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Prediction of agricultural drought and centroid migration in
karst watershed based on XGBoost-ConvLSTM

—a case study of Guizhou Province
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Abstract: [Objective] This study aims to enhance the prediction accuracy of agricultural drought in Guizhou
Province to address the increasing drought risks in the context of climate change. [ Methods] For this purpose,
Extreme Gradient Boosting tree (XGBoost) and Long Short-Term Memory network (LSTM) models were

constructed based on the historical data of standardized precipitation evapotranspiration index (SPEI3) in Guizhou
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Province from 1979 to 2023. In this study, a hybrid XGBoost-ConvLSTM model was proposed for the first time,
which integrated XGBoost, a Convolutional Neural Network (CNN) and LSTM, and could capture the
spatiotemporal characteristics of droughts more accurately. A combination of K-means clustering and Thiessen
polygons was used to calculate the rainfall area and divide the 84 meteorological stations in Guizhou Province into
three subregions to assess the potential of each model for agricultural drought early warning. [ Results] (1) The
results showed that the predicted R* of the XGBoost-ConvLLSTM model for subregions 1 , I, and [l were 0.916,
0.877, and 0.901, respectively, which were better than those of XGBoost (0.760, 0.853, 0.735) and LSTM
(0.760, 0.778, 0.710).(2) The characteristics of agricultural drought conditions in Guizhou Province in the next
30 years showed significant spatiotemporal variations, with 2024—2026 being a period of {requent droughts,
peaking in 2024 ; and the drought situation was expected to be alleviated after 2030. (3) The centroid model was
used to analyze the spatiotemporal migration of the drought centroid in Guizhou Province over the next decade,
which showed that the drought centroid exhibited phased and abrupt spatiotemporal migration characteristics.
Overall, the drought centroid in Guizhou Province gradually expanded from the south-central part of the province
toward the north. [ Conclusion] The XGBoost-ConvLSTM proposed in this study can be used for agricultural
drought prediction in Guizhou Province, and its performance is better than traditional models. Agricultural drought
in Guizhou Province exhibits significant phased and spatial migration characteristics, reflecting the complexity of

its spatiotemporal evolution. The proposed XGBoost-ConvLSTM model demonstrates superior capability in

capturing these characteristics and outperforms traditional models in agricultural drought prediction.
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Fig.1 Overview and division results of Guizhou Province
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Table 1 Model evaluation metrics
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1.6 |— 1.6 .y
1.4 1.4 f— .4" '\/"
1.2 i v 1.2 <l L ;s

1.0 p—fazF™ 1.0 p-Jr2P

“ 4

~ 0.8 ot 0.8 b/

& 138 P

1.6
1.4
1.2 = i

H1.0 f—aa

%08 A P

0.6 [~/ 37

0.4 Y

0.2 [ !

e

660 c6

* XGBoost

* Observe

01

* XGBoost-ConvLSTM

4 KEIRH
Fig. 4 Taylor diagrams of model

32 RMERLTFEHESH
321 FMAERLFIFNZREEHFIESH 1979—
2023 4F 5t M 44 1) SPEL3 19 B 8] )3 51 43 A ] 1 5 45 4%
B % 8l , 1980—2000 4F 5 N 48 T S F 4 5 b i % H
5 I K, U HAE 1986 4F L 1998 4F I 2005 4F 45 4F iy
TR BEES , XM HMEN TR 5K
SR R 2011 4F T 545 0 W o, T RE 5 4
B A AR B 5 B X K o A AR Ak % DDA O
RNk — LR T A R AR G T 507 AE 19 46 42
PE, B4 1986 455 2005 4R #4277 AL T R+
SRR AR O B FRELET M B A AL, 1
W 3K 7 A AF 0 1 A A% 1 B AR ALY T S 3K 3 1A
o MR UL, BT A T R R W R g
PERIZE T PERRAE , R B BetE s BT R kA4, T
B0 R A I R 2 sh AR

M ZS 0] 43 A Sk 6 (P 6D, 4l T 52 S B oG b i
7R 1 A B 3 A k& JR) , SPELS 1Y 23 6] 23 15 4% )=y 5 5% N
A H YT Ay RN AR AR AR SR O R . BN

(1% 75 3 RN A B DX CES T XD R & e Ik, H 3
R T B A R 88.177 mim, 1fif 31X 26 [X 3 % 3k b 15 I 4K
X, MR £ 46 1500 m LA b o 76 3 X iy
T 5 1Ly BH Y R VG VA ED B VR R K PR A R R
v R TE B o AR OR AR T S X R I X0
R TR B i ey, H R & GA 103,332 mm, i kA XF
B, 24 500~1 200 m. K % 4K X 380 52 B8 18 <
S Bk N 2 R O F 2% L R OK 5 TR AR
BB T KRR R, T R A
B, v M X CES I 7 X ) T 36 B R R R I
PR A RV ARAE , H Y BRI R 95.006 mm, 1K
= BE A T 500~1 500 mo &R By MR R AR B OK FE
K 23 8] 3 A 0 AN B R 58 L 3 R L TR 5 R R 1Y)
HAERMSH T TREENSE TR, N
Rk TR 0 R VAE A R B RO A PR L s T SRR A A )
Gy R TR D B R R, T
SRR KU X5 R 4 X 38 T 4 R L K R TR A
Rom, TR A



202 K+ G FEF 5

33 %

-2 3 SPEI3
2 2 % 2 S | )
0 ©, ©o —
o o, 1
2z R $ 1
‘o, © 7
<% I H
5 %, W 0
0/ 3
/9 5 %2 &1
0.2 i
99 L. -
05 - 3,
96
2017
2019
2000
1983 2005
1982 1995
1997 3 199;
,LQ\A« 2009
\99A% 12007
'LQQ Y 986
Sl /9,
N S
& N/
'\9 '\,‘° /0 /0
NS < F
F& % %
N S & 2 9 B
,\9 Q' o - o 2
S O D ® -2 o Do
NS o3 e g Rrw
N q % o
E5 SPEI3RFEZ{
Fig. 5 Temporal variation of SPEI3
N
c KRMA \ A
SPEI3 P
m 2.592 . .
B 2363 *
.

0 140 280 km
1 | |

El 6 SPEI3Z @47
Fig. 6 Spatial distribution of SPEI3

322 EMERLEFELECHIELS KT HIFH
Hb T M A TS A ] A AR B, AT 5 R T
BEHE OB 2012—2023 4F (1 5 M4+ S E O 4 A
HEAT Ay BT, SN T 58O W iR RS R B AT R )
ARALY R, H AP R A, 2012—2014 4F ],
TR AT 5 M A A T R S X, AR o 22
A6f 520 b A XoF 4 v, 0 B O s R S R A T P R
X Ha Ak hEa e . 2015—2017 4 1A, + 5 & .0
B AR AL AR RS R E I R O, R —
FF 300 1 SR 5 e B XSS Tz, LA A A B ]
EBAN AR LR B S (& 7). 2018—2019 4F- 3 A]
TRE LI m SN A R ARILT R 5, Ui
AH 7R 38 R0 2R AU 36 M X FE X — B 2 B R i T R
M, 2020—2023 4F # 6], T F 5.0 R A L,
T 0] 0 2 5 M A P R AR BRI 7D L X — R
B, TR R AT — B 2B E 8.

M 2012—2023 4F 5 44 T 5 F 0 19 i B R IR R
I B E AR A S A, TREONTHEE
BRA AR R b S B s, b iR R I B N R
44.79 km (2019—2020 4 , iz K A 506.2 km (2018—
2019 4F) (& 20, W T -1 552 i 10 R 1) e M 5 28 A
PEIAE . TR ) B S B AR I db— P I e A0 5
A H, 2012—20144F T O m AR LR, 3R
T 5 D\ VY B Hb DX 5 e 2 ZR A X5 1 2014—2016
A2 1) PG i P, S s R v 67 R [0 P e LI
2017—2019 4% 5 5.0 DU 7E 5 0 i R V5 0 i 22 1) 2 52
B, T 550 w0 YK, 1R R R Ok B e 0
20194F )5 , iE R I B9 1 M0/ S B I B e i T AR

e TEEDL
1 S®MEWHRITBX
1 201520174 F R EH. O A Z A H
2012—2014% F 5 5= O Ax i Z A F

e TFTEEDL
1 #METHRITEKX
[ 1 2020—20234EF B E L nEZ MR
2018—20194 F 5 5 .0 b #E 2 4 [

E7 2012—2017 £ K 2018—2023 FEFEE L EH
Fig.7 Migration of drought center of gravity from 2012—2017 and 2018—2023

3.3 HEM A RFR AT E R
3.3.1 # F XGBoost—ConvLLSTM #£ & ¢4 & b F %
B A M I T XGBoost-ConvL.STM i # % 5 M|

B AR K 30 afell 1A B A TN R AR b ROk
30 a 5v M A K SPEIS {H 7 —3.420~2.320 3% 3 ( &
8D, I B AR b 52 i 0 5 B R . NI R R A



%2 3

SR FESE . JE T XGBoost-ConvLSTM W8 4%

Sl g Nl T 5 o T RS B —— L B M A S 4 203

KA, TR B 5 2 R B R B B A
L AT RENE, MEEN RN
TR A AE X5 5 N A I HRGHE e XL A K R
O RRIE R EV S o BHY LR E 2024—2026 4F 1Y
5 R, WO AR b 2024 AR B T B R
U, BT R SRR R X - BRI T
B AR R 5 1 2030 4F 5, T R4 O W R 2 A .
332 wMAEARRFEECEBTAN KK 2024—
2034 4F SN A B T 5L 0 19 23 8] 43 A1 2 B B G 1
By BEYEREAE , F T 5 O A AR S T L
Hi5E X, BA R A m AC Y sk i @, M T
2012—2023 4R 91 A9 T 5 5.0 3 B B AL, 3R W)
AR TR EOCEBE T BN ER . F
B T 5 O S AT R ST S R R R B R
45 H X (P 9) o HARA UL, I 2024—2034 4F 52N 44
TR O AR R IR I A S AP A B A
Ho KM TREOIHEA RN, RIEBH %
A 2 B P 0 S P R R S /N A
BRI R B S 254.81 km(2027—2028 4F) 1 399.49
km(2033—2034 %) , iF B I B 5k /2 64.26 km(2028—
2029 4F )1 74.85 km(2031—20324E) (£ 3),
*®2 FREMIBHE
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Table 3 Characteristics of future drought centroid

migration
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