Vol.33 No.1

33 1
2013 2 JOURNAL OF CHINA HYDROLOGY Feb., 2013
1 1 1 1
’ ’ ’
(1. R 430074 ; 2. , 510623)
; ; ;s NSGA-1I;
:P338 A : 1000-0852(2013)01-0001-07
“O]o
1 b
, NSGA- ,
’ 2
o s [ 1973
SCE-UAI™. 341 1571 57 , .
[8-9] .
, [5] [12], 1 0
:2011-09-16
973 (2007CB714107)); (200701008 ;
(20100142110012)
(1988-), o E-mail: guojun012004@126.com
o E-mail: jz.zhou@hust.edu.cn

(1959-),



1

Tablel Parameters of the Xinanjiang model

U,/mm 5~20 K, 0.35~0.45
L,/mm 60~90 K; 0.25~0.35
D,/mm 15~60 C, 0.99~0.998
B 0.1~0.4 C 0.5~0.9
1,/% 0~0.03 C, 0.01~0.5
K 0.5~1.1 K,
C 0.08~0.18 X.
S,/mm 10~50 L
E, 0.5~2.0 N
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Fig.I  The Pareto frontiers generated by the NSGA-II algorithm
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2 M4E
Table2 Comparison of the M4E values during the training and validation periods
M4E MSLE RMSE Bias M4E MSLE RMSE Bias
M4E 1494.14 0.0821 1224.47 819.55 3 548.86 0.0948 1 645.60 108591
10.64 0.00 4.33 3.53 49.60 0.00 5.34 4.16
M4E vs MSDE 1477.03 0.0817 1217.95 814.46 3597.66 0.0952 1 648.66 1088.45
0.67 0.00 0.53 0.47 16.06 0.00 1.92 1.31
M4E vs MSLE 1497.55 0.0788 1219.10 805.17 284228 0.0961 1 556.07 1048.14
6.967 0.00 1.30 3.29 252.96 0.00 31.22 14.06
M4E vs MSLE vs MSDE 188.10 0.0804 1219.25 810.92 3267.69 0.0958 1 609.76 1 072.80
10.85 0.00 1.33 533 425.06 0.00 51.86 22.85
(b)MSLE
3 MSLE
Table3 Comparison of the MSLE values during the training and validation periods
M4E MSLE RMSE Bias M4E MSLE RMSE Bias
MSLE 1713.04 0.0776 1220.53 787.48 1 863.05 0.0911 1426.08 976.63
7.67 0.00 2.90 2.98 51.86 0.00 10.92 3.24
MSLE vs MSDE 1 689.89 0.0768 1213.92 781.10 1801.28 0.0921 141522 975.30
2.02 0.00 0.35 0.37 3.54 0.00 1.20 1.33
M4E vs MSLE 1 686.29 0.0767 121241 779.62 1810.03 0.0918 141271 971.58
4.54 0.00 0.74 0.55 8.81 0.00 1.38 1.44
M4E vs MSLE vs MSDE 1 689.62 0.0768 1213.57 780.65 1800.15 0.0920 1413.83 973.60
6.52 0.00 0.74 0.50 10.82 0.00 2.11 1.88
(¢)RMSE
4 RMSE
Table4 Comparison of the RMSE values during the training and validation periods
M4E MSLE RMSE Bias M4E MSLE RMSE Bias
RMSE 1562.48 0.0810 1208.07 798.62 2791.80 0.0927 1566.47 1045.75
6.9147 0.00 2.22 1.72 29.17 0.00 4.32 3.62
RMSE vs MSDE 1550.41 0.0799 1203.23 792.26 2681.90 0.0929 154591 1 036.02
7.41 0.00 1.21 4.53 269.84 0.00 42.52 20.86
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TableS  Comparison of the compromise values between M4E and MSLE during the training and validation periods
M4E MSLE RMSE Bias M4E MSLE RMSE Bias
MSLE * M4E 1518.82 0.0793 1221.25 807.09 2 732.63 0.0946 1547.45 1 040.30
9.21 0.00 3.51 4.62 234.73 0.00 30.99 13.44
MSLE vs M4E 1505.19 0.0779 1212.23 796.69 2 547.23 0.0941 1518.63 1028.17
( ) 1.27 0.00 0.52 0.53 9.87 0.00 1.46 1.61
MSLE vs M4E 1506.35 0.0779 1211.61 795.96 2525.46 0.0940 1515.93 1026.77
( ) 1.43 0.00 0.53 0.58 13.46 0.00 1.80 1.67
MSLE vs M4E vs MSDE 1506.34 0.0781 1214.89 799.51 2587.48 0.0942 1527.18 1035.15
( ) 2.81 0.00 1.75 1.89 58.28 0.00 6.84 342
MSLE vs M4E vs MSDE 1504.69 0.0784 1219.58 804.41 2 714.66 0.0943 1543.66 1 044.63
( ) 1.28 0.00 1.93 1.94 58.10 0.00 6.88 3.54
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(b)RMSE ~ MSDE
6 RMSE MSDE
Table6 Comparison of the compromise values between RMSE and MSDE during the training and validation periods
M4E MSLE RMSE Bias M4E MSLE RMSE Bias
RMSE * MSDE 1498.70 0.0818 1218.72 813.84 3374.50 0.0949 1631.29 1081.54
7.23 0.00 2.76 2.07 51.81 0.000 5.90 4.64
RMSE vs MSDE 1487.99 0.0807 1213.06 807.20 324853 0.0952 1612.81 1073.57
( ) 9.76 0.00 1.59 3.80 332.12 0.00 4224 18.14
RMSE vs MSDE 1485.50 0.0811 1219.96 814.06 3479.00 0.0959 1 636.39 1 086.16
( ) 10.81 0.00 1.75 3.57 349.78 0.00 41.31 16.89
(¢c)MSLE M4E  MSDE
7 MSLE. M4E MSDE
Table7 ~ Comparison of the compromise values among MSLE, M4E and MSDE during the training and validation periods
M4E MSLE RMSE Bias M4E MSLE RMSE Bias
MSLE * M4E * MSDE 1515.12 0.0797 1225.86 812.45 2889.32 0.0955 1 568.55 1053.71
9.46 0.00 3.86 527 291.14 0.00 35.32 15.75
MSLE vs M4E vs MSDE 1 503.89 0.0783 1218.56 803.37 2 694.78 0.0941 1540.57 1042.39
( ) 1.06 0.00 1.95 1.96 53.44 0.00 6.57 3.65
MSLE vs M4E vs MSDE 1504.69 0.0784 1219.58 804.41 2714.66 0.0943 1 543.66 1 044.63
( ) 1.28 0.00 1.93 1.94 58.10 0.00 6.88 3.54
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Estimation of Design Storms under HadCM3 Model for Qiantangjiang River Basin
ZHANG Xujie', LIN Shengji’, MA Chong', GAO Xichao', XU Yueping'

(1.Institute of Hydrology and Water Resources, Zhejiang University, Hangzhou 310058, China;
2.Fenghua Bureauw of Water Resourecs, Fenghua 315500, China)

Abstract: Climate change affects the frequency and intensity of extreme hydrological events, e.g. extreme storm in a very direct way.
Studying these effects caused by climate change will provide great support for disaster mitigation and engineering design. This paper ap-
plied the LARS-WG weather generator to simulate synthetic weather data under the A1B, A2 and B1 emission scenarios from Intergovern-
mental Panel on Climate Change (IPCC) using the results of General Circulation Model HadCM3. Based on the L-moments approach, de-
sign storms of different return periods were calculated for the Qiantangjiang River Basin in 2055s using the P-III distribution function. The
final results show that the LARS-WG weather generator has good capability in simulating synthetic weather data in the Qiantang River
Basin and the maximum bias between observed and simulated design storms of 200a return period is 8.52%, occurring at the Shengxian
Station. The design storms of different return periods tend to increase under the A1B and B1 scenarios, while decline under the A2 scenar-
ios at the most stations. And design storm of 100a return period at the Hangzhou Station will be 209.14mm under the A1B scenarios, 11
percent larger than that in the baseline period. The biggest increase and decrease of the design storm of 100a return period is 39.54% and
42.79%, occurring at the Jinhua Station under the B1 scenarios and Tianmushan station under the A2 scenarios respectively.

Key words: climate change; precipitation frequency; general circulation model; LARS-WG weather generator; P-I11 distribution; L-moments
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Study on Multi-objective Parameter Optimization of Xinanjiang Model
GUO Jun', ZHOU Jianzhong', ZOU Qiang', SONG Lixiang?, ZHANG Yongchuan'
(1.College of Hydropower and Information Engineering, Huazhong University of Science and Technology, Wuhan 430074, China;
2. Pearl River Water Resources Institute, Guangzhou 510623, China)

Abstract: Parameter estimation of hydrological models is an important matter of hydrological forecasting. As the structure of the model is
established, the calibration of parameters has great influence on the performance of the hydrological model. Practice experience suggests
that the conventional calibration of hydrological models with single objective function is often inadequate to properly measure all of the
characteristic of the observed data deemed to be important. To deal with this defect, the multi—objective evolution algorithm was employed
to optimize the parameters of the Xinanjiang model with three runoff components in this paper. The results of the case study indicated that
with well chosen objective functions, the multi—objective optimization can achieve better results than the single objective optimization. Fur-
thermore, by analyzing the achieved the parameter combination, it is obvious that the phenomenon of same effect of different parameters
exists, so as to do some preparations for the uncertainty analysis of the model parameters.

Key words: hydrological forecasting; Xinanjiang model with three runoff components; multi-objective; NSGA-II; chaos differential

evolution algorithm



