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Multi-conditions soft sensor regression based on the time-nearest
neighbor Laplacian regularization

Xu Zhiqgiang, Ren Mifeng, Cheng Lan, Li Rong, Yan Gaowei
(College of Electrical and Power Engineering, Taiyuan University of Technology, Taiyuan 030024, China)

Abstract: In the process industry, the change of working condition results in the decrease of the prediction accuracy of traditional soft-
sensing models. Take the impact of industrial data continuity, sequence, multicollinearity, and huge amount of data on the model
establishment into account, a multi-conditions soft sensor regression model framework based on the time-nearest neighbor Laplacian
regularization is proposed. To solve the multicollinearity of industrial data, the proposed regression framework utilizes the nonlinear
iterative partial least squares method. Meanwhile, the domain adaptation regular term is introduced to mitigate the influence of the
change of working conditions on the model. On this basis, the time nearest neighbor Laplacian regular term is proposed, which can
maintain the sequence structure of the data during the mapping process. And the model training time is greatly reduced to meet the
industrial real-time requirement. In the experiment, the multi-conditions data set of the melamine polymerization process is taken as an
example. The results show that compared with the traditional method of partial least squares regression, when the target conditions are
conditions 1 to 4, the method in this paper reduces the average root mean square error by 30.3%, 31.4%, 29.3% and 24. 1%,
respectively. And compared using with the traditional function of total connecting, using the function of time-nearest neighbor connecting
to construct the Laplacian regularization could deduce the training time of the four working conditions by 14. 11, 1.01, 26.43, 0.71 s
respectively, and indicated that the accuracy and the training time could be improved.
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experiment under different working conditions
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Fig. 1 Comparison of single-domain regression results of the

two methods in working condition 2

NE I RIS TIS: | T B S A T S R S
TARFHEAI A ROR . PLSR A5 R A 6 2 [H] 4 5 19 748
S TR A g 0 IO ) A ek 2 ) )R O A, O e KT JEE
PREE TR R 7 22 R B T I B 2R R . [HUR PLSR
ORISR S HEAT 1 2580, 20 1 i A i 1 5 25
F o X T R | e 2 HAT AR UL
AL, DRI, I [ G0 40437 35 730 T ST RE 8 A7 283 T
i AR R 4 A [ RS PR

4.2 WIFMHEENBRE

J T B3 UE TNN-LR-MR 5.3k 7E £ T80 50 & [ml 5 4%
55 HLAT H Aty 1 P B Bt | 1 S S 50 A B T T 0
P A A 7 s T A Y T T AT A SR E R
B 158 AR Y CORAL | ¥ 25 7] %+ 55 ( subspace alignment,
SA) LA Je DIPALS A SCHTH2 5% TNN-LR-MR 17
A, I B PLSR /E X FRZH, TNN-LR-MR 1, ¢ 3
B 100, 10 REE AT HRIRZELE R INEE 3 Fis,

R3 STWAELREZITNAFLRIRE
Table 3 Cross prediction of root mean square error

among the five methods
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Fig.2 Comparison of cross-domain regression results of the five methods in working condition 2

SA, R WITEST i A v A LY SO FNBR A B AR SCE , 7531
AR AR AN B A A R | EL il T B A A
it 22 B AL, [0l U5 2R BORE A 2 10 XU, 10583 1 [l 0
PRI IZ A PE AR, DNZRI ] AR A
ARSI B AE Y0 FE TNN-LR-MR 5.3 B[R] 35 4B 1
S TE DI TR AR YN AR . AR SR AR — R A3
SRR AE 3 30 e P 4 3 4 10 5 I [ 30 40 3 s 57 3 4 4
I AR S5 N ZRIH AR ] L A5G &R Ik 1) S 48

PR STAT AR ¢ = 100, 1 4 i e 55 R T %
He= max { ng,n, | o

BE THL 4 R T, 4 B ST 5 T 1,23 1
TNN-LR-MR B8, 24505 T80 500 B LA BCE 432 75+
ESRIIEE = €m0 = W NS el 11y R (B S 1 N B
BEAKEK n, B8 Y0 T00 1 IR AORE A B, 124746
SEIRUNGE 4 iR, LIREASH X Bl 384 THHRR Y il 15208
BEAKIO FFHES , BEAR K- R] DG R R 3 TR

x4 FH RN EFEREIX
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