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Fig. 1 Prediction scheme of precipitation by different combined models
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Fig.2 Time series of the annual and flood season precipitation
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Tab. 1 Prediction results of precipitation by single models

. HEM IOUE
WiH
Egys/mm Eys Eyap Egys/mm Eys Eyap

B 77.1 0.162 0.146 89.6 0.081 0.160

eobaet it ] 74.5 0.121 0.182 71.7 0.131 0.166
MLR N

BT AE 81.7 0.101 0.154 69.5 -0.426 0.126

BT 75.9 0.081 0.183 62.3 -0.561 0.172

R 66.4 0.378 0.123 87.4 0.125 0.154

eapaa | 55.5 0.513 0.101 78.5 0.111 0.182
BP

BT 73.7 0.267 0.143 73.6 -0.601 0.121

BTN 60.8 0.410 0.144 59.8 -0.438 0.152

R 39.5 0.780 0.077 79.0 0.284 0.136
CNN N

eapaiin | 374 0.779 0.091 74.4 0.202 0.169
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Tab. 1 (Continued)
HE M LN
i H
Egys/mm Exs Eiap Egys/mm Exs Eyiar
CNN BITAE 48.4 0.685 0.086 68.7 -0.395 0.133
BTN 39.5 0.751 0.095 63.8 -0.639 0.156
HAE 442 0.724 0.077 86.0 0.152 0.148
Giopaiit i 32.6 0.831 0.069 58.5 0.506 0.139
LSTM N
BT AR 49.8 0.666 0.084 60.1 -0.066 0.098
BTN 324 0.833 0.068 60.1 —0.452 0.147
HAE 33.8 0.839 0.066 76.0 0.338 0.131
T 31.8 0.840 0.078 77.8 0.127 0.180
RF
BITH 35.9 0.826 0.067 69.7 —-0.433 0.126
BT 31.6 0.841 0.072 64.8 —0.691 0.172
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Fig. 3 Prediction results of precipitation by CNN-combined models based on different decomposition algorithms
%2 ETTRESHEELN CNN AARESE MK TUNLE
Tab. 2 Prediction results of precipitation by CNN-combined models based on different decomposition algorithms
FEW Coans
CNN AR
Epyg/mm Exs Eyar Epys/mm Exs Eyar
CNN 39.5 0.751 0.095 63.8 —0.639 0.156
EMD-CNN 33.7 0.819 0.070 44.6 0.199 0.106
EEMD-CNN 352 0.803 0.078 39.6 0.369 0.098
MEEMD-CNN 29.9 0.858 0.061 38.7 0.397 0.097
VMD-CNN 18.7 0.944 0.045 17.3 0.879 0.043
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Tab. 3 Prediction results of precipitation by different VMD-combined models

. HIE LN

VMDA 15
Egys/mm Eys Eyap Egps/mm Eys Eyap
BB 13.8 0.973 0.023 245 0.931 0.047
CraiiRiL| 159 0.960 0.035 22.7 0.926 0.052

VMD-MLR N
BT 16.6 0.963 0.033 12.1 0.957 0.020
BT 18.3 0.947 0.045 13.1 0.931 0.029
BB 18.0 0.954 0.032 38.7 0.828 0.063
etk 15.8 0.960 0.039 27.8 0.889 0.054

VMD-BP N
B T4 15.8 0.966 0.030 153 0.931 0.025
BT 17.7 0.950 0.043 13.8 0.923 0.035
BRA 14.8 0.969 0.026 35.9 0.852 0.069
CrasiibL| 18.4 0.946 0.043 35.7 0.816 0.088

VMD-CNN .
BT AR 245 0.919 0.045 22.0 0.856 0.039
BT 18.7 0.944 0.045 17.3 0.879 0.043
BRA 14.9 0.969 0.025 39.4 0.822 0.056
% I 145 0.967 0.032 31.6 0.856 0.062

VMD-LSTM .
BT AR 14.9 0.970 0.028 14.9 0.935 0.027
BT 18.9 0.943 0.045 11.9 0.943 0.025
HRA 17.7 0.956 0.034 54.0 0.665 0.078
CrasiibL| 14.7 0.966 0.033 52.0 0.610 0.116

VMD-RF .
BT A 18.9 0.952 0.036 18.9 0.894 0.032
BT 16.3 0.958 0.039 33.9 0.537 0.069

VMD-RF 3 () A TR R K TN R e A, Es R IAME Ry
.0,

VMD-MLR

o 1.0 VMD-LSTM

n
I} e ER
JaININ
H|EH
s =
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Fig. 4 Eysresults obtained from different VMD-combined models

during the validation period
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Tab. 4 Eyg results obtained from different combined models during the validation period
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Fig. 5 Prediction results of precipitation by using different combined models during the validation periods
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Precipitation prediction based on decomposition algorithm-based models

WU Shaozhen'*’, REN Zhihui"®, ZHAO Xuehua’, YANG Moyuan’, SANG Yanfang'*’

(1. Key Laboratory of Water Cycle & Related Land Surface Processes, Institute of Geographic Sciences and Natural Resources Research, CAS, Beijing
100101, China; 2. College of Water Resources Science and Engineering, Taiyuan University of Technology, Taiyuan 030024, China; 3. Beijing Water
Science and Technology Institute, Beijing 100038, China; 4. Key Laboratory of Compound and Chained Natural Hazards, Ministry of Emergency

Management of China, Beijing 100085, China; 5. University of Chinese Academy of Sciences, Beijing 100049, China )

Abstract: Prediction of hydrological time series is a challenging issue due to complicated hydrologic processes,
which would greatly impact the water resources management and hydraulic engineering design. Related studies
indicated that combined models, which are based on the decomposition-prediction-reconstruction mode usually
perform much better for the prediction of hydrological time series than single models. A great number of studies
have been conducted on diverse combinations and applications of combined models, however, a comprehensive
evaluation of the applicability and stability of different combined models is lacking, leaving a research gap for this
important issue.

Four commonly used decomposition methods were applied, namely empirical mode decomposition (EMD),
ensemble empirical mode decomposition (EEMD), modified ensemble empirical mode decomposition (MEEMD),
and variational mode decomposition (VMD). The four decomposition methods were further combined with five
representative prediction models, namely multivariable linear regression (MLR), random forest (RF), back
propagation (BP), convolutional neural networks (CNN), and long short-term memory (LSTM), to establish a total
of 20 combined models. These 20 combined models were used to predict the annual precipitation and flood season
precipitation and conducted a comparative analysis of the models in the Miyun basin and Guanting basin in North
China.in North China.

Results showed that: (1) The single models predicted both annual precipitation and flood season precipitation
more accurately in the Miyun basin than in the Guanting basin, but the single model’s performances were overall
poor in the two basins. (2) The prediction results from the combined models after coupling with decomposition
algorithms become much better than those from the single models, and the positive errors could be offset by the

negative errors during the prediction processes when using the combined models, which could improve the overall
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prediction accuracy of precipitation. (3) Compared with the EMD and other algorithms, the VMD algorithm has the
most significant effect on improving the prediction accuracy of precipitation, and the applicability and stability of
the combined models is VMD-MLR> VMD-LSTM> VMD-BP> VMD-CNN.

Moreover, the results indicated a single model can not accurately grasp the complex characteristics of the
precipitation time series. The prediction accuracy of a single model could be approved through parameters
optimization, however, the effect is not obvious. Compared with a single model, the combined models based on
decomposition algorithms can effectively improve the prediction results. In the combined models, the effectiveness
of decomposition algorithms (such as EMD and VMD) in decomposing the original time series directly affects the
models' prediction results. After combining with the decomposition algorithm, the models' performance improves
significantly, and their applicability and stability are greatly enhanced. After combining with the decomposition
algorithm, even some simple models (such as MLR) can be used to accurately predict precipitation time series with
complex variability patterns. Different model combinations and predictors lead to differences in prediction results
among combined models. Therefore, more influencing factors (such as climate indicators) and more complex
combined models based on the decomposition-prediction-reconstruction mode should be explored in future research
to optimize the prediction model and prediction process, to further improve the prediction accuracy and reliability of

the precipitation in this study area.

Key words: medium-to-long-term prediction; data-driven model; combined models; time series decomposition; non-

stationarity characteristics
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