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ML S 22 P28 2 S BRI K R AR T b itk AT T VR
fli, NBTEtRE R H e Ut T 2%, RENES T 5L
RS PRI R 47, (R THAFAM BT MW,
TGV il R % A2 &0k T9IN 45 R ) 5T MR B JE. Shapley
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I B o 4 T AR A B L HE 5 R BT e TR
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Fig.1 Schematic diagram of irrigation area of Pi Shihang
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(kolmogorov-smirnov, K-S £ 4%) 3 E|4F & ¥ & x,~x
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Fig.2 Guan Kouji drainage unit connection relationship diagram
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Table 1 Variables and descriptions (B PRI DR 5% AR AAE A 8 7 30 077 ¥k A 7E 70 M AR A1 A %o 1 2
e Ve B BORASIKE e SR AL s AN W 2 P p e 2R
Syrzbols ﬁieslc;q?ét%lg Units Data series length ﬂi W7 93 1k e T éﬂ%‘fi ] UE' (linear regression, LR). Kif
Y mm
x; 1% 2 h BN R mm 48 [\l 9 ( k-nearest neighbors regressor, KNR) . & [A] I
x5 %i 3h Eiﬂ”%% mm (ridge regression, RDR) « R % # [1] 5 ( decision tree
x it 6 h PR . 3 =
. S o h A o regression, DTR) 4 it f& ¢ [m] = 5712 A1 3¢ 5 [ 4 [1] 19
Xe K 1 h B mm 2010—2020 4 (support vector regression, SVR) « H i& M $2 J [H] 19
% AR 3 h R mm (adaptive boosting regression, ABR) « % & 5 & $2 7 [A]
Xg AR 6h PENE mm | . . . 4
X I T3 K 0 1 K £ m JH Cextreme gradient boosting, regression, XGR) « ifi #l
Fio 2% 05 h A LAKALE m AR (random forest regression, RFR) 4 Fli£E i % =)
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EA DRl 2 [ 2 PEAH G FR FE I3 551 . KNR 38 6 LI [7)
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Fig.3 Distribution curve of dispatching flow of Guan Kouji
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Table2 Algorithm parameters and description
42K Type FL3%: Algorithm SR SRR Parameter and its explanation HU{E Value
N T BT fit intercept True
AR (LR ST LI copy X Truc
T A8 HH 5540 n_neighbors 5
KIE4BEIS (KNR) 745 AN leaf size 30
(IR =47 PR T p WK PG B9
Tradition] regression algorithm . IEN T 2 %4 alpha 1
WEH (RDR) R EET AR EE fit_intercept True
RSB S R R B R B AN S min_samples_split 2
WM EIE (DTR) T4 AL I D R A SL min_samples_leaf 1
B 85 IR max_depth 3
Z AN R BB degree 3
IRFRE R (SVR) TR ZWSIUH tol 107
A SUIRAFIREL ev 10
PR I EE n_estimators 1256
N — 2% 3] % learning_rate 0.2
HIERLIETHEIR (ABR) M AERISE B 2475 i REA S min_samples_split 10
BEA TR PR T 2 B2 R e /M A SN min_samples_leaf 5
ERREE S Hk PSR YA n_estimators 1000
Integrated learning algorithm W) e KPR E max_depth 5
I %3] % learning_rate 0.1
BERRIERETT RN (XGR) RO 745 AL MREAS min_child_weight 3
TEL & 4L gamma 0.1
A5 I &5 )1 2848 1 EL ) subsample 0.7
PSR IR EE n_estimators 1311
BEHLARMREE (RFRD REANFERB RS 73 R 75 B/ MEASL min_samples_split 2
AR TR PR T 0 B2 R S /A SN min_samples_leaf 1
K F SHAP V2% RFAE A8 & JEAT 0 % . SHAP VBt U, @A AR
PR 2 KRR AT B2 MR R & AR A X T T 45 SR ) o1 R P=byx; +byxs+--+bix; (D
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Fig.4 Technology roadmap of this study
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y=wo(a@)+c 5
A w AR, a NN E, o(a)hEdERiE =S,
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6) ABR i
ABR KHER B, 485 H Bk Fix s N4k
BINH AR, WK R&myIEB™N
H(x):sgn(EZZImegﬂ 6

XA bR )8, o RBANEEY I HRINE RS, T
BB, g NN

7) XGR 52

XGR /&2—F3EF CART (classification and regression
tree) ) Boosting AL Rl 2 > A A0 L H bR R HN

= e 2 )+ Y 2 D

K d NEERANEG K RNIRTHRANEL va NEE d ANFEAR
M. ) QUIFR u BRI 4

8) RFR ik

BE AL PR 1] U0 — o 3 T W Sfbd (0 4 pl 2 S iR,
A Z R ERBEHLE, AT R TR, T s
TESNAE H P BERLIE RS b MMEM R RS, X A
AME R B A BE A 2 EI AT AT, AT B A A DG 1
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9) SHAP

SHAP & — ol £% 4t 7 702 5 1250 f0 R SR i R Bk &
AR, MR T 2 s — Bk R0 SR S v W 1 R AR VAL R
. SHAP value AFEAHRFAE R/ Eo il , 2 25

Yo=yo+ f(, D+ f(x,2)+-+ f(x,, P) (8)

X Y, N SHAP EH, y, NETERABIREER
BIE, fx, 1) N n DFERFE 1 MR EXZFEA
TR TTRRE, A x, , P) PABESRHE.

1.4 BIEFREXSEERTENIERR
P AR ZI) 180 4 AF S HR 1% 18 4:1 1 LL 5] 73 Al
i 5 MR4E, I Python 3.9 #EAT Sy T 5 56040E
D N BREE EAN TR AR, B e
KH Z-score Frifitb 77k, Hab&E R
z,=22% 9)

g

b Zp R b S U, Z FoR R n s, ZRoR R
UEBAE R, o RoR IR B IR

2) NVPAL SR IIAE L, M HE 1 B3tk i 14 J5E it
B IIME S SR PR Z B B T RRAR ZE (Spse) ~ T4
FHRZE (Syae)~ BT RE (Syse) FIUE RE (R fE
VN HERR . H P Seuses Swae 1 Suse BHEIE 0, ol
Bl 2 FE RN RP BRI 1, 3R WA T AR 5 S B 2 )
My & s . BT A T

1 F
S rMse = \/FZk:l(Pk—Rk)z (100

SMAE=% Z; (|Rk'Pk|) QD)
> P-R)
SMsE = - F (12)
F — —
o | 2 PPRB ] .
NI

U R, N k HEAE bR IR =, P, NEE k0B

W EEREME; R NR BIFHME: PA PKT

Bt FREARAN L

2 GR55

2.1 BEFAREWNBEENEE RSN E LR
NTHAE 8 ML E I HIEEBENBHEL L2 RE

. ASHTE T 8] BT I 25 45 A0 00 45 3k 47 T, o d

Srases Suars Swse M R* FEARIFHEITELE: (£ 3).

#3 AT s MEIEMEERETUNITMN

Table 3 Prediction evaluation of dispatching flow based on 8 algorithms

3k N Z54E Training set PIHRSE Test set

Type SRMSE SMAE SMSE R2 SRMSE SMAE SMSE RZ
LR 0.518 0.435 0.268 0.702 0.609 0.499 0.370 0.727
A EEk=73 KNR 0.494 0.383 0.287 0.708 0.576 0.383 0.332 0.756
Traditional regression algorithm RDR 0.503 0.424 0.260 0.712 0.548 0.453 0.301 0.779
DTR 0.476 0.324 0.227 0.724 0.511 0.381 0.261 0.808
SVR 0.338 0.290 0.114 0.873 0.463 0.320 0.215 0.842
R Bk ABR 0.331 0.292 0.109 0.884 0.433 0.338 0.187 0.853
Integrated learning algorithm XGR 0.155 0.093 0.024 0.954 0.354 0.236 0.126 0.908
RFR 0.146 0.094 0.021 0.976 0.306 0.197 0.093 0.931

FE: Suse WIIHIRIRTE : Syae WTFLRNRE : Syse ABITIRZE: R HUE REL-

Note: Spuse is the root mean square error; Sy,g is mean absolute error. Sy is mean square error; R? is the coefficient of determination.

HI3E 3 W15, ARGEmIH5 % DTR 2R8Il 4R
IREIRARIIOY 4 PSR R AL, LR BN ZRER Syse B
KHJ KNR A FEAR T 6.6%, HRFEIREIy 4 FhiLik b i
Zo B, LR fEARGRIASE T RS i 22 . SRR
355 SVR IR R EE Syap B KN ABR 73

BIFFART 0.7% 5.3%, FRIEAK, HRIEREN 4 FiE
P . K, SVR TE 4 FhaE s 31 S0k oh i Fi
%, N SVR A DTR, SVR Il 2545 K I 4 i 25
FRPRIIET DTR. 25 &, SR ) kB G A 5k
THMIRE B WA . RS ) BRI I TS Rt B —
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ZE 5, RFRINZGHE Spuses Swaes Suses R BN
0.146 m*/s. 0.094 m’/s. 0.021 m*/s. 0.976; WXL 5
49 0.306 m*/s. 0.197 m*/s. 0.093 m’/s. 0.931, {EERK
>J BvE RFR ) P00 &S B % 57 o DTR W 2548 Sawises
Suaps Suses B2 RN 0476 m*/s. 0.324m’/s. 0.227 m¥/s.
0.724; MRS H 0.511 m*/s. 0.381 m*/s. 0.261 m*/s.
0.808, AHLL DTR, RFR FTRMIAS FE 8

XFEE 4 FhAE R AE ST B, XGR FE I 28 Je i 45 i
Zbr BT ABR, RFR [JIIZREE Syar 55 XGR #2E
AR, HAEWPRML T XGR, 52 ) By T RS &
HEFEA: RFR>XGR>ABR>SVR, 3 Z84E 2% =) HVE Y
TOOMRS B b BMRAR O SR A Bk IR AR, B H
e b, BEHLERARIEIE (RFR) 7E 8 Ry ob i 5
K B CMNZREE Seuse = 0.146 m*/s. Syap = 0.094 m?/s.
Syse=0.021 m*/s. R*=0.976, WAL Sguse = 0.306 m*/s.
Syar=0.197 m*/s. Syee=0.093 m*/s. R*=0.931).
2.2 TEFEMKK
.21 HEEEERHNN

BLeS 2 2] vk, R AE o B 2 FR R AE AR B X H bR
AR FERE, REAE IR BT A28 2 51 505 00 kS &
BRKEmW, FEd 2 AR S ar ER A RIU
B R, AR R TR B . AR R 10 41
A B HEAT AL AR AR (513 B9 T2 15 B A L,
AT 10 HAREBATEEEST (K4, BEAR
AR g5t T P 45 SR RS A R, B bR R AR B A
NEEALARAR B E R T R Z fe A, ik EAS
R

HHE 4 13 SHAP VA € 1748 5 240 & FR ik 8 2L HE 7
N: Xo™> X5ZXgZX4™ X37> Xo™ X X1=> X190~ X7 Xg X TR 5

FIsZmife K, 5 SHAP {H A1 34.6%. i =i BE R

& (x,~x5) SHAP{H S FH 0473, KKK B FEWN =
(xg~xg) SHAP i B AN 0.287, ] W id 25 i Bk B4 R ot
THE 7K JEE R S RS2 R L AR SR B R B K

R4 SHAP EAFEEZRM DL
Table 4 Results of features importance analysis of SHAP method

5 Symbols SHAP 1t SHAP value
Xo 0.415
Xs 0.238
X3 0.235
X4 0.082
X3 0.080
X, 0.042
X6 0.034
X 0.031
X10 0.023
X7 0.018

.22 HEEEHiL

HRIET 4 57 10 A T ISR FNMNEREE 1R 2 45
PR S (K5, HESHLUEH, NEAZEYH
%R, RFR WIZREE Syuse~ Swars Swwse & R 300K
£, IR EBRFFE EZEM BN ER, R ZIBIR Spuse-
Siaps Swise B I H eI/ GO S, R® I e
KIGH/NIREH . AT, 23 3~ x TE NN SR H
MTEWERE, BEHAE X+ xt xst xo YR K
EFRAR IR 10 P2 A H A, o SHAP WL %8 DL xytxst
xgt xo TEAHANAZERS, BEHLARFREIE (RFR) HIEM T
TR B AE CMZEEE Semse=0.126 m*/s+ Sy,=0.080 m*/s.
Swse=0.016 m*/s. R*=0.982; I X £ Spuee=0.263 m’/s.
Syar = 0.164 m*/s. Sys=0.069 m’/s. R*=0.950) . H: %
B T M ARAE R e K BT A R I A8 = T 4 4R = T
0.6% 2.0%; Seuses Swaps Swse 75 9 FEAL T 13.7%.
14.9%. 23.8%. 14.1%. 16.3%. 25.8%; 1] JL2 & ik £
X IO 55 ) 5 i A ¥ 2

5 ET SHAP JAH RFR 89 10 #B SR K MR LT i8R
Table 5 Evaluation metrics for 10 combined training sets and test sets based on SHAP method and RFR

4 JI1Z54E Training set WRAE Test set
Group Sause(m’s™)  Syup(m’s!)  Sysp(m®s™) R Suse(m’s)  Syap(m’s?)  Sysp(m’s™) R
D D T P P 0 S P i P W Y 0.146 0.094 0.021 0.976 0.306 0.196 0.093 0.931
X0 Xttt Fxg st 0.145 0.093 0.021 0.977 0.303 0.197 0.092 0.932
XXX XXXt 0.134 0.086 0.018 0.980 0.275 0.183 0.076 0.944
XXt Fxgtxstxg 0.130 0.084 0.017 0.981 0.270 0.181 0.073 0.946
Xyt g st 0.130 0.083 0.017 0.981 0.268 0.173 0.072 0.947
Xy Fx Fxgtxstxg 0.130 0.082 0.017 0.981 0.263 0.170 0.069 0.949
Xatxgtxstxg 0.126 0.080 0.016 0.982 0.263 0.164 0.069 0.950
Xgtxstxg 0.130 0.082 0.017 0.981 0.265 0.173 0.070 0.948
XstXg 0.195 0.132 0.038 0.958 0.511 0.358 0.261 0.808
Xo 0.356 0.252 0.127 0.859 0.755 0.589 0.570 0.581
3 W @ T PR BE, DA 90 Yo 3R B /KL A 3 T 2 s ma i &= 1
) R

HENER. B 4G, R R EEE R e —

3.1 BREEFWETFIN BEN g, FLIR TR Dy i8] b 7K ASE A2 5 i 11 B it 7 o) 8 P2 3

AHIE FEIEFER 10 AR AEAZ & AT VA K RLAN R 2
FhZERS, LONG %50 i, 7K A ipk 3o = I KL H 1
TR BN TANE ST H4R H, KOS R
G AT R, HEAT ARG VP o 2 P s 20 A AR
WA AN [ 2 BT P AR, X3 3k W B ) D AN [ 5
AR AFC H o RUBEHBURSE 1 T4 e 5 S N 22
TEAS T, S5 R I HIUILH Y 1) B K B BB i K i

EMEZRER, WAKAm, HKEwREmE R,
W 2 175 A Ut K FRY IRl R RO S AF, AR S A
[Fi B B o T B 0] it /K B2 R R I R AN, X S
SO — 8. 3% 4 o 2 B R K O R
FRY 52 M2 B2 25 AR oK o R S A 14 Jir IR 9 S R Bk 25 B4 2K )
(33 R P I R, R OR B W R BB AR I A 5 19 Y 3
LA TE A, RN SE R i 2 NI R AR,
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AR RIA DS 55 T PP
3.2 TEMNBHEIEETMNBEEER

M 3 FH, R RIERE R B TS
BLES 22 ST 5y, X2 RoNAE GobL g 2 3] Bidrp 5 2R L 2
SIERAEAS RV IR 15 ) SCR AN ], B — R ) 2Rt
FREA )2 SR ZE TR K. SR T REs I 2 AN 3
)R, 1B — AR AR R AL, T A R A
BEALZ ALRE IR0, BT A2 ) SRR IS, I ZRpE L
Fan b TN R, B R S S R T 2 S AN AR [
HHE 3 733 3 R4 s 31 Sk v B A8 SR TR S B v
MR DR A RRAEAR B A0 H AR 2 AT A BN AL, %
WEEX TSGR Z A KRR, pew s # 2E8
S B KRR I SR E AR . RS AIE S5 SR 3 SRk
e )R RV EAT VRN, 15 B TR FE el v 2
RN TR L. BEREE. EE%, 5RMA
HAAR, X2REN: k5 AP SR £ R AL
BOHCRANE LR IRE, BB & AN R o) 8 1
FE— AR BEEECFY, HS I ERA S KR
PR PECT, T B SR b RS B R W SE W ( gradient
boosting decision tree, GBDT) MR KA E A F—
BUNGRIERE_ EAWT PRGN 22, W T 2 AR IERIE 2% )2
R, FR, B 5] XGR TS EL T ABR,
5AMRER 8, X2KEN: ABR @A TRZEZH
B2, T XGR 3T GBDT K45 4B RE - ik
7%, XGR % ABR ] B KRR _Byi/b iR 2= .

AT FER LG 8 FPHLAR 2 2 BRI PEN Fa br, B L
FRAREVETIORG FE i T AR R R v RS2 1) LA
(1) BE ML AR AR SRVE A 7 2258 i — M [ U i) R T 11 14 22 76
LRV ), 7 30 0 B S Ok BN A X N R A
TR R R DY, 2) BENLARM AR B 21
PR AES7: 3) WAL FENT. 7KL A 1] () B a4 i
FHZEBCR, BEAURMRE LG T MR ek £, R4
N AE 3. HASAN 559 DLyvig h X M5, BF 7275 3
B TR MR S5V B85 v A TOUAS vk K BBUBR M, R 7 3 SR s A
SESRL T A, RN T KNN R HLAR AR
BRI, X, W Z R R T R AT
B, RBEL I T RIS RL 2% . DL R A
RJUESE T LA EVEAE D7 b B e o B mT AT 1.
3.3 FHET 2 iHIETFUNEE RS0

W% 2 o) S0 A RURS B A2 $0 SR AR i B (gt
STEPHEN 251471 ) Sy £ A 45 1E 348 5% AT DAY BR300 v 1
WarE, B AYERE. AHTTIR A SHAP W6 ik 10 4
FREAS S AT BT, 6508 10 Prdl & dE47 Toiix
b, S53EKM, KA x+ xst xgt xo (EAMNZER, [
BUARAR 1] U1 B2 Tl RS B e A RIS, 3 eyt xest xgt
xo AH bU T 32 FH 4% 30 A8 5 0 BRI T B0 im WSO R AR AT HE B
254 2010—2020 4F 7 L H#E, & eh PEME, E X 9h
BER R, KRR 6 h PERVER . B T HE K o) o) b KA & B
M 1 K 1 8 I ) R R

ARHIE I T AL 2% 2 SR R IR v K B e SRR, R
TR RSN B EFE LAY, 5 ARG PR K
— K R A LB AR R A AR A RCRIX A,

FA HAR G HUELRR AR RENS 15 B3 I AN R BUKIR
B BRI ROKA BRSSP R R B, (2
Hi B R SOKEN S i B ST B RO R 2% HLas
2 BIGEA R RO R, EHE R AT
HE % 7] I o 7 A0 7K 57 55 Xk 52 PR B 00 R0 79 i 50 90
R Hh I 7K R BE SR T 58, e TR A LA
R v it B 00 2 YA SR AR AT AT AL

4 % i

AHIE FURE T 22 (OB S TRE X E 1A k7K 1) 1 52 I
ol AR AN R, RA 4 ML Geblas 7 I BA
5 (ZRYERA (linear regression, LR) v K #T 4B [A )9 (k-
nearest neighbors regressor, KNR) . 1% [\ )4 ( ridge
regression, RDR) .« R ZE M [1])9 (decision tree regression,
DTR) ) Ml 4 & B 27 ) K Bk (S H a) & (8] 1
(support vector regression, SVR) . H i& M $2 F [ 14
(adaptive boosting regression, ABR) « A} F& 1 F& £2 T+ [7]
9 (extreme gradient boosting regression, XGR) + Ff HL#x
FIEIJT (random forest regression, RFR) ) HEAT T X}tk
Fimt SHAP VAT RHE EZ V0T, 1F2450 W F

1) BB 2] ST PPAN Fi bn A T 4% Gt 8] VA 53002,
8 Tl g 2% ) By b RFR B TRONKS B2 de e GRS T
MR 22, PR 2= B 07 3w %2 S kg RET A
0.146 m*/s. 0.094 m*/s. 0.021 m’/s. 0.976, K& 5 Hl
90.306 m*/s\ 0.197 m*/sy 0.093 m’/s\ 0.931)

2) K H Shapley Additive exPlanations ( SHAP) %
T T8 PR AR AIE AR 5 B 2R HE 7 3 W 1 4R /K 1) i) B 7K A7
oMk 7K U A ) T 5 SR S e oK, o R AR
PEAE ST 34.6%.

3) idE 6hPEmE. T 9hfEME. KK 6h
PR B RE 1 K1) 1) b 7K S i N 38 S 1 I AL AR A
[ V= 2 TN EE 11 A A ) R P R O R A i, R R
ZARIR N CGEL TR RE . FIgRZE . ¥R
% k52 ZE N 0.126 m/s. 0.080 m¥/s. 0.016 m?/s.
0.982; WMIAEEST A4 0.263 m’/s. 0.164 m*/s. 0.069 m?/s.
0.950)

AW T I A R Z AEAE TR H] SHAP WL FIBEHLAR AR5
VA 3 ) R R A O 2R R At XS R X R T A S T T Y
PRRIRY, 7878 R DR 22 I R e B 17 A [ Bsf 34 7 e i A
IKAE . DRI, A R LA T 2 R T R X, e 2k
W58 Rk B8 22 (AR B s e R 3 (AN ds N B i i AR AT
EWTHRE S . JEEWTHESE) PIANFEIE.
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Irrigation district channel dispatch flow prediction based on SHAP
importance ranking and machine learning algorithm

GE Jiankun', LEI Guoxiang!, CHEN Haorui***, ZHANG Baozhong®®, CHEN Laibao*,
BAI Meijian®?, SU Nan*®, YU Zihui!

(1. College of Water Resources of North China University of Water Conservancy and Hydropower, Zhengzhou 450045, China; 2. State Key
Laboratory of Basin Water Cycle Simulation and Regulation, China Institute of Water Resources and Hydropower Research, Beijing 100048,
China; 3. National Water Conservation Irrigation Engineering Technology Research Center, Beijing 100048, China; 4. Anhui Province
General Administration of Irrigation District, Liu'an 237005, China)

Abstract: The channel sluice can quickly remove the flood into the canal in the irrigation area. In order to provide a simple and
efficient method for flood control scheduling decision of drainage sluice in irrigation area, this study took Pishihang Irrigation
District as an example to establish a prediction model with dispatched flow as the target variable and 10 characteristic variables
as independent variables. The 10 variables were the water level and rainfall of drainage sluice at irrigation mouth: rainfall in the
past 1 hour, 2 hour, 3 hour, 6 hour, and 9 hour and rainfall in the future 1 hour, 3 hour and 6 hour, water level on the gates of
the Guan Kouji drainage gate, difference in water level at the gate in the past half hour.The prediction accuracy of 8 machine
learning algorithms was compared to pick the best algorithm. The Shapley Additive exPlanations (SHAP) method was used
to analyze the importance of 10 groups of variables, and the influence weights of different variables on the prediction results
were obtained. By comparing the prediction error indicators of the optimal algorithm under different variable combinations, the
optimal variable combinations were selected, and the accuracy of the algorithm was further optimized to determine the final
scheduling flow decision model. The results showed that: 1) The integrated learning algorithm was better than the traditional
regression algorithm in predicting the evaluation index. The order of prediction accuracy of ensemble learning algorithms was
as follows: random forest regression (RFR) >extrme gradient boosting regression (XGR) >adapative bossting regression
(ABR)>spoort vector regression (SVR), and Bagging had the highest accuracy in the three categories of ensemble learning
algorithms. RFR had the highest prediction accuracy among the 8 machine learning algorithms (the root mean square error,
mean absolute error, mean square error and determination coefficient of the training set were 0.146, 0.094, 0.021 m’/s and
0.976, respectively. The root-mean-square error, mean absolute error and mean square error of the test set were 0.306, 0.197,
0.093 m’/s and 0.931, respectively); 2) The importance values of characteristic variables determined by SHAP method were as
follows in descending order: water level on the gates of the Guan Kouji drainage gate, rainfall in the past 9 hour, rainfall in the
future 6 hour, rainfall in the past 6 hour, rainfall in the past 3 hour, rainfall in the past 2 hour, rainfall in the future 1 hour,
rainfall in the past 1 hour, difference in water level at the gate in the past half hour and rainfall in the future 3 hour. The water
level on the gates of the Guan Kouji drainage gate had the greatest influence on the prediction results of the drainage flow,
accounting for 34.6% of the total importance values of the features. The total importance values of the rainfall features in the
past period were 0.473, and the total importance values of the rainfall features in the future period were 0.287. The influence
degree of the rainfall in the past period was greater than that of the rainfall in the future. 3) The RFR algorithm with the input
variables of past 6 hour rainfall, past 9 hour rainfall, future 6 hour rainfall and the water level on the gates of the Guan Kouji
drainage gate was the best to predict the dispatching flow of the sluice gate (The model error indexes were as follows: root
mean square error, mean absolute error, mean square error and determination coefficient of training set are 0.126, 0.080, 0.016
m*/s and 0.982, respectively; The root mean square error, mean absolute error, mean square error and determination coefficient
of the test set were 0.263, 0.164, 0.069 m’/s and 0.950, respectively. The determination coefficients of the training set and the
test set were increased by 0.6% and 2.0%, respectively, compared with all the characteristic variables. The root-mean-square
error, mean absolute error and mean square error were reduced by 13.7%, 14.9%, 23.8%, 14.1%, 16.3% and 25.8%,
respectively, compared with all the characteristic variables. It can be seen that variable selection has a significant impact on the
prediction accuracy. This study avoids the multi-source data collection and complex operation required by the coupling
mechanism model, and provides technical support for the irrigation district management agency to scientifically dispatch the
sluice of each channel. The research results were of great significance for realizing the modernization of irrigation district.
Keywords: irrigation; random forest; machine learning; dispatched flow; ensemble learning; SHAP
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