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Abstract

Groundwater is a key freshwater resource, yet long-term extraction has led to widespread declines in
water levels, posing challenges for sustainable management. Accurate forecasting is therefore essen-
tial. This study applies a recently developed xLSTM model to simulate groundwater dynamics using
data from five observation wells in Xingtai, Hebei Province (2018~2023), incorporating precipitation,
temperature, and evaporation as driving factors. Results show that, for most wells and metrics, XLSTM
generally achieves higher accuracy and more stable performance than LSTM and BP models. It is par-
ticularly effective in capturing periods of pronounced water level fluctuations, indicating its potential
for supporting groundwater management in complex hydrological settings.
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1. 5|8

R AR AR K HEE 7K DA R Tl AR 7= FH K 1) 2 2R, o 4t e A /K AR K bl 1]
[3]; KEMH F KBRS B RS — 2 IR EOK IR, (575 H & HAKBABIRIE4] [5]. 3EJL+4E
PSR, BT RKFEEIR, & S8CT R A B T K IR R . R ARSI R
BT [6] [7].

NIRRT K B R B FOVE AR K IR A B, 3R KA A A 2R 2 WA I 3 HL AT RE TN Y — A
BHRFR(8] [9]o AL F AT BUAE I BASCAE SR (11 R /KA (b R /K KAL) A8 A A 5 BT IR B 68 35 Bh e s 3
b DX b T 7K 5 AT R4 R A ke K

g5 KRG R B R IE . PBM 75 EAIE & KU R S B UL A R E R, —BEH TR
FeHh R KRG . DDM T8t HLas 2% I 3N TR R8I0 5 ik K& 14 17 s Bt v #2408 B R 7K
R . DDM B i 5 A0 (] A DG ME S Bl 6 &, AR AR B #210]-[12]. B T3 m)
H R KB TR VAR SOKE S R RS, XS HIRIRAN AR m[13] [14], EEFERET
X AR MR HE . FEVFZ SEPRIE 0L, TSR3 75 N 2 S AT AR O wh B TR0, 1T AN 2 56 4% 20 A1 R
Yy, AR T HAE RS A

H 21 PR, HdE IS B (DDMs) B Hi 4 51 NK SO FL AR5 20 12 N, N T AR 4%
(ANNs). KHHHCIZMALSTM) DL AR A% 777 [15] [16]. BEEHLES S > (ML) FIVR 2% 31 (DL) 1
Frebk g, KFFMENL(SVM). BENLARMR(RE) A6 B TSR DL K 36 AR 28 0 286 (CININ) RT3t U1 o 28 VK] 2%
(RNN)EE 2 R LA k4 F T R /KA (GWL) T AR 72

EE TR K ARG RIAELEERI 2 I RO R, LR A ) R /K339 B 24 AT SR A7 AE — 2 1
AR[17]e M TAEG AR, PLARS ) A T B R R K SO I 2, R TR AR T RS
M 12 A B 2 [ R e TS % R T LA SR IR G AsE A 0P SE AR TR [ 18]

VAR I TR B 7 1R 25 G LR 5 ) 7 1R AR 2R /K ST ] F1 AT S ARA 3] 1 34T I 0L 6 8RS
o LA N 7K ST 1) e 271 v e A D 22 R B R R B T R SR AE (191 B, —SERF T BIA
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Siff) LSTM £ 248 B K50 Tl _FiR A7 e 5 BRI, thandp a2, s @, G A REE Bt 2E >
%2 WA R (A AR MK A BRI S REEE 2 AN R 2 Ak,

N IRANX — RS, AR T xLSTM 71201, BIY T LSTM 451, 7EJEf LSTM HIchikk
fill EX0 7 —> sSLSTM 1 mLSTM, [ {58 FH AR 30 145 S0k ZE Aok B it L AL BRI 8] P A1 R BE 7T . 27 |
BT, 76 Ho A AT K et 18] 32 80 000 5 T, XLSTM EE LSTM H A BEUF AR, BAE M T /KA T J T FoaF
FED, FERLEH B ARAAAN N FF RAE S 25 S xLSTM 138 FH A S AR P 1 AR 15 38 78 70 1R IE

X TR T2 BB B AL ANE T3 T — Pl AR BE 2% S 28, T AE T S K 1) xLSTM. HE 2 H
THb R IR T — 3K A — R E LLRT R K SR e b AR A R . BRI S, X I AR ST =
Jithl: (1) SEhEdF@h] 7 xLSTM 2844,  FH e SR NSEM N 2T 2 7o K Tl: (2) A8 HAH R )
g NAZ B AP FRRR, ST XLSTM. brfE LSTM. SVG # R F1 BP SR E4T T RS BEXT EL s (3) 14l T xLSTM
FEHL R /KAEEEL S PR R PR AE .

2. PSRRI
2.1. HREX

WEFLIX AL T AL A FE 3, PERS LT AHAR, bS5k, AR, RS ILAREHEE, LA
LTS, T RARHIAL T . HiEEARFRON AR EE 113°45'~115°50", b4 36°45'~37°48',

W5 X 78 AT L Bt A 2R -5 b~ D B 2Ry i 7 3 L XA 3 A R = B AL AR ) ) AR R R AR
7 AGAEZR ) R R B AR W B LR B B G T ) R W 2T . BIFFEIX 2 70%Hh X R IX, 5 X T AR
2924 8766 km?. [X P9 J5E LAV BHVAT A 43 S 4R, 43 5ol g v 30 B0 R ~F s R 7 s e oL i o A~ S5 e Ll TP
JRIX, BTG SR ik o B — LA 75~40 m 2 [H], MBI EAE 1/1000~1/400 2 8] . ZIX R A E
5 ep o RAR LG, BEEROR, TR IRIEA R . P R B T B R M X, R DR e K
SEHMEMIGE S, Wi, K. HIIES R AOR A, 75 R X ROK R P

AR AU IR KBRS . Ay 5 2R XA 52 P ARSIV DK Bt P = R 52 oy Rt P U 7 <
M. A=A T, BKED; FETHDOW, WMIGXET, RIPMmE, ZREE. 5L HRE
WM, FEREROR, —Fd 80% MM K EETER S, RN 52 KT LM, FEW MY,
X PER R, RETEX B EANEN. HEH2H TR 13.7C, £FRMK, 2 THE
HN-0.5C, HERES, Z4-FHEN263C.

2.2. BUEEIR

ASCHEFEIX S 51 Absth R /K G2 W I3l s, R RO S R 75 S KK B2 8t W Rt ] e 471 B R
T F o bR KA B BB ) DL R 2 A5 B A TINS5 A B R K, fE— e hike s
Fit I IO A 2R 0, R SIS AY (i . PRS2 B I 2R PR R o, RS 40 M Sl ) )
WM, BRSBTS REAR G R AT K B

Table 1. Selected monitoring well coordinates, surface elevation, well depth, and borehole elevation table

1. PSS MIBAAR, MRS, HRURFLOFRSER

F0 733 GHE HER T 5 BE (m) L& (m)
A (W-521) 114°31'03" 37°00'48" 203.37 67.357 68.357
B (W-529) 115°02'04" 37°23'30" 264.94 24.797 25.127
C (W-532) 115°01'19" 37°04'08" 50 30.919 31.589
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D (W-534) 115°35'46" 36°58'18" 282.59 27.981 28.591
E (W-535) 115°29'55" 36°5324" 289 32.355 32.855

Table 2. Impact factor data information table

F 2. FWETFHIERERR

HImRA 22 A R i [B) /331 BT
7/ MM i Ab 2018.1~2023.12 https://doi.org/10.5281/zenodo.3114194
NDVI M i Ab 2018.1~2023.12 http://www.geodata.cn
ZEHUR R AL 2018.1~2023.12 http://www.geodata.cn
R MM i Ab 2018.1~2023.12 http://www.geodata.cn

SEEHE TR AR E R B, A SC BCA 0 M A b 0 5 AN B RhZESE . KR BRI R (10 8] Ay
2018~2023 1), JFHEEA WK EKZ XA AL S KE RN AT I R, FEAT DR A FZEAK
SCHB T SN I N KSR AR A A, JRERCEERE b, R R R I ROBE K AL H e ST R K & P
AR DA B3 1 s SEm B AR RKE . 2880 . HAEE . R A NDVI. AUKEHEE
T NGB T KB IR RGN RRIE, FF AR IR T FERRIERAL 7 NBIESNRIBREE . BRltl, X% g
FEE T I FZK B FH R R N SRTE BN ISR o A DR 3 350 NAE 10 2 A, B 119 1 ke WS B0 R S H, BA
B DR 5 M 0 B0 7K ST AR AE — B AERRI SR /T, T AR B CARHElL . PTI i SR A WAL 2.

T ARMESRAF AN [ s R N B R AR E B, 25 83 D ROy M2 51 A R /KK AL R B
HERRZ —, ECHEERURMESHIER 7250, K NG5 B ARE bRk )k, o SUA:

(1) BEMZEREANAR R 1 - RS X IROV A HI B, A4 1 SRR Be(tn 4~9 e S 1, HARH
%79 0;

(2) BEKTHIRE D, . T RAEBEAAMNSARIEE, €N D, =P-P, i P RZERYF
KE, PN HBEKE;

(3) BRUEKTORIEH CD, - T 208 FF 2 T 55647 T H R AKOF R I R, & N

Dt :Zilil(P_})t—i)
AR F A A 5 KPR, 5 R T RN BAH R 2 3
Y SUATIN
3. BRE5RE
3.1. LSTM 1&8!

LSTM:LSTM FEZE L NI ik %\ 1 ](inputgate), %151 ] (forgettinggate), %t [ ](outputgate)Fil
YHMOIR A (cellstate) o 3% PUANJ7 T FL[FIAE 43 LSTM AT LURf 2 MAZTE cell HHERAFELE R AME R . 1EF]
A EIR =ANThEEJG LSTM AU A] SEIl R — 0 X B e AT B K & 35 . BIRZEHR s ILA 1,

PAR 2 LSTM ot fbsE i 5D 3R

i, =0(4)., =w %, +1h, +b, (1)
fi=0(5).J = wix + 1 +b, @)
0, = 0(6,),5, =w x +rh_ +b, 3)
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Xbr %

_ A A T
a, = tanh(a, ),a, =w,x,+rh_ +b,

“

K w, o wy wy o, 2RO REVAROIRT A, RN . I ASIE TR )2 06 T AR
ro o r Bl RO R x, MRCE R, AT SRS VR T b, b b, R H
RIRAETL £ REET TR, @ RMATTRR, o BRI, o HMATTESIEHA. tanh 25

DI R EL, o RmiBuE BR AL
t
»- »- \
gy WAL R B
(Forget Gate) (Input Gate) (Candidate State) (Output Gate)
C Si=oW,-[hax]+b)  i=o(W-[hox]+b) G =tanh(W, [h_y,x]+b) o =c(W,-[hx]+b, C
-1 :
RS | TR »(X) »(+) > AR TORE
(Cell State) T (Cell State)
tanh
X
B E i s
-~ A ~ -~
h, .k
R paER A
(Hidden State) ~ ~ (Hidden State)
x, (BB
— ([h1, %))
(Input)
@ ETCH T (Element-wise Multiplication) @ o WiEEK HEEE R
@ BICE M (Element-wise Addition) (Sigmoid) (Tanh)

Figure 1. Schematic diagram of LSTM model architecture
1. LSTM #& 8RB B

3.2. BP &R IER

BP (Back Propagation)f#i£: %% /& 1986 4 Rumelhart il McClelland $&H!, & —FhF iR 2 18 a1k
FEEFNGR 2 Z AT s, R R Z AR 4. BP M N JE . B B ZE 1
B, HPREEA—REl#FZE. B UAE TN R B5EZAN RS A == ki
o BP #ZR I 2R S DL 2.

@ R
& input layer Hidden layer Output layer #
Figure 2. General structure topology diagram of BP neural network model
2. BP #Z ML% R 8Y 8 F 454040 MNE
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3.3. XLSTM #&#&

xLSTM 1] LAEAE A& LSTM B SGEE 3 g, 18 [0 RE K IF [R5 FE (11012 75 SR INF R 30 A K Re /g
KB AT T 5k 2 it sSLSTM Al mLSTM &5 & ke K .

SLSTM: #& H — 7 i35 5044 145 (Exponential Gating)PA b Fi 2 JH—1k £ 52 (Re-Normalized Stabil-
ity), AL T A 38 T RO R SO AT TSR R v I 2 S B B 2445 B e /) o sSLSTM. Iy H A S il ik

FEANF Frs:
z, =tanh(Z,),Z, = w!x, +r.h_ +b, 5)
i =exp(i )i, =w/x + 1k +b, (©6)
f, =0( t)OR exp( t), ) :w;x,+rfht71+bf N
0, = 0(5r)’6z = WoTxr +7,h_+b, (8)
XLSTM Blocks
______ ‘ It XLSTM
---- ke O, o 1
\
__________ y""'-. == ---—_____,- T
~~~~~~~~~~~~~ o @ e |
N
e W 8 i |
g R B
A
_______ — = e T
MLSTM | -7 [— ) ..

VE: 1 BIANIBE AR SLSTM Al mLSTM it 570, 2. SR H A 1) mLSTM Fl SLSTM A il xLSTM
H, 3. #EE K xLSTM HUR T XLSTM 1k R 454 .

Figure 3. xLSTM architecture diagram of configuration process
[ 3. xLSTM & B 2 F R EE

mLSTM (Matrix LSTM): B 1A B AR, BEROGFRBUIRESY Ry — MR, 7EH e
fCREFIR FI BN A2 AT IFAT L s 2 TR B M S BB, xLSTM AT [R] I 345 2> A2 1A
P o X FARLRNERA LR & BA LS . mLSTMs BT 5 T :

C = fiCi ik, ©)
nt = tntfl +itkt (10)
h =0, Oh,h =Cng, max{|n,T ‘I;|71} (11)
q, =Wx +b, (12)
k= wx +b (13)
t \/E k7k k
v, =W,x, +b, (14)
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i, =exp(i )., = w/ %+, (15)
fi=0(7,)OR exp(f,). f; =wx +b, (16)
o, =O'(0At),At :wjxt+b0 (17)

XLSTM #f sLSTM Il mLSTM #EAT & I G AEF — MESR T HAT Ui, R IM4280 B Es &
TR BGHERRARI S, $ETh TR R I AIE B IRE . XLSTM BRI RE IR B 3.

3.4. THLIERR

K H RMSE (Root Mean Square Error). R? (W& 52%0)5 MAPE (CF3465%5 1 43 FE i 28 ) R PPN AR 2 1) 2
A E TR RE .

Root Mean Square Error (RMSE) & — i FH Sk $3 T AE A1 S BrAE I 22 72 B0 FH VRN Fabn . JHLEEAE
I FL e o T F) 5 R 7 A 22 R R 22 5 HL DL B A B AL ok, IR FRATT A A e A TR AR R
ARG T, BUEBRD, U, SRR, AREREBIRRZE K.

 Q— 2
Ruse= [ L37 (1- 7 (x) )

Horh y NFESHE; ) WBRTINE, N REARSL

R2 78 (BN 5 S 2 A AR & HAE TG ELE R 20, 1], RoRBR A RE. R2=1:
SERMG: R?=0: BHBALMAMEET), TNES HLEZRBALMERR. R?<0: HAERIINZE,
HEENRUE .

2 ZL(yi_)A}i)z

R? =i ) (19)
2 -¥)

e y NESHE: pONBRTIIME: yONRSHERSME: N AR

SEE 40} T 4 LR 25 (MAPE, Mean Absolute Percentage Error), & i & [A] A% 7Y 40 A 2 B 1) — N 5.
fabr, FoRERTNES JSHEZ BP0 [ o iR 2, B — Tl g R4 | 7 iRz
KRBT EIE RIS . ERH%RR, MAPE BUNRIRTEER AAREMIAIE; MAPE HOK
1) AR A TR 2 K, RS 2R TN 28 SR AN

RSN N

MAPE :%zj\il Yi= Vi

%100 (20)

i

Horbe y R IANESHE; PR P ATIE N ORFEAREL.
3.5. MAAmEMELXS®E

K H RMSE (Root Mean Square Error). R? (W& 52%0)5 MAPE (CF3465%5 1 43 FE i 28 ) R PR AR 28 1)
I EPERE .

T PR AR A BB T 1 R 7K BEUE RS VP AL B R SR IE M, 7R IRAS TR A 45 SRt
ST X [F) Sk RAEARE R () AN 5 P2 2 o BT AHIE U BT IR B AR S b, FF H % I It
KB BB W) S B, DRk R B 2 T 17 % 2056 I (forward chaining) 5% 22 7340 22 56 Tt X 8] £
AN ENE /M7 6 o AR — R0 A B RIIE L SRR Y TR 22 e, = p, - Y, , FFAES MDA B & it
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WENAZR AT, 73 IRIIL 2.5%5 97.5% 7 hr 8, #E 95%TRMIX A :  PI, =Y, + Gy 05, Y, + o o5 o

Horr, YOARZ) ¢ BITRIIME,  qooas B qoors TP AMIRBRZEG I AT T B A% R vrp X Ta) Fitill 2
B, #2205 N X 817 55 %R (PICP) 5 ~F- 14 [X [6] B8 B (MPIW) A48 % « PICP s BRUL I AEL v N\ 0000 X ] £ L
i, MPIW FAE TR X 8] () P44 98 & . PICP i H MPIW i b, 15 B ASE TR 7 (RAIE AT 5 14 1 ) s LA ¢
LFIR X T R FT o 2 TT V2 REEAE AN B3 BN S R BE AT T, Dot T /KL T 5 1k mT g 1 AN
SE VETE o

4. BREWIE

SCHSE R AR A 35 0 PyTorch VR FE 2 SIHESE N HOREAL . H TN R A I 7K SO T 2% 40 AN 58 4 AH
7, N7 T B2 A S B R R I ZR g2, SR o B — AN Bl SR dE A7 s . BN R 2 T, R
P NAE AT AR UEAL, (EHZMER R E] 0, 1 XIH], IR A i SodRE, a8 s 2l g e FE

T REE AP HBELEL XLSTM Al LSTM,  FRA K EAT T ¥ B RSAH [R] 1T 2 &6 7y J S EE @ 2 4. {EH
Adam BT IIGR, E45E TR RMSProp MR, FHARYE S FE I — B AR A1 B aE Al ok 1 3 i B 2
SF, PUINPRAE R I ik FE R RE ) 2R FE AR 2« S 4h, %] MSE (Mean Square Error)fii 2k B £k
A P55 S8 B 2 R PR R 22 R/

4.1. xLSTM =& 5 LSTM =B M4 EE

Bl W-535 JLlsL, BP #EMNLA 3 MEikE, batch size = 32, 7 Istm Fl xIstm i8R RR K
JEHCRE S 2 R G I FEIE R A IR A 2R T 0 S AT R AL, AR RREUZ O 2 B DU
batch_size /N[5 2 K /N . Batch_Size 7£[1, 3, 6, 9, 12, 151k HL, Faj 2 /MO B E WA S22,
23, 24, 25, 26. 27. 32, 64, 128, 256]ik#f. DLZEALINHI, epochs, learning_rate 735l B A 150,
0.0234; 4L R/NFIRRIRA /NG AR 2 1 24 B, AT R A A . (R ERT, I8 TN, IR
FEMZE R 2 . BATEER T AR R KRRV, RA&ESE T 4:1 MR, XEIEA(W-
S3S) ML K AL EE - X OR TSR R R R, MORNE T 29 IREA . AL ) S5O
B AT RPN, X EAEEREE ., W-521 WIFLAAI A 45 R 4.

Training and Testing Phases: Actual vs Predicted (xLSTM vs LSTM)

—e— Observed (Training)

— Predicted (Training) - XLSTM
—— Predicted (Training) - LSTM
—e— Observed (Testing)

—— Predicted (Testing) - xLSTM
—— Predicted (Testing) - LSTM
—=—- TrainTest Split

Water Level

1
0 100 200 300 400 500 600 700 800 900 1000 1100 1200 1300 1400 1500 1600 1700 1800 1300 2000 2100
Time Steps

Figure 4. Figure of water level fitting results of observation hole W-521
& 4. W-521 IUMFLK S EERE
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4.2. BP HHZMLEIEE 4 58

FEESE BP M AN 5 AU R KoK AL SRS T 2018 2 2023 4, Hori)ilgk
155 B AU ) e B O S AR AN R 55 SREEAT R o3 o MR BRIPERE T TR, BP 4148 X 48 BT 7E i i /K A6 AR
e ERRA R, Rl TE A IR A R FL B B W-521 96, R2FEIZAEAL IR PPN 8 A
FREIEREEKR, R IR 04136, HMBRRHRKE, KA AR SE T KA AR,

£ W-521 Jf, xLSTM Lt LSTM Al BP SEHEI WM B 1) R4R ETb. SR, XAARE — A 0, I
AN FE N R TR AE PR K A2 AR Ak T P BE ) R GEIAIE . xLSTM X S AR U A3 FH 2 75 8 o 7™t ) P
A1 27N A M E a1 2 X S 4 7 W VRS P O il ISR

Water Level Prediction: Training vs Testing

—— Actual Water Level

Training Period ' i Test Period
i

—— Predicted Water Level

Test Period.

Training Period Test Period Truining Period i Test Period

Figure 5. Comparison of LSTM and XLSTM fitting results
5. XLSTM 5 LSTM #l &R %I &
4.3. EEM R,
ST IR I TR AR TR AR M R E I AR DI SR A B e 4 B8 FH R B RMSE. R? 5 MAPE #8447 T
Peflie ERE T EMAREIFMEE. B— LSTM. XLSTM F1 BP #14 /M %% . ¥ H RMSE. fl R2F1 MAPE #&
FRAGTI £ R0 3 Fios.

Table 3. Summary of the results of predicting the 5 wells by BP neural network, LSTM and XLSTM
% 3. £/ BP #EM4. LSTM 5 XLSTM Fifll 5 MHERICER

Method Metric W-521 W-529 W-532 W-534 W-535

Train Test Train Test Train Test Train Test Train Test

LSTM R2 09996  0.6046 0.9975 09919 09980 0.7758 0.9967 09382 0.9995  0.9959
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XLSTM 0.9999 09771  0.9931 0.9829 0.9984 0.9583 0.9988 0.9916 0.9995 0.9984
BP 0.7814 0.4136  0.5581 0.4538 09787  0.536 09896 0.7517 09143  0.8872
LSTM MAPE 0.0035 0.0045 0.1697 0.2063  0.0041  0.2939  0.0253  0.0017  0.0043  0.0909
XLSTM 0.0017 0.0015  0.1557 03729 0.0035 0.0919 0.0131 0.0018 0.0027 0.0334
BP 0.0486  0.024  0.2301 0.8642 0.0214 0.0149 0.104 0.0716  0.0294  0.0387

LSTM RMSE 0.1823 0.1226 3.7341 5.6516  0.1252 0.3026 0.0814 0.1842 0.0585 0.1165
XLSTM 0.0991 1.8774 3.7247 5.246 0.1149  0.1304 0.0484 0.0679 0.0591 0.0729
BP 3.629 2.1065 4.8771  6.8277 0.73 0.4726  0.1196 03736  1.0003  0.5856

SRR, (A XLSTM M@ R &R T LSTM Mg sy, &M INF: R?2 5 MAPE {H1
9 XLSTM BEAIEEAR, L W-535 WLF 4], xLSTM BEAIZEYIZR4E ERY RN 0.9668, ##:T LSTM
ff) 0.9209 Al BP #2451 0.9143, 73 HIHEE T 5.0%F0 5.8%; {EMHREE EA R2MEA 0.9034, 5 LSTM
(0.8477)12 T 6.6%, 5 BP #1ZM£%(0.8872)12 T 1.8%.
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Table 4. Overall performance comparison table
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Table 5. Optimal model and reason table of each site
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Figure 6. Chart of fluctuation range of water level at each station
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