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Fig. 1 The distribution of meteorological stations in the

Xilingol grassland and its surrounding areas
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Fig.2 Schematic diagram of CNN network structure

TN BRI E T

y(@)=f(y(i—1)X W,+5.) (11)

K WIZERZEOG R By ((— 1) RS i
BZBR A W oR G HZNE; b i ER)ZR
Pt o
1.3.2 kafpinlkems KEMIZIZ W% (Long
Short—Term Memory) , fii Fk 8 LSTM . ‘B4 & il A
7B TR 1T, DA R RO A TR IR A W] e
120 JE, RE % X A5 5L 50 B0 8 A0 PR B, 4 b A 4
(8] 3> 5] 5040 v 00 MRS O R L A4 A R 28 0 2% rh BB
R ) e — E R A8 T M, nE 3 TR
g LSTM W 48 HARZEH4

LAz |

B3 LSTM M4 &1 E
Fig.3 LSTM network structure diagram
TEE 3 AR Co BRZRE A FX
LSTM £ ¢ Irh 2] By S A, 40 BARZS C R IRAS 2R
At e A S ARy 2 i A

1.3.3 Motk ok 0L fk B 1 (Bayesian
Optimization) , i #8 F BO , AU R BL 2
P(B|A)P(A)

P(A|B)= (8)

(13)

A AR BERBENLSAT P(A) RS A KA
(O HEA, FR A SE S E R s P (B) & 1k B R A AR

P(B] A)REFMAREELT 0B &EK &M

R P(Al B)RSEBEAEMEIT , F kA KE
M SRR3R B R S S A%

1.3.4 ## BO—CNN—LSTM 4% 4 4 2
AT R SRR A R B R —
[0 30 854l L S HP il ek & 4% CNIN ) 45 1) 45 £iE 383 531
Jifig LSTM M 2% (i ic A2 i fig , IF 454 BO 3 AR H A
U R 42 oA B AR 3, 5 B F BO— CNN—LSTM £
B2 W BRL (LR B BO— CNN—LSTM # &)
JFH A 50000 455 A 5 4 R SRR B . R T LR 4R
BO—CNN— LSTM 5 7 ff) i 72

CNN W 2% (1 iz 0 J2 45 B ZE ARSI 2 ot 2 o A
T AUk A, B 5T AR U A RS 09 RRAEAE B L RE
VG AR R Y RLRE . e AL AR b i CNIN ) 2%
A1) 2 AN AR S S AL bR TR AL Y I 2k

AR, CNN RZE A BT 12— Ff i A 21 it i e s,

b Ak 22 30 0 X 5 BT S B i — D AR A B A
N B2 2k S R G T 5 i OR R 4 SRR B AL
25 A R AT IR A R i 0% v A M — A Ak
JFE TS

CNN [ 25 A1 B8 T 15 58 i 28 W 26 0 2 Bk == /0
Jay 8 3 4 PR ORI A {45 I 2% T 2 I R 1) S HOR K
A HOR 23 AR ME A 2 . ONIN 9 45 0 K B G A5 78 T4
RS I, {H 2 3% W 458 B g ic 12 e, B4 i i X
o TIUAHARR . % T LSTM M4 RyiciZ st , %
W92 % % 30K CNN 5 LSTM W 4% 25 4 fdi i,
CNIN [0 £ 38 izt % i A 08 ) 5 64T Mg R, SR ) o ik s
T A — I A4S LSTM M 45, LSTM X 2% b 41 ffg R
BC WEE— A B AL, (W 2 BRZRE 1S
BN X, 23 C AT B0, R G e 2 — A
Zo FH.Co kS5 i 205 b TR RS B
RS b, f 05 EGE R LSTM 7] 7 55 k4 15 24 40 M 1 IR
ﬁ,ﬁﬁﬁiﬁum%fr%ﬁo

TE 0 ] LSTM W 25 i, 7775 — it 1 2 $U(l 7 76
SE S, T0 i i I R B0 3R 2 IR R AR LR ) A,
B S B R 5 kR 55 R H R SRR
T T 25 SR 3o B AR T 22 06 JBURE R A ) IR

7 S 3
A g A



68 GRASSLAND AND TURF (2024)

Vol. 44 No. 4

BRI B b A Ry 8 Joe A0 46 Wie o o PRI b 2% SR T BO
Ak AR SRR

BO 5125 1 A% U 2 A 58 A AR B R SR 4 R B8, AR
PR LA A 10 R RO A i iy, X 4 QB o
A T 08 i 2 o/ o B R e o R
AR AR AR A I 55 R S 50 R A A i B ME ()
M7 22 6°( ) XoF E b oR EHEAT 40 AR

f(x)ZN(;z(x),az(x)> (14)

ANy m s

BO F5 35 1 5 3 b 0000 54 96 4 R P (A) Bl 5 4K
W A HLE P (B A), SR 5 M 558 i 8 P(B)
WEEHEZEENERE DM P(A|l B), A AR
(13) 14 H A5 R 8Os 1145 23 A Y 1R J5 i 3 ok R 4 bR
HOAE A 52 Pk R DA B ) BB 5 i 1 X I R .
AN ok AR N W A ) O 2 R] Y 2 S R e A /)
T E 2 10 A5 ) 4 25 I 45 e A S B0

K 4 B1 5 BO—CNN—LSTM #5525 44 75 35 K,
PR Ay R PSR A, W ER 4 2 CNN M 2%, 32
L W SR S I N S o
LSTM T A8, 3= %2 671 57 AR 416 58 He 3] 39 e F A %
SPET #FAT 1000 JF 4 o4& A 15000 455 0 1 Il 25 25 B
mr:

(1) ¥ m A FEAEECHE 48 14T m B 6 B 8 494
B 8] J 4 B A ) 3 O B ) 93 A )23, AE AN AT B 2 A5 i )7
e AR BRI HE T MEAT CNN VR BE R A 2 1

(2) 3 CNN 25 U b b 55 AR a5 2 RUBE
fiE, 25 BT P AR R A R B S K Ak B S 1 B TR Y 5
iy AN B LSTM 2 56 BO B3k i A 2 LSTM JZ X ¥ 2%
S HEHEATIRAL

(3) FEEAC T 2 bt 58 5 B0 0 1) i 1S {0 25 22
T, AN VB B A 76 2 00 L 3] 35 2 WA Sk kAR R BB i
KA

(4) ) E 50 43 e 0 000 38 4 250 Hl | 0 A5 AR 3 47 1
REPPAG L LA T A5 780 (7% J000 45 2

BNZ

ED-E3-

4 BO-CNN-LSTM &#;m =B
Figure 4 Schematic diagram of BO—-CNN-LSTM structure
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Fig. 6 Training sample fitting diagram, test sample error diagram, and fitting effect diagram
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Drought forecasting by ANN, ANFIS, and SVM and

Drought prediction model for the Xilingol grassland
based on BO-CNN-LSTM

DU Juan'",DONG Shu-jie',HE Yun’
(1. College of Statistics and Mathematics , Inner Mongolia University of Finance and Economics,Hohhot 010070,

China;2. College of Water Resources and Civil Engineering ,Inner Mongolia Agricultural
University, Hohhot 010018, China )

Abstract: [ Objective] Reliable and effective monitoring can mitigate the impact of drought disasters on socio—
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economic development and natural ecosystems. This study adopted the BO—CNN—LSTM coupled neural network
as adrought prediction model. [Method] First, the memory function of long short—term memory (LSTM) was inte-
grated into the fully connected layer of the convolutional neural network (CNN). Second, to determine the optimal
hyperparameters for LSTM, the probability surrogate model and acquisition function from the Bayesian optimization
(BO) algorithm wereintroduced. Finally, a BO—CNN—LSTM coupled neural network model was constructed to
predict the drought conditions in the Xilingol grassland. [Result] (1) The prediction accuracy of the BO—CNN—
LSTM model increased with the time scale, withthe highest prediction accuracy observed under the 12— month scale
for the Standardized Precipitation— Evapotranspiration Index (SPEI). The determination coefficient R* of SPEI—12
for each site exceeded 98% . (2) Compared to the simulation results of the LSTM model for SPEI— 12, the proposed
model exhibited higher fitting accuracy, showinga relative improvement in R”of [4.63%,8.67% ]. The order of
magnitude of mean squared error (MSE) at each site had decreased from 10 * to 10" °. (3) Using the model to predict
the spatial distribution of drought in the Xilingol grassland for 2023. indicated that the region as a whole was experi-
encing drought. Especially, the Dongwuzhumugqin Banner area was classified as experiencing moderate drought, while
other areas were classified as severe drought. [ Conclusion] The results demonstrate that the BO—CNN—LSTM
model has high computational accuracy, making it particularly suitable for predicting SPEI—12. Therefore, the meth-
ods in this study can be effectively applied to drought prediction on an annual time scale.

Key words: drought prediction; Bayesian optimization algorithm; convolutional neural networks; long short—

term memory network ; Xilingol grassland
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