£ 2025 4F 57525 4 4520 1] By R 5 T # ISSN 1671—1815 §2
-;'. 2025, 25(20) : 08424 -11 Science Technology and Engineering CN 11—4688/T :,.

DOI; 10. 12404/j. issn. 1671-1815. 2405660

IR m M, 255, N, . TR MRS RIS ConvLSTM BB (A7 2 F/K B ik (1], BleEdoR 5 TR, 2025, 25
(20) : 8424-8434.
Gao Ming, Li Hu, Liu Xinjin, et al. Prediction method of groundwater in karst strata based on distance-attribute hybrid clustering combined

with ConvL.STM model[ J|. Science Technology and Engineering, 2025, 25(20) ; 8424-8434.

ETHEE-EEESGEEXEST ConvLSTM =B 1]
iR E M Tk A&

2R, R X A4 R, !
INZR AR AR TREBE, $7RF 250101 ; 2. Frrg LB sl EA A BRA A, $7rg 250014)

i B AR E R T KA B FRE I8 A 3 50 B R 3 3 T R AL TR R R A 6 )AL, R s AL O aY o I 4 B BB B R
RF ik KLU BER LT EAIES-BERATEEF ik, B IEILR F R &8 T AL TR P oy T2k it 4 AR AR
FF 5 A 3 iy B KR W T ARAL AT A A TR E 5 R AL AT R, TR R AN H R B SRR B R AR IR
4 #EA ConvLSTM ( convolution-long short term memory ) 4% T4 %664 K 42 413242 M %48 A (long short term memory, LSTM) ,
PEEIER-BRARELERGE LR H(EB MR 49ELA (mix-multivariate-convolution-long short term memory , M-MV-Conv-
ILSTM) Al & R E R & R E R, LY FRIEEL A 0.457, it R 2544 0.216, TN 4 B & T4 %49 LSTM
TR A A Efmﬁ&.%'fﬁﬁ/e*i‘&é‘] % Hﬂ”%TﬂM’L?ﬁ/ﬁ“ PRAEAEE

KB T AN KEHEL ML (LSTM) ; B &, B2EsKE

Pk RS Pe4l. 1 Iiﬁkﬁ‘mﬁ% A

Prediction Method of Groundwater in Karst Strata Based on Distance-attribute
Hybrid Clustering Combined with ConvLSTM Model
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(1. School of Civil Engineering, Shandong Jianzhu University, Jinan 250101, China;
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[ Abstract] To address the issue of inaccuracies in groundwater level predictions due to the insufficient consideration of groundwater-
related factors, clustering methods for observation wells based on spatial distance, hydrogeological attributes, and a hybrid of distance
and attributes were proposed. The significance of inter-well connectivity in groundwater level prediction was validated. Four models
were designed, which were applied to simulate and predict groundwater levels in the karst water region of Jinan and compared with
actual observations. The prediction results indicate that the combined model incorporating the connectivity characteristics of karst
aquifers, known as convolution-long short-term memory ( Conv.STM ) , outperforms the traditional long short-term memory ( LSTM )
model. Among the models, the mix-multivariate-convolution-long short-term memory ( M-MV-ConvL.STM ) model, which accounts for
wells of the same category based on the hybrid distance-attribute clustering results ( characterized by strong connectivity ) , achieves the
highest prediction accuracy and the smallest error. The average root mean square error is approximately 0. 457, and the Nash-Sutcliffe
efficiency is approximately 0. 216, demonstrating a higher prediction accuracy than the traditional LSTM model. The research results is
positioned to serve as a reference for real-time groundwater level prediction in karst regions.

[ Keywords] groundwater level prediction; long short term memory network (LSTM) ; cluster; karst aquifer

—H LRI T K S AT EBEA IR R, e, AEALE LT KA Z MAFEE R B H TR
ANEERTHL KA B A ST Ze A 2 T MBS S i A B 8 i T KA [ G R o0
IKBLAAR S R BITT N W7 S5 R 3 SR EE T R KR 2%, JE AN REA RCER HO X MR KL T
NFEATEEZSZ, BT, F38 ] F2EOCEX T VTAESR TR BE 7 S FOR AW FOf K e, Hoh K
FRASE SR W I AR AE 5T, Z2 W6 T M T KA T ) S IHICAZ I 25 A5 (Tong short term memory , LSTM )

Y BHA . 2024-07-28; &iTHE]: 2025-04-15

ELWH. BZKIMEE R H (G20220230201) ; 1 ZRA T AFHEQIH TR (2019]ZZY020105 ) ; H o4& = S0 & 3151 (22 YF7TFH224 )

E—1EE . W (1998—) B BUK, ILARIGYT A BB E . §F58 )71 . B T . E-mail : ming. 8660@ foxmail. com,,
“EEEE. FE(983—) B IUE, IR L SR TR, AR BB RCE TR, E-mail: Lihul007@ 163. com,

¥ F5 M HE - www. stae. com. cn



2025,25(20)

Fr ], A SR TR R R AR S R

ConvLSTM H5 Y f8) 57 1l 22 3BT 7K B0 7572 8425

AR 4 5 P Ao BRI T i) 5 e ) B R E SR
e K By & E JF B T 6 26 b 48 W 4%
(recurrent neural network , RNN ) £ 7E 08 456 B2 1 2% #1
PRAEM S L, 122 H LT LSTM AR RN M
TAKALTO R FF T, EE AT A iR e LA A
RURZE JE M R /K A2 AH G 52 ) B3R B ) @, #R3
LSTM 73t /KA F00 A i 2 T, A LSTM A8 7Y
K22 i AR W T 5T 248 & LSTM
(4 1 AR A AR, 7 2= 45 I LSTM A4k
H TR KK TR A | fift e T A% 8 ot 5 ) 4% o 0 A
T A2 PR K540 s oA 25 B IS R] e 37 174 ) g [] s>
FHZ 5 A8 it i A 5 SUTR RN T TRT B A RS A Ab
PRSI I 3o TR B 1R] (9 ol at ¥ A SR AR Ry
R AR 2 6, 23 X 1T AV 7 1 o 1
AR S TR B 40 T A SR Ak S e )
BLAYH T A TS LE PR 500 7 v | DAk 5 A1 i) oty 32
M 0.777 , 5 £E (area under curve, AUC) 24 0. 806,
SERBW] BT UL A I S ] FE AL A 1 Tt
WERGEE AT SRR AT, W RBRAE A T B
H A A B0 A2 28 P 25 5 Y (sliding window algo-
rithm-long short term memory , SWA-LSTM) , F| s T
IS AL T 5 T 1 1Y) i P DG 2R % Ml R K A R AT
T, kR T A7 B LSTM AR A ask 8 AR 6 Jo] 40 1k L A
T 228400 63 T 2 X6 1, T 7K A 78 A AR A8 1 552 T %) ke o5
5 4 R AV s LT K K AT T A B e 25 1Y)
[a] &, $2 tH — ' ( empirical mode decomposition-long
short term memory , EMD-LSTM ) ¥l & #5 A4 | HAG #5%
F T SE PR FIRR E P, ] Ry S v M T K K ASE 1) RS A
TR LRSS 3845 38 R R [R] 81 40 O 1243
BT 5 R T XA SR KA Bh A AR A A, ST 1Y SR
RASE FOUINASE Y T DA G- T 000 2 b DX 95 SR TK AV

BT T AT 1 R , A5 58 Y il 28 100 2 R A 2
TCE R TR0 AR B TR . ST s 4
M 2% ( convolutional neural network, CNN )" i
LSTM 45 AHES A H B ConvL.STM A5 HOR (L B A
LSTM F s [ A RE 7, 117 L3 P DA 22 R AR AIE
FFFIFH K-means 5286 LI A5 A9 23 [R] 7 B 17K
SCHB TR RIS IR GE R AT T i K2 i
PEOIHT TEHL T 451 B 3 20 1) S i MR RS2
SRGRAZE G DRSS 3 30 T 45
1 SBRa/KkBEERESH

E R KZK A AN B — A [6] 0 - 1]
PRIZK AR AT BB 23 A 3% 38 OC &R, 27 Z 00 S 22 18]
(A T, TIN5 SR MR 2 N R R ORI S ]
1) 32 3P B A 80 B T AR X b T KA I 1)
ANHER ARG W 1) R, 3 BB 1L R 48 O i i D o e 2

LRV W S 2 [E] 0 Bk TR #h 2 e T B K 2 X, B
Z% DX PRI H: B A7 B an P 1 s

K )2 % AR R S A S A AR LI R A
5 5 W2 W 2L M KA I 2] R e R AR
1 (digital elevation model , DEM ) % 4f | $& Hit 45 0 0]
FEARBRFN K SCHE BT PR # RRAE 2R 28 I 15 1 R 2R 45
R HAMEE G PR EE R5 A7 % 8 v i 4%
0 KR 3 T R A i A A AT S T A T
K257

N ]
z {
SLA Y 3
g
=} . ‘l,' )
i T
I "-‘_‘NA0~ 14 AI\'{SA
z| o W SN
o AT ! Noys Nol6 N3/
Fr A ANO.8 Y kY '\_‘ ",/
% SN No.9 No.l1“No.12 Noi.~
“ % N6 A A X
G AN L No3 Tl
...... N0 ™ A A ! [
3 } N 3 iORINT R
RN No2b, i
&l B A TN }
Sl magrm Sy o
o ‘\‘ '\‘ “>‘. v - J./
~ L L b L L s
116°400"E  116°500"E  117°00"E  117°100"E

FETF A SRV YRR bR o 3 P IR 55 190 3 TR 558 SG(2024) 035 5 B bR
Hi B HIE ISR TEAE 0 No. 1 ~ No. 16 7k SO 45
B 1 AT DX R RO A

Fig. 1 Scope of the study area and the location of observation wells
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Fig. 2 Total flow chart of connectivity analysis
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Table 1 Observation well location and hydrogeological properties

Eikl X Y KA/ m KOEJ72E/m  HGERAKE/ (m*d ™) BRE/m /() EWEEE R /m
No. 1 117.12 36.63 38.47 179. 02 500 70 4.55 3502. 63
No. 2 117.01 36. 54 37.44 2.99 500 34 3.43 5943.78
No. 3 116.91 36.59 26.95 3.53 2 500 39 1.18 4 031.99
No. 4 117.21 36.72 29.73 1. 14 2 500 31 2.56 838.63
No. 5 116.71 36. 56 1.47 1. 08 7 500 22 7.34 160. 50
No. 6 116.78 36. 60 5.99 1.37 7 500 21 1.97 1558.72
No. 7 116.71 36.57 11. 67 1.39 7 500 26 3.43 427.73
No. 8 116. 84 36. 65 3.20 0.98 7 500 23 3.71 3 654.12
No. 9 116. 86 36. 62 12.76 1.00 7 500 22 0. 66 895. 40
No. 10 116. 87 36.59 22.97 3.53 7 500 43 6.29 208. 02
No. 11 117.01 36. 66 8.67 0.24 7 500 44 1.18 912.59
No. 12 117.03 36. 66 22.55 0.28 7 500 31 3.03 1751.44
No. 13 117.17 36.70 23.61 1.93 2 500 22 1. 86 2441.75
No. 14 117. 14 36.73 0.82 0.44 2 500 26 6. 87 1 465. 39
No. 15 117.01 36. 67 13.75 0 2 500 25 12. 86 1.526.24
No. 16 117.02 36. 67 6.74 0 2 500 23 3.84 1 926.57
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Fig. 4 Flowchart of the clustering method
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Fig. 5 Spatial location distance clustering results
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Fig. 6 Hydrogeological attribute clustering results
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Fig. 9 Diagram of the internal structure of the LSTM

2.3.2 ConvLSTM #££#!
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IR 15 5 B 22 R 28 K1 LSTM 4%, HOR AU LA
LSTM F i [E] AR RE 7, 10 ELiA n] DL 22 R SRR AIE
IZIRE 1 7E 22 2 U v UEAT A6 BRI Rk e i A
AR 23 (B4, 5 LSTM B e R AN T il 4 iz
AR AR 20 IR B BB 1) s 25 RO, ACHE

FEBTT Y ConvLSTM ALY [y P45 44 &l 10 Fiiw
HCRE H 4% LSTM [ 4% A Aisf ] 455 6 g, [R) i L 4%
CNN F 25508 119 23 [R) R fiE e
ConvLSTM 832 W (22) ~2(26) .,
i=o(W, X +W,«H _ +W.C,_, +b,) (22)

j; = O'(fo*xt + WM*HF' + Wtfcrq +bf)

(23)
C =fOC, , +itanh(W_=*X +W, *H,_ +b,)

(24)
o, =o(W_=+X, +W, *«H _ +W OC, +b,)

(25)
H, = 0,0Otanh(C,) (26)

A f .C, 0,209 LSTM 25 % v iy g A1 gt
SRR TT A ] o AR RO R X,
h e WZIRET A H, O o 2R W, W, W
W, W, W, W W W W W, RHEEEZS
#; © A Hadamard FARF55 « HERIZHAT55b, .
b, b, b i E 6] 5 ; tanh ¥ pR%L,
A5 H {4 %) ConvLSTM HEEI 4N & 11 FF 7
BHMENERZERPA LSTM 2418,

HHI 4 C/+l

10  ConvLSTM W¥#4iHy
Fig. 10 ConvLSTM internals structure
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Schematic diagram of the ConvL.STM model
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fER) ConvLSTM H 25 [ £% 455 ) M-MV-ConvLSTM 7E
T M KA (A B o B 5 B E B SV-LSTM
WA 2R MV-LSTM #E AL X 75 25 (Al 25 1 £
AR D-MV-ConvL.STM AU F 47 %) b 20 #7
3.2 #ERSH

R 2 GTIBUN T S IR E S R e VI
FETT e B R B RUZ A% KN o) R B 45
FhLHA , PR 7E 56 UE By B3 3 3 3 Al v 1 o — A dme I
e, BMRRKRAESEAGIMES Fin,

3.3 ERoW

%} F SV-LSTM . MV-LSTM . D-MV-ConvL.STM F
M-MV-ConvLSTM #5571 S £27 35 J5 A2 12 22 {5 ( root
mean square error, RMSE ) 43 %] & 1. 38 .0.75.0. 56
1046, SLEREEREY, HIEFFEWHE MV-LSTM
RERIAE A OV AR B T SV-LSTM BiRl . % &

x4 BEHEENS

Table 4 Model data set partition
Kfr kel Ko Ll
M [EeS 3 456 75%
IE4E B YO IIZREE T 20%
SRS 1152 25%

T GWL, iy D-MV-ConvLSTM #I k, SV-LSTM I
MV-LSTM #5 4 38 3L 51 4, It 4k, M-MV-ConvL.STM
BT 2 R LI H: 22 ] ) 3% 38 4, HORS BE A 8 E—
A, £ 6 ST 4 A HUT KAz T 2 S
RMSE #1494 f1 2% % & %4 ( Nash-Sutcliffe efficiency,
NSE) . &l 12 R filz5 36 RMSE B 7 &,

M 6t NSE A LI i, D-MV-ConvI.STM F1
M-MV-ConvLSTM A5 % fi) NSE 5 SV-LSTM A5 %1 F1
MV-LSTM #H b #f A — & 7 B ny 2k i, 5
D-MV-ConvL.STMAH L., M-MV-ConvL.STM #5 %I i) NSE
2Dt %R 7E A, 50% 1
) NSE KT 0.9,80% J:1#) NSE KT 0. 85, vt B[] i
T REHERMIEA RIS R @RS
M-MV-ConvI.STM H R FM R R A5 b, AT AR

R5 4 MERNBANTEIERSEY

Table 5 Input variables and model parameters
of the fourmodels

G g =
. o ERBER L ey
A i A Bk izt P
A >
SV-LSTM GWL.GWL, _, — 8 0.003 0.023 6
GWL.R.GWL, _, .
MV-LSTM R — 6 0.003 0.0138
t -1
GWL.R.GWL, _, .
D-MV-ConvLSTM 5 7 0.003 0.011 1
R, , .GWL,
GWL.R.GWL, _, .
M-MV-ConvLSTM 5 5 0.005 0.010 0
R, _, .GWL,

1 : GWL( groundwater level ) iy #th F /K7 ¥ 51 ; GWL, _ | iy T 7K A
WEHRF S S B R R B R, BRI (] 7 10t 6 25 4
GWL, 75 i 1 % 1] 4 5 g 2R 20 45 2R o ) 288 391 19 b 7R K 62 )5
B GWL, A% B8 T IR JRIEE R RSB A TRz ¥ 51

R 6 4 FEEIG 16 OGN HYM TR A ML R RMSE 1 NSE
Table 6 RMSE and NSE of groundwater level prediction results obtained from 16 wells in the four models

. SV-LSTM MV-LSTM D-MV-ConvL.STM M-MV-ConvL.STM
NI -G 5
RMSE NSE RMSE NSE RMSE NSE RMSE NSE
No. 1 9.192 ~0. 146 4.836 0. 677 3.518 0. 832 2.954 0. 881
No.2 5.012 -24.152 2.339 -1.063 0.770 0. 406 0.935 0. 124
No.3 0. 507 0. 854 0.259 0. 895 0.373 0.921 0.257 0. 962
No.4 1.129 -0.212 0.915 0. 056 0.916 0. 202 0. 960 0.122
No.5 0. 342 0. 807 0.313 0. 768 0.315 0. 836 0.261 0. 888
No. 6 0.285 0. 845 0.269 0. 784 0.263 0. 867 0.217 0.910
No.7 0. 367 0. 766 0.284 0. 774 0.295 0. 848 0.221 0.916
No. 8 0. 262 0. 746 0.208 0. 636 0.216 0. 827 0. 174 0. 888
No. 9 0. 387 0.927 0.218 0.939 0.214 0.978 0.112 0. 994
No. 10 0. 550 0.798 0. 401 0. 837 0. 456 0. 861 0.358 0.914
No. 11 0. 341 0.075 0. 181 0. 502 0. 155 0. 809 0. 088 0.939
No. 12 0. 346 0. 144 0. 187 0. 545 0. 162 0.813 0. 094 0.937
No. 13 0. 707 0. 670 0. 556 0.813 0. 567 0.788 0. 428 0. 879
No. 14 0. 786 -0.765 0.283 0. 508 0.218 0. 864 0. 155 0. 931
No. 15 1.055 —498. 447 0. 504 -8.943 0.274 ~32.608 0. 032 0. 540
No. 16 0.792  -1261.636 0. 176 ~331. 881 0.230 -105. 330 0. 068 -8.361
S5 1.379 —111.171 0. 746 -20.819 0.559 -7.943 0. 457 0.216
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Fig. 12 RMSE of the predicted groundwater level results obtained from 16 wells in four models
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Fig. 13 Simulation results of some of the wells in the four models
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