F2k FoM H 3 b % #H
2026 4= 9 H ACTA AUTOMATICA SINICA

Vol. 52, No. 9
September 2026

:'_I =L T =1 I /=- c \rL e /—\ > &Y 7 :
ETREREMEIERE RS RETE & SITIRSTU
E "t FRE T OEAEB T kFET #Had T AR
W OFE A RS I B A TR  RRE (0 B B, R & R A RIS AT HEE R S AT A T Rt
RS ERA MR, SR, KRG AT WS BAR 158 A AT A R 2k G 1t S 300 B EL A AU, 30 3 BUEBUR R B
e STk, 52 R TR A HE EE ALY (DFIM) (SR B A s AT RS TR TV, B 5k, 4 S 50 IR 30 1) IR FE AR
5 P2 i I ORI R AIE 2% >) S0 A B SR B 5L A 00 B SR SR 0T B B AN 05 SURRAE, S IUBEMRr A1 I F000 i 5 FG
R, RALHERR T2, 3k — Bt BORIRRAE EAT IR0, IR SRR B R, S5 G ERER I RS T I, S i &i2
IR AR, 25 A B U7 R B JE, BASERRIA AR R R GG I N I pH B AR AR IR v & s AT IR A &, IR
DFIM & = B 5 A 38 47 RAS T vb 107 RSB 45 SR W P4 ! 1) DFIM. 78 U0 RS B2 A 1k 5 Pl 8 46 7 T 3 A0
TUATT%, MNksiad 58 B AGEENE SR
KBRS AT RS TN R RO IR AR RO S g HEER 1R E
IR TR, ZRkMG, TEMS, sk2 R, BRm:) R . BT IR BT A B (0 0 SRR B A S AT IR T, | 31k
24, 2026, 52(9): 2046—2056

DOI 10.16383/j.aas.c250596 CSTR 32138.14.j.aas.c250596

Prediction of Operating Status for Flue-gas Desulfurization Equipment Based on
Deep Fuzzy Inference Model

LI Xin-Yi"?
HAN Hong-Gui"?

WANG Gong-Ming"? WANG Zi-Peng"?

QIAO Jun-Fei'?

ZHANG Meng-Hua’®

Abstract Flue-gas desulfurization treatment is an important measure to focus on pollution prevention and achieve en-
ergy conservation and emission reduction. The safe and stable operation of flue-gas desulfurization equipment directly
affects the sustainable development of the economy and society as well as the life and health of residents. However, un-
der long-term operation, faults often inevitably occur in this equipment, which are difficult to be predicted and thus
lead to a chain reaction and even accidents. In view of these problems, this paper proposes a deep fuzzy inference mod-
el (DFIM)-based method to predict the operating status of flue-gas desulfurization equipment. First, a data-driven
deep fuzzy belief network is constructed and trained using a fuzzy feature learning algorithm, which can map the raw
data obtained from the sensor into anti-interference fuzzy semantic features and further give predicted outputs of fuzzy
features. Second, an inference gating layer is designed to recognize the output fuzzy features, focusing on the fault
modes of flue-gas desulfurization equipment. Third, according to the operational experience and operating environ-
ment as well as fault modes of the equipment, the disposal plan is then provided. Finally, taking the pH of the slurry
in the circulating pump and the temperature of the circulating pump bearing as the variables of the equipment operat-
ing status, the effectiveness of DFIM in the prediction of the operating status of flue-gas desulfurization equipment is
tested. The experimental results show that the proposed DFIM outperforms the existing methods in terms of predic-
tion accuracy, stability, rapidity and other aspects, which has important guiding significance for the operation and
maintenance as well as management of the operating equipment.
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lief network; inference gating layer
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Table 4 Comparison results for predicting equipment

states of DFIM and other models

ZH B MAE R?
DFIM 0.12 £ 0.05 0.89 =+ 0.07
DFIM (JG-F#IEN{L)  0.16 = 0.09  0.83 £ 0.09
DBN 0.24 £ 0.05 0.63 £ 0.11
LSTMNN 0.21 £ 0.08 0.66 £ 0.13
i pH A
SOFNN 0.18 £ 0.10  0.71 +£ 0.15
FNN 0.20 £ 0.09 0.67 £ 0.14
RBFNN 0.23 £ 0.06  0.65 £ 0.12
BPNN 0.26 £ 0.12  0.62 + 0.19
DFIM 228 £0.52  0.87 + 0.12
DFIM (G- ENM) 538 £0.74 0.81 £0.14
DBN 7.63 £ 0.61 0.56 = 0.17
LSTMNN 715 £0.76  0.59 & 0.18
IR (°C)
SOFNN 6.87 £ 0.82 0.64 £ 0.21
FNN 6.95+0.79  0.62 + 0.20
RBFNN 749 £0.73  0.58 £ 0.16
BPNN 8.34 £ 0.96 0.54 £ 0.24
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BOFNKS B 5 1, DFIM BB AL T %6 B A7 F
R ST PR ORI RESE T AT R A i R
IRE) RSV RS e i, NERIBITIAE T
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4 Y%ERIE
SR B R 2 T A7 4 I

#* 5 DFIM T4 R 5 iR 138 4l
Table 5 DFIM prediction results and triggered
operation and maintenance suggestions
pH M R (°C) H1F sl PATIE DL
6.1 5287 A6  Advs PATRRSE 1K
57 7498 A5 Advy fink 2 e, NLHAEFHL LIk
4.8  48.03 Al Advi  7E pHHIRT By, 10w (t) BFHAT 31K
4.9 7267 A3 Adve filke 1, N THAEENL 0 X
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100
85.29% 83.03%
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:@ 401
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Fig.13  Accuracy rate of matching operation and

maintenance strategies suggested by
DFIM with fault events



9 FIDHISE: T IR B HERLA R U AR 12 23 AT IR A T 2055

A B M S ™ RS R R O MR
TR S r) 0, B M — o R R A Y (1)
JHA IR & & IS AT RS T 7 vk, iz ki@t gs
RPE 2% ST W RFIE SR B RE ) S5 RO HERE R G0l SCnT
FERRE VSR TIOM BT SR AR A 1B AT IR,
B E SIS T I AT IR AS (PR HE TIN5 45 th mT ff e
PEIG R B, SR AE ISR T DFIM 78 #4518 171k
AT AT AT MR R R A, AR B S 6 45
Xt LA N S

1) A v 4 SR R O ) IR A A X 4% mT AL
FLITHOE A, A R A RS R R R S A R
B0 5 4.

2) JE I AR 4% 2 B0 A TR A AR
RBERFE, T2 T A ASOR g e 10 5 1 SR P
RAERE ST, R T WA AR R G0 E I T DL &
I (1) 1) 7L

3) BT SRS MR 21T R HdE, X DFIM
PEREHEAT IR, I 5 oA A B 33k 47 X6 b 23 7
Seag gk R, DFIM TR B2 i, HL g 8 i A
N AL E TR, BT HES R TR T
i .

JUEA IR ) DFIM 76 1S At R 4 s 4%
BATRATIM R I R A MEfe, (3 SEBRA S AR
AW RN REEEKT B RE, ST
SRR, ORI S M i A 1) R AE RE TS BN
FEATSRIAR; B arEcE 450 DRI £ H [ 2, BR
Hl 7z R E I E . R, e T R 2R Pk R
B AR TAERE AL [FIE, % DFIM e 2 B
REMIRNOE . AR EFZ LW &, RS R
B4R 2 S TR TR XK 285, A2 P £ AR R P S B i) R

S0k

1 Wang G M, Li X Y, Gu K, Chen H, Han H G, Qiao J F.
Neurodynamics-driven model predictive control with soft-meas-
urement for desulfurization system. IEEE Transactions on Auto-
mation Science and Engineering, 2025, 22: 19546—19554

2 Tian Hao, Tang Jian, Xia Heng, Wang Tian-Zheng, Yu Wen,
Qiao Jun-Fei. Furnace temperature control using IT2FBLS-
based reinforcement learning PID for MSWI process. Acta Auto-
matica Sinica, 2025, 51(7): 1626-1641
(M, i, A6, TRIG, /3, 7R« &T IT2FBLS 2L
2] PID f¥) MSWT it 72 7 i di B2 4 ). B 3l 4k 24, 2025, 51(7):
1626-1641)

3 Wang G M, Chen H, Han H G, Bi J, Qiao J F, Tirkolace E.
Predicting water quality with nonstationarity: Event-triggered
deep fuzzy neural network. IEEE Transactions on Fuzzy Sys-
tems, 2024, 32(5): 2690-2699

4 Li Xin-Yi, Wang Gong-Ming, Wang Zi-Peng, Qiao Jun-Fei. Re-
search on intelligent prediction of water quality in sewage treat-
ment process based on event triggering. CIESC Journal, 2025,
76(6): 28282837
(Fh, EI0W, EEM, R BT H AR RS KA
KR RETBT7C. {1k L2354k, 2025, 76(6): 2828-2837)

5 Li Zheng, Zhuang Kai-Ze, Zhao Dong-Jie, Song Yan-Xing, Wang
Gong-Ming. Design method of event-driven deep belief network

10

11

12

13

14

15

16

17

18

19

soft-sensing model. CIESC Journal, 2025, 76(4): 1693—1701
(B, FERVE, RARA, R, EDyW]. SFIREN R AR S L%
PO AR BT 75 AR, 2025, 76(4): 1693-1701)

Yuan X F, Qi S B, Wang Y L. Stacked enhanced auto-encoder
for data-driven soft sensing of quality variable. IEEE Transac-
tions on Instrumentation and Measurement, 2020, 69(10): 7953~
7961

Wang Gong-Ming, Qiao Jun-Fei, Guan Li-Na, Jia Qing-Shan.
Review and prospect on deep belief network. Acta Automatica
Sinica, 2021, 47(1): 35—49

(ETHHA, TR K, SREIE, BTP L. IR BEAE & M 2 i o R 5 R 2.
Hzh k23], 2021, 47(1): 35-49)

Han Hong-Gui, Wang Yu-Shuang, Liu Zheng, Sun Hao-Yuan,
Qiao Jun-Fei. Knowledge-data-driven cooperative optimal con-
trol for wastewater treatment denitrification process. Acta Auto-
matica Sinica, 2024, 50(6): 1221-1233

(RR2LE:, EEI, X, FMNEIR, TR 6. AIRMEER IR IG5 K AL
RS A T 00T R b IR R A P L B B Ak S R, 2024, 50(6):
1221-1233)

Yi H, Su Z G, Wang P H. Closed-loop shaping-based active dis-
turbance rejection control with delay robustness and applica-
tion to wet desulfurization process. IEEE Transactions on Indus-
trial Electronics, 2024, 71(6): 6117-6127

Wang G M, Zhao Y D, Liu C X, Qiao J F. Data-driven robust
adaptive control with deep learning for wastewater treatment
process. IEEE Transactions on Industrial Informatics, 2024,
20(1): 149-157

Yang W W, Tang J, Tian H, Yu W, Qiao J F. Flue gas oxygen
content control based on interval type-2 fuzzy broad learning
system and PID for MSWI process. IEEE Transactions on Auto-
mation Science and Engineering, 2025, 22: 15473—15487

Zhu Ji-Lin, Gui Wei-Hua, Jiang Zhao-Hui, Chen Zhi-Peng, Fang
Yi-Jing. Intelligent perception and recognition of blast furnace
anomalies via burden surface video image analysis. Acta Auto-
matica Sinica, 2024, 50(7): 1345-1362

(RFERR, DA, I, RECE, TTRi. 2 TR BB Hr
B S ORGSR A 5 RN, B 3 A A, 2024, 50(7):
1345-1362)

Huang Ru-Yi, Li Ji-Pu, Wang Zhen, Xia Jing-Yan, Chen Zhu-
Yun, Li Wei-Hua. Intelligent diagnostic and prognostic method
based on multitask learning for industrial equipment. Scientia
Sinica Technologica, 2022, 52(1): 123-137

(B, 25600, £, B, Ml s, FHE. BT 2E%%
1 ol & 4 8RR 2 I S T 7 k. P E R BERRL 2022,
52(1): 123-137)

Emroozi V, Kazemi M, Doostparast M, Pooya A. Improving in-
dustrial maintenance efficiency: A holistic approach to integ-
rated production and maintenance planning with human error
optimization. Process Integration and Optimization for Sustain-
ability, 2024, 8: 539-564

Liu S, Zhong W Q, Chen X, Sun L, Yang L K. Multi-objective
economic model predictive control using utopia-tracking for the
wet flue gas desulphurization system. Chinese Journal of Chem-
ical Engineering, 2023, 54: 343—352

Wang Q Y, Zhao H, Zhao Q L, Hou J, Tian S L, Li Y J, et al.
Prediction of SO, emission concentration in industrial flue gas
based on deep learning: The ammonia desulfurization system of
the Yunnan aluminum carbon plant as the research object. Pro-
cess Safety and Environmental Protection, 2024, 185: 340—349

Chen H S, Liu H, Chu X N, Liu Q X, Xue D Y. Anomaly detec-
tion and critical SCADA parameters identification for wind tur-
bines based on LSTM-AE neural network. Renewable Energy,
2021, 172: 829-840

Wu Xiao-Long, Jiang Wei-Yu, Han Hong-Gui, Li Tong, Zhao
De-Zheng. Intelligent prediction of wastewater treatment blower
bearing temperature based on random event agent model. Scien-
tia Sinica Technologica, 2025, 55(5): 879-892

(AN, 23T, 40k, 2%, REEL 2T RN SRR
15 7K AL B XL 7R I B RE TR, R R B, 2025,
55(5): 879-892)

Chen Jun-Ying, Xi Yue-Yun, Li Zhao-Yang. Prediction of aer-


https://doi.org/10.1109/TASE.2025.3594118
https://doi.org/10.1109/TASE.2025.3594118
https://doi.org/10.1109/TASE.2025.3594118
https://doi.org/10.1109/TFUZZ.2024.3354919
https://doi.org/10.1109/TFUZZ.2024.3354919
https://doi.org/10.1109/TFUZZ.2024.3354919
https://doi.org/10.1109/TIM.2020.2985614
https://doi.org/10.1109/TIM.2020.2985614
https://doi.org/10.1109/TIM.2020.2985614
https://doi.org/10.1109/TIE.2023.3290252
https://doi.org/10.1109/TIE.2023.3290252
https://doi.org/10.1109/TIE.2023.3290252
https://doi.org/10.1109/TII.2023.3257296
https://doi.org/10.1109/TASE.2025.3563863
https://doi.org/10.1109/TASE.2025.3563863
https://doi.org/10.1109/TASE.2025.3563863
https://doi.org/10.16383/j.aas.c230674
https://doi.org/10.16383/j.aas.c230674
https://doi.org/10.16383/j.aas.c230674
https://doi.org/10.1007/s41660-023-00374-3
https://doi.org/10.1007/s41660-023-00374-3
https://doi.org/10.1007/s41660-023-00374-3
https://doi.org/10.1016/j.cjche.2022.03.014
https://doi.org/10.1016/j.cjche.2022.03.014
https://doi.org/10.1016/j.cjche.2022.03.014
https://doi.org/10.1016/j.psep.2024.03.042
https://doi.org/10.1016/j.psep.2024.03.042
https://doi.org/10.1016/j.renene.2021.03.078
https://doi.org/10.1360/SST-2024-0251
https://doi.org/10.1360/SST-2024-0251

2056 H 3

(8

g
¥

Eitd 52 %

oengine remaining life by combining multi-scale local features
and Transformer global learning. Acta Automatica Sinica, 2024,
50(9): 1818-1830
(%ﬁ?%, R ZE, ZEA. 2 R E R EEEA Transformer 47 %
> Rl 1 R BN AL A A5 T A B4k 4, 2024, 50(9): 1818~
1830)

20 Han H G, Sun C X, Wu X L, Yang H Y, Zhao N, Li J, et al.
Dynamic-static model for monitoring wastewater treatment pro-

cesses. Control Engineering Practice, 2023, 132: Article No.
105424

21 Han H G, Wang J Q, Liu Z, Yang H Y, Qiao J F. Self-organiz-
ing robust fuzzy neural network for nonlinear system modeling.
IEEE Transactions on Neural Networks and Learning Systems,
2025, 36(1): 911-923

22 Menegatti D, Giuseppi A, Pietrabissa A. Tractable data-driven
model predictive control using one-step neural networks predict-
ors. IEEE Transactions on Automation Science and Engineering,
2025, 22: 6740—-6751

23 Wang G M, Jia Q S, Zhou M C, Bi J, Qiao J F. Soft-sensing of
wastewater treatment process via deep belief network with event-
triggered learning. Neurocomputing, 2021, 436: 103—113

24  Wang G M, Jia Q S, Qiao J F, Bi J, Liu C X. A sparse deep be-
lief network with efficient fuzzy learning framework. Neural Net-
works, 2020, 121: 430—440

25 Bandara K, Bergmeir C, Hewamalage H. LSTM-MSNet: Lever-
aging forecasts on sets of related time series with multiple sea-
sonal patterns. IEEE Transactions on Neural Networks and
Learning Systems, 2021, 32(4): 1586—1599

26 Rivest F, Kohar R. A new timing error cost function for binary
time series prediction. IEEE Transactions on Neural Networks
and Learning Systems, 2020, 31(1): 174-185

27 Li Y H, Anastasiu D C. MC-ANN: A mixture clustering-based
attention neural network for time series forecasting. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2025, 47(8): 6888—6899

FEIhEA b TR FAE BREH AR
FREEIR. 2019 FIRGIL R Tolk K2
[ e VAN 23 Tl W S SR
HERARG, A3 )R 1 e
SR S AR A SCREES.
\ h E-mail: wanggm@bjut.edu.cn

(WANG Gong-Ming Professor at

the School of Information Science and Technology,

Beijing University of Technology. He received his
Ph.D. degree from Beijing University of Technology in
2019. His research interests include pattern recogni-
tion and intelligent systems, neurodynamic-driven in-
telligent feature modeling and optimal control. Corres-
ponding author of this paper.)

R LR DA RAE BREEROR
EHET LT A 2024 AEFRAG i BT
e N o= A -2 0 S Wl S
250 )15 YR RERHIE A S 1A
Pl

E-mail: XINYILI599@bjut.edu.cn
(LI Xin-Yi Master student at the
School of Information Science and Technology, Beijing

University of Technology. She received her bachelor
degree from Qufu Normal University in 2024. Her re-
search interests include intelligent feature modeling
and optimal control driven by neural dynamics.)

FEM b DRSS BB EOR
FREHAR. 2017 FIRAFILFRTHIR
RENE AL F BT 1R N e
WS S P, AR S R g e
A 2 A P R Gt

E-mail: zipengwang@bjut.edu.cn
(WANG Zi-Peng Professor at the
School of Information Science and Technology, Beijing
University of Technology. He received his Ph.D. de-
gree from Beihang University in 2017. His research in-
terests include intelligent spatiotemporal modeling and
control, attack-tolerant and fault-tolerant security con-
trol and networked control systems.)

ELS S N TN S = E [ AT R Y
SRR, EEBTT A LA A
il

E-mail: cse zhanamh@uin.edu.cn
(ZHANG Meng-Hua Professor at
the School of Automation and Elec-
trical Engineering, University of
Jinan. Her main research interest is robot control.)

B At DR BREROR
A BT R ARG K
Qb3 R REAIC A £ ) A4 22 [ 24 5
Fysecit- 5k,

E-mail: rechardhan@bjut.edu.cn
(HAN Hong-Gui
School of Information Science and

Professor at the

Technology, Beijing University of Technology. His re-
search interests include intelligent optimal control of
municipal wastewater treatment process and structure
design and optimization of neural networks.)

FHRE b TR (5 BREH AR
B BER. EEH T A N 4
BEe RS, ok T FR i i i
4. E-mail: junfeiq@bjut.edu.cn

(QIAO Jun-Fei
School of Information Science and

Professor at the

Technology, Beijing University of
Technology. His research interests include neural net-
works, intelligent systems, modeling and optimal con-
trol of complex industrial processes.)


https://doi.org/10.16383/j.aas.c230634
https://doi.org/10.1016/j.conengprac.2022.105424
https://doi.org/10.1109/TNNLS.2023.3334150
https://doi.org/10.1109/TASE.2024.3453668
https://doi.org/10.1016/j.neucom.2020.12.108
https://doi.org/10.1016/j.neunet.2019.09.035
https://doi.org/10.1016/j.neunet.2019.09.035
https://doi.org/10.1016/j.neunet.2019.09.035
https://doi.org/10.1109/TNNLS.2020.2985720
https://doi.org/10.1109/TNNLS.2020.2985720
https://doi.org/10.1109/TNNLS.2019.2900046
https://doi.org/10.1109/TNNLS.2019.2900046
https://doi.org/10.1109/TPAMI.2025.3565224
https://doi.org/10.1109/TPAMI.2025.3565224
mailto:wanggm@bjut.edu.cn
mailto:XINYILI599@bjut.edu.cn
mailto:zipengwang@bjut.edu.cn
mailto:cse_zhanamh@uin.edu.cn
mailto:rechardhan@bjut.edu.cn
mailto:junfeiq@bjut.edu.cn

	1 烟气脱硫系统
	2 基于DFIM的设备状态预测模型
	2.1 深度信念网络
	2.2 DFIM动态学习算法
	2.2.1 模糊特征编码器
	2.2.2 推理门控层(基于T-S模糊推理)
	2.2.3 故障处置方案


	3 实验研究
	3.1 实验设置
	3.2 实验结果及分析

	4 结束语
	参考文献

