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Driven by the dual goals of pursuing mining efficiency and safety, perceptual computing technology has
become the key to improving industry standards. Among them, multi-source data fusion and swarm
intelligence perception computing technology have become important tools for enhancing the level of
mining intelligence due to their fast response speed, high sensitivity, and wide applicability. This paper
deeply discusses the application of these two Internet technologies in the field of mining, especially how
they work together to optimize the pre detection and analysis process of mine stratum structure. This
article develops a detection model for water accumulation areas in mining goaf. This model fully utilizes
the advantages of swarm intelligence perception computing, which can analyze multi-source data in real
time, quickly identify potential water accumulation areas, and provide strong technical support for the
safe mining of mines. To verify the effectiveness and practicality of the model, it was applied to mining
projects in different cities. By comparing the application rate and satisfaction of the detection model in
various cities, it was found that the model exhibited good adaptability and accuracy under different
geological conditions and mining environments. The detection of water accumulation in goaf based on
multi-source data fusion and swarm intelligence perception calculation demonstrates the application rate
of the model over time. This article conducted a monitoring period of 270 days. It can be seen that with
the changes, the application rate of the model remains between 50% and 70%. The model application rate
in Shanghai generally reaches over 70%, which is at the highest level.

Povzetek: S pomocjo umetne inteligence so razvili model za zaznavanje obmocij zadrzevanja vode v

rudniskih jamskih prostorih. Model zdruzuje vec virov podatkov in uporablja inteligentne roje.

1 Introduction

Safe production is an eternal theme for coal mining
enterprises and a prerequisite for achieving sustainable,
healthy, and stable development. In the past, many small
coal mines and coal mines were indiscriminately mined
and excavated, seriously damaging resource output [1].
No mining data was retained during the mining process,
even the most basic up and down well comparison chart
and mining engineering plan. In addition, the knife pillar
mining method is often used. The water accumulated in
the small mine does not come out of the well, but is mostly
stored underground. Therefore, many unknown goaf water
accumulation areas have been formed. Most coal seams
are  mined using comprehensive mechanization.
Sometimes water from the upper goaf will be poured into
the lower goaf. In tunnel excavation, sometimes water
accumulation areas, water conducting cracks, or fractured
fault zones are excavated, causing water seepage accidents
[2, 3]. Therefore, before mining, it is necessary to assess,
investigate, and deal with the danger of water
accumulation in small kilns, ancient kilns, and goaf areas,
otherwise it will lead to major safety accidents.

Mine water accidents are one of the important
disasters in coalfield production, and are the second

largest coal mine accidents after gas accidents. Among
them, water accumulation in goaf accounts for a large
proportion of water accidents [4]. At the same time, the
water accumulation in goaf has the characteristics of
sudden water influx, large water influx, and strong
destructive power. Therefore, it is of positive significance
to do a good job in detecting water accumulation and goaf
in coalfields [5]. At present, the exploration methods for
goaf and water accumulation mainly include mining
surveying, engineering drilling, and geophysical
exploration, supplemented by deformation observation
and hydrological experiments. There are many branch
methods in mining geophysical exploration, which can be
divided into seismic method, electrical method, and
electromagnetic method according to their different
principles. Electromagnetic methods mainly include radio
perspective, mine radar, natural alternating electric field
method, and transient electromagnetic method. Electrical
methods include direct current method and alternating
current method. There are two types of field sources used
in the direct current method: artificial and natural [6, 7].
The direct current method using artificial field sources
mainly includes resistivity profiling method, resistivity
depth measurement method, charging method, direct
current induced polarization method, etc. The direct
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current method using natural field sources includes natural
electric field method, etc. AC electrical method mainly
refers to frequency sounding method, including electrical
sounding method (ground electrical sounding, top and
bottom electrical sounding), electrical profiling method,
high-density resistivity method, dipole method, etc. [8].
The types of earthquakes mainly include surface high-
resolution 2D and 3D seismic exploration, shear wave and
multi  wave multi-component seismic exploration,
underground high-resolution seismic exploration, slot
wave seismic exploration, surface wave seismic
exploration, rock acoustic exploration, and microseismic
exploration.

In order to better detect the ponding area in the goaf
of the mine, multi-source data fusion and group
intelligence perception computing methods are often used
to analyze. Multi source data fusion technology began in
the 1970s and flourished in the 1980s [9]. It comes from
bionics, and imitates the process of natural creatures
perceiving external state information and environmental
changes through their own various sensory organs, and
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comprehensively processing and obtaining accurate
decisions according to the perceived information. In the
1990s, data fusion technology became one of the most
important technologies in the military field [10]. Based on
computer technology, data is obtained from multiple
sensors within a certain period of time. And through data
fusion algorithms, fusion features with stronger
representation ability of the observed object are obtained,
thereby achieving more intelligent and accurate decision-
making and estimation [11].

Multi-source data fusion generally includes multi-
sensor information acquisition, data analog-to-digital
conversion, data inspection and pre-processing, data
feature extraction, fusion calculation, output decision and
other steps [12]. Its general flow chart is shown in Fig. 1.
Multi sensor sensor node is the hardware foundation of
multi-source data fusion. The preprocessing and feature
extraction of multi-sensor data are the key to multi-source
data fusion. Fusion computing is the core of multi-sensor
data fusion, and fusion computing is realized through
various fusion algorithms.

Fusion center

Figure 1: Flow diagram of multi-source data fusion.

With the popularization of intelligent mobile devices
and perceptual computing, people can not live without a
variety of mobile devices, such as mobile phones, tablets,
e-books, smart watches, smart bracelets and smart glasses
[13]. In order to better serve human beings, intelligent
devices integrate a large number of sensor modules, such

as light sensors, acceleration sensors, gyroscopes,
magnetometers, barometers, thermometers, distance
sensors, screen pressure sensors and fingerprint

recognition modules. In addition, the non sensor
components on smart devices also have the ability to
perceive human behavior and the surrounding
environment, such as microphones, cameras, WiFi,
Bluetooth and GPS. A variety of sensors enable mobile
devices to have “perception” capabilities [14]. With the
development  of  high-speed  mobile  network
communication, people can use their smart devices to
collect data of different modes at any time and anywhere.

The contribution points of research innovation are as
follows:

1. This study is the first to apply multi-source data
fusion technology to the detection of water accumulation
areas in mining goaf. By integrating data from multiple
channels such as geological exploration, environmental
monitoring, and satellite remote sensing, a comprehensive
and accurate analysis of the geological structure of the
mine has been achieved.

2. Innovative research has introduced swarm
intelligence perception computing technology, which
simulates and analyzes a large amount of individual

perception data to achieve intelligent detection of water
accumulation areas in mining goaf. This technology can
utilize data from distributed perception nodes to quickly
and accurately identify water accumulation areas,
providing real-time safety warnings and decision support
for mining operations.

3. This study successfully constructed a water
accumulation detection model for goaf based on multi-
source data fusion and swarm intelligence perception
calculation, and verified its effectiveness and reliability
through practical applications.

2 Related work

In recent years, with the rapid development of remote
sensing technology and intelligent perception technology,
multi-source data fusion and group intelligent perception
have become important means of detecting water
accumulation area [15]. High spatial resolution optical
remote sensing data can reflect changes in surface
information at the field scale, making it suitable for
monitoring actual irrigated areas and extracting flooded
areas. However, high spatial resolution data often struggle
to reflect continuous changes in soil moisture content over
time due to long revisit cycles and poor weather conditions
[16]. On the contrary, low spatial resolution data sources
have higher temporal resolution and can reflect more
continuous time series changes in soil moisture content,
but their accuracy is lower and it is difficult to accurately
characterize soil moisture content changes at the field
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scale. With the development of deep learning technology,
data fusion methods based on deep learning have
performed well in detecting water accumulation areas
[17]. For example, fully convolutional neural networks
based on densely connected blocks can be used for water
extraction, effectively fusing different levels of features
through local feature compression to achieve high-
precision water extraction. This method is not only
suitable for extracting water bodies from multi-source
remote sensing images, but also for monitoring flood
disasters and long-term changes in water bodies [18].
Group intelligence perception utilizes a large amount
of individual data (such as sensors, mobile phone users,
etc.) for information collection and analysis, thereby
achieving water accumulation area detection [19]. This
method has the advantages of wide data coverage and
strong real-time performance, which can compensate for
the lack of temporal resolution in remote sensing data. For
example, through the water accumulation information
reported by mobile phone users, the urban waterlogging
situation can be monitored in real time, providing timely
data support for emergency response. However, there are
also some issues with swarm intelligence perception
methods. Firstly, data quality is difficult to guarantee as
individual reported data may have errors or biases [20].
Secondly, data privacy and security issues cannot be
ignored, especially in situations involving personal
location and sensitive information. In addition, swarm
intelligence perception methods are also limited by user
engagement and data collection costs. The water
accumulation area detection model based on multi-source
data fusion and swarm intelligence perception has broad
application prospects in the field of flood control and
disaster reduction [21]. However, there are still some
issues and challenges in current research. Further
optimization of data sources and fusion algorithms is
needed to improve the generalization ability of deep
learning methods and ensure the quality and privacy
security of swarm intelligence perception data.
Simultaneously exploring the collaborative mechanism of
multi-source data fusion and swarm intelligence
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perception to achieve more efficient and accurate
detection of water accumulation area.

Through the perceptual computing, Lv et al. [22]
established a mine waterlogging area detection model
technology and extraction of effective information in the
mine, which in the safety of the mine. Wang et al. [23]
accurately predicted the actual situation of the goaf
ponding area by using the sensors in the mine equipment
and the intelligent computing method. Shi et al. [24]
combines the Internet of Things technology with the group
intelligence perception computing method to establish the
detection model of the ponding area in the goaf of the
mine, and applies this model to the mining of different
mines, greatly improving the mining efficiency of the
mine. Li and Ma [25] based on multi-source data fusion
and group intelligence perception computing theory, has
established a prediction model for goaf ponding areas in
different mining areas. The test results show that the
model has high accuracy, good sensitivity, and can be
applied to coal mining in different mining areas, achieving
good economic efficiency. With the acceleration of
urbanization, urban waterlogging has become increasingly
prominent, posing a serious threat to people's lives and
property safety. In order to effectively respond to urban
waterlogging, real-time detection and early warning of
flooded areas are particularly important. Zhang et al. [26]
proposed a water accumulation area detection model
based on multi-source data fusion and swarm intelligence
perception, aiming to integrate multiple data sources and
use swarm intelligence algorithms for efficient data
processing and analysis, achieve accurate detection and
early warning of water accumulation areas, and provide
strong support for urban flood prevention and disaster
reduction. Multi source information fusion technology
refers to the organic integration of information from
different sensors or data sources to improve the overall
performance and reliability of the system. Lei et al. [27]
used sonar systems to perform real-time scanning of
underwater terrain, matching it with pre stored terrain
databases to achieve precise navigation and obstacle
avoidance.

Table 1: Table of literature review

Reference | Author Main research content Advantage Shortcoming
number
[22] Lvetal. | Detection model technology for | Improved the accuracy of | Limited to mine
water accumulation areas in mines | mine safety monitoring environment, unknown
and  extraction of  effective applicability to other
information from mines scenarios
[23] Wang et | Predicting water accumulation areas | Accurate prediction of | Dependent on sensorsin
al. in goaf using sensors and intelligent | water accumulation areas | mining equipment, may
computing methods in  mining | in goaf has been achieved | be limited by equipment
equipment performance and layout
[24] Shietal. | Establishing a model of water | Improved mining | The  coverage and
accumulation area in mining goaf by | efficiency and achieved | stability of loT
combining 10T technology and | real-time monitoring of | technology may be
swarm intelligence  perception | water accumulation areas | limited
computing method
[25] Li and | Establishing a prediction model | High precision and good | The model complexity
Ma based on multi-source data fusion | sensitivity, suitable for | is high and may require
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and swarm intelligence perception
computing theory

coal mining in different
mining areas

high-performance
computing support

navigation of underwater terrain
using sonar system

[26] Zhang et | A detection model for urban | Integrate multiple data | The processing
al. waterlogging areas based on multi- | sources to  achieve | efficiency of data fusion
source data fusion and swarm | accurate detection and | and swarm intelligence
intelligence perception early warning of water | algorithms may affect
accumulation areas, | real-time performance
supporting urban flood
control and  disaster
reduction
[27] Leietal. | Real time scanning and matching | Accurate navigation and | The applicability and

obstacle avoidance have
been achieved, suitable
for complex underwater
terrain environments

accuracy of  sonar
systems may be limited
by conditions such as
water depth and quality

Multi source data fusion technology is of great
significance in improving the overall performance and
reliability of the system. However, current research
mainly focuses on specific fields such as mine
waterlogging detection and urban waterlogging warning,
and has not yet been widely applied to other fields. Future
research should explore the application of multi-source
data fusion technology in more fields and optimize
algorithms to improve the efficiency of data processing
and analysis. Though the group intelligence perception
computing technology, for improving the safety of the
mine, this paper analyzes the theoretical basis and
functional principle of the two in detail, and for the
complex environment of the goaf ponding area,
establishes a detection model of the goaf ponding area by
the group intelligence  perception  computing.
Subsequently, it is applied to the detection of mines in
different places, and the methods to improve the mining
efficiency and reduce economic costs are proposed. In a
word, the establishment of the detection model of the goaf
ponding area in this mine contributes to the mining of the
mining area, and also improves the safety, which is of
great significance.

3 Functional principle based on

multi-source data fusion and
swarm intelligence perceptual
computing

3.1 Function principle of multi-source data
fusion

The perception platform assigns the perception tasks to the
corresponding ECS, which collects the perception data
from users. In order to encourage more users to achieve a
fair reward system, users sign their own perception data
with identity based signatures, and send the signed
perception data to the cloud server (CS). If a greedy user
submits his perception data multiple times for the same
perception task, the user can be detected by CS. Users add
Laplacian noise to the collected perceptual data to protect
the privacy of different users. Therefore, it is necessary to
fuse the images, point clouds and other data obtained by

different measuring equipment, make up for the
limitations of single data modeling, obtain the complete
model information of the target transmission tower, and
make the 3D modeling more accurate and beautiful.
Before inputting the data into the model, perform filtering
and denoising to reduce the impact of noise on the model.
During the model training process, noise data is added as
training samples to improve the model's robustness to
noise. Validate the input data to ensure it conforms to the
expected format and range. Combining data from multiple
sensors and using data fusion algorithms to improve the
reliability and accuracy of the data. Adopting multi-path
network connection to ensure quick switching to backup
network in case of network failure. By optimizing
algorithms and allocating computing resources, ensure
that the model can still operate efficiently when
processing large-scale data. In the multi-source data
fusion section, we aim to clarify the contribution of each
data source and its integration method to ensure the
accuracy and replicability of the model. The data sources
include data collected by ground sensors such as water
level monitoring stations and rain gauges. These data
provide real-time, high-precision hydro meteorological
information. Using Bayesian networks to integrate
satellite remote sensing data and ground observation data
to improve the accuracy of water accumulation area
identification.

The consistency of the spatial coordinate system of
the laser point cloud data and the tilt photogrammetric data
is the premise of the fusion of these two kinds of data, so
we need to conduct a rough registration of data under a
unified coordinate system. The rotation parameters and
translation parameters required for two data coordinate
transformations can be solved by the following equations.

X Ax X
-+H
Z z
(1)
cosa —sina 0 Cos,8 0 —sinf
R =|sina cosa l [ 0 l
0 sin 8 1 cosf
1 0 0
[O cosy —sin y]
0 siny cosy
)
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Where (x, y, z) is the original point cloud data
coordinate, and (X, Y, Z) is the point cloud data coordinate
after coordinate transformation. a, P, y is the rotation
parameter, AX, Ay, Az is the translation parameter. Cosa
and sin a represent the cosine and sine values of angle a,
respectively. Similarly, cosp and sin f represent the cosine
and sine values of angle B. Gamma represents the third
angle, used together with alpha and beta to indicate
direction or rotation.

The precision of point cloud coarse registration is not
high, so in order to make the 3D reconstruction model
more beautiful and real, the point cloud coarse registration
process is also needed. The traditional method is iterative
closest point (ICP). For solving rigid transformations,
singular value decomposition (SVD) is commonly used to
find the optimal rotation matrix R and displacement vector
T. This method has the advantages of high computational
efficiency and good numerical stability. In addition to
SVD, there are other methods to solve rigid
transformations, such as quaternion method, iterative
optimization method, etc. These methods each have their
own advantages and disadvantages, and are suitable for
different application scenarios. The ICP algorithm
gradually reduces the value of the objective function by
iteratively updating the transformation parameters. Each
iteration includes steps such as searching for the nearest
point,  establishing  corresponding  relationships,
optimizing the objective function, and updating
transformations. The convergence criteria usually include
the change in the objective function value, the change in
the transformation parameters, the number of iterations,
and so on. When any of these criteria are met, the
algorithm stops iterating. In the above process,
determining the corresponding relationship between two
clouds is the key to the entire algorithm.

fFRT) =%k llg = (Rps + D2 (3)

f(R,T) is a function that represents the calculation
results related to variables R and T. R is an independent
variable of function f , which appears inside the
exponential function when multiplied by psui. The
specific meaning of R represents the proportionality
factor. p; is a variable multiplied by R, where i represents
the index corresponding to g;. Exp (—(R * Rp; + T)?) is
an exponential function whose base is the base e of the
natural logarithm. The interior of an exponential function
is —(Rp; + T)?, which represents the negative square of
Rp; + T . This function form is commonly used to
represent a Gaussian function or a part of a normal
distribution, where —(Rp; + T)? represents the square
distance from the mean (Rp; +T), multiplied by a
negative sign, and used as a parameter of the exponential
function. Through the above analysis, effective
information can be extracted through multi-source data
fusion technology, so as to improve the information
utilization.
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3.2 Functional principle of swarm
intelligence perceptual computing

Neural Network (NN) is a computational model that
simulates the structure and function of the human brain. In
swarm intelligence perception computing, neural
networks may be used to predict the spatial structure,
lithology distribution, stress state changes, etc. of mines.
In mining analysis, feedforward neural networks (such as
multi-layer perceptron MLP), convolutional neural
networks (CNN), etc. may be used. Feedforward neural
networks are suitable for handling general regression and
classification problems. Convolutional neural networks
are particularly suitable for processing image data, such as
geological exploration data in mines. Using swarm
intelligence sensing technology, real-time monitoring data
from different sensors, historical geological exploration
data, mining operation records and other multi-source
information can be integrated. These pieces of information
are fused and processed through intelligent algorithms,
which can more accurately depict the spatial structure,
lithological distribution, and stress state changes of the
mine. Provide a more detailed data foundation for
subsequent mechanical analysis and numerical simulation.
Introducing swarm intelligence algorithms for parameter
optimization and scheme selection in numerical
simulation can significantly reduce computational
complexity and improve the accuracy of simulation
results. At the same time, combined with real-time
monitoring data feedback, intelligent iteration of
numerical simulation is achieved. By dynamically
adjusting simulation parameters based on actual
monitoring results, the simulation process can be more
closely aligned with the actual situation, thereby more
accurately predicting the evolution trends of water
conducting fault zones and floor fault zones. The
traditional mechanical model analysis method and
empirical formula method can be further optimized with
the assistance of swarm intelligence perception
technology. Through big data analysis and machine
learning algorithms, model parameters can be
automatically identified and corrected to make them more
closely related to actual working conditions. For example,
using neural network models to predict the fracture and
deformation laws of hard rock layers, or combining
genetic algorithms to optimize key coefficients in
empirical formulas to improve prediction accuracy. Use
machine learning fitness functions to evaluate the quality
of each solution. Exchanging genetic information from
parents to generate new individuals (offspring). Randomly
modify newly generated individuals to enhance the search
capability of the algorithm.

From the perspective of perceptual computing, the
position of hard rock stratum and the load it bears are
determined by using the composite beam theory.
Assuming that the first layer of rock is a hard rock layer,
the upper to m layers of rock will deform in coordination
with it. If the m+I rock layer does not undergo coordinated
deformation, then the m+I rock layer is considered as the
second hard rock layer. The conclusion drawn is that the
overburden load of the first layer of hard rock is:
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Where g, (x) is the load formed by the m-th layer of
rock on the first hard layer, MPa; h; is the thickness of
layer i, m; r; is the unit weight of the ith stratum, KN/m?;
Ei is the elastic modulus of the ith stratum, MPa.

For swarm intelligence perceptual computing, the
load generated by the m+l layer on the first layer is the
same as that calculated by equation (4). If the m+I layer is
a hard layer, it meets the following requirements:

qm(x) > Qm+1(x) (5)

g is a real number greater than 0. In the equation, q is
multiplied by m+1 as a coefficient and compared with the
imaginary part g,,(x) of the complex number x. M is a
positive integer. In the equation, m is added to 1 and then
multiplied by q to form q,,.,. The range of values for m
is the set of positive integers, i.e. m=1, 2, 3. Substituting
the equation (4) into equation (5), we can get:

Em+1h12n+1 Xt bty > T D% Eihi3 (6)

M+1 "E "may be a specific mathematical symbol or
variable, while "h" is another variable or function related
to it. H represents the m+1th element in the sequence. The
equation Em=1 represents that the mth element "Em" in a
sequence or model is equal to 1. For improving the
perceptual computing, when judging the hard rock layer,
calculate from the first layer upward one by one. When
equation (6) is satisfied, stop the calculation. At this time,
the m+l layer is a hard rock layer. Then judge the hard rock
layer from the rock layer above the m+l layer by the same
method until the last rock layer.

For perceptual computing, the plate and shell theory
can be used to analyze different mine strata, and has the
advantages of fast, high precision, strong applicability,
etc, which is often used in the development of mines in
different places. The plate and shell theory is applied to
analyze the fracture limit of hard rock stratum in the
mining process. In the analysis process, it is assumed that
the thickness h of rock stratum is uniformly distributed,
and the stress is also evenly distributed on the surface of
hard rock stratum.

Figure 2: Analysis diagram of roof hard layer.

As shown in Fig. 2. For such a plate, when the upper
part is subjected to uniform pressure Q, the displacement
is ® and load Q need to meet the equation:

p(1-9Leigle=p (7)

dx* dx?
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X represents spatial position, time, or any other
variable related to w. D? represents the derivative of w
with respect to x of a certain order. Representing the fourth
derivative of w (i.e. d4) or complex expressions related to
the second derivative. In standard form, the fourth
derivative is written as d4, representing the fourth
derivative of w with respect to x. Dw/dx represents the
first derivative of w with respect to x, i.e. the rate of
change of w. On the right-hand side of the formula, it
appears as a coefficient of Q and is multiplied by the
square of x to form the term Q (dw/dx) x2. When the front
coal wall of the working face is supported and the rear
goaf is unsupported, the boundary conditions are:

w=0
o ®)

Dw/dx represents the derivative of function w with
respect to variable x. The derivative describes the rate at
which the value of a function changes with the
independent variable. In this context, it represents the rate
of change of a process or system over time (or other
independent variables). Integration is the inverse
operation of derivatives, used to calculate the cumulative
effect of function values within a certain interval. W=0
means that the value of function w is zero at a specific
point or interval. Dw/dx=0 means that the derivative of
function w with respect to x is zero at a certain point or
interval, that is, w reaches its extremum (maximum,
minimum, or inflection point) at that point or interval, or
W is a constant at that point or interval. The critical load in
the critical state and the limit displacement in the z
direction can be obtained from the above. The critical load
during fracture is:

2
Q= s ©)

Q, is a variable that represents a physical quantity,
mathematical parameter, or any other quantity that needs
to be described by this equation. CDk? is the first part on
the right-hand side of the equation, where "CD" and "k*"
are both variables or parameters. Since the "2" in "k*"
represents the square of k (i.e. k?), it can be inferred that
CDk? represents the result of multiplying CD by the
square of k. L2C represents the result of multiplying L by
2 and then multiplying C, or the square of L (i.e. L2C), but
this also depends on the context to determine k2D .
Similarly, it may represent the result of multiplying the
square of k by D. The entire expression L2C + k%D
represents the sum of L2C and k2D parts. The limit
displacement in z direction is:

X SinkL—x (10)
Wy =————
2 L kcosk

w, represents the quantity related to angular
frequency and fluctuation. K cos k represents the result of
multiplying k by cos(k), where cos represents the cosine
function. The cosine function is also one of the periodic
functions, closely related to the sine function. In this
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formula, k cos k may represent the result of a cosine
function modulation of a quantity related to k. This
modulation may be used to alter the amplitude, phase, or
frequency characteristics of k. Where k satisfies the
following equation:
k—(1+5)tank =0 (12)
K is a variable representing the unknown variables in
the equation. In mathematics and physics, the variable k is
often used to represent various parameters such as
constants, coefficients, or frequencies. In this equation, k
is the key variable that we require to be solved or analyzed.
The tan k part represents the tangent function of k. The
tangent function is one of the trigonometric functions used
to describe the relationship between angle and the ratio of
the length of the opposite side to the length of the adjacent
side. Through the above swarm intelligence perceptual
computing, we can get the critical load and limit
displacement when the hard rock stratum breaks, and then
we can get the model function based on swarm
intelligence perception calculation.

3.3 Environmental analysis of water
accumulation area in goaf

The water accumulation zone refers to the area where the
water conducting fault zones at the top and bottom of the
coal seam diffuse into the aquifer after mining, allowing
the water from the aquifer to enter the goaf. When the goaf
in the flooded area is closed or the seepage velocity is
lower than the seepage velocity, a certain range of flooded
areas in the goaf will be formed. According to the
definition of water filled areas and the reasons for water
accumulation, any water filled area may form a water
accumulation area. From the definition and characteristics
of the water filling area, it can be seen that the standard for
determining whether the goaf is a water filling area (with
the possibility of water accumulation). If the water
conducting fault zone enters the aquifer, the goaf formed
is a water filling area with the possibility of water
accumulation.

o

Figure 3: Environment of ponding area in goaf.
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Fig. 3 shows the environmental analysis of the
ponding area in the goaf of a mine. Different color depths
represent the amount of water in the goaf ponding area of
the mine. From purple to dark red, it means that there is
more water in the area. It can be seen that the water
volume in the goaf ponding area of the mine fluctuates up
and down along the x direction, which indicates that the
water volume presents a flowing law. Then, according to
multi-source data fusion and group intelligence sensing
computing technology, the specific location of the mine
goaf can be inferred. The distribution law of coal seams
and the data map of coal points and goaf radius are
obtained through radar sensors, as shown in Fig. 4. The
final location of the goaf can be obtained by fitting and
analyzing the data with group intelligence perception
computing technology. The specific method is to first
determine the coal seams to be mined in each mine, and
then determine the coal breakthrough point of the merging
cylinder. With the coal breakthrough point as the center,
calculate the mining radius with the mining volume of
small mines and the minimum possible recovery rate, and
draw a circular area as the possible mining range of the
mine. This method reflects the principle of nearby mining
and minimum possible recovery rate. Although the mining
range thus determined cannot accurately reflect the actual
mining (goaf) range of each small mine, it can still provide
the approximate location and area of the goaf, thus
providing a reference for the final comprehensive analysis
and production process of mine.

30
25 M Coal point

26 M Radius of goaf
24]
224
204
184

Intensity (a.u.)
-
(2]

10 12

14 16 18 20 22 24 26 28 30 32 34 36 38
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Figure 4: Data map of coal seam distribution and coal
points and goaf radius.

3.4 Establishment of mine goaf ponding
area detection model based on multi-
source data fusion and group
intelligence perception calculation

The application of multi-source data fusion and swarm
intelligence perception calculation is crucial in the
detection of water accumulation areas in mine goaf.
Mobile swarm intelligence perception technology
provides a new way for data collection, and compared with
traditional sensor networks, its data collection and
collection process have significant advantages. In the
mode of collective intelligence perception, people use
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their portable smart devices (such as mobile phones,
tablets, etc.) to collect different patterns of data in the
physical world, such as images, audio, etc. Due to the fact
that data from different sources may use different
coordinate systems, in order to ensure consistency and
comparability of the data, we need to perform coordinate
system one on them. This step is the key to data fusion, as
it enables data from different sources to be analyzed and
processed in the same coordinate system. After
completing coordinate system one, we need to perform
high-precision registration of the image point cloud and
laser point cloud. The purpose of this step is to accurately
align point cloud data from different sources in order to
construct a high-precision 3D detection model.
Specifically, we utilize advanced registration algorithms
to fuse the point cloud obtained from drone oblique
photography with the LiDAR point cloud. By constructing
TIN triangulation (irregular triangulation) and performing
texture mapping, high-precision 3D detection models can
be generated. This model can intuitively display the spatial
structure and water accumulation of the mine goaf.
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In order to better calculate the intelligent perception
computing results of the mobile group, multi-source data
fusion technology needs to be used to extract effective
data and information. The main process is mainly divided
into three aspects. 1) Data pre-processing, including image
pre-processing, aerial triangulation, point cloud data pre-
processing. 2) Unification of multi-source data coordinate
system. 3) High precision registration of image point
cloud and laser point cloud. The TIN triangulation
network is constructed by fusing the image point cloud
obtained by UAV tilt photography with the laser radar
point cloud, and then texture mapping is carried out to
form a high-precision three-dimensional detection model.
The detection model of water logged area in goaf based on
multi-source data fusion and group intelligence perception
computing is shown in Fig. 5.

Convert data from different coordinate systems to the
same coordinate system based on known conversion
parameters. Verify the accuracy of coordinate system
conversion by comparing the data before and after
conversion. Partial code is as follows:

Group intelligence perceptual computing

Sensor detection image —— Mine data acquisition +—— Ground 3D laser scanning point cloud

Data preprocessing

Build INT ——

3D detection model output

Figure 5: Detection model of water logged area in goaf based on multi-source data fusion and group intelligence
perception computing.

function preprocess_image(image):
denoised_image = apply_gaussian_filter(image)

cropped_image = crop_image(enhanced_image)
return cropped_image

function perform_aerial_triangulation(images):
feature_points =[]
for image in images:
points = extract_features(image)
feature_points.append(points)

matched_points = match_features(feature_points)

corrected_images =[]
for i, image in enumerate(images):

corrected_images.append(corrected_image)

return corrected_images
function preprocess_point_cloud(point_cloud):

enhanced_image = apply_histogram_equalization(denoised_image)

correction_matrices = calculate_correction_matrices(matched_points)

corrected_image = apply_correction_matrix(image, correction_matrices[i])
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return filtered_point_cloud

function unify_coordinates(data_sets):
unified_data_sets =[]
for data_set in data_sets:

unified_data_sets.append(unified_data)
return unified_data_sets

return registered_point_cloud

tin_mesh = build_tin_mesh(registered_point_cloud)
textured_model = apply_texture_mapping(tin_mesh)
final_model = postprocess_model(textured_model)
return final_model

denoised_point_cloud = apply_voxel_filter(point_cloud)
downsampled_point_cloud = downsample_point_cloud(denoised_point_cloud)
filtered_point_cloud = apply_statistical_filter(downsampled_point_cloud)

unified_data = convert_to_common_coordinate_system(data_set)

function register_point_clouds(image_point_cloud, laser_point_cloud):
matched_features = match_features(image_point_cloud, laser_point_cloud)
transformation_matrix = calculate_transformation_matrix(matched_features)
registered_point_cloud = apply_transformation_matrix(image_point_cloud, transformation_matrix)

function build_3d_detection_model(registered_point_cloud):

4 Application analysis of detection
model for water logged area in goaf
based on multi-source data fusion
and group intelligence perception
computing

4.1 Application rate of detection model for
water logged area in goaf by the group
intelligence perception computing

For swarm intelligence perception applications, there is
generally a life cycle, which requires the generation time
of sensing data within a certain range. Early or late data
are considered meaningless sensing data. Therefore, the
use of edge services is only within the life cycle of swarm
intelligence perception applications. Due to the
requirement of perception quality, swarm intelligence
perception applications need to collect all perception data
as much as possible. From the perspective of multi-source
data fusion and swarm intelligence perception computing,
generally speaking, the energy consumption cost of the
mine main base station is positively related to its
computing performance. Therefore, the optimal selection
strategy of the master base station is to give priority to the
master base station with the least energy consumption
under the premise of meeting the average calculation
delay. Then, dynamic planning is used to balance the
bandwidth occupation of each link in the edge network. In
this step, the usage rate of the flow table capacity and the
link bandwidth usage rate are used as the link selection
weights. In order to ensure the load balance of link
resources, it is necessary to avoid the dilemma that high-
quality links are consumed in advance. Once all high-

quality links are occupied, the affected sensing devices
must reduce the calculation task offload rate, which will
lead to an increase in the energy consumption cost of the
sensing devices. Therefore, the algorithm stipulates that
the difference between the maximum and minimum
occupancy of all links shall not exceed 10%. There are
different geological environments for mines in different
regions, and they will become blurred over time.
Therefore, in order to better verify the application of the
detection model of goaf ponding area by the swarm
intelligence perception computing in this paper, we
selected the mines between Beijing, Shanghai, Chongqging
and Tianjin for testing.
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Figure 6: The application rate of detection model for
water logged area in goaf based on multi-source data
fusion and group intelligence perception calculation
between different cities over time.

In the multi-source data fusion and swarm intelligence
perception computing, Fig. 6 shows the application rate of
detection model for water logged area in goaf based on
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multi-source data fusion and group intelligence perception
calculation between different cities over time. It can be
seen from it that the application rate of the detection model
of the ponding area in the goaf of the mine in Beijing has
gradually decreased with the increase of time, while the
application rate of the mine in Shanghai has almost no
change with the increase of time, and the application rate
of the mine in Chongging and Tianjin has also fluctuated
up and down. The main reason may be that the mining
degree of mines in different cities is different. As we all
know, Beijing is mainly the political, economic, scientific
and technological innovation and international exchange
center of the country, and the degree of mine development
is decreasing year by year. As the economic center of the
country, Shanghai always takes economic development as
the main goal, so the application rate of its mine
development for the model will not change over time.
However, Tianjin and Chongging have lower economic
capacity than Shanghai and Beijing, and the economic
level of Tianjin is the lowest, so their application rate
fluctuates. In addition, as the strata of Shanghai and
Tianjin are formed by the impact of river shoals, the
groundwater is shallow, while Beijing and Chongging are
inland regions, with thick strata and deep groundwater.
These stratum factors will also affect the efficiency of
mine development. In order to better improve the
application rate of mine development in different cities to
the detection model, it is necessary to carry out mine
mining according to the location of each city and local
conditions. At the same time, it is necessary to accurately
use the detection model to improve the mining efficiency
in the process of mine development and reduce the
corresponding costs, so as to make greater contributions to
the development of cities and countries.

In the original description, "application rate™ actually
refers to the actual application proportion or frequency of
the water accumulation detection model for goaf based on
multi-source data fusion in mines in different cities. This
indicator reflects the usage and acceptance of the model in
the actual mining process. However, it should be noted
that the indicator of "satisfaction" is not mentioned here,
which may be a misunderstanding or omission in the
description process. If there is indeed a satisfaction index,
it refers to the subjective evaluation of the model
performance, accuracy, and economic benefits brought by
the mining party. When evaluating the accuracy and
reliability of the water accumulation detection model in
goaf based on multi-source data fusion, it is indeed
necessary to use a series of statistical indicators, such as
precision, recall, F1 score, and ROC curve. These
indicators can comprehensively reflect the performance of
the model and help to compare it with other models.
Accuracy refers to the proportion of instances predicted by
the model as positive samples that are truly positive. It
reflects the model's ability to recognize positive samples.
Recall rate refers to the proportion of all true positive
samples correctly predicted by the model as positive
samples. To more intuitively evaluate the performance of
the proposed model, the above indicators can be compared
with models in other related works. For example, other
models for detecting water accumulation in goaf based on
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multi-source data fusion or swarm intelligence perception
calculation can be searched, and their accuracy, recall rate,
F1 score, AUC value and other indicators can be
compared. It should be noted that since the evaluation of
different models may be based on different datasets and
experimental conditions, it is necessary to ensure that
these conditions are as consistent or comparable as
possible when making comparisons. In addition, cross
validation and other methods can be considered to further
verify the stability and reliability of the model.

4.2  Satisfaction analysis of detection model
for goaf ponding area by the group
intelligence perception computing

Perception computing is essential for mining, for using the
goaf ponding area model of the mine, a large number of
mobile group intelligent perception tasks need to evaluate
the value of the data to be uploaded in real time, that is,
whether the data is worth collecting. The value of data
perceived by mobile group intelligence is reflected in
whether the data can contribute to the value of the entire
dataset. Group intelligence perception data consists of
heterogeneous data items. This chapter evaluates the value
of a data in two steps: i) Evaluate the quality of data
according to the task constraints of mobile group
intelligence perception, that is, whether it meets the task
requirements. ii) In the collected data, retrieve the data that
can be replaced (the value contribution of mutually
replaceable data to the dataset is equal, that is, similar
data). In order to adapt to different tasks, parameterized
functions are used for data similarity calculation. The
similarity relationship of mobile group intelligence
perception data is not transitive, so the maximum
independent set of the graph is the optimal solution. This
chapter studies the data clustering and data selection
methods for approximating the optimal solution of
dynamic data streams. Specifically, according to the
similarity relationship between data, dynamic data streams
are clustered to make the value contribution of data in the
same cluster to the entire data set equal, and then data are
selected from different clusters. Through the interactive
handover between mobile nodes, multi node cooperation
can effectively improve the perceived quality, that is, to
promote high-quality data to reach the destination in time.
Portable intelligent mobile devices generally have the
shortcomings of small storage space and weak endurance.
Different devices have different abilities to store, transmit
and process data. Due to the limitations of storage space
and data transmission capacity, mobile nodes have limited
data carrying and forwarding capabilities. Therefore, it is
necessary to study the satisfaction of the detection model
of the goaf ponding area in different cities, so as to play a
certain reference value for promoting the development of
the mine.
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Figure 7: Satisfaction of people in different cities with
the detection model of goaf ponding area based on multi-
source data fusion and group intelligence perception
calculation.

Figure 7 shows the satisfaction of different urban
populations with the water accumulation detection model
in goaf based on multi-source data fusion and group
intelligent perception calculation. The total number of
statistical samples is 80, and from the results of the
statistical samples, Shanghai has the highest level of
satisfaction, reaching over 78%. Tianjin and Chongging
have the lowest satisfaction levels, with less than 75%.
Fig. 8 shows the average satisfaction among different
cities. Shanghai has the highest average satisfaction value,
while Tianjin has the lowest. This also shows that the
individual satisfaction value shows a fluctuation trend to
some extent, while the average satisfaction is a reflection
of the overall satisfaction, with different meanings.
Therefore, in order to improve the satisfaction of the
detection model of goaf ponding area in different cities, it
is necessary to strengthen the training of talents and
regularly carry out corresponding knowledge training
according to the economic and technological capabilities
of the city, so as to improve the application of the detection
model of goaf ponding area and make people get better
happiness and satisfaction.
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Figure 8: The average satisfaction of people in different
cities with the detection model of goaf ponding area
based on multi-source data fusion and group intelligence
perception calculation.
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As the area of goaf increases, the amount of data that
needs to be processed will also significantly increase.
Therefore, the model needs to have efficient data
processing capabilities to ensure stable and accurate
performance even with large amounts of data. The model
needs to be able to cover the entire goaf to ensure the
detection of water accumulation areas without omission.
This may require increasing the number of sensors and
optimizing sensor layout to improve the density and
accuracy of data collection. Processing larger datasets
may require more computing resources. Therefore, the
model needs to be able to run on scalable computing
platforms, such as cloud computing or distributed
computing systems, to cope with the growing demand for
computing. Different mining methods (such as open-pit
mining, underground mining, etc.) may have an impact on
the formation and distribution of water accumulation
areas. The model needs to be able to consider these
differences and provide targeted detection solutions.
Environmental factors such as rainfall and groundwater
levels may also have an impact on the formation of water
accumulation areas. The model needs to be able to monitor
changes in these factors in real time and adjust detection
strategies to adapt to new environmental conditions.

5 Discussion

Multi source data fusion technology is of great
significance for improving the overall performance and
reliability of the system. However, current research
mainly focuses on specific fields such as mine
waterlogging detection and urban waterlogging warning,
and has not been widely applied in other fields. Future
research should explore the application of multi-source
data fusion technology in more fields, optimize
algorithms, and improve the efficiency of data processing
and analysis. Through swarm intelligence perception
computing technology, in order to improve the safety of
mines, this article analyzes in detail the theoretical basis
and functional principles of both, and establishes a
detection model for goaf water storage areas through
swarm intelligence cognitive computing, targeting the
complex environment of goaf water storage areas.
Subsequently, it was applied to mining exploration in
different locations, proposing methods to improve mining
efficiency and reduce economic costs. In short,
establishing a detection model for water accumulation in
the goaf of the mine is of great significance for the mining
area and improves safety.

This study proposes a detection model based on
swarm intelligence perception calculation to address the
problem of water accumulation in goaf during mining, and
deeply analyzes the satisfaction of different cities with this
model. By comparing satisfaction data from different
cities, we have discovered some interesting phenomena
and patterns that have important reference value for
improving the intelligence and efficiency of mining.
Firstly, from the satisfaction data, it can be seen that
Shanghai and Beijing, as China's economic and
technological centers, have relatively high and stable
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satisfaction with the water accumulation detection model
in goaf areas. This may be closely related to the
advantages of these two cities in talent attraction,
technological innovation, and economic development.
These advantages make Shanghai and Beijing more
forward-looking and executable in promoting and
applying new technologies, thereby increasing public
acceptance and satisfaction with new technology models.

The study adopted swarm intelligence perception
computing technology and achieved rapid detection of
water accumulation areas in goaf through multi-source
data fusion. In the experiment, we compared the
computational efficiency differences between traditional
methods (such as single sensor monitoring) and our
model. The results show that our model can significantly
reduce computation time and improve detection speed
when processing large amounts of data. Specifically, when
processing a dataset containing 1000 data points, our
model is about 30% faster than traditional methods. To
verify the accuracy of the model, we collected actual data
from different mines and conducted comparative analysis.
The experimental results show that our model achieves an
accuracy of over 95% in detecting water accumulation
areas in goaf, which is significantly improved compared
to traditional methods (with an accuracy of about 80%).
This improvement is mainly due to the complementarity
of multi-source data and the robustness of swarm
intelligence algorithms.

6 Conclusion

By the group intelligence perception computing
technology, for better improving the safety of mine mining
and accurately understand the distribution of strata and
water volume in the goaf ponding area, this paper
discusses the functional principles of these two
technologies in detail, and establishes a detection model
for the goaf ponding area by the group intelligence
perception computing combined with the stratum structure
of the mine. Finally, the model is applied to the mine
development in different cities, and the accuracy of the
model is evaluated in detail by taking the application rate
and satisfaction degree of the detection model of goaf
ponding area as indicators. In general, this paper, by the
group intelligence perception computing technology,
takes the goaf ponding area as the research object, and
studies the model establishment process in detail, thus
providing a certain theoretical and experimental basis for
the future development of the mine and the application of
the detection model and multi-source data fusion and
group intelligence perception computing, which is of
positive significance.
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