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Table 1 Variance contribution rate of the first 8 modes
of REOF analysis among 3 groups(unit: %)
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SPEI1 SPEI3 SPEI6
Al 9.5 10.2 10.2
A2 9.1 10. 4 11.5
A3 8.0 7.0 6.6
A4 6.3 6.2 6.4
A5 5.7 5.9 5.6
A6 6.2 5.7 5.0
AT 9.8 7.7 7.4
A8 8.9 10.9 11.1
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Table 2 Evaluation of 1-month lead time prediction performance of

different models in test period

B ] R BRI R ILSTM TLSTM ARIMA

X BB 0.59 + 0.03 0.36 + 0.06 0.22 + 0.07

SPEI1 ¥ 7 iR 22 0.89 + 0.04 1.05 =+ 0.07 1.18 =+ 0.09
15 2% o6 X {1 19 - 2 0.66 +0.03 0.86 =+ 0.05 1.03 #+ 0.08

A R AL 0.88 + 0.01 0.83 =+ 0.02 0.72 % 0.01

SPEI3 IR % 0.50 + 0.02 0.60 =+ 0.05 0.75 + 0.06
1% 22 2 XHE 1 - 15 0.36 + 0.02 0.46 4+ 0.03 0.59 + 0.05

A R B 0.93 + 0.01 0.89 =+ 0.02 0.82 % 0.03

SPEI6 ¥ o7 iR 2% 0.39 + 0.03 0.46 =+ 0.05 0.59 # 0.07
5% 2 246 X 1 - 2 0.27 £+ 0.01 0.33 £ 0.03 0.44 £ 0.05

T R P BT PR 1 SRR 2E B35 F) 0. 05 BEMKP T
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Table 3 Evaluation of 2-month lead time prediction performance of

different models in test period

B[] R BRIEER ILSTM TLSTM ARIMA
LIBT3 14 0.42 £+ 0.01 0.27 4+ 0.09
SPEI1 ¥y iR 22 0.99 + 0.05 1.10 + 0.08
5 22 4 X A - 1 0.78 4 0.06 0.90 4+ 0.06
LIPS 0.66 =+ 0.04 0.48 =+ 0.06 0.45 % 0.01
SPEI3 17 i 2% 0.81 + 0.05 1.08 4+ 0.08 1.10 + 0.08
15 25 246 XA (1) - 1 0.63 + 0.04 0.86 4+ 0.07 0.89 + 0.05
AR R B 0.79 & 0.02 0.66 =+ 0.04 0.66 =+ 0.06
SPEI6 ¥ iR 22 0.63 £ 0.05 0.81 + 0.09 0.84 & 0.09
5% 25 446 X {H 1 7 0.47 & 0.04 0.63 £ 0.07 0.62 £ 0.06
R4 MXHMBEARAEEE I RRITHHN AR ITEMS
Table 4 Evaluation of 3-month lead time prediction performance of
different models in test period
ENEIDAN BARIEER A ILSTM TLSTM ARIMA
A R KL 0.26 + 0.06 0.17 4 0.05
SPEIL 5 AR 24 1.09 + 0.07 1.16 £ 0.09
5 25 ¢ I 1 - 1 0.87 4+ 0.05 0.95 4+ 0.07
AR R KL 0.40 + 0.06 0.27 4 0.05
SPEI3 ¥ iR 2% 1.02 + 0.06 1.26 4+ 0. 11
1% 2 446 X {5 1 7 0.80 =+ 0.04 1.00 4 0.91
A K R B 0.69 £ 0.03 0.44 £ 0.06 0.52 £ 0.07
SPEI6 o7 iR 25 0.75 % 0.07 1.07 £ 0.11 0.90 =+ 0.09
15 25 446 X 1 T ) 0.57 & 0.04 0.84 + 0.08 0.71 + 0.07
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Fig. 2 Pearson correlation coefficient between prediction and observation for SPEI1,

SPEI3 and SPEI6 with 1-month lead time based on ILSTM model
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Table 5 Evaluation of prediction performance of the CLSTM model in test period
I [r] R WA AR bR LA 42T EROSEE 3 g ] 34 A HT 4
LB 3t 0.82 + 0.02 0.78 £ 0.03 0.70 £ 0.04
SPEI1 By AR R 22 0.60 & 0.04 0.67 += 0.05 0.76 £ 0.06
1% 22 4 XL - 1 0.47 & 0.03 0.54 + 0.04 0.61 + 0.04
e REL 0.94 + 0.01 0.81 + 0.04 0.73 + 0.04
SPEI3 By AR iR 22 0.37 + 0.03 0.61 £ 0.05 0.73 £ 0.05
5 22 2 X 1 7 34 0.28 £ 0.02 0.49 £ 0.04 0.58 = 0.05
&R 0.96 + 0.01 0.87 £ 0.01 0.77 + 0.02
SPEI6 Py AR R 22 0.30 #+ 0.02 0.51 + 0.05 0.65 + 0.04
R 22 4 WHE 1Y -1 0.22 + 0.01 0.39 £+ 0.03 0.51 + 0.03
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Fig. 3 Pearson correlation coefficient between prediction and observation for SPEI1

with 1-month to 3-month lead time based on CLSTM model
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Application of Deep Learning Method to Drought Prediction

Mi Qianchuan Gao Xining Li Yue Li Xinyi Tang Ying Ren Chuanyou

(College of Agronomy, Shenyang Agricultural University, Shenyang 110866)
Abstract

Drought has brought great potential threat to agriculture, ecology, economy, society and available
water resources of China, while accurate drought prediction can help risk management and development of
early warning system, and it can reduce the destructive impact of drought. Among many prediction meth-
ods, data-driven model is a suitable tool with small data demand and fast development speed. With the de-
velopment of machine learning, especially deep neural network (DNN), deep learning method shows great
ability in drought prediction, and is reported to outperform traditional time series model (e. g. integrated
moving average autoregressive model, ARIMA). However, its use needs to be widely estimated, further
developed and adjusted for geoscience analysis. The standardized precipitation evapotranspiration index
(SPED) is reported to meet the needs of agricultural drought monitoring and early warning under the back-
ground of climate warming. SPEI at 1-, 3- and 6-month time scale are selected as the quantitative descrip-
tion of agricultural drought, and DNN model driven by meteorological and circulation variable is presented
to explore the ability of SPEI prediction at the lead time of 1—3 months. The traditional long short-term
memory neural network (TLSTM) has been used in drought prediction, which is limited by the quality of
prediction factors and noise. Therefore, an improved TLSTM model (ILSTM) is proposed. With high-
light of large-scale climate characteristics, a convolution neural network (CNN) module is combined with
the ILSMT model. This newly-developed model (CLLSTM) can extract circulation information that contrib-
utes to the regional drought change, as well as other outputs of prediction model. Evaluation of the
drought prediction capabilities in different models is based on the Pearson correlation coefficient, the root
mean square error, and the mean absolute error. Results indicate that overall prediction ability of DNN
models outperforms the ARIMA model. And the comparative evaluation results among DNN models show
that the architecture of the model has an important impact on the prediction performance. The ILSTM
model can extract comprehensive information that contributes to future drought change by nonlinear coding
of input variables through the full connected layer. When the correlation coefficient can be raised by 0. 04
—0. 25, the root mean square error can be reduced by 0.07—0. 32 and the mean absolute error can be re-
duced by 0.06—0. 27 at the validation stage with different lead time comparing with the TLSTM model.
Taking advantage of the circulation information as extra inputs to the ILSTM model, the CLSTM model
outperform the ILSTM model, when the correlation coefficient can be raised by 0. 03—0. 44, the root mean
square error can be reduced by 0. 09—0. 33 and the mean absolute error can be reduced by 0. 05—0. 26.
Both results show that deep learning method has great ability in short-term regional climatic drought pre-

diction.

Key words: drought prediction; standardized precipitation evapotranspiration index; long and short-term

memory network; convolutional neural network; deep learning



