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Fuzzy Broad Model Predictive Control Based on Hybrid-driven and
Gradient Optimization

TIAN Hao"*®* TANG Jian**®* YU Wen* QIAO Jun-Fei**?

Abstract Model predictive control (MPC) is an advanced process control strategy widely applied across various in-
dustrial processes. Although deep neural networks have been used to enhance traditional MPC performance, they
often suffer from high computational complexity and the risk of overfitting. While the application of conventional
particle swarm optimization (PSO) in MPC offers global search capabilities, it struggles to meet real-time control
requirements due to excessive computational overhead and strong dependency on initial solutions. To address these
challenges, this paper proposes a novel fuzzy broad model predictive control approach based on hybrid-driven and
gradient optimization. Firstly, an interval type-2 fuzzy broad learning system is employed to construct the predict-
ive model, thereby enhancing nonlinear modeling and uncertainty handling capabilities. Secondly, during the rolling
optimization process, a hybrid strategy combining gradient descent and PSO is introduced to ensure fast conver-
gence while improving global search performance. In addition, a knowledge-data-driven surrogate model is built by
leveraging the system sample database and particle archive database to significantly reduce computational con-
sumption. Finally, a baseline solving strategy for manipulated variables is designed to improve the safety and reliab-
ility of control outputs. The effectiveness of the proposed method is verified through simulation experiments on typ-
ical nonlinear systems and actual municipal solid waste incineration process.

Keywords model predictive control; interval type-2 fuzzy broad learning system; gradient particle swarm optimiza-
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Table 1 Comparison of system knowledge and particle distribution knowledge in literature
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Table 2 Comparison of performance indicators of the
prediction models in the numerical simulation experiment

RMSE MAE R?

1:6668 10 2 1:0946 10 2 9:9765 10 !

IT2FBLS 1:7623 10 2 1:1560 10 2 9:9660 10 *
2:4521 10 2 1:2562 10 2 9:9418 10 !

4:7418 10 ? 2:9437 10 ? 9:8098 10 !

FBLS 5:8687 10 2 3:3352 10 2 9:6228 10 !

7:5289 10 2 3:9313 10 2 9:4514 10 !

85373 10 2 4:1450 10 2 9:3835 10 !

IT2FNN 6:7848 10 2 3:3207 10 2 9:4959 10 ?!
1:1432 10 ' 50707 10 2 87352 10 !

9:0152 10 2 4:0179 10 2 9:3126 10 !

FNN 6:9409 10 2 2:9805 10 2 9:4724 10 *

1:0972 10 ' 47416 10 2 88349 10 !

4 , IT2FBLS
., IT2FBLS
, : , IT2FBLS
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RMSE MAE R2,
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Table 3  Comparison of control performance indicators of case 1 and case 2 in the numerical simulation experiment
ITSE I1AE Devmax (s)
PID 8.2000 x 10°° 3.6100 x 10 7.0000 x 10 6.1900 < 10
1 GD-IT2FBLS-MPC 3.8000 x 10°° 3.1500 x 10 7.0000 x 10 48416 x 10°
KDD-GPSO-FBMPC 2.1000 < 10°° 2.6503 < 10 7.0000 < 107 1.3651 x 10!
PID 1.1800 x 107 3.8400 x 102 7.0000 x 10 1.3140 x 10°
2 GD-IT2FBLS-MPC 7.8000 x 10°° 2.7300 x 10 7.0000 x 10 9.5155 x 10°
KDD-GPSO-FBMPC 4.9000 % 10° 2.2367 < 102 7.0000 < 10 2.7572 x 10
7 , , .
, GD , [67] FT
, PSO ;
PSO , , B.
) 6.3.1
' ’ MSWI
; GPSO 8:00-24:00 857
; , 6 ;
3 , KDD-GPSO-FBMPC
, KDD-GPSO-FBM- FT. MV, FT
PC ) , , .
- L. ITSE PID Yedt+1)= ( usQ: yedD): arkD): areclkn
GD-IT2FBLS-MPC 74.4%  44.7%,;
2, ITSE 58.5%  37.2%. Aot aurey

6.3

KDD-GPSO-FBMPC
MSWI

#k WEY Yo #&
¢ 43+5

y V&< FT; Uséﬁ
; apkl); aree@Erapdt) ; aur@l

[68].
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Table 4 Comparison of indicators of MSWI process
prediction models

RMSE MAE R?

3.2470 < 10° 2.5153 =< 10° 9.7098 < 10"

IT2FBLS 3.2974 < 10° 2.5141 < 10° 9.7013 < 10
3.4554 =< 10° 2.5692 < 10° 9.6730 < 10
41178 x< 10° 3.1869 x 10° 9.5333 x 10™
FBLS 40783 < 10° 3.2040 x 10° 9.5431 % 10
4.2255 % 10° 3.3709 < 10° 9.5111 % 10

46324 %< 10° 35122 x< 10° 9.4093 x 10

IT2FENN 4.6063 < 10° 3.4569 x 10° 9.4172 % 10
48139 x 10° 3.6823 < 10° 9.3654 x 10
5.9173 x< 10° 4.8588 x 10° 9.0362 % 10™
FNN 5.7912 < 10° 4.7234 < 10° 9.0787 % 10

5.9673 x< 10° 4.8703 x 10° 9.0249 % 10™

: , RMSE
FBLS IT2FNN  FNN, 18.2%
28.2%  42.1%. , IT2FBLS
R? 1, MSWI
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60 dbw
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AMPC) 6, .
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Table 5 Performance indicators comparison of case 3 and case 4 in MSWI process
ITSE IAE Devmax (s)
BO-IT2FNNC 2.8575 % 107 3.2800 x 10 3.9205 x 10° 8.4221 x 10*
CETFNMC 2.7355 % 107 3.2389 x 10" 1.7313 x 10° 44747 =< 10"
3 ET-OLFNRC 2.3614 x 107 2.4989 x 10 1.7313 x 10° 45439 x 10
AMPC 2.6500 % 107 2.4801 x 10 1.6234 x 10° 1.0777 x 10*
KDD-GPSO-FBMPC 1.7213 < 107 1.7063 > 10™* 1.5438 x< 10° 3.4101 = 10*
BO-IT2FNNC 4.3274 %< 10° 5.4350 x 10 9.9399 x 10° 2.7355 x 10*
CETFNMC 4.0002 % 10° 5.5863 x 10 9.8047 % 10° 1.5080 x< 10*
4 ET-OLFNRC 4.0314 %< 10° 55171 x 10 9.8612 x 10° 1.5170 x 10*
AMPC 3.1669 x 10° 5.4212 %< 10™ 6.5438 < 10° 3.8423 x 10*
KDD-GPSO-FBMPC 2.3457 < 10° 4.3130 x< 10" 6.5438 < 10° 1.8524 x 10?
Tigs= /($t 5)+ /( 2tos)
y Tegs< TnoN +- , KDD ’
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MPC , KDD
KDD-GPSO-FBMPC
_ " . MSwI FT ( 6.3.2
, KDD-GPSO-FBMPC 3) ,
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Table 6 Comparison of performance indicators of ablation experiments
ITSE IAE Devmax (s) BTF
KDD-GPSO-NNMPC 2.5915 x 102 3.7724 x 10 1.9193 x 10° 1.9933 x 10 1
KDD-PSO-FBMPC 2.1640 x 102 2.9156 x 10" 1.5438 > 10° 4.8757 % 10" 36
KDD-GD-FBMPC 3.0979 x 102 2.9064 x 10 1.5438 x< 10° 4.2719 x 10° —
GPSO-FBMPC 1.3500 x 107 2.3275 x 10 1.6534 x 10° 48139 x 107 13
KDD-GPSO-FBMPC-3 2.8987 x 10 2.5930 x 10 1.6607 x 10° 2.4587 x 10t —
KDD-GPSO-FBMPC-2 2.4870 x 102 2.3819 x 10 1.5438 x 10° 2.6560 x 10* —
KDD-GPSO-FBMPC 48272 % 10 1.7440 x< 10 1.5438 > 10° 2.6893 x 10* 6




502 52
15 ,
——PSO
GPSO KDD-GPSO-FBMPC-2,
1o ITSE IAE 80.6% 26.8%.
BTF BTF , KDD-GPSO-
N NNMPC , IT2FBLS
" os IT2FNN ; KDD-PSO-
FBMPC BTF, GD
PSO,
0 , GPSO
0 10 20 30 40 50
L3RIQ
15 , KDD-GPSO-FBMPC-3 PA-
DB 8.6%,
ITSE IAE
10 o085 RN 600 149 Devmax 15438 16607,
_ PADB
N 0 : :
* 05 0.043 , , 1T2-
18 20 22 24 26 28 FBLS |T2FNN,
, BLS
0
0 20 40 60 80 '
EiL8!Q , GD,
16 PSO GPSO ’ ’ ’
Fig.16  Comparison of convergence characteristics ’
between PSO and GPSO ; ’ PSO,
, , GD
, MV , PSO : )
6 , KDD-GPSO-FBMPC KDD ,
ITSE IAE  Devmax , ,
; KDD-GPSO-NNMPC BLS | IAE , ,
116.3%, IT2FBLS
; KDD-GD-FBMPC  KDD-PSO- MV , ,
FBMPC PSO GD ,IAE ITSE , PADB SSDB
; GPSO-FBMPC , ,
454 s, , KDD PADB, ,
PSO ;
KDD-GPSO-FBMPC-2 ,
, , - IT2FBLS , GD PSO
7 GPSO
Table 7 Comparison of convergence characteristics between GPSO and PSO
JIMEeAN J malt) JImift) (s)
. 50« PSO (5.2533  0.0321) x 10™ 5.2878 x 10™ 5.0412 x 10™ —
GPSO (3.8422  0.0212) > 10° 4.0951 > 10 3.6325 %< 10 —
. - PSO (31542 0.0092) x 10™ 3.2423 x 10™ 3.0423 % 10 87
GPSO (3.1389  0.0013) > 10™ 3.2254 x 10 3.0544 x 107 22
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Fig.B1 Cross-correlation plots between manipulated variable and controlled variable
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