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Fig.4 Block diagram of Xin‘anjiang model calculation
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Table 2 Optimal parameter values of the New Xin“anjiang model

2 IGA IPSO SCE-UA BOA
K 1.14 1.19 1.14 1.20
C 0.23 0.20 0.24 0.28

wuM 25.49 28.42 2732 30.00

WLM 69.60 68.69 57.76 57.52

WDM 38.03 42.86 39.10 36.01
b 0.33 0.34 0.48 0.34

SM 47.64 44.69 49.24 46.33
EX 1.80 1.62 1.82 1.97
KI 0.20 0.34 0.23 0.22
KG 0.10 0.25 0.17 0.10
KKI 0.12 0.43 0.07 0.12
KKG 0.96 0.95 0.96 0.97
KKS 0.20 0.19 0.21 0.23
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Fig.5 Comparison of simulated runoff value and measured value
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Table3  Evaluation of Xin“anjiang model simulation effect
AGA IPSO SCE-UA BOA
HEH $uE HIEW SR e HIEM S e HE M Eoan |
R 0.966 598 0.894 128 0.965 647 0.892 892 0.966 529 0.893 568 0.967 604 0.895 553
NSE 0.845 177 0.887 215 0.844 829 0.883 772 0.844 389 0.881 527 0.845419 0.880 894
3 L 22 1.445 582% 0.063 534% 0.278 800% 0.024 967% 2.103 121% 0.016 806% 0.581 969% 0.195921%
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Table4 Convergence value statistics of the four algorithms

GiitE AGA IPSO SCE-UA BOA
FIE 0.160 329 0.157 434 0.160 666 0.160 240
LA 0.160 280 0.157 293 0.160 477 0.160 040
ez 0.003 962 0.002 714 0.004 400 0.005 894
bRz 0.000 880 0.000 567 0.000 982 0.001 331
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TableS  Four kinds of algorithm optimization parameter variance

ZH IGA IPSO SCE-UA BOA
K 0.052 357 0.047 601 0.061 300 0.064 054
C 0.096 130 0.070422 0.092 849 0.100 119
wUM 0.059 412 0.042 849 0.051573 0.081926
WLM 0.074 814 0.046 799 0.066 712 0.065 783
WDM 0.076 888 0.079 809 0.098 920 0.091 527
b 0.049 681 0.036789 0.080 140 0.071 461
SM 0.034 741 0.043 874 0.056 979 0.058 359
EX 0.083 563 0.042 456 0.074 130 0.076514
KI 0.038 653 0.043771 0.077723 0.049 957
KG 0.064 634 0.030871 0.055 862 0.092 941
KKI 0.059 428 0.041 465 0.068 181 0.079 360
KKG 0.047 569 0.087 947 0.054 362 0.067 430
KKS 0.042 584 0.027 599 0.038 483 0.059 330
SEY{E 0.060 035 0.049 404 0.067 478 0.073 751
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Fig.8 Scatter plot of the variance of the four algorithms to optimize

the parameters

MOKSCREALL e S i s e A SRk
R TEAET HZE A /AT , TIPSO TEHT LV T AR B AU Ak ]
PP ) R B, X S X A 5t B 4 e— 2 (H
TIPSO R HZAMEMERCE AT 30, 5 250 2 A S
Z R REON %, FEO U R, S
I . BOA LS EERIEE U HAE S G A
FEREMITH, 5 A 3R A ORI, (H2 N
BEHIEAF A, BOA BILHAE THAEA S THRARER
1o, PR — SO B EORAN s Y IR A T DA IR T A
AR TR T, 32 B AR,

4 g

A3 DU 5 P 250N Nash—Suteliffe 35 % 2 %4

A AR Bt 3 55 (1, 1) A BRCRE 25 ok H A% s, K
SCHEALAT FE CBIUE BT it R ST R DL R R AR e
XF LG43 B 4 2 UL AL 3D AGA (TIPSO, SCE-UA I
BOA 7 H RS ey T i o PG 0, 45 SR e .

(1IPSO TEB & T BRI S B Ak ) g rp () 25 5 32
BT, AR B AL o (-5 S I e (AL A AR
U5 BbR B S LR T, A 90% 48 1 7E 0.158 149 ~
0.156 727 3 il P 5 W SIGH B 25 3 A1 3 R bl st kA5
NS EOT 22 FEMEUN 0.049 404, kR E MR,
AR,

(2) AGA FI SCE-UA P AL R B2 AL, B 55 1PSO
2%, B BOA B BOA AR &/ B HAR L R
IR 2z, H AR sRBOBCSIUE 2 B, A6 T A YE B N 344 43
A 5 WSO R B 8 30 Bl 5 DA B ) 2 807 257
YIE M 0.073 751, Fikfa et 22,

AR SCAN LA AT A S 5T X I S H R B
TYTRERL, ] e X a5 AR M = A | 5 2ok &
BT ST X IR N7 22 Pl ) R o 2 VTR TR fdi
AR

B2k

[1] FORMIGA K, CARVALHO M D, SILVA K A, et al. Storm Water
Management Model calibration using multiobjective evolutionary algo-
rithms [J]. Eng.sanit.ambient, 2016,21(4).

[2] FREEE, VR, XU, 55 HT MOPSO ik 193 ) IR A7 A
2Rz BRI ] KRR, 2019, 37(6) :23-27.

[3] SONG X M. Integration of a statistical emulator approach with the
SCE-UA method for parameter optimization of a hydrological model
[J]. Chinese Science Bulletin, 2012,57:3397-3403.

(4] JAEIWL A0, B, 55 T DU AL S sk i B 22 VA B 2
AL R I K AL BEIRRLE, 2019, 37(5) :6-9,127.

[5] HOLLAND J H. Adaptation in Natural and Artificial Systems [M].
The University of Michigan Press, State of Michigan, 1975.

[6] SRINIVAS M, PATNAIK L M. Adaptive probabilities of crossover
and mutation in genetic algorithms [J]. IEEE Transactions on Systems
Man & Cybernetics, 2002, 24(4) : 656-667.

[7] “EVING. SEBR IS o S D, R R, 2012

[8] ZFEE, T R XIEF, 5 . B TR RERIE & E AUtk 7 i
WFFE[]. 7K 3, 2020, 40(4) :26-32.

[9] SEDIGHIZADEH D, MASEHIAN E , SEDIGHIZADEH M, et al. GE-
PSO: A new generalized particle swarm optimization algorithm [J].
Mathematics and Computers in Simulation, 2020.

[10]  XURREF . BCHERL T SRR AE K SORCRL b 1o (D). R Rk
2%, 2017.

(1] JAPEEE, 280K, Yol 45 2T SCE-UA 5134 1% AP AL i I AF
FEJ1. K IT 4, 2014, 40(4) : 13- 16.

[12] STORN R, PRICE K. Differential evolution—a simple and efficient
adaptive scheme for global optimization over continuous spaces [J].

Berkeley: 1CSI,1995.



22 K X 5543 %

[13] KAN G, LIANG K, LLJ, et al. Accelerating the SCE-UA global optimi- [18] ZEFHA, R, 5o, 45 . b Z R H B 42 8 it it /K B ().
zation method based on Multi-Core CPU and Many—Core GPU [J]. Ad- FAKILTA S ACRIRRHE (Hh3E30), 2021,19(4) : 689-699.
vances in Meteorology, 2016,2016(Pt.3) : 8483728-1-8483728-10. [19] =Re2, g, 485, 46 B AR 28 2 HEr UL 5z ] 7k

[14] BN . BN BR/KSCHR SCERIM]. Abat K FI i g ik, 1994, ¥, 2013,33(1):1-7, 26.

[15] AR, F . DU 04k Oy i AR FHERR )], B PE2F 4R, 2018, [20] 2B, P2, XIRRN, S5 . B0 2ey AR AL sy ST 30 07 ik A G ).
29(10) :3068-3090. TR (CHARBRERR), 2020, 48(3) : 189-194.

[16] BERGSTRA J, BARDENET R, BENGIO Y, et al. Algorithms for Hy- [21] CHOI J R, CHUNG I M, JEUNG S J, et al. Development and verifica-
per—Parameter Optimization [J]. Advances in Neural Information Pro- tion of the available number of water intake days in ungauged local
cessing Systems, 2011:2546-2554. water source using the SWAT Model and flow recession curves [J].

[17] AR, SAm . B FARERICS BEAR Parzen Al 11 AZRLT]. 5 Water, 2021,13(11):1511.

4 TR S5 FHA, 2021, 43(7) :1954-1960.

Comparative Study of Typical Parameter Optimization Algorithms in Xin anjiang Model
XIANG Xin', AO Tiangi'?’, XIAO Qintai'

(1. College of Water Resources and Hydropower, Sichuan University, Chengdu 610065, China;
2. State Key Laboratory of Hydraulics and Mountain River Engineering, Sichuan University, Chengdu 610065, China)

Abstract: In order to compare and study the application of typical parameter optimization algorithms in Xin’anjiang model in de-
tail, four typical optimization algorithms were selected: Adaptive Genetic Algorithm (AGA), Improved Particle Swarm Algorithm
(IPSO), SCE-UA, and Bayesian Optimization Algorithm (BOA). Each algorithm was operated independently 50 times, with 300-
time—iteration. The parameters of the Xin‘an River model were calibrated in the Chengcun Watershed of Huangshan City, Anhui
Province. The results show that the simulated and measured flow values obtained by IPSO optimization of Xin‘anjiang model pa-
rameters have a high degree of fit and a fast convergence speed; the convergence values of the objective function are concentrat-
ed, and 90% are concentrated in the range of 0.158149-0.156727; the algorithm has good stability and is optimized for the mean
variance of the parameters is only 0.049404. The optimized parameters of AGA and SCE-UA are worse than IPSO and better
than BOA. The amount of BOA calculation is small, but its convergence process fluctuates significantly; the convergence value of
the objective function is scattered in 5 ranges; the algorithm has poor stability, and the mean value of the optimized parameter
variance is as high as 0.073 751.

Keywords: Xin‘anjiang model; Adaptive Genetic Algorithm; Improved Particle Swarm Optimization; SCE-UA; Bayesian Optimiza-
tion Algorithm
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Weighted Function Parameter Estimation Methods for Pearson—III
Negative Skewed Frequency Curve
CHEN Fei',XIE Ping',SANG Yanfang’, LIANG Zhongmin®’, YUAN Su'

(1. State Key Laboratory of Water Resources Engineering and Management,Wuhan University, Wuhan 430072, China;
2. Key Laboratory of Water Cycle and Related Land Surface Processes, Institute of Geographic Sciences and Natural Resources
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Abstract: Hydrological frequency calculation for Pearson—III is mainly based on positive skewed series, but negative skew often
occurs in dealing with reservoir water level and tide level series. Through formula derivation, weighted function methods of parame-
ter estimation for positive skewed series are extended to negative skewed series in this paper, which perfects the system of this
hydrological parameter estimation method. Statistical experiments show that compared with the conventional moment method (CM),
weighted function methods can improve the unbiasedness significantly and the effectiveness slightly of parameter estimation for Cs.
And three parameter estimation methods under the weighted function framework are compared. It is found that the second—order
weighted function moment method (WFM2) is better than the first—order weighted function moment method (WFM1) as a whole,
and the premise for parameter estimation of Cv (or o) by the weighted function moment combination method (WFM3) is to en-
sure that the estimation of Cs is better than Cv, otherwise it is not as good as WFM1 and WFM2. The annual maximum tide lev-
el series in a tide level station and the annual maximum water level series in a hydrological station were verified as examples.
The goodness—of-fit test shows that WFM2 has small fitting error and high precision, and so it is the best parameter estimation
method among all comparison methods.

Keywords: Pearson type three distribution; negative skewed characters; weighted function methods for parameter estimation; Monte—
Carlo experiment; hydrological frequency analysis



