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Research on the predictive fault diagnosis of mine ventilator based on

digital twin and probabilistic neural network

JING Haixiang, HUANG Yourui, XU Shanyong, TANG Chaoli
(School of Electrical and Information Engineering, Anhui University of
Science and Technology, Huainan 232001, China)

Abstract: In order to solve the problems of poor predictability and low accuracy in the current fault
diagnosis methods of mine ventilator, a predictive fault diagnosis method of mine ventilator based on digital
twin and probabilistic neural network (PNN) is proposed. Unity3D, 3dsMax and SciFEA are used to build
the digital twin model of ventilator to simulate the structural characteristics, physical properties and
operation rules of the real ventilator, and the method uses PREspective to communicate with the PLC of
the ventilator in real time to map the operation status of the ventilator to the digital twin model in real
time. Based on the digital twin model of the ventilator, combined with expert knowledge, machine
learning and historical data, the study constructs a predictive fault diagnosis model of the ventilator. The
model continuously learns and updates the model parameters by analyzing the relationship between the

real-time data and the operation status of the ventilator. The improved whale optimization algorithm
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(IWOA) is used to obtain the optimal value of the smoothing factor through the biological behaviors of
surrounding prey, preying and searching prey, and assigns the optimal value to the PNN. The optimized
PNN is applied to perform predictive fault diagnosis of the ventilator, and the result of the predictive fault
model of the ventilator is compared with the actual situation to judge whether the results match the actual
situation. If the diagnosis is wrong, the predictive fault diagnosis model needs to be corrected until the
fault judgment is accurate. The experimental results show that compared with the PNN fault diagnosis
accuracy optimized by the genetic algorithm (GA), particle swarm optimization algorithm (PSO) and
whale optimization algorithm (WOA), the fault diagnosis accuracy of PNN optimized by IWOA reaches

97.5%, indicating that the predictive fault diagnosis method of mine ventilator based on digital twin and

PNN can meet the requirements of real-time and accuracy of ventilator fault diagnosis.

Key words: mine ventilator; predictive fault diagnosis; intelligent diagnosis; digital twin; whale

optimization algorithm; probabilistic neural network
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Fig. 1 Physical entity of ventilator and its digital twin
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Fig.2 Predictive fault diagnosis model of
ventilator based on digital twin
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Table 2 Single-peak benchmark function test results
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0.3 0 0 50 70 100
0.2 20 80 87.5 90 100
0.1 40 100 87.5 90 100

# 5 AL PNN 45
Table 5 Optimized PNN test results

i B2 W L/ 6
W o il e 2 ke 3 w4 A pE 5
0.008 7 100 100 100 90 100

DL IR ) PNN SR i2 W7 45 28 5 SEBR 2k 260 T
a9 .

(1) GA B8 e RIEARK B 30, Fiif R K
30, A8 AR A 0. 2, 58 AR Ky 0. 8, GA i fbJ5 1)
PNN 512 Wik Bk 75. 024 .

(2) PSO Bk . FBERLBL N 30, A4 B0 K
W F oo N2 A ST o 2 BHEAE N
0.9, | RIERWECH 30, PSO k)5 i PNN i
Wik R 85.0% .

(3) 43k WOA 465 /9 PNN 5 B 2 Wi A B
H 90 %, 1 IWOA fAba i) PNN [ 12 W 874
KFT 97.5%.,

25 L RTR , IWOA fiifb J5 9 PNN 75 8 % 12 Wi
R E RIS BE 2 Wi RS B L 0 T A% 4 0 R 12 O
2, I ELUAT DA 3 UL 12 W oK

5 #Hit

(D) & T —Fp 5 T 80522 £ 1 PNN B9 H
3 RUHL T 1 5 B 2 W v . B e ST Tl ALY
B AR A BB O DU AR AR R SRl 45 A B R
T BLER 2 20 g sk B A5 ST T e 1 B UL T
T 5 s 12 W A AR 5 9K 5 SR 4 3l XU HILAS A7 8508k O 52
i Bl S 2 g AR A R R B R FLR TWOA ik f5
(i PNINXoF s JRUAIL 20 A7 750000 1 5 B 32 W 25 12 W8
TR T I 32 A R {08 2 TR A ) R LR L O



60 -

5 B

%47 %

TEHT 2 B 2 T AR v T A R A2 TR ) T R R

(2) SLE LR W, 5 GAPSO.WOA fifb)m

() PNN #5532 WK B2 A1 b TWOA {4k J5 i PNN
UL 12 W S5k 2 R A R R Ak 97, 500, U B 3 T AR
FARA R PNN B4 FH i KUHIL 100 002 5 B 12 W
14 1550 512 BT A A 23 5 o AT L R 3 UL e B 12 W
SR SR TR E
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