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CNN-LSTM Seepage Quantity Prediction Model of Earth-Rock

Dam Based on Attention Mechanism
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(1. Guangdong Research Institute of Water Resources and Hydropower, Guangzhou 510635, China;
2. State and Local Joint Engineering Laboratory of Estuarine Hydraulic Technology, Guangzhou 510635, China)

[ Abstract] Seepage analysis is the key research content of dam safety and stability, and it is of great significance for dam disaster
risk control by constructing a high-precision prediction model of seepage quantity for earth-rock dam. In order to further improve the
seepage prediction capability of earth-rock dam, a prediction model combining long short-term memory neural (LSTM) networks, conv-
olutional neural (CNN) networks, and attention mechanism ( Attention) was proposed. Firstly, CNN was used to mine the deep fea-
tures of the data, then the time series features of the seepage flow monitoring data was extracted through LSTM, and finally the attention
mechanism to the pooling layer and the fully connected layer was added to determine the importance of different time features and assign
weights. Through the application analysis of engineering examples, compared with CNN, LSTM and CNN-LSTM models, the CNN-
LSTM-Attention model has better prediction effect, and its coefficient of determination R’ is as high as more than 0. 98 , and it can cap-
ture the spatial characteristics and temporal dependence of seepage data at the same time, which shows strong reliability and stability in
the prediction of seepage flow of earth-rock dam.
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Fig. 1  Structure of LSTM neural network
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Fig. 3 Monitoring layout of measuring weir points

180 30
] 160 60 §
& 140 20 @
2 2

120 20 &

100\ D Y D N \0

\o’\Q @\Q ,-\,\\Q ,-\D,\Q ,-{,")\Q o \Q

) » P » » )
(/)
— K [ PEm &

K4 PRI

Fig. 4 Environmental quantity monitoring data

Vo) = [H,(1) - H(1p) JH, (1) = H(z,),

Hy (1) = H(t,),P, (1) ,P, (1) ,P;(1),

ﬁ,lnﬁ} (4)
K(4) H: H(ry) 3 AEKAL, 3 F 5 R & R
H, () H,(t) Hy(¢) 353000 H 4K F S d AT
10 d 3 KAL; P(2) (P, (1) Py () 53 51 R W8
H2K BT S d AT 10 d AY-F YRR &5 ¢ ShUiim st %1
HEA LG sk 2 R e A] , d
2.2.2 ¥R

HEKHERY A B4k R 4L B 8] 28 B K 06100, 2k FH

2019 4E 1 A 1 H—2023 4£ 12 A 31 H 9 W5 %k
it 1 826 A%k , AW w5 W I B Dy sk ok R AR 4
K5 iR, Z A 005w B E AR, 5
e 2 B WA IE ARG, AR B RINA B3 i
B AR T4 A, Hirh WEL  WE2 . WES .\ WE6 5 1l %
P 5 KA B A PR 5RO WE3  WE4 W ) Bods 5 7k
AN AR DG ARG 5 5557, 33X 55 G vy 7R 5 T ) A X
WIEARNL T W R AT POK)ZH K, PR3 IRE
FEAEAE PSR, FEAR KA B Be 4w Hh B i 7K

30

—— WEI WE2 —— WE3
25¢ —— WE4 WES —— WE6

720t

2

S~ 15_

i

S

N 10

O - i n / n
\ \ N N
\© \© © \°© \°© \©
S A )
H#(5E/R)

K5 kg i o

Fig. 5 Measuring weir monitoring data
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