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Ensemble adaptive soft sensor method based on
spatio-temporal local learning

Huang Cheng'?,Jin Huaiping' , Wang Bin',Qian Bin', Yang Biao'

(1. Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China;
2. Huaneng Lancang River Hydropower Inc, Kunming 650214, China)

Abstract ; Ensemble learning soft sensors have been widely used to estimate key quality parameters in the process industry. However, the
conventional ensemble modeling methods are often limited to mining the temporal relationships between samples for building the base
models while ignoring the spatial relationships between samples. This may lead to problems such as insufficient local state mining of the
process and insufficient diversity among base models. In addition, traditional soft sensor methods cannot effectively deal with the time-
varying characteristics of the process due to the lack of adaptive mechanisms, which leads to the degradation of the model performance.
Therefore, an ensemble adaptive soft sensor method based on the spatio-temporal local learning ( STLL) is proposed. Firstly, the method
mines the temporal and spatial relationships of process data, and the redundant states are removed by using statistical hypothesis testing.
Then, a set of diverse spatial-temporal local Gaussian mixture regression models ( GMR) is formulated. Then, the local prediction
results are combined adaptively based on an online selective ensemble strategy. Besides, a dual-updating strategy is proposed for
alleviating the model performance degradation. Compared to the non-adaptive global GMR, temporal local learning based ensemble
GMR, spatial local learning based ensemble GMR, experimental results show that the prediction accuracy of the proposed STLL approach
is improved by 70.3% , 14.9% , and 27.8% in an industrial chlortetracycline fermentation process, while it is improved by 31.9% ,
21.2% , and 19.3% in an industrial debutanizer process.
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Table 1 Prediction results of butane concentration by

different soft sensor methods

Jrid RMSE R?
GPR 0.173 0 0.012 3
GMR 0. 166 9 0.081 1
JITGMR 0.146 8 0.288 6
EGMR_A 0.171 6 0.028 0
EGMR_B 0.099 7 0.672 0
OSEGMR_A 0.111 0 0.593 5
OSEGMR_B 0.078 4 0.797 1
STLL_A 0.073 5 0.8220
STLL_B 0.059 9 0.8816
STLL_C 0.065 3 0.859 5
TLL 0.058 2 0.888 1
SLL 0. 068 6 0.844 9
STLL 0.049 5 0.919 2

AT AR B R B AR AR T T ) A R AR 4
THAE St MBS, b4k STLL_B .STLL_C F1 STLL By
MIPERE, AT LA R, B4R STLL_B I STLL_C HPERE#B15
BT BRI, AL STLL MRCR A, X FEREF N
TR AR ¢ AiE o 32 B A A 98 A8 R 9% AR T B AR KR AE
STLL_B 5l A OC # W& 8 & T 4b 3 27 A8 B i 45 47 24
STLL_C 38 52 75 28 U8 IR 76 G 1 47 b Ak 30 98 2408 BT AR AT 5
MMl STLL [R5 | APIRREAR 256 1 & i34, ik — 20
PEim TR U RE

MR T R RTE A LR R A S BUHESE T, TLL
F1SLL P READ M (0 T 4 J5 %8 STLL M PERE, X —45 3R
345 F STLL v Z 55 5 SR B 1 A A0 2 A, (RIS 136 B B



%1 )

B A L T 2 SRy A T B R L R A D i

25 S PR ASHER T X i AR A T O A R, )
Ah AR 2 fras , DR REAS 48] A [a) B i 5 2 4R A
BRI i A il 2k L 72 4 U BH T STLL J7 ¥ 19 A0 8 1
&l 3 41 T STLL 4" GMR 7E A MHEREEAS T Ad ) 7
MihZe . HeAh, BT TR0 BE |, 7R 2R Y S iy P BEdL IR
W H S STLL B30 4o (AR SCHE i A M S B R A T
DA R AE S AR AT A R AR T B R R 3
FAZREE, WP 4 iR, STLL MY FELL U CPU SF ¥t
B4R 0. 327 7 s, AT A3 S50R AR oA £ T S i
3.2 TeBHRRETE

1) Rf B A

- ( chlortetracycline, CTC) J&—F A BT 4
RUSINA 2 B AR b e R AR 2 A K 2
o R AR MY R AR R SE 100 h, A BERE K]

1.2~
1.0
0.8
0.6 -

0.2 .:ﬂ‘ : s yi . |

THEIREE/ BEIR ST

0

237
05
04 f
s
& 03
%®
= 02
&
B o1k
0 L
0 10 20 30 40 50 60 70
AR A
B 2 AN TRV T 3k Mo T e B8 FA) 0 e 3 oty 2%
(EBAIAAEAS)

Fig.2 Trend plots of butane concentration prediction using

different soft sensing methods (part of test samples)
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Fig.3 Trend plots of butane concentration prediction using GMR and STLL methods
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Fig.4 CPU time curve for butane concentration
prediction based on the STLL method
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Table 2 Input variables for soft sensor development of

industrial chlortetracycline fermentation process
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Table 3 Prediction results of substrate concentration by

different soft sensor methods

Ik RMSE R?
GPR 0.405 0 0.911 4
GMR 0.350 0 0.933 8
JITGMR 0.357 5 0.9309
EGMR_A 0.422 9 0.903 4
EGMR_B 0.312 4 0.947 3
OSEGMR_A 0.3390 0.937 9
OSEGMR_B 0.308 3 0.948 6
STLL_A 0.282 6 0.956 8
STLL_B 0.249 7 0. 966 3
STLL_C 0.270 7 0. 960 4
TLL 0.302 4 0.950 6
SLL 0.295 4 0.952 8
STLL 0.238 3 0.968 3
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Fig.5 Trend plots of substrate concentration prediction

using different soft sensing methods (single batch example)
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Fig. 6 Trend plots of butane substrate prediction using GMR and STLL methods
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Fig.7 CPU time curve for butane substrate prediction

based on the STLL method

4 #

S BRAR LR I 7 dod o ) S o T, AR SC AR
T TR I SRy E A ) B R AR A I ) 4R A>T A
32 I B e AR T STLL, I3 o Tl JiE T e 3 3 A
R R RES R S IEAT T ARSI, Tk
R 1) PR —Fhmr S R ECR S BRI BT o K IR as
B MW T JIT HEA A 8] A1 25 [8] 64 40 4] 70 Jay v DX K
AR T AR ) Z2 AR, S ST o P RE Y AR U Y
BUE T AR ;2) 4RI T — R Rk b B AR USRS B
BB G Rl 55 3) 1 — Pl DU SR AL . 7 e
THE RS RN e = B TELOR IR AR5 51 A S
HMEER AT AR ST il 1 A TACAE, 645 STLL HVARENR
AT 250Xk 2 70 TR 0 2 708 TR ] 72 3 RE R AIE LA PR A 7Y
PRAFEGR RPN PERE . VA SC A DR [a] 125 ] fr) 400 #1144
FEZAENE A AT | L2 U] Fil A b 22 4 8 A JSCBIL )
b BE— Y, A, SO A TR AR AG I 32 A T
DRZE AT A AHEA T, e 45 5y A BURRAE 25 ) A
BTG R e — ME AT FE B 1]

5% 30k
[ 1] YUANXF, GE Z Q, HUANG B, et al. A probabilistic

just-in-time  learning  framework for soft sensor

development with missing data[ J]. IEEE Transactions on

Control Systems Technology, 2016, 25(3) ; 1124-1132.
[2] GEZ, SONG Z, DING S X, et al. Data mining and
analytics in the process industry: The role of machine
learning[ J]. TEEE Access, 2017, 5. 20590-20616.
Lt el = R N S e [ B B YAl AN o
Z T BUEIN R [ )] AR R4, 2021,42(11)
279-287.

XU ZH Q, REN M F, CHEN L, et al. Multi-conditions

(3]

[4]

[5]

[6]

(7]

[8]

(9]

[10]

[11]

soft sensor regression based on the time-nearest neighbor
Laplacian regularization[ J]. Chinese Journal of Scientific
Instrument, 2021,42(11) :279-287.

AGUADO D, NORIEGA-HEVIA G, FERRER J, et al.
PLS-based soft-sensor to predict ammonium concentration
evolution in hollow fibre membrane contactors for nitrogen
recovery [ J ]. Journal of Water Process Engineering,
2022, 47. 102735.

WANG Y, PAN Z, YUAN X, et al. A novel deep
learning based fault diagnosis approach for chemical
process with extended deep belief network [ J]. ISA
Transactions, 2020, 96, 457-467.

CHEN X, CAO W, GAN C, et al. Semi-supervised
support vector regression based on data similarity and its
application to rock-mechanics parameters estimation[ J].
Engineering Applications of Artificial Intelligence, 2021,
104 104317.

JIN H, CHEN X, WANG L, et al. Adaptive soft sensor
development based on online ensemble Gaussian process
regression for nonlinear time-varying batch processes[ J].
Industrial & Engineering Chemistry Research, 2015,
54(30) : 7320-7345.

e R AR AL B 55 BT TR T RE S IR
AR FLGTIR R i [ ) ] AR AR 2440, 2021,
42(4) :160-168.

FU H, WANG J CH, FU Y, et al. Soft measurement of
coal mine gas emission based on quantum-behaved
particle swarm optimization and deep learning [ J].
Chinese Journal of Scientific Instrument, 2021,42(4) .
160- 168.

JIN H, CHEN X, YANG J, et al. Multi-model adaptive
soft sensor modeling method using local learning and
online support vector regression for nonlinear time-variant
batch processes [ J ]. Chemical Engineering Science,
2015, 131 282-303.

SR/ B RER R PR TN 1] 2 23 iR A A fi
/N TS A R AR A N AR R[] AT
#%,2016,67(3) :724-728.

YUAN X F, GE ZH Q, SONG ZH H. Adaptive soft
sensor based on time difference model and locally
weighted partial least squares regression [ J]. CIESC
Journal, 2016, 67(3) . 724-728.

GOEL K, BATRA S. Two-level pruning based ensemble
concept drift in data
streams| J |. Expert Systems, 2021, 38(3) : el2661.

with abstained learners for



240 O & M a4tk
[12]  Dfil, T p2 . 56T B M A R 2 >0 B30k 1 [ 3 4% efficient ~ image  similarity —measure  based on
et B T EE S HE Ao B RO B[ T ], L T4, 2019, approximations of KL-divergence between two gaussian
70(2) :696-706. mixtures[ C]. ICCV, 2003, 3. 487-493.
TANG J, QIAO J F. Dioxin emission concentration soft [22] CEDERBORG T, LI M, BARANES A, et al
measuring approach of municipal solid waste incineration Incremental local online gaussian mixture regression for
based on  selective  ensemble kernel learning imitation learning of multiple tasks[ C]. 2010 IEEE/RS]
algorithm[ J]. CIESC Journal, 2019, 70(2) : 696-706. International Conference on Intelligent Robots and
[13] AEfRWN, Z=WPE. EER 4R LTDGPR A5 4 [ 38 N Systems, IEEE, 2010: 267-274.
B i AR 7 vk (1], fb A% 4R, 2017, 68 (3) [23] ZONG B, SONG Q, MIN M R, et al. Deep autoencoding
984-991. gaussian mixture model for unsupervised anomaly
XIONG W L, LI Y J. Adaptive soft sensor based on detection [ C ]. International Conference on Learning
selective ensemble of LTDGPR models [ J]. CIESC Representations, 2018.
Journal, 2017,68(3) : 984-991. [24] SHAO W, CHEN S, HARRIS C J. Adaptive soft sensor
[14]  PhFAd, A, ToBR T« BCA AR 5 R AR 25 |] 19 2 development for multi-output industrial processes based
WM SRk R N (1], A shfea4, on selective ensemble learning[ J]. IEEE Access, 2018,
2022,48(5) : 1259-1272. 6: 55628-55642.
SUN Z J, TANG J, QIAO J F. Semi-supervised concept [25] QIU K, WANG J, WANG R, et al. Soft sensor
drift detection method by combining sample output space development based on kernel dynamic time warping and a
and feature space with its application [ J ]. Acta relevant vector machine for unequal-length batch
Automatica Sinica,2022,48(5) ; 1259-1272. processes[ J]. Expert Systems with Applications, 2021,
[15] MUS, ZENG Y, LIU R, et al. Online dual updating 182, 115223.
with recursive PLS model and its application in predicting [26] WV, %A EH, & LT Hirthfbn) ket
crystal size of purified terephthalic acid ( PTA ) PEAE R T I S [T ]. B TR IR,
process[ J]. Journal of Process Control, 2006, 16(6) . 2019,33(3) :680-691.
557-566. JIN H P, HUANG S, WANG L, et al. Selective
[16] SAPTORO A. State of the art in the development of ensemble learning based on evolutionary multi-objective
adaptive soft sensors based on just-in-time models [ J]. optimization for soft sensor development [ J]. Chemical
Procedia Chemistry, 2014, 9. 226-234. Journal of Chinese University, 2019, 33(3): 680-691.
[17] ALAKENT B. Online tuning of predictor weights for [27] URHAN A, ALAKENT B. Integrating adaptive moving
relevant data selection in just-in-time-learning [ J ]. window and just-in-time learning paradigms for soft-sensor
Chemometrics and Intelligent Laboratory Systems, 2020, design[J]. Neurocomputing, 2020, 392. 23-37.
203 104043. [28] JIN H, CHEN X, YANG J, et al. Multi-model adaptive
[18] ALAKENT B. Soft sensor design using transductive soft sensor modeling method using local learning and
moving window learner [ J ]. Computers & Chemical online support vector regression for nonlinear time-variant
Engineering, 2020, 140: 106941. batch processes [ J ]. Chemical Engineering Science,
[19] LIU Y, HUANG D, LIU B, et al. Adaptive ranking 2015, 131 282-303.
based ensemble learning of Gaussian process regression [29] WILLIAMS C K, RASMUSSEN C E. Gaussian processes
models for quality-related variable prediction in process for machine learning[ M]. Cambridge, MA: MIT press,
industries [ J ]. Applied Soft Computing, 2021, 101 2006.
107060. [30] &WF, FR%, Jy e, 4. S THE T R AR I
[20] JIN H, LI J, WANG M, et al. Ensemble just-in-time 5Z BRI B8 55 (9 2 B PR 42 il S B i

[21]

learning-based soft sensor for mooney viscosity prediction
in an industrial rubber mixing process[ J]. Advances in
Polymer Technology, 2020.

GOLDBERGER J, GORDON S, GREENSPAN H. An

B[ J/OLT. #1005 P 5 . 1- 13 [ 2022-12-27 ). hup://
kns. net/kems/detail/21. 1124. tp. 20220102.
2157. 013. himl.

JINH P, WANG J J, DONG SH L, et al. Selective

cnki.



%1 L

S A RE T 2 JR i 2 T (A B T B 241

[31]

[32]

[33]

[34]

[35]

[36]

[37]

ensemble learning for soft sensor development based on
deep learning for feature extraction and multi-objective
optimization for ensemble pruning[ J/OL]. Control and
Decision: 1- 13 [ 2022-12-27 ]. http://kns. cnki. net/
kems/ detail/21. 1124. tp. 20220102. 2157. 013. html.
LIU T, CHEN S, LIANG S, et al. Selective ensemble of
multiple local model learning for nonlinear and
nonstationary systems[ J]. Neurocomputing, 2020, 378
98-111.

IWASHITA A S, PAPA J P. An overview on concept
drift learning[ J]. IEEE Access, 2018, 7. 1532-1547.
GUO F, WEI B, HUANG B. A just-in-time modeling
approach for multimode soft sensor based on Gaussian
mixture variational autoencoder [ J ]. Computers &
Chemical Engineering, 2021, 146. 107230.

ALAKENT B. Soft-sensor design via task transferred just-
in-time-learning coupled transductive moving window
learner[ J ]. Journal of Process Control, 2021, 101:
52-67.

NI W, BROWN S D, MAN R. A localized adaptive soft
sensor for dynamic system modeling [ J ]. Chemical
Engineering Science, 2014, 111. 350-363.

FORTUNA L, GRAZIANI S, XIBILIA M G. Soft sensors
for product quality monitoring in debutanizer distillation
columns [ J ]. 2005,

13(4) : 499-508.
JIN H, PAN B, CHEN X, et al. Ensemble just-in-time

Control Engineering Practice,

learning framework through evolutionary multi-objective

optimization for soft sensor development of nonlinear

industrial processes [ J]. Chemometrics and Intelligent

Laboratory Systems, 2019, 184 153-166.
EE &I

A, 2018 4F 2022 4F T [ W TR 2
PalE7R IS S e AN U e e AR I
REIH VLK R A BRZS =) T AR U, 22t
T3 1) Ayl BRI AT 55 RE M
E-mail: 17308894046@ 163. com

Huang Cheng received his B. Sc. and M. Sc. degrees both
from Kunming University of Science and Technology in 2018 and
2022, respectively. He is currently an engineer at Huaneng
Lancang River Hydropower Inc. His main research interests
include process data analytics, intelligent monitoring, etc.

EWRF CEFEIEH) ,2010 4 2016 4E T
JERUER T2 23 i A T i oy
o, B B B TR A Bl 8%, 55T 5
4 16] Ay ek e 5 B0 e B R BB T di B B R R

'Y EEIRETECTT T
E-mail ; jinhuaiping@ kust. edu. cn

Jin Huaiping ( Corresponding author) received his B. Sc. and
Ph. D. degrees both from Beijing Institute of Technology in 2010
and 2016, respectively. He is currently an associate professor at
Kunming University of Science and Technology. His main
research interests include process data analytics, intelligent
manufacturing, soft sensor technology and application, machine

learning and data mining, etc.



