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Abstract
In order to improve the tra�c safety of the tunnel pavement and reduce the impact of water seepage on the pavement structure, a convolutional neural
network (CNN) model is established based on image detection technology to realize the identi�cation, classi�cation and statistics of pavement seepage. First,
compared with the MobileNet network model, the deep learning model E�cientNet network model was built, and the accuracy of the two models was analyzed
for pavement seepage recognition. The F1 Score was introduced to evaluate the accuracy and comprehensive performance of the two models for different
types of seepage characteristics. Then the three gray processing methods, six threshold segmentation methods, as well as three �ltering methods were
compared to extract water seepage characteristics of digital image. Finally, based on the processed image, a calculation method of water seepage area was
proposed to identify the actual asphalt pavement water seepage. The result shows that the recognition accuracy of the E�cientNet network model in the
training set and the validation set are 99.85% and 97.53%, respectively, and the prediction accuracy is 98.00%. The accuracy of pavement water seepage
recognition and prediction is better than the MobileNet network model. Using the cvtColor function for gray processing, using THRESH_BINARY for threshold
segmentation, and using a combination of median �ltering and morphological opening operations for image noise reduction can effectively extract water
seepage characteristics. The water seepage area calculated by the proposed method has a small difference with the actual water seepage area, and the effect
is agreeable.

1. Introduction
With the increase in the number and length of highway tunnels, various tunnel diseases have gradually appeared. Water seepage is one of the main factors of
tunnel diseases. Water seepage will make the road wet and slippery, causing great hidden dangers to driving safety, and serious damage to the asphalt
pavement structure, which will further deteriorate the operating environment and cause tra�c safety problems [1–3]. Effective water seepage detection
technology plays a vital role in maintaining the asphalt pavement service status of the operating tunnel and ensuring driving safety. Traditional tunnel
pavement disease detection mainly relies on manual inspection, which has disadvantages such as low e�ciency, high cost, and strong subjectivity in disease
evaluation [4, 5]. With the rapid development of machine learning and image processing technology, the research proposes to perceive and analyze the water
seepage state of the operating tunnel pavement through digital images, which provides a basis for the assessment of the water seepage disease of the tunnel
pavement.

Traditional image recognition technology mainly de�nes the diseased area through shallow features such as image shape, color, texture and gray value, such
as histogram method, edge detection and region growing algorithm. And the image is transformed to obtain higher-level feature values for disease
identi�cation [6–8]. He et al. [9] carried out crack image testing on the pavement crack image after dimensionality reduction, gray-scale correction and �ltering,
determined the crack interface, and detected asphalt pavement cracks through characteristics such as inclination, Gaussian distribution and edge gradient.
Chen et al. [10] independently constructed a multi-scale image analysis method to study pavement diseases. This method can effectively remove the
background noise of the picture, sharpen the target edge better, and can restrain the boundary movement. Wang et al. [11] used three-dimensional laser
scanning to obtain tunnel seepage disease information, enhanced the edge information of the disease through image binarization, and further analyzed the
size of the disease by using a region description algorithm. These methods have a good recognition effect for simple textures, large differences in gray scale,
and obvious disease characteristics. However, the effect of image recognition under complex background is not obvious.

In contrast, deep learning algorithms are completely end-to-end, without human intervention, it can automatically perform abstract expression and analysis
based on the characteristics of the original image. It has excellent convenience and operability, and has attracted wide attention from the engineering
community [12, 13]. Applying deep learning algorithms to the identi�cation and classi�cation of pavement seepage diseases can greatly reduce the feature
description, extraction, and recognition based on arti�cial experience, which is conducive to improving the accuracy and versatility of the seepage recognition
algorithm [14, 15]. Zhao et al. [16] constructed a pavement state feature database by segmenting the image, extracting 9-dimensional color feature vectors
and 4 texture feature vectors, and proposed a pavement state recognition method based on Support Vector Machine (SVM) to identify wet and slippery states.
Zhang et al. [17] used the SSD-mobilenet architecture to transplant to smart terminals and built a pavement disease database to identify pavement disease
images. Wu et al. [18] combined DenseNet and deconvolutional network to form an end-to-end multi-scale full-convolutional neural network, which segmented
and identi�ed cracks and diseases in the complex �ne-grained background of asphalt pavement.

CNN has become the most representative neural network in the �eld of deep learning. It can work with complex environmental information, vague background
knowledge, and unclear reasoning rules [19–21]. The traditional water seepage disease recognition algorithm uses a large number of image processing
processes, which takes a long time and the recognition rate and accuracy are not high [22]. However, using the CNN model does not require a large number of
image processing procedures. The image can be directly used as input for training. The model can automatically learn the pixel difference of the water
seepage image to quickly and accurately complete the classi�cation target [23–25].

In this work, the model is based on the CNN and is designed in accordance with the classic network structure. The images of tunnel pavement seepage are
collected, and the accuracy of the training model is tested by establishing a data set and a veri�cation set. In order to further improve the accuracy of
recognition, the extended network E�cientNnet network recognition algorithm based on the CNN backbone network is used to achieve the goal of correctly
identifying road water seepage diseases. On the basis of identifying pavement seepage diseases, the geometric characteristics of pavement seepage are
extracted based on semantic segmentation, and the area of seepage is calculated, which lays the foundation for maintenance evaluation.

2. E�cientnet Network
The E�cientNet network is a set of backbone feature extraction networks based on CNN proposed by Tan M et al. [26] in 2019. CNN models are usually
trained under known hardware resource conditions, while E�cientNet is a model generated by the MnasNet model implemented by a reinforcement learning
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algorithm. The three dimensions of the model's depth, width (the number of channels in the feature map), and resolution (the input image size) are
simultaneously scaled, and �nally expanded to form the E�cientNet series network models [27]. As shown in Fig. 1, the E�cientNet network model realizes the
comprehensive consideration of the three factors of depth, width, and resolution. Compared with other network models, the E�cientNet series network models
can maintain a high classi�cation accuracy rate with a small number of model parameters [28, 29].

2.1 The structure of E�cientNet network model
The E�cientNet network model consists of four parts: mobile inverted bottleneck convolution (MBConv) module, convolution layer, pooling layer, and fully
connected layer. MBConv is obtained through neural network architecture search, and the module structure is similar to depthwise separable convolution. It
gives the model a random depth, shortens the practice required for model training, and improves the performance of the model. The function of the
convolution layer is to extract different features of the input picture and hand them to the subsequent high-level neurons for processing. The �rst layer of
convolution layer can only extract some low-level local features, such as edges, lines, and corners, and more complex features can be iteratively extracted from
low-level features through more layers of convolution. Usually after the convolution layer, features with large dimensions are obtained. The role of the pooling
layer is to cut the features into several regions, and remove the maximum or average value to obtain new features with smaller dimensions, while reducing the
risk of over�tting. This paper use is global average pooling. The fully connected layer is to combine all the local features into a global feature, that is, to fully
connect the results after convolution and pooling, and turn multi-dimensional vectors into one-dimensional vectors.

2.2 Selection of activation function
The main function of the activation function is to introduce nonlinearity into the network. If there is no activation function, the output signal will be a simple
linear function with limited complexity. The mapping ability of learning complex functions from data is smaller and the ability to extract features is weakened.
Commonly used activation functions include sigmoid function, Tanh function and ReLU function. The working principle of the activation function is shown in
Fig. 1(a). The input layer input xi is multiplied by the weight wk and then accumulated, and the activation y is obtained through the activation function.

Compared with the under�tting problem when the input value of Tanh function is too large or too small, the ReLU function has the limitation of over�tting and
forced sparse processing to cause neuron necrosis. In this paper, the Swish activation function is used. The Swish activation function is a variant of the
Sigmoid activation function. The expression of the Sigmoid function is as follows:

Sigmoid(x) =
1

1+e −x   (1)

The expression of the Swish function is as follows, where β is an adjustable parameter:

Swish(x) = x · Sigmoid(βx)  (2)

Swish function has the characteristics of no upper bound, lower bound, smooth curve, and non-monotonic function. The performance of the Swish function in
shallow networks is not particularly prominent, but as the depth of the network increases, the performance of the Swish function becomes more and more
prominent. The E�cientNet network selected in this paper has a more complex model and a deeper network structure, so it is more suitable to use the Swish
function as the activation function.

2.3 Feature convolution module
The mobile �ip bottleneck convolution �rst performs 1*1 point-by-point convolution on the input feature map, and changes the output channel dimension
according to the expansion ratio, and then performs Batch Normalization (BN) and activation function (Swish). If the expansion ratio is 1, then directly skip the
point-by-point convolution, the BN and activation functions. Then perform k*k depthwise convolution, and �nally introduce compression and excitation
operations, and then end with 1*1 point-by-point convolution to restore the original channel dimension.

The SENet module in the MBConv module is a feature map operation based on attention. First, the SENet module compresses the feature map, performs
global average pooling in the channel dimension direction, and obtains the global feature map in the channel dimension direction. Then the global feature is
excited, and the 1*1 convolution equal to the number of the global feature dimension C is multiplied by the activation ratio R to perform convolution on the
feature map. Learn the relationship between each channel, and then get the weight of different channels through the Sigmoid activation function. Finally,
multiply the original feature map to get the �nal feature.

In order to solve the gradient disappearance and gradient explosion caused by the excessive number of model convolution layers. The MBConv module
introduces the short-circuit path of the residual module. It makes the gradient spread coherently in the very deep network to prevent the gradient from
superimposing.

3. Design Of Water Seepage Recognition Algorithm
In order to establish a deep learning algorithm that can classify water seepage images of asphalt pavement and extract and calculate water seepage
characteristics, this paper uses two models of MobileNet network and E�cientNet network to learn water seepage characteristics of asphalt pavement. The
algorithm design is based on python language and keras development framework.

3.1 Data collection and processing
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The model designed in this paper is mainly used to classify and identify the four types of water seepage characteristics of tunnel asphalt pavement: point
seepage, line seepage, surface seepage, and no seepage, as shown in Fig. 2. Using the mobile phone, 200 pictures of each of the 4 types of water seepage
characteristics of asphalt pavement in different tunnels were collected. The four types of features are labeled as A, B, C, and D respectively, and they are stored
in a csv format �le. Since deep learning models training require a large amount of data, and considering the time cost of collecting data in real scenes and the
in�uence of various environmental factors, in order to ensure the diversity of data, the collected data is expanded and enhanced.

As shown in Table 1, the data set is expanded by means of �ipping up and down, mirroring, changing the brightness, and Gaussian blur. The four types of
pavement water seepage characteristic images were increased to 600 respectively, which basically met the requirements of model training. Not only can it
effectively prevent the model from over�tting, but it can also improve the model's recognition rate of pavement seepage.

3.2 MobileNet network model construction

3.2.1 MobileNet network model
MobileNet is a typical representative of lightweight networks. It introduces deep separable convolution based on the classic CNN model, and replaces the
pooling layer and part of the fully connected layer with convolution layers [30, 31]. Standard convolution is to combine a set of convolution kernels and input
data into a single-channel feature output. The convolution form of depth separable convolution is factorization. The standard convolution is solved into two
parts: deep convolution and point-wise convolution. A single convolution kernel of a �xed size is applied to each input channel through deep convolution, and
then channel information is fused and output through point-by-point convolution.

3.2.2 Concrete model parameters
The MobileNet network model established in this paper is �rstly a 3*3 standard convolution. Then pointwise convolution is used alternately with the depthwise
convolution layer with a step length of 1 or 2. Then use average pooling to change the characteristic value into 1*1, and add a fully connected layer according
to the prediction of four types of water seepage. Finally, there is a softmax layer. There are 28 layers of depthwise convolution and pointwise convolution in
this network model.

3.3 E�cientNet network model construction
The E�cientNet network model established in this paper is divided into 9 parts, a total of 18 layers of neural networks. The �rst part is an ordinary
convolutional layer with a convolution kernel of 3*3 and a step size of 2, which contains BN and Swish. The second part is the MBConv structures with the 3*3
convolution kernel. Part 3~8 are the MBConv structures that expand the channel of the input feature matrix to 6 times the original, and the convolution kernels
are 3*3, 5*5, 3*3, 5*5, 5*5, 3*3 respectively. The 9th part consists of a 1×1 convolutional layer (including BN and Swish), an average pooling layer and a fully
connected layer. The network structure is shown in Fig. 3.

As shown in Fig. 4, the MBConv structure is mainly composed of a 1*1 ordinary convolution for dimension upgrade, a deep convolution with a convolution
kernel size of 3*3 or 5*5, an SE module, and a 1*1 ordinary convolution for dimensionality reduction and a dropout layer. In the SE module, the number of
nodes in the �rst fully connected layer is 1/4 of the channels input to the MBConv feature matrix, and the Swish activation function is used. The number of
nodes in the second fully connected layer is the same as the number of feature matrix channels output by the deep convolutional layer, and the Sigmoid
activation function is used.

3.4 Comparison of model results
The test environment is: Windows10 operating system, Intel i7-4720HQ processor, NVIDIA GeForce RTX2060, python3.8, keras2.2.5, tensor�ow1.14.0. The
2400 images after image enhancement are used as the training data set, 70% of which are used as the training set, 20% are used as the test set, and 10% are
used as the validation set for testing. To ensure that the two models are performed in the same environment, the batch size is set to 32, and the number of
training epochs is set to 60.

The training results of the MobileNet model and the E�cientNet model are shown in Fig. 5.

As shown in Fig. 5, the accuracy of the �rst epoch training set is 83.84%, and the loss value is 0.3929. After 60 epochs of training, the accuracy of the model in
the training set is 97%, and the loss value is 3.4×10-4. The accuracy rate of the validation set increased from 70.07–96.77%, an increase of 26.7%, and the
loss value was reduced from 0.8786 to 0.0527, a decrease of 0.8259. In the whole training process, the accuracy rate increases with the increase of the
training, and the loss decreases with the increase of the training, which meets the training requirements as a whole. However, the �uctuations in the accuracy
and loss of the veri�cation set are signi�cantly larger than that of the training set. This is due to the fact that the amount of data in the veri�cation set is less
than that of the training set, and does not affect the judgment of the result.

After 60 epochs of training, the accuracy of the E�cientNet model training set has been increased from 90.88–99.85%, and the loss has been reduced from
0.2318 to 1.67×10-5. The accuracy of the validation set has increased from 93.83–97.53%, an increase of 3.7%, and the loss has been reduced from 0.2976 to
0.1023, which is a decrease of 0.1973. Compared with the MobileNet model, the E�cientNet model validation set has a smaller range of accuracy and loss,
and the model has a better recognition effect for images.

In order to further compare the accuracy of the two models for the prediction of water seepage feature images, the F1 Score index is introduced for evaluation.
F1 Score takes into account the precision and recall of the classi�cation model, and is the harmonic average of the accuracy and recall of the model. The
equation is as follows:
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Pr =
TP

TP +FP   (3)

In the Eq. (3): Pr is the accuracy rate; TP is the true positive prediction; FP is the false positive prediction.

Re =
TP

TP +FN   (4) 

In the Eq. (4): Re is the recall rate; FN is the false negative prediction.

F1Score =
2· Pr · Re
Pr+Re   (5)

Randomly select 200 images in the data set for prediction. Among them, there are 34 point seepage images, 42 line seepage images, 64 surface seepage
images, and 60 no seepage images. Evaluate the results of each type of prediction and use the weighted average to obtain the average F1 Score of the model.
The results are shown in Table 2. 

It can be seen from the table that the prediction accuracy of the MobileNet network model for point seepage is 95.5%, the prediction accuracy for line seepage
is 94.0%, the prediction accuracy for surface seepage is 91.5%, and the prediction accuracy for no seepage is 99.0%. After training, the MobileNet network
model has an average prediction accuracy of 95.0% for the four types of water seepage characteristics. The E�cientNet network model has a prediction
accuracy of 98.0% for point seepage, 97.5% for line seepage, 97.0% for surface seepage, and 99.5% for no seepage. In the prediction of the four types of water
seepage characteristics, the prediction accuracy of the E�cientNet network model is higher than that of the MobileNet network model, and the average
prediction accuracy of the E�cientNet network model is 98.0%, which is 3% higher than that of the MobileNet network model.

The average F1 Score of the two models reached more than 90%, and both models can identify pavement water seepage characteristics very well. The
E�cientNet network model predicts four types of water seepage characteristics not only in accuracy, but also in precision, recall and F1 Score higher than
MobileNet. And the average F1 Score is 5.98% higher than MobileNet. It shows that the E�cientNet network model is more accurate for pavement water
seepage recognition and has better performance.

4. Geometric Characteristics Of Pavement Water Seepage
After the pavement water seepage images are classi�ed, further information such as the shape and area of the road water seepage need to be obtained before
the driving safety and the degree of pavement damage can be evaluated. The collected pavement water seepage set contains most of the pavement
information, and image processing technologies need to be used to effectively extract the image water seepage information to reduce the interference caused
by other information and provide data for road condition evaluation.

4.1 Image processing
In order to ensure that high quality water seepage characteristic information can be obtained, reduce the loss of water seepage information caused during
image processing, and improve the accuracy of water seepage geometric feature extraction, the resolution of the picture is uniformly adjusted to 3500×3500
before image processing.

4.1.1 Gray processing
Since the collected pavement water seepage images are all color digital images, the color of each pixel depends on the color components R, G, and B, each
component has 255 values that can be taken, and the color range of a pixel point is 255*255*255. After the color images are gray scaled, the R, G, and B
components of each pixel are the same, and each pixel has only 255 color ranges, which greatly reduces the amount of image calculation and recognition
time. Like color images, grayscale images also re�ect the overall image, the distribution and characteristics of the layout chromaticity and grayscale levels.

This paper uses three gray processing methods, namely: cvtColor, meanGray and maxGray.

It can be seen from Fig. 6 that after using the maxGray, the overall image is dark. Although it is bene�cial to more complete extraction of water seepage
characteristics, it will cause a lot of unnecessary noises when thresholding the image, which increases the di�culty of image processing. After the meanGray,
the edge pixels of the water seepage characteristics are similar, and the edge contour of the water seepage characteristics cannot be well recognized. After
using the cvtColor, the edges contour of the water seepage characteristics are obvious, and the feature pixels of high and low brightness are better improved.
Compared with the other two methods, the water seepage characteristics are more obvious. Therefore, cvtColor is selected as the method for gray processing.

4.1.2 Threshold segmentation
Threshold segmentation is binarization. The target feature is separated from the image background according to a certain threshold, and the image can be
segmented by using the gray difference between the target feature area and the background area. The image after binarization has only two colors of black
and white, that is, the gray value is only 0 and 255, which can better highlight the characteristic area of water seepage.

The six threshold segmentation methods used in this article are: Between-cluster variance method (OTSU), THRESH_BINARY, THRESH_BINARY_INV,
THRESH_TRUNC, THRESH_TOZERO, THRESH_TOZERO_INV.

According to many tests, when the threshold is set to 65, the water seepage characteristics are displayed intact, and the image is in the best state. The image
processed by the above method is shown in Fig. 7.
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It can be seen from Fig. 7 that since the asphalt pavement and water seepage characteristics are all black in different degrees under natural conditions, after
the gray processing, similar gray levels will be obtained. Therefore, when the OTSU is used, the foreground and the background cannot be distinguished more
accurately. A certain gray level is also retained in THRESH_TRUNC. Although the water seepage characteristic area is more prominent than the gray
processing, the background is not completely eliminated, which is not conducive to the subsequent extraction of geometric features. Although
THRESH_BINARY will produce some small connected domain noise, it shows relatively obvious water seepage characteristics compared with
THRESH_TOZERO and THRESH_TOZERO_INV. Therefore, the THRESH_BINARY method is selected as the threshold segmentation method of water seepage
images.

4.1.3 Image denoising
Image noise is a random change of image color, which is unavoidable during image shooting and transmission, and is redundant interference information. In
the asphalt pavement, because the asphalt, aggregate and water seepage colors are similar, a lot of noise will be generated. These noises do not belong to the
scope of water seepage, but they will be included in the scope of water seepage area when calculating the geometric characteristics of water seepage. In order
to eliminate this effect, the image needs to be denoised. After a large number of experiments, it is found that the effect of using a single method to reduce
noise is not very obvious. This paper uses Gaussian �ltering combined with morphological open operation and median �lter combined with morphological
open operation to reduce noise.

It can be seen from Fig. 8 that the noise reduction effect of the noise reduction method combining Gaussian �ltering with a kernel of 5*5 and morphological
open operation is not very obvious, and the image still has a lot of noise, which cannot highlight the water seepage characteristics. Compared with the former,
the method of median �lter combined with morphological open operation can reduce most of the noise in the images, has a better �ltering effect on salt and
pepper noise, and has less loss of water seepage characteristics. Therefore, the method of median �lter combined with morphological open operation is used
to reduce the noise of the image.

4.1.4 Removal of small connected domains
After the image noise is reduced, there are still many small black pixels that are not characteristic of water seepage. These small connected domains
composed of adjacent pixels with the same pixel level have a great impact on the accumulation of subsequent water seepage characteristic pixels. The
de�nition of connected domains is generally divided into two types, one is 4 domains and the other is 8 domains. In order to reduce the loss of edge pixels of
the water seepage feature on the basis of removing the connected domains of the no seepage characteristic. The black connected domain around the
seepage feature is removed by the 4 domains method. For the pixels in the water seepage characteristic that were lost in the previous image processing, an 8
domains method is used to �ll in. This makes the water seepage characteristic pixels more complete and closer to the actual water seepage area. The water
seepage characteristics removed by the small connected domains are shown in Fig. 9.

4.2 Extraction of pavement water seepage geometric features
The processed images only have water seepage characteristics. In the image, pixels with a level of 0 are all water seepage characteristics. Through statistics
and analysis of pixels with a level of 0, a method for extracting geometric information of pavement water seepage is proposed. Establish a coordinate system
(x, y, z) based on the space where the actual pavement is located, and the pavement level coincides with the xoz plane of the coordinate system. The imaging
plane coordinate system (u, v) is established for the plane where the camera is located, and the uv plane is parallel to the xoz plane. Through the
measurement of the actual pavement, the length and width information of the xoz plane collected in the image is obtained, and a proportional relationship is
established between the length and width pixels of the uv plane. Through scale conversion, the actual pavement length represented by each pixel and the
actual road pavement information represented by one pixel can be accurately obtained. Through the accumulation of pixels, the actual pavement water
seepage area and other information can be obtained.

As shown in Fig. 10, in order to avoid the interference of the shooting angle and shooting distance on the the accuracy of water seepage feature recognition, it
is necessary to �x the camera parameters and the height and angle of the device. In this experiment, the height of the camera from the ground is �xed at
150cm, the optical axis of the camera is perpendicular to the pavement level, the aspect ratio of the photo is 1:1, and the image pixels are 3500×3500.

From Table 3, the average error of point seepage is 7.40%, the average error of line seepage is 8.05%, and the average error of surface seepage is 9.33%. The
effects of this method in the extraction of point seepage areas and line seepage areas are better than that of surface seepage areas. It may be that the water
seepages at the edges of the surface seepage are �ltered when the images are �ltered, which makes the error between the predicted water seepage area and
the actual water seepage area larger. The average error of the three types of water seepage area extraction is 8.30%, which is controlled within 10%. It shows
that this method has a good effect on the extraction of water seepage geometric features.

5. Conclusion
(1) Compared with the MobileNet network model, the accuracy of the E�cientNet network model for pavement water seepage recognition is 96.01%, which is
5.98% higher than the 90.03% of the MobileNet network model. It shows that the E�cientNet network model can better identify pavement water seepage.

(2) By comparison, cvtColor can be used for gray processing, the THRESH_BINARY method can be used to threshold the image, and the combined median
�lter and morphological open operation can be used to reduce image noise. Using these methods for image processing can make the water seepage
characteristics of the image more prominent.

(3) By using the calculation method of water seepage area, the geometric characteristics and areas of pavement water seepage can be obtained more
accurately. Compared with the actual pavement water seepage information, the error is within 10%, and the effect is satisfactory.
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Tables
Due to technical limitations, table 1 & 3 is only available as a download in the Supplemental Files section.

Table 2
Statistics table of water seepage prediction results

Model Characteristic type TP FP FN TN Pr Re F1 Score Average F1 Score

Mobilenet point seepage 28 3 6 163 0.9032 0.8235 0.8615 0.9003

line seepage 35 5 7 154 0.8750 0.8333 0.8537

surface seepage 59 11 5 125 0.8310 0.9219 0.8741

no seepage 58 0 2 140 1 0.9667 0.9831

E�cientNet point seepage 32 2 2 164 0.9411 0.9412 0.9412 0.9601

line seepage 39 1 3 156 0.9750 0.9286 0.9398

surface seepage 62 4 2 132 0.9394 0.9688 0.9538

no seepage 59 0 1 148 1 0.9833 0.9916

Figures
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Figure 1

Activation function (a) Activation function �owchart; (b) Sigmoid activation function and Swish activation function

Figure 2

Classi�cation of different water seepage characteristics (a) point seepage; (b) line seepage; (c)surface seepage; (d) no seepage

Figure 3
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E�cientNet network structure

Figure 4

MBConv module and SE module (a) MBConv module; (b) SE module

Figure 5

The MobileNet model and the E�cientNet model training results (a) Line graph of the accuracy of the training set and validation set with the epoch of training;
(b) Line graph of the loss value of the training set and the validation set with the epoch of training

Figure 6

Image gray processing (a) cvtColor; (b) meanGray; (c) maxGray

Figure 7

Threshold segmentation (a) OTSU; (b) THRESH_BINARY; (c) THRESH_BINARY_INV; (d) THRESH_TRUNC; (e) THRESH_TOZERO; (f) THRESH_TOZERO_INV

Figure 8

Image denoising (a) Gaussian �ltering combined with morphological open operation: 1) point seepage; 2) surface seepage; 3 surface seepage; 4) line
seepage; (b) median �lter combined with morphological open operation: 1) point seepage; 2) surface seepage; 3 surface seepage; 4) line seepage
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Figure 9

Water seepage feature images after removing small connected domains (a) point seepage; (b) surface seepage; (c) surface seepage; (d) line seepage

Figure 10

Field collection device
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