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Fig. 1 Changes of rainfall and water level in Siling Reservoir
from 2018 to 2022
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Tab. 1 Statistical characteristics of observed values of hydrological variables of Siling Reservoir from 2018 to 2022
ISR i HRMA /MA A b2z %
201 84F /NI R i i /mm 51.00 0 0.221 62 1.461 60 2.136 52
20184F 4G/ NI 7K f32/m 70.90 60.55 65.709 09 2.620 20 6.866 25
20194F 43/ NI Fif i i /mm 65.50 0 0.207 53 1.425 95 2.033 58
20194F 43/ NI 7K 32/ m 73.95 58.96 62.787 29 3.089 15 9.543 95
202044/ NS} P T 2 /mm 39.00 0 0.207 26 1.170 92 1.37122
20204F /N 7K 3 /m 77.87 60.55 65.067 28 3.28125 10.767 82
202 14F /)N B i i /mm 65.00 0 0.193 34 1.347 99 1.817 28
20214F4g/ NI 7K 32/ m 77.33 56.28 64.345 28 3.229 00 10.427 65
20224F- /NS & T e /mm 35.00 0 0.158 38 0.988 94 0.978 11
20224F 43/ NI K32/ m 74.04 57.74 63.495 40 3.470 27 12.044 15
2.2 3 T Embedding-GRU & 7KL TR | AL A
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Fig. 2 One-hot representation
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Fig. 4 GRU model structure
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Fig. 5 Embedding of rain fall
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Tab. 2 Parameter settings of network model
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TR (4 152 25 /0N, B J 7R F I AR, s 887N
Ui BH 2 115 2 55000 00 25 R R e, 3 5 R LA 7
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Fig. 7 Egys with different dimension and rain fall

A F Embedding-GRU #4 7K A5 T ) 45
PRI 0 B8 SR A 1T B 1, EL DU 7K 9 7 35
IR A 71.6 k'’ /N S 4, 504 SC
EERE BN 1 h S5 R AR —

3.4



e, % #F Embedding-GRU Hg 7K FE A 7 4 A

JINEF KA B X B T, Ay S Bl R A, AF
i J s R % AR, A R T 1) A A 5 A R
24 h B — LR IR BEA T, 6 25 SR LA 8 &
K15, K08, & 10, & 12, [ 14 Rk v sprok
AL 5 TR LS BTt LI 19, 11
& 13, ] 15 7 52 brgs s 5wt Bcis i 400 & FE 2 o
A LU FI] 4 FAERL 0 T30 68 ) #R 4 R Hh £, BEAS AT
XoF VR i ADL 5 L S AR B, 00 B 3 i R 2 S R
T K AR A () 7 1A T AT

4 PR IG S5 XS L DL 36 3. Ak I, 3 gk
F GRU (4% %1 (GRU, BiGRU, Embedding-GRU) i
MR OEF LSTM #i5, Htf Embedding-GRU Tl
MR T T AR R R R 4R FE >, H
A KA 5 RN B, H 32 BR T B R AR RS B AR,
Embedding-GRU (13 5 48 b1 35 4 T H A 3 P 7Y,
Horpr Eya Tl Eqys F85R53 5155 % 19.6% F17.7%
R, 12356 U I 7E GRU 83k BN SCR AL T LSTM
Y [R] B, 3 3 Embedding 732 i K W W s 43R 11 AT LA
25 A R R0 152 2, i e AR AR TR

75.0

7251
70.0 |
67.5 ~ ’\Jl\
65.0 | // !
f

- LSTM #1

JKA/m

6251 .|
600F 1 /—\
575+ -~

550 F
52.5

01 .01 P\ 491 901 (o1
7,07—750 10’11'0 7_017"0 107—1'0 107—2'0 'LQ'L’L s
sf ]

B8 LSTM #&EETFUMMR
Fig. 8 Prediction results of LSTM model
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Fig. 10 Prediction results of GRU model
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Fig. 12 Prediction results of BIGRU model
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Tab.3 Comparison of prediction accuracy of four models

FA Eya Erus )ig
LSTM 0.096 76 0.169 26 0.997 65
GRU 0.072 26 0.149 17 0.998 17
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Tab. 4 Prediction results of four models on different test sets
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Reservoir level prediction based on Embedding-GRU model

YANG Tingting', YU Jiaying’, XIAO Yao’, LUO Xiaoliang
(1. Hebei Hydrologic Survey and Research Center, Shijiazhuang 050031, China; 2. School of Hydraulic Engineering, Zhejiang Tongji Vocational
College of Science and Technology, Hangzhou 311231, China; 3. College of Aerospace Engineering, Chongqing University, Chongqing 400044, China;
4. Yuhang Hydrology and Water Resources Monitoring Station, Hangzhou 311115, China )

Abstract: The prediction of reservoir water level is of great significance in the daily operation and management of
reservoir, the reinforcement of dam, the mitigation of flood disaster, and the protection of people's life and property
safety. However, with the change of global temperature, the frequency of extreme weather increases and the
uncertainty of abnormal rainfall increases, which lead to the lagging of reservoir level prediction methods relying on
traditional engineering hydrology. Due to the high practicability of deep learning algorithms used in various fields,
there are a few examples of domestic and foreign scholars using artificial intelligence to predict water levels. In
order to make up for the shortcomings of single artificial intelligence model, some scholars also used the neural
network model coupling method to study water level prediction, and a small number of scholars input a single
variable to predict water level. The above research shows that it is feasible to use the coupled model for water level
prediction, and the advantages of multiple models complement each other, and the prediction accuracy is improved
to different degrees compared with the previous single model.

Considering various practical factors, the monitoring data of water level of Siling Reservoir was taken as an
example and the coupling prediction model of water level of reservoir was put forward based on Embedding GRU
on the condition that there was only a single characteristic rainfall, in order to provide a reference for realizing the
high-precision prediction of water level with single characteristics. According to the rainfall scale of the data set and
the largest rainfall in the history of Zhejiang Province, the training parameter rainfall scale sets of the Embedding
stage is defined as {500,550,600,650,700,750} with the accuracy of mmx10 . In order to study the optimal
parameter setting, the range of feature dimension setting was extended to {2,3,4,5,6} on the premise of adopting the
control variates. The Eyys indicator was selected for this experiment. To further validate the predictive performance
and generalization ability of the Embedding GRU model, an experiment was conducted based on the total daily
rainfall to predict the next day's reservoir water level. The comparison algorithm is still LSTM, GRU, and BiGRU,
with a total of 1 826 sets of data with a data volume of 5 years.

Compared with other existing artificial intelligence models of reservoir water level, the prediction accuracy is

higher and the scope of reservoir is wider. In the comparative experiment of predicting the next hour's water level,
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the prediction ability of the four models was excellent, and they could fit the real water level data relatively
accurately, which shows that the method of predicting the reservoir water level by deep learning algorithm is
effective and feasible. By comparing of prediction accuracy of four models, the experiment proved that GRU
algorithm is better than LSTM in prediction effect, and the embedding method can further effectively reduce the
prediction error and improve the prediction accuracy of the model.

It is the Embedding method that enlarges the features between rainfall and climate, coupled with lightweight
deep learning algorithm GRU to predict reservoir water level. Conclusions are as follows: (1) The prediction
accuracy of the Embedding GRU model is obviously better than that of LSTM, GRU, BiGRU and other single deep
learning models. (2) Embedding parameters in the Embedding GRU model shall be determined by comparative test
according to the actual data set. (3) The Embedding-GRU model has excellent performance in predicting different
period of multiple times within 7 days, and has good prediction effect and generalization ability, which fully proves
the effectiveness of the model.

Key words: artificial intelligence; deep learning; water level prediction; Embedding; gated recurrent unit
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