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Abstract: To address the problems of multi-modality, multi-variable, large time delay and existence of measurement
outliers in an actual air separation process, a dynamic incremental learning soft sensor algorithm based on a Lipschitz
recurrent neural network (LRNN) is proposed. Firstly, the LRNN with easy convergence and excellent stability is used
to deal with the nonlinearity and time delay in the process data. Secondly, a novel LRNN loss function is designed by
combining the robustness to outliers of the Log-Cosh estimation and the sparsity of the L, regularization, which is effective
in dealing with the problems of measurement outliers and model redundancy of the process. Further, the adaptability to the
modal changes of the production process is improved by the dynamic weighted ensemble of different robust LRNN base
models. Finally, the proposed algorithm is applied to the soft sensor modeling of the Oz concentration at the outlet of the
low-pressure tower in an actual air separation process in a steel plant, and the effectiveness and superiority of the proposed
algorithm is verified by comparing with other state-of-the-art algorithms.
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ASUAE PR A%, AT IR IR riRe i, AL
122 [ 2% (artificial neural network, ANN)[A . 7E 4b ¥
ARELEL AR R A B IR, CAEASUKHE
SR T THAF R T RIS, ANNTZH 251
S AL R TG, T 4R TR 4 I 28 FIE R 22
WX 2% (recurrent neural network, RNN)PI. §if 15 4 £ [
28 1 WA A % 2 AL (multi-layer perception,
MLP)®!| 4% [ 2 o Z VRN B AL B B Y % (stochastic
configuration network, SCN)!®14%; RNN U (1, 45 45 1
1t 1Z.(long short-term memory, LSTM)1| [ J#2f§ 34 L
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W24 41 MLP, SCN /D2 D) fg, 2% BA s P
KRNI AR AR, HAR AP BRI PR 48 N 45
UIRNN, LSTM 5| [ iciZ 57c, REW i S id A2 20
AU R, G Tl FE .
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Fig. 1 Schematic diagram of air separation process
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Log-Cosh#ii % BREUKI H A SR B, SRR VRSN B
YA 2 5 ) Lipschitz 75 PR £8 IX £% (dynamic
incremental learning robust Lipschitz recurrent neural

network, DIL-RLRNN) 8Ly 1) B AR 5 3 RN SR L.

% 1 ASUBIIAL &
Table 1 ASU input variables

5 AR 2K HAL
1 No /= i e Nm?/h
2 AR m3/h
3 B4 S E Nm3/h
4 IR IE WA %
5 TR O 5 %
6 N2 = iR Nm?/h
7 SRR E SR Nmi/h
8 B EEES BN R NmP/h
9 {REEE ) mmWC
10 EZs e Lty Nm?/h
11 FINBOJEAHHAUER  ke/om?
12 R HIR IO TR Nm?/h
13 2B B O IRAENLHFUE T kg/em?
14 ¥iERE e N s Nm3/h
15 No /= i = Nm®/h
16 HHArE R &= Nm?/h
17 HH R Oo = S & Nm?/h
18 E RO = it = Nm3/h
19 HHEES 1AL %
20 HEIE 1 R 2 mmWC
21 FHAEEE 2L %
22 HLEA B %
23 Al EEA R R kg/em?
24 K pr A kg/cm?
25 REES R °C
26 EIREES N E  Nm3/h
27 WA R —
28 RESEZ mmWC
29 R EIE WAL %
30 HHA AR 2 —

3.1 Lipschitz RNNZEA JFH
LRNNE AR ERNNAR A& L2 (8] 3 11 & 4,
TP A BT A i P TR A 328 U R T, T
KT XS FR—RETHR > 7 G R A R Bl 2 2 [ 4R
B, FAR o PR R R FEE AR MR 1) [l . AR g — A
CLA1 B £ 1 7> B A1 — AN Lipschitz F2e ME 70 B 41, X
PR IR () 45 A6 BRAIE T 15 B K L s i Faoe v Rk
N Flp 3 BAR T o N EHE £ 1 K /INFI G B2, i A\ 3L
TE;%X = [ZE1 To - ZL‘N]T, :/H\:E'sz = [%‘1 T2 -
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T
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a3l TSRS EG WARRERUIRASh = h(t) €
R b = é@?i‘yﬁiﬁ#l‘aﬂ@i&; U € R™>PHlb € R4y
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[ S H ) & BRI a IS s,

T HAEFA o R R &5 44, i@ i Aa e e A fi
HessianHi [E PP, &I Lipschitz /G 5o T4 A A
ZHIR N BA SN, 5 AR ] BT AH HL R I
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Log-Cosh R £ R Jy— & 4 0] I Fr) 457 2K bR 4L,
H A X T B 1E 7 Bt Huber 28 2000 BT B 55, 12 Log-
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L(x) = log(cosh x), (5)

S cosh(r) = o (e" + o) 2 0L 4 34 B0 21
log(*) R ARX HREL, 2 RN ESHE S WME 2 %, K
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TRURRE . 2 FR ZE /I, ] SRR BRI Sk, S8
% 7 (mean square error, MSE) LA AL R, (H B
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LRNN mJ G Zot i $e 20 &L 2N 75 B, (HHAE
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71, KM Log-Cosh BR ZHUAL i A LRNN FFIMSE$7 2% Ry
. Ly BN BB R B B aE 71, v LUK A 21
FRIE R EUE S8 B, TS 2R B, gD o 5 Rk
AFNAE A 75 5K, I RS BB 172 4 RE /11221 IR i,
5025 ALy IENAE PLUD TR BL A (R 52 25
b, B H A& FELRNN (robust LRNN, RLRNN)#5i 2k
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TEA B, A B 6 () HE A AR AR E 5 A RS
(TR FE AR E S & P IR, P Reh X(12)-
13y ] 51, A [F) FEAHA A AR 45 e 1R K /N 73 BE A [RI B2
TR T 22 i - A TN RS PR s, LR R OK, IX R P
F 7 1B OISR g i B I SRR A T S 72D
B8, H(16)~(18) 1] A, H AL AR AN N —F 4k
FRIRE A TR 5% Z2 50K, W) FCAH R AR /). IX A
I A ML R RERE A E, vl 2R FR A A FRAR
AR AR T A f.

4 SERIIE
41 EFTLRKE

ARG BT SRR R TN R A ASU A P2 i
FE HPR R 38 O3 B TN, fif A B AN 552,271
MR FTR. FTA A 25 B T #0575 DA T SEER IR 5
1 SZ3: AMD Ryzen 7 5800H CPU @ 3.20 GHzAb ¥
#2 .16 GB W 77 » 647 Windows 113 1F & 45 . Python

3.6/ APy TorchiR i 2% S HESE. SR FH 1 5E 52 i (coeff-
icient of determination, R?). #J 77 ¥ % Z (root MSE,
RMSE). “F-¥3 44 %} % % (mean absolute error, MAE)>K
PRAGBAYBE.
4.2 fHEZFRESHr
4.2.1 EERHEIRMEREXT EL

AN BIE S D FIHT 80% 1E Nl 4R 48, 5 4k
20% 1E il ik 45, H F % B RLRNN 5 SCN, MLP,
RNNFILSTMEE4F 3 Al A2 704 (1) SV 1k e 1l 45
WR2FR. FTUVE H, 2T RIS I MLPFISCNAE
RIVEREI B2, XA T ASURK & BN E
A% B IOSEATLA, 54540 N i HH O R S TN S AR 4,
5t X 488 E X0 IR S LA B R 1 O R A 1 e A
JE. A J7TH, 75 IR LA P RLRNNE: B8 5% 47,
{HHR2K T0.7, 3 81 @ 85 28 U1 5k At 2 7 1) S At
R, 3 DAIE B AR P i R A AR AL

&2 BRI AR LA
Table 2 Performance comparison of different base models

R? RMSE MAE
1R

Mean Std Best  Mean Std Best  Mean Std Best
SCN 0.357 0.030 0.383 0.180 0.004 0.176 0.126 0.008 0.134
MLP 0.454 0.034 0463 0.166 0.005 0.164 0.113 0.002 0.112
RNN 0.586 0.032 0.617 0.144 0.005 0.139 0.112 0.009 0.107
LSTM  0.642 0.021 0.652 0.134 0.003 0.132 0.095 0.008 0.089
RLRNN 0.678 0.013 0.693 0.127 0.002 0.124 0.081 0.004 0.076

4.2.2 WEF BRI

ARG BIEE DRI NTA T4, BN THEAT
BRI R, HoR T RER & S K. B,
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Fig. 7 RMSE of DIL-RLRNN at different values of T’
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Table 3 Performance comparison of various incremental learning algorithms

. R® RMSE MAE Mg R

Mean Std  Mean Std  Mean Std fIl/s - BT/

DIL-RNN 0.743 0.024 0.127 0.009 0.092 0.008 2.635 0.227
DIL-STA-LSTM 0.809 0.018 0.111 0.006 0.080 0.004 64.481 0.371
DIL-L;-HM-LSTM  0.832 0.012 0.098 0.003 0.069 0.002 5.395 0.241
DIL-RLRNN 0.865 0.009 0.092 0.002 0.063 0.001 7370 0.218
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Fig. 8 O2 concentration prediction results with DIL-
RLRNN algorithm
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Table 4 Confidence intervals for prediction errors of
different algorithms

Ay MPE SD 95%&{ZX A

DIL-RNN 0.015 0.131 [0.011, 0.018]
DIL-STA-LSTM —0.051 0.101 [-0.053, —0.048]
DIL-L;-HM-LSTM -0.013 0.093 [-0.015, —0.011]

DIL-RLRNN —0.007 0.077 [—0.009, —0.005]
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Fig. 9 Weighting coefficients of different base models in the
optimal ensemble model
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Table 5 Results of ablation experiments

B R2 RMSE MAE
w/o L; & Log-Cosh  0.791  0.111  0.075
wio Ly 0.811 0.105 0.071
w/o Log-Cosh 0.835 0.098  0.066
DIL-RLRNN 0.879 0.066 0.061
5 Zw
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