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Prediction Model of Dissolved Oxygen Concentration in Electronic Waste

Treatment Disjunction Process
HAN Hong-Gui"** REN Chen-Hao*® LI Fang-Yu"® LIU Zheng"?®

Abstract The electronic waste treatment disjunction process involves multiphase reactions with multivariable
strong coupling. The heterogeneity of raw materials results in dynamic causal characteristics in process variables,
complicating the accurate prediction of dissolved oxygen concentration at reaction equilibrium. To address the issue,
an adaptive causal inference prediction model is designed for the dissolved oxygen concentration in electronic waste
treatment disjunction process. First, an adaptive causal discovery method based on multi-head attention is pro-
posed, which updates the causal attention distribution among process variables to model dynamic causal structure.
Second, a causal intervention strategy based on the dynamic mask is established to suppress spurious causal correla-
tions among process parameters, enabling the reconstruction of true causal relationships in the model. Finally, a
gating network structure based on meta-update is constructed to adjust the gating fusion weights of spatiotemporal
and causal features, achieving stable prediction of dissolved oxygen concentration in the disjunction process. The
proposed prediction model is validated on the electronic waste treatment disjunction process dataset. Experimental
results demonstrated that the model can accurately characterize dynamic causal relationships among process vari-
ables and improve the prediction accuracy of dissolved oxygen concentration.

Keywords electronic waste treatment; disjunction process; multi-head attention; causal intervention; meta-update

Citation Han Hong-Gui, Ren Chen-Hao, Li Fang-Yu, Liu Zheng. Prediction model of dissolved oxygen concentration in
electronic waste treatment disjunction process. Acta Automatica Sinica, 2026, 52(8): 1781-1790

Wk F 99 2025-11-18 s H 1 2026-03-21 FEL 7 it ) DRI SE TR AR 1 L (R

QOIQ\éanuscript received November 18, 2025; accepted March 21, o A2 AR [P T [ R R A S U E (I

2030 Hi— %A T8 A F K10 H (2025Z2D0123700), 5 1158 To gl fE T [ PR AL PRI AR b, IR R fE
BEFE4 (62125301, 62021003, 62373014, 92467205), AL RHY R e ATl ek R St e < e
BRI (20240484694), 45 s il (037) 7 ) U B < R ML A iy L T PR A T I A

_ Suppor_ted by 2030 New Generat.ion Art.ificial Intelligence Na- (electronic waste treatment disj unction process,
tional Science and Technology Major Project (2025ZD0123700), . .

National Natural Science Foundation of China (62125301, EWTDP). EWTDP # J B 5 7= i 11 % Fh i g A4
62021003, 62373014, 92467205), Beijing Nova Program

(20240484694), and Beijing Youth Scholar (037) BL lne & @ A, B AR R Bt Bt R A
ASCTUEGR da AL ARG B ) 2Bk, CLEFA &8 F 5t &8 1) 7

Recommended by Associate Editor MENG Fan-Li

L Akt Tl K20 BB AR 2B JE5 100124 2. dks Tk BRI A R K — RV E R R A S B, T
KEEIRER S TR U5 100124 3. Mk #A LR

BRgceh L JL 100124 R BT R ) 2 I L 2 DR IR IS AT, B SEIL T A
1. School of Information Science and Technology, Beijing Uni-
versity of Technology, Beijing 100124 2. College of Environ- logy, Beijing 100124 3. Engineering Research Center of Digital

mental Science and Engineering, Beijing University of Techno- Community, Ministry of Education, Beijing 100124


https://cstr.cn/32138.14.j.aas.c250658

1782

Eitd 52 %

AR R AL L BRI 4l 2 ot IR] A 4 S
ENTRGS R A 2R M HAE, @Rt
FEAR B 2 A R B 2 I A O, O RO T R O B AR
NS AR AR ST, BRI R B & E
B 5 BN AR, AR SR IR Y H 5 [ 2R 7E 4
JEEE. AR ARt LA R R EER,
Y LRt 52 0 vy P R 2R MR AIE . THE A A 2 AR
A IR R ST HE T ] PR A BEATT G AR AR AR R R I
JF 2.

EWTDP [ BA& T 28 2 & Wk 1
Firos. BT [E R R AR BRI E R 55 2 Ak
AT G L, HBh J15 Ll R e, 2 T2 A E N
(PR SR 25 K AN B BT, 52 k) 23 Bl B Sk AR
UL I % [ N4 P Rl IE AT 5 2 R Z e,
TR SRR B BB v e W i RN 5 4 T HE AR
L&Y A . A% G LIRS A A A3 A0 T
B3 77288 s, VAT LB MR N R R
() T AR e M 00 2R B IR 3l 7 1 B AR et I e 4
P ST P AR R, E R R A 12 52 2% 1) B 2 4 s A
A R AAEA . R, 75 EI R —F
A% [ I AT B 2SR 5 DR SR B A REAE 0 73, BA
P& T HL 7 TR Ak 3BT BRI R I e A AR R T T
HE /7.

EWTDP ¥ & 2745 & 5) 25 KRB & ZR 1 2
s, R, i AR N RN IR N RA
BEMAE. Qi FHE PP G E SIS
Ao 2 [ o 28 PO g A R e i RV TR T I 5 R
EIRECEEEZN v RN DSl sy N Rt S
PERUA TR ) . Xu S50 $2 H—Fh 23 B )
A B 2 45 I8 I B A B B A . XUE TE

INRGSESRREI = WA E 2/ PRS- wal N IS 27 €L e
THEAE R 2 TV RE ool DA RO R AR 2 P I 42 58
HRE L Yu 8607 32 i 22 S B R 4% JEid
BEER S TN PSR &, o 7S s
e LA R0 4 B 2 I S M R T b 3R T ik
AT 7RI BRI 2 S R R RE ). 2R,
A I 2 Pl o 2 X 22 AR T i A T SCR S5 4,
e DL M AT G RS o b JEURHB Bl T OERS 51 K 1)
i 2 AR AL 7] L

SRR RN 2% P ot 28 ) 2% o] 1) 285 I 238 A DG Mk R AL
RE I AS 2 1 i /5 Sun ZE i H —Fh H & 4
IR RIS s B 22 45 1 I N AT Sk B AL
ENASPALE L, o 1 [ 5E BT 25 R BRI 25 50 &%
AR I R, ST T A P e 2 0 2% (R A R E
Zheng S5 7 I — M SC R ECRITK N 22 BT 22 20 U5 1%,
I Bl A P 2 ST 2 P 90 2% 8 5 22 Bk 2 TR
W5 2 RO TR, ik T 2 Joi P St Al o
BN RIEEBA LR, B E T TR IS
Li 8807 St —Fhah &5 23 B e i 2%, it 3 A5
AT &R 5] ARk, MRk T B B 4
EATT I BN A WA ) AL, BT 1T R T e
SR, A LT [ PR AL BT USSR R, R ST A
KAL) 7k By 7 A AR B a) ) R R, 3 BOxt
BT S HLEL (3R, R0 R SR A e 384T

DR HERL AR B A [ DR SR A SRR R, Miraki
SO SR Y R AR LR R R e 2% R TR AR A
KL I RS RN 9% B A 22 p 4, $2T1 T )
fEREVEANAERA 1. Wang 552 42 H—Fh PR B &
JIPA 2% | 3 I PR SR 20 BT R s v 1 R SR, 4R AR
T e PEANAS EVE. Luo 552 42— Fh K R

= ®

K1
Fig.1

=

L]

L PR A T G s

Schematic diagram of electronic waste treatment disjunction process
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The overall framework of the adaptive causal inference prediction model

op 8 R T ot &

?
IR M,

o O OO0

HALRAE H

--[0 0 0O

—,? ST T 152 5

;




8 SR T AR FL 7 b AT EDCiod i A SR PR TN A A 1785

IS EPSS
@ij(t) =
exp(M (a"[Why(t) || Why(t) || ei(t)]))
> exp(M(a®[Whi(t) || Why(t) || ei(t)]))
keN (i)
oA oy (t) R0 8 v AT R vy Z (B AE ¢ B 21 1)
VERIBUE; hy(t) Ko 85 v 18 ¢ I ZRRE ) &
e;(t) FRRTT 1L v; 7F ¢ BEZIPIARAG B, WRRF2]
R B AL R o RO T HER
P28 || B M E R PHEEEEAE; N () R
Ao ARESE S M RN LeakyReL U 30 o8 %4
ZNERIIRIMFEAT B2 AR R, HET &G
AT

W) = & ol () W) ®)

(7)

L, () TR v 78t RZIRATR; ol (1)
TRk AMNER S S S v, A R vy Z 18]
(R IR, W) IR b MER Sk A AR
s K RaNERIIRIEE; & Rox2 KiERIIN
IABLR AN

3.2 ETaSEnRER TR

BT DR SRR A o R B DG AR K T e 22, ¢
T BT B A A Y DR R T TS %05 i
IR AR RS R, TR IR IR B SR IAC R,
T FEARFAIE A% 48 o A7 28] R (B 5% B T3

G, XA I8 B PR R SR R BEAT A
FEVE ROHEAD T TRUAL B AT AL) I [ I 5 R R SR A
HANGEREZNER . BER B Z MG
AR B AT AT A AR R Ayt AR AR B AR LE, YA
DX 73 A7) 2 B P AR DR L. R A2 R R 5 4
Bk L) R PR 2 R BB, T3 P ROk A
PR RE L. 2 =3 B o e BRI, o L R 2R
RGO, PRIEDUR T PE R B A R g . R4
IR of ) KPR EZES T of), HEHETYRERE:

R

. 1, afj >, H Ufj > Ty 9)
v 0, aﬁj < To B ofj < Ty
Ufj = y(tio(xj) - yt’ (10)

SErh, MY FORAE ¢ ZREE (R A A or 1A
15 oy DR S300; o 9D SRS, SR
BN of, 400 208 R 1 SR A 4
gt A 2 O TR T o, MR
UG BB £ v, 535 e A, (AR B 1

PRI 0 JR AT 5. A DR 2R T 0 4R
A=A0(1-M) (11)

Horr, A REEFBUE I RR AR © RomTT
RIEIS . TR T L R R BRSSO T AE A
RAEE P AT do-12 5, B Id T 416 Tl [l e e —
AR B HHUE, JFDIW S A AR AT 2 TR AR
TR 2R, LAY B3k e TR DR 2K 5 1) R AR A R R A

CIDM RENEAERE— /NI (]2 [ 38 5 1 5 5 R &5
Hy, DREE SRR R G 2R, i 205 B L4k, +
i Ja B AR B A R 8:1 T2 B AR N B N
G131 R R R S R, R R A R R o
2 fif R HoAR € DR R AR L, A R THE B 2k 3)
RGN TR

3.3 BT BB B

PN bR R SRR B2 3 T
BBt R, o7 — PG S TR 4.
FOSELITT2% 3T BT 1R 00 500 7 A R R
RO, 345 4705 21 9201 145 B 30 ek T 4 70 2)
AL, ¥k, TEREANNIAIS, B 5 SR i
BEAE Epe PO SRR E . S DL — B A
PR B S TEAS IR - B SR A AN

Z, = [Hy | Hy' (12)

b, Z, N RSN 2 S AR, R
JEAE I THE M 2% M, AR BRI 132 A :

Tt = W(M¢>(Zt)) (13)

Ho, w A Sigmoid ML 4 AELE TTHAE, o

B —ERFAE AR & EE . AR T 1AL, AT 0
R, 1933 e B RS RFE R R

Htfusion = ® H§a115a1 + (1 _ ’Yt) 0) H;t (14)

o, Hivon ZoREA S T S E R N TIRTH
PR My [ EERIRE 7, 5INEET 702 S I B
NG YARTAE SN T, ST MR S8 ¢ T —
WHUE 7, 3T HER S & N

¢ = ¢ — pV L3P () (15)

Horr, £5PPOT () FRARAE SR B B I TRIN A5 2K bR
p ANIEFE, ¢ NERMES T TGN LS
. R )E, B RGE B ER RS ¢ LR
& AR, FR I A AR BBk,
I ZAR R B S E ¢ A

¢ ¢ — BVGLF () (16)
Horp, BONANREEZE LY (¢) Fon B WS LK



1786 H 3

S 52 &

RE TN R 22 . % oc SR AR L AR 1 HL ] B A R
HE NANFAE SRR AT I RE ST, 3271 T Rl SR
M RENE S ZACE. fn, BRI v 4 R RoR
B\ SETIAR T, FH A2 il 244 55 TN 45

4 THERSIH

NVEAl B A v, FE g 78 N AR
(Tennessee Eastman, TE) IdFEHHR L FEHR H
(Zinc leaching, ZL) IS FE&#E 5 FdkAT TSI g0k,
P HCIRAR RS . S0 oy M NSS4 1 R AT T . [F
BFEAT 7 VH Ak SISk 58 UE ACIPM & MBI A
Rk, BRI & T HA Torch 1.12.1 1 Python 3.8.0,
¥EAE &2 98 Ubuntu 20.04, T 4-Ad & K H Intel
CORE i7-13700H CPU # NVIDIA RTX 4090
GPU, BEWS AL AL IR (IR L 2 ST 55 . BARSLIG A
BRAELL R .

4.1 SERHEA

FEREIIRMBEEEN 8, AR T NRE
FERIAS R R 4. BERYUI RN epoch 0 FFiG, B 3tis
17 180 /™ epoch, 2= >] %N 0.001. Hbr XN E R Z
() 1) 25 PR DG MEEAT B, DRI, #E AT TE 3
Pt LlbAT T HIOGSER. [N, Z1 Hods 55 2 v [
JE A BT USRI O AR S I . B UR AR A
BT AR, W 13 AME B, ISR R
. R E. pH E. AR ER. IEHAIKRES.
SKFEIAIRE 1 min, A15 1 000 MR 5K H5E. B8
W N GRER BRI IREE, Hfilh 60 2 : 2.
TE $0HE 5 /& 072 FAE VP A o R s of] R 03 42 (1) 32
HERHR Y B SR AR — ML b 22 A e i
2, W& 5 ANEBAM, DR T S AR R, K
FEIRIBE 3 min, F7 480 AN A5 K EdE. Buds S 4k
R4 RN EREE BRUEEAMIREE, tLFIN6 : 2 2.

4.2 MEEFFEFITFMNIER

WIS 2 0 TNAT 55 VEAL B AL R 1 e, FE S5 PUAS
A A AT L% DCRNN®), STGCN!, AST-
GCNPI FI CISTGNNEP2, DCRNN i i & 45 A4 3%
IR, R I 25 A 05 P10 28 ) 5 X6F B [ 44 3t o
RIATEAL, STGCON £54 1 I RSB E &R, f#
FLRE 8% 4 R I [A) A0 23 (ALK 3 5C &2 ; ASTGCN #81
T HENHLE], AR A CISTGNN
A T RIRHERE, Fo VPR 2 o) B S U R AN [R) AR
R FE R R.

T I TR R RO R S SRR RO R 2
7] f] — BOME SR 1Al ACIPM 2% =) R 56 2 (K HE

P, R T RKEILESERE (gray level co-occur-
rence matrices, GLCM) 73 #r 7. 4B A1 2% ) 15 3
{1y DT SRR A Dy — it HAT 2 ) 45 R R AGE R AL 48 42
R, ANIF) T ER 2 AR A A PR SR 5 R 2 A
M GLCM R 2 21 ) — 4 55 B AR B E 5 A7 (1) %
PRGETHRRE, AT Ay B SR 285 4 1) A ot 2 A 2 it
BAKYE. Oy T AR 208 TR 55 I R RE, K
H T 3457 % (mean absolute error, MAE)®,
P4 H 73 tiR % (mean absolute percentage
error, MAPE)® R34 5 #R1% % (root mean square
error, RMSE) ™. iX e 45 b5 n] DA & Fi00 45 R 5 5
B LI 22 B, ANAN [ A 32 s Ik J0 A A 28, 2
At 7O TR B VR AR PR, FR AL A AN
T

4.3 SEWLERSH

4.3.1 TE JiEHUEE

ACIPM f£ TE ##s 5 iy bb s 56 o5 R an
# 1 fii/x. ACIPM 7E MAE. RMSE #il MAPE =
Titebr EIOL T HAR DU ALY . BART S, ACIPM
] MAE A4 8.49, & T DCRNN Al STGCN, %
ACTIPM TE 5 il 26 X} 1% 22 A1 5 T+ T D0k B 5 TH %
PE. M2 N, ASTGCN 1 CISTGNN [#]
MAE 5 ACIPM #xt#£iE. ACIPM ) RMSE %
F DCRNN. STGCN. ASTGCN A1 CISTGNN, i
HHAZASE AU 7 458 1) DR 22 77 T B 2L AR 34, ] DAS L B
R . ACIPM § MAPE N 4.17%, 2EAL
T DCRNN #1 STGCN; ASTGCN Hl CIST-
GNN ] MAPE 43 5°4 4.97% 1 5.01%, T
ACIPM, XK ACIPM TEAN [A) R4 T Refs fr
FF o — ORI E B TR B, LE TUNAT 55+ Je AL
.

® 1 TE sk Frxt sl
Table 1  Comparison experiments on the TE dataset
MAE RMSE MAPE (%)
DCRNN 10.75 19.55 6.31
STGCN 10.14 23.42 5.48
ASTGCN 9.15 18.21 4.97
CISTGNN 9.60 19.79 5.01
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Table 2 ~GLCM-like features on the ZL dataset
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