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Abstract: Drought prediction is crucial for mitigating risks
and designing measures to alleviate its impact. Machine
learning models have been widely applied in the field of
drought prediction in recent years. This study concen-
trated on predicting meteorological droughts in southwest
China, a region prone to frequent and severe droughts,
particularly in areas with sparse meteorological station
coverage. The long short-term memory (LSTM) predictive
model, which is a deep learning model, was constructed by
calculating standardized precipitation evapotranspiration
index (SPEI) values based on 144 weather station observa-
tions from 1980 to 2020. The 5-fold cross-validation method
was used for the hyperparameter optimization of the model.
The LSTM model underwent comprehensive assessment
and validation through multiple methods. This included
the use of several accuracy assessment indicators and a
comparison of results. The comparison covered different
drought characteristics among the LSTM predictive model,
the benchmark random forest (RF) predictive model, the
historical drought situations, and the calculated SPEI values
based on observations from 144 weather stations. The results
showed that the training results of the LSTM predictive model

* Corresponding author: Lei Wang, School of Atmospheric Sciences,
Chengdu University of Information Technology, Chengdu, 610225,
Sichuan, China, e-mail: Iwang@cuit.edu.cn

Xiehui Li: School of Atmospheric Sciences, Chengdu University of
Information Technology, Chengdu, 610225, Sichuan, China; Yunnan R&D
Institute of Natural Disaster on Chengdu University of Information
Technology, Kunming, 650034, Yunnan, China; Key Open Laboratory of
Arid Climate Change and Disaster Reducing, China Meteorological
Administration, Lanzhou, 730020, Gansu, China

Hejia Jia: School of Atmospheric Sciences, Chengdu University of
Information Technology, Chengdu, 610225, Sichuan, China; Xianning
Meteorological Service, Xianning, 437000, Hubei, China

Tiangui Xiao: School of Atmospheric Sciences, Chengdu University of
Information Technology, Chengdu, 610225, Sichuan, China; Yunnan R&D
Institute of Natural Disaster on Chengdu University of Information
Technology, Kunming, 650034, Yunnan, China

basically agreed with the SPEI values calculated from
weather station observations. The model-predicted varia-
tion trend of SPEI values for 2020 was similar to the varia-
tion in SPEI values calculated based on weather station
observations. On the test set, the coefficient of determina-
tion (R%), the root mean square error, the explained variance
score, the Nash-Sutcliffe efficiency, and the Kling—Gupta
efficiency were 0.757, 0.210, 0.802, 0.761, and 0.212, respec-
tively. The total consistency rate of the drought grade was
59.26%. The spatial correlation distribution of SPEI values
between LSTM model prediction and calculation from
meteorological stations in 2020 was more than 0.5 for
most regions. The correlation coefficients exceeded 0.6 in
western Tibet and Chengdu Plains. Compared to the RF
model, the LSTM model excelled in all five performance
evaluation metrics and demonstrated a higher overall con-
sistency rate for drought categories. The Kruskal-Wallis test
for both the LSTM and RF models all indicated no significant
difference in the distributions between the predicted and
observed data. Scatter plots revealed that the prediction
accuracy for both models in 2020 was suboptimal, with
the SPEI showing a comparatively narrow range of values.
Nonetheless, the LSTM model significantly outperformed
the RF model in terms of prediction accuracy. In summary,
the LSTM model demonstrated good overall performance,
accuracy, and applicability. It has the potential to enhance
dynamic drought prediction in regions with complex ter-
rain, diverse climatic factors, and sparse weather station
networks.

Keywords: drought prediction, drought assessment, SPEI,
LSTM model, RF model, southwest China

1 Introduction

Drought usually originates from precipitation deficits and
propagates through the hydrological cycle [1]. Few natural
hazards are as devastating as drought worldwide, which is
an unavoidable recurrent occurrence, affecting more than

8 Open Access. © 2024 the author(s), published by De Gruyter. This work is licensed under the Creative Commons Attribution 4.0 International License.


https://doi.org/10.1515/geo-2022-0708
mailto:lwang@cuit.edu.cn

2 =—— XiehuilLietal

half of the world every year [2,3]. According to the Drought
in Numbers 2022 Report released by the United Nations
Convention to Combat Desertification, the frequency and
duration of droughts have increased by 29% since 2000 and
will increase in the next few decades in 129 countries world-
wide. Approximately 650,000 people died from drought
between 1970 and 2019. From 1998 to 2017, drought caused
economic losses of approximately $124 billion globally. In
2022, more than 2.3 billion people faced water resource
pressure, and nearly 160 million children suffered from
severe and long-term drought. If the increase in global
warming relative to pre-industrial temperature levels reaches
3°C by 2100, drought losses may be five times higher than they
are now. If no action is taken, an estimated 700 million people
will face the risk of displacement due to drought by 2030. One
in every four children is estimated to live in areas with
extreme water scarcity by 2040. Also, by 2050, drought may
affect more than three-quarters of the world’s population,
with an estimated 4.8-5.7 billion people facing water scarcity
for at least 1 month each year (currently 3.6 billion people)
[4,5]. Therefore, accurately predicting drought events and
their spatiotemporal patterns is paramount for taking proac-
tive measures and minimizing adverse impacts [6].
Defining the natural phenomena of drought is complex
owing to its region-specific nature. However, precipitation
deficit can be considered as the root cause of drought [7].
Generally, drought is classified into four categories based
on its impact: meteorological drought, agriculture drought,
hydrological drought, and socioeconomic drought. Among
these, meteorological drought is the basis of the other three
types of drought. As drought indices offer a quantitative
description of the duration, severity, and extent of drought,
they constitute the foundation for modern drought predictive
modeling. Different drought types have different drought
indices [5]. More than a hundred drought indices have been
developed so far, including (but not limited to) the well-known
meteorological drought indices such as the Palmer drought
index (PDSI), the drought area index, the standardized preci-
pitation index (SPI), standardized precipitation evapotran-
spiration index (SPEI), and the reconnaissance drought index
[3,8]. Among these, as the name implies, SPEI considers
the effects of both evaporation and precipitation values on
drought severity, which builds on the algorithms used in
both SPI and PDSI. SPEI can identify different drought types
under the background of global warming and is widely used
to analyze, monitor, and predict drought. It can also measure
drought severity according to intensity and duration and iden-
tify the beginning and end of drought events [3,9]. Therefore,
this study selected SPEI to analyze drought characteristics.
Drought has multivariate, nonlinear, and stochastic char-
acteristics [10]. Various approaches are used for drought
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prediction. Among these, statistical, dynamical, and hybrid
models are prominent. The commonly used statistical models
are implemented using various algorithms such as Markov
chain, fuzzy logic, classification and regression algorithms of
machine learning (ML), and deep learning (DL) algorithms;
different hybrid algorithms are also used [7,11]. ML has devel-
oped exponentially in recent years in the field of artificial
intelligence. An increasing number of researchers have used
different ML algorithms to predict drought from different
timescales in various parts of the world [12]. The ML algo-
rithms used include the k-nearest neighbor, random forest
(RF), support vector machine, decision tree, multivariate
adaptive regression spline (MARS), k means, boosted
regression tree, classification and regression tree, eXtreme
gradient boosting, Cubist, extreme learning machine, mul-
tilayer perceptron, and autoregressive integrated moving
average (ARIMA) [12-22].

With the advent of the Big Data era, researchers are
challenged by the problems of complex data structure, mas-
sive data volume, and variable data quality. Conventional
ML methods require the use of a large amount of profes-
sional knowledge in the target areas to do the modeling.
That is, the researchers should know enough about the
model and take a lot of time in manually designing a feature
extractor for converting raw data into an appropriate
internal representation. For this reason, conventional ML
methods are inadequate for building drought prediction
models, whereas artificial neural network (ANN) offers pro-
mising solutions. Especially, Hinton and Salakhutdinov [23]
proposed DL based on a deep neural network (DNN) in 2006,
which combined several layers of nonlinear modules for
feature conversion. DL can automatically perform feature
extraction from massive amounts of data and learn multi-
layer feature representation. Its nonlinear multilayer
architecture makes it possible to model complex tasks.
For time-series prediction tasks, DL can effectively extract
features from time series and achieve high predictive per-
formance. This method is suitable for drought prediction
based on nonlinear and nonstationary time series [3,24,25].
Main DL algorithms include DNN, convolutional neural
network, recurrent neural network (RNN), and generative
adversarial network.

The DL methods can not only extract more useful fea-
tures from a large number of drought factors but also excel
in handling nonlinear and nonstationary relationships
between input features, thereby improving the prediction
ability of drought. They can have great potential beyond
previous modeling methods. Long short-term memory (LSTM)
is recognized as an advanced form of RNN, which can cover
the flaws of general RNN structure through long-term depen-
dency learning [26]. Some researchers attempted to use the
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LSTM model to predict drought. An increase in drought pre-
diction accuracy is usually achieved compared with conven-
tional ML and shallow learning, with a prolongation of fore-
cast lead time. Poornima and Pushpalatha [27] compared the
1-, 6-, and 12-month prediction of the ARIMA statistical model
with LSTM using multivariate input, hoping to improve said
performance. The conclusions showed that the LSTM model
provided better results than the ARIMA model for predictions
on a longer timescale. Zhang et al. [28] proposed an LSTM
method to predict the historical monthly soil moisture time-
series data from 1980 to 2012. Comparing the performance of
the proposed LSTM model with the ARIMA and autoregressive
model, the results demonstrated that the proposed LSTM
method (0.0088) had much lower root mean square error
(RMSE) than the ARIMA (0.0950) and AR (0.0246) models. Dik-
shit et al. [29] used the LSTM method to predict the SPEI at
1-month (SPEI-1) and 3-month (SPEI-3) timescale. A comparison
of the LSTM model with RF and ANN revealed that the former
achieved an R* value of more than 0.99 for both SPEI1 and
SPEI-3 cases. Also, the LSTM model showed an improvement
relative to ML models for a lead time of 1 month in terms of
different drought characteristics. Firdaus et al. [7] took the
Latur region of Maharashtra in India as an example for pre-
dicting drought indices at varying timescales using SVR and
LSTM models. The results showed that the LSTM model out-
performed for all three indices SPIL, SPEL and RDI compared
with the SVR model. Docheshmeh et al. (2022) [28] investigated
the capability of an LSTM model in predicting drought calcu-
lated from monthly rainfall data obtained from four stations
of Iran. The LSTM method performed superior to the extra-
trees, vector autoregressive approach (VAR), and MARS in
predicting drought based on different timescales of SPI.
The evaluation outcomes recommended using the LSTM
model in predicting SPI-based droughts. Wang et al. [30]
proposed a drought prediction and evaluation framework
based on the LSTM model. A scheme directly used ten
diverse factors and historical SPEI to predict future SPEI,
further assessing future drought characteristics. The results
indicated that the LSTM model significantly improved accu-
racy when handling high-dimensional complex data and
predicting key factors such as precipitation, evaporation,
and temperature. The average error of drought severity
for light, moderate, severe, and extreme drought levels
was 0.05, 0.25, 0.64, and 1.48, respectively. Villegas-Ch and
Garcia-Ortiz [31] constructed and evaluated a drought pre-
diction model using the LSTM model based on historical
information from local meteorological stations. The results
demonstrated that the proposed LSTM model achieved a
remarkable accuracy of 98.5% and a high sensitivity of
97.2% in predicting drought events in the coastal region of
Ecuador. Based on these existing research results, this study
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chose the LSTM model to predict the drought characteristics
in southwest China.

Southwest China is a vast region that is highly vulner-
able to drought, influenced by water vapor from the Bay of
Bengal and the south trough. This area is characterized by its
diverse terrain and topography, encompassing the Qinghai-
Tibet Plateau, the Yunnan-Guizhou Plateau, the Hengduan
Mountain Range, and the Sichuan Basin. Historically, southwest
China has experienced frequent severe and intense droughts
[32]. The factors contributing to drought and the mechanisms
behind it vary significantly within this region [32-35]. Estab-
lishing weather stations is particularly challenging in the
high-altitude areas of the Qinghai-Tibet Plateau and the
Yunnan-Guizhou Plateau. The limited number of weather
stations in these regions exacerbates the shortage of meteor-
ological data. Additionally, global warming has led to an
increase in both the frequency and intensity of drought
events [36]. Consequently, there is an urgent need for a
precise and adaptive drought prediction model to mitigate
the impacts in southwest China. DL methods are currently
less used for drought prediction in southwest China. There-
fore, the present study mainly completed the following
tasks: (1) SPEI values were calculated based on 144 weather
station observations from 1980 to 2020 in southwest China;
(2) an LSTM prediction model was constructed based on
monthly SPEI values from 1980 to 2019, and SPEI values
were predicted in 2020; (3) the performance of the LSTM
model was comprehensively assessed and validated by not
only using several accuracy assessment indicators but also
comparing the results on different drought characteristics
(the spatial and temporal distributions, grades, and scope of
impact) among the LSTM model, the historical drought situa-
tions, and the calculated SPEI values from 144 weather sta-
tion observations; and (4) a benchmark RF model was
also developed, and a comprehensive comparative analysis
of its predictive performance was carried out in comparison
with the LSTM model. The research aimed to develop a
DL LSTM model designed to manage long-term dependen-
cies effectively, model nonlinear relationships, automati-
cally extract key features from data, adapt flexibly, require
minimal computational resources, reduce overfitting risk,
and ensure high accuracy. The purpose was to improve
the level of dynamic drought prediction in regions charac-
terized by complex terrain and topography and formative
factors of weather and climate and where weather stations
were sparsely distributed. By accurately and timely pre-
dicting drought, decision-makers can take appropriate mea-
sures to mitigate the adverse effects of drought on society,
economy, and environment, and ensure the achievement of
sustainable development and resource utilization goals in
southwest China [6].
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2 Data and methods

2.1 Study area

Southwest China extends longitudinally from 78°42'E to
110°11°E and latitudinally from 21°13'N to 36°53'N. It shares
borders with India, Laos, Bhutan, Nepal, Pakistan, and
Myanmar, covering an area of 2.34 million km?, which
represents about 24.5% of China’s total land area [37].
This region includes five provinces and municipalities:
Yunnan, Sichuan, Chongqing, Guizhou, and Tibet. It fea-
tures a mix of subtropical monsoon and alpine climates,
with annual precipitation ranging from 600 to 2,300 mm and
average temperatures varying between -2.8 and 23.9°C.
Rainfall is unevenly distributed, with the eastern areas
experiencing much higher precipitation compared to the
western regions, where the disparity can reach up to five-
fold between the wettest and driest locations [38,39]. Given
the region’s complex geography and climate, agricultural
development exhibits a range of characteristics. Key staple
crops include rice, corn, wheat, potatoes, and soybeans.
Additionally, there has been substantial development in hor-
ticultural crops and traditional Chinese medicinal herbs.
Southwest China is also a significant base for tobacco, tea,
and fruit production. Consequently, droughts can lead to
considerable losses in agricultural productivity across these
various sectors.

2.2 Data

The daily meteorological observations included the tem-
perature and precipitation data from 144 weather stations
in southwest China from 1980 to 2020, which were down-
loaded from data.cma.cn. The data of weather stations
underwent three preprocessing steps to ensure quality
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control: checks for internal consistency, assessments of
climatic threshold values, and evaluations of extreme sta-
tion values [40]. To handle the limited missing data from
144 weather stations, interpolation was conducted by uti-
lizing average values of the same meteorological element
from corresponding days across different years. These
methods were employed to improve the accuracy and
scientific validity of the meteorological observations. The
drought disaster data for southwest China in 2020 were
sourced from the 2020 China Climate Bulletin [41]. Figure 1
illustrates the geographic location of the study area and the
spatial distributions of elevation and weather stations [32].

2.3 Methods
2.3.1 Calculation of SPEI

Vicente-Serrano et al. [42] first proposed the SPEI based on
SPI considering both water deficit and cumulative effects.
SPEI is an index obtained by calculating the difference
between precipitation and potential evapotranspiration
(PET) [43]. Some methods used to calculate PET include
the Penman-Monteith method recommended by the Food
and Agriculture Organization of the United Nations as the
standard method for calculating evapotranspiration with
high accuracy. However, its disadvantage is that it requires
many meteorological parameters, which is not easy to
obtain in many parts of the world [9]. PET can also be
calculated using the Thornthwaite method to obey a log-
logistic probability distribution, which requires few meteor-
ological elements [43]. In the present study, we used the
Thornthwaite method to calculate PET. SPEI was calculated
using the following formula, where the monthly climatic
water balance D; of month i was initially computed using
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Figure 1: Geographical location (a) and spatial distribution of DEM and weather stations (b) in southwest China.
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the difference between precipitation P; and PET; and was
expressed as follows [27,42,44]:

Di = Pi - PETl (1)

The calculated D; values were aggregated at different
timescales. SPEI was calculated using the three-parameter
log-logistic distribution based on the standardized D series.
The probability distribution function F(x) of the log-
logistic distribution for the D series was expressed as

[ ]
1
X V

where @, B, and y are the scale, shape, and origin parameters,
respectively, which were obtained using the L-moment proce-
dure [42]:
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where I'(1 + 1/B) is the gamma function of (1 + 1/8), and W is
the probability-weighted moment of order s (s = 0, 1, 2),
which was calculated as follows:
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where N is the number of data points and i is the range of
observations in increasing order. SPEI was then calculated
as the standardized values of F(x), as follows:

P=1-F(x), ¢
When P < 0.5,

Co- W+ Csz
SPEI = W - . (8)
1+dW+ dez + di3

When P > 0.5, the value of Pis 1 - P,

G- W+ CzWZ

SPEI = -|W - ,
1+dW+ dez + d3W3

9

Table 1: Drought classification based on SPEI value [32,44-48]

Level Classification SPEI threshold

1 No drought -0.5 < SPEI

2 Mild drought -1.0 < SPEI = -0.5
3 Moderate drought -1.5 < SPEI = -1.0
4 Severe drought -2.0 <SPEI = -1.5
5 Extreme drought SPEI < -2.0
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W= J=2In (P), (10)

where P is the cumulative probability, W is the weighted
moment of cumulative probability, and the constant values
are ¢o = 2.515517, ¢; = 0.802853, ¢, = 0.010328, d; = 1.432788,
d, = 0.189269, and d; = 0.001308. The drought categories
classified according to the SPEI values are shown in Table 1.

2.3.2 LSTM model

Hochreiter and Schmidhuber proposed LSTM for the first
time in 1997 [49] to solve the problem of blowing up or
decaying error backflow in original RNNs. However, this
model has been improved and generalized progressively
by numerous scholars. The LSTM model is one of the DL
techniques showing a great ability for dealing with time-
series problems by considering information selections and
long-term dependencies [50]. It incorporates several recur-
rently connected blocks to control the memory of each
neural layer. These memory blocks include three main
units: input, output, and forget gates [51]. The gates are
considered multiplicative units and can be activated or
closed to control the error flow. Hence, LSTM can effectively
capture the long-term temporal dependencies, without suf-
fering many optimization hurdles. A schematic of a typical
LSTM memory block is shown in Figure 2, and detailed
equations of each component are explained in equations
(11)-(@6) [52].

Ji = (W “[he-1, X¢] + by), (1
it = O(Wi -[he-, X] + by), (12)
C, = tanh(W, [Ry-1, X;] + bc), 13)
C=fxCa+ixG, (14)

0 = 0(Wo [he1, X¢] + by), (15)
h; = o; x tanh(C,), (16)

where x; is the input vector at time t with o being the
activation function such as sigmoid or rectified linear
unit. W, Wi, W, and W, are the applied weights to conca-
tenate the new input x, and output h,-; from the previous
cell, with by, b;, b., and b, being the corresponding bias. f,
i;, and o; are the outputs of the three sigmoid functions o,
and the values range from 0 to 1. These control the infor-
mation forgotten in the old cell state C;—; and passed to the
new cell C; with the new information being C;, where h; is
the output information from the cell [37]. The first step in
LSTM is deciding what information from the input x; is
going to be removed from the cell state h,; by forget
gate f,. The next step is to decide what new information



6 =—— Xiehuilietal

Output ( h )
\1 5 AR ;
‘Ct—l HY < X > G/ \ ! \ C[ ‘
— | KT 7 hlj i -
: ® Tanh :
E ® |Inputgate i, |Output gate otl I
' Eio [ x > ( ) !
|5 h | ' :
" % - CtT '
' c ’ c | [Tanh | { c ‘ :
| —— ' =
he—1 L I ' he
Input: X

Figure 2: Structure of the LSTM model [52].

is stored in the cell state. It includes the sigmoid layer as an
input gate to decide values to be updated, and the tanh
layer creates a new candidate value (C;) that can be added
to the state. The old cell state (C¢-1) is updated to the new
cell state C;. The output h; is addressed by the sigmoid layer
to decide what part of the cell state will go to the output o;,
and the cell state updates output through the tanh layer.

Due to the LSTM model’s advantages, including its
ability to effectively capture long-term dependencies in
time series, model nonlinear relationships, automatically
extract significant features from data, demonstrate high flex-
ibility, and integrate with other models, it has made notable
progress in areas such as drought prediction. Nevertheless,
several limitations must be addressed, including high data
requirements, extended training times, the risk of overfitting,
poor interpretability, and challenges in handling very long
time-series data. These factors should be carefully considered
when applying the model.

2.3.3 Benchmark model-RF

The RF method, introduced by Breiman in 2001, is a robust
and versatile ML algorithm extensively used for both clas-
sification and regression tasks. RF enhances prediction
accuracy and mitigates overfitting by aggregating multiple
decision trees. Its strengths include the capacity to handle
high-dimensional data, assess feature importance, support par-
allelization, reduce bias and variance, and maintain robustness
to missing data. However, RF also presents certain limitations,
such as high computational resource demands, limited model
interpretability, significant spatial complexity, longer predic-
tion times, sensitivity to noisy data, and the complexity of
parameter tuning [32,53,54]. This study utilized RF as a
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benchmark model to compare and evaluate the prediction
performance of LSTM model.

Classification outcomes are determined through voting
among the base classifiers. The final classification result is
derived by aggregating the decisions of each decision tree
using a majority voting approach. This can be mathemati-
cally represented as follows [54]:

k

H(x) = argmaxVZI (hix) =Y),
i=1

an

where H(x) denotes the final classification result from RF,
hi(x) represents the classification outcome of ith classifica-
tion and regression tree, Y is the output variable, and I(-) is
the indicator function.

2.3.4 Indicators of model accuracy assessment

The accuracy of the prediction model was evaluated by
computing and comparing statistical measures based
on the differences between the true (observed) and pre-
dicted drought index (SPED): the ): & explained variance
score (EVS), RMSE, Nash-Sutcliffe -efficiency (NSE),
Kling-Gupta efficiency (KGE), and correlation coefficient
(CC) were calculated using equations (18)—(24), respectively
[32,45,55,561:

o o1 | ZEa(SPELca = SPEIyre )" )
Zlﬁl(SPEIpre,i - SPEIpre)2 ’
— Var(SPElqa; — SPElpre,) )
Var(SPEI e ) ’
1 N
RMSE = NZ(spElcaLi — SPELpye)?, (20)
i=1
NSE < 1 - | 2i=i(SPELeai = SPElyre )’ o
% (SPELgy; - SPELea)? |
KGE=1-(CC-1+(B-1%+(y-1?2, (22
_ Opre,i
SPELye SPELe
- ﬁ V= Ocal,i (23)
cal SPEleal
cc Z{\il(SPEIcal,i - mcal)'(SP]E:Ipre,i - mpre) ’ (24)

J/Z N (SPEL s — SPELca) 34 (SPELye, — SPElpye)?

where i represents the data for the ith sample point, N
denotes the number of samples, and Var stands for the
sample variance. SPEI.,; refers to the true SPEI values
obtained from weather station observations for the
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sample, while SPEI,. denotes the predicted SPEI values for
the sample. Additionally, SPEI., and SPEL,, represent the
average values of the true SPEI values and the predicted
SPEI values, respectively. p represents the ratio of the
mean of the predicted values to the mean of the observed
values, while y denotes the ratio of the coefficient of varia-
tion between the predicted and observed values. The stan-
dard deviations of the predicted and observed values are
denoted as gpre,; and aca;, respectively. Among the four
indicators, R* is a crucial statistic that measures the good-
ness of fit of the model. EVS is derived from the variance of
the error and is used to assess the prediction accuracy of
the model. Both R* and EVS range from 0 to 1, with
values closer to 1 indicating a better model perfor-
mance. Conversely, the RMSE quantifies the deviation
between predicted SPEI values and true SPEI values.
RMSE ranges from 0 to o, with values nearer to 0 sig-
nifying better model accuracy. The NSE is a statistical
metric used to evaluate the predictive performance of
models by comparing predicted values to observed
values. The NSE ranges from - to 1, with a value of 1
indicating perfect predictive accuracy. An NSE value less
than 1 is considered ideal, denoting a 100% success rate.
Specifically, low predictive success is indicated by an NSE
value between 0.3 and 0.5, acceptable predictive success
by an NSE value between 0.5 and 0.7, great predictive
success by an NSE value between 0.7 and 0.9, and out-
standing predictive success by an NSE value between
0.9 and 1 [57-59]. The KGE metric, developed by Kling
and Gupta in 2009, improves upon traditional evaluation
metrics by incorporating three measures: the CC, the bias
ratio (B), and the variability ratio (y). This combination
provides a comprehensive assessment of model perfor-
mance. Similar to the NSE, the KGE ranges from —o to 1,
with 1 indicating a perfect match between observed and
predicted values [55]. The CC is used to measure the cor-
relation between the two variables. The value of CC is
between -1 and 1, the closer its value is to 1 or -1, the
stronger the relationship between the true SPEI value and
the predicted SPEI value [60,61].

Additionally, for classification problems, the consis-
tency rate was also employed to assess model accuracy.
The consistency rate is defined as the ratio of the number
of correctly classified samples (where the drought levels of
SPEI predicted by the model match those calculated from
weather stations) to the total number of samples for a
given dataset. This measure reflects how well the model’s
predictions align with the actual drought levels. The calcu-
lation formula is as follows [62,63]:

Consistency rate = C/T, (25)
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where C is the number of correctly classified samples, and
T is the total number of samples.

3 Results and analysis

3.1 Construction of LSTM model

At present, correct drought prediction for Tibet (sparse
weather stations) in southwest China still remains a chal-
lenge. In our previous study, we compared the applicability
of SPEI and meteorological drought composite index (MCI)
for drought monitoring in southwest China and demon-
strated a higher monitoring performance of SPEI for
Tibet than MCI [32,64,65]. The MCI, developed by the
National Climate Center by integrating several drought
indices, has already been used in China’s meteorological
businesses. So, this study used the SPEI values calculated
from weather station observations in southwest China
from 1980 to 2019 as input parameters to construct an
LSTM model in Python. The total sample is 480 monthly
SPEI values of 144 meteorological stations. The training set
was generated by randomly selecting two-thirds of the
total sample, and the remaining one-third of the sample
constituted the test set. The optimal model was built based
on the aforementioned dataset division. Droughts were
predicted for the year 2020 based on the SPEI values. The
LSTM model obtained was then subjected to parameter
tuning by the method of 5-fold cross-validation to deter-
mine the optimal parameters in the training set, as shown
in Table 2. Here, Ir was the learning rate, a parameter that
controlled the speed at which the model learned. If Ir was
too small, the model converged too slowly; if Ir was too
large, the model might not converge at all. In this study, Ir
was set to 0.008 to ensure normal convergence. Epoch is
the number of iterations for training the ML model with all
the training data in one cycle, with the best loss. A nonzero
dropout indicates the addition of a dropout layer following
any other layers except for the last LSTM layer. The

Table 2: Optimal parameters of the LSTM prediction model

Parameters  Meaning Optimal parameters
Ir Learning rate 0.008

Epoch Iterations 600

Dropout Forgetting layer 0.8

Input_size Number of input features 1

Output_size Number of output features 1
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corresponding dropout probability is represented by dropout,
with a default value of 0. It was set to 0.8 in this study to
prevent overfitting. The Input_size represents the number of
expected features in the input. As SPEI values were predicted
in a one-to-one manner, only one feature was present in the
input. Similarly, the output_size represented the number of
expected features in the output, and an SPEI value for the
year 2020 was the output for each input of the SPEI value.
Namely, a single-layer LSTM and a single-feature vector SPEI
were mainly used, and the final prediction time step was 12
months by setting a time-slip step to predict the next data
with every four-sample input, and eight samples were trained
at the same time each time.

Figure 3 shows the temporal variations in the SPEI
values obtained by training the LSTM model from 1980 to
2019 and the predicted SPEI values for 2020. The cyan line
(true values) represents the SPEI values calculated based
on 144 weather station observations in southwest China
from 1980 to 2019. The blue line (training predictive values)
represents the results from the training of the LSTM model.
The red line (test predictive values) represents the SPEI
values predicted by the model for 2020 from those between
1980 and 2019.

Figure 3 shows that the training results of the LSTM
model basically agreed with the SPEI values calculated
based on weather station observations. The two had a
similar variation trend, indicating that the LSTM model
correctly simulated the variation in SPEI values. Besides,
the LSTM model also predicted a sudden decrease between
2009 and 2010 which southwest China encountered extreme
drought once in a century, demonstrating the reliability of the
training results. However, we also found that the training
results were smaller than SPEI values calculated based on
weather station observations, and the former changed less
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significantly. This was probably because the model had a
worse learning ability for samples with a smaller proportion
(such as severe drought and extreme drought), but a stronger
ability in learning the overall trend. Generally speaking, the
model-predicted variation trend of SPEI values for 2020 was
similar to the variation in SPEI values calculated based on
weather station observations.

3.2 LSTM model accuracy evaluation

We first compared the SPEI values calculated based on
weather station observations against the actual drought
statistics for 2020 [66] before comparing the LSTM-pre-
dicted SPEI values against the SPEI values calculated based
on weather station observations to improve the model pre-
diction accuracy. In this way, we determined whether the
SPEI values calculated based on weather station observa-
tions correctly reflected the actual spatial distribution of
drought in southwest China in 2020. Table 3 shows the actual
drought situation in southwest China in 2020. Figure 4 shows
the results of spatial monitoring of droughts based on a
monthly-scale SPEI following drought grade classification
in Table 1 and by performing spatial interpolation using
SPEI values calculated based on 144 weather station obser-
vations in southwest China in 2020.

Figure 4 shows that drought was infrequent in the
entire southwest China in January and February. However,
a severe drought hit Yunnan, Sichuan, and eastern Tibet in
March. The entire Yunnan was struck by a drought of mod-
erate severity and above. Severe and extreme drought
affected southwestern Sichuan, while mild and moderate
drought occurred in eastern Tibet. The drought was
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Figure 3: Average time changes of SPEI on calculating values based on 144 weather stations from 1980 to 2019, training values from 1980 to 2019, and

predictive values in 2020 based on the LSTM model.
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Table 3: Actual drought conditions in 2020 in southwest China

Tibet

Chongqing

Guizhou

Yunnan

Sichuan

Region

Little precipitation in Ngari

Fast worsening drought in May Drought occurring in most regions of the Fast worsening drought from early Fast worsening drought in May and

Drought
situation

Prefecture in the western part
since July, with drought of

May to the second 10 day period of June, with drought relieved from the

central part, southern region of the

and June, with drought

second 10 day period of June to

northwestern part, and western region of June, with drought relieved from

relieved from the second 10

moderate severity and above in

the second 10 day period of June to early July

early July

day period of June to early July the southeastern part from January to

some regions; severe drought in
Shiquanhe Town and Purang

June; severe drought, particularly in

spring in the central and southern parts,

County; severe drought in the

reaching the peak at the end of May;
gradually increasing precipitation in July,

with drought gradually relieved in the

western and central parts of Tibet

from September to October

western part; the drought persisting into
the first 10 day period of August in the

central and eastern parts; severe winter

drought at the end of the year
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relieved in southwest China in April, but worsened in
Yunnan in May and June. Moderate-to-severe drought
occurred in southern Yunnan, and moderate drought in
Sichuan and Chongqing. The drought was lessened in the
Sichuan-Chongging region in June. The drought appeared
in western Tibet in July and worsened over time. Most parts
of Tibet were inflicted by extreme drought in October, and
the drought severity peaked in this month. The drought was
relieved in November and December. From July to October,
the drought was also relieved in Yunnan, Guizhou, Sichuan,
and Chongqing. A drought of moderate severity and above hit
extensive regions of Yunnan, Sichuan, Guizhou, and Chongging in
November. The drought disappeared in Guizhou and Chongging
in December, while severe drought hit southern Yunnan
and western Sichuan. As shown by actual drought statistics
in Table 3, drought mainly occurred in Yunnan as far as
southwest China was concerned. The spring drought was
particularly severe and extensive in Yunnan, reaching its
peak at the end of May. The drought was gradually relieved
by rainfalls in June and July, although it persisted into
August in central and eastern Yunnan. Severe drought
recurred in Yunnan at the end of 2020. In Sichuan, Guizhou,
and Chongqing, drought mainly occurred in May and June
and was basically relieved in July. Starting from July, wes-
tern Tibet was hit by a drought of moderate severity and
above. Drought was severe in western and central Tibet in
September and October. A combined analysis of Figure 4
and Table 3 shows that the monthly drought-grade moni-
toring based on SPEI values calculated from weather station
observations generally agreed with the spatial distribution
of the actual drought situation. This indicated that SPEI
enabled effective and correct monitoring of drought grades
and distribution in southwest China. Therefore, we could
reliably compare the SPEI values calculated from weather
station observations against the drought monitoring results
from the LSTM model to assess model accuracy.

In this study, five indicators, namely, R?, RMSE, EVS,
NSE, and KGE, were chosen as the accuracy assessment
indicators of the LSTM model. The values of these five
indicators are listed in Table 4.

Table 4 demonstrates that when two-thirds of the sam-
ples from 1980 to 2019 were used as the training set and the
remaining one-third as the test set, the model yielded more
favorable training results. The R* value for the predicted
SPEI on the test set, compared to the 1 month scale SPEI
(SPEI-1) calculated from weather station observations, was
0.757, indicating a significant correlation. Additionally, the
RMSE and EVS on the test set were 0.210 and 0.802, respec-
tively. The small RMSE and EVS values close to 1 indicate
high prediction accuracy and strong agreement with actual
observations. The NSE was 0.761, falling within the range of
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0.7 to 0.9, which signifies great prediction success. The KGE
was 0.212, a value greater than 0 and less than 1, suggesting
a certain level of reliability in the model predictions.
Overall, the model exhibited a good prediction perfor-
mance. The training results of the LSTM model on the
training set shared a similar variation trend as the actual
observations, thus indicating that the model predictions
were generally reliable.

Table 4: Predictive accuracy evaluation results of the LSTM model

Accuracy assessment indicators Value
R 0.757
RMSE 0.210
EVS 0.802
NSE 0.761
KGE 0.212
Total consistency rate of drought grade 59.26%

3.3 RF benchmark model construction and
comparative analysis

An RF benchmark model was constructed using the same
data and dataset partitioning method. Table 5 details the
optimal parameters for the final RF prediction model.
Table 6 provides the accuracy evaluation results using
the five metrics: R, RMSE, EVS, NSE, and KGE.
Comparing the results presented in Table 6 with those
in Table 4, it was observed that in the test set, the accuracy
evaluation indices were as follows: 0 < R < 0.757, 0 < RMSE
and 0.210 < RMSE, 0 < EVS < 0.802, NSE < 0 and NSE < 0.761,
0 < KGE < 0.212. The RF model demonstrated relatively
poor performance overall, whereas the LSTM model exhib-
ited superior evaluation performance compared to the RF
model. This discrepancy is considered to be potentially
related to the smaller number of features selected and
the shorter time scale of the time series studied. Given
that drought events inherently involve temporal depen-
dencies and that LSTM model is better suited for handling
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Table 5: Optimal parameters of the RF prediction model

Prediction and assessment of meteorological drought in southwest China

-—_ 1"

Parameters Description Optimal value
Max_features Maximum features per decision tree “auto”
Bootstrap Whether sampling is performed with or without replacement True

Criterion Criteria for evaluating split quality mse
Max_depth Tree depth limit 2
Min_samples_split Minimum samples for node splitting 2
Min_samples_leaf Minimum samples per leaf node 3

n_Estimators Total number of decision trees 69

Table 6: Predictive accuracy evaluation results of the RF model

Accuracy assessment indicators Value
R? 0.350
RMSE 0.409
EVS 0.017
NSE -0.036
KGE 0.044
Total consistency rate of drought grade 40.10%

time-series data with long-term dependencies, the predic-
tion performance of LSTM is relatively better.

3.4 LSTM model comparison and validation

The consistency rate of each drought grade was estimated
based on LSTM-predicted SPEI-1 for 2020 and the SPEI-1
values calculated from weather station observations for
2020. However, the consistency rates of drought grades
are affected by the total sample size, distribution of dif-
ferent drought grades at each weather station, and the

0.9
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-0.3 1
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R®=0.567

09
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LSTM

one-to-one single feature prediction. Our analysis showed
that the total consistency rate of drought grade was high,
the value being 59.26% (Table 4). Specifically, the consis-
tency rate was highest for no drought, which was 75.68%.
The consistency rate was more than 50% for mild and
moderate drought, and it was 42.56% for severe drought.
It was the lowest for extreme drought, which was only
24.32%. In comparison, the RF model achieved a lower
overall consistency rate of 40.10% (Table 6), further high-
lighting the superior predictive reliability of the LSTM
model.

Figure 5 shows the scatter plots of the SPEI-1 values
predicted by the LSTM and RF models compared to those
calculated by meteorological stations for the year 2020.

The scatter plot in Figure 5 showed that the prediction
accuracy of both models for 2020 was suboptimal, with the
SPEIl index displaying a comparatively narrow value range.
However, the LSTM model outperformed the RF model
significantly in terms of prediction accuracy. The under-
lying reasons can be analyzed as follows: first, the calcula-
tion was based not on the SPEI-1 values from a single
meteorological station, but on the averaged SPEI-1 values
across 144 meteorological stations in southwest China,
resulting in a more compressed value range. Second, the
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Figure 5: Scatter plots of SPEI-1 values predicted by the LSTM and RF models compared to the true values for 2020.
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data used comprised single-feature SPEI-1 sample data
derived from these 144 stations from 1980 to 2019. The
limited number of samples, coupled with the selected fea-
ture variable, reduced the predictive robustness, particu-
larly given the scarcity of learning samples representing
extreme and severe droughts over this 40 year span. In 2020,
some regions and seasons in the southwest China experi-
enced extreme drought and severe drought events, which
considerably impacted the models’ predictions, shifting the
predicted value range toward the more frequent no drought
and mild drought cases. Finally, the 2020 prediction was
based on only 12 months of data, which limited the models’
learning potential and leaded to less pronounced results.
However, due to the LSTM model’s ability to retain long-
term information through its memory units and capture
temporal dependencies across extended sequences, it is
better suited to predicting long-term patterns, explaining
its superior performance compared to the RF model.

Additionally, a Kruskal-Wallis test was performed to
statistically compare the predicted values with the observed
values. The Kruskal-Wallis test is a non-parametric method
used to assess whether two or more samples originate from
the same probability distribution. The results of this test for
both models are presented in Table 7. As illustrated in the
table, the Hy hypothesis was rejected for the predictions of
both models using the SPEI-1 data. This result indicates that
there was no significant difference between the distribu-
tions of the predicted and observed data.

Figure 6 shows the temporal variations in the SPEI
values calculated from weather station observations in
southwest China for 2020 and those in SPEI values pre-
dicted using the LSTM model for 2020.

Figure 6 presents that the LSTM-predicted SPEI values
for 2020 shared a similar variation trend with the SPEI
values calculated from weather station observations. A
decreasing trend was observed for both, indicating an arid
trend in southwest China in 2020. Except for November, the
monthly variation trends of SPEI values were basically
the same, but the specific SPEI values differed significantly.

Table 7: P-values of Kruskal-Wallis test at 95% significance level
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Figure 6: Average temporal changes in SPEI values between LSTM model
prediction and calculation based on 144 meteorological stations in 2020.

The model predictions revealed smaller SPEI values but
more steady variations. According to the drought-grade clas-
sification based on SPEI values in Table 1, the drought
grades were normal in all 12 months. However, a milder
drought was indicated for November due to significant
intermonthly variations in SPEI values calculated from
weather station observations. A larger difference between
the results of the two methods might be due to the accumu-
lation of errors as the prediction proceeded. Besides, a
milder change in SPEI values for the prior time step might
affect the predicted value of the next time step. Neverthe-
less, the variation trends obtained by the two methods were
similar to those in Figure 3. That is to say, the LSTM model
could reflect the future variation trend of drought in south-
west China to a certain degree and therefore had certain
reliability. Figure 7 shows the results of spatial interpolation
of the correlation between the two.

Figure 7 shows that the CCs were above 0.5 for most
regions. The degree of correlation was higher in Tibet and
Sichuan. Particularly, the CCs exceeded 0.6 in western
Tibet and Chengdu Plain. However, the degree of correla-
tion was lower in the junction between Chongging and

35°NA

30°NA

Models SPEI-1 Legend
Correlation coetﬁciem/)‘/\vll,_
p value *Ho 25°NA %;0330 4
o 0.862 Reject Egigi 0 300 600
RF 0.967 Reject 06 ——— Km
80°E 90°E 100°E 110°E

Ho: There are differences between mean predicted and measurement
values.
* indicates passing the significance level test of 0.05.

Figure 7: Spatial correlation distribution of SPEI-1 values between LSTM
model prediction and calculation based on meteorological stations in 2020.
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Guizhou, and the CCs were below 0.4. This was probably
because the junction between Guizhou and Chongqging was
dominated by hilly terrain, resulting in smaller variations
in the SPEI-1 values and lower prediction accuracy. The CCs
were generally above 0.4 in Yunnan. The significance test
for the correlation between the results of the two methods
indicated a significant correlation at more than one half of
144 weather stations. The aforementioned results demon-
strated the reliability and applicability of the LSTM model
in SPEI predictions. However, the degree of correlation and
the significance level between the results of the two methods
might be strongly related to the number and spatial distribu-
tion of weather stations in the study area.

4 Discussion

Conducting a series of studies on drought monitoring,
assessment, and prediction has become a hot issue of
immense global concern and is of great practical signifi-
cance [6]. ML is a powerful and widely used technique for
prediction models. However, on the condition of Big Data,
DL is considered a better solution. Currently, data-driven
models represented by DL are also being widely used in
time-series prediction and simulation of drought [43].
From 1980 to 2019, the R? value of the predicted SPEI
using the LSTM model on the test set relative to SPEI cal-
culated from weather station observations was 0.757, indi-
cating a significant correlation. RMSE was small, EVS was
close to 1, the value of NSE ranged between 0.7 and 0.9, and
KGE was close to 0, with values being 0.210, 0.802, 0.761,
and 0.212, respectively. The Kruskal-Wallis test revealed
no significant difference in the distributions between the
predicted and observed data. The predicted SPEI values for
2020 basically coincided with the SPEI values calculated
from weather station observations. Except for November,
the variation trends of SPEI for other months were basi-
cally consistent using the two methods. The scatter plot of
the LSTM model for 2020 was clearly superior to that of the
benchmark RF model. The spatial CCs for most regions
were high and more than 0.5 for the two methods, but
lower in other regions (less than 0.3). The total consistency
rate for all drought grades was not very high, the value
being 59.26%. Particularly, the consistency rate was low for
severe drought (42.56%) and extreme drought (24.32%),
which might be explained by the following reasons: (1)
the samples available for learning were few. In the present
study, the monthly SPEI values in 40 years from 1980 to
2019 were used, and approximately 480 samples were eval-
uated. Severe and extreme drought events were very rare
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during this period, leading to inadequate learning of severe
and extreme drought; (2) few learning elements were pre-
sent as model inputs. One-to-one time-series prediction was
performed during the learning process. In this study, we
only performed a simulated prediction based on monthly
SPEI values from 1980 to 2019 without considering other
influencing factors. For this reason, the learning ability
and accuracy of the model were affected to some degree.
Besides, during one-to-one cyclic time-series prediction, the
longer the prediction time, the lower the prediction accu-
racy due to the inherent problems of the model. This fact
gave rise to randomness and uncertainty; (3) errors accu-
mulated during model predictions. A milder change in
SPEI values for the prior time step might affect the pre-
dicted value for the next time step; and (4) the number
and spatial distribution of weather stations within the
study area and the distribution of different drought
grades at each weather station also impacted errors.
Comprehensively speaking, the LSTM model constructed
in this study had a high prediction accuracy, and the
predicted values were close to actual observations. The
predicted values somewhat reflected the future varia-
tion trend of drought in southwest China.

In addition, the data of SPEI with a 1 month timescale
changed relatively fast and fluctuated more. Hence, the
predicted values of LSTM for the 114 meteorological sta-
tions were different from the true SPEI values on the 1
month timescale, which was also consistent with the conclu-
sion reached by Xu et al. [67]. When the timescale increased,
the data series tended to be smooth and the prediction
accuracy of the LSTM model gradually improved [6]. This
study only discussed meteorological drought for 1 month
scale SPEL Therefore, the drought prediction results of the
LSTM model on more timescales require further analysis,
comparison, and discussion.

Compared to other similar studies, this study has the
following features: (1) DL methods are currently seldom
used for drought prediction in southwest China, making
our study a significant contribution for similar regions;
(2) while most studies using ML for drought prediction
focus on one or a few weather stations, our research
uses data from 144 weather stations. We performed a com-
prehensive average analysis and assessed the consistency
of drought predictions across different intensity levels at
all stations; and (3) in evaluating the LSTM model, we not
only calculated five performance metrics but also analyzed
scatter plots, conducted the Kruskal-Wallis test, compared
results with a benchmark RF model, performed correlation
analysis, and compared predictions with actual drought
events. This approach makes our study more thorough
and comprehensive than others.
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5 Conclusions

Accurate prediction of drought can effectively reduce the
risk of drought. However, drought is difficult to predict
and is considered one of the severest natural disasters.
Particularly, drought prediction can be highly challenging
in regions with complex terrain, topography, and forma-
tive factors of weather and climate and where weather
stations are sparsely distributed. However, the data-driven
DL method can be used to mine drought features from
different perspectives and can improve the generalization
ability and accuracy of drought prediction. The present
study focused on southwest China where drought disasters
occur frequently and at high intensity. The LSTM predic-
tive model was constructed by calculating SPEI values
based on 144 weather station observations from 1980 to

2020. The performance of the model was comprehensively

assessed and validated in various ways. The conclusions of

the study were as follows.

(1) The training results of the LSTM model basically agreed
with the SPEI values calculated based on weather station
observations. The LSTM model also predicted a sudden
decrease between 2009 and 2010 which southwest China
encountered extreme drought once in a century. The
model-predicted variation trend of SPEI values for
2020 was similar to the variation in SPEI values calcu-
lated from weather station observations.

(2) Monthly drought-grade monitoring based on SPEI values
calculated from weather station observations generally
agreed with the spatial distribution of the actual drought
situation in 2020. This indicated that we could reliably
compare the SPEI values calculated from weather station
observations against the drought predicting results from
the LSTM model to assess model accuracy.

(3) The R? value of the predicted SPEI by LSTM model on
the test set relative to the SPEI calculated from weather
station observations was 0.757. The values of RMSE, EVS,
NSE, and KGE were 0.210, 0.802, 0.761, and 0.212, respec-
tively. The total consistency rate of drought grade was
59.26%. Furthermore, the Kruskal-Wallis test confirmed
that there were no significant differences between the
distributions of the predicted and observed data. The
LSTM model predictions were generally reliable.

(4) Compared to the benchmark RF model, the LSTM
model excelled in all five performance evaluation
metrics and demonstrated a higher overall consistency
rate for drought categories. The Kruskal-Wallis test for
the RF model also indicated no significant difference in
the distributions between the predicted and observed
data. Scatter plots revealed that the prediction accuracy
of both the LSTM and RF models for 2020 was suboptimal,
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with the SPEI showing a comparatively narrow range of
values. Nonetheless, the LSTM model significantly outper-
formed the RF model in terms of prediction accu-
racy, providing more accurate and reliable drought
predictions.

(5) The spatial correlation distribution of SPEI values between
LSTM model prediction and calculation based on meteor-
ological stations in 2020 was above 0.5 for most regions.
The CCs exceeded 0.6 in western Tibet and Chengdu
Plains.

The LSTM model demonstrated a significant improve-
ment in drought prediction performance compared to the
benchmark RF model. However, to reduce model complexity
and enhance computational efficiency, this study used only
a single feature for drought prediction and employed data
with a time span of only 20 years. This limited sample size
and number of features may impact prediction accuracy.
Therefore, based on the analysis and discussion above, it
is recommended to adopt the following approaches to
further improve drought prediction in southwest China
and enhance the model’s accuracy, robustness, and general-
ization capability. Increasing the number of samples and
incorporating additional variables related to drought causes
into the LSTM model could be beneficial. Utilizing the food
and agriculture organization-united nations Penman-
Monteith method for estimating PET can provide more accu-
rate calculations of the SPEI. Additionally, integrating or
hybridizing the LSTM model with other statistical models,
traditional ML models, and DL models could leverage the
strengths of various approaches, mitigate potential biases,
and improve overall prediction accuracy [68].
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