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Statistics- ~ ARIMA model [10] 2010 The ARIMA method was applied to study stationary and nonstationary time series
based Grey model [11] 2018 The grey model was proposed to forecast the trend term of DO
models Bayesian model [12] 2018 A bayesian evidence framework was applied to obtain optimal parameter values
[13] 2017 The performance of the new bayesian regression model and the new autoregressive modi-
fied fuzzy linear regression method in DO prediction were compared
MIR model [14] 2013 The MLR model was used to characterize and propagate the uncertainty of DO changes
[15] 2016 The MLR model was utilized to evaluate the performance of multiple models, such as LSS-
VM, multivariate adaptive regression splines (MARS), and the M5 model tree (M5Tree)
Al-compo- Basic prediction models [21] 2016 The improved fuzzy neural network method was used to predict low DO events
nent mod- [18] 2020 The prediction performance of ELM and MLP on daily DO concentration was compared
els (7] 2012 The MLP and RBNN models based on ANNs were used as a comparison with MLR mod-
els based on statistical methods
[30] 2013 ANNSs, ANFIS, and gene expression programming (GEP) were used to compare the pre-
diction performance of DO concentration
[16] S014 The k-means clustering method and MLP were combined to improve the prediction accu-
racy of the model
[19] 2018 Several data-driven methods were used for modeling a comparison of daily DO concentra-
tion prediction, such as LSSVM, MARS, and M5Tree
Optimization method [23] 2018 The GA algorithm was adopted to optimize the center and width of the FNN
for neural networks [24] 2018 The best parameters of the BPNN were determined by the PSO algorithm
[27] 2019 The dual-scale DO soft-sensor modeling method was applied to improve forecasting per-
formance
[25] 2014 The CPSO was employed to optimize the kernel parameter and the regularization parame-
ter of the LSSVR model
[26] 2017 The FFA was used to optimize the three parameters of MLP.
Deep learning methods  [28] 2020 Deep matrix factorization was adopted for DO forecasting
[29] 2020 A deep belief network was applied to improve forecasting performance
Optimization method for [40] 2019 The decomposed series was reconstructed by the sample entropy (SE) method to make
decomposition algorithms forecasting easier
Ensemble methods [38] 2018 ISMLR + MLR + ANN was used to hierarchically predict high and low concentration data
[39] 2020 By a comparison with multiple models such as ELM, ANNs, ANFIS, CART, and MLR,
the application potential of the BMA ensemble model was verified
Feature-selection [22] 2019 k-medoids clustering based on segmentation was applied to select features
methods [23] 2018 Correlation analysis was adopted for feature selection
Decomposition [36] 2019 DWT and VMD were adopted to decompose the original data
methods [12] 2018 EEMD was utilized to improve DO forecasting performance
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i 18] 7 0 54 AT S 3R 7L o 6 2ELAT [B) 3 &1 55080 g s (1] [
K358 15 min. A [ A B0 ER R 2R, HEHREE N
SANERY: YIRSE . BUEAEAINRAE . 6 AR FO0 B 15
P H 2016 4F 12 H 1—30 HH T B, Hor, 1216
—30 HEER/E B R E#, 12 H 1—15 H I EdE1E 3L
P EEH2 . B RE MR PR 20 B P A1) A E 38 D 1440, 1)
AT 1~1248 I EHE, T UFER AL 3 56 1249~1344 [1)
Bl , MRSE AL 5 1345~1440 KR . Mt AT A S]
FFE S1 2225 RNN B HHE AR 21 i i 215 2.

3.2. VEREVEAL

F— b H TR R A s PETIOI Ve e, BLdE o
E ZH (R . Nash-Sutcliffe 2% & %([47]. Kling-Gupta
BEZH[48]. R ZEIREZE (SDE) FIMAPE. iX 544k
PRI IA AN N PR -

R=|—" (7)
Ny . Ny R — 2
/ >(r-T) H(Y, -7
N, o
>(r-1)
NSE=1- - (8)
S(v,- 7.)’

KGE=1- \/(R—1)2+ (a=1)+(p-1)

(9)
Y,
3
1 Ny 2
SDE = Rithydﬁ—(x x» (10)
N, v
MAPE= | > Y’YY’ /Vy (11)

Ak, YATNEE R YRS N, IR
&

3.3, @

3.3.1. ZHE S

R DO % Z MR RIS, AR T 50
DO WK FESEI I & PN 22 . B S A RGu3N J) 5

WES AR, #HDOWERNKHRRZ . dHE, KK
P K, WA EEsh. KAENATER%Z DO
FERIE. EERZKMET, BHETFHDOSTESEAPMN
AR ERKRZVIM I HIE N AR 5T
AR SRR R, WA B Bh A& . TR DO
(T 2 B Eh BE L phEE . pHAE SR R m . thah,
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Influencing factors

Water

temperature pH |
| Salinity ‘ Oxygen partial
pressure
L Solar
| Turbidity ‘ ‘ radiation |
| Chlorophyll H Wind speed |
Oxygen Wind
saturation direction

Bl 5. DO R G5 Jy A

WAL . AL R T R ) 82 ) I AR 7K A i
RWBHEDOMFM EERN K., B2, DO & B
IR, FLor A AR AR AR AR M P ] S RO o SR e

ARSI R K O OCER AT B . Bh R W,
GeER. AIBAE S DOWEZ MR R Bikg Rk ?2
Fizc. HR20H, BE. HE. AMAE S DO M KEk
FEf . MRARRR 553 0.61. 0.68. 0.87, ¥tk
BRI 0.5, HA—RINE, HRERSHEFRRS, M
IR EDOWRE R e E EE/EH . 5 R3] mik B ik
i s AR LE K T G G AR B Sk P A e, Rk
FEAE RN DO AR A FHI N AL, SEI R 2 R TR A
R R AR S . RS bR R St LR R
IR ER RS AT FE A Dy DO I RE i PR 3R NS R
I, TINRE R el SRIR s AR, W IRAERIA R N\ ik
JE. MERER . pHERAHDCPER R, TR FE 23 AH RLFEAIC
EXAEOLR, MR IREUE R FFN-8.8 x 107, AL,
BRA RIS DO BMIAHCE, ATPAM28 R 5 DO 1)
FHR RBA R — N T

3.3.2. SR fRAEAL S By

EART H, FIHEWT H & M43 fi# K B A% DO J7 41
KR £ B AR A B Rtk . (B 15—
PR, WO INGREE R EEAT 20« 6 IR 46 DO 7 51 Ay
MR BT S0 i I, 7 51 R LA S8 e I RS T 5
ST . 3 T 2R TR AR AR X LT A o S AT

"2 WQBO4 HIHEFHELR 15 DO A R EL

b fRJa, TN AR A A R AT BN, BRE
R HE FRAL 5 W B A A5 IR . AT - A N7 S0 L
TR RE AR A

3.3.3. ot

FEAATH, K PSOGSA 5ARMATE L (GWO). W
IEEE (BA). ZuFH M E R (MVO). RiF#HiL
Hik (PSO) . Mg fa A4k 5y (WOAD T W i 5 v
(NBA) LR &Ik I VERAT T X, XA K Z
BT B R AERE,  ERIS A FE X LA BH A 0 B R — 5
FHEIE G, Bk, 2 SRR R R R A B AT X
1535 F 1 DO T R 5

3.4. SHELHEAT

3.4.1. LY ——— 5 P R PR AN 2H AT 2 HEAT B

RS, TP R S AL 1 5 A S
B, T PR PTR HRREAY . R3 B T e AT R AR
B T HESE R AR M B 2406 DO B, 3T
LT AL TR B 13 RAA T2 RS
Hro FEFRFERITEOLT, K2 RE M AR 4 AR 5
SRS R U, R 4 AT 5 DL TR Y
FIRA 2 M DO P4 REFPA. EREF A, AR
FE R B R B AT IR IK o O T LRI A B i 1R 2
R, BT AL SO S . SRR 1 N 4 4
b, SRR . SRR 2 R 5, O T IR

Correlation coefficients

Indicator

Temperature Salinity

Turbidity Chlorophyll Oxygen saturation

Dissolved oxygen 0.61 0.68

0.32 NaN 0.87

NaN: not a number.
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WEEWT 20 7 vE RO e, 38847 T — 4 T 508 ikt
R SEIO N b . R, R 3 RN T HR ARG i T
—/NEWT B8 AL B, DABRAR R 46 77 51 i A F e 1
F4, RSHIH T DOMKEIE LM ML R s, A
T RIS RCR, 1E 2 BRI AL R B T
333 TR 7RSS . 6 N PSOGSA LA i 4k
SRV B =5 (1 AR T 45

|3 LRI L AT Y S 15

Model Experimental setups

Model 1 RNNs-BFGS/ENN/GRNN/ORELM/ELM
Model 2 RNNs-BEGOE

Model 3 RNNs-EWT-BEGOE

Model 4 MEF-RNNs-BFGS/ENN/GRNN/ORELM/ELM
Model 5 MEF-RNNs-BEGOE

Proposed model MF-RNNs-EWT-BEGOE

M4, FSFE 6 F AT LAFHII T 4L

(1) TR 4 E R B E# F, BA2
(RNN-BEGOE) ¥ ¥ & i T #7281 (RNN-BFGS/ENN/
GRNN/ORELM/ELM), 3 Bl 2 152 8 £ B 77 V5 72 A AL«
GRS T SABEUER RS . AR IESE 2 KiE
R, I A E 7 e e S R A A . SRR AL LR S

AR

8.0

7.5

7.0

DO (mg-L)

6.5

8.0 BA
7.5

7.0

DO (mg-L)

6.5

8.0 PSO

7.5

7.0

DO (mg-L™)

6.5

100

8.0 NBA

7.5

(mg-L™)

7.0

DO

6.5

0 20 40 60 80
Time (15 min)

100

TEFEMEB R A, RIS T eI AR . DA
B #1 28 — 20 WU &5 2R 9], RNN-BFGS. RNN-
ENN. RNN-GRNN. RNN-ORELM. RNN-ELM #1 RNN-
BEGOE ] MAPE 43 il N 1.76%-  1.51%- 2.74%- 1.49%.
1.61% F11.32%. NSE. KGE. SDE. R*Z:{F#rf&ir%
BB AR 2 (1 IO B SR A T AR 1.

(2) #% 3 (RNN-EWT-BEGOE) [ & It T 74 2
(RNN-BEGOE), it B 2 - 75~ fiff ¥ 040 T 4k B 77 92 00 4 v
RS FFIE fEAT B AE T . EWT H 3& N HUE R 36 15 51 7
fRRNZAT . S RE TS RE MRS &, Fa
SEMETE . EWT E W R AN A 7 17 51 22 (8] AH FL AR FH I ] B
A e B B S . X S A S EWT B
MR A AL B Ak T 5. DAEHR AR HL I EE — 2D
TR 45 5o, REAL2 (NSE. KGE. MAPE. SDE IR’
430700 0.75. 1.32%- 0.10 mg-L ' #10.83, #5731
23 H90.97. 0.96. 0.38%. 0.04 mg-L ' £10.97,

(3) #& A4 4 (MF-RNN-BFGS/ENN/GRNN/ORELM/
ELM). #% 5 (MF-RNN-BEGOE) LA K F# ti i1 % K &
ST 5 AR BEAT Z R T AR 1~3 AL, THRRE 3
M. XIRFRER, . SRR s R R
X DOWREA M. A AAFEE R AEL X R, L

GWO

8.0

7.5

7.0t

DO (mg-L)

6.5

8.0

MVO

7.5

7.0}

DO (mg-L)

6.5

7.5

(mg-L™)

7.0}

DO

6.5

0 20 40 60 80
Time (15 min)

100

— — Actual value

Forecasting value

Bl 6. PSOGSA R HA LA S i AE M A b B 58 = BN AE 5 (RIRR R AN R T ¥ 25 T 2 [R5 -EWT-BEGOE # A 2 LAGEAT 2 11 A 0 EL s

I6) CER4E#1D . Time (15min) B0 6 A% 1] B 4 15 min.
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Horizon Model NSE KGE MAPE (%) SDE (mg-L™) R
l-step RNNs-BFGS 0.47 0.69 1.76 0.16 0.50
MF-RNNs-BFGS 0.61 0.77 1.45 0.14 0.62
RNNs-ENN 0.55 0.69 1.51 0.15 0.56
MF-RNNs-ENN 0.62 0.75 1.41 0.14 0.63
RNNs-GRNN -0.24 0.19 2.74 0.19 0.35
MF-RNNs-GRNN 0.52 0.56 1.63 0.15 0.53
RNNs-ORELM 0.58 0.77 1.49 0.14 0.62
MF-RNNs-ORELM 0.62 0.77 1.41 0.14 0.63
RNNs-ELM 0.53 0.71 1.61 0.15 0.55
MF-RNNs-ELM 0.60 0.76 1.44 0.14 0.61
RNNs-BEGOE 0.70 0.75 1.32 0.10 0.83
ME-RNNs-BEGOE 0.91 0.90 0.67 0.07 0.91
RNNs-EWT-BEGOE 0.97 0.96 0.38 0.04 0.97
ME-RNNs-EWT-BEGOE 1.00 1.00 0.11 0.01 1.00
2-step RNNs-BFGS 0.28 0.57 2.00 0.19 0.36
MF-RNNs-BFGS 0.43 0.66 1.78 0.17 0.47
RNNs-ENN 0.38 0.59 1.75 0.17 0.41
ME-RNNs-ENN 0.47 0.63 1.72 0.16 0.48
RNNs-GRNN -0.33 0.15 2.84 0.20 0.28
ME-RNNs-GRNN 0.32 0.41 1.99 0.18 0.33
RNNs-ORELM 0.36 0.67 1.91 0.17 0.48
MF-RNNs-ORELM 0.45 0.66 1.76 0.16 0.48
RNNs-ELM 0.39 0.58 1.85 0.17 0.41
MF-RNNs-ELM 0.46 0.65 1.72 0.16 0.48
RNNs-BEGOE 0.53 0.65 1.69 0.13 0.68
MF-RNNs-BEGOE 0.81 0.82 1.03 0.09 0.82
RNNs-EWT-BEGOE 0.92 0.92 0.67 0.06 0.92
MF-RNNs-EWT-BEGOE 0.99 0.99 0.14 0.02 1.00
3-step RNNs-BFGS 0.02 0.46 2.28 0.22 0.22
MF-RNNs-BFGS 0.24 0.54 2.06 0.19 0.32
RNNs-ENN 0.23 0.47 1.99 0.19 0.29
ME-RNNs-ENN 0.29 0.51 1.99 0.19 0.33
RNNs-GRNN -0.41 0.11 2.92 0.20 0.23
ME-RNNs-GRNN 0.21 0.34 2.15 0.19 0.24
RNNs-ORELM 0.09 0.56 2.31 0.19 0.33
ME-RNNs-ORELM 0.27 0.54 2.04 0.19 0.33
RNNs-ELM 0.22 0.46 2.12 0.20 0.27
ME-RNNs-ELM 0.27 0.53 1.99 0.19 0.33
RNNs-BEGOE 0.47 0.60 1.80 0.14 0.64
ME-RNNs-BEGOE 0.71 0.76 1.24 0.11 0.75
RNNs-EWT-BEGOE 0.80 0.88 1.07 0.10 0.80
ME-RNNs-EWT-BEGOE 0.98 0.98 0.17 0.04 0.99

B A DO KT A axiin . AR R4 1958 —

AR

FoNB, A2 (fNSE. KGE. MAPE. SDE FlR*% 5N

0.70. 0.75. 1.32%. 0.10 mg-L ' #10.83, #7514 5N
0.91. 0.90. 0.67%. 0.07 mg-L'f10.91. SZiH45FKMH,
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RS LI XL PO bR R AR#2)

Horizon Model NSE KGE MAPE (%) SDE (mg-L™) R’
l-step RNNs-BFGS 0.77 0.85 1.20 0.12 0.78
MF-RNNs-BFGS 0.80 0.89 1.12 0.11 0.80
RNNs-ENN 0.75 0.76 1.39 0.12 0.75
MF-RNNs-ENN 0.79 0.85 1.17 0.11 0.79
RNNs-GRNN 0.07 0.35 2.84 0.19 0.46
MF-RNNs-GRNN 0.39 0.63 2.31 0.19 0.45
RNNs-ORELM 0.79 0.89 1.15 0.11 0.80
MF-RNNs-ORELM 0.80 0.86 1.13 0.11 0.80
RNNs-ELM 0.76 0.83 1.26 0.12 0.76
MF-RNNs-ELM 0.78 0.82 1.24 0.12 0.78
RNNs-BEGOE 0.87 0.78 1.04 0.09 0.90
ME-RNNs-BEGOE 0.95 0.94 0.60 0.06 0.95
RNNs-EWT-BEGOE 0.98 0.99 0.35 0.03 0.98
ME-RNNs-EWT-BEGOE 1.00 0.98 0.18 0.01 1.00
2-step RNNs-BFGS 0.60 0.74 1.68 0.15 0.63
MF-RNNs-BFGS 0.64 0.81 1.57 0.15 0.66
RNNs-ENN 0.58 0.63 1.86 0.16 0.59
ME-RNNs-ENN 0.64 0.75 1.65 0.15 0.64
RNNs-GRNN 0.00 0.33 2.95 0.20 0.40
ME-RNNs-GRNN 0.23 0.56 2.61 0.21 0.34
RNNs-ORELM 0.62 0.81 1.68 0.15 0.66
MF-RNNs-ORELM 0.66 0.76 1.59 0.14 0.66
RNNs-ELM 0.60 0.72 1.73 0.16 0.60
MF-RNNs-ELM 0.62 0.69 1.78 0.15 0.62
RNNs-BEGOE 0.78 0.71 1.36 0.12 0.81
MF-RNNs-BEGOE 0.88 0.91 0.95 0.08 0.89
RNNs-EWT-BEGOE 0.94 0.95 0.62 0.06 0.95
MF-RNNs-EWT-BEGOE 0.99 0.97 0.28 0.02 0.99
3-step RNNs-BFGS 0.46 0.67 1.96 0.17 0.51
MF-RNNs-BFGS 0.47 0.73 1.95 0.18 0.53
RNNs-ENN 0.47 0.54 2.14 0.18 0.49
ME-RNNs-ENN 0.50 0.65 1.99 0.17 0.51
RNNs-GRNN -0.06 0.30 3.06 0.20 0.35
ME-RNNs-GRNN 0.18 0.54 2.71 0.22 0.31
RNNs-ORELM 0.44 0.72 2.13 0.18 0.53
ME-RNNs-ORELM 0.53 0.67 1.90 0.17 0.54
RNNs-ELM 0.47 0.64 2.02 0.18 0.49
ME-RNNs-ELM 0.49 0.61 2.07 0.17 0.50
RNNs-BEGOE 0.69 0.65 1.60 0.14 0.73
ME-RNNs-BEGOE 0.77 0.84 1.39 0.12 0.78
RNNs-EWT-BEGOE 0.87 0.91 0.95 0.09 0.89
ME-RNNs-EWT-BEGOE 0.96 0.94 0.58 0.04 0.98
ZRRFEZIEHIN . K 2 3K G 2\ A (D) ZZEFTA W SEIR B . TS BONAS [F] (1A A

o, FTLASRIEAERG . EREER NG R P RRS, PR R SRR B BCR SO R . Pk



H R FLAT R M v AR v, LT 4 SR AR
BRI SR DO - LAEGHE SE#1 1R 56 — 2 Tl 45 SR a1
JT 2 L B4R AL ) NSE. KGE. MAPE. SDE 1 R? 3 5l Ay
1.00. 1.00~ 0.11%- 0.01 mg-L 'f11.00, PIEFEEH#2 I
— PSR A, i A NSE. KGE. MAPE.
SDE 1 R* 4 51°41.00. 0.98. 0.18%- 0.01 mg-L ' A11.00,
PRALSCE R, Pt A B R A I A
RSK, EIREIRAEAINERE, RS BHE
IS 53 T AVRL 27 I R ALy M R AN T D)o IR A
RINEZE B A SRR, v DO ISR AE T 7 1.

3.4.2. LI —5HABIA LU

AR, AHEH T2 ET AL DO Flisi R . 7
SEUG o, RATE BT 2018—2020 4E K £ = e e ik
MRS, JRE BT S FTHR H TR A AT IR, BASRIE
DO T GE . XA LU R AR, SEA AL 88 2 S A
AL AT DR/ &5 . O T e R 2 A B A AT
i, BATIEIN T BT ANN [ SCREF S AL (SVMD FE AL R
B TURPE S 21 1) DBN SRS EAT LAt . BARBIR A 4R T

Li ZE[311 F i sl e M 2% . K4 14212 (LSTMD
W28 AT T IE3R BT (GRUD 43 HIRIEE 7 =/ DO Tl £
B, DR A EN— A, ESLiRd, TH pH. WhE .
HJZ . NH. DO IR REL, AR5 KX L7 7135 5 %
ANTRELRL . 5 LiS 310 BRI SH0H L, A1)
VB T B AN SR G 75 v DA AR 240 2 X DO T FRR
SRR o Li S [31]00 7776 BRARAER R (1) R . sk
., e R R AR R B BRAE NS B TR AR, TR LIRS
H % 5 DO Z IRl L5200 R AR H 2R 11

Huan %5 [ 121 EEMD £ 4f il b 2 77 15 5 LSSVM #H 45
A, s AT DO I RE . 32 F EEMD X DO 731
BEAT 23 R, AR JE AT LSSVM 43 il %o 3% b A 4iF 4 55 %
(MPF) 4y AT . @ &1 228 & s R . 75
B2 DO T4 A= e 2 /i, R FH BPNN ST &6 S AT
HEI, MIHER TR BIRAZE, EEMDEEUEE
XTI Z R IR SCRE, BT G . RAE A
T M 1S S AT T B EWT SR 5w IRiX — Bk 5. [F,
EWT [ [ 3& .73 iR M v DA 2 S AR 10 o 2 4, Ay
NS NI

Ren %5234 F g 4% BE A0 A0 FNN [ 70 J2 1 o A
e PE, UM REA S, 2 DO MRS, 78T 1
B, AT SRR T 2 AN R R AR . X
FhOTERIR R G A G T 24 ALBC B AP B
FIBS 558 TR EMMERE . 58— 5w s
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Z AR R AN AT DA A R TR I AR, (RIS TR 784 1
k. 7ERFTE A AR, JE I 2 BRI B A B E
oA RBEAE

A, Fe. RTMET. ESER T A
Hlp S HERF TR 1) DO PR S T 25 51 .

ME7. E8FIFEK6. KT TF451L:

CRE TR RS . TN BORIAS [5] 1) I 8] PP 51 A
fabr, S50 AR LG, BT T B A
SRR TR E . DAERHE SR #1028 — D T 45 SR o
SVM. DBN. LiZ5[31]F#A . Huan Z5[12]HI#E % . Ren
S [23] 1 AR Y R BT 4R RS 2 1Y) MAPE 43 1N 1.41%.
1.44%-+ 0.52%- 0.56%- 0.51% F10.11%. FIT$2 tH fl A A
B S T S, B 7R s B T D B th s 4
N AT OO . ARG B (1028 3 A Tl 45 SR A 5
SVM. DBN. LiZ[31]HJ#A . Huan ZF[12]1JH AL, Ren
S [23] 9 158 24 R0 B £ HS 1 152 AL 1) MAPE 43 1 8 1.99%
2.06% 1.05%. 0.89%. 1.21% £ 0.17%. F=F HARE A
PEFEbR, P BB g PERe R 6. IR SE#1 (28 3
LTI R, BT LAY NSE. KGE. MAPE,
SDE fl1 R*43 %14 0.98. 0.98. 0.17%. 0.04 mg-L'10.99.
DAEGHE SE#2 R 56 3 20 T 45 54, B Hh S A f) NSE
KGE. MAPE. SDE Fl R* 43 5l 24 0.96. 0.94. 0.58%-
0.04 mg-L ' F10.98.

gr ERTR, AFEEEEEM TN SRR, R
AT TAEZL A H, TSR 4 AR .. X EEREH
GRS T 2R FIERL R T FIRNE R
R S HT 73 X PP A B T3 AR B ) T
FE RIS R

4. BENA

PRI BT DO MR EE KT 2 P AT O S . FE5
N, FERDOKEE; AN, 3N DO . KA
PR A IE SR R RE AR, AR 7 DO
FE. KAEMPEDEE AR R AT B2 DO
WK, B9 (a) JNESEDO N [H] 551 H A AL BL R 56 1
Dy H2LRME 3L HMER . LN ELMEI PR ©
BEE LI T, DO FE(R; BEHIERZEK, DO
WRPEIETIN o X2 PR D 5 e (I B 38 1K P ) DO ki 2
KHE[E9 (b) 1. Q#HEEDORAMMRRKR, SHAR
AR. REKEFRMRIKELY MG, SEOTFHR
AFEE BN FREEROHG Nt 2 (23 DO WL /K V43
FE9 (o) ] @R FKEEMEDCEEN, ¥
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R6 RN Se R T DO PR TI 45 R CERAR#1D

Horizon Model NSE KGE MAPE (%) SDE (mg'L™")  R?
I-step SVM 0.62 0.75 1.41 0.14 0.63
DBN 0.61 0.74 1.44 0.14 0.62
Li’s model [31] 0.95 0.94 0.52 0.05 0.95
Huan’s model [12] 0.95 0.96 0.56 0.05 0.95
Ren’s model [23] 0.95 0.96 0.51 0.05 0.95
Proposed model 1.00 1.00 0.11 0.01 1.00
2-step SVM 0.47 0.63 1.72 0.16 0.48
DBN 0.45 0.61 1.75 0.16 0.48
Li’s model [31] 0.84 0.83 0.90 0.09 0.85
Huan’s model [12] 0.87 0.92 0.83 0.08 0.87
Ren’s model [23] 0.86 0.91 0.87 0.08 0.86
Proposed model 0.99 0.99 0.14 0.02 1.00
3-step SVM 0.29 0.51 1.99 0.19 0.33
DBN 0.26 0.47 2.06 0.18 0.32
Li’s model [31] 0.79 0.76 1.05 0.10 0.80
Huan’s model [12] 0.85 0.91 0.89 0.08 0.86
Ren’s model [23] 0.73 0.85 1.21 0.12 0.74
Proposed model 0.98 0.98 0.17 0.04 0.99

RT o BB A bR s HERR 2 1) DO B A T 45 R (U fea)

Horizon Model NSE KGE MAPE (%) SDE (mg-L™") R?
I-step SVM 0.79 0.85 1.17 0.11 0.79
DBN 0.79 0.89 1.14 0.11 0.80
Li’s model [31] 0.96 0.96 0.51 0.04 0.97
Huan’s model [12] 0.97 0.96 0.50 0.04 0.97
Ren’s model [23] 0.96 0.96 0.56 0.05 0.96
Proposed model 1.00 0.98 0.18 0.01 1.00
2-step SVM 0.64 0.75 1.65 0.15 0.64
DBN 0.63 0.81 1.61 0.15 0.66
Li’s model [31] 0.91 091 0.81 0.07 0.92
Huan’s model [12] 0.95 0.94 0.62 0.06 0.95
Ren’s model [23] 0.92 0.94 0.77 0.07 0.92
Proposed model 0.99 0.97 0.28 0.02 0.99
3-step SVM 0.50 0.65 1.99 0.17 0.51
DBN 0.46 0.72 1.95 0.18 0.53
Li’s model [31] 0.86 0.85 1.06 0.09 0.86
Huan’s model [12] 0.94 0.94 0.68 0.06 0.94
Ren’s model [23] 0.82 0.88 1.19 0.11 0.82
Proposed model 0.96 0.94 0.58 0.04 0.98

Wi DO (¥4, IS DO I InAT — € MHfE N SRR EA HOE BT Hny, KK DO W 5 &
(K9 (D ]o @EMAARPRAEEXRABME. 2K FERESIRAHCE (o ] HHEB S ATE AR
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Forecasting results
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10.0 T Li's model  — 10.0 T T T T T T Huan’s model
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224 —Actual series | 9374 —Actual series |
72 ——1-step forecasting results 79 ——1-step forecasting results
90" 2-step forecasting results 9.0} 2-step forecasting results
—~ 7.0 ——3-step forecasting results — 7.0 ——3-step forecasting results
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