and utilizing the PyTorch 1.7.1 deep learning framework.

3.2 Analysis of cracks recognition results in
dataset 1

To verify the performance of the five CNNs on crack
recognition, Dataset 1 was trained with an epoch of 20. Finally,
the performance was verified with the testing set. To validate
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FIGURE 6
Macro-F1 and accuracy of CNNs in Dataset 2.

FIGURE 7

Confusion matrix by MobileNetV3-Large in Dataset 2: (A) The results without semantic segmentation, (B) the results with semantic segmentation. 1,2,
3,4 represents transverse crack, vertical crack, oblique crack and irregular crack.

the effect of semantic segmentation preprocessing, each CNN was
trained with semantic segmentation preprocessing and without
image preprocessing. The MobileNetV3-Large was trained with and
without transfer learning in Dataset 1 to investigate the impact
of the transfer learning. The performance is assessed by accuracy,
F1-score, training time, etc., respectively and they are summarized
in Table 1.

The test results of the five CNNs on crack recognition were
analyzed, which are discussed as follows:
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1.

Accuracy and F1-score: Five CNNs have superior performance
in crack recognition. The accuracy and Fl-score are almost
above 99% except for the case of VGG16 as it does not have
semantic segmentation. The accuracy rate is 98.78% and the
Fl1-score is 98.79%.

The influence of transfer learning: Transfer learning
significantly improves the performance of CNNs. Without
transfer learning, the CNNs need to spend more time
learning to extract features. The crack recognition results from
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FIGURE 8
The structure of SE.

MobilenetV3-Large with and without transfer learning are
compared. Since MobileNetV3-Large has the fastest training
speed, the contrast effect is the most obvious. It should be
noted that both cases lack semantic segmentation. The results
show that the training time of the MobilenetV3-Large without
pre-training by transfer learning is 311s, the size is 32.3 MB
and the accuracy is 99.67%. For the case of the pre-training
by transfer learning, the training efficiency is doubled as it
only needs 138s training time, the size is only 16.2 MB and
the accuracy is only 99.78%. The results show that transfer
learning can effectively improve the performance of CNNs.

3. The of
segmentation can accelerate

influence semantic segmentation: =~ Semantic

the training speed and
recognition speed for the five CNNs with training and
recognition speed accelerated averagely by 17.16% and 17.14%,
respectively. The efficiency of the training performance
for GoogLeNet is improved significantly by semantic
segmentation with an improvement rate of 33.33% and the
training time is reduced from 432s to 324s. MobilenetV3-Large
is improved and has the highest recognition efficiency of 56.2%
from 50 images per second up to 114.3 images per second by
semantic segmentation. However, the semantic segmentation
used to preprocess the datasets only has little influence on
the accuracy of the recognition results, which means the five
CNNs are robust to deal with the cracks recognition. The
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accuracy and F1-score of the first three CNNs are improved by
preprocessing the images by semantic segmentation, while the
accuracy and F1-score of MobilenetV3-Large and GoogLeNet
decreased by 0.2%, 0.23% and 0.1%, 0.15%, respectively.
The reason is that semantic segmentation cannot accurately
segment non-crack images. Although theoretically, if there
are no cracks existed in the images, it would be processed
as a pure black image. But in fact, part of the images was
segmented incorrectly due to the presence of light shadows,
water stains and oil stains, etc., which were recognized as non-
background. The non-crack images were conducted before
and after the semantic segmentation and the images can
be found in Figure 5.

Comprehensive performance: MobileNetV3-Large with
transfer learning and semantic segmentation has the best
comprehensive performance. It has the shortest training
time of 114s, an accuracy is 99.58%, F1-score is 99.60% and
model size is only 16.2 MB EfficientNetV2-S with semantic
segmentation has the highest accuracy of 99.83% and the
highest F1-score of 99.80%. MobileNetV3-Large with semantic
segmentation has the fastest training speed of 114s and the
fastest recognition speed of 114.3 images per second. In terms
of size, EfficientNetBO0 is only 15.5 MB.

3.3 Analysis of crack classification results in
dataset 2

As discussed in the previous section that transfer learning
is beneficial to improve the performance of CNNs, thus transfer
learning was used in the five CNNs. To further analyze the
performance, the five CNNs were trained with an epoch of 100 to
classify four types of cracks in Dataset 2. To verify the influence
of semantic segmentation, each CNN was trained with semantic
segmentation preprocessing and without image preprocessing.
Accuracy, Macro-F1, training time, Recognition speed, Lr and Batch
size were calculated and summarized in Table 2.

The test results of the five CNNs for classifications in Dataset 2
were analyzed and the analysis results are as follows:

1. Comparison of the performance of the CNNs in cracks
recognition and classification: Compared with Dataset 1, the
accuracy of the five CNNs on Dataset 2 dropped by an
average of 13.38% and the Macro-F1 dropped by an average of
13.472%. The reason is that in crack classification, the CNNs
were interfered with by the background noise and various
morphology of the cracks would affect the accuracy of the
CNNs in multi-classification.

2. Accuracy and Macro-F1: Among the five CNNs, GoogLeNet
can extract crack features and classify the crack under the
influence of background noise regardless of whether the
images are preprocessed by semantic segmentation or not.
Without the image preprocessing, the accuracy is 93.30%
and Macro-F1 is 93.28%. While preprocessing the images by
semantic segmentation, the accuracy is 94.60% and Macro-F1
is 94.31%. The reason is that two additional auxiliary classifiers
were added in the middle layer of GoogLeNet and it also has a
strong recognition ability. The auxiliary classifiers can extract
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TABLE 3 Results by the five CNNs on the crack classification of Dataset 3.

10.3389/fbuil.2025.1724879

Network Pretrained Image Accuracy (%) Macro-F1 (%) Train time(s) Classification Lr
preprocessing speed
(Images/
second)
Yes No 86.20% 86.61% 350 11.8 0.0001
VGGl16
Yes Segmentation 94.60% 94.64% 330 15.2 0.0001
Yes No 91.70% 91.68% 280 11.5 0.005
EfficientNetV2-S
Yes Segmentation 95.20% 95.16% 247 13.2 0.005
Yes No 95.70% 95.70% 130 9.3 0.005
GoogleNet
Yes Segmentation 95.20% 95.23% 120 11.4 0.005
Yes No 90.10% 90.05% 90 28.6 0.005
EfficientNetB0
Yes Segmentation 95.40% 95.38% 60 40 0.005
Yes No 86.80% 86.80% 50 30.3 0.001
MobileNetV3-large
Yes Segmentation 95.70% 95.69% 44 47.6 0.001

FIGURE 9
Macro-F1 and accuracy of CNNs in Dataset 3.

the middle layer features of the training process and use the
features for updating training weight. However, the training
time is long and the classification speed is slow with only 9.1
images/s, which is difficult to use in practical applications.

3. The influence of semantic segmentation: Dataset 2 was
classified into four-category cracks by the five CNNs with
semantic segmentation, which can effectively improve the
accuracy, Macro-F1 (as shown in Figure 6), training speed
and classification speed, but it does not increase the size.
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After semantic segmentation preprocessing for Dataset 2, the
classification of each CNN increases averagely by 4.72% in
accuracy and 4.34% in Macro-F1. MobileNetV3-Large has the
most increase with accuracy being increased by 8.20% and
Macro-F1 by 8.26%, respectively. The training speed of each
CNN increased the average by 6.76%, whereas EfficientNetB0
has the highest improvement of 9.89%. Simultaneously, the
classification speed of each CNN is improved with an average
increase of 35.90%, whereas MobileNetV3-Large increases

frontiersin.org


https://doi.org/10.3389/fbuil.2025.1724879
https://www.frontiersin.org/journals/built-environment
https://www.frontiersin.org

Chen et al.

10.3389/fbuil.2025.1724879

FIGURE 10

semantic segmentation.

Comparison of Macro-F1 corresponding to the cracks classification in five CNNs: (A) The results without semantic segmentation; (B) the results with

most with 58.67%. It shows that semantic segmentation
improves the performance of the CNNs in the cracks
classification effectively.

with
comprehensive

MobileNetV3-Large
segmentation has the best
performance with accuracy of 94.70%, Fl-score of 94.71%,

4. Comprehensive performance:

semantic

the shortest training time is 49s and the size is 16.2 MB.
Thus, MobileNetV3-Large can achieve a good balance between
accuracy and size with the value of the practical application.

To discuss MobileNetV3-Large with the best comprehensive
performance in Dataset 2 further, a confusion matrix is adopted
to visualize the crack four-category results by MobileNetV3-Large

Frontiers in Built Environment

12

in Dataset 2 and is shown in Figure 7. In the confusion matrix,
each column represents the actual label and each row represents
the actual categories for transverse crack, vertical crack, oblique
crack and irregular crack in turn. So, 212 in the first row and the
first column represents that the samples number of the transverse
cracks is correctly predicted as transverse cracks are 212; 28 in
the first row and the third column indicates that the samples
number of the oblique crack is incorrectly predicted as transverse
cracks are 28. To further discuss the comprehensive performance of
MobileNetV3-Large on Dataset 2, a confusion matrix is employed to
visualize the four-category crack classification results, as presented
in Figure 7.
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FIGURE 11

Confusion matrix by MobileNetV3-Large in Dataset 3: (A) The results without semantic segmentation, (B) the results with semantic segmentation. 1,2,
3,4 represents transverse crack, vertical crack, oblique crack and irregular crack.

FIGURE 12
Loss convergence curve of Mobilenet V3-Large.

In addition, compared with the four other CNNs, MobileNetV3-
Large introduces a lightweight Squeeze and Excitation (SE)
structure (Jie, et al, 2017) as shown in Figure 8. SE structure
module compresses the feature map of the convolution along
the spatial dimension to obtain a 1D vector that matches the
channels of the image (the RGB image has three channels) and
weights the vector to the previous feature channel-by-channel
to realize the recalibration of the original feature. On the other
hand, MobileNetV3-Large applies the h-swish activation function,
which maps non-linearly the input of the neuron to the output,
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reduces accuracy loss and improves efficiency by approximately
15% (Howard, et al., 2019). The h-swish formula is as follows
in Equation 9:

ReLU(X +3) ©)

h — swish(x) = x
where x is the input of the convolutional layer using the activation
function; the function of ReLU6 (x+3) is to ensure the output is not
less than 0. If x+3 > 6, then ReLU6 (x+3) = x+3; if x+3 < 6, then
ReLU6 (x+3) = 0. x+3 < 6, then ReLU6 (x+3) = 0.
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FIGURE 13
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Comparison of accuracy between the training set and testing set in Dataset 3.

5. Preferred CNN: The newest EfficientnetV2-S (2021) adopted
in this paper has a slow training speed and accuracy and
Macro-F1 acquired do not reach the expected value. It
indicates that the emerging CNNs cannot be selected blindly
in different application scenarios and images without basis.
In other words, the performance of the CNNs should be
evaluated from multiple perspectives, such as the robustness
and generalization ability, according to actual applications by
the indexes, e.g., accuracy, Macro-F1, training time and size,
etc., for choosing the appropriate one, which is also the original
intention and goal of this study.

3.4 Analysis of crack classification results in
dataset 3

To further verify the generalization capabilities of the five CNNs,
each CNN was trained with an epoch of 100 in Dataset 3. Each CNN
was trained with semantic segmentation preprocessing and without
any image preprocessing. accuracy, F1-score, training time and size
were calculated and summarized in Table 3. The test results of the five
CNN:s for classifications in Dataset three were analyzed as follows:

1. Accuracy and Macro-F1: Without semantic segmentation,
GoogleNet has the highest accuracy of 95.70% and Macro-F1
0f95.70%, while VGG16 has the lowest accuracy of 86.20% and
Macro-F1 of 86.61%. If the image preprocessing by semantic
segmentation, MobileNetV3-Large has the highest accuracy of
95.70% and Macro-F1 of 95.70% as shown in Figure 9.

2. The influence of semantic segmentation: For the bridge crack
images in Dataset 3, it has higher resolution and semantic
segmentation, which is useful to extract crack features
by the CNNs (Figure 10). While the image preprocessing by
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semantic segmentation, the accuracy and Macro-F1 of each
CNN are improved by an average increase of 5.12% and 4.85%,
respectively, except for a slight decrease in using GoogLeNet.

Without semantic segmentation preprocessing, the F1-score
of irregular cracks is significantly lower than that of the other
three types of cracks. The reason is that irregular cracks belong
to the samples that are difficult to be classified. The CNNs can
extract the features of simple cracks (such as transverse cracks,
oblique cracks, etc.) and classify them effectively. But CNNs are
affected by the background noise of the irregular crack images and
the extracted crack features are enough. While preprocessing by
semantic segmentation, the F1-score of the irregular cracks increases
significantly as shown in Figure 10B. Therefore, the background
noise can be removed effectively by using semantic segmentation,
which is beneficial for extracting the image features. The results show
that MobileNetV3-Large has the highest F1-score of irregular cracks
at 93.4%.

3. Comprehensive performance: MobileNetV3-Large with
semantic segmentation gained the best comprehensive
performance while considering the problems such as size,
the feasibility of transplantation to mobile devices and
the shorter training time, etc. It should be noted that the
results by MobileNetV3-Large have the shortest training
time of 44s, accuracy of 95.70%, Macro-F1 of 95.69%, the
fastest classified speed of 47.6 images per second with a size
of 16.2 MB. Similarly, MobileNetV3-Large also performed
excellently in Datasets 1 and 2 and are robust, which indicates

MobileNetV3-Large has practical application value.

To further discuss MobileNetV3-Large with the best
comprehensive performance, the results of the four categories

MobileNetV3-Large for Dataset 3 are shown in Figure 11 through
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FIGURE 14

Prediction of original images with semantic segmentation (Pred is predicated label and Prob is the Probability of prediction): (a) The predicted
probability of the transverse crack is 96.20%; (b) The predicted probability of the transverse crack is 50.16%; (c) The predicted probability of the vertical
crack is 96.20%; (d) The predicted probability of the oblique crack is 62.30%.

the confusion matrix. The results show that the number of images
predicted correctly increased. For example, the number of transverse
cracks predicted correctly without semantic segmentation is 218, while
the number of correct predictions is increased to 238 with semantic
segmentation. Similarly, the number of vertical cracks increases from
228 to 245, oblique cracks increase from 205 to 242 and irregular
cracks increase from 217 to 232. In addition, Figure 12 shows the loss
convergence curve of MobileNetV3-Large. The MobileNetV3-Large
has better convergence with semantic segmentation and its final
convergence loss is lower than that without semantic segmentation.

4. Robustness and generalization ability of the CNNs: Comparing
the performance of the five CNNs in Dataset two and
Dataset 3, each CNN has better performance in Dataset two
and Dataset 3 with semantic segmentation. This illustrates
that semantic segmentation with VGG16-U-Net proposed to
preprocess the Datasets is an effective way to enhance the
robustness of the five CNNs. On the other hand, considering
the generalization ability of the five CNNs facing problems in
crack recognition cracks identification and transfer learning
play an important role.

The efficiency of recognition and classification by the five CNNs
in this study is summarized in Dataset 3 than in Dataset 2. Because
Dataset 3 has a higher resolution of 1024 x 1024 while Dataset 2 hasa
lower resolution of 227 x 227. Dataset 2 was inputted into the CNNs
as a 227 x 227 x 3 matrix with RGB channel, while Dataset three
was treated as a 1024 x 1024 x 3 matrix input, which contains more
information and is conducive to the CNNs to extract more image
features. Thus, the higher resolution camera is recommended to
obtain a high-quality dataset under good lighting conditions when
using deep learning for crack detection.
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5. Over-fitting phenomenon:

Over-fitting (Babyak, 2004)
phenomenon exists in each CNN, but fortunately, semantic
segmentation can help reduce over-fitting. The over-fitting
phenomenon refers to a CNN with a large gap in the
performance between the training and testing process
(Babyak, 2004). The comparison of accuracy results for Dataset
3 in the training set and testing set is shown in Figure 13.
The accuracy of VGG16 and EfficientNetBO in the training
set is 98.80% and 97.50% without semantic segmentation,
respectively, while the accuracy of the two CNNs in the
testing set is only 86.20% and 88.80%, revealing that the
over-fitting phenomenon is serious. When preprocessing the
images with semantic segmentation, the accuracy of each
CNN in the training set and the testing set differs slightly,
where MobileNetV3-Large has the best performance with
the smallest gap of 0.9% between the testing set and the
training set. The over-fitting problem is improved by semantic
segmentation.

. Insufficient ability of the CNNs to extract edge crack features:

It is difficult to extract the crack feature when the crack is at
the edge or corner of the image. The images with incorrect
predictions are visualized by Tensorboard as shown in
Figure 14. In Figure 14, there are single morphological cracks
in the main body range of the four images and there are other
extended cracks at the edge corner of the images as irregular
cracks. For instance, in Figure 14d, while an oblique crack is
the primary feature, a secondary vertical crack extending along
the right edge of the image introduces complexity. As a result of
this interference, the CNN achieved a correct identification of
the “oblique crack” class, albeit with a relatively low prediction
probability of 62.3%.
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4 Conclusion

This paper has adopted the VGG16-U-Net to perform automatic
image preprocessing with semantic segmentation and compared
the performance with VGG16, GoogLeNet, MobileNetV3-Large,
EfficientNetBO and EfficientNetV2-S in the crack recognition and
classification. The fine-tuning technology of transfer learning
used in the training process can reduce the training costs
and improve the CNNs performance. The conclusions are
as follows:

1. Performance comparison in crack recognition and
classification: In crack recognition, the CNNs used in this
paper recognized the cracks with accuracy of more than 99%
(except for VGG16). Instead, CNN’s have limitations on the
dataset for four crack classifications. This shows that the CNNs
cannot maintain high accuracy and short training time without
semantic segmentation.

2. The role of semantic segmentation: Semantic segmentation
can significantly improve the performance of the CNNs
and accelerate the training speed, whereas MobileNetV3-
Large with semantic segmentation has the best performance
of 95.70% accuracy and 95.69% Macro-F1 in Dataset 3.
Even in Dataset 2, which has the lower resolution images,
MobileNetV3-Large has still achieved 94.70% accuracy and
94.71% Macro-F1, which has proved that MobileNetV3-Large
combined with semantic segmentation by VGG16-U-Net has
the best robustness. The newest EfficientNetV2-S proposed in
2021 and EfficientNet proposed in 2019 have been studied in
this paper and it has been found that the two CNNs could
not meet the expected performance. It has indicated that the
emerging CNNs should be selected according to the need
of an actual application. It is suggested that the use of the
latest deep learning technology from computer science for
civil engineering issues should be carefully considered and
investigated.

3. Using the high-resolution image dataset: The results in this
study have shown that high-resolution data is useful for CNNs
to extract features. Therefore, when deep learning is applied
to crack inspection in actual applications, a high-resolution
camera should be used under good lighting conditions.
Alleviating over-fitting by semantic segmentation: Semantic
segmentation can reduce the over-fitting phenomenon in the
training process of CNNs. MobileNetV3-Large with semantic
segmentation by VGG16-U-Net has the best performance in
the fitting of only a 0.9% accuracy gap between the training set
and the testing set.

5. Irregular cracks are hard samples to be classified: In this paper,
it has been found that irregular cracks are difficult to classify
and irregular cracks are often accompanied by greater image
noise. Meanwhile, it is difficult to extract the features of cracks
at the edges and corners of images. Therefore, in future studies,
we are interested in carrying out more studies on how to solve
the difficult classification samples such as irregular cracks and
how to extract edge cracks.

The findings in this study can provide references for surface
crack identification and classification using CNNs in other fields.
To further improve the classification and recognition effect of the
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CNNs, how to improve the retention and effective extraction of the
images’ edge features is needed to be considered.
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