g

AOTEPHA

HAYYHO-UINATENDCKUN UEHTP

®OPMHUPOBAHUE U PA3BBUTHUE
HOBOI1 TAPAJUT'MbI HAYKH
B SIIOXY
MNOCTHH/IYCTPHAJIBHOI'O OBIIECTBA

CoopHIK cTaTeii
MeaayHapo/HOil HAY YHO-TIPAKTHYECKOiT KoH(pepeHmu
25 mrosist 2026 r.

ADTEPHA
YOA
2026



VK 00(082)+001.18 +001.89
BBK 943 +72.4: 72.5

ISBN 978-5-00249-642-6

O 796

@®OPMIPOBAHIE UM PA3SBHTHE HOBOIl IAPAJUIMBI HAVKH B 3IOXY
THOCTHHIYCTPUAJIBHOT'O OBIIECTBA: cGopHik crateii MekIyHAPOIHOI HAYYHO-TIPAKTHHECKOM
KoHbepenipni (25 yros 2026 1., 1. Boponex). - Ya: Ayrepha, 2026.—318 c.

Hacrosmmii cGOpHUK cOCTaBIIeH 1Mo UToraM MeIyHAPOHOIT HAYUHO-TIPAKTHYeCKOIl KoH(epeHInm
«POPMHPOBAHIE UM PASBHTHE HOBOM MAPAJMIMBI HAVKH B DIOXY
TIIOCTHHIYCTPHAJIBHOI'O OBIIECTBA», cocrosBuieiics 25 mioist 2026 1. B 1. BopoHex.
B cOopHike craTeii paccMATPHBAIOTCS COBPeMeHHbIE BOMPOCHI HAYKH, OOPA3oBAHMS M TIPAKTHKH
TIPUMEHEHVS Pe3y IbTATOB HAYUHBIX HCCIIeIOBAHMIL

Bee MaTepHaNILI CIPYIIIAPOBAHKI 110 pa3/iesia, COOTBETCTBYIOMIM HOMEHKJIATYPEe HAYIHBIX CHISIHATTLHOCTEH.

COopHHK TpeAHAHAYSH PIT MIMPOKOTO Kpyra WHTATeNeH, MHTePECYIOMHKCS] HAYIHBIME HCCIIEIOBAHFSIMI
U pa3pabOTKAMM, HAYUHBIX M IGJATOTHUCCKUX pPabOTHHKOB, IperofaBaTesiel, JOKTOPAHTOB, acIHPAaHTOB,
MATHCTPAHIOB M CTY[CHTOB ¢ IeJIBIO HCIOJL30BAHUS B HAYYHOM H IeJATOTHYeCKOM paboTe M yueOHOU
JIeSTTeIIHOCTH.

Bee cTaTby IPOXO/IAT SKCIISPTHYIO OLCHKY. T'ovka 3peHust peIakani He Beeria COBIIAAET ¢ TOUKOI 3PeHIsT
ABTOPOB IYO/IMKYeMBIX craTeil. CTaTh NPE/ICTABICHBI B aBTOPCKOU penakimi. OTBETCTBEHHOCTD 32 TOYHOCTh
IUTAT, IMEH, Ha3BaHUH M MHBIX CBEJICHHM, a TaK JKe 32 COOMIONICHHE 3aKOHOB 00 HHTE/UICKTYATIHON COOCTBEHHOCTH
HeCyT aBTOPBI ITyOIMKyeMbIX MATEPHATIOB.

ITpu HCHONMBE30BAHMM OMYOJHMKOBAHHBIX MATCPHAIOB B KOHTSKCTe JPYIHX JIOKYMOHTOB WIH HX IIeperevuarke
CChUIKA Ha COOPHHK CTATeH HAYIHO-IIPAKTHIeCKOH KOH(EPSHITUH 00s3aTe IbHA.

Io/moTeKcToBasi IEKTPOHHASL BePCUsi COOPHIKA pasMellleHA B CBOGOTHOM JOCTYIe Ha caiiTe
https: / aeterna - ufa.ru / arh - conf

COopHUK cTaTell MOCTATeMHO pasMeIISH B HAYUHOW SJIGKTpOHHOM Oubimmoteke elibrary.ru mo JIoroBopy
Ne 242 - 02/2014K ot 7 deppas 2014 1.

YK 00(082)+001.18 +001.89
BBK 943 +72.4: 72.5

ISBN 978-5-00249-642-6

O 796

© 000 «ADTEPHA», 2026
© Kosrexktus aBTopos, 2026



OmesemcmeeH bl pedaxmop:
CyxnacsH Acatyp AlILGepToBIY, K.5.H.

B cocmag pedaxuitoHHON KoUte2uit 1 op2anit 0

AdnysumH Tumyp 3ydapoButd, K.T.H.
Adunosa I'yvupa IlyxpaToBHa, 1T.H.
AsazoB CapIop:koH DPKUH YIVIH, J1.C. - X.H.
AradonoB IOpmii AjiexcceeBHM, 1.M.H.
AureiinmicoBa Enlena BiamivipoBHa, J1.10C.yIIp.
Asmies 3axup I'yceliH oruibL, 1. GuiLarp.H
AmnnpeitueB Anexceit Biammvmporiry, k.0.H.
babasn Arpkena Biaguciaposna, J1LIe o
Banera 3w BarvzoeHa, 1.GWwiH.
Baiiryzusa JIroza 3axaieBHa, K.0.H.
Bymarosa Aticsuty HibaapoBHa, K.COILH.
Bypak Jleonmn Yecnagoeu, K.T.H., PhD
Banecs Amior CapkiicoBHYL JTM.H.
Bacuwbes Penmop llerpoBuy, 1.10.1H., wien PAIOH
Besmunnckas Enena BacwibeHa, 1.(apM.H.
BimeBckas AnHa BsecsaBoBHA, KIS, H.
Ta0pych AHapeii AJeKCAHIPOBI, K.5.H.
Tammvosa I'yzammis AGKaMPOBHA, K.5.H.
T'ermanckas Enena BajieHTHHOBHA, 11161 H.
T'vvipanoBa I'yzeqms Xavigny/uioBHa, K.O.H.
I'puropses Mixani PeroceeBIrd, /1.¢. - X.H
I'pyzunckasn Exatepuna MropesHa, K.10.H.
T'yimen UrGanm AmueBHy, K.5.H.

Jaruit Anexceii Bacimesuy, 1.M.H.

Jooros /Ivirrpuii MBaHoBMY, K.5.H.
Jyemator AGmypaxum /[yeMaToBHY, K. T. H.
ExaacoBa Huna CepreesHa, LIS/ H.,
Examixeen Tarep KagnipoBird, k.5.H.
Enxuesa Mapuxa KoHeTaHTHHOBHA, K.1TIe/T.H.
Edpemenio EBrenmii CepreeButy, K.M.H.
3axupos MyHasup 3aKueBir, K.T.H.
3apumnios Xycan baxomuposny, PhD.
HBanosa Huomwia MBaHoBHA, /1.C. - X.H.
Kagyxuna Ceersiana AHATOIbEBHA, [T X.H.
Kanapeiram Anexcanap HBaHoBird, K.T.H.
Kacumvona /Tunapa PapuroBHa, K.5.H.
Kupaxocsan Cycana ApceHoBHA, K.10.H.

Kupkumbaepa Kymaryins CisvMOeKoBHA, [T.BET.H.

Kunennna Entena AHaTonbeBHa, K.QUIoc. H.
Knenpma Mapuna I'ensabeBHa, KO.H.,
Kozos FOpuii Iapmouy, 1.6.H.,
Konnapaumxum Aunpeii BopucoBir, 1.5.H.
KonnkoBerkas Hatambsa OJieroBHa, K.0.H.

4 exo0sm:
Kononaikosa Obra MyxaiiioBHa, J1.M.H.
KymucoBa Tathsana IIBaHoBHA, K.IICHX.H.
Kyp6anaera JTnms XaMMaToBHA, K.5.H.
Kypmanosa Jlwmist Paniiiosa, /15.H.
JIapuoHoB Maxeum BukropoBu, 1.6.H.
MaymsnuknHa Esrena BiaamyvnipoBHa, KU, H.
Mapkosa Hanesxma I'puropbeBHa, LI/ H.
MetnepsxoBa AmLia BpoHric/aBoBHA, K.5.H.
MyxamaneeBa 3undmpa PaHncoBHa, K.COILH.
Myxamenosa I'yrexpa PuxcutaeBHa, K./ H.
Ha6ues Tyxramypox CaxoGoBu, /. T.H.
Hypnagismopa DimBupa PaHmsoBHa, K.5.H.
IlecioB Apkamini EBreHbeBIM, K.IIOJUT.H.
Tlonoenst Cepreii IBaHoBHY, KT.H.
Ilonomapena Jlapuca HukomraeBHa, Ko.H
TlounBasoB Anexcanap BiavMHpoBHYL, J1.M.H.
TIpounm HBan AllekcaHipoBH, /.T.H.
PapianoB Maxmy;s, /1. HIo. H.

Carraposa Pano KanpiposHa, K. GHOILH.,
Cadwna 3us 3a0UpoBHa, K.5.H.

CunvionoBira Haniesxa HukconmaeBHa, K.IICHX. H.
CunvionoBia Huxooraii EBreHbeBULL [T.TICHX. H.
Cupux Mapina CepreeBHa, K.I0.H.

ChviproB 1aBen I'enHapeBUM, K116/ H.
CrapueB Annpeii BacuwibeBir, /1 T.H.

Tanaesa 3amdmpa PaduicoBHa, 1.11e/1.H
Tepsues Benermm Kpbere, 151, wien PAE
Tpudronosa Enena HukomesHa, K.5.H.
‘Ymapos bexzon TypryHmynatoBud, 1.T.H.
XaiipoB Pacum 30/IMMXOH YIVIBL, K.ITe/TH.
Xamzaen IHovekoH XaM3aeBI'L K. T. H.
Xacanon Caiimunaou CalimsameBndy, J1.C. - X.H.
Yepupnies AHapeii BajaeHnHoBIY, [1.5.H.
Ynmamse I'eopruii BHIBHHOBIM, [1.5.H., J110.H.
Ihukyma Enena JleonmmoBHa, 1.COILH.
[Ixupvonron Anexcannp IIpokonbeButdy, J1.T.H.
Insxor Cranucag Muxaivtouy, 1.Qu3. - MaT.H
onmm Cepreii BiamyMupoBi, K.10.H
1OcynioB Paxyve s I'a/MMBSHOBHY, 1.1 H.
STcopmmza Tatsama PegopoBHa, 1T.H.
SInrupos Azat BasupoBird, 15.H

Spynmm Payims Padadiwioi, 1.5.1H., wien PAE






The research results allow the use of PVA film dyed by methyl red for dosimetry in radiation
processing at any time.
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DEVELOPMENT OF A MULTI - LAYER PERCEPTRON (MLP) MODEL FOR AIR
TEMPERATURE PREDICTION IN COAL LONGWALL MINING FACES:
A CASE STUDY AT KHE TAM COAL MINE

ABSTRACT

This study evaluates the effectiveness of different optimization algorithms for predicting air
temperature in longwall mining faces at an underground coal mine operated by Duong Huy Coal
Company — Vinacomin, Quang Ninh Province, Vietnam. Three optimization algorithms, namely
Particle Swarm Optimization (PSO), Genetic Algorithm (GA), and Bayesian Optimization (BO),
were employed to optimize the hyperparameters of a Multilayer Perceptron (MLP) neural network
model. The resulting hybrid models were denoted as PSO - MLP, GA - MLP, and BO - MLP,
respectively. A total of 153 datasets were collected from longwall faces operating at different
mining depths and under various operating conditions. The datasets included key factors
influencing air temperature in the mining faces. Model performance was evaluated using the
coefficient of determination (R?), Root Mean Square Error (RMSE), and Mean Absolute Error
(MAE). The results demonstrated that the PSO algorithm provided the most effective optimization
when integrated with the MLLP model, significantly improving prediction accuracy compared with
the other optimization techniques. Among the developed models, the PSO - MLP model achieved
the best predictive performance, with RMSE = 0.12, R? = 0.97, and MAE = 0.10. The findings
confirm the potential of artificial intelligence - based hybrid models for predicting air temperature
in longwall mining faces and highlight their applicability in improving environmental management
and ventilation safety in underground coal mining operations.

Keywords

Longwall face air temperature; Multilayer Perceptron (MLP); Bayesian Optimization (BO);
Genetic Algorithm (GA), Particle Swarm Optimization (PSO); Khe Tam Coal Mine.
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1. Introduction

Khe Tam Coal Mine, operated by Duong Huy Coal Company, is currently implementing a shaft
mining project extending to the - 250 m level, with a designed production capacity of 2.5 million
tons per year. The mine operates 10 longwall faces simultaneously and maintains 35 development
headings. The primary mining method involves drilling and blasting, while roadway support is
provided by mobile hydraulic supports. Mine ventilation is predominantly based on an exhaust
ventilation system consisting of five main ventilation fan stations, ensuring an adequate supply of
fresh air to all underground workplaces. However, as mining activities advance to deeper levels, air
temperatures in several longwall faces have shown an increasing trend, in some cases exceeding
the allowable limits specified by national regulations [Ministry of Industry and Trade of Vietnam,
2011]. Elevated air temperatures not only reduce workers' concentration and productivity [Mazlomi
et al,, 2017] but also pose significant occupational safety risks, increasing the likelihood of
accidents and operational incidents during mining activities [Varghese et al., 2018]. To develop
effective mitigation measures, comprehensive studies on air temperature conditions in underground
coal mines in the Quang Ninh coal basin, Vietnam, are urgently needed. Such studies are essential
not only for controlling air temperature in deep mining operations but also for providing an early -
warning basis and supporting the development of optimal strategies to minimize adverse impacts
on mine workers. In recent years, numerous researchers have adopted artificial intelligence (Al)
techniques as alternatives to conventional modeling approaches due to their superior predictive
capabilities. For example, Bascompta et al. (2020) applied a multivariate regression model to
predict air temperature in mine ventilation networks using variables such as air temperature, airflow
quantity, and roadway length. Similarly, Truong Tien Quan et al. (2023) employed an Artificial
Neural Network (ANN) model to predict air temperature in longwall faces. However, their study
did not incorporate optimization algorithms for tuning the ANN hyperparameters. Although these
approaches achieved promising results, their predictive accuracy remained limited, and their
applicability across different mining conditions has not been fully investigated. Among Al
techniques, the Multilayer Perceptron (MLP) neural network has been widely recognized as an
effective tool for solving nonlinear regression problems due to its ability to learn and model
complex relationships between input and output variables. Nevertheless, the predictive
performance of MLP strongly depends on the selection of hyperparameters, including the number
of hidden layers, the number of neurons in each layer, learning rate, batch size, and activation
function. Determining an optimal set of hyperparameters remains a critical challenge for improving
both prediction accuracy and model generalization. To address this issue, various optimization
techniques have been proposed. Among them, the Genetic Algorithm (GA) [Carr et al., 2014],
Particle Swarm Optimization (PSO) [Eberhart and Kennedy, 1995; Nguyen et al., 2019], and
Bayesian Optimization (BO) [Snoek et al., 2012] are widely used due to their effectiveness in
exploring complex search spaces. These optimization methods offer several advantages, including
global search capability, reduced risk of becoming trapped in local optima, and improved efficiency
in identifying optimal hyperparameter configurations for machine - learning models. Although
previous studies have reported encouraging results, the application of advanced optimization
algorithms to enhance the performance of MLP models for longwall face air - temperature
prediction remains relatively limited, particularly under the geological and operational conditions of
underground coal mines in Vietnam. Therefore, the development of more accurate hybrid models
is necessary to support ventilation design, underground microclimate management, and
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occupational safety in coal mining operations. Accordingly, this study aims to evaluate the
effectiveness of three optimization algorithms—PSO, GA, and BO—in combination with the MLP
model for predicting air temperature in longwall faces at Khe Tam Coal Mine. Three hybrid
models, namely PSO - MLP, GA - MLP, and BO - MLP, were developed and compared. Model
performance was evaluated using the coefficient of determination (R?), Mean Absolute Error
(MAE), and Root Mean Square Error (RMSE), with the objective of identifying the most suitable
predictive model for the investigated problem.

2. Theoretical Background of MLP - Based Optimization Algorithms

As outlined in the previous section, the primary objective of this study is to develop and evaluate
hybrid prediction models based on a Multilayer Perceptron (MLP) neural network integrated with
three optimization techniques: Particle Swarm Optimization (PSO), Genetic Algorithm (GA), and
Bayesian Optimization (BO). Given that the theoretical foundations of MLP, PSO, GA, and BO
have been comprehensively documented in the literature, only a brief overview is provided herein.
The focus of this study is placed on the construction and performance evaluation of the proposed
hybrid models for predicting air temperature in underground coal mine longwall faces. An MLP is
a feedforward neural network architecture composed of an input layer, one or more hidden layers,
and an output layer. Each neuron processes information received from the previous layer through a
weighted linear combination followed by a nonlinear activation function. The output of a neuron
can be mathematically represented by Equation (1) [Haykin, 2009].

y= f(z wix; + b) #(1)
=1

where x; - represents the input variables, w; - denotes the connection weights, b - is the bias term,
f{+) - 1s the activation function, and y - is the output of the neuron.

The predictive performance of the MLP model is significantly influenced by the choice of
hyperparameters, including the number of hidden layers, the number of neurons per layer, learning
rate, batch size, training epochs, and activation function. Identifying the optimal hyperparameter
configuration remains a challenging optimization problem because of the large search space and
the complex nonlinear characteristics of the model. In this study, Particle Swarm Optimization
(PSO), Genetic Algorithm (GA), and Bayesian Optimization (BO) were employed to automatically
determine the optimal hyperparameter configuration of the MLP model. Three corresponding
hybrid models, namely PSO - MLP, GA - MLP, and BO - MLP, were developed and evaluated.
For each hybrid model, the optimization algorithm explores the hyperparameter search space to
identify the configuration that maximizes predictive accuracy while minimizing model prediction
error. The Root Mean Square Error (RMSE) was selected as the objective function for the
optimization process. The RMSE 1s widely used to quantify the discrepancy between predicted and
observed values and is defined by Equation (2) [Hastie et al., 2009].

n
1
RMSE = =3 (v~ 97 #(2)
i=1

Where (y1) denotes the observed value, (¥;) denotes the corresponding predicted value generated
by the model, and nnn represents the number of data samples.
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For each optimization technique, the hyperparameter configuration corresponding to the lowest
RMSE value is selected as the optimal MLP model configuration. The optimization process is
conducted through multiple iterations to improve the exploration of the search space and increase
the probability of obtaining a globally optimal solution. Following the training and optimization
stages, the three hybrid models, namely PSO - MLP, GA - MLP, and BO - MLP, are evaluated
using the coefficient of determination (R?), Mean Absolute Error (MAE), and Root Mean Square
Error (RMSE). Figure 1 presents the overall framework of the proposed hybrid models for
longwall face air - temperature prediction, illustrating the complete workflow from data acquisition
and preprocessing to model training, hyperparameter optimization, and performance assessment.

DATA PREPROCESSING
(Normalization, Cleaning)

¥

DATA SPLITTING
Train BO% -~ Test 20%

1
+ * +

SO GA B8O
(Opaimize MLP (©Optimize MLP (Dptsmire MLP

PREDICTION OF LONGWALL FACE AIR TEMPERATURE )

MODEL EVALUATION
(RY. RMSE. MAE)

+

SELECTION OF THE OPTIMAL MODEL

Figure 1. Overall Framework of the Proposed Hybrid Models

3. Model Performance Evaluation Metrics

The predictive performance and reliability of the developed models were assessed using three
widely adopted statistical metrics: Root Mean Square Error (RMSE), Mean Absolute Error
(MAE), and the coefficient of determination (R?). These metrics provide quantitative measures of
the agreement between the predicted and observed values and are expressed by Equations (3), (4),
and (5), respectively [Hastie et al.,2009].

RMSE—\[Z(YL YL) #(3)

, . Ziy—9)?
Ri=1- Z(L yl)z#@)

MAE = EZ'YI: — §:l #(5)
=1

where:

n: number of samples;

yi: observed (actual) value of the ith sample;
¥;: predicted value of the ith sample;,

¥;: mean value of the observed data.
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MSE quantifies the overall magnitude of prediction errors, giving greater weight to larger
deviations due to the squared - error term. Therefore, a smaller RMSE value indicates better
predictive performance. R? measures the explanatory power of the model by quantifying the
proportion of variance in the dependent variable explained by the model. Its values range from 0 to
1, with values approaching 1 indicating a stronger agreement between predicted and observed
values. MAE represents the average absolute deviation between predicted and observed values.
Unlike RMSE, MAE treats all prediction errors equally and is less sensitive to large outliers,
providing a straightforward measure of prediction accuracy.

4. Study Area and Dataset Description

4.1 Study Area

The study area includes all longwall faces operated using the drilling - and - blasting mining
method and supported by ZRY; XDY; ZH and GK hydraulic support systems. A schematic
representation of the drilling - and - blasting longwall face employed in this study is shown in
Figure 2.

/
2

Tink QA4 *ha

— T

Figure 2. Layout of the Study Area

4.2. Dataset Description

Data used in this study were collected from sensor monitoring systems, records obtained from
the Mine Rescue Center of VINACOMIN [Mine Rescue Center, 2023-2025], and field
measurements conducted at the mine. The datasets were gathered from multiple longwall mining
faces and included the following parameters: inlet air temperature at the longwall face, Tin (°C),
ranging from 24 to 29 °C; average relative humidity, RH (%), ranging from 86 % to 96 %, mining
depth, D (m), mining district length, L (m); installed power of mining equipment, P (kW), coal
production rate, A (t/ day), ranging from 200 to 500 t / day; airflow quantity through the mining
district, Q (m?®/ s), ranging from 4 to 8 m?*/ s; and outlet air temperature at the longwall face, Tout
(°C), ranging from 25 to 30 °C. The collected data cover the period from 2023 to 2025.

The dataset collected during 2023-2025 reveals considerable variations in both microclimatic
and mining operating conditions across different longwall faces. The inlet air temperature varied
between 24 and 29 °C, while the outlet air temperature ranged from 25 to 30 °C. This increase in
temperature indicates that the airflow absorbed heat from the surrounding rock mass, mining
equipment, and production activities as it passed through the mining district, resulting in higher
temperatures at the longwall face outlet.

The relative humidity remained consistently high, ranging from 86 % to 96 %, which reflects the
typical humid conditions of underground coal mines. Such conditions are largely influenced by
groundwater, process water used during mining operations, and heat - moisture exchange between
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the airflow and surrounding rock strata. The combination of elevated humidity and temperature can
significantly affect the underground working environment and thermal comfort of mine workers.

Variations in mining depth and mining district length indicate that the collected data encompass
a wide range of geological and operational conditions. From a theoretical perspective, increasing
mining depth is generally associated with higher virgin rock temperatures and stronger geothermal
effects, which contribute to elevated underground air temperatures.

The installed power of mining equipment and coal production rates represent different
production intensities among longwall faces. These factors are important heat sources generated by
electric motors, mechanical friction, and coal extraction activities. In addition, the airflow quantity
varied between 4 and 8 m® / s, indicating that the ventilation system was adjusted according to
production requirements in order to dissipate heat and maintain safe working conditions.

Overall, the selected input variables, including inlet air temperature, relative humidity, mining
depth, mining district length, equipment power, production rate, and airflow quantity, have clear
physical significance and are expected to influence the outlet air temperature of the longwall face
either directly or indirectly. Therefore, the use of these variables as inputs for the MLLP, PSO -
MLP, GA - MLP, and BO - MLLP models is both scientifically justified and practically meaningful
for underground mine air - temperature prediction. The distribution of the collected variables is
illustrated in Figure 3.
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Flgure 3. Frequency Distributions of the Research Dataset
5. Results and Discussion

The dataset consisting of 153 observations was randomly partitioned into training and testing
subsets. Specifically, 80 % of the data were used for model training and development, whereas the
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remaining 20 % were utilized for independent model validation. To improve model convergence
and mitigate the risks of overfitting and underfitting, the dataset was normalized before the training
process. Furthermore, five - fold cross - validation was adopted during model development to
ensure robustness and enhance the generalization performance of the proposed models.

5.1. MLP Model

For the Multilayer Perceptron (MLP) model, the training dataset was employed to develop an air
- temperature prediction model for underground coal mines. The network architecture comprised
an input layer, two hidden layers, and an output layer. The hidden layers contained 10 and 5
neurons, respectively, and the Rectified Linear Unit (ReL.U) activation function was adopted to
improve the model's capability to learn complex nonlinear relationships between the input and
output variables. Model training was performed using the backpropagation learning algorithm
coupled with a suitable optimization technique to minimize the prediction error. After the training
process was completed, the developed model was applied to predict air temperature in the
underground mining environment. Figure 4 illustrates the prediction performance of the MLP
model, including the relationship between the predicted and observed values obtained from the
testing dataset.
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Figure 4. Relationship Between Predicted
and Observed Air Temperatures on the Testing Dataset
for the Baseline MLP Model

5.2. PSO - MLP Model

Initially, a Multilayer Perceptron (MLP) model was established to develop an air - temperature
prediction model for underground coal mines. Subsequently, the Particle Swarm Optimization
(PSO) algorithm was employed to optimize the hyperparameters of the MLP network, including
the number of neurons in the hidden layers, the regularization coefficient (alpha), and the learning
rate. The PSO algorithm was configured using several control parameters, including the swarm size
(p), nertia weight (w), cognitive learning coefficient (c,), and social learning coefficient (c).
During the optimization process, each particle represented a candidate set of MLP hyperparameters
and continuously updated its position based on both its personal best experience and the global best
solution found by the swarm, thereby searching for the global optimum within the hyperparameter
space. The Root Mean Square Error (RMSE), defined in Equation (4), was adopted as the objective
function, and the optimal hyperparameter configuration was determined as the one corresponding
to the minimum RMSE value. Each PSO - MLP model was executed for a maximum of 5,000
iterations to ensure convergence of the optimization process and identification of the optimal
network configuration. After the optimization stage, the MLP model with the optimal
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hyperparameter set was trained using the backpropagation algorithm to predict air temperature in
the underground mining environment. The prediction performance of the PSO - MLLP model on the
testing dataset is presented in Figure 5.
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Figure 5. Relationship Between Predicted
and Observed Air Temperatures on the Testing Dataset
for the PSO - MLP Model

5.3. GA-MLP Model

In this study, the GA - MLP (Genetic Algorithm—Multilayer Perceptron) model was developed
using the training dataset to predict air temperature in underground coal mines. The MLP network
was constructed with the RelLU activation function and a two - hidden - layer architecture. To
enhance the predictive performance of the model, the Genetic Algorithm (GA) was employed to
optimize the hyperparameters of the MLLP network, including the number of neurons in the hidden
layers, the regularization coefficient (alpha), and the learning rate. The optimization process was
performed based on the principles of biological evolution, in which each individual in the
population represented a candidate set of MLP hyperparameters. The fitness of each individual was
evaluated using the Root Mean Square Error (RMSE), defined in Equation (4), as the objective
function. Through the genetic operations of selection, crossover, and mutation, the population
evolved over successive generations to identify the optimal hyperparameter configuration that
minimized the RMSE value. Upon completion of the optimization process, the best - performing
hyperparameter set was used to construct the final MLLP model. The optimized model was
subsequently trained using the backpropagation algorithm and applied to predict air temperature in
the underground mining environment. The prediction results of the GA - MLP model on the testing
dataset are presented in Figure 6.
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Figure 6. Relationship Between Predicted and Observed Air Temperatures on the Testing Dataset
for the GA - MLP

298



5.4. BO - MLP Model

In this study, the BO - MLP (Bayesian Optimization—Multilayer Perceptron) model was
developed using the training dataset to predict air temperature in underground coal mines. The
MLP network was constructed with the RelLU activation function and a two - hidden - layer
architecture. To improve prediction accuracy, Bayesian Optimization (BO) was employed to
identify the optimal hyperparameter configuration of the MLLP model. The optimization process
focused on several key hyperparameters, including the number of neurons in the hidden layers, the
regularization coefficient (alpha), and the leaming rate. Bayesian Optimization constructs a
surrogate model based on previously evaluated hyperparameter configurations to approximate the
relationship between the hyperparameters and model performance. Based on this surrogate model,
an acquisition function is utilized to select the most promising hyperparameter configuration for the
next evaluation, thereby balancing the exploitation of high - performing regions and the exploration
of unexplored regions within the search space. The Root Mean Square Error (RMSE), defined in
Equation (4), was adopted as the objective function, and the optimal hyperparameter configuration
was determined as the one corresponding to the minimum RMSE value. After the optimization
process was completed, the optimal hyperparameter set obtained from Bayesian Optimization was
used to construct the final MLP model. The optimized model was subsequently trained using the
backpropagation algorithm and applied to predict air temperature in the underground mining
environment. The prediction performance of the BO - MLP model on the testing dataset is
presented in Figure 7.
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Figure 7. Relationship Between Predicted
and Observed Air Temperatures on the Testing Dataset
for the BO - MLP

3.5. Performance Evaluation of the Developed Models

After obtaining the optimal parameters for the four models, 30 test datasets were used to validate
the accuracy of the developed models. Table 3 presents the results of the 4 models on the testing
datasets. The model evaluation results based on three criteria—RMSE, R?, and MAE—are shown
in Table 1

Table 1. Results of the 4 models on the testing datasets.

Model Testing dataset

RMSE R2 MAE
MLP 0.19 0.91 0.15
PSO-MLP |0.12 0.97 0.1
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Figure 8. Comparison of predicted and actual results across the models.

Based on the results in Table 1 and Figure 4, the performance of the MLP, PSO - MLP, GA -
MLP, and BO - MLP models on the testing dataset was evaluated using the RMSE, R?, and MAE
metrics. The results show that all models achieved high prediction accuracy, with R? values greater
than 0.90. However, the hybrid models incorporating optimization algorithms consistently
outperformed the traditional MLP model.

The MLP model obtained RMSE, MAE, and R? values of 0.19, 0.15, and 0.91, respectively.
These results indicate that the model has relatively good predictive capability; however, the
prediction error remains relatively high due to the hyperparameters being selected using a
conventional approach. The traditional MLP model also shows larger deviations at locations with
strong temperature fluctuations, particularly in the sample ranges from 8 to 13 and from 27 to 29.
This suggests that the model’s generalization ability is limited when its hyperparameters are not
properly optimized.

When the Particle Swarm Optimization (PSO) algorithm was applied, the predictive
performance improved significantly. The PSO - MLP model achieved RMSE = 0.12 and MAE =
0.10, representing reductions of approximately 36.8 % and 33.3 % compared to the MLP model,
respectively. At the same time, the coefficient of determination increased from 0.91 to 0.97,
indicating that the model can explain up to 97 % of the variability in the observed temperature data.
Among all evaluated models, this is the best - performing model.

Similarly, the GA - MLP model also produced strong results, with RMSE = 0.12, MAE = 0.10,
and R? = 0.96. Compared to the MLP model, the prediction errors were significantly reduced and
the coefticient of determination increased, demonstrating that the genetic algorithm effectively
supports the search for optimal MLP hyperparameters. However, the performance of GA - MLP is
still slightly lower than that of PSO - MLP.

For the BO - MLP model, the RMSE, MAE, and R? values were 0.13, 0.11, and 0.96,
respectively. Although the predictive performance is considerably better than that of the original
MLP model, it is still marginally lower than that of the PSO - MLP and GA - MLP models. This
indicates that Bayesian Optimization improves the predictive capability of the MLP network, but
does not achieve the same level of optimality as PSO for this dataset.
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Overall, mtegrating optimization algorithms into the MLP network significantly reduces
prediction errors and improves the coefficient of determination. The hybrid models PSO - MLP,
GA - MLP, and BO - MLP demonstrate strong predictive performance, with predicted values
closely matching the actual data across most testing samples. Among them, the PSO - MLP model
shows the highest degree of agreement, particularly at the peak and trough points of the dataset.
This is consistent with the quantitative evaluation results using RMSE, MAE, and R?, where PSO -
MLP achieved RMSE = 0.12, MAE = 0.10, and R? = 0.97. Therefore, PSO - MLP 1s considered
the most suitable model for predicting underground mine air temperature in this study dataset.

6. Conclusion

Artificial Intelligence (AI) has been increasingly applied in engineering fields due to its ability to
process complex data and improve the accuracy of predictive tasks. In underground mining, air
temperature prediction plays a crucial role in ventilation design, microclimate control, and ensuring
safe working conditions for miners. In this study, the MLP, PSO - MLP, GA - MLP, and BO -
MLP models were developed and evaluated to predict air temperature in the longwall face based on
mining and ventilation parameters.

The main conclusions of this study can be summarized as follows:

(1) Machine leaming models based on MLP neural networks are capable of effectively
predicting underground air temperature. However, integrating hyperparameter optimization
algorithms significantly improves prediction performance compared to the traditional MLP model.

(2) The optimization algorithms PSO, GA, and BO all contribute to reducing prediction errors
and improving the coefficient of determination. Compared to the MLLP model, the hybrid models
achieve lower RMSE and MAE values and higher R? values, demonstrating a better ability to
model the nonlinear relationships between influencing factors and longwall air temperature.

(3) Among the evaluated models, the PSO - MLP model achieved the best performance with
RMSE = 0.12, MAE = 0.10, and R? = 0.97 on the testing dataset. This indicates that Particle
Swarm Optimization (PSO) is more effective in searching for optimal hyperparameters compared
to GA and BO for this dataset, thereby significantly enhancing the accuracy and stability of the
predictive model.

(4) The study confirms the potential of Al - based models, particularly PSO - MLP, for
underground mine air temperature prediction. The model can be used as a supportive tool for
ventilation system design, management, and microclimate control in underground coal mining
operations.
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@anaxacsa U A., Kapamarosa O.1.
(DOPMI/IPOBAHI/IE IIPEJICTABJIEHMI O POJHOM KPAE
Y JIETEM CTAPIIIETO JIOIIKOJIBHOI'O BO3PACTA

®pojrosa JLA., enorosa B.H.

HEMPOMIPBI KAK CPEJICTBO PA3BUTHS MEXITOJIYILIAPHBIX CBS3EM

V MITAZIIMX MIKOJIBHUKOB C TSDKEJIBIMUA HAPYIIIEHMSMU PEUA
MEJUIAHCKAE HAVKA

UsHpb JIyHLB3IOHB

IMPUMEHEHWE CTBOJIOBbLIX KJIETOK [JI1 CTUMYJIALIMU
PETEHEPALIMM TKAHEMU ITPU OPTOIIEJMUECKHX
XUPYPITMUYECKHMX BMEIITATEJIBCTBAX

BETEPUHAPHBIE HAYKH

Jroct B.A.
[MPUMEHEHWE T1JTA3MbBI KPOBU ITPU JIEUEHUE
OCTPOU ITOCTPEHAJIBHOM HEAOCTATOUYHOCT Y KOIIEK

INCUXOJOI'MYECKHE HAYKH

Tao Croadan
BJIMSHUE TTCUXOJIOT'MYECKNX GAKTOPOB
HA YTIPABJIEHUE ITEPCOHAJIOM OPTAHM3AITUN

COLIMOJIOTMYECKUE HAYKHA

I'ybenko B.B.
COLMAJIbHAS AIAIITALIME YUACTHHUKOB CBO

Jmmackas T, A.

OPTAHM3AIIMA COL[I/IAJIBHOI/I PABOTBI

C JIMIAMU C TICUXUYECKHNMHA PACCTPOUCTBAMU
B YCJIOBHAX IHEITPOBCKOT'O
[NCUXOHEBPOJIOTMYECKOI'O IOMA _ UHTEPHATA
XEPCOHCKOM OBJIACTH, TEHUUECKOT'O MO

Tapacosa IO, A.
[IUOPOBOM IOCYT KAK ITPOCTPAHCTBO CKPBITOIO TPYIIA
W TTPOU3BOJICTBA JJAHHBIX

Mymcxas EM.
KOHCVJIbTMPOBAHME HACEJIEHWA COLIMAJIbHBIMU CIIYKBAMU
KAK OZTHA 13 TEXHOJIOT' M COLIMAJIHOM PABOTEI

[lepbauerko H.A.
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AHAJIN3 ©EJEPAJIBHOI'O PETMOHAJIBHOI'O 3AKOHOJATEJIbCTBA
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Spmomenro O.H.
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B CTPYKTYPE COLIMAJIBHOM 3AIIUTHI HACEJIEHHUS

HAYKH O 3EMJIE
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Nguyen Van Dung
DOSE - RESPONSE OF POLYVINYL ALCOHOL FILMS DYE
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Nguyen Van Dung
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Nguyen Van Quang
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A CASE STUDY AT KHE TAM COAL MINE

bopuckos K. @., Enucees M. E.
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Wxan UL
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Hayuynoe nznanue

®OPMHUPOBAHUE U PA3BBUTHE
HOBOI1 TIAPAIUT'MbI HAYKHU
B DIIOXY
MNOCTUHYCTPUAJIBHOI'O OBIIECTBA

CoopHEK cTaTeii
MexyHapoHoii HAYYHO-TIPAK THYECK oI KoH(epeHImm
25 mrog1st 2026 1.

B aBTOpCKOH penakuun
U3natensbeTBO He HEceT OTBETCTBEHHOCTH 3a OMYOJINKOBAHHBIE MATSPHATIEL.
Bee MaTepHaibl 0TOOPaXKAIOT TIEPCOHATLHYIO TIO3HITHIO ABTOPOB.
Mmuenne M3naTenscTBa MOXKET HE COBIANATH ¢ MHEHHEM aBTOPOB

[Moammcano B evars 28.07.2026 . ®opmar 60x90/16.
[Neuars: madposas. aprurypa: Times New Roman
Yen meu. 1. 19,00, Tupak 500. 3akas 2703.
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