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China’s terrain is complex, both plain, microhill (heavy-hill) and mountainous terrain; the hidden dangers of highway con-
struction are prominent. Construction site management, production safety management, and construction personnel man-
agement are difficult, and it is necessary to borrow advanced technology to establish information, and it is necessary to borrow
advanced technology to establish information system to realize the visualization of safety monitoring. In the construction of
highways, mountainous terrain is often complicated due to complex terrain, high mountains, and deep valleys. Excavation of the
mountain mass is required to form high and steep slopes. For successful projects, safety monitoring is particularly important.
Multisource data fusion is one of the computer application technologies. It is an information processing technology that is
automatically analyzed and synthesized under certain criteria to complete the required decision-making and evaluation tasks.+is
paper analyzes high-speed data in the context of multisource data fusion. Study on highway slope construction safety monitoring.
BP neural network fusion technology of multisource data fusion technology is used. A high-speed breccia-bearing silty clay slope
is taken as the research object. +e feedback information about the deployed monitoring system is fully used in the slope design
and construction. +e construction design parameters are reversed to predict the stability of the slope and ensure the safety of
construction and operation of similar slopes of the entire expressway.+e research in this paper finds that the maximum deviation
between the slope displacement value and the measured value obtained by the slope monitoring based on multisource data fusion
in this paper is 7.53%, which is less than 10%, which verifies the feasibility of the method in this paper. +e research methods and
ideas of this paper can also provide a reference for similar engineering research.

1. Introduction

At present, general highway construction project companies
and higher-level units cannot implement real-time, com-
prehensive, and image-based safety monitoring of con-
struction sites due to traffic and environmental reasons:
construction management efficiency is not high and man-
agers are struggling with high-load and high-intensity in-
spections on construction sites or unannounced inspections;
many safety management actions are ex post facto. Gen-
erally, it is not until a hidden safety hazard appears or a safety
accident occurs after some time that it is discovered. It may
even take some time for the safety problem to be effectively
corrected. +e existing methods are difficult to implement

real-time command on the construction site, which requires
the personnel of all parties to be concentrating on the site. It
lacks intuitive on-site video data, and it is difficult to su-
pervise the work of the supervision station, which will in-
evitably affect the analysis of the cause of the accident and
the division of responsibilities. Safety production manage-
ment is difficult and has also gradually increased. Under
some occasions, certain environments, and other major
dangerous sources, there is a dire need to use advanced
science and technology to establish real-time traceable dy-
namic engineering archives and information-oriented
construction site safety monitoring systems, to provide
powerful technical means to improve the work efficiency of
on-site management personnel, reduce the probability of
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accidents in highway construction, and create a “safe con-
struction site” through visualization and information
technology, which can provide a strong guarantee for the
safe production and emergency rescue of engineering
projects.

+e highway construction project has the characteristics
of many construction points, long lines, remote geographical
locations, inconvenient transportation, and many units
participating in the construction. +e hidden safety hazards
are particularly prominent [1]. Nowadays, the proportion of
bridges and tunnels on expressways is generally high, and
there are many key projects such as long tunnels, high pier
bridges, and high slopes, such as a large number of wa-
terworks, cross-road bridges, cross-rail bridges, and over-
passes; the terrain and geological conditions are complex
and result in extensive Karst development, rich ground-
water, faults, and other bad geology, complex construction
site management, difficult construction conditions, and
difficult access roads [2]. Slopes are used to protect the
stability of the roadbed. Slopes with a certain slope are made
on both sides of the roadbed. However, under certain
conditions, landslides and collapses may occur. Buried
houses increase huge operation and maintenance costs, so
the monitoring of slopes in highway construction safety
monitoring is of great significance to ensure the safe op-
eration of highways [3, 4].

HUANG Yong used the support mechanism of the
high slope of the roadway in the highway reconstruction
project and optimized the support scheme. Taking the left
side of the K1415 + 200 high slope on the Liunan (Liuzhou
to Nanning) highway as an example, the FLAC3D nu-
merical method was first used. +e influence of slope
excavation on the stability of the slope and then an or-
thogonal test was designed to analyze the influence of
anchor angle, anchor length, and anchor spacing on the
safety factor of the slope during anchor support. In an-
other study, Huang Yong changed slope safety factor
under the conditions of antislide piles and excavation
before the original slope construction. Monitoring points
were set by the slope height. +e author analyzed the
horizontal and vertical displacement, and the stress of
slope soil was studied with a strain increment cloud map.
+e results indicate that although the author’s method is
difficult to construct, it is economical and safe and its
coefficient is high. Finally, the support effects of the two
support schemes were compared in his study [5, 6]. +e
representative design elements of road geometry are
longitudinal slope, flat curve radius, superelevation, and
gentle curve. +e design criteria of these elements are
combined in various ways according to the function of the
road. WU Hai-bao divided highways into homogeneous
sections based on longitudinal slopes and flat curve radii.
+e author matched the data required for analysis of
various links and used the established data to establish a
safety performance function. Finally, a collision correc-
tion factor that could explain the exposure rate of traffic
accidents was calculated. When the threshold of the
horizontal curve radius R � 1000m is set to 1.0, the col-
lision correction coefficient of R � 300m is calculated as

1.33, and the accident exposure rate is increased by 33%.
When the critical 0% threshold is set to 1.0, the collision
correction coefficient indicates that the accident exposure
rate decreases on the uphill and rises on the downhill. +e
research results can be used as the basic data for the
geometric design of expressways during the improvement
period [7, 8]. Yang et al. targeted the current situation of
single safety monitoring information for construction
projects, slow information feedback analysis, and the
inability of participants to work together. +e proposed
system was also suitable for modern information tech-
nology and monitoring indicators and control points of
the existing construction projects, to obtain compre-
hensive information on monitoring targets, including
building entity information, construction site environ-
mental information, and security ontology knowledge
information. From the perspective of information col-
laboration, Yang et al. proposed a security monitoring
information collaboration system for construction proj-
ects based on the integrated information of the data
warehouse integrated monitoring target, including an
information acquisition module, information processing
module, and information collaboration module. All the
participants can work together based on the security
information control center and finally realize real-time
visualization, automation, and informationization of se-
curity monitoring [9, 10]. Okumura et al. introduced the
research status of ACSDINS based on analyzing the
background and current research status of building safety
monitoring. +e system used acoustic vector sensors as
the main equipment to realize signal acquisition and
selected steel mold as the monitoring object. Okumura
et al.’s experiments and analysis results proved the fea-
sibility of ACSDINS. +is research result was broadly
applied and had important practical significance in the
field of safety monitoring [11, 12].

+e present study uses the BP neural network data
fusion method in multisource data fusion technology to
monitor and study slope safety in highway construction
safety. In this paper, the data of field monitoring points are
substituted into the inversion system for parameter in-
version. +e slope model at the monitoring points is
established based on the inversion results. +e analysis and
calculation are compared with the measured data of the
monitoring points. It is 7.53% and less than 10%. It in-
dicates that the mechanical parameters of breccia-bearing
silty clay obtained through inversion are reasonable and
can be used as predictive analysis parameters of the slope
stability.

2. The Proposed Method

2.1. Multisource Data Fusion Technology

2.1.1. Multisource Data Fusion. Multisource data fusion is
also called multisensor information fusion [13]. Multisource
data fusion technology studies how to integrate multisource
data information or related auxiliary data to obtain more
accurate and reliable results than using a single data [14]. It is
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an information processing technology that is automatically
analyzed and integrated under certain criteria to complete
the required decision-making and evaluation tasks. +e
cognitive process of objective things by humans and other
animals in nature is a process of fusion of multisource
information.

Multisource data fusion is divided into data-level fusion,
feature-level fusion, and decision-level fusion according to
the level of fusion [15]. Data-level fusion is the lowest level of
fusion. It directly performs fusion processing on the sensor’s
observation data and then performs feature extraction and
judgment decisions based on the fusion result. For example,
in imaging sensors, the sensor performs image processing on
a blurred image containing a certain pixel. +e process is to
confirm target attributes. +is level of fusion is mostly used
for image analysis and direct synthesis of similar radar
waveforms [16].

Feature-level fusion refers to the extraction of a set of
feature information from the original information provided
by each sensor to form a feature vector, and the fusion of
each group of information before classifying or other pro-
cessing of the target, sometimes called intermediate-level
fusion, a commonly used method. +ere are cluster analysis
methods, artificial neural networks, and K-order nearest
neighbor methods.

(1) Data Layer Fusion. Data layer fusion is a level of
fusion that uses the direct data collected by the sensors to
perform preliminary analysis and integration based on
expert experience and description [17]. +e main advan-
tage of this fusion is that it processes first-level data, in-
cluding proofreading and identification, analysis, and
synthesis, and the resulting results can be imported into
the database, can be used by system users, and can provide
accuracy that cannot be provided by other fusion levels.
However, its shortcomings are also obvious. Because the
raw data of all sensors is collected, the system needs more
storage space, the central processor that needs to process
the raw data is more demanding, and the system software
needs more powerful error correction capabilities. Both
require high costs. +is fusion level is mainly used for the
synthesis, analysis, and organization of the initial image
data collected by various inspection methods. Data layer
fusion is shown in Figure 1.

From Figure 1, the data layer fusion first collects data
information from multiple sensors, filters out the associated
data information and passes it to the data layer for fusion,
performs feature extraction and attribute judgment, and
finally performs joint attribute judgment to output relevant
data.

(2) Feature Layer Fusion. Feature-level fusion uses the
feature information collected by sensors at various levels to
improve target recognition capabilities. Using feature-level
fusion algorithms, efforts are made to combine different
types of fault features to make a comprehensive judgment
[18]. +e characteristic factors used in this system are as
follows: connection layer, normalization, number of com-
ponents, spatial information, and multiscale. Compared
with a single feature recognition system, this fusion system

has higher accuracy and stability and will be more widely
used in applications. Feature layer fusion mostly adopts a
distributed or centralized fusion structure. +e specific
model is shown in Figure 2.

Figure 2 demonstrates that feature layer fusion refers to
extracting locally representative data information from
different sensors, then combining these local data to obtain
vectors with significant features.

(3) Decision-Level Integration. Decision-level fusion
requires a database and expert decision-making system to
analyze and reason about raw data or intermediate-level
data to obtain expert-level decision-making results. +is
method requires a large amount of calculation, and the use
of expert decision-making systems will bring high costs
[19]. Decision-level fusion is a high-level fusion. +e
specific model is shown in Figure 3.

Figure 3 illustrates that the preliminary conclusions on
the object are formed after the basic processing operations,
such as preprocessing, feature extraction, and judgment and
recognition, are performed on the information of different
types of sensors locally. +e fusion center then performs
further fusion processing on the local decision results. Be-
cause the decision-making layer is the overall decision result
obtained by fusion processing based on the decision results
of each sensor.

2.1.2. Information Fusion Method. With the development of
sensor technology, information fusion technology is also
developing rapidly. Many scholars proposed a variety of
effective information fusion methods, which are summa-
rized as weighted average method, D-S evidence reasoning
algorithm, Bayesian reasoning algorithm, Mann filter
method, fuzzy logic reasoning algorithm, artificial neural
network algorithm [20]. Each method has different ad-
vantages and disadvantages and its application scope. In
practical applications, corresponding algorithms should be
selected for different situations.

2.1.3. Process of Information Fusion. +e process of infor-
mation fusion mainly includes the following five categories:

(1) Data Input/Data Output (DAI-DAO). +is is the most
basic and lowest-level form of fusion, which belongs to data-
level fusion. +is process is mainly the fusion processing of
the raw data input from multiple information sources, such
as traffic flow data preprocessing.

(2) Data Input/Feature Output (DAI-FEO). +is process
belongs to data-level fusion, and its main function is to
extract the traffic flow state characteristic information of the
target road section through the fusion of multisource data
according to the needs of solving practical problems.

(3) Feature Input/Feature Output (FEI-FEO). +is process
belongs to feature-level fusion, and its main function is to
analyze andmerge the spatial and temporal characteristics of
the extracted traffic flow state characteristics of the target
road section.
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(4) Feature Input/Decision Output (FEI-DE).+is process is a
decision-level fusion. Based on the characteristics of the
traffic flow state of the existing target road segment, the
classification result is obtained by classifying and identifying
the characteristics from different information sources.

(5) Decision Input/Decision Output (DEI-DEO). +is process
belongs to decision-level fusion. Its main function is to
further fuse local decision-making results, making the final
fusion result more accurate and reliable.

2.2. Multisource Data Fusion Model

2.2.1. First-Level Data Fusion Method. At present, the most
commonly usedmethod for preprocessing the raw data is the
weighted average method [21]. +e weighted average fusion
algorithm uses a mathematical average formula, which is
difficult to overcome the influence of some sensor failures on
the measured values and the measurement speed memory.
Based on the weighted average algorithm, the optimal
weighting fully considers the influence of each sensor system
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on the measurement data and has a good strain handling
ability for some sensor failures in the system; and the op-
timal weighted fusion algorithm is used to fuse the mea-
surement data only. +ere is a need to know the variance of
the sensor’s measurement noise.

2.2.2. 7e Estimation Model of Optimal Weighted Fusion.
For the measurement equation of the sensor, the mean
square error is often used as the evaluation criterion for the
fusion result. +e optimal weighted fusion is to find the
minimum mean square error. Multiply the measurement
data of each sensor by a certain weight coefficient and add
them. +e results of data fusion are in [22]. When n sensors
detect the same index parameter at different positions, the
measurement equation of the i sensor is

Yi � X + Mi, i � 1, 2, . . . , n. (1)

Among them, X is the true value of the estimated pa-
rameter, Yi is the measurement value, and Mi is the mea-
surement noise. +e measurement noise of each sensor is
independent of each other. Let each sensor’s weighting
factor be Wi(i � 1, 2, . . . , n) and then get

X � 

n

i�1
wi·Yi,



n

i�1
wi � 1.

(2)

+e mean square error of the weighted estimate is

σ2 � E[(X − X)] �
1


n
i�1σ2i

. (3)

It can be known from the above formula that the smaller
themeasurement noise variance is, the larger the sensor weight
is, and the proportion of the corresponding measurement data
in the weighted estimation value is higher; on the contrary, the
larger the sensor noise value is, the smaller the weight is, and
the measurement data is in the weighted estimation. +e
proportion in the value is low. +e mean square error of the
optimal weighted estimate is less than the variance of the
measurement noise of any sensor in the system.

2.2.3. BP Neural Network Two-Level Fusion Model. An ar-
tificial neural network, which is also referred to as a neural
network, is a research area used to simulate the structure and
intelligence of the human brain. An important feature of it is
that the output of the network is consistent with expecta-
tions through network learning ability [23, 24]. BP neural
network is a feedforward network and is one of the most
important models in ANN. It can be used to approximate
any nonlinear continuous function with arbitrary accuracy
and has good self-adaptation and fault tolerance in nonlinear
systems.

(1) BP Neural Network Structure. Mostly, BP neural network
has one input layer and one output layer, one or several
hidden layers. Each layer is connected, and neurons in the

same layer are not connected. +e multilevel network ar-
chitecture can ensure that the BP network can obtain more
comprehensive information from the input layer and then
can handle more complicated information. +e structure of
the BP neural network is shown in Figure 4.

X1, X2, ..., Xn are input values of the network, Y1, ..., Yn
are output values of the network, and Wij and Wjk are
weights of the neural network. When the number of input
nodes is n and the number of output nodes is m, a function
mapping relationship from n independent variables to m
dependent variables is formed.

(2) BP neural network training is required to give the network
storage memory and prediction ability before BP network
prediction. BP network training process:.

Step 1. +e first step defines network initialization.
According to the network input and output sequence (X, Y),
select the number of input layer nodes n; the number of
hidden layer nodes is 1, and the number of output layer
nodes is m. Initially, the connection weight between the
input layer and the hidden layer is Wij, and the connection
weight between the hidden layer and the output layer isWjk,
the hidden layer threshold is initialized to a, and the initial
output layer threshold is set to b. At the same time, the
learning rate and neuron excitation function is assigned.

Step 2. Hidden layer output calculation: according to the
input variable X, the connection weight is Wij between the
input layer and the hidden layer, and for the hidden layer
threshold a, the output H of the hidden layer is calculated:

Hj � f 
n

i�1
wijxi − aj

⎛⎝ ⎞⎠, j � 1, 2, . . . , I. (4)

In the formula, I is the number of nodes in the hidden
layer and f is the excitation function of the hidden layer.

f(x) �
1

1 + e− x
. (5)

Step 3. Output layer output calculation: according to the
output H of the hidden layer, the connection weight is Wij
between the hidden layer and the output layer, and for the
output layer threshold b, the predicted output O of the BP
neural network is calculated:

Ok � 
I

j�1
Hjwjk − bk, k � 1, 2, . . . , m. (6)

Step 4. Error calculation: according to the predicted output
O and expected output Y of the network, the prediction error
e of the neural network is calculated:

ek � Yk − Ok, k � 1, 2, . . . , m. (7)
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Step 5. Weight update: update the network connection
weights wij, wjk according to the prediction error e of the
neural network:

wjk � wjk + ηHjek, j � 1, 2, . . . , I; k � 1, 2, . . . , m, (8)

where η is the learning rate.

Step 6. +reshold update: update the network node
thresholds a and b according to the prediction error e of the
neural network:

aj � aj + ηHj 1 − Hj  

m

k�1
wjkek, j � 1, 2, . . . , I. (9)

Step 7. According to the requirements of the condition,
determine whether the algorithm iteration ends or not. If
not, return to the second step.

(3) Multilayer Network Design Based on BP Algorithm.
Multilayer network design based on the BP algorithm has
different layers of the hidden layers, which can be divided
into single hidden layers and multiple hidden layers [107-
108]. Compared with a single hidden layer, a multihidden
layer has stronger generalization ability and higher pre-
diction accuracy, but the disadvantage is that it takes longer
training time. +erefore, the choice of the number of hidden
layers should be considered from the accuracy and time. For
complex mapping relationships, multiple hidden layers can
be selected to improve the prediction accuracy. For the
recognition of general patterns, the accuracy can meet the
requirements, the choice of a single hidden layer. A three-
layer network can be well solved, speed up, and save time.
+e information capacity of the neural network (the weight
of the neural network and the total number of thresholds)
has a significant impact on the actual application of the
network and is closely related to the number of training
samples and training errors, as shown in the following
formula:

P ≈
nw

ε
. (10)

In the formula, P is the number of training samples and
is the training error and wn is the total number of weights
and thresholds of the neural network. +erefore, under the
condition of guaranteed training error, when the training
samples are not enough, the information capacity of the
neural network should be appropriately reduced by reducing
the sample dimension.

2.3. In Situ Monitoring of Site Displacement during Highway
Slope Construction

2.3.1. Slope Displacement Monitoring and Burying Design of
Inclined Pipe. Expressway slopes are permanent slopes that
are in service during operation. To ensure the safety of the
slope, prevent slope instability and damage, and ensure the
smooth passage of high-speed sections, the slope of the
highway must be monitored for a long period. Obtain the
stability of the slope for timely construction control and
remediation [25].

(1) Monitoring purpose: the slope monitoring can be
mainly used for the following two points: First, data
monitoring during the construction period will
guide the data results to the construction and
feedback of the construction design. Secondly, based
on the monitoring data of the longer observation
period of the construction period, relevant geo-
technical parameters, protection measures design
plan, and other data, the slope stability is analyzed
and calculated, and relevant reasonable suggestions
are provided for maintenance and repair work
during the operation period.

(2) +e monitoring points are based on the actual
geological conditions of the slopes of the Chang’an
Expressway and the characteristics of the existing
structures and carry out horizontal displacement
monitoring of the slope surface, deep displacement
monitoring of the slope body, vertical displacement
(subsidence) monitoring of the slope surface,
groundwater level monitoring, and so forth four
items. +is monitoring plan is designed to arrange a
total of 12 observation points for horizontal dis-
placement of the slope, 6 monitoring points for
vertical displacement (settling) on the slope surface,
and 6 monitoring points for the groundwater level.

2.3.2. Principle of Inclined Pipe and Slope Excavation Dis-
placement and Water Level Monitoring. Inclinometer can
measure the internal lateral displacement of rock and soil
with high accuracy and is widely used for in situ monitoring
of slope engineering [26]. +e inclinometer consists of a
probe, a cable, and a reader. Before monitoring, the incli-
nometer pipe must be buried in the rock and soil layer in
advance, and the guide roller card of the instrument can be
moved up and down in a symmetrically distributed groove
in the pipe. When measuring, the sensing direction of the
instrument needs to be aligned with the sliding direction of
the slope, so that the sensor slowly slides into the bottom of

Input layer
(4 neurons)
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(4d neurons)

Output layer
(8 neurons)

X1

Y1

Xn

X2

Yn

Figure 4: Structure of BP neural network.
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the tube, and then remains stable for 5 to 10 minutes, so that
the temperature of the sensor is close to the external un-
derground temperature, then lifting the cable from the
bottom of the measuring tube.+e distance to the measuring
nozzle is measured at a distance of 0.5m and is recorded
after the reading of the reading instrument is stable until the
nozzle position, and then the reverse measurement is per-
formed in the same way, and the corresponding data value is
read and recorded. +e inclinometer works. +e principle is
to use the internal pendulum of the sensor probe affected by
gravity to measure the internal angle between the sensor and
the plumb line and then calculate the gap between the hole
axis and the plumb line by geometric theory. +e horizontal
displacement is calculated, and then, it is accumulated to
obtain the total displacement and the deep displacement
change in the entire hole along the axis of the tube.

When measured with an inclinometer, the error caused
by the instrument itself and external influences should be
reduced as much as possible. +e forward displacement and
reverse measurement should be used to measure the deep
soil displacement of the slope once, and the measured value
should be taken twice, mean of algebraic differences.

+e MCU remote monitoring system can realize the
automatic monitoring of surface displacement. Both the
surface displacement monitoring data and the slope water
level monitoring data can be transmitted to the computer
through the instrument, and then the data can be sum-
marized and processed for slope stability analysis and
research.

2.3.3. Processing Method of Slope Monitoring Data.
Obtain soil deformationmonitoring data through a borehole
inclinometer and then arrange the deformation process
curve. Demonstrate the changes and current status of de-
formation traits. +e monitoring results are comprehen-
sively analyzed from space, time, and environmental factors
to find the cause of curve deformation, accurately explain the
deformation curve, identify the stability of the soil, provide a
basis for design, construction, and engineering treatment,
and provide reference data for forecasting.

2.3.4. Causes of Error in Monitoring Data and Avoiding
Measures. In slope monitoring, the occurrence of errors will
inevitably affect the reliability of the inclinometer moni-
toring results, analyze the errors of each link, and establish a
scientific and reasonable error elimination method, which
will directly affect the scientificity and feasibility of the
monitoring results [27]. Any part of the application of the
inclinometer instrument may produce errors. +e incli-
nometer itself may have errors: offset error, zero-point drift
error, and rotation error; the inclinometer tube may cause
distortion errors of the tube during manufacture and in-
stallation; during the observation process, it may occur due
to different ambient temperature and humidity, environ-
mental errors; human errors are like errors in reading values,
misreading values, and misremembering values; calculation
errors may also occur during data processing. +e above
possible errors will affect the accuracy of the subsequent

displacement inversion analysis and soil parameter inver-
sion analysis results. +erefore, during the monitoring
process, the error caused by the monitored monitoring data
must be accurately and reasonably monitored to minimize
the monitoring error.

3. Experiments

3.1. Training Sample Preprocessing. Before the BP neural
network performs prediction, the input and output data need
to be normalized. +e data is transformed to [0,1] or [-1,1].
+e purpose is to eliminate the order of magnitude difference
between the data in each dimension, so that each component
of the neural network has the same important status, which
can effectively prevent the network prediction error from
being too large due to the large order difference. +e formula
for transforming [0, 1] interval of data is as follows:

Xi �
Xi − Xmin

Xmax − Xmin
. (11)

In the formula, Xi represents the input or output data,
Xmin represents the minimum value in the data sequence,
and Xmax represents the maximum value in the data se-
quence. +e formula for transforming the data [−1, 1] in-
terval is as follows:

Xi �
2Xi Xmax + Xmin( 

Xmax − Xmin
. (12)

BP network training once runs the training sample
forward for one round and reverses the network weight.
During the training process, each round of data is best
selected in different orders and used repeatedly, usually
training up to 10,000 times. +e sample set of the network
can generally be divided into two parts: one part is used as
the training set, which is used for network training; the other
part is used as the test set, which is used to test the neural
network. To determine whether the neural network has a
good generalization ability, it is tested by using a test set. If
the generalization ability of the neural network is poor, it
expresses that the error is small for the training set but large
for the test set. When the number of nodes in the hidden
layer of the neural network is constant, there exists an
optimal number of times to train, at which time the network
generalization ability is optimal. When the number of
training times does not reach t0, it means that network
training is insufficient. After t0, network training is excessive.
Some important functions and functions of the BP network
are shown in Table 1.

Table 1: Important functions and functions of some BP Networks.

Function name Corresponding function
tansig S-type transfer function
purelin Linear transfer function
logsig Logarithmic S-type transfer function
deltatan Delta function of tansig neurons
deltalog Delta function of logsig neurons
learnbp BP learning rules
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3.2. Selection of Input Layer and Output Layer for Building a
Network Model. +e measured deep displacement of the
slope is monitored at intervals of 0.5m. Model analysis is
performed to calculate the displacement value of the
number. 3 oblique tube as a network input sample set.
During the trial calculation, it was found that the amount of
input caused the network structure. It is too large, the
network analysis time is long, and the convergence effect of
the network is not obvious. +is article improves the net-
work design process and simplifies the network design.
Considering that the inputs of each soil layer do not affect
each other, the input layer is divided into 9 units, which is
denoted as Ii (i� 1, 2, 3, 4, 5 (6, 7, 8, 9) correspond to the
displacement values at the monitoring points in the model at
16.5m, 14.5m, 12.5m, 10.5m, 8.5m, 6.5m, 4.5m, 2.5m,
and 0.5m, the output layer is soil parameters, and the in-
ternal friction angle, cohesion, and elastic modulus are
separately trained using three networks; the method and
principle are the same. Each network has 9 input nodes and 2
output nodes, which greatly simplifies the complexity of the
network structure and facilitates network convergence and
analysis.

3.3. Experimental Design. +e multisource data fusion BP
neural network model is used to monitor the safety of the
highway slope construction, and the monitoring data is
analyzed and arranged. +e test object is the construction
section of a certain highway slope. +e date of monitoring
data is selected from mid-October to December.

In the early days, the data of 10 monitoring points were
selected for analysis. Table 2 shows the parameters of the
breccia silty clay soil on the highway slope construction
section.

4. Discussion

4.1. Analysis and Comparison of Slope Displacement of
Highway Slope Construction Safety Monitoring Based on
Multisource Data Fusion. +e measured displacement
values corresponding to the different depths of the third
monitoring point in the field are substituted into the trained
BP neural network for inversion to obtain the soil param-
eters. +e parameter inversion values are shown in Table 3.
Comparison and analysis of slope displacement calculation
analysis and actual measurement of highway safety moni-
toring based on multisource data fusion are shown in
Figure 5 and Table 4.

To make the comparison result more intuitive, the slope
construction in which the soil parameters were simulated
was inverted, and the comparison between the calculated
displacement values at different depths and the measured
displacement values at the fourth monitoring point is shown
in Figure 6.

Combining Table 4 with Figures 5 and 6, it can be
found that the maximum error between the displacement
value and the measured value at different depths is 7.53%,
which is less than 10%. It is reasonable, and the numerical
results can be used for subsequent analysis and research. In
addition, by analyzing three different parameters sepa-
rately, this research method has fewer errors and can be
popularized.

4.2. Analysis of Surface Horizontal Displacement Data.
+e surface displacement value changes continuously with
the slope excavation. +e surface displacement value is
measured before the slope excavation as the initial dis-
placement value. As the excavation progresses, the mea-
sured value of the slope displacement is compared with the
initial displacement value to obtain the change in dis-
placement. +en, select a part of the monitoring data of 10
monitoring points in the surface displacement monitoring
data of a highway from mid-October to early December
and make a displacement change trend chart. +e results
are shown in Figures 7 and 8.

Table 2: Parameters of silty clay with breccia.

Rock and soil layer Bulk density
(KN/m3) Modulus of elasticity (MPa) Cohesive force (KPa) Internal friction angle (°) Poisson’s ratio

Silty clay with breccia 19 15–27 21.5–30 20–22 0.3

Table 3: Inversion value of soil parameters.

Inversion parameters Internal friction angle (°) Cohesion (KPa) Modulus of elasticity (MPa)
Silty clay with breccia 21.88 29.55 26.90
Strongly weathered marl 34.96 49.70 117.15

0
1
2
3
4
5
6
7
8

I1 I2 I3 I4 I5 I6 I7 I8 I9

Calculated value (mm)

Measured value (mm)
Relative error (%)

Figure 5: Analysis of the comparison between the calculated value
and the measured value of the displacement at different depths at
the monitoring point.
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+e value of the analysis of the surface displacement data
of the monitored slope is the maximum value of the current
displacement on the day and the analysis of the horizontal
surface displacement data. +e rainy weather and the infil-
tration of rainwater cause a significant change in the hori-
zontal displacement.When the weather is fine, the soil surface
water evaporates and the internal contraction will cause
changes in horizontal displacement shrinkage. Months of
August and September were in the rainy season, but due to

better drainage facilities and timely drainage, the slope surface
displacement did not change significantly. FromNovember to
December, weather was mainly sunny. It can be seen from
Figures 7 and 8 that with the support of the lower slope of the
slope formed, from mid-October to mid-November, the
surface displacement of the slope changed a little, without
significant fluctuations. By December, the slope displacement
stabilized. It is consistent with the actual slope situation.

5. Conclusions

With the development of large-scale highway engineering
construction, under the requirements of safety production
and quality supervision, the construction of a construction
monitoring system can provide technical support for the
project site and safety management informatization con-
struction. It provides a strong guarantee for the safety
production and emergency rescue of the engineering con-
struction, strengthens and improves the safety awareness of
construction personnel at all levels, and establishes real-time
and traceable dynamic engineering archives to bring daily
management work to a new level. +e information-oriented
construction site safety monitoring system provides a
powerful technical means for improving the work efficiency
of site management personnel and can bring unlimited
benefits with limited investment. +e present research uses
the BP neural network data fusion method based on the
multisource data fusion method to build a model to monitor
the slope construction of the expressway.

In this paper, the method of multisource data fusion is
used to determine the slope parameters based on the slope

Table 4: Comparison between calculated and measured displacement values at different depths of monitoring points.

Measuring point I1 I2 I3 I4 I5 I6 I7 I8 I9
Calculated value (mm) 0.31 1.08 1.55 2.16 2.71 3.11 3.45 3.83 4.35
Measured value (mm) 0.29 1.14 1.51 2.03 2.92 3.31 3.65 3.90 4.06
Relative error (%) 6.70 5.26 2.65 6.40 7.53 6.04 5.48 1.79 7.14

Calculated value
Measured value

2

1.9

1.8

1.7

1.6

1.5

1.4

1.3

1.2

1.1

1

4
3.5

3
2.5

2
1.5

1
0.5

0

D
isp

la
ce

m
en

t (
m

m
)

1 2
7

8
9

1
2

3
4

5
6

Figure 6: Analysis chart of comparison result between the cal-
culated value and the measured value.
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Figure 7: Surface displacement trend of monitoring points 1–5.
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Figure 8: Surface displacement trend of monitoring points 6–11.
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characteristics of an expressway. In situ monitoring of slope
displacement and soil parameter inversion is used to de-
termine the soil parameter values, and then the slope is
calculated based on the inverse soil parameter values to
research on the influence of slope design parameters and
treatment measures on slope stability during construction in
unexcavated sections.

+is study uses a multisource data fusion method to
invert the soil parameters to establish a monitoring point-
slope model analyze and calculate the displacement values at
different depths at the monitoring points and compare with
the measured displacement values. +e maximum error is
7.53%, less than 10%. +e results of soil parameters are
reasonable and can be used for the subsequent analysis of the
stability of unexcavated slopes. In addition, this paper also
analyzes the horizontal surface displacement data and
concludes that the slope stability is in line with the actual
situation, and the feasibility of this method is verified again.
+e research results in this paper play an important para-
digm role in the construction safety monitoring of future
expressways.
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