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Abstract: Soil desiccation cracks in natural clayey soil pose significant risks to the stability
of civil and geotechnical structures. Traditional methods for detecting these cracks are
often inefficient and prone to inaccuracies. Therefore, we applied a deep learning approach
of semantic segmentation based on DeepLabv3+ to detect desiccation cracks. To enhance
computational efficiency, a pretrained lightweight network, MobileNetV2, was employed
as the backbone for the DeepLabv3+ model. The model was trained and tested on a
dataset of natural clayey soil crack images obtained through laboratory tests. Evaluation
metrics including precision, recall, F1 score, and intersection over union (IoU) were used
to assess the segmentation performance. The model took 17.13 min to train and achieved
an inference speed of 0.43 s per image. DeepLabv3+ achieved better performance than
the traditional segmentation method, with a precision of 95.76%, a recall of 84.12%, an
F1 score of 89.56%, and an IoU of 81.10%. The model also demonstrated the capability
to handle images with shading conditions and the presence of spots. DeepLabv3+ with
MobileNetV2 as a backbone network was proven to be effective and efficient as a backbone
in soil desiccation crack detection and segmentation.

Keywords: semantic segmentation; soil desiccation crack; crack detection; deep learning;
DeepLabv3+

1. Introduction
Desiccation cracks form when a soil mass is subjected to an arid climate due to

evaporation and volumetric shrinkage [1,2]. The phenomenon is prevalent particularly
in clayey soils because of its high tendency to shrink and swell in response to the change
of moisture in the surroundings [3]. Desiccation cracking of natural clayey soil impacts
the mechanical and hydraulic properties of the soil [4–7]. These detrimental effects are a
significant concern in geotechnical and environmental engineering, for they can lead to
slope instability [8], settlement and bearing capacity issues in foundations [2], and landfill
leachate leakage [9].

With weakened stability and integrity of clayey soil and escalating climate change,
accurate detection and analysis of these cracks in various applications are crucial for timely
maintenance and prevention of potential failures. The analysis of soil cracks usually
involves the quantitative measurement of geometrical characteristics such as crack intensity
factor and crack width [5,10–12].
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Early methods for analyzing soil crack networks relied on manual measurements,
which are inefficient and inaccurate due to human errors [13]. The problem was greatly
alleviated by implementing digital image processing technology. Crack network acquisition
in this method is followed by grey scaling, binarization, and optional post-processing for
denoising to segment the crack networks from the crack images [14–17]. However, the
method relies heavily on human intervention, especially in fine-tuning binarization and
post-processing processes and on the quality of crack images. The presence of disturbance,
such as uneven illumination and rough soil surface, significantly affects the accuracy of
crack network acquisition. This prompted the need for an advanced system that performs
soil crack detection efficiently and accurately in all circumstances. Previous study results
demonstrated the potential of a machine learning-based image processing model in the
segmentation and quantification of soil cracks [18]. The model proved to be effective in
handling uneven illumination while quantifying crack parameters with minimal processing
time and satisfying accuracy, highlighting the promising use of machine learning.

In light of the successful applications of deep learning and computer vision technologies,
researchers have applied deep neural networks to soil desiccation crack detection [19–21].
Han et al. [19] proposed a system combining crack localization and segmentation using a
mask regional convolutional neural network (Mask R-CNN). The model detects cracks with
instance segmentation to identify, localize, and generate individual labels for each crack in an
image. Xu et al. [20] used an attention residual network-UNet for the semantic segmentation
of the entire soil crack networks. Both studies showed the promising ability of deep learning
methods with their high segmentation accuracy in crack detection. In addition, a comparative
study was conducted on ground crack detection, and the results demonstrated the superiority
of deep learning methods over traditional segmentation methods in segmentation accuracy
and consistency [21].

Despite the plethora of image segmentation deep learning frameworks available,
existing studies have only examined a limited subset of these tools. Models such as Mask
R-CNN and attention Res-UNet, which were trained from scratch, demand extensive
training times and significant computational resources. An overlooked framework in
this domain is DeepLabv3+. This model employs an encoder–decoder architecture and
incorporates the atrous spatial pyramid pooling (ASPP) module, delivering exceptional
semantic segmentation performance [22–24].

In this study, a deep learning approach based on DeepLabv3+ was applied to soil desic-
cation crack semantic segmentation and detection. The pretrained lightweight MobileNetV2
network was employed as the backbone for the DeepLabv3+ model to minimize training
and computational efforts. A soil crack dataset was prepared from a set of natural clayey soil
crack images for the model’s training, validation, and testing. Evaluation metrics including
precision, recall, F1 score, and IoU were determined to evaluate the detection performance.

2. Materials and Methods
2.1. Data Preparation

Drying and wetting processes of natural clayey soil with high plasticity were con-
ducted. In the experiments, soil crack images were taken under different photographic
conditions, and the images were sliced into smaller patches for deep-learning model train-
ing. A total of 220 images at a resolution of 480 × 480 were generated and were randomly
split at a ratio of 9:1 into training and validation datasets. Four unsliced images at the
resolution of 960 × 960 were reserved for the testing of the model. All the images were
manually annotated to produce binary ground truth masks with the foreground as white
(1) and the background as black (0) pixels as shown in Figure 1. The training dataset was
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processed with random augmentation methods for scaling, rotating, reflecting, translating,
and hue/saturation/value (HSV) color jittering to prevent overfitting.

Eng. Proc. 2025, 91, x FOR PEER REVIEW 3 of 9 
 

 

manually annotated to produce binary ground truth masks with the foreground as white 
(1) and the background as black (0) pixels as shown in Figure 1. The training dataset was 
processed with random augmentation methods for scaling, rotating, reflecting, translat-
ing, and hue/saturation/value (HSV) color jittering to prevent overfitting. 

  
(a) (b) 

Figure 1. Image dataset. (a) Original image patch; (b) Binary mask. 

2.2. DeepLabv3+ Architecture 

The architecture of the DeepLabv3+ model for automatic semantic segmentation of 
soil desiccation crack networks is shown in Figure 2. An encoder–decoder structure is ob-
served, where the encoder extracts and compresses features from the input image, and 
the decoder reconstructs these features to generate the segmented output. The encoder 
starts with a backbone network, in this case, a pretrained MobileNetV2, to extract both 
high- and low-level features to be fed to the ASPP module and decoder path, respectively. 

 

Figure 2. DeepLabv3+ architecture, c stands for number of output channels. 

MobileNetV2 is a neural network that is well known for its lightweight and compu-
tational efficiency due to its depthwise separable convolution [25]. Its basic building block 

Figure 1. Image dataset. (a) Original image patch; (b) Binary mask.

2.2. DeepLabv3+ Architecture

The architecture of the DeepLabv3+ model for automatic semantic segmentation of
soil desiccation crack networks is shown in Figure 2. An encoder–decoder structure is
observed, where the encoder extracts and compresses features from the input image, and
the decoder reconstructs these features to generate the segmented output. The encoder
starts with a backbone network, in this case, a pretrained MobileNetV2, to extract both
high- and low-level features to be fed to the ASPP module and decoder path, respectively.
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MobileNetV2 is a neural network that is well known for its lightweight and computa-
tional efficiency due to its depthwise separable convolution [25]. Its basic building block is an
inverted residual block with a linear bottleneck structure (Table 1 and Figure 3). The network
architecture and its sequences of MobileNetV2 used for DeepLabv3+ are shown in Table 2. In
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the table, n represents the number of repetitions of a similar operator. At every level, the first
block has a stride of s while the rest have a stride of 1. Despite having a stride of 1, the first
blocks in sequences of 302 × 64 and 302 × 96 do not contain a residual connection.

Table 1. MobileNetV2 building block [25].

Input Operator Output

h × w × k 1 × 1 conv2d, BN, ReLU6 h × w × (tk)

h × w × tk 3 × 3 Depthwise s = s, BN,
ReLU6 h/s × w/s × (tk)

h/s × w/s × tk 1 × 1 conv2d, BN h/s × w/s × k’
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Table 2. Architecture of MobileNetV2 backbone network.

Input Operator t c n s

4802 × 3 Conv2d - 32 1 2
2402 × 32 Bottleneck 1 16 1 1
2402 × 16 Bottleneck 6 24 2 2
1202 × 24 Bottleneck 6 32 3 2
602 × 32 Bottleneck 6 64 4 2
302 × 64 Bottleneck 6 96 3 1
302 × 96 Bottleneck 6 160 3 1
302 × 160 Bottleneck 6 320 1 1

t = expansion factor; c = number of output channels; n = module repetitions; s = stride.

ASPP uses atrous separable convolutions (Figure 4) and spatial pyramid pooling to
capture multi-scale features [22]. The ASPP module consists of 4 parallel branches with
the same number of output channels (1 × 1 convolution; 3 × 3 convolutions with dilation
rates of 6, 12, and 18); these outputs are concatenated and passed through another 1 × 1
convolution to generate encoded feature representations.
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2.3. Model Training and Validation

Using the MATLAB (R2023b) Deep Learning Toolbox, the model was trained on an
Nvidia RTX 3060 GPU with 12 GB of memory at a batch size of 4. The adaptive moment
estimation (Adam) was adopted as an optimizer, and the MobileNetV2 backbone was
initialized with weights obtained by pre-training on ImageNet to reduce the training effort.
The initial learning rate during training was 10−4 and decayed at a factor of 0.1 every
15 epochs for 50 epochs. The validation dataset was utilized to validate the performance of
the model at the end of every epoch.

The loss function was used to measure the difference between ground truth and model
prediction and then update the network weights based on it. The generalized dice loss
function was used and is expressed in (1).

L = 1 − 2∑K
k=1 wk∑M

m=1 YkmTkm

∑K
k=1 wk∑M

m=1
(
Y2

km + T2
km

) (1)

where L is the measured loss for a prediction, K is the number of classes, M is the number
of pixels in the image, Y is the predicted segmentation, T is the ground truth, and wk is the
class-specific weighting factor that is used to balance the contributions from each class. The
factor is defined as follows:

wk =
1(

∑M
m=1 Tkm

)2 (2)

To prevent overfitting, L2 regularization is utilized with weight decay set to 0.0005. L2
regularization is expressed as follows:

L2 Regularization = λ∑
(

w2
i

)
(3)

LossL2 regularized = Lossoriginal + L2 Regularization (4)

where λ is the weight decay and wi is the weights. The regularization term is added to the
loss to form a regularized loss.

2.4. Evaluation Standards

Pixels generated by the model for prediction are categorized into the following:
(i) true positives (TP), which indicate correct crack pixel identification; (ii) false positives
(FP), which predict soil pixels as cracks; (iii) true negatives (TN), which correctly predict
background pixels; and (iv) false negatives (FN), which indicate miss out of actual crack
pixels. Then, the model segmentation performance is assessed by calculating precision,
recall, F1 score, and IoU (5)–(8).

Precision =
TP

TP + FP
(5)

Recall =
TP

TP + FN
(6)

F1 score =
2 × precision × recall

precision + recall
(7)

IoU =
TP

TP + FP + FN
(8)

In addition, Otsu’s global thresholding, a widely used traditional method, was adopted
for performance comparison. This method was employed to generate binary masks by opti-
mizing a global threshold value based on the maximum of the between class-variance [26].
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3. Results and Discussion
The computational efficiency of the model was evaluated in terms of training time and

inference speed. The model required 17.13 min to train, demonstrating minimal training
effort needed for DeepLabv3+ with pre-trained MobileNetV2 backbone fine-tuning. The
model produced inferences on the test dataset at a speed of 0.43 s per image and 2.33 frames
per second. Overall, the model achieved satisfactory computational efficiency with low
training effort required and fast inference speed.

The overall segmentation performance of the traditional and DeepLabv3+ methods
is shown in Table 3, and the segmentation masks are illustrated in Figure 5. DeepLabv3+
shows significantly better performance than the traditional method. The overall precision
is increased substantially by 61.1% and overall IoU by 47.03%. The high recall value of
the traditional method is not related to segmentation accuracy. The broad categorization
of pixels to the foreground class is observed from its masks (Figure 5), which greatly
reduces FNs. The high precision, F1 score, and IoU achieved by DeepLabv3+ indicate
the model’s ability to produce accurate segmentation with minimal mistakes and precise
localization of cracks. The metrics show that DeepLabv3+ with MobileNetV2 is effective
for soil desiccation crack image segmentation.

Table 3. Comparison of traditional and DeepLabv3+ segmentation performance.

Metrics Traditional Method DeepLabv3+

Precision (%) 34.66 95.76
Recall (%) 95.27 84.12

F1 score (%) 50.82 89.56
IoU (%) 34.07 81.10
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Figure 5 shows that the traditional method faced challenges in handling images with
varied shading conditions, as evidenced by images in rows 2 and 3. The traditional method
classifies shadowy regions and spots as cracks due to its inability to generalize spatial
relationships at a higher level, resulting in a lack of flexibility in generating accurate
segmentation results. Unlike the traditional method, the deep learning network captures
feature representations from low to high levels, better distinguishing actual cracks from
artifacts such as shadows and spots. This allows DeepLabv3+ to precisely segment images
even when they contain shadows and spots.

Despite the high-pixel resolution, the images show blurry crack lines and edges.
Several finer cracks were difficult to discern without closer inspection and human judgment.
This hinders the accurate segmentation of soil cracks. A closer inspection shows that
DeepLabv3+ effectively handles images with distinct crack networks, such as row 1, where
crack edges are clearer (Figure 5). However, when dealing with blurry crack edges, the
model presents challenges in differentiating fine cracks from the backgrounds, which
negatively impacts the IoU performance. This suggested that while DeepLabv3+ is robust
for most images, it still struggles with images containing indistinct crack boundaries,
necessitating improvement using various techniques.

4. Conclusions
A novel approach was developed for the semantic segmentation and detection of soil

desiccation cracks using a lightweight DeepLabv3+ model with a pretrained MobileNetV2
backbone. The model achieved high computational efficiency with a training time of
17.13 min and an inference speed of 0.43 s per image. A total of 220 images were used to
train the model, and four were used for model testing. The model significantly improved
segmentation accuracy compared with the traditional method, showing higher precision,
F1 score, and IoU. The DeepLabv3+ model is capable of operating in different conditions
and providing precise segmentation results even in the presence of shadows and spots.
However, the model still needs to deal with blurry crack edges, especially blurry fine cracks.
However, advanced deep learning models like DeepLabv3+, enhanced by pretrained
lightweight networks such as MobileNetV2, efficiently and effectively detect soil cracks for
the monitoring and management of soil desiccation cracks.
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