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Construction of runoff frequency division prediction
model based on BP and LSSVM
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(1. College of Water Resources and Architectural Engineering, Northwest A&F University, Yangling, Shaanxi 712100, China;
2. School of Ecology and Environment, Hainan University, Haikou, Hainan 570100, China)

Abstract: This paper proposes a short-term monthly runoff prediction hybrid model, CEEMDAN-VMD-(BP,
LSSVM) -LSSVM, to address the strong randomness and volatility characteristics of runoff sequences. Firstly, a
complete ensemble empirical mode decomposition with adaptive noise (CEEMDAN) was used to decompose the
runoff sequence into high-frequency, mid-frequency, and low-frequency components. Then, the variational mode
decomposition ( VMD) method was further applied to decompose the high-frequency component, and the obtained
sub-sequences from the two decompositions were integrated based on sample entropy. The back-propagation neural
network ( BP) optimized by the sparrow search algorithm and the least square support vector machine ( LSSVM)
were employed to predict the high-frequency and mid-low-frequency components, respectively. Finally, the fitting
values of different frequency components during the training period were used as inputs for LSSVM to obtain the fi-
nal runoff prediction. The proposed model was applied to the monthly runoff prediction at Yingluoxia and Qilian sta-
tions in the Heihe River Basin. The correlation coefficients and Nash efficiency coefficients during the verification
period are both above 0.99. Compared with other eight models, this model demonstrates better prediction accuracy
and can be applied to practical short-term monthly runoff prediction.
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Table 1  Monthly runoff statistical parameters of Yingluoxia and Qilian stations
- HEAE G FoRAE /A EHIE A5 25 RAN T R AL
S:lll-m Data set K Maximum Minimum Average Coefficient Coefficient
ationt ata se Length/m /(m? - s7h) /(m? - s7h) /(m? - s7h) of variation of skew
WK JEF% Raw data 780 282.00 8.48 49.362 0.893 1.444
Yingluoxia e Training set 648 282.00 8.48 48.855 0.904 1.486
station IE4E Validation set 132 203.00 9.62 51.741 0.844 1.262
J5F% Raw data 516 63.84 2.42 14.453 0.827 1.213
Qilit[gnjistﬁion MES S Training set 432 63.84 2.42 14.183 0.853 1.304
Bik%E Validation set . . . . .
KUELE Valid 84 41.40 3.17 15.842 0.705 0.724
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Table 2 Subsequence sample entropy and modal component reconstruction
HLFI HALSFIY
Ny B RS [y S RS FEAKEE [
o Modal Sample K-means  Reconstructed R Modal Sample K-means  Reconstructed
Station Station
component entropy modal component entropy modal
components components
VMF, 0.481 VMF, - VMF, 0.511 VMF,
VMF, 0.533 VMF ! VMF, 0.629 VMF RVMF,
VMF, 0.544 VMF, VMF, 0.355 VMF,
VMF VMF VMF, VMF
4 0.279 3 RVMF, 4 0.431 3 RVMF,
VMF, 0.489 VMF, VMF 0.300 VMF,
VMF 0.292 VMF VMF, 0.513 VMF, RUME
VMF, 0.555 VMF, RUME VMF, 0.476 VMF, :
VMF, 0.646 VMF 3 VMF, 0.566 VMF,
YL VMF, 0.621 VMFg RVMF vk VMF, 0.633 VMF, RVMF,
Yingluoxia VMF 0.525 VMF, ¢ Qilian VMF 0.418 VMF
station IMF, 1.046 IMF, RIMF, station IMF, 1.110 IMF, RIMF,
IMF, 0.659 IMF, RIMF, IMF, 0.682 IMF,
IMF, 0.574 IMF, IMF, 0.646 IMF, RIMF,
IMF 0.548 IMF, RIMF, IMF 0.561 IMF
IMF, 0.474 IMF, IMF, 0.403 IMF, .
IMF, 0.271 IMF, RIMF IMF, 0.297 IMF, 4
IMF, 0.089 IMF, RIMF IMF, 0.094 IMF RIMF,
IMF, 0.051 IMF, 6 IMF, 0.016 IMF, RIMF,
IMF,, 0.006 IMF RIMF, IMF 0.001 IMF,, RIMF,
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Table 3  Optimal input length of reconstructed subsequences
o FM 5 RS IR AR S TR RS o B Tl A 4E %
. Reconstructed Optimal input o Reconstructed Optimal input
Sation . . Station . .
modal component dimension modal component dimension
RVMF, 5 RVMF, 10
RVMF, 5 RVMF, 10
RVMF 8 RVMF, 12
" RVMF, 12 - RVMF, 7
fﬁ );:i RIMF, 9 *gilh—;ﬁ RIMF, 9
. RIMF, 8 ) RIMF, 8
station station
RIMF, 5 RIMF,, 5
RIMF 10 RIMF 9
RIMF, 9 RIMF, 2
RIMF 2 RIMF, 2
R4 TNEMS BN SSA-BP HEILHY
Table 4 SSA-BP model structure for predicting high frequency components
o A5 RS A IR AAS LAY B T 5 RS o B TR AL
o Reconstructed Optimal model o Reconstructed Optimal model
Station Station
modal component structure modal component structure
S e RVMF, 5-10-1 N RVMF, 10-5-1
:Lfrﬁl b RVMF, 5-12-1 Hg_’]f”‘ﬁ RVMF, 10-13-1
ingluoxia RVMF, 8-7-1 Qilian RVMF, 12-12-1
station station
RVMF, 12-4-1 RVMF, 7-16-1

T U i 5 B AR =2 BP BRI AJZ 2 )2 M Hh 2 R 2o

Note: The numbers in the optimal model structure column represent the amount of neurons in the input layer, hidden layer and output layer of the

three—layer BP model.

£S5 FNAREAS 2R SSA-LSSVM #EI S #]

Table 5 SSA-LSSVM model parameters for predicting low—frequency components in prediction

i 5 G RS S %L Optimal parameter i ERIR by S Optimal parameter
St t‘.m Reconstructed Ste {-.»\ Reconstructed
Pration modal component c o’ ation modal component c o’
RIMF, 41.173 8.993 RIMF, 38.847 10.750
- RIMF 51.258 10.229 N RIMF, 54.439 33.250
3%;7%1 i RIMF, 66.470 45218 *g?ﬁ” . RIMF, 61.405 98.374
netiona RIMF 76.879 1.599 L RIMF 65.875 16.750
station station
RIMF g 70.565 24.938 RIMF 94.712 4.280
RIMF, 199.036 27.897 RIMF, 226.588 14.033

I e RRIETTIH T, o UR M B S B

Note: ¢ represents the penalty factor, o represents the kernel function parameter.
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Table 6 Comparison of results of different runoff prediction models at Yingluoxia station

M:?frfj)er 1\1/:1%0(%1 RMSE/(m® - s7") MAPE/ % R NSE
M1 BP 18.319 22.584 0.911 0.826
M2 LSSVM 18.386 21.254 0.911 0.825
M3 EMD-(BP, LSSVM)-LSSVM 8.474 15.748 0.982 0.963
M4 CEEMDAN-(BP, LSSVM) -LSSVM 3.638 8.088 0.997 0.993
M5 VMD-(BP, LSSVM) -LSSVM 3.287 7.341 0.997 0.994
M6 CEEMDAN-VMD-(BP, LSSVM) -LSSVM 1.693 4.811 0.999 0.998
M7 CEEMDAN-VMD-(BP) -LSSVM 4.330 9.837 0.996 0.990
M8 CEEMDAN-VMD-(LSSVM) ~LSSVM 5.862 11.656 0.992 0.982
M9 CEEMDAN-VMD-(BP, LSSVM) 2.191 6.118 0.999 0.997
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Table 7 Comparison of results of different runoff prediction models at Qilian station

R G e

Model number Model RMSE/(m® - &~ MAPE/% R NSE
M1 BP 5.319 21.152 0.917 0.773
M2 LSSVM 5.497 23.377 0.888 0.758
M3 EMD-(BP, LSSVM) -LSSVM 4.545 15.011 0.968 0.864
M4 CEEMDAN-(BP, LSSVM)-LSSVM 2.475 12.775 0.982 0.951
M5 VMD-(BP, LSSVM) -LSSVM 1.102 8.914 0.995 0.990
M6 CEEMDAN-VMD-(BP, LSSVM) -LSSVM 0.773 5.776 0.998 0.995
M7 CEEMDAN-VMD-(BP)-LSSVM 1.267 10.295 0.994 0.987
M8 CEEMDAN-VMD-(LSSVM) ~LSSVM 1.191 7.044 0.995 0.987
M9 CEEMDAN-VMD-(BP, LSSVM) 1.179 9.078 0.995 0.989
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Fig.7 Runoff prediction results based on single model and mixed model
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Fig.8 Runoff prediction results based on different mixed models
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