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Abstract: The direct-shear test is the primary method used to test the shear strength of transparent soil,
but this experiment is complex and easily influenced by experimental conditions. In order to simplify
the process of obtaining the shear strength of transparent soil, an image regression model based
on a vision transformer (ViT) is proposed in this paper; this is used to recognize the shear strength
of the soil based on images of transparent-soil patches. This model uses a convolutional neural
network (CNN) to decompose the transparent-soil images into multiple image patches containing
high-order features, utilizes a ViT for feature extraction, and designs a regression network to facilitate
the transfer of information between the abstract image features and shear strength. This model
solves the problem of boundary blurring and difficult-to-identify features in speckle images. To
demonstrate the effectiveness of the proposed model, different parameters related to transparent
soil were obtained by controlling the particle size of fused quartz sand and the content of aerosol;
in addition, the friction angle and cohesive force of the transparent soil under different proportions
were measured using direct-shear tests, serving as two datasets. The results show that the proposed
method achieves correlations of 0.93 and 0.94 in the two prediction tasks, thus outperforming existing
deep learning models.

Keywords: transparent soil; shear-strength prediction; deep learning; vision transformer;
direct-shear tests

1. Introduction

Transparent soil is prepared by mixing aggregates with a pore fluid that has a similar
or the same refractive index [1,2]. Conducting indoor model experiments using transparent-
soil material [3-6] in combination with particle image velocimetry technology enables the
deformation and evolution process within the soil to be observed [7-10]. Many scholars use
transparent soil to study the stability of slopes [11,12], the shear deformation of soil [13], and
the surface uplift in model experiments [14]. Preliminary studies indicate that transparent
soil prepared using fused quartz sand as the soil framework [15], aerosol silica powder
as the binder, and mixed mineral oil as the pore fluid exhibits mechanical characteristics
that are similar to clay; it can therefore be used to create physically complex models [16].
To determine the shear strength of transparent soil, it is typically necessary to conduct
direct-shear tests [17,18]. This process involves layering the prepared soil sample into
a shear box according to the mass, compacting it, applying vertical pressure, removing
the retaining pins, and finally conducting the shear test. This experiment often requires
researchers to surrender a significant amount of their time, but it is a necessary step in
experimental research. In order to obtain more accurate data, scholars both domestically
and internationally have improved this experiment by designing a large-scale direct-shear
apparatus and conducting corresponding experiments [19]. However, the direct-shear test
method has certain limitations:
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e  Traditional direct-shear tests or triaxial direct-shear tests require multiple repetitions
to be performed to obtain the average value of each set of test results [20-22], and
the experimental procedures are relatively cumbersome. Additionally, the testing
equipment often has certain requirements.

e In direct-shear tests, the specimen size is small; this enables the drainage conditions,
stress conditions, compaction degree, shear rate, and other parameters of the soil sam-
ple to be controlled [23]. However, in large-scale geotechnical model experiments, it is
difficult to ensure the uniformity of the soil at various locations within the same model.
Furthermore, it is challenging to ensure that the moisture content and compaction
degree of each group of soil specimens are the same in comparative tests. Therefore,
there may be some discrepancies between the soil mechanics properties obtained un-
der large-scale model experimental conditions and the data obtained under standard
test conditions.

With the advancement of deep learning technology [24-26], its excellent performance
in the field of image recognition has attracted widespread attention [27-29]. Muhammad
et al. proposed a new approach for the prediction of Dh using gene expression program-
ming [30]. This method can effectively extract features related to images and objects and
perform tasks such as classification and regression. The shear strength of transparent soil
may be connected to the distribution of optical spots in the images. The distribution of
optical spots and the transparency differ between different transparent soils with different
levels of shear strength. However, quantifying these differences is difficult, and traditional
image processing methods are not effective for analyzing them. Therefore, using deep
learning to analyze the optical speckle images of transparent soil and predict the shear
strength of the soil in that area has strong applicative potential. The implementation of this
research could enable human errors and experimental errors caused by the experimental
conditions to be avoided, simplify the experimental process, and enhance the reliability of
the measurement results.

The recognition of transparent soil relies heavily on deep learning feature extractors.
The current mainstream feature extractors employed are convolutional neural networks
(CNNSs) [31-33] and vision transformers (ViTs) [34,35]. The core principle of a CNN is local
perception, where the convolution operation allows the network to focus on local regions of
the input image. By convolving the input image with convolutional kernels, CNNs extract
features from the input image. This local perception enables the network to effectively
capture the local structures and patterns of the image [36]. Compared to traditional CNN
models, a ViT can better handle large-scale image data. The vision transformer is an image
classification model that is based on the self-attention mechanism and was introduced by
Dosovitskiy et al. [37] in 2020. Traditional CNNs have achieved great success in image
classification tasks, but their convolutional operations can introduce some local biases
when processing images; they also cannot maintain computational efficiency when dealing
with large-sized images. A ViT treats the pixels in the image as a sequence and uses the
self-attention mechanism to process this sequence, achieving comparable or even superior
performance in image classification tasks compared to a CNN.

Finding features related to shear strength in the speckle images of transparent soil is
a challenging task. It requires a model that not only has excellent local feature-capturing
capabilities, but also understands the global features of the image. As shown in Figure 1,
unlike existing image classification tasks, the features in the speckle image of transparent
soil are distributed globally rather than concentrated in specific areas. Additionally, the
speckles do not have significant boundaries, making it difficult for existing methods to
capture their features. Based on previous research, CNN-based feature-processing mod-
ules are able to perceive details well, but remain limited in their ability to capture global
features [38]. A ViT has excellent global feature-capturing capabilities [39]; however, its
image preprocessing method, which involves the segmentation of image blocks, does not
convert the detailed information of the image into high-level features and is not suitable
for processing transparent-soil images. Furthermore, predicting the shear strength of trans-
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parent soil based on images is, essentially, a regression task. In image processing problems,
deep learning does not perform as well in regression tasks as it does in classification tasks.
Therefore, it is necessary to develop a regression module that is able to facilitate the trans-
fer of information between the feature extraction of transparent soil and shear-strength
prediction processes.

Figure 1. Transparent-soil speckle images with different parameters.

In this paper, a novel image regression model called the ViT-based image regression
model (VIRM) is proposed; this model aims to improve the poor performance of existing
methods in transparent-soil image feature extraction tasks. The input images are prepro-
cessed using a CNN module, and the segmented image patches are replaced with feature
maps to enter the transformer encoder. After the transformer, they are concatenated with
the regression module to predict the shear strength. To demonstrate the effectiveness of the
proposed model, transparent soils with different parameters are obtained by controlling
the particle size of fused quartz sand and the content of fumed silica powder. The shear
strength and cohesion of the transparent cemented soils under different ratios are measured
using direct-shear tests. The soil samples under the same ratio are captured using laser
light to create two transparent-soil datasets, which prove the effectiveness of the proposed
method. Additionally, the proposed method does not require the addition of tracer particles,
but only uses the light spots reflected by the fused quartz sand as tracer particles.

2. Methodology

As shown in Figure 2, the proposed VIRM comprises a CNN, ViT blocks and a
regression module. The CNN and ViT blocks form the component used to perform the
image feature extraction. The regression module primarily consists of fully connected
layers and activation functions. It is used to unfold the abstract features of the image and
predict the mechanical performance via regression. Each of these modules will be described
in detail later.
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Figure 2. Flow chart of the proposed method.
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2.1. Image Feature Extraction

The structure of the component used for image feature extraction is shown in Table 1.
The scattered image of the transparent soil first travels through a CNN layer, whose
main purpose is to convert the scattered image into a multi-dimensional feature map that
contains the multi-level features of the scattered image. The feature map is then passed
into the ViT module. The conventional ViT module splits the complete image into N blocks
of the same size, and then the N blocks are converted into N high-dimensional image
block feature vectors via a linear mapping layer; however, such methods are limited in
their ability to deal with the positional relationships between image blocks [40]. Since the
CNN has the property of inductive bias and the transformer has the ability to perform
strong global inductive modeling, better results can be obtained when using the hybrid
CNN + transformer model; therefore, instead of image segmentation, the CNN is used in
this paper.

Table 1. The structure of the feature extraction component.

Layer Name Input Size Output Size
CNN (224, 224, 3) (197, 768)
LayerNormalization (197, 768) (197, 768)
Dense (197, 768) (197, 2304)
Attention (197, 2304) (197, 768)
Dense (197, 768) (197, 768)
Dropout (197, 768) (197, 768)
Dropout (197, 768) (197, 768)
Add (197,768), (197, 768) (197, 768)
LayerNormalization (197, 768) (197, 768)
Dense (197, 768) (197, 3072)
Gelu (197, 3072) (197, 3072)
Dropout (197, 3072) (197, 3072)
Dense (197, 3072) (197, 768)
Dropout (197, 768) (197, 768)

A ViT is an image classification model based on the transformer model. Its principles
are as follows: (a) Patch embedding—the input image is divided into uniform patches,
and each patch is flattened into a low-dimensional vector. These patch-embedding vectors
are then passed to the transformer model as input. (b) Position embedding—a position
encoder is used to generate position-embedding vectors for each patch. Position-embedding
vectors provide the input patches with global positional information. (c¢) Encoder—the
patch embeddings and position embeddings are passed to the transformer encoder as
input. (d) Decoder—the output of the transformer encoder is passed to the decoder, which
comprises a fully connected layer and a SoftMax layer. The ViT model completes its
image classification and object detection tasks through the self-attention mechanism and
feed-forward neural networks of the transformer.

The core component of a ViT is the attention mechanism, which forces the model to
focus on more important feature maps [41,42]. Because different feature maps contribute
differently to the prediction task, weights are added to each feature map as an indication
of the importance of the feature map. The attention mechanism used in this research is
self-attentive, where a weight w,ytention Of the same dimension is assigned to the input
vector X. Through multiple rounds of training, this weight can represent the values that are
more important to the convergence of the model with the input vector. This is achieved by
performing a similarity calculation using the dot product, as follows:

Attention(Q, K, V) = softmax(QKT>V (1)
o Vi
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where Q, K, and V denote “query”, “key”, and “value”, respectively; d is the scaling factor
and denotes the dimensionality of K. For larger values of dj, the dot product is too large,
thus pushing the SoftMax function to regions with very small gradients. To counteract this
effect, the dot product is scaled using ﬁ

2.2. Regression Module

As shown in Table 2, the regression module is a linear layer that connects the feature
extraction component to the labels, and mainly consists of activation functions and dense
layers. The feature extraction component converts the image features into feature vectors,
which are first normalized and then passed through several activation and dense layers,
which increase the nonlinearity of the regression module; finally, the image features are
connected to the labels.

Table 2. Structure of the regression module.

Layer Name Input Size Output Size
LayerNormalization (197, 768) (197, 768)
Lambda (197, 768) (None, 768)
Dense (None, 768) (None, 128)
Activation (None, 128) (None, 128)
Dense (None, 128) (None, 256)
Activation (None, 256) (None, 256)
Dense (None, 256) (None, 1)
Activation (None, 1) (None, 1)

3. Transparent-Soil Straight-Shear Experiment
3.1. Transparent Cemented Soil Preparation

The transparent cemented soil specimens were formulated from fused silica, a refractive-
index-matched pore solution, and nanoscale hydrophobic fumed silica powder. The hy-
drophobic fumed silica powder was used as a binder with refractive-index-matched fused
quartz sand (1.4585); this had the appearance of a white powder when dried. Four particle
sizes of fused quartz sand were selected as the soil skeleton for the test, with a particle
density of 2300 kg/m3 and particle sizes of 0.1-0.2 mm, 0.2-0.5 mm, 0.5-1.0 mm, and
1.0-3.0 mm. The preparation ratios of different proportions of pore fluid were compared
and the refractive index of the mixed solution was measured using an Abbe refractometer.
It was found that at 25 °C, when n-dodecane and 15# white mixed mineral oil were mixed
at a mass ratio of 1:20, the refractive index of the pore fluid reached 1.4585; this resulted in
soil with the best transparency.

The preparation of the transparent-soil specimen was conducted as follows: (a) The
specimens were washed with water to remove impurities, and then put into a drying oven
for drying. (b) The pore solution was prepared by mixing n-dodecane and 15# white oil in
proportion so that the refractive index of the mixture was 1.4585. (c) The fused quartz sand,
silica powder and pore solution were weighted in proportion to each other. The quartz
sand and silica powder were mixed and stirred well so that the silica powder was adsorbed
onto the surface of the quartz sand particles. Finally, the weighed pore liquid was added to
the mixture and stirred well. Because air was mixed into the cemented transparent soil at
this time, it was milky white or translucent. (d) The transparent cemented soil made in the
previous step was compacted in layers into a test tube that was 150 mm long and 25 mm in
diameter. The test tube was then placed in a vacuum chamber and evacuated for 30 min.
After extracting the gas inside the soil, the soil particles were rearranged under the action
of atmospheric pressure, and the compactness reached 70%. The configured specimen is
shown in Figure 3.
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(a) 1.0-3.0 (b) 0.5-1.0 (c)0.2-0.5 (d) 0.1-0.2
Figure 3. Fused quartz sand.

3.2. Scattered Image Acquisition

As shown in Table 3, to obtain transparent cemented soil patches comprising fused
quartz sand with different particle sizes and silica powder contents, four different quartz
sands with grain sizes of 0.1-0.2 (fine sand), 0.2-0.5 (medium sand), 0.5-1.0 (coarse sand),
and 1.0-3.0 (fine gravel) were selected; the fumed silica powder was added to each quartz
sand grain size, and the content of fumed silica powder was increased from 0% to 20%. As
shown in Figure 4, a scatter collection test was performed on the transparent cemented soil;
this was conducted in a dark room using a 2000 mW and 532 nm sheet laser to irradiate the
transparent cemented soil. After several adjustments and comparisons, the soil speckle field
brightness was moderate, with a 4.0 w laser intensity, and the speckle field distribution
was uniform. The test was therefore suitable for observing and acquiring the speckle
field image.

Table 3. Speckle image of transparent soil with different parameters.

Content of Fumed Particle Size of Fused Quartz Sand/mm

Silica Powder 0.1-0.2 0.2-0.5 0.5-1.0 1.0-3.0

0%

5%

10%

15%

20%
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(a) Transparent-soil specimens (b) Transparent-soil photography equipment

Figure 4. Transparent-soil specimens and transparent-soil photograph equipment.

3.3. Transparent-Soil Straight-Shear Tests

To determine the shear strength of the transparent cemented soils with different
mix ratios, straight-shear tests were conducted on all samples. The experimental setup
utilized a conventional strain-controlled direct-shear apparatus. The soil samples with a
diameter of 61.8 mm and an initial height of 20 mm were compacted to the corresponding
compactness. The consolidated quick shear test method was then performed, and a shear
rate of 0.8 mm/min was used.

When the percentage of hydrophobic fumed silica powder is <3%, the viscosity of the
soil is extremely low, and it is difficult to create a shape. Therefore, when the percentage
of fumed silica powder was <3%, the method used to create samples of sand-like soil was
employed; subsequently, the sample was filled into the shear box in layers according to the
mass and then compacted. When the percentage of hydrophobic fumed silica powder was
>3%, the method used to create samples of clay-like soil was employed for the shear test.
The configured transparent cemented soil was then put into the mold in layers according
to the calculated mass and compacted; subsequently, the specimen was pushed into the
shear box after being cut with the ring knife. Because the specimen was not fully saturated,
the specimen was translucent or light white; the sheared specimen is shown in Figure 5.
Although the transparent cemented soil used in the model box test was fully saturated, the
transparent-soil models were all small in size due to the visible depth of the soil. Therefore,
the pore pressure in the models was almost negligible, and unsaturated soil specimens with
a higher saturation could be used as approximate substitutes for saturated soil specimens in
this test. Finally, the shear strength of the soil was calculated from the following measured
parameters: the cohesion and friction angle.

(a) 0.1-02 (b) 0.2-0.5 () 05-10

(d) 1.0-3.0
Figure 5. The sheared transparent-soil specimen.

3.3.1. Dataset 1: Cohesion

Cohesion refers to the force generated by the cementation and electrostatic gravita-
tional force between particles; this primarily depends on the physicochemical interaction
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between soil particles and specifically the intersection of the cementing substances between
the particles. In this experiment, both the soil density and quartz sand particle size were the
same; therefore, the percentage of hydrophobic fumed silica powder was the main factor
affecting the cohesion of the specimen. In this dataset, the proposed ViT model was trained
using the captured transparent-soil images as the input images and the cohesion as the
label; the dataset contained a total of 2000 pre-processed samples.

3.3.2. Dataset 2: Friction Angle

The friction angle is an important index used to describe the soil friction strength. It
is influenced by two main factors, namely the sliding friction between particles and the
interlocking friction between particles. In this experiment, the influence of the percentage
of hydrophobic fumed silica powder on the friction angle of the specimen was small, as
the silica powder was in the form of gel after mixing with the pore liquid. The higher
the content of quartz sand, the less pore space there is between the particles; this leads to
the enhanced self-locking effect and occlusion between the particles, resulting in a larger
friction angle. Therefore, in this paper, the content of quartz sand was the main factor
affecting the friction angle of transparent cemented soil. Secondly, quartz sand particle size
has a significant impact on the friction angle, as it affects the magnitude of interparticle
occlusion. In this dataset, 2000 transparent-soil cross-section images were used as the
input of the dataset, and the corresponding friction angles were used as labels to train the
proposed ViT.

4. Experiments and Results
4.1. Experiment Configuration

The network model used in this paper was trained on a high-performance GPU
NVIDIA GeForce RTX2080. The software environment was CUDA version bit 10.2, the
python version was 3.6.3, the system version was WIN10, and the network used Tensorflow
version 1.13. During the training period, the input size of the images was 224 x 224. In this
study, the network was trained using migration learning and freezing in order to improve
the efficiency and accuracy of the training. In this study, the network was trained using a
total of 500 epochs; the first 200 epochs were trained frozen and the last 300 epochs were
trained unfrozen until the network converged. In the frozen phase, the batch was set to 32;
in the unfrozen phase, the batch was set to 16. The initial learning rate of the network was
setto 1 x 1072, and the minimum learning rate of the network was 0.01 times the initial
learning rate. The network parameters were all updated according to the adaptive moment
estimation (Adam) optimization method.

4.2. Experimental Results

In this section, some state-of-the-art backbone networks are used for comparison to
demonstrate the excellent performance of the proposed feature extraction model (backbone
network part) on this dataset. We used the prediction error as a metric, specifically the
difference between the predicted and true values. The statistical results are plotted as
histograms and a normal fit curve is attached.

The backbone networks that were compared are VGG and ResNet, both of which
have powerful feature extraction capabilities and have successfully achieved image clas-
sification and regression in many scenarios. The VGG network is a deep convolutional
neural network model that was proposed by researchers from the University of Oxford.
It is characterized by the use of very small convolutional kernels (typically 3 x 3) and
a very deep network structure. This design enables the VGG network to use a smaller
number of parameters. ResNet addresses the gradient problem by introducing shortcut
connections that span across network layers. Shortcut connections directly pass the input
information (i.e., intermediate features) around various layers to the subsequent layers,
allowing the neural network to better optimize residual information. This type of shortcut
connection enables ResNet to easily train deep networks without experiencing performance
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degradation. The training times and average prediction errors for different methods are
shown in Table 4.

Table 4. Training times and average prediction errors for different methods.

Method Training Time Cohesion Average Error  Friction Angle Average Error
Vit 124 min 1.64 0.73
Resnet 78 min 3.95 2.33
VGG 55 min 527 2.26

As shown in Figure 6, the prediction errors of the three backbone networks were
recorded in the cohesion prediction task. It can be observed from the distribution curve of
the fitted errors and the 95% confidence interval that the prediction accuracy of the ViT is
higher than that of the other two backbone networks, with a 95% confidence interval of
(—3.45, 3.47); this is significantly narrower than the confidence intervals of Resnet and VGG,
which are (—5.72, 4.69) and (—5.24, 6.77), respectively. The prediction results of the friction
angle, as shown in Figure 7, indicate that the predictive accuracy of the ViT is slightly better
than that of Resnet and significantly higher than that of VGG.
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Figure 6. Error statistics for cohesion prediction tasks with different backbone networks.
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Figure 7. Error statistics for friction angle prediction tasks with different backbone networks.

In total, 50 samples were randomly selected for testing, and the proposed method
was used for prediction. Resnet and VGG were used as control groups. The test results, as
shown in Figures 8 and 9, indicate that the results predicted by the proposed ViT are highly
consistent with the ground truth. Compared to Resnet and VGG, the error was significantly
reduced. Using the Spearman correlation coefficient to assess the correlation between
the ViT and the ground truth, the results show that the correlation between the ViT’s
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Cohesion

predictions reached 0.93 and 0.94 in both prediction tasks; this indicates that the reliability
of the proposed method is strong. By analyzing the normalized covariance matrix of the
two prediction targets, we can observe that the proposed ViT achieves a correlation of 0.99
with the ground truth, surpassing the reliability of the other two methods. The results are
shown in Figure 10. Therefore, this method demonstrates significant applicative potential

in predicting the mechanical properties of soil.
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5. Conclusions

In order to predict the shear strength of transparent soil based on images, a VIRM
image regression prediction model is proposed in this paper. This model mainly comprises
a CNN image preprocessing module, a ViT module, and a regression module. To address
the issue of unclear feature boundaries in transparent-soil images and the characteristics
of their global distribution, a combination of CNN and ViT is proposed; this overcomes
the limitations of traditional ViT models, which rely on the input of segmented soil blocks.
A regression module is also proposed to facilitate the transfer of information between
transparent-soil feature extraction and shear-strength prediction processes.

To demonstrate the effectiveness of the proposed method, transparent-soil samples
with different parameters were obtained by controlling the particle size of fused quartz
sand and the content of fumed silica. The shear strength and cohesion of transparent
cemented soil with different proportions were measured via direct-shear tests. Laser spot
acquisition was performed on the soil samples under controlled conditions, resulting in
the creation of two transparent-soil datasets. Via the performance of tests, the following
conclusions were drawn:

(1) To demonstrate the effectiveness of the proposed feature extraction module, the
module was replaced with classical Resnet and VGG models for comparison. The
results showed that in both datasets, the feature extraction module based on CNN
+ ViT was more suitable for predicting the shear strength of transparent soil. The
shear-strength prediction method based on this module achieved a smaller error
distribution and higher prediction accuracy.

(2) Fifty samples were randomly selected for prediction, and the correlation coefficients
between the predicted values and the true values were calculated. The results showed
that the proposed method achieved correlation coefficients of 0.93 and 0.94 in the two
datasets, indicating a high level of reliability.
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