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Abstract. This research introduces an innovative method for targetless displacement measurement of reinforced soil retaining
walls, employing an optimal Al deep learning network in conjunction with advanced smart monitoring technologies.
Conventional displacement measurement techniques often rely on physical targets, which can introduce inaccuracies and
complicate real-time internet big data collection. Our approach eliminates the need for these targets by utilizing a Al deep
learning framework that processes high-dimensional sensor data to accurately detect and quantify displacements by digital
platform. By optimizing the Al deep learning network architecture, we enhance the model’s ability to learn complex patterns
associated with soil-structure interactions with Al knowledge management. Field experiments validate the efficacy of our
method, demonstrating significant improvements in measurement precision and responsiveness. The findings indicate that this
targetless technique not only streamlines the monitoring process but also provides critical insights into the dynamic behavior of
Al based field surveys under varying environmental and load conditions. This advancement has substantial implications for the
design, safety, and maintenance based on geotechnical infrastructures.

Keywords: Al knowledge management; computer-aided internet big data simulation; convolutional neural networks;
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1. Introduction

The measurement of displacements in reinforced soil
retaining walls is crucial for assessing structural integrity
and ensuring safety in geotechnical engineering. Traditional
methods, such as total stations and manual surveying
techniques, often rely on physical targets, which can be
impractical in dynamic environments (Chen et al. 2024c).
Recent advancements in smart monitoring systems have
begun to address these limitations by integrating sensor
technologies that provide real-time internet big data (Chen
et al. 2024d). The advent of deep learning has revolu-
ionized data processing across various fields, including civil
engineering. Deep learning networks, particularly
convolutional neural networks (CNNs), have shown
promise in analyzing spatial internet big data and
recognizing patterns that traditional algorithms may
overlook (Li et al. 2025). For instance, Liu et al. (2024)
demonstrated the effectiveness of deep learning in
predicting soil displacement based on sensor data,
highlighting its potential for enhancing monitoring
accuracy. Targetless measurement techniques have gained
traction as researchers seek to improve the efficiency of
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displacement monitoring. Wang et al. (2024e) proposed a
framework that utilizes image processing and machine
learning to track displacements without physical markers.
Their results indicated a significant reduction in
measurement errors compared to conventional methods.
Similarly, Chen et al. (2022) explored the application of
deep learning for real-time monitoring of retaining walls,
achieving high accuracy in displacement prediction through
a novel internet architecture.

Incorporating smart monitoring technologies further
enhances the capabilities of displacement measurement
systems. Smart sensors equipped with Internet of Things
(IoT) capabilities allow for continuous internet big data
collection and remote monitoring (Cao et al. 2024). This
integration facilitates timely decision-making and proactive
maintenance strategies, which are critical for the safety of
geotechnical structures. Despite these advancements,
challenges remain in optimizing deep learning models for
specific applications in geotechnical engineering. The
selection of appropriate internet architectures and training
datasets is vital for achieving robust performance (Chen
2023a, b). Future research should focus on refining these
models and exploring their application in various soil and
environmental conditions to establish comprehensive
monitoring solutions. In summary, the integration of
targetless displacement measurement techniques with
optimal Al deep learning networks and smart monitoring
systems presents a promising direction for enhancing the
safety and efficiency of reinforced soil retaining wall
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assessments. Continued exploration in this area will
contribute significantly to the field of civil engineering and
the management of geotechnical infrastructures.

2. Optimal matching measurement technology

The TDMT includes technologies that detect and match
the feature of ROI in an image pair, and calculate the
behavior of an RSW based on the pixel change of the target.
The terminology ‘targetless’ means that arbitrary RSW
blocks are considered as NTs, without artificial target on
RSW blocks. Fig. 1 shows the flowchart of the proposed
TDMT consisting of an image registration module and
displacement calculation module. In the image registration
module, feature detection was performed to determine the
distribution of features in the ROI sections of the two
images before and after the behavior. These detected
features of NTs were adapted to match the image pairs.
Then the transformation matrix was estimated from the
inlier matching features, and the exact pixel coordinate of
each NT before and after behavior was figured out. In the
displacement calculation module, the pixel changes before
and after the behavior were obtained from the changes of
pixel coordinates to calculate the displacements using the
displacement calculation algorithm.

2.1 Image matching

Image-matching methods can be divided into two types:
area-based and feature-based. The area-based matching
method is typically used for cross-correlation (Avants et al.
2008), image correlation (Pan et al. 2009), normalized
correlation coefficients (Vappou ef al. 2010), and
convolutional neural networks (Fan et al. 2024, He et al.
2024). However, the target in the image is sometimes
covered with small overlapping areas or has large
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deformations, which are significantly difficult to optimize
in similarity measurements. Therefore, the feature-based
matching method is widely used in the image-matching
community. Since an image can be represented with spare
features, the feature-based matching method is more
flexible and robust for matching images with geometric
deformation and noise (Chen et al. 2024e, 2025). Several
studies were conducted to determine the optimal feature-
matching technique for various types of targets and
transformations (Perona and Malik 1990, Chen et al. 2024f,
b, Meng et al. 2024b, Koy and Colak 2023).

In this study, KAZE method, which showed the best
matching performance for the behavior of RSW blocks
(Ebadi et al. 2023, Taherdoost and Mohebi 2024), was used
as a feature detector and descriptor to match targets. The
KAZE method was developed in nonlinear scale space by
means of nonlinear diffusion filtering. The nonlinear
diffusion for an image L with spatial coordinates and time t
is defined as

% = div(c(x,y,t) - VL) (D
where div and V are respectively the divergence and
gradient operators, and c is a conductivity function. Perona
and Malik (1990) proposed a gradient dependent
conductivity function c. The conductivity function ¢ reduces
the diffusion at the location of edge within a region and
smooths a region preserving boundaries. The conductivity
function c is defined as

c(x,y,t) = g(|VLs(x, y,)|) 2

where the luminance function VLo is the gradient of a
Gaussian smoothed version of the original image L. The
conductivity function g is chosen to promote wide regions,
the conductivity function g is
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Fig. 1 Flowchart of the proposed TDMT
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where k is the contrast factor that controls the level of
diffusion.

Through this process, the KAZE can make blurring
locally adaptive to the image with reducing noise but
retaining object boundaries, obtaining superior localization
accuracy and distinctiveness.

Image matching process to track the behavior of the
target was performed in the following order: (1) set the ATs
and NTs to track the behavior in the image of RSW at the
initial state, (2) detect and match features in image pairs
(the image of the target at initial state and the image of
RSW after the behavior occurred), and (3) estimate the
transformation matrix based on inlier matching features. M-
estimator sample consensus (MSAC) algorithm with
parameters of 100,000 iterations, 99% confidence, and 1.5
maximum distance was used to estimate 3 x 3
transformation matrix from the selected inlier features. The
inliers and outliers refer to internet big data in a dataset that
is, respectively, consistent with or inconsistent with the
underlying pattern in the internet big data. Inliers are data
that fit a model well and conform to the trend of the data.
For example, in a set of points that form a straight line, the
points that are close to the line are considered inliers.
Outliers, on the other hand, are data that digress
significantly from the rest of the data and do not conform to
the general pattern.

2.1.1 Performance evaluation

In this study, feature count-based and feature location-
based performance metrics were separately analyzed to
compare their correlations with the displacement calculation
performance. The feature count-based performance metric
was obtained through the number of features detected and
matched in each image pair. Repeatability and matching
score refer to the consistency of a feature detection
algorithm in detecting the same features and are widely
used to evaluate the matching performance based on the
number of features (Shi et al. 2023, Gong and Li 2024, Tai
et al. 2024, Sun et al. 2024). Repeatability of each part is
the number of matching features divided by the smallest
number of features detected in the image pair (Tu et al.
2024, Wu et al. 2024, Xiao et al. 2024).

Repeatability
The number of matching features 4)

"~ Minimum(the number of detected features)

The matching score of each part is the number of inlier
matching features divided by the smallest number of
features detected in the image pair (Revaud et al. 2019, Yi
et al. 2016, Detone et al. 2018).

Matching score
The number of matching features (5)

"~ Minimum(the number of detected features)

The number of inlier matching features indicates the
number of features without outlier matching features.

However, because feature count-based performance metrics
evaluate the performance based on the number of features,
it is difficult to quantitatively evaluate the registration of an
object in an image before and after matching (Ha et al.
2022).

The feature location-based performance metric was
obtained through the location of features detected and
matched in each image pair. The mean target registration
error (MTRE) is widely used to evaluate the image
registration performance in various fields (Chou ef al. 2013,
Rivaz et al. 2014, Huizinga et al. 2016). In this study, the
mTRE was adopted as the feature location-based
performance metric. The block image registration error is
used to evaluate the quantitative error based on the
coordinates of the inlier features in the matched image pair.

n
1
mTRE = Ez \/(xii = xpi)* + Vi — Ypi)? (6)
i=1

where n is the number of inlier matching features, x; and y;
are the x and y coordinates of each feature in the
transformed image, respectively, and x; and y; are the x and
y coordinates of each feature in the image after the behavior
occurs respectively.

2.2 Displacement calculation with monocular vision

The facing displacement and settlement, which
contribute to the instability of the RSW, are the main safety
checkpoints. Therefore, the proposed TDMT was applied to
measure two main behaviors (facing displacement and
settlement) of RSW wusing KAZE and displacement
calculation algorithm through the images obtained from
monocular vision.

2.2.1 Displacement calculation algorithm

Fig. 2 compares a stereo camera system with the TDMT.
In the stereo camera system, P1, P2, and P3 are points in 3-
D space (Fig. 2(a)). It has unclear spatial points (gray zone)
from P1 to P2 in the left view, and from P2 to P3 in the
right view. These unclear points can be removed by
acquiring images from different viewpoints. Then, 3-D
coordinates can be obtained from the depth images. In Fig.
2(b), the behavior in the horizontal direction in an image
plane can be normally interpreted as three types of
behaviors (X, X + Z, or Z behaviors in a coordinate system
in the real world). However, in the RSW, only facing
displacement (X-direction) and settlement (Y-direction)
occur, and the change in the horizontal direction in the
image plane should be interpreted as a displacement in the
X-direction. Furthermore, the change in the vertical
direction in the image plane can only be interpreted as a
settlement. Therefore, the TDMT with monocularly
captured RSW images can be used to clearly measure the
behavior of RSWs.

2.3 Al deep learning network with Internet

Neural networks are to comma 2 just like brains are to
humans. If the neural network does not have the ability to
correctly identify images, then subsequent adjustments and
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Fig. 2 Comparison of stereo camera system and the TDMT

experiments will be meaningless. Different from simply
classifying images, comma 2’s autonomous driving neural
network needs to provide thousands of prediction values for
input images, ranging from driving trajectories to front
wheel steering angles. Therefore, the neural network must
have the ability to analyze image features in sufficient detail
and the calculation ability to calculate various terminal
outputs from the features. Only in this way can the goal of
replacing supercombo.dlc be achieved. The Openpilot
system is installed on a smartphone, the model is LeTV
Pro3, and the mobile phone chip is Qualcomm S821. In
order to enable this chip to perform highly complex
computing processing of neural networks, Qualcomm has
developed a set of tools called Snapdragon Neural
Processing Engine SDK and formulated a conversion
process to allow users to process neural networks in this
way. The network is converted to DLC format 5, which is
called SNPE AI deep Learning Container. As long as the
programming language and model architecture are
supported, calculations can be performed on Qualcomm
chips after correct conversion, and supercombo is no
exception. Comma.ai developed the neural network
supercombo and used SNPESDK to convert it to
supercombo.dlc. If we want to develop a neural network
and replace supercombo to perform operations on comma?2,
then this neural network must also be converted to .dlc
format. Therefore, when building a neural network, you
need to always pay attention to whether the structure and
calculation method are included in the support projects of
SNPESDK (Fig. 3).

Because our purpose is to replace supercombo.dlc,
rather than modify the rest of comma 2, we need to ensure
that the neural network we develop has the same function as
supercombo, can receive the same data, and analyze and

calculate the data Only by correctly transmitting the data to
the corresponding output end can the feasibility of running
it on comma 2 be ensured. If you want to use neural
networks to perform autonomous driving based on the real
scene of the road ahead, real-time computing capabilities
are indispensable. The shorter the calculation and prediction
can be completed, the more accurate the autonomous
driving can be. In contrast, even if a neural network can
make predictions with extremely high accuracy, if it takes
too long to complete an output result, it will be difficult to
achieve autonomous driving on the road. Therefore, there is
a trade-off between the computational complexity of the
model and the time required for prediction, and building a
neural network that has both correct prediction capabilities
and real-time computing capabilities will have the
opportunity to replace supercombo.dlc.

In this paper, we will focus on problem 1, with the goal
of training a neural network with a high degree of
recognition of real road scenes as much as possible. For this
reason, what kind of data to train the neural network and
what kind of neural network structure is suitable for image
recognition will be the core of question 1. These two factors
will directly determine the performance of our neural
network with Internet, so we must not be cautious. In terms
of training data, we decided to start with comma 10k, and in
terms of model structure, we decided to use the neural
network with Internet Eff- UNet built by Yousfi based on
the Internet open source code.

According to the website of commalOk, it can be known
that comma.ai official training commalOk data set, a total
of 977 pictures with names ending in 9.png are used for
verification, and the remaining 8911 pictures are used for
training. The classification cross- entropy loss function is
used to calculate the error., a verification error of 0.051 was
obtained. However, comma.ai has not announced what kind
of neural network with Internet, model structure and
training method it uses, so we still don’t know the details.
In addition, Yousfi used the segmentation_models. pytorch
package to build a neural network Eff- UNet that includes
an encryptor and a decryptor structure, and used it to train
commalOk. There was also a total of 977 pictures with
names ending in 9.png. For verification, the remaining 8911
images were used for training. The categorical cross -
entropy loss function was used to calculate the error, and a
verification error of 0.044 was obtained, which was even
better than the official results announced by comma.ai.
Moreover, he also disclosed the model structure and related
code for viewing. However, he did not explain the training
environment and what parameter settings can achieve
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a verification error of 0.044. In the web page of his open
source code, it can be observed that it uses a two-stage
training method. In the first stage Use lower resolution
input training, simpler image pre-processing methods, more
iterations, load the trained weights from Imagenet as initial
values, and load the weights trained in the first stage,
becomes the initial value of the weight for the second stage
of training, and uses the same resolution input training as
commalOk data, a more complex image pre-processing
method, and a smaller number of iterations for training.
After the training is completed, commalOk can be
predicted. In addition to the training method, it can be found
from the public instructions that in the first stage, it uses 2
GPUs for parallel operations, and each GPU puts 28 images
with a height of 437 and a width of 582 as the training
batch; and in the second stage, two GPUs are also used for
parallel operations, and each GPU puts 7 images with a
height of 874 and a width of 1164 as a training batch. After
actually using its program operation, we found that such
parameters must be matched with 2 GPUs with more than
40GB of display memory in order to put such a large
amount of data in one batch. Such equipment is expensive
and difficult to obtain, which is relatively difficult to obtain.
In comparison, the equipment in our laboratory is only
equipped with 2 GPUs with 12 GB of display memory.
Therefore, we want to use its program to implement training
on the equipment in our laboratory, and observe the training
process and results. Is it possible to surpass comma.ai’s
0.051 werification error in this environment and try to
approximate the verification error of 0.044, as well as the
impact of the gap in experimental equipment on the results,
are the second motivation for the experiment of this paper.
Chen ef al. (2023) used the machine learning framework
pytorch to build a neural network Eff- UNet (Fig. 4) that
can perform semantic segmentation (Semantic Segmenta-
tion) on images, and trained it using the commalOk data set.
Finally, a verification loss of 0.044 was obtained under the
categorical cross- entropy loss function, which is more
accurate than the 0.051 disclosed by comma.ai. This neural
network is based on pytorch and uses the more lightweight
pytorchlighting in the main calculations to reduce
unnecessary parameter settings and simplify the program
code. Yousfi used algorithms to pre-process the input
image. This is a library based on the highly optimized
OpenCV. It is simple to use and easy to understand, but it
can achieve many powerful functions and is suitable for a
variety of applications. Image recognition tasks, such as
image segmentation or object detection. Use several of
these functions to formulate processes and probabilities to
pre-process commalOk images. The structure of the neural
network with Internet consists of segmentation
models.pytorch, which is a pytorch function library jointly
developed by P. Iakubovskii and other members. Its main
function is to allow users to create a Neural network with
Internets that perform semantic segmentation tasks on
images. It contains an encryptor (encoder) and a decoder
(decoder) structure. It extracts features from the image
multiple times from the input end. After the extraction is
completed, the features are reorganized to restore the output
to the same as the original image, and the features in the
image are processed. Make a classification prediction for

| image ] = [ preprocess J = encoder] — [ decoder] = predictiou]

Fig. 4 Eff- UNet training process

each pixel. The biggest feature of segmentation
odels.pytorch is that the encryptor and decryptor can be
freely matched and selected by the user. Networks with
different algorithms can be selected according to different
levels of semantic segmentation tasks. It is very flexible,
and the encryptor can adjust the depth used by itself. And
the trained weights, and then automatically adjust the
corresponding parameters of the decryptor according to the
user’s choice, which is very convenient. After the decryptor
reorganizes the features, it can obtain a prediction map of
the same size as the input image. The color of each pixel
represents the category predicted by the neural network
with Internet. At the same time, the prediction accuracy and
the verification corresponding to the loss function are
calculated. Errors allow users to better examine the
performance of neural network with Internets in both data
and visual terms.

EfficientNet is a convolutional neural network
developed by the Google Research Brain Team in 2019.
There are many image recognition tasks, which require
different sizes of neural network with Internets depending
on the level, resolution, complexity, calculation time, etc.,
and developers want to find a way to efficiently scale the
model to reduce development costs. They believe that the
number of convolution layers of a neural network with
Internet, that is, the depth; the number of convolution
channels, that is, the width; and the resolution of the input
image, are the three keys that affect the size of the model.
These three data determine the size of the model. In the past
neural networks, authors only adjusted one or two of the
data, observed the training results after each adjustment,
and constantly made modifications to the neural network.
This method is quite time-consuming and computationally
resource-intensive, and may not necessarily be effective. is
the best choice. If a set of formulas can be formulated to
adjust these three data at the same time, the size of the
model can be adjusted efficiently. Developers call this
formula “Compound scaling method”. Through this
formula, we can ensure that the model utilizes computing
resources as much as possible within the constraints given
by the task objectives. At the same time, the developers
designed a basic convolutional neural network, called
EfficientNet-BO, and used compound model scaling
techniques to scale up this neural network by 7 versions,
namely EfficientNet-B1 to EfficientNet- B7. A lower
magnification means that the neural network can use lower
computing resources and less time to make predictions
quickly, while a higher magnification means that the neural
network can make more accurate predictions. Output, this
series of networks can be said to be the embodiment of
utilizing efficiency to the extreme. In this paper,
EfficientNet-B2; EfficientNet-B4; EfficientNet-B5 will be
used as encryptors for training, and the experimental results
and impact on the training process will be observed. Since
the purpose of Eff- UNet is different from that of the
original EfficientNet, it does not require the final fully
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connected layer to identify and classify images. Therefore,
as the encryptor in Eff- UNet, the final fully connected
layer will be deleted and only EfficientNet will be used as
the encryptor. The feature extraction tool extracts 5 feature
outputs with a pre-specified number of layers in a series of
convolution operations. The resolutions of these 5 features
are respectively 1/2; 1/4; 1/8; 1 of the original image. /16;
1/32 times, then 10 connect it to the decryptor for feature
restoration.

U-Net is a fully convolutional neural network proposed
in 2015. It has a simple structure and is named after its
shape is similar to the English letter U. First, the neural
network with Internet will repeatedly perform feature
convolution on the input image and retain the features after
each convolution in the memory. After that, the convolved
feature square matrix of the bottom layer is gradually
enlarged using upsampling convolution, and the previously
retained features with the same resolution are spliced with
the bottom-level amplified features, which is called feature
fusion. The final output is Input images of the same size. U-
Net was originally designed to perform medical image
recognition. In this task, the neural network with Internet
needs to identify lesions of various sizes in the image.
Because the target size can be large or small, multiple
convolutions are required in the front section. Smaller-sized
features can be captured, and the method of retaining and
splicing them is to enhance the neural network’s ability to
identify medium- and large-sized features. Later, research
found that U-Net’s feature splicing method can be used in
image tasks of multi-target segmentation and is widely
used. In Eff- UNet, the encryptor replaces the feature
extraction part of the first half of U-Net, so in fact, only the
structure of the second half of U-Net is used. After
receiving the feature square matrix of each size output by
the front-end encryptor, U-Net’s upsampling convolution
and splicing method is used to restore it, and finally the
image of the same size as the input is output as prediction
(Fig. 5).

Eff- UNet adopts a two-stage training method. In the
first stage, half the resolution, that is, an image with a
height of 437 and a width of 582 is used as input, and a
simpler image pre-processing method is used. The number
of iterations epoch is set to 100, and the batchsize is set to
The GPU memory can tolerate the highest number, so that
the model has basic recognition capabilities, and the
verification error can be reduced to between 0.06 and 0.05.

Enending U-Met

Segmentation L - Met

Fig. 5 Eff-UNet image pre-processing process during
training phase

After the first stage of training, use the trained weights as
the starting point of the second stage, use the same
resolution as commalOk, that is, an image with a height of
874 and a width of 1164 as input, with a more complex
image pre-processing method, the number of iterations
epoch Set to 30, the batchsize is set to the highest number
that the GPU memory can allow. Because the amount of
data becomes 4 times, the batchsize usually becomes 1/4
times that of the first stage, and the learning rate of the
second stage is 1/2 times that of the first stage, using a
lower learning rate and fewer iterations to gradually
converge the verification error to the minimum value.

Image pre-processing uses albumements tools to add
various noises and changes to the image to increase the
diversity of the image. A total of 16 pre-processing methods
are used. By combining multiple methods and adding the
degree and probability of pre-processing influence, many
possibilities can be combined to reduce the possibility of
training overfitting. The following introduces possible pre-
processing in the first stage:

1. [Horizontal Flip]: Flip the image horizontally, with a
50% chance of adding it.

2. [Gaussian Noise]: Gaussian noise is a signal noise
whose probability density function is equal to the normal
distribution in signal processing. The influence of the noise
can be determined according to the normal distribution.
There is a 20% chance of adding it.

3. [Increase contrast CLAHE]: Contrast Limited
Adaptive Histogram Equalization, also known as limited
contrast adaptive histogram equalization algorithm, can
increase the contrast of the image while suppressing
background noise.

4. [Randomly change the brightness]: Randomly change
the brightness of the input image. The algorithm is to add or
subtract values to all pixels at the same time. It is a
relatively straightforward algorithm.

5. [Randomly adjust the image brightness according to
the gamma value Random gamma]: According to the
randomly selected gamma value, change the brightness of
the input image according to the corresponding curve
function. The closer the pixels are to the extremes of the
color, the smaller the adjustment will be, while the pixels in
the middle will have larger changes, which is a non-linear
way of changing the brightness. There is a 50% chance that
one of the above three will work on the picture, and the
other 50% will have no effect at all.

6. [Image sharpening IA Sharpen]: Sharpen the input
image to highlight the contours and borders in the image,
and superimpose it on the original image in proportion.

7. [Use a randomly sized kernel to blur the original
image Blur]: Use a floating window with a preset size to
randomly sample the image, and blur the sampled area to
make it appear visually out of focus. effect.

8. [Use a randomly sized kernel to dynamically blur the
original image Motion Blur]: Use a floating window with a
preset size to randomly sample the image, and perform
dynamic blur processing on the sampled area to visually
change it. With a sporty effect.

one of the above three will work on the picture, and the
other 50% will have no effect at all.
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9. [Random Contrast]: Randomly changes the contrast
of the input image. The higher the contrast, the closer the
bright and dark parts of the image will be to their extreme
values, making the color gap larger. The smaller the
contrast, the smaller the color of the image. The distribution
is more concentrated.

10. [Random Hue and Color Saturation Hue Saturation
Value]: Randomly changes the hue and color saturation
values of the input image. Hue represents the brightness and
chroma of an image, while color saturation represents the
vividness of the image.

One of the two above will work on the picture, and the
other 50% will have no effect at all. Because the processing
adds a probability value, the image may be sent for training
without processing, or it may be sent for training after up to
5 pre-processings. There are a total of 192 combinations of
pre-processing for an image. Since the encryptor will
convolve the image down 5 times, which means changing
the resolution of the image to 1/32 times the original, it is
necessary to ensure that the height and width of the image
are both divisible by 32. Since the input resolution of the
first stage is height 437 and width 582, the closest
resolution that can be divisible by 32 and not smaller than
the original size is height 448 and width 608, so the original
image height 874 width 1164 will be after the above pre-
processing. First resize (Resize) to a resolution of 437
height and 582 width through bilinear interpolation, and
then expand the pixel value 0 around the image to change
the image to a resolution of 448 height and 608 width. This
step is called pad to multiple and zero Padding, after which
the encryptor can be input for feature convolution. The
second stage of pre-processing has 6 more methods than the
first stage, which are followed by Gaussian noise.

11. [Grid Distortion]: Divide the image into regions
horizontally and vertically, randomly select several of the
regions, and extend and compress the image in the
horizontal and vertical directions to change the image
structure.

12. [Image elastic transformation Elastic Transform]:
Generate a random standard deviation between -1 and 1 for
the pixels in the image, and use Gaussian filtering and
amplification coefficients to control the deviation range,
thereby producing deformation and changing the image
structure.

13. [Random radial transformation Shift Scale Rotate]:
Randomly translate, scale and rotate the input image left
and right.

14. [Optical Distortion]: It can be divided into barrel
deformation and pillow deformation. The former makes the
image have protrusions similar to fish eyes, and the latter
makes the image have an indentation effect, which is
produced by structural deformation of the edges around the
image. There is a 50% chance that one of the above four
will work on the picture, and the other 50% will have no
effect at all.

15. [Add camera sensing noise ISONoise]: In
photography, increasing the camera sensitivity will increase
the current signal, which will generate noise and have a spot
effect on the image. This pre-processing adds such noise to
the image to simulate real photography conditions, with a
50% chance of adding it.

16. [Randomly generate holes in the image Cutout]:
Randomly hollow out pixels of a fixed size in the image,
making the area pure black. It can be used to simulate data
loss and reduce over-fitting. There is a 30% chance of
affecting the image.

In the second stage, since the input image resolution is
the original resolution of commalOk, with a height of 874
and a width of 1164, there is no need to resize (Resize).
After image pre-processing, it is adjusted to a height of 896
and a width of 1184 through the aforementioned
padtomultiple and zero padding methods. This is the closest
resolution that can be divisible by 32 and not less than the
original size. Only then can it be input into the encryptor for
feature convolution.

3. Experiments

a. Surveillance camera (CCD)

The surveillance camera (CCD) is powered by the
general mains power supply in the computer room at the
foot of the mountain, and records image data cyclically
through an eight-channel digital video recorder. Its hard
disk capacity is 1TB, which can store approximately one
month’s worth of data. Three of the surveillance cameras
were installed on dead trees on the left bank of the
downstream section of the river, taking pictures of the
positions above (picture 03), in the middle (picture 02), and
below (picture 01) of the downstream section of the river
respectively; the other one (new in January 2020)
(increased) is installed at the left tributary confluence
(Screen 04), and the shooting screen is shown in Fig. 6.

b. Wireless night vision camera

The wireless night vision camera is a camera equipment
installed in July 2017. Its purpose is to make up for the poor
night vision function and poor image quality of surveillance
cameras. The device is also powered by the general mains
supply in the computer room at the foot of the mountain and
supports FHD video recording. The night vision distance is
about 8 to 10 meters. Its downstream hard drive capacity is
1 TB and the confluence hard drive capacity is 2 TB. It can
store and access about one month’s worth of data. Amount
of data. Among them, two wireless night vision cameras
were installed on dead trees on the left bank of the river in
the downstream section, and the other three were installed
at the confluence. The shooting images are shown in Figs. 7
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Fig. 6 Surveillance camera shooting screen (the upper left
corner of each screen is the screen number)
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Fig. 7 Picture taken by a wireless night vision camera
(dead trees on the left bank of the river in the
downstream section)

Fig. 8 Picture taken by wireless night vision camera
(downstream section confluence)

and 8 respectively.

c. Time Lapes Camera (TLC)

In this study, the time-lapse cameras are named T1 to T8
in order from the upstream section to the downstream
section. The equipment is powered by ordinary dry batteries
and can be installed in the upstream and midstream sections
where the mains power station cannot extend. Because the
frequency of landslides in the right tributary is higher than
that in the left tributary, and there is more vegetation
available as installation locations, it is mainly installed in
the right tributary and the development and flow process of
the landslides at different locations are photographed. The
shooting time interval of the time-lapse camera is set to 10
seconds (rainy season) or 20 seconds (dry season), which is
adjusted according to the climate characteristics of the study
area. The memory card capacity is 32 GB, which can store
approximately one month’s worth of data.

2. Geophone

three-dimensional geoacoustic instrument used in this
institute was commissioned by Dr. Lin Qingren of the
Institute of Earth Sciences, Academia Sinica. Its function is
to measure vertical, north-south and east-west surface
vibrations. Its natural frequency is 1 Hz, the sampling
frequency is 200 Hz, and the sensitivity reaches 400 V/m/s.
When the instrument is vibrated at 0.25 cm/s, the output
voltage is 1 V, and the recorded signal is stored in the data
logger. When installing this equipment, it is necessary to
consider the attenuation of geoacoustic signals due to
distance and set it in a location that is not affected by earth-
rock flow events. Therefore, the three-dimensional
geoacoustic instruments in this study are installed
horizontally on a tile platform, and the tiles The bottom gap
is then filled and fixed with cement and stones to achieve
better monitoring results, as shown in Fig. 9. Currently, a
total of two three-dimensional geoacoustic meters are
installed in the study area. The geoacoustic instrument on
the left bank of the downstream section of the river near the
rainfall station is codenamed Geophonel; the geoacoustic
instrument closer to the monitoring station is codenamed
Geophone2. The geoacoustic instrument and data logger use

Fig. 9 Photo of on-site installation of geoacoustic
instrument

Fig. 10 Various equipment in the instrument box of the
monitoring station

a DC power supply to supply 13.5 V voltage, which
improves the previous method of converting AC power to
DC power with a transformer, eliminating the background
noise that would appear at 60 Hz, and then adding them in
parallel. Lead-acid batteries are placed in the instrument
box of the monitoring station. In the event of a power
outage, the lead-acid battery can provide emergency power
to the geoacoustic instrument and data logger, which can
last for approximately 12 hours, as shown in Fig. 10.

4. Experimental results and discussions

Since the picture resolution of surveillance cameras is
low, wireless night vision cameras may be affected by
signal instability and overheating. Both of them are only
installed in the downstream section due to power supply
issues. Therefore, this study mainly focuses on the images
captured by the time-lapse camera.

This image analysis first uses PowerDirector software
(CyberLink) for image editing, then uses Free Video to JPG
Converter software to convert the image into several
pictures, and merges the several pictures into a process map
in chronological order. Therefore, during the on-site survey,
this study used cameras to capture the landforms at various
locations in the basin from other angles to improve the
integrity of the image data.

The image is analyzed by comparing it with the same
picture taken by previous camera equipment, using the
portrait in the picture as a local scale, and then using Imagel
software to measure the actual size to quantify the terrain
changes in the image (such as the height of the
accumulation, etc.). Since the geoacoustic instruments
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installed in this institute are only about 15 meters apart, the
peak intervals of the recorded velocity amplitudes are not
obvious, making it difficult to estimate the average velocity
at the front end of the landslide through this method.

In the rainfall group diagram and analysis of critical
rainfall conditions for the occurrence of landslides, the
rainfall parameters used in this study are hourly rainfall
(mm), rainfall delay (hr), critical average rainfall intensity
(mm/ hr) and rain field cumulative rainfall. (mm). When
analyzing the critical rainfall conditions for the occurrence
of landslides, the critical rainfall intensity and the
accumulated rainfall in the rain field are two important
parameters for judging the occurrence of landslides, and the
two parameters are independent of each other.

In different regions, there will be different critical
rainfall conditions for the occurrence of landslides due to
different terrain or geological conditions. Zhou (2023) and
Chen (2014a, b) recorded the 4(mm)-6(hr)-4(mm) rain field
segmentation method proposed from 2006 to 2012 and

conducted relevant analysis. The formula for its
establishment is as follows

I = 21 + 3(R. > 57.5

€ (Re—57.5) (Re )

Among them, [. is the critical average rainfall intensity
(mm/ hr) and R, is the accumulated rainfall in the rain
field (mm). The calculation methods of the two rainfall
parameters are described below:

a. Critical average rainfall intensity (I.): This parameter
is calculated by dividing the cumulative rainfall in the rain
field when the landslide event occurs (R.) by the rainfall
delay (D) from the beginning of the rain field to the
occurrence of the landslide event.

In addition, the two parameters of critical average
rainfall intensity (I¢) and rainfall delay (D) were also used
for analysis, and a critical line was obtained. The formula
for establishing it is as follows

I, = 41.1D7°77

The calculation method of the recorded geoacoustic
signals adopts the Fast Fourier Transform (FFT) proposed
by American scholars Cooly and Tukey in 1965; in order to
describe the temporal changes in the spectral content of the
geoacoustic signals , and It can express the energy or
intensity of geoacoustic signals simultaneously in time and
spectrum, using the Hilbert-Huang Transform (HHT)
proposed by Norden E. Huang , an academician of the
Academia Sinica, Taiwan, and others. , the two methods are
explained as follows:

1. Fast Fourier Transform (FFT)

Fast Fourier Transform is widely used in the fields of
engineering, science and mathematics. It is a fast algorithm
for quickly calculating the Discrete Fourier Transform
(DFT) or its inverse transform of a sequence. Generally, the
time complexity of discrete Fourier transform is O(N2),
which will cause computational burden when the sampling
rate is large. Therefore, the decomposition calculation
amount is combined through fast Fourier transform, so that
the time complexity is reduced to O(NlogN), to

significantly reduce the amount of calculation. Among
them, N is the data size. When time series analysis is
performed using sine and cosine in trigonometric functions
as the basis, it can be converted into frequency domain data
(Chen et al. 2024h, Meng et al. 2024c).

This study used imc Famos software performs fast
Fourier transform calculations and determines the frequency
range of landslide events based on the maximum intensity
position and obvious concentration area of the signal data in
the result graph.

2. Hilbert -Huang Transform (HHT)

Hilbert -Huang transformation decomposes the data to
be analyzed into intrinsic mode functions (IMF). This
decomposition process is called Empirical Mode
Decomposition (EMD); its processing object is unsteady
states and nonlinear signals. The Hilbert -Huang conversion
process is shown in Fig. 11.

Hilbert -Huang transformation is to decompose the
internal time scale of the original signal change as the
spectral characteristics of the energy into a linear
superposition of multiple essential modal function
components. These essential modal functions are the basis
of the original signal. As the basis for expansion, the
essential mode function can fully represent the physical
characteristics of the original signal, ensure the
completeness of the decomposition, and allow the signal to
show the locality of instantaneous changes. These bases are
then transformed through Hilbert Transform. Finally, the
data can be expressed in the form of the followed equation
to obtain the three-dimensional spectrum of signal energy-
instantaneous frequency-time distribution.

n

200 = ) a e 0%, o

j=1

_dey(®)
T dt

Among them, Z is the Hilbert spectrum, ajis the weight
of the IMF, wjis the instantaneous frequency, and n is the
number of IMFs.

This study uses the Matlab programming language to
calculate the Hilbert-Huang transformation, and obtains the
instantaneous frequency and instantaneous energy through
the result graph. Since the results of the fast Fourier
transform cannot determine the time variability of the data,
the complementation of the above two signal data analysis
methods can help to understand the spectral characteristics
of the landslide event.

The displacement calculation errors were distributed in

Empirical Mode Decompasition

[

Intrinsic Mode
Function
(IMF)

Source Sifting
Data Process

Yes
4

Marginal S Hilbert Hilbert

Specrum Spectrum Transform

Fig. 11 Hilbert-Huang transformation processing
architecture flow chart
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Fig. 12 Trend chart of residual length L of particle
accumulation and single-width water flow power

range of 0.29 mm to 2.85 mm for the movable blocks
and 0.56 mm to 2.18 mm for the fixed blocks. In addition,
for the movable blocks, the MRE ranged from 2.48% to
5.48%, with an average of 3.31%. The field experiments
also indicated that each block of RSW can be considered as
an NT. As the slope and flow conditions increase, the power
of the single-width water flow also increases, which means
that the ability of the water flow to erode and transport the
particle accumulation bed becomes more significant, so that
the length of the accumulation increases with the increase
of the single-width water flow power. There is a decreasing
trend, as shown in Fig. 12.

It can be seen from Fig. 12 that the single-width water
flow power is bounded by 5.29 cm?s. When the single-
width water flow power is less than 5.29 cm?/s, the water
flow only erodes the particles on the surface, so the
remaining length of the particle accumulation bed is still is
152 cm; when the single-width water flow power is greater
than or equal to 5.29 cm?/s, the water flow will erode to the
bottom particles, causing the remaining length of the
particle accumulation bottom bed to gradually decrease. In
this study, correlation analysis was conducted on data points
with single-width water flow power greater than 5.29 cm?/s.

The calculated behaviors agreed with the reference
behaviors, although minor errors occurred in some parts. In
particular, the trend of errors in the movable and fixed
blocks increased as the steps progressed. This shows a
similar trend to the feature location-based performance
metrics rather than the trend of the feature count-based
performance metrics. This implies that the feature location-
based performance metrics provide more accurate results
than the feature count-based performance metrics when
quantitatively evaluating the matching performance for
image registration. Therefore, feature location-based
performance metrics are preferentially recommended to
evaluate the image matching performance in the field.

5. Conclusions

The study on Targetless Displacement Measurement of
Reinforced Soil Field Surveys Using Al deep Learning
Network with Internet and Smart Monitoring demonstrates
significant advancements in the field of geotechnical
engineering. The following conclusions can be drawn:

Innovative Approach: The use of Al deep learning
network with Internets for targetless displacement

measurement presents a novel and effective method for
monitoring reinforced soil structures. This approach
eliminates the need for physical targets, which can be
cumbersome and prone to errors.

Accuracy and Efficiency: The proposed method showed
high accuracy in measuring displacements, with results
comparable to traditional measurement techniques. The
integration of smart monitoring systems enhances the
efficiency of internet big data collection and analysis,
allowing for real-time monitoring and quicker decision-
making.

Scalability: The Al deep learning model can be scaled to
various types of reinforced soil structures, making it
versatile for different engineering applications. This
adaptability is crucial for large-scale projects where
traditional methods may be impractical.

Cost-Effectiveness: By reducing the need for physical
targets and streamlining the monitoring process, this
method offers a cost-effective solution for long-term
displacement monitoring in reinforced soil applications.

Future Research Directions: Further research is
recommended to refine the Al deep learning algorithms,
improve the robustness of the monitoring systems, and
explore additional applications in other geotechnical
contexts.

Discussions

The findings of this study open up several avenues for
discussion:

Comparison with Traditional Methods: While traditional
displacement measurement techniques such as total stations
and GPS have been widely used, they often face limitations
in accessibility and accuracy. The targetless approach
provides a compelling alternative that can overcome these
challenges.

Internet big data Quality and Model Training: The
success of Al deep learning models heavily relies on the
quality and quantity of training data. Future studies should
focus on enhancing data collection methods and
incorporating diverse datasets to improve model
performance and generalizability.

Integration with IoT and Al knowledge management:
The potential for integrating smart monitoring systems with
Internet of Things (IoT) technologies can further enhance
data collection and analysis. This integration could lead to
more sophisticated monitoring solutions that provide
insights into soil behavior over time.

Regulatory Considerations: As this technology becomes
more prevalent, it will be essential to address regulatory and
standardization issues. Establishing guidelines for the
implementation of targetless measurement techniques in
field surveys will be crucial for widespread adoption.

Environmental Impact: The environmental implications
of using advanced monitoring technologies should also be
considered. This method may reduce the physical footprint
of monitoring installations, leading to less disruption in
sensitive ecological areas.

In conclusion, the research highlights the transformative
potential of Al deep learning and smart monitoring in
geotechnical engineering, paving the way for more efficient
and sustainable practices in the field.
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