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Semi-supervised Concept Drift Detection Method by Combining
Sample Output Space and Feature Space With Its Application
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Abstract The modeling data used for pollutant emission concentration in the municipal solid waste incineration
(MSWI) is time-varying due to the concept drift phenomenon, which is caused by factors such as fluctuations in
waste composition, equipment wear and repair, and seasonal changes. Thus, it is necessary to identify new samples
that can represent the concept drift for pollutant measurement model updating. However, the existing methods are
limited by the modeling samples’ true values, which are difficult to be effectively applied to industrial processes.
Thus, a semi-supervised concept drift detection method by combining sample output space and feature space is pro-
posed. Firstly, unsupervised mechanism based on principal component analysis (PCA) is used in the sample feature
space to identify concept drift samples. Then, semi-supervised mechanism based on temporal-difference (TD) learn-
ing is used in the sample output space to label the pseudo-true value for the identified concept drift samples. Fur-
ther, the Page-Hinkley detection method is used to confirm the concept drift samples. Finally, the new samples ob-
tained by the above steps are combined with historical samples to update the measurement model. The simulation
results based on synthetic and real industrial process data sets show that the proposed method has better perform-
ance than the existing methods. Moreover, the cost of sample annotation is effectively reduced and the drift adapt-
ability of the measurement model is enhanced.
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Fig.1 The flow chart of MSWI process
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Table 1  Detailed introduction of each data set

BSE FEASH ABREAR SUERE AR ERE RS AR [ 45

(2954 1500 500 500 500 5
o 1500 500 500 500 18

Hi &l 4l R SR TR R AR S IR AR AR
[A] FA) AR5 A1k 2% [ G A 1 D0 AT W S 22 52 R S T
PR P AR SER IR,

42 {HEYZ%

LIS R SHOR B 2 Fin. 2, Confsee
F Con fp= 73528 PCA Gitt & IR SPE 172 1)
BIEE; o NIAEFEATFMEIRZE. LR SH0m
I SIS E

iR 2 ) A TR A % AR A R R R SR ] 5
Frz~. B 5 R0, T G DB A R AE AN S s A 1
R R AR Z (55 500 MFEA) 3977 A Bk 1l &
W72, FENT R A FEA I TC VA R &



1266 H | 1% ¥ {5 48 &
IR 25 o é&ﬁﬁ%
30 jﬁ%ﬁﬂiﬂﬂ%fﬁ
5 . L Wy 2

HEAL SRR

b

. 1 000 ‘
k) 1500 5

(a) & IR
(a) The synthetic data set

AL R RHIE(E

PR

e
]
-20 . :
. 50 | 561 ’
i 108 7 4
* U3 55, . 1000 1412 e
0 g 1500 1870 gyh™
(b) S £
(b) The process data set
4
Fig.4

B AEAEME S A P A A 10
Changes of each feature in the concept
drift environment

*2 (iESHNE
Simulation parameter setting
Hid e
AL W
TR AL RE A2 10 A% oR 4
R BUTE 0.5967 1.5116
% B BURHIE K L 0.7939
FEFRAREAR B N R (w) 8 50
PCA =R E(EE (Confspr, Confr) 0.8, 0.8 0.9, 0.9
TD % RIEBEE (e) 6 5

Page-Hinkley RrllvEz:AE R il
FEMERE (o)

Table 2

SHATR

GPR ¥

1.4734

2.2919 16.8846

1) AL [R)EE A2 A I

o S hAEE OB S IR IS, SR PCA
XTI IE R AS MRS A AR AIE 22 18] R A% G 45 SR
Kl 6 pis. B3k PCA Giit &, iARES

s
e
~
i
18
0 160 260 360 460 560 660 760 860 960 1 000
UEREA (AT 500) SIEREA (J5 500)
(a) & REHRESE
(a) The synthetic data set
BUR L€/
o SR BRI B A
250 || FUH
200,
s
~
£ 150
I
100
50
0 l(IJO 260 360 460 560 660 7(.)0 860 960 1 000
EREAS (AT 500) HMEFEA ()5 500)
(b) T FEHHE R
(b) The process data set
5 JRIRRIRLI R LR
Fig.5  Measurement results of the original model
THEFEHIR.

B 6 SR T 56 IE BE A R A% B AR AE 25 18]
PCA Ziit &5 PCA it &ML R. H
W, TE A RGO AR P LIS R AR 2 (R RS R A 400
A AE I FE B P A P 3 W0 A5 0 A A 1)V AR R R
450 . I 6 ATE ) Gk PR B 4R R AR AE 25 [H]
ARt THRA BN U, BRI A PCA vl A 2%
T HH AL B Z0 A AR,

2) 5T TD 2= 2] [ FAE ARVE

BEXTRRAE 2 AR R AR, JET TD 22 315 5
P B AR S5 RS S hr JE R A an B 7 B,
W TE A AR B R AR O FLE 350 A, D ELE
5REAH PR 2N 3.2760 (SEhr BAEbRAEZE N
2.2606); 71 Hd 5 T L FRvE Oy B 441 A, B
HAE S EAA PR 220 35.9429 (SEBR EAE brifE
724 36.3831), PN EHE A O FLAE ST S bm 1k 22
5subre i B 5 B EE BEARRL. thAk, B 7 WTE




[ PRy = B AR S R A i % o 1267

5 VTS A FEA ) SR AE A
s
10
| AN \l

& 5 thikl H

v e Tt g

0 100 200 300 400 500 600 700 800 900 1 000
FEA

SPE
s~ o 0

Il
Wbk mm”mnuMerJmm (bt
0

100 200 300 400 500 600 700 800 900 1 000

(a) R4
(a) The synthetic data set

UK ES (/S

200
150

ok sl =S il ‘ |
0 100 200 300 400 500 600 700 800 900 1000

200

150

| A
0 ¥ ke sl ‘I ‘\ ) |
0 100 200 300 400 500 600 700 800 900 1 000

FeA
(b) REFEEARLE
(b) The process data set
Bl 6 E1RREAIE 2 ) B EE RS Aol 25 SR
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Table 4 Comparison of detection performance of different algorithms
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Table 5 Comparison of measurement performance of different models
Hn 4 B R (LT8R BN RSE Y%k RMSE Wk R & RMSE
SVR A3 (0.5600) — 0.2479 0.94 3.7900
H R RT — 4 0.3034 0.91 3.1241
GPR Rk (0.5967) 0.1899 0.96 2.5840
SVR F 3 (1.1000) — 0.1369 0.98 30.3916
jup s RT — 4 0.1630 0.97 29.9548
GPR Rk (1.5116) 0.1348 0.98 28.8785
6 AAN[F]FE B ek O AR 2 B E M e R o , e o .
H6ARRERAG LT AL 2 BT 2 o 2 X B R S 2
Table 6  The influence of different distance functions on . N N e ) "
model updating performance MTJX_LEZ{‘BCj(E/‘] Wﬂ@gﬁgﬂ:ﬂ PCA T’I'_\'%IJ IKE, }‘}\ﬁﬁ{ﬁ
— 3 3 o8 H-FE S5 4 H de A E 23 E
Wk TRmE GAmmErAns Bmmmmuse  OREAEAD %LE?%E\H”%A AR5
BT 3.3434 3.1939 EE*qézlggéj\, }%l%iﬁutﬂ’ilm*ﬁ?m”?i$ glz/j—\‘i, E%ﬁ
B VI KR 3.2382 3.2484 Ja# A RMSE 22 A0 AN b Bk A s — a2 S 800k
B B 3.2760 2.5840 LI, AN RS E LRGN Btk ik
Vi 47 ST Y SFFE B Al AN
s oo . ALK S U T LA R, SR O
ﬂj% WLKFE*EE%‘ 37.7392 28.9947 E@i&?&ﬁﬁ?ﬂ l:l 9 %Eﬂﬂﬁ%ﬁfﬁ%ﬁ uéﬁﬁlﬂiﬁﬁﬁ
WK P B 35.9429 28.8785 I B RS T OR.

2) TD 2> Wi i AR e A8 O AR A
VERG B, 3R BEE S A A RMSE P2 A s2m. e
i ZIN B 43 FH T B O SCAE 0 7 SR AR ek /b, R
FVE TR R R 1 5 2 oy B ARG B, S8
CLAER 4 O FAE I 5 46 58T R B A RMSE i K.
e Ml I 4 FH T A v O BRI 0 SERE A &
B 503 5 2 AR AL B BB ) ) 5 22 4 A 1B T
P, [FIFE 0 B a8 RMSE fl oK.

3) FFAEZS (AR A A W L FE R PCA 32 il IR
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() PRI RS DA A S i, 3 T S A5 B G A7 T 1 3R I
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IR AT B, AR S 1 L T SO o) =
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A 45 5 DA IR 40 2 SJ RS RRAE, AT SR B e el
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3AT S P SRR AR N N5 B RN e AR A
LR IUU R Z 055 B, RN & B 8RN PCA

5 458

B 2% TS FEAEAE R SRS 0 23 M 2
B ) LA A DA SIS BRI R] R, S R S — AR
K 5 AR S ) [ B SR R A .
FERG L I PCA e RRAE 2% 18] N A7 7E ML 2V 7%
MREAR)S, F4A TD % 2] 55 Page-Hinkley
W, FERE A S H 25 ) 3R AT O BB AR v R R i B8
RAERE SRR I FEA. ARSI 2 7V AT 1 R
WAE: 1) KRHBA PCA Al Page-Hinkley £ illi%
TR 073 5 Pl S5 A5 A AE A5 A0 2 ) R ASE A i 4 7 (1)
PIESEFEAT R 2) BT TD 22 2] 0 F B AL
F T4 F 2 (RN RS A A 1 O BB FRyds, DT IA) T
NACIWENPoia R S ek =y ety = 2 walll ki S R
3) KH B S MSWI i FEE R 4L 500E T B J7 VA AE
SERR R A TATYE, JERIIH RER T OA 7R
PERE.

H AT, T ) b [ =00 2 A0 Y > e BHEE RS A
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PR, 2) AP AR R B, X O EABE AR
ST O3k 3) Do i R O T R A ) B P A
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Table 7

AR A S o AL RE AR AL

Algorithm performance changes corresponding to different variable parameters

BEAR ORE w RITWHE « PCA ZHIR Confypr, Confr GRA7 8 DIBUH U AREMIUES BRI D IEARETHRE HRNE RMSE

0.85, 0.85 16 464 13 38.9005 31.0823
3 0.90, 0.90 16 464 15 48.2016 35.2513
0.95, 0.95 16 464 12 37.7528 28.9876
0.85, 0.85 16 464 15 40.0004 30.4071
30 5 0.90, 0.90 16 464 15 47.6636 34.2694
0.95, 0.95 15 435 13 39.0258 31.0078
0.85, 0.85 16 464 12 40.1782 28.8912
8 0.90, 0.90 16 464 15 46.5567 32.8323
0.95, 0.95 15 435 14 38.4400 30.5321
0.85, 0.85 9 441 8 42.9923 30.1536
3 0.90, 0.90 9 441 8 36.8999 29.7216
0.95, 0.95 9 441 7 31.2822 29.3330
0.85, 0.85 9 441 8 43.4483 29.8960
50 5 0.90, 0.90 9 441 9 35.9429 28.8785
0.95, 0.95 9 441 7 31.9674 29.9178
0.85, 0.85 9 441 8 42.9759 29.4615
8 0.90, 0.90 9 441 8 37.0338 29.2796
0.95, 0.95 9 441 6 31.4267 29.3356
0.85, 0.85 6 414 5 44.7315 33.6308
3 0.90, 0.90 6 414 5 46.9859 36.2573
0.95, 0.95 6 414 5 33.4711 33.1686
0.85, 0.85 6 414 5 41.9744 32.4663
70 5 0.90, 0.90 6 414 5 44.4580 34.3495
0.95, 0.95 6 414 5 33.6287 34.2660
0.85, 0.85 6 414 5 42.3929 31.0446
8 0.90, 0.90 6 414 5 45.8771 34.5003
0.95, 0.95 6 414 5 33.2206 33.5950
Ref 20200723.1048.002.html, July 23, 2020)
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