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Abstract: Geological anomalies within the working face likely induce geological disasters, such
as water, gas, and coal mine roof fall, directly impacting the rational planning and safe mining
of underground resources. Constrained by the conditions of underground closed spaces, effective
reconstruction under incomplete and highly sparse projection is the central challenge when evaluating
geo-environmental conditions. This work proposes a new hybrid intelligent optimization model
(MPGA-SIRT) that integrates a multiple-population genetic algorithm (MPGA) with the simultaneous
iterative reconstruction technique (SIRT) to finely reconstruct the geo-environmental conditions
within a working face based on electromagnetic wave tomography theory. MPGA-SIRT can provide
a more precise initial inversion model for the conventional linear reconstruction technique of SIRT,
incorporating a local search property by leveraging the robust global search capacity of MPGA. The
advantages of MPGA-SIRT have been demonstrated through numerical modeling, theoretical testing,
and engineering practices on the 8208 working face in the Datong mining area, Shanxi Province. In
comparison to individual SIRT inversion models, MPGA-SIRT reconstruction yields more accurate
and stable performance, as demonstrated by the evolution curve of the objective function and the
corresponding convergence tomography results. Consequently, the geomagnetic wave absorption
coefficient within the area of reconstruction can be precisely ascertained through the use of our
proposed technique. This innovation represents a groundbreaking strategy for assessing geological
anomaly zones within a working face. The introduced method stands as a valuable theoretical
instrument for confronting the complexities associated with geo-environmental reconstruction in
underground engineering.

Keywords: geo-environmental condition reconstruction; incomplete projection; multiple-population
genetic algorithm; simultaneous iterative reconstruction; electromagnetic wave tomography

1. Introduction

Being one of the primary fossil energy sources, coal has long held significant strategic
value globally [1]. China has abundant coal resources with a large distribution range;
however, the occurrence conditions of coal resources are complex and vary greatly. There
are many folds and faults within coal seams, and the geological structures are complex
and changeable. The thickness of coal seams varies from very thin coal seams to thick
and extra-thick coal seams, from near horizontal coal seams, and gently inclined coal
seams to sharply inclined coal seams. Statistics indicate that 33.09% of China’s medium
and large coal mines face complex and extremely complex coal seam conditions, with
only 23.09% categorized as simple mines. Within this, complex and extremely complex
mines constitute 25.04% of large- and medium-sized coal mines, while simple ones make
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up 39.49%. Geological anomalies, including fractures, pores, folds, and faults within the
working face, significantly impact underground mining [2].

With increasing mining depth, geo-environmental conditions become increasingly
complex. From the perspective of safety, geological structures easily evolve into water
channels, and mine water can inrush into the working space when the stress structure is
destroyed, posing a serious threat to life and property [3]. At the same time, abnormal
geo-environmental sites are also some of the main gas enrichment areas, and gas accidents
often occur when gas-rich faults are exposed by mistake [4]. The development of geological
structures and drastic changes in coal thickness not only cause technical problems for
resource recovery but also mean that coal resources cannot be maximized. At the same
time, it is increasingly difficult to accurately formulate technical measures and programs for
possible safety problems. Therefore, meticulous descriptions of the geological environment
within a coal seam can effectively reduce waste in coal mining [5-7], which is also a key
issue that needs to be solved when constructing intelligent mines [8,9].

2. Geo-Environmental Condition Evaluation Methods

To minimize resource waste and safeguard the environment, precise mining of the
underground resource is crucial, which requires fine reconstruction of the occurrence state
of underground resources. At present, exploration technologies mainly based on geological
analysis, drilling, geophysical exploration, geochemical exploration, and remote sensing
provide foundational data for safe, efficient, and intelligent mining of coal mines in China,
as shown in Figure 1.

Surface Drilling
T EE————— hree-dimensional

xploration

Figure 1. The exploratory technology used to assess geo-environmental conditions within a work-
ing face.

Conventionally, the resolution of geological analysis has been largely contingent upon
the thoroughness and precision of geological data [10]. The results obtained when drilling
have the characteristics of being direct and true; however, such results come at the cost
of higher time and economic cost, which is accompanied by the potential risk of blind
zone detection [11]. In contrast, as one of the methods used in geophysical exploration,
electromagnetic tomography (EMT) is widely applied due to its economic advantages
and rapidness; it is also a non-destructive technique when implemented [12]. Due to the
significant differences in the absorption abilities of various media to electromagnetic waves,
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abnormal areas within a working face can be imaged. However, unlike in the medical
industry, where electromagnetic waves can cover the human body with a 360-degree field
of view, coal mine working faces are often narrow and rectangular, with roofs and floors
covered by rock layers, making it difficult to arrange the transmitting source and the receiv-
ing device [13]. As a result, the obtained projection data are insufficient and incomplete
in terms of precisely reconstructing geological environments within the detection areas of
working faces, which is considered to be the burning issue in intelligent mines that are
under development [14].

As an indispensable technology in the coal mine industry, electromagnetic tomogra-
phy (EMT) was developed from the theoretical basis of tomography known as the Radon
transform, which was put forward by Radon in 1917 [15]. Limited by the shape of coal
mine working faces and observation systems, the target matrix equation to be inversed
by EMT does not always contain the full rank of the column, resulting in infinite solu-
tions [16]. The most classical solutions to the matrix equation are the algebra reconstruction
algorithm (ART) proposed by R. Gordon [17] and the simultaneous iterative reconstruction
technique (SIRT) algorithm proposed by P. Gilbert [18] and their optimization algorithms.
Subsequently, many scholars stated that the regularization method could be used in the to-
mographic inversion of a working surface [19]. However, the majority of these widely used
tomographic inversion methods start with a single initial model and repeatedly approach
the improved adjacent solution set until the final solution is obtained and the permitted
requirements are satisfied [20]. As a result, the initial model choice has a significant impact
on the inversion results. If the initial model is poorly chosen, the objective function is vul-
nerable to local optimal solutions, which could have a negative impact on the stability and
accuracy of the reconstruction of the geological environment in working faces. Currently,
utilizing EMT technology to provide a more accurate, stable, and reliable initial model
for the traditional tomographic inversion algorithm has become the core in the related
field [21,22], which is also the focus of this research.

Since 1949, intelligent algorithms that emulate the principles of survival and evo-
lutionary dynamics in nature have been gradually developed, such as the Monte-Carlo
method [23], BP neural network [24], single genetic algorithm (SGA) [25], and particle
swarm optimization algorithm [26]. Because these heuristic evolutionary algorithms have
strong global search capabilities and evolutionary search mechanisms, they are less de-
pendent on the initial model and offer fresh perspectives on the solutions to challenging
multi-dimensional issues [27].

Therefore, this research aims to leverage the global search capabilities inherent to
intelligent optimization algorithms to furnish the initial model for electromagnetic wave
computed tomographic inversion of a working face. This will be coupled with the tradi-
tional linear iterative algorithm, which is known for its robust local search ability, to create a
hybrid intelligent optimization reconstruction algorithm tailored for incomplete projection
conditions. The proposed hybrid algorithm in this research has the potential to enhance the
accuracy of predicting unknown geological environments within a working face, offering
essential data support for the intelligent and precise mining of coal mines. Additionally, it
introduces new methods for the precise exploration of enclosed underground spaces.

3. Theoretical Analysis and Model Construction
3.1. Mathematical Model of Electromagnetic Wave CT Reconstruction

In the tomographic inversion and reconstruction calculation processes of coal mine
working faces using electromagnetic tomography technology, the target detection area is
discretized and divided into hypothetical B grids, as shown in Figure 2. Each grid is called
a pixel, and x; represents the true absorption coefficient of the jth grid, j=1,2,3... B.
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Figure 2. The schematic diagram of mesh discretization for electromagnetic wave tomography.

Assuming that the ith ray passes through the detection area from the transmitting end
to the receiving end, the intercept of the ray in the jth grid is d;;. If the number of rays is set

to A, the attenuation y; of the electromagnetic wave on the ith ray path can be expressed
as follows:

B
yi =) dijx; )
=

The electromagnetic waves in the detection process were generated at multiple emis-
sion points. Further, each emission point corresponds to multiple receiving points to collect
data concerning the generated electromagnetic waves. Therefore, Equation (1) can be
further extended to the following:

din dip ... dip| [x1 Y1
dyy dyp ... dyp| |x2 Y2
. . . = : (2)
dar dax ... dap] | xB va
that is
[D][X] = [Y] 3)

In the above formula, [D] refers to the A x B coefficient matrix and represents the
intercept of each ray passing through each grid, where the number of rays is A and the
number of grids is B.

[Y] is the (A x 1) constant matrix, and the constant is related to the measured field
strength under each observation method. The attenuation amount y; can be calculated from
the field-measured data as follows:

Hi = HO — yi — lnri (4)

In the above formula, Hy is the original field strength emitted at the signal source, H;
represents electromagnetic wave field strength data for the ith ray, and r; represents the
length of the ith ray.

[X] is the (B x 1) geomagnetic wave absorption unknown coefficient matrix, repre-
senting the electromagnetic wave absorption coefficient of each pixel, which is the target
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value to be reconstructed by inversion. Specifically, the absorption coefficient of each pixel
needs to be obtained, and the image generated by numerical fitting will directly show the
geological environment in the working face.

Due to the limitation of the underground enclosed space conditions, the number of
rays A that can be collected around the working face is far less than the number of grids B.
Therefore, the solution [X] of the matrix Equation (2) under incomplete and highly sparse
projection conditions is the core of this work.

3.2. Reconstruction Model of Hybrid Intelligent Optimization Algorithm
3.2.1. Reconstruction Objectives of Geo-Environmental Conditions

With the rapid development of artificial intelligence and interdisciplinary collabo-
ration, some advanced intelligent algorithms have been successfully applied in various
industries [28-32]. Since 1985, these algorithms have been applied to geophysical inversion,
especially in seismic inversion [33]. Subsequently, they were used in magnetotelluric inver-
sion. However, there are not many studies and applications involving the use of intelligent
algorithms in the electromagnetic wave tomographic inversion of working faces. The
introduction of electromagnetic wave CT technology into the reconstruction and prediction
of geological environments in working faces will overcome the conventional inversion
algorithm’s strong dependence on the single initial model and its theoretical local optimal
solution problem.

Intelligent algorithms are garnering increasing interest due to their capability for
random nonlinear optimization [34], which reduces the dependence of their results on
the initial model. This research converts the matrix problem in Formulas (1)—(4) into
a functional extremum problem in order to incorporate intelligent algorithms into the
electromagnetic wave CT reconstruction of the working face. The approximate solution of
the matrix equation is then obtained when the objective function reaches the extreme value
in the intelligent algorithm, which is then used as the initial solution of the conventional
linear reconstruction model.

The objective function is often defined as the gap between the observed data and the
theoretical data. In the calculation of electromagnetic wave tomographic inversion, the
measured field strength was first obtained from the receiving equipment, and then the
measured loss of electromagnetic wave field strength during propagation could be derived
according to Equation (4). In addition, the absorption coefficient value of the medium in the
detection range within a certain range is randomly assigned, and then the theoretical loss
value of the field strength of electromagnetic waves in the propagation process is calculated
according to Equation (1). Finally, the theoretical values of the absorption coefficients of
each grid are repeatedly updated by the intelligent algorithm until the difference between
the measured and theoretical values of field strength loss reaches a minimum, i.e., when
the stopping condition is satisfied, the value of absorption coefficient of each grid at the
current moment can be output. The specific objective function is defined as shown in
Equation (5) below:

A B
f(X) = %Z (Hy— H; —Inr; — Y _ djjx;)? 5)
i=1 =1

where X = (x1,x2,- -+, Xj oo, xp) is the vector of absorption coefficients to be inverted.
Therefore, the geological anomaly stratigraphic inversion model can be defined as
follows: find X’ € C such that

f(X') = minf(X) (6)
where X' = (x],x},---, x;», -+ ,x}) is the value of the absorption coefficient obtained for

each grid corresponding to the inversion when the objective function f(X) is minimized. Ib
and ub are the upper and lower limits of the variation of the variables, respectively.
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3.2.2. Options of the Hybrid Intelligent Algorithms

To solve the extreme value of the objective function, the Monte-Carlo method con-
verges toward the local optimal solution when the number of samples is relatively small
and lacks practicality, especially when the dimensionality of the solution parameters is
large [35]. Neural network algorithms are also found to be limited in their ability to solve
multi-covariate optimization problems. With efficient, parallel, and global search capabili-
ties, the SGA intelligent algorithm is able to adjust the evolutionary direction autonomously
through the previously accumulated evolutionary knowledge in the search process until the
permissive conditions are satisfied [36] and the optimal solution of the objective function
can thus be found. The genetic algorithm is a practical, efficient, and robust optimization
technology [37]. Due to the open nature of its algorithm, it has good improvement potential
and has thus developed very rapidly into a widely used intelligent search algorithm for
optimization. Currently, it is a research hotspot at home and abroad [38].

As a global optimization stochastic search algorithm, the SGA intelligent algorithm’s
search performance is mainly determined by the crossover operator and variational opera-
tor with a probabilistic nature. During the evolution of an SGA search, the performance of
the core genetic operation depends mainly on the crossover probability Pc and the variation
probability Pm. Since the final search result of SGA is sensitive to Pc and Pm, different
values will bring different evolutionary results [25].

The choice of genetic parameters is particularly important because an SGA often uses
a single fixed genetic parameter. Experts across various sectors have introduced distinct
methodologies for determining genetic parameters when employing genetic algorithms to
address a range of problems. So far, there is still no uniform rule for parameter selection;
therefore, a large number of tests are often required to select the optimal result when faced
with a new problem, which is time-consuming and cannot obtain globally optimal results.
Therefore, immature convergence (also called “premature”) in a genetic algorithm has
become a nonnegligible problem [39].

In order to solve the aforementioned problem relating to the SGA, this research
introduces a multiple-population genetic algorithm (MPGA) to improve the SGA using
a multiple-population coevolution strategy. In SGA evolutionary search, crossover and
variation operators are the core means of new individual generation, playing an important
role in influencing the SGA's global and local search performance. Usually, larger crossover
probability Pc and smaller variation probability Pm tend to be used in SGA applications.
However, it is still confronted with a wide range of selections in terms of genetic parameters,
and different values yield different evolutionary results. The MPGA improves SGA by
enabling multiple-population collaborative evolutionary searches with different genetic
parameters. It ameliorates the population’s performance in terms of both global searches
and local searches.

During the evolution of the MPGA, each population is relatively independent of each
other and transmits information mainly through the migration operator. The migration
operator exchanges high-quality information between multiple populations with the rule
that the highest-quality individual in the current population (i.e., the individual with the
highest fitness value) replaces the worst-quality individual in the target population (i.e.,
the individual with the lowest fitness value).

Traditional linear reconstruction algorithms for the electromagnetic wave CT recon-
struction of working faces include back projection (BP), the conjugate gradient method
(CG), and the least square method (LSQR) for solving the inverse matrix, algebraic iteration
(ART), instantaneous iteration method (SIRT), etc. [40]. Because of SIRT’s fitness for sparse,
irregular, and low signal-to-noise ratio measured data, as well as its robust operational
performance, it is widely used to solve matrix equations with pathological characteristics
obtained under incomplete projection conditions in underground engineering [41].

Therefore, this research firstly applied the MPGA to solve the global optimization
problem of the target function when it reached the minimal value in electromagnetic wave
CT reconstruction of the working face, and then used the obtained optimal solution as the
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initial model for further iterations of the traditional linear reconstruction algorithm, SIRT,
to form a hybrid intelligent algorithm model: MPGA-SIRT. Finally, the EM wave absorption
coefficient distribution in the working face exploration area was obtained. Due to the fact
that the results are closer to reality, this hybrid intelligent algorithm can provide a basis for
the accurate prediction of the geological environments of coal mine working faces.

3.2.3. The Program of MPGA-SIRT Hybrid Intelligent Algorithm

In this study, the hybrid intelligence algorithm of MPGA-SIRT has been adopted to
reconstruct the geological environment within a working face, which can fully combine the
advantages of the global search provided by an intelligent algorithm and the local search
provided by a traditional linear algorithm. The flow chart of the proposed MPGA-SIRT
program is shown in Figure 3.

(1) Initialize populations

There were a total of 10 populations in the calculation process during each iteration.
Each population contained 20 individuals, and each individual represented a feasible
solution for the electromagnetic wave absorption coefficient required for optimization.
Binary encoding was applied in this program with an encoded bit number of 20, and the
initialized populations were generated. The initial iterative algebra Iter is set to 1.

The fitness value of each individual for each population was calculated, and then
the genetic operations were performed according to the fitness value to generate a better
solution of the absorption coefficient distribution. The selection probability is the ratio
between the number of parent individuals selected for genetic manipulation and the total
number of individuals, which is randomly selected between 0.9 and 0.95. Different popula-
tions perform different crossover and mutation probabilities; the crossover probability is
randomly selected between 0.7 and 0.9, and the mutation probability is randomly selected
between 0.001 and 0.05 [42,43].

(2) Immigration operation

For each population that had undergone genetic operations, migration operations
were performed to enable the exchange of high-quality information between multiple
populations. Specifically, the individual with the worst quality (i.e., the lowest fitness value)
in the target population was replaced with the one with the highest quality (i.e., the highest
fitness value) in the source population. Through the coevolutionary search by multiple
populations with different genetic parameters, the performance of the global search for the
objective function’s optimal solution could be improved.

(3) Manual selection operation

After evolution, the optimal individual in each population was selected, and then
the optimal individuals of all populations (i.e., elite individuals) were chosen and stored
separately in the Iter generation after comparison. Iter = Iter + 1. To ensure that elite
individuals produced by different populations during evolution were not destroyed or
omitted, they did not undergo genetic operations.

If Iter > 500, the process of genetic evolution would stop, and the result of electromag-
netic wave absorption coefficient distribution Xy was acquired. Otherwise, go to (2).

(4) SIRT algorithm

The result X obtained by the global search of MPGA was used as the initial model for
the local inversion of the SIRT, and the repeated iteration was conducted according to the
following formula:

Y; — D;X
spT
Xg+1 = Xg + Z — 7 Di )
i1 Di'D;
where D; was the ith row vector of D, DI was the transpose of D;, g was the current iteration
steps of SIRT, and the initial value of ¢ was 1. X, represents the electromagnetic wave
absorption coefficient distribution results after the iteration steps of g. The distribution
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result with a global optimum was finally obtained when the current iteration steps g

reached the maximum 500 iterations.

Initialize populations ( Ifer =0)

— Calculate the fitness value of each individual for each population

Execute genetic manipulation for each population

Selection ’—N Crossover ——u Mutation

Migration operation

'

Population 1 =—> Population 2 ——>

Select elite of population 1

Artificial selection operation for each population

Select elite of population 10

Preserve
new elite

Preserve
previous elite

Preserve
new elite

Preserve
previous elite

Select the optimal individual of the elites, lter= Iter +1

Generate the optimal solution X, of the objective function

DX

i gDT

1

SIRT algorithm (The initial value of g 1s 0)

A
Xg+1:Xg+ZI:

Generate the optimal solution X of the electromagnetic wave

Figure 3. Flow chart of the proposed MPGA-SIRT program.

absorption coefficient within workingface
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4. Numerical Experiment and Analysis

The MPGA-SIRT algorithm was implemented on a PC (3.3 GHz CPU, 8.0 G memory)
to demonstrate its effectiveness, and all algorithms were implemented in the MATLAB
2017b programming environment (MathWorks Inc., Natick, MA, USA, 2017). A 600 m
long and 200 m wide model was established according to the shape characteristics of the
coal mine working face, as shown in Figure 4. Considering that the differences in the
absorption capacities of electromagnetic waves between the coal seam and the geological
anomaly medium provide the basis for the inversion calculation of geological anomalies
at the working face, the electromagnetic wave absorption coefficient of the abnormal area
was set to f; =1 dB/m, and that of the rest of the normal area was set to 8, = 0.5 dB/m
according to the previous project detection experience, which could verify the feasibility of
the prediction method proposed in this research.

I Abnormal area (f=1dB/m) [1 Normal area (f,=0.5dB/m)

200
= 150
S
= 100
z
o
2

50
p=

0 50 100 150 200 250 300 350 400 450 500 550 600

Model length [m]
Figure 4. Distribution diagram of the model construction.

The observation system had a 30 m separation between transmitting stations and a
10 m separation between comparable receiving locations. A total of 420 transmission rays
were captured in total. Prior to the tomographic inversion calculation, the detection area
was first discretized into grids, and the size of each grid was 10 x 10 m. The detection
area was planned to be divided into A = 1200 grids, and the absorption coefficient value
represented by these 1200 grids was the target requiring solution via inversion.

In order to assess the efficacy of the hybrid intelligent optimization algorithm of
MPGA-SIRT proposed in this paper, this research reversed the geological anomaly of the
working face shown in Figure 5 using three different reconstruction models, including the
SIRT conventional linear reconstruction algorithm, SGA-SIRT, and the MPGA-SIRT hybrid
intelligent algorithm. After 500 generations of iterations, the final convergence for the
objective function f was 8.033 dB/m based on the SIRT, 15.451 dB/m based on SGA, and
5.882 dB/m based on MPGA, as shown in Figure 6a. Therefore, the MPGA had stronger
global search performance compared to SGA. Subsequently, the absorption coefficient
matrix Xy corresponding to the convergence based on SGA and MPGA intelligent algo-
rithms was used as the initial model of the SIRT, respectively, and iterative inversion was
continued. The convergence results of the final objective function f were 3.448 dB/m and
3.071 dB/m, respectively, as shown in Figure 5b,c. The optimal solution X of the objective
function obtained at the time of convergence based on the three different reconstruction
algorithms of SIRT, SGA-SIRT, and MPGA-SIRT was imaged using tomography, as shown
in Figure 5. As a result, the MPGA-SIRT hybrid intelligent reconstruction’s distribution of
geological anomalies is most compatible with the model’s setting region. Therefore, the
introduction of intelligent algorithms could effectively improve the search performance
of the SIRT for the objective function. Stronger global and local search capabilities of the
MPGA-SIRT hybrid intelligent algorithm can increase the inversion and prediction accuracy
of the geological anomaly layer within a working face.
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In addition to accuracy, stability is also an important indicator of a model’s per-
formance. Therefore, in order to verify the stability of the proposed hybrid intelligent
algorithm, five repetitive reconstruction operations were performed on the anomalous
area of the working face. The evolution curves of the objective function based on different
reconstruction models are shown in Figure 7, and the convergence results are shown in
Figure 8.

The standard deviation S, as a measure of statistical data dispersion, can well evaluate
the stability of each reconstructed model, which is defined as follows.

L(F—F)?
S—= /=" )
n—1

In the above equation, F represents the convergence results of repeated inversions
based on different reconstruction models. F is the average value of F. n is the number of
repeated inversion operations of each reconstruction model, and n = 5.

As shown in Table 1, after 500 generations of iterations, the mean values of the
convergence outcomes of the objective functions achieved by the SGA and MPGA with
numerous repeated evolutionary searches were 15.885 dB/m and 6.037 dB/m, respectively.
The standard deviations were 0.272 dB/m and 0.114 dB/m. In conclusion, the MPGA has
stronger stability compared with the SGA, also proving the accuracy of the global search
performance of the MPGA.
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Figure 5. Evolution curves of objective function f obtained based on different reconstruction models.
(a) Evolution curve of objective function inversion based on the SIRT algorithm. (b) Evolution curve
of objective function inversion based on the SGA-SIRT hybrid intelligent optimization algorithm.
(c) Evolution curve of objective function inversion based on the MPGA-SIRT hybrid intelligent
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Model width [m]

Model width [m]

(b)

Model width [m]

Model length [m]
()

Figure 6. Tomography inversion results obtained using different reconstruction models. (a) Tomogra-
phy inversion result obtained via the SIRT algorithm. (b) Tomography inversion result obtained via
the SGA-SIRT algorithm. (c) Tomography inversion result obtained via the MPGA-SIRT algorithm.

Table 1. Convergence results with repetitive sequence obtained via the SGA and MPGA [dB/m].

Repetitive Sequence

Optimization Models Average Value Standard Deviati
P 1st 2nd 3rd 4th 5th & andarc Deviation
SGA 15.451 15.801 16.011 16.144 16.018 15.885 0.272
MPGA 5.882 6.038 6.046 6.015 6.205 6.037 0.114

As shown in Table 2, after five iterations, the mean values of the final convergence
results obtained via the SIRT, SGA-SIRT, and MPGA-SIRT were 7.948 dB/m, 3.492 dB/m,
and 3.075 dB/m, with standard deviations of 0.574 dB/m, 0.182 dB/m, and 0.071 dB/m,
respectively. Therefore, MPGA-SIRT offers better performance in terms of both accuracy

and stability.
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Table 2. Convergence results with repetitive sequence for different inversion models [dB/m].

Inversion Models

Repetitive Sequence

1st

2nd 3rd 4th

5th

Average Value

Standard Deviation

SIRT
SGA-SIRT
MPGA-SIRT

7.129
3.448
3.072

8.059 7.667 8.263
3.811 3.411 3.353
3.066 2.961 3.156

8.624
3.438
3.119

7.948
3.492
3.075

0.574
0.182
0.071
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Figure 7. Evolution curves of objective function f obtained based on different reconstruction models
with repeated tests. (a) Evolution curves of objective function based on SIRT with repeated tests.
(b) Evolution curves of objective function based on SGA-SIRT with repeated tests. (c¢) Evolution
curves of objective function based on MPGA-SIRT with repeated tests.
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5. Experimental Section
5.1. Survey Area

To verify the effectiveness and feasibility of the proposed hybrid intelligent algorithm,
this research reconstructs and predicts the geological anomaly area within the 8208 working
face of Datong mine, Shanxi. The strike length of the 8208 working face is 1000 m, and
the inclined width is 150 m. The coal thickness is unstable, varying from 4.29 m to 9.44 m,
containing 1-4 layers of gangue. The coal seam dip angle varies from 2° to 10°. With seven
faults and three trap columns in the two lanes in the working face, the internal coal seam
occurrence state is relatively complex, as shown in Figure 9. In the observation arrangement
used for electromagnetic wave CT detection, the transmitting point spacing was 50 m, the
receiving point spacing was 10 m, and a total of 418 electromagnetic wave transmission
rays were collected.
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Figure 9. The distribution diagram of the 8208 working face survey area.

5.2. Evolution Curve Feature Results Based on Different Algorithms

Prior to the inversion reconstruction of the 8208 working face, the detecting region
in the working face was grid discretized. The discrete grid was divided into 1470 grids
with a size of 10.3 m x 10.3 m to ensure that the electromagnetic wave transmission beams
were distributed evenly inside it. The final convergence result of the objective function f
based on MPGA-SIRT was 6.495 dB/m, as shown in Figure 10, which was the closest to the
global optimal solution among the three reconstruction models and thus showed stronger
search performance.
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Figure 10. Evolution curves of objective function obtained based on different reconstruction models
for 8208 working face. (a) Evolution curve of objective function inversion based on SIRT algorithm.
(b) Evolution curve of objective function inversion based on SGA-SIRT hybrid intelligent optimization
algorithm. (c) Evolution curve of objective function inversion based on MPGA-SIRT hybrid intelligent
optimization algorithm.

5.3. Tomography Results Corresponding to Different Algorithms

When the objective function f based on the three different reconfiguration models
reached convergence, the results of the electromagnetic wave absorption coefficient dis-
tribution of the 8208 working surface were obtained, as shown in Figure 11. Compared
with the SIRT, the distribution of the geological anomalies reconstructed using SGA-SIRT
was relatively ameliorated, while the geological anomaly tomography results based on
MPGA-SIRT were the closest to reality and more accurate in terms of determining the
distribution of geological anomalies. As shown in Figure 11c, it could be predicted that
the 8208 working face contained two geological anomalies, which were around 170-310 m
and 720-940 m, respectively. They had great possibility in terms of penetrating the whole
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e

*

L

working face, significantly impacting the recovery of the working face. It is recommended
that the two anomalous areas be avoided in the recovery plan. When the recovery reaches
the region of these two anomalous areas, drilling should be improved, and certain safety
precautions should be intensified to prevent interfering with the effective and safe mining
of the working face.
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Figure 11. Tomography inversion results of the 8208 working face obtained using different reconstruc-
tion models. (a) Tomography inversion result obtained using the SIRT algorithm. (b) Tomography
inversion result obtained using the SGA-SIRT algorithm. (c) Tomography inversion result obtained
using the MPGA-SIRT algorithm.

5.4. Stability Analysis of Different Reconstruction Models

The SIRT had large variations in convergence in repeated inversion calculations, with
a maximum variation value of 1.391 dB/m, while the variation amplitudes based on
SGA-SIRT and MPGA-SIRT were 0.762 dB/m and 0.277 dB/m, respectively, as shown in
Figures 12 and 13.

The mean values of the objective function’s convergence results based on the SIRT,
SGA-SIRT, and MPGA-SIRT were 8.606 dB/m, 7.122 dB/m, and 6.528 dB/m, with standard
deviations of 0.569 dB/m, 0.297 dB/m and 0.099 dB/m, respectively, as shown in Table 3.
The engineering practices of the 8208 working face verified that MPGA-SIRT showed
stronger accuracy and stability with the combination of the intelligent algorithm’s global
search characteristics and the traditional linear algorithm’s local search characteristics.
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Figure 12. Evolution curves of objective function f obtained based on different reconstruction models
with repeated tests for 8208 working face. (a) Evolution curves of objective function based on SIRT
with repeated tests. (b) Evolution curves of objective function based on SGA-SIRT with repeated tests.
(c) Evolution curves of objective function based on MPGA-SIRT with repeated tests.

9.5 . T .
—+—SIRT -
i —>¢— SGA-SIRT
9.0 MPGA-SIRT

20
W

o

.
W

>
o

N

Convergence result of objective function [dB/m]
(@)
W

3 4 5
Repetitive sequence

S

(]
—
N -

Figure 13. Convergence results of objective function f obtained based on different reconstruction
models with repeated tests for 8208 working face.



Appl. Sci. 2024, 14, 8284

20 of 22

Table 3. Convergence results with repetitive sequence for different inversion models [dB/m].

Inversion Models Repetitive Sequence A
(The Size of the Exploration Area for the 8208 Working Face Is Verage Star.lda.rd
1000 m in Length and 150 m in Width) 1st 2nd 3rd 4th 5th  value  Deviation
SIRT 7951 8.665 8.141 8.929 9.342 8.606 0.569
SGA-SIRT 6.852 7.613 6.939 7.051 7.155 7.122 0.297
MPGA-SIRT 6.542 6.667 6495 6.549 6.389 6.528 0.099

6. Conclusions

In this study, a novel MPGA-SIRT hybrid intelligent reconstruction algorithm is
introduced to evaluate the geo-environmental conditions within a working face. The
efficacy of the proposed method was substantiated through both numerical simulations
and field measurement tests. This work contributes to a deeper understanding of the
effective reconstruction mechanisms involved in geo-environmental conditions within an
underground closed space. In summary, the following conclusions can be drawn based on
the results of this study:

(1) Given the limitations of projection data, anticipating the anomalous areas within the
working face becomes challenging. In this scenario, the coupled algorithm of MPGA and
SIRT can be employed to reconstruct the geo-environmental conditions within a working
face, even with insufficient projection data.

(2) The MPGA outperforms the SGA in terms of accuracy and stability through the
coevolution of multiple populations, providing a more rational initial model for the SIRT
algorithm and mitigating its dependence on the initial model flaw.

(3) The MPGA-SIRT hybrid intelligent algorithm, combining the robust global evo-
lutionary ability of the MPGA intelligent algorithm with the local search characteristics
of the SIRT linear reconstruction algorithm, proves effective in enhancing the accuracy of
reconstructing geo-environmental conditions within a working face.

In conclusion, the algorithm presented in this paper, with its distinctive combination of
a multiple-population genetic algorithm (MPGA) and simultaneous iterative reconstruction
technique (SIRT), effectively resolves issues faced by traditional linear reconstruction
techniques. The MPGA-SIRT model overcomes the constraints of underground confined
spaces, providing a more precise initial inversion model for geological environments within
working faces based on electromagnetic wave tomography theory. Simultaneously, this
algorithm ingeniously utilizes the global search capability of the MPGA and the local
search properties of the SIRT, significantly enhancing the accuracy and stability of the
inversion process. Validated through numerical modeling, theoretical testing, and practical
applications in actual mining areas, this algorithm exhibits superior performance in terms of
objective function convergence and tomography results compared to conventional methods.
Therefore, it offers a novel and accurate means for assessing mine geology while providing
scientific and reliable data support for engineering planning, design, construction, and
other phases. This contributes to ensuring environmentally friendly and efficient mining
practices, mitigating potential geological risks and enhancing the safety and stability of
engineering operations.

In light of the successful applications of the MPGA-SIRT model in reconstructing
geo-environmental conditions within a working face, the refinement of the MPGA-SIRT
algorithm could involve integrating advanced machine learning techniques to further
enhance its ability to handle complex and dynamic geo-environmental data. This could lead
to more precise and real-time monitoring of underground conditions, thereby improving
the safety and efficiency of mining operations. Moreover, the model could be expanded
to include a broader range of geophysical parameters, such as seismic wave velocities
or electrical resistivity, to provide a more comprehensive assessment of the subsurface
environment. By pursuing these avenues, our research can continue to contribute to the
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advancement of underground resource extraction and the mitigation of geological hazards,
ultimately leading to more sustainable and safe mining practices.
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