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Soil moisture prediction method integrating spatiotemporal attention mechanism

He Xiaohui', Guan Yuxin', Cheng Xijie', Meng Yuqing®, Yang Songlin®, Feng Yuehua®
(1.School of Earth Sciences and Technology, Zhengzhou University, Zhengzhou, Henan
450001, China; 2.Henan Eastern Water Conservancy Security Center, Kaifeng, Henan 475000, China)

Abstract: [Objective] A model will be established to address the issues existing in current soil moisture
prediction models, such as insufficient spatial feature mining, limitations in temporal dynamic modeling, and
weak adaptability to data distribution differences in the collaborative optimization of complex spatiotemporal
dynamic representation and cross-scenario sample generalization. This will provide a scientific decision-making
tool for dynamic early warning of drought and flood disasters, precision allocation of irrigation resources, and
improved agricultural disaster resistance. [ Methods] To address these issues, an attention-guided spatiotemporal
feature dynamic fusion network (AGSMP-Net) was proposed. The model integrated a long short term
spatiotemporal prediction network with a feature-time-space attention mechanism module, enabling focused
processing of time-series information and the capture of spatial distribution variations. It identified the long-term
variation trends of soil moisture and optimized the utilization of information across spatiotemporal dimensions.
[ Results] Experiments validated the feasibility of the AGSMP-Net model in predicting soil moisture using
meteorological factors (precipitation and soil temperature). In the soil moisture prediction task for Henan Province
from 2015 to 2024, compared to ConvLSTM, AGSMP-Net model improved the accuracy (R*) from 0.758 to
0.806 and reduced the root mean square error (RMSE) from 0.069 to 0.057. Precipitation has a significant effect
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on the prediction accuracy of soil moisture model. [ Conclusion] The proposed model dynamically allocates

feature weights through the spatiotemporal attention mechanism, which can effectively capture both the abrupt

responses and steady-state trends in soil moisture variations, thereby improving the accuracy of soil moisture

prediction.

Keywords: long—sequence spatiotemporal prediction; soil moisture prediction; attention mechanism; deep

learning; ConvLSTM

4 298 B (soil moisture, SM) J& S % /K SC 1A
BRGE P ERE L &, BB RIE &M
Hi ZRRRAE SR W Sh S U R R 25 SR R HaR
XL BERNMPFEK LR ESOEERNE R
FIHA 5 22 ANk i S R K A A R T
JE 3 ) FR Bk AR R K ARG R A, KR
A LA B A B I BIL R A R R A Y s ) R
G 3% S, PR R AR Sy e R R R AR AR A A% 0 AR
B R b R X Al AR 7R LA R A T
O M FLA B S, DR R A N ORS AE
BERD R 0 A T X 5 5 U R A PR BR T
Xof P B M B 28 4 5 A0l T RS2 R R BLAT e M s
MrfE .

1% 55 ) + 21 R W0 AL 4G £ K sh ) ik &
BN L A RGO A SRR RS 1T
1 H 5 2K i B0 AN oK Bl 2 O T BRI A S B 7
2 E EARAE— 2 R BRYE Geit gy ik T DL
 H RO A B S B M B
Y A R o A — A R PE AT e L
TR 2] 7 TR A 3] BT R AE 2% 2] R R R AE
5 THT R B R 1 £ L A O i 4%
BRZAEE R M, FEA 2R KA R &5
A L At 2 28 & A A AR A K B ] 81 A5 R DL
1 T G 2 SOV T 08 4 S AR DG R, DA A A8 7Y A
A ¥ 2% (1 B D) P A AE 2 A e B A 0 ORG Aff AN AR
flt o B SR H 7 T, Li &R B EDT-LSTM
AL ) % 25 24 > A0 e () i P R AE Rl AL B OR T K
J7 41 15000 RE g, i Park 4500 3 i 22 R B[R] 500
ERERT LERESSLEFHMEG LR, I
Ab, FRAE TR O Ak HE 3 TR T M Be 4R O, ) A0
Jiang 222 EL 1B PCA-LSTM IR A #8505 3 3 5 43
A3 BT T B REAE e 4R M b e A T AR M 4R
22% .

TR 2% 2] BT A e K i W0 AT: 55 o L A A
I BRAEOIR S A B RO . T AL S A
ALl Y A b B ) 8 A s TS AS W) )
A 22 I DG B BB, R M 1 3 B RN AR R Y R AT 55 T
T OGS B B K i R I b fE B &R

7] 80, A 3 AL B T R 0 AR R R A A B
K DA-LSTM-soil 152 158 3 [ 386 W AL 5 T4
B2 T 5 25 AR 29 18 %6, Kara 282 M #F — 4531F
BT L) 4 4 2 R 45 6 T B B T
FROESRICAE J) o b3 5 vk 78 Ab PR B[] 325 B2 1) 2530
i 25T ASHE , n E FH F TT R A  E E EUIAE S5
TCVE TR R DX A P A ) R R b B B e L AR
DN P 5, TGS B AR G T A 0 IS () 2 ]
WSR2 T EE MR L EREFER.

BEXT LA R, A 5T 4R AGSMP-Net #5841
ZAEAL AL HE ConvL.STM W % 55 it 25 REAF 7 25 77 HL I
B . Hop ConvLSTM W 45 Rl % fif e + 818 i 52 <,
G555 ) T A7 A 1 B 2 R M ) R, 3 ) R B
A B FRAE T T LIS ) VR T DL RS ) R RE AT AR o
- M R T Y e A A 1 RN A (R] S B 1 [ A
[Fi] 5] B 8% O 1 1) (] 7 1) o 1) 28 8 1) %0, 48 T 455 AR 7
SR BT 1) TIUORS B o

1 WS XIS B

1.1 #HRXHFLR

W 48 (31°23'—36°22'N, 110°21'—116°39'E) ,
PP E S T S A W R E
PR AR HOIE AR R, BT 1,65 10° km®. 0]
A8 W IR A -G TR - R R R, B
A5 0] IR , s 2R SRR 2
0—7 cm JZ T AR R B2 15~17 °C, dL AR B AL,
rEBR . FRK R EEE PRI (6—9 H) L, B
AR A AEBRAS AL KRB ST 2024 45
N R Al A R S A £ R A PR RRAE (I DL R
A6 R VG S TG Ml DX A S R AE X AL, B RE LB
AR b DX A R R Y X R K A3 A% R 5 T R A E R
] M1 AR 7 A0 DX b A7 %35 D) A 56— ik 1
J A R M T AR 759 A b, S RS 4 TR Y
ZNE-HEKRAEIRR . TR C#A T 5%
KR T T AE AE B 2 B L RS o W R Bl A X
TR A Rk X
1.2 HiEkR

B o T ERAS-Land 4 BR F-20 #r #d 421,



5 6 3]

TR 5 A A I s T R D AL A e S T vk 171

TG B R T LI 28 205 8 A 5 52 L K B i 2 R
B 75 1 B [E) BRI AA 1950 4F 32 4>, $ A2 /N B ) 1) (]
O3 BER B, 23 (8] 4y B0 0,17, 1 B 55 A H 3R 5]
289 cm [ T J2 R, T B 43 PEAR XS ECMWEF SR T A
R ANRHNCEE1)Z: 0—7 cm, 56 2)2: 7—28 cm, %8
32 :28—100 cm, %5 4 )2 :100—289 cm) . ERAS5-
Land £ & 50 > 42 &, W o 1 3% 7K R0 RE 5706 2R 1Y
W7 R KR R ZEEE HEIR
BEA . AWE o B e R R K DL K+ 4
MR 3R AR AR AP A -, Horh, IR
JEKFE 0—7 em 2 FEoK & (mD 48 BB K
HISE YR E 2R E (m*/m®) 38 0—7 cm + )2 57
R K B K 4y BE R O 0.17X0.1°, i a) 7 53
JEE N 20154E 1 A 1 H & 20244512 A 31 H , if &) 43
PERN H | EE 3 B W o5 T e 4 A s (R 2D o BdiE gk

a LERE

THREK

(m®+m™)
#:0.512 069 #:275.015
h 1%:0.213 041 1£:269.197

0 55 110km &
[ T

B H CDS B M Chttps: //cds-beta. climate. copernicus.

eu/datasets/reanalysis-era5-land tab=overview) .

FHTIERE
#:0.376
1i%:0.137
1 AME2024FELHTEREZTENH
Fig.1 Spatial distribution of average soil moisture in
Henan Province in 2024

0 55 110km

:0.054 103 5
1i:1.342 85¢-05

2 A T E F R R G

Fig.2 Examples of predictor data in Henan Province
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Fig.6 Scatter density plots of 3-day soil moisture prediction results of different models
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Table 2 AGSMP-Net model performance
under extreme conditions
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Table 3 Comparison of prediction performance of
different models in next five days

it RMSE R’

SVR 0.139 0.551
CNN 0.120 0.602
LSTM 0.111 0.645
Transformer 0.085 0.689
ConvLSTM 0.071 0.743
AGSMP-Net 0.061 0.795

F4 AEEBREKT TN MRS LE
Table 4 Comparison of prediction performance of
different models in next seven days

e RMSE R?

SVR 0.146 0.531
CNN 0.131 0.581
LSTM 0.117 0.625
Transformer 0.091 0.667
ConvLLSTM 0.081 0.729
AGSMP-Net 0.068 0.782
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Fig.10 Scatter density plots of 7-day soil moisture prediction results of different models
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Fig.11 Scatter density plots showing time step size effect
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