
Journal of Hydrology 624 (2023) 129924

Available online 18 July 2023
0022-1694/© 2023 Elsevier B.V. All rights reserved.

Research papers 

Spatiotemporal characteristics and forecasting of short-term meteorological 
drought in China 

Qi Zhang , Chiyuan Miao *, Jiaojiao Gou , Haiyan Zheng 
State Key Laboratory of Earth Surface Processes and Resource Ecology, Faculty of Geographical Science, Beijing Normal University, Beijing 100875, China   

A R T I C L E  I N F O   

Keywords: 
Drought forecasting 
SPEI 
ConvLSTM 
Flash drought 
China 

A B S T R A C T   

Intense short-term meteorological drought may lead to rapid declines in soil moisture, triggering flash drought 
that can cause major agricultural or socioeconomic damage. Machine learning methods have proven effective in 
forecasting hydrometeorology, but short-term drought forecasting is still inadequate. We developed a pentad- 
time-scale (5-day) standardized precipitation evapotranspiration index (SPEI-5d) to quantify short-term mete
orological drought and analyzed its spatiotemporal distribution characteristics in China during the period 
1962–2018. We used historical SPEI-5d as input and employed five machine learning methods for drought 
hindcasting: an autoregressive integrated moving average (ARIMA), random forest (RF), recurrent neural 
network (RNN), long short-term memory (LSTM), and convolutional long short-term memory (ConvLSTM). The 
results show the following: (1) During the period 1962–2018, 61.9% of the study region showed decreasing 
trends in drought severity, while 69.6% of the region showed increasing trends in drought intensity. (2) Drought 
duration, severity, and intensity have distinct seasonal characteristics, and different forecasting models perform 
differently in each season, with generally lower forecasting accuracy in summer and higher forecasting accuracy 
in winter. (3) The ConvLSTM model can capture spatiotemporal information well compared to traditional time- 
series forecasting models; it has the best performance (root mean square error = 0.29, and Nash-Sutcliffe effi
ciency = 0.92) in the test set and has high forecasting accuracy (R2 > 0.8) for lead times of 1–5 days (with 
accuracy decreasing as lead time increases). Our findings highlight the spatiotemporal variability of short-term 
meteorological drought and provide valuable scientific insights for short-term meteorological drought fore
casting at 1–5 days of lead time.   

1. Introduction 

Drought is an extreme phenomenon caused by the imbalance of 
water supply and demand (Jiao et al., 2021; Lesk et al., 2021), and in the 
context of global climate change, extreme climate events such as 
drought are becoming more frequent (Chiang et al., 2021). According to 
the Food and Agriculture Organization of the United Nations (FAO), 
droughts cause an average of US$250–300 billion in economic losses per 
year, and the frequency and magnitude of these losses will continue to 
increase (Xu et al., 2021a). Drought formation and evolution processes 
are very complex due to the participation of multiple drivers, involving 
meteorology, hydrology, and subsurface composition, making it hard to 
accurately and promptly identify drought and to plan coping strategies 
and preventive measures (Buttafuoco et al., 2015). 

Droughts are usually classified into four types: namely, meteoro
logical drought, hydrological drought, agricultural drought, and 

socioeconomic drought (Mishra and Singh, 2010). The evolution of 
drought involves a complex process of precipitation deficit, where 
meteorological drought arises due to anomalous meteorological condi
tions of insufficient precipitation and expanding evaporative demand, 
leading to the depletion of soil moisture and then eventually developing 
into an agricultural and hydrological drought (Xu et al., 2021b; Miao 
et al., 2022). Extreme climate phenomena have become more frequent 
in recent years due to global warming (Paprotny et al., 2018; Thirumalai 
et al., 2017; Zhao, 2020), and flash drought (a critical sub-seasonal 
phenomenon; Qing et al., 2022; Jong et al., 2022) has received 
increasing attention as drought research has rapidly developed. Unlike 
slowly developing droughts, flash drought is characterized by a sudden 
intensification within one or a few weeks and can quickly cause 
devastating socioeconomic impacts (Mukherjee and Mishra, 2022). In 
recent years, flash droughts have caused substantial damage worldwide 
(Christian et al., 2021), and they are more unpredictable than traditional 
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droughts due to their rapid development. Flash drought is usually 
assessed based on soil moisture (Wang and Yuan, 2021; Zhang et al., 
2021), mostly on a pentad scale (5 days; Yuan et al., 2019; Gong et al., 
2022). After a period of time (referred to as propagation time; Warter 
et al., 2021), meteorological drought effects may lead to a rapid decline 
in soil moisture and develop into a flash drought, but the recent studies 
focused on short-term meteorological drought seems to be insufficient. 

Drought indices are commonly used to assess and monitor the 
spatiotemporal distribution characteristics of drought (Zhang et al., 
2022a). The standardized precipitation index (SPI; McKee et al., 1993) 
and the standardized precipitation evapotranspiration index (SPEI; 
Vicente-Serrano et al., 2010) have been commonly used as meteoro
logical drought indices. SPEI takes into account the effect of potential 
evapotranspiration on the basis of SPI and has different characteristics at 
a different temporal scales; for example, a 12-month SPEI is usually used 
to characterize interannual variation (Schreiner-McGraw and Ajami, 
2021), the 6-month scale can measure drought in the crop growing 
season (April to September; Potop et al., 2014), and the 3-month scale is 
mostly used to describe the seasonal variation of drought (Xu et al., 
2021). Since meteorological drought occurs earlier than other types of 
droughts, quantitative analysis and forecasting of meteorological 
droughts can help reduce the economic losses caused by agricultural or 
hydrological droughts. An increasing number of studies in recent years 
have focused on monitoring and forecasting of short-term drought, 
including flash drought (Fundel et al., 2013; Hosseini-Moghari and 
Araghinejad, 2015). Yuan et al. (2019) suggested that under sunny and 
less cloudy weather conditions, strong solar radiation increases the po
tential evapotranspiration capacity and even causes an increase in actual 
evapotranspiration at the beginning of a drought, resulting in a rapid 
decrease in soil moisture and thus triggering the occurrence of flash 
drought. Wang et al. (2021) developed the daily-scale SPEI, which can 
be more sensitive to monitoring daily changes compared to the 

conventional SPEI. Any index of short-term meteorological drought 
should account for both rapid intensification (i.e., the flash; Otkin et al. 
2018) and drought conditions that will persist for a period of time (Gou 
et al., 2022). Forecasting short-term meteorological drought can help to 
provide early warnings and prevent the detrimental effects of flash 
drought. 

Drought forecasting has a pivotal role in providing early warning of 
drought, which is intended to mitigate drought effects that could cause 
agricultural loss (Alawsi et al., 2022; Fung et al., 2020; Yuan et al., 
2017); for example, Liang and Yuan (2021) identified the importance of 
initial soil moisture in forecasting flash drought by incorporating the 
global Weather Research and Forecasting model. Hao et al. (2018) 
reviewed some of the commonly used drought forecasting methods, 
including data-driven models (Xu et al., 2020), regression models (Sun 
et al., 2012), conditional probability models (Hao et al., 2016), machine 
learning algorithms (Xu et al., 2022), and others, each of which has 
advantages and disadvantages. For example, among the data-driven 
models, the autoregressive integrated moving average (ARIMA) model 
has better performance in long-term drought forecasting (Belayneh 
et al., 2014), but it has poor performance in capturing nonlinear features 
(Kim et al., 2022; Wang, 2022). Machine learning is now an important 
part of data-driven research in the earth sciences (Ham et al., 2019; 
Reichstein et al., 2019) involving the atmosphere (Retsch et al., 2022; 
Shen et al., 2018), land surface (Liu et al., 2022; Zhang et al., 2022b; 
Zheng et al., 2022), and oceans (Asgarimehr et al., 2022; Chen et al., 
2019), and it has evolved rapidly over the past decade. In particular, 
developments in meteorology (such as random forest [RF] models) are 
widely used and address many problems in earth sciences and remote 
sensing (Gislason et al., 2006). These machine learning forecasting 
methods are usually divided into two main categories: time-series 
forecasting models and spatiotemporal forecasting models (Park et al., 
2020). Artificial neural networks (ANNs) were widely adopted for time- 

Fig. 1. Distribution of 2,419 meteorological stations in mainland China.  
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series forecasting and can capture the nonlinear information from data, 
but due to the large number of parameters in the training process and the 
long training time, they are starting to be replaced by other nonlinear 
models, such as recurrent neural network (RNN) models (used for short- 
term-memory-based tasks, insensitive to older data; Le et al., 2017). To 
enable long-term forecasting, RNN models were used as a basis to 
develop the long short-term memory (LSTM) model, which can be un
derstood simply as a kind of RNN with more complex neurons (Dikshit 
et al., 2021). However, traditional time-series forecasting methods have 
difficulty dealing with relationships among spatially related data, 
because they are usually based on time series of point data as inputs. 
Convolutional neural network (CNN) models can extract picture features 
and use convolutional kernels to consider the relationships of nearby 
elements compared to traditional time-series models (Krizhevsky et al., 
2017; Oquab et al., 2014). Ham et al. (2019) used transfer learning to 
train a CNN model to forecast the latitudinal distribution of sea surface 
temperature and found that the weaknesses of the dynamic forecasting 
model were overcome and satisfactory results were achieved. The 
coupling of CNN and LSTM models (i.e., convolutional long short-term 
memory; ConvLSTM) proposed by Shi et al. (2015) can capture both 
temporal and spatial features of the data; this model is prominent in 
precipitation nowcasting but is seldom applied in short-term meteoro
logical drought forecasting. 

In recent years, despite the frequent occurrence of flash drought, 
existing studies have mainly focused on drought forecasting at long time 
scales, while analysis and forecasting at short time scales have not 
received as much attention, and spatial relations and connections among 
data are usually neglected in the forecasting methods. Therefore, we 
calculated a pentad-scale (5-day) SPEI (SPEI-5d) to characterize the 
cumulative impact of short-term meteorological drought, and we 
compared the use of ARIMA, RF, RNN, LSTM, and ConvLSTM models to 
forecast SPEI-5d. This paper aims to address the following questions: (1) 
What are the spatiotemporal distribution characteristics of short-term 
meteorological drought in China? (2) Which model is most suitable for 
forecasting short-term meteorological drought? (3) What are the dif
ferences in the spatiotemporal characteristics and forecasting effects of 
short-term meteorological drought for each season? 

2. Material and methods 

2.1. Data and drought index 

Observed daily data were acquired from the China Meteorological 
Administration (https://data.cma.cn/) for precipitation, maximum 
temperature, mean temperature, minimum temperature, wind speed, 
and sunshine duration from 1962 to 2018 at 2,419 meteorological sta
tions (Fig. 1) in mainland China. 

We used the pentad scale (5 days) as the minimum time unit and 
calculated SPEI values by sliding forward one day at a time (Wang et al., 
2021a), and the resulting SPEI values are represented by SPEI-5d. For 
the calculation of potential evapotranspiration, we used the Penman- 
Monteith methods (Allen et al., 1998). According to recommendations 
from the literature (Stagge et al., 2015; Wang et al., 2021a), the calcu
lation of SPEI assumes a generalized extreme value (GEV) distribution. 
The detailed calculation formula can be found in the supplementary 
material, and drought classification is shown in Table S1. 

2.2. Drought definition and characteristics 

We computed the drought duration, severity, and intensity to 
describe and analyze drought characteristics (Bevacqua et al., 2021). We 
set the threshold value to − 0.5 (Wu and Chen, 2019), and an SPEI value 
below the threshold value is the beginning of the drought event, while 
SPEI returning to or exceeding the threshold represents the end of the 
drought event. Drought duration is defined as the length of time SPEI is 
continuously below the threshold, drought severity refers to the sum of 
the absolute values of SPEI during drought events, and drought intensity 
is the ratio of drought severity to drought duration (Fig. 2): 

Drought duration = tn − tp (1)  

Drought severity =
∑tn

tp
|SPEI| (2)  

Drought intensity =
Drought severity
Drought duration

(3)  

where tn and tp represent the end and beginning of a drought event, 
respectively. 

In addition, we used the Mann-Kendall trend test (M-K) method (Wu 
et al., 2018) to test for monotonic trends in time series; this test is widely 

Fig. 2. Schematic diagram demonstrating the identification of drought duration, drought severity, and drought intensity from the SPEI time series. Di and Ii, 
respectively, are drought duration and drought intensity for drought event i(i = 1, 2,⋯, L). 
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used in hydrometeorology, and the Z-value in the M-K test is usually 
used to determine whether the trend is consistently increasing or 
decreasing. We calculated the mean values of drought duration, drought 
severity, and drought intensity for each year from 1962 to 2018 and 
used M-K to obtain the annual trends. Trend significance was tested at 
the α = 0.05 (1.96 ≤ |Z| < 2.58) significance level. Positive values of the 
Z statistic indicate upward trends over the whole time series, whereas 
negative values of the Z statistic indicate downward trends over the 
whole time series. If a drought event spanned a natural year, we counted 
the event as belonging to the earlier year; for example, for the last 
drought event at the end of 2000 that extended into 2001, we counted it 
as a drought event for the year 2000. 

2.3. Forecasting models 

We used historical SPEI-5d data as input for the five models. The time 
span from 1962 to 2018 was divided into a training period (1962–2007), 
a testing period (2008–2017), and a one-year hindcast (2018) period, 
and the calculated SPEI-5d values from the periods 1962–2007 and 
1962–2017 were used as input data in the model to forecast the SPEI-5d 
in the testing period (2008–2017) and hindcast period (2018), respec
tively. The data were entered using two formats for model training 
(Fig. 3): (1) by traversing each pixel of the training set and inputting the 
data into the time-series forecasting models (ARIMA, RF, RNN, and 
LSTM); and (2) by inputting each image into the spatiotemporal fore
casting model (ConvLSTM). The early stopping method was used in this 
study to prevent overfitting (Xu et al., 2022). Given the model’s 
requirement for a complete time series as input, we evaluated the 
forecasting performance of the SPEI-5d series, which comprises both wet 
(SPEI > 0) and dry (SPEI < 0) components. However, to analyze 
drought-related factors such as duration, severity, and intensity, we 
restricted our analysis to the time series that met the criteria for dry 
conditions (SPEI < 0), as detailed in Section 2.2. In addition, we looked 
at the performance of the models in each month and each season of the 
test period; For example, when evaluating January, we chose the 
average of all the January months of the test period. And for the seasons, 
we defined winter as December–February, spring as March–May, sum
mer as June–August, and autumn as September–November. 

2.3.1. Autoregressive integrated moving average (ARIMA) model 
The commonly used methods for stochastic time-series analysis are 

divided into two categories: stationary time series and non-stationary 
time series. The autoregressive moving average model, ARMA(p,q), is 
composed of an AR(p) model and an MA(q) model for stationary time- 
series model forecasting from Box and Jenkins (1976). In contrast, 
non-stationary time series need to be modeled for forecasting by adding 
a d-difference step to ARMA(p,q) to form an ARIMA(p,d,q) model. The 
detailed calculation formula can be found in the supplementary mate
rial. ARIMA modeling usually consists of the following four steps:  

(1) Generating time series: We took the SPEI-5d from 1962 to 2018 in 
China as input and traversed each pixel element to generate 
multiple time-series data sets.  

(2) Stability testing: Since the ARIMA(p,d,q) model is a stationary 
time series ARMA(p,q) model obtained by d differencing, the 
stationarity of the time series should be judged before modeling, 
and we used the augmented Dickey-Fuller test (ADF) to deter
mine the stationarity.  

(3) Model determination: The autocorrelation function (ACF) and 
partial autocorrelation function (PACF) were used to determine 
the order for the ARMA(p,q) model (Fig. S1), while in the actual 
operation, since the program automatically traverses all pixels, 
the Akaike information criterion (AIC) and Bayesian information 
criterion (BIC) were used to automatically determine the order of 
the optimal model ARMA(p,q).  

(4) Model testing: The ARIMA model was tested by examining the 
independence of the residual series. We combined Q-Q plots 
(Fig. S1) and the normal distribution to test whether the residuals 
of the model were normally distributed with a mean of zero and 
constant variance, then we combined this information with the 
Ljung-Box test (Xu et al., 2020) to determine whether the model 
residuals were white noise. 

2.3.2. Random forest (RF) model 
A random forest (RF) is a supervised learning algorithm that con

structs multiple decision trees called forests and combines them for more 
accurate and stable forecasting (Feng et al., 2019; Gislason et al., 2006). 
The RF model mainly consists of two parts: a subset of training samples 

Fig. 3. The structure of a convolutional long 
short-term memory (ConvLSTM) network and 
processing workflow for the training of fore
casting models (ARIMA, LSTM, RNN, RF, and 
ConvLSTM). Here, Xt , Ct , and ht refer to the 
input, internal, and external states, respec
tively, at time t. Wx and Wh are the weight 
matrixes for the variable Nt . BN represents the 
batch normalization operation. σ and tanh are 
sigmoid and hyperbolic tangent activation 
functions, respectively. The variables ft , it , and 
ot represent the forget gate, input gate, and 
output, respectively. The elementwise multi
plication of two vectors is denoted by ⨂ and 
addition by and b is the corresponding biases.   
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and a sub-category model. The training sample subsets are obtained 
from the original training set by simple random sampling (bootstrap 
random sampling), and the sub-category model is generally a decision 
tree algorithm. Based on M sets of training samples, M sub-forecast 
models can be constructed; based on each sub-forecast model, a corre
sponding forecast result can be obtained, and then M forecast values can 
be obtained. RFs can be used for classification as well as for regression. 
The main difficulty is in the selection of decision tree types, because 
specific classes of decision trees are chosen according to the specific 
task. For a classification problem, a test sample is sent to each decision 
tree for prediction and is then voted on, and the class with the most votes 
is the final classification result. For a regression problem, the forecasting 
result of the random forest is the mean of all decision tree outputs. 

2.3.3. Recurrent neural network (RNN) model 
Traditional neural networks do not take into account the effect of 

information from the previous moment on the current moment in fore
casting analysis, while RNNs can capture time series well and take into 
account the effect of the previous moment on the current moment due to 
their special self-looping structure (Le et al., 2017). An RNN is divided 
into an input layer, a hidden layer, and an output layer, where a 
recurrent network structure is added to the hidden layer as a memory 
unit and neuron nodes are interconnected. Therefore, the hidden layer 
neurons receive not only the output information of the neurons in the 
previous layer but also the output information of the neurons in this 
layer from the previous time step, forming a network structure with 
loops, which stores the information of each time step and transfers 
sequence information. The RNN structure and detailed formulas are 
shown in the supplementary material. 

2.3.4. Long short-term memory (LSTM) model 
The special feature of an LSTM compared with an RNN is that the 

structure of its hidden layer is more complex, and a cell state gate 
structure is added to control the flow of memory information to achieve 
long-term transmission and memory of information (Yang et al., 2019). 
Therefore, an LSTM model is more suitable than an RNN to deal with 
sequences with longer time information and can carry the information of 

longer time steps (Cui et al., 2022). In this study, the LSTM model has a 
chain structure similar to an RNN (Fig. S2) after unfolding, and the 
structure diagram of an LSTM model unfolded by time dimension is 
shown in Fig. S3. The core and cellular unit of the LSTM model are 
essentially different from those of an RNN. To handle control of the 
model information, three gate structures are constructed in the LSTM 
model: an input gate, forgetting gate, and output gate. The essence of the 
gate structure is a fully connected layer with a built-in activation func
tion to filter the information and let the current information pass 
selectively. The input is a feature vector, and the output is a probability 
value with a value range of [0, 1]. The details of the LSTM structure 
(including hidden layer; Fig. S4) and formulas are shown in the sup
plementary material. 

2.3.5. Convolutional long short-term memory (ConvLSTM) model 
The ConvLSTM model is one of the learning models specifically 

designed for spatiotemporal sequences and is a combination of CNN and 
LSTM models. Shi et al. (2015) changed the computation of the internal 
state and state transfer of neurons from a matrix multiplication opera
tion to a convolutional computation, enabling the ConvLSTM model to 
capture not only temporal correlations but also spatial features like a 
convolutional layer. 

The input structure of the model is shown in Fig. 4a. It is assumed 
that the network of M*N constitutes a dynamic system in the specific 
spatial region, and M, N denotes the number of rows and columns of 
lattice points, respectively. Each SPEI-5d map contains not only the 
numerical values but also the physical characteristics of the pixel at the 
current moment, while P denotes the scale of each pixel (i.e., the 
dimension of the physical quantity). The information observed at each 
time point can be considered to be a P*M*N tensor, denoted by X, and 
the sequence in a period of observation time is denoted by {X1,X2,⋯,

Xn}. The spatiotemporal sequence forecasting uses the sequence 
composed of the first J tensor to forecast the sequence composed of the 
next K tensors with the following equation: 

X̃t+1,⋯, X̃t+K = arg max
Xt+1 ,⋯,Xt+K

p(Xt+1,⋯,Xt+K |X̂ t− J+1, X̂ t− J+2,⋯, X̂ t) (4) 

Fig. 4. Input data structure and internal structure of the ConvLSTM model. Figure adapted from Shi et al. (2015).  
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Similar to the LSTM, the ConvLSTM model uses a gate unit to control 
the current input, which can be seen as a fusion of convolution and 
LSTM. The internal structure of the single-layer ConvLSTM is shown in 
Fig. 4b. The inputs X, C (cell output), and H (the hidden layer) are three- 
dimensional data, and the dashed lines in Fig. 4b indicate the use of 
convolution operations to pass the inputs X, C, and H from the previous 
moment. 

The internal gate unit of ConvLSTM is connected in the same way as 
in LSTM, although LSTM uses a fully connected approach, while 
ConvLSTM uses a convolutional approach to extract features. The 
external structure of the ConvLSTM is shown in Fig. 3 and uses the 
following equations: 

it = σ(Wxi*Xt + Whi*Ht− 1 + Wci
◦Ct− 1 + bi) (5)  

ft = σ(Wxf *X + Whf *Ht− 1 + Wcf
◦Ct− 1 + bf ) (6)  

Ct = ft
◦Ct− 1 + it

◦tanh(Wxc*Xt + Whc*Ht− 1 + bc) (7)  

Ot = σ(Wxo*Xt + Who*Ht− 1 + Wco
◦Ct + bo) (8)  

Ht = Ot
◦tanh(Ct) (9)  

where σ denotes the sigmoid activation function, ◦ denotes the corre
sponding element of the matrix is multiplied, and * denotes the convo
lution calculation. The information is passed through the forgetting gate 
ft to decide whether to continue to pass it backward. The information 
that continues to be passed flows into the input gate, and the informa
tion that needs to be updated is updated through the tanh layer. The 
convolution calculation is done for Xt , Ht− 1, respectively combined with 
Ct− 1 to get Ht and Ct, and the result Xt+1 is convolved to get Ht+1 and 
Ct+1. The training phase of the ConvLSTM model uses supervised 
learning; the output of the network is obtained by forward propagation, 

Fig. 5. (a, c, and e) Annual average drought duration, severity, and intensity from 1962 to 2018 in China. (b, d, and f) Annual average drought duration, severity, 
and intensity spatial trends from 1962 to 2018 in China; black dots are locations that pass the significance test (α = 0.05); “(+)” indicates the percentage of area with 
increasing trends and “(–)” indicates the percentage of area with decreasing trends. 
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and the parameters of the network are updated by back propagation. 
The details and formulas of forward propagation and backward propa
gation of the ConvLSTM model are shown in the supplementary 
material. 

2.3.6. Models compared 
These five models are commonly used for time-series forecasting in 

various fields, such as meteorology and transportation. In terms of 
complexity, the ConvLSTM and LSTM models are more complex than 
RNN, ARIMA, and RF. These models share similarities in that they all 
require model tuning and evaluation for online learning. For example, 
the ARIMA model needs appropriate autoregressive and moving average 
selection; RF requires determination of the number of decision trees; and 
RNN, LSTM, and ConvLSTM require the right number of neurons. In 
terms of training time and model forecasting, ARIMA trains faster and 
works better for periodic data, while RF requires a large amount of 
training data to improve its accuracy. RNN, LSTM, and ConvLSTM have 
slower training times but provide better forecasting results for data with 
strong long-term dependencies. 

2.4. Evaluation indices 

We use Taylor diagrams (Taylor, 2001) to show the performance of 
the five models in the test set, which include standard deviation and 
correlation metrics to match observed and forecasted data. To evaluate 
the accuracy of the model in the test set, we used mean absolute error 

(MAE), mean squared error (MSE), root mean square error (RMSE), the 
ratio of RMSE to the standard deviation of the observations (RSR), the 
ratio of standard deviations (RSD), and the Nash-Sutcliffe efficiency 
coefficient (NSE). We used the coefficient of determination (R2) to 
evaluate the accuracy of the model for spatial distribution forecasting at 
each lead time and MSE to evaluate the loss function of the models. 
Details of all evaluation indices formulas are shown in the supplemen
tary material. 

3. Results and discussion 

3.1. Drought characteristics 

Fig. 5 shows the trends in duration, severity, and intensity of short- 
term meteorological drought (SPEI-5d) in China during the period 
1962–2018. We found that drought duration is longer in northern China 
and shorter in southern China (Fig. 5a). Similar results were found by Yu 
et al. (2014), who calculated drought duration based on monthly-scale 
SPEI values for >600 stations and found that drought duration was 
longest in northern, northwestern, and southwestern China during the 
period 1951–2010; the spatial distribution of drought duration is highly 
consistent with our results, although we used daily units. Fig. 5b shows 
that the areas with a significant increasing trend in drought duration are 
more extensive than those with a decreasing trend. From Fig. 5a and c, 
we can see that the spatial distribution of drought severity is similar to 
the spatial distribution of drought duration, while Fig. 5d shows that the 

Fig. 6. Annual average drought duration, severity, and intensity from 1962 to 2018 in China for four seasons: (a, b, c) spring, (d, e, f) summer, (g, h, i) autumn, and 
(j, k, l) winter. Some grid points in the northwest and northeast of China are blank in winter (j, k, l) because there is no drought in these areas. 
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total area where drought severity decreases is much larger than the area 
where it increases, especially in northwest China, where most locations 
show a significant decreasing trend, which is similar to the spatial dis
tribution shown in Fig. 5b. There are indications that the decrease in 
drought severity in northwest China may be due to global warming and 
the Pacific Decadal Oscillation (PDO; Apurv et al. 2019). Fig. 5e shows 
that the drought intensity in northern China is higher than in southern 
China, especially in northwestern and northeastern China where the 
drought intensity is the greatest. This may be due to the long sunshine 
duration and high potential evapotranspiration in these areas, resulting 
in a high cumulative impact of meteorological drought in the short term 
(Li et al., 2020; Zhang et al., 2016). Fig. 5f shows that the overall area of 
increased drought intensity is larger than the area of decreased intensity. 
The distribution of areas with a significant increase in drought intensity 
suggests potential impacts on agriculture, such as to corn and wheat in 
north and northwest China and to rice in southwest China; in northwest 
and northeast China, especially, there was also a notable increase, 
suggesting that the impact of short-term meteorological drought in these 
regions may be greater—i.e., it may lead to a rapid decrease in soil 
moisture and trigger flash drought (Ford and Labosier, 2017). 

The drought severity based on SPEI-5d tended to decrease in most 
areas during the period 1962–2018 (61.9%; Fig. 5d) while the drought 
intensity tended to increase in most areas (69.6%; Fig. 5f); because of 
this, we extracted annual meteorological elements such as precipitation, 
mean temperature, potential evapotranspiration, and the number of 
drought events for areas with significant increases and decreases in 
drought severity and drought intensity (Fig. S5). Using Equation (2) in 
Section 2.2, it is not difficult to find that drought severity is closely 
related to drought duration (tn − tp), and when the number of drought 
events is higher, the drought severity increases. As illustrated in Fig. S5c 
and S5e, our findings reveal that all temperatures exhibited an 
increasing trend despite the fact that temperatures in areas with 
significantly increasing drought severity were generally lower than 
those in areas with significantly decreasing drought severity. In contrast, 

there was a significant difference in PET–P between areas where severity 
was significantly increasing or decreasing. In particular, areas with 
higher PET–P values (Fig. S5e) experienced more severe aridity, indi
cating insufficient water availability for soil and vegetation. These 
conditions were mainly observed in China’s arid regions, particularly in 
the northwest and southwest, including the deserts of Xinjiang, which 
receive the least precipitation. However, in northwest China since 1980, 
the temperature has shown a trend of increasing year by year, with a 
particularly notable increase in Xinjiang, while the precipitation has 
been increasing year by year, especially in summer and autumn, and 
droughts are occurring less frequently, leading to a trend of decreasing 
drought severity. Taking Xinjiang in northwest China as an example, 
drought occurs less frequently (yellow line graph in Fig. S5d and S5f) 
due to warming and humidification in northwest China (Yang et al., 
2022). However, when the difference between potential evaporation 
and precipitation (PET-P) is large (Fig. S5d and S5f), drought may have a 
great impact on the local ecosystem, and once drought occurs, drought 
intensity is usually high (Fig. 2). In addition, some studies have shown 
that while the decrease in regional precipitation has played an important 
role in the pattern of drought intensity changes over the past half cen
tury (Su et al., 2018), drought intensity is more sensitive to changes in 
temperature (Han et al., 2021). 

We also calculated the average annual drought duration, severity, 
and intensity for each season. Since some pixels for each season did not 
experience drought in a given year, the spatiotemporal data were 
discontinuous, and therefore we did not calculate the trends. Fig. 6 
shows drought has notable differences by season. The drought duration 
and severity in southwest China are greater in spring and winter, while 
in northwest China, drought duration and severity are greater in sum
mer and autumn. Xu et al. (2021c) found that the interannual variation 
of precipitation was consistent with that of SPEI for approximately 70%– 
80% of China, while the spring precipitation showed a significant 
decreasing trend in southwest China, which might be the reason for the 
long spring drought duration in southwest China. Fig. 6a–c shows that in 

Fig. 7. Mean squared error (MSE) loss in forecasting models (LSTM, ConvLSTM, RNN, RF) for training (1962–2007) and testing sets (2008–2017).  
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spring, in southwest China the drought duration, severity, and intensity 
are high, while the spatial patterns of drought duration and severity in 
northwest China are opposite. Fig. 6d–f shows a pattern of high drought 
duration and severity in northwest China during summer. This is 
because northwest China is an arid region where the potential evapo
transpiration is much higher than the precipitation. Elsewhere, the in
tensity of summer drought was also great in the southeast, which may be 
due to the higher precipitation, temperature, and actual evaporation in 
the southeast of China in summer, resulting in a faster water cycle than 
in the northwest and thus a shorter drought duration and greater 
drought intensity in southeast than in northwest China. Fig. 6g–i shows 

that the drought duration and severity in autumn are greater in south
east and western China, especially in western China, where high alti
tude, high solar radiation intensity, and great precipitation variability 
are the most important factors influencing the overall impact of drought 
(Li et al., 2019), along with the relatively low precipitation in autumn, 
when higher temperatures are the main cause of warming and drying in 
the region. Fig. 6j–l shows that the drought duration, severity, and in
tensity in winter are greatest in southwest China. During winter in most 
parts of China, the canopy of most ecosystems is dormant and photo
synthesis is minimal (Ma et al., 2019); however, Li et al. (2014) showed 
that actual evapotranspiration is greatest in southwest China during 
winter, which may be contributing to the longer drought duration. On 
the other hand, when the Arctic Oscillation is in the negative phase, the 
cold-air activity in east Asia is strong and the path is eastward, and the 
cold air reaching the southwest region is weak, resulting in less winter 
precipitation in the region and making it prone to drought (Tan et al., 
2017). 

3.2. Overall performance of forecasting models 

We used the easily convergent MSE as the loss function for evaluating 
the training and testing process of the models and found that the values 
of the loss function for the training and testing sets of all models 
continuously decreased and converged, indicating that the training and 
testing sets were well fitted without overfitting (Fig. 7). 

According to Fig. 8, the forecasting accuracy of all five models is 
generally high, with the ConvLSTM model having the highest prediction 
accuracy (NSE = 0.92), because it can capture the information of both 
temporal and spatial dimensions more effectively; next are LSTM (NSE 
= 0.88), RNN (NSE = 0.89), and ARIMA (NSE = 0.84), while RF (NSE =
0.67) has the lowest accuracy (Table 1). Among the models, the fore
casting accuracy of the ARIMA, LSTM, RNN, and ConvLSTM models are 
close. Tian et al. (2021), who reported similar findings to ours, used RF, 
LSTM, and other models to forecast multi-month-scale SPEI for multiple 
sites and found that the LSTM model has higher accuracy compared to 
RF (e.g., 6-month-scale SPEI, MSELSTM = 0.3849, MSERF = 0. 4368). 
Akbari Asanjan et al. (2018) used LSTM and RNN to forecast short-term 
precipitation and found that LSTM outperformed RNN because RNN 
could not learn from past information, while LSTM could handle data 
that was more time dependent due to its special “gate” settings; their 
findings are similar to the conclusions of our short-term meteorological 
drought forecast. Xu et al. (2022), similarly, found that the LSTM model 
outperformed the ARIMA model at all time scales (1–12 months) when 
forecasting multi-scale SPEI, but for shorter time scales (1-month-scale 

Fig. 8. Taylor diagrams displaying a statistical comparison of forecasting models (ARIMA, LSTM, RNN, RF, and ConvLSTM) in the test set (2008–2017) of (a) all 
SPEI-5d values (average of the sequence of all pixels from 2008 to 2017) and (b) every month of SPEI-5d values (average of the sequence of all pixels for each month 
from 2008 to 2017 is extracted separately). 

Table 1 
Performance measures for comparison of observed and forecasted SPEI-5d for 
different temporal periods in China (based on the average of all pixels of the test 
set; 2007–2017).  

Temporal period Model MAE MSE RMSE RSR RSD NSE 

All data ARIMA  0.29  0.16  0.40  0.40  0.89  0.84  
ConvLSTM  0.21  0.08  0.29  0.28  1.00  0.92  
RNN  0.25  0.11  0.34  0.33  0.96  0.89  
RF  0.45  0.34  0.58  0.57  0.71  0.67  
LSTM  0.26  0.13  0.35  0.35  0.93  0.88  

Spring ARIMA  0.30  0.16  0.40  0.41  0.88  0.84  
ConvLSTM  0.23  0.09  0.30  0.31  1.02  0.91  
RNN  0.27  0.13  0.36  0.37  0.98  0.86  
RF  0.49  0.37  0.61  0.61  0.69  0.62  
LSTM  0.29  0.14  0.38  0.38  0.93  0.85  

Summer ARIMA  0.34  0.23  0.48  0.46  0.90  0.79  
ConvLSTM  0.24  0.11  0.33  0.32  0.99  0.90  
RNN  0.29  0.16  0.40  0.38  0.96  0.86  
RF  0.51  0.45  0.67  0.64  0.67  0.59  
LSTM  0.31  0.17  0.42  0.40  0.92  0.84  

Autumn ARIMA  0.28  0.16  0.40  0.44  0.91  0.80  
ConvLSTM  0.18  0.07  0.27  0.30  0.99  0.91  
RNN  0.21  0.09  0.31  0.34  0.95  0.88  
RF  0.40  0.29  0.54  0.60  0.72  0.64  
LSTM  0.22  0.11  0.33  0.36  0.93  0.87  

Winter ARIMA  0.24  0.10  0.31  0.35  0.90  0.88  
ConvLSTM  0.17  0.05  0.22  0.25  0.99  0.94  
RNN  0.21  0.07  0.27  0.30  0.96  0.91  
RF  0.39  0.24  0.49  0.54  0.73  0.70  
LSTM  0.21  0.07  0.27  0.30  0.94  0.91  
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SPEI), the difference in forecasting accuracy between ARIMA and LSTM 
was not notable; we also found that in short-term meteorological 
drought forecasting, there may be no obvious trend in the fluctuation of 
the SPEI-5d time series, resulting in the minimal differences in the 
forecasting accuracy of all models. 

We also evaluated the performance of all models for each season. 
Fig. 9 shows that for each season, all models performed similarly to what 
we show in Fig. 8, with the ConvLSTM model having the highest accu
racy, followed by LSTM, RNN, ARIMA, and finally RF. This is mainly 
because ConvLSTM models are spatiotemporal forecasting models; the 
input data uses an entire image of each time slice as input to train the 
model and forecasts (Ulloa et al., 2022). In contrast to traditional time- 
series forecasting models (RF, ARIMA, RNN, and LSTM), the ConvLSTM 
model considers the spatial relationships between all neighboring pixels, 
whereas time-series forecasting models traverse each pixel for data 
input, modeling, and forecasts, which ignores spatial interactions (Wang 
et al., 2021b). However, model performance also varies between sea
sons; for example, all models performed best in winter, followed by 
autumn and spring, while all models performed the worst in summer. 
This may be due to the fact that in summer, precipitation and potential 
evapotranspiration vary widely in the northern and southern regions of 
China, and the model performance is averaged over all pixel points in 
the country; therefore the averaged SPEI-5d series features differ greatly 
in the north and south of China, and it is relatively difficult for the model 
to capture the time-series features during model training, thus gener
ating differences in forecasting accuracy. 

According to Figs. 8 and 9, the ConvLSTM model performed best in 
the test set, so we also verified its accuracy for spatial distribution 
forecasting at each lead time. As shown in Fig. 10, the ConvLSTM model 

has the highest spatiotemporal forecasting accuracy (R2 = 0.96) for a 
lead time of 1 day, but the accuracy decreases as the lead time is 
extended, with R2 = 0.85 when the lead time is 5 days, and R2 = 0.66 
when the lead time is 10 days, indicating that the model can forecast the 
spatial distribution of SPEI-5d in the next 1–5 days with high accuracy. 
Li et al. (2021) also looked at forecasting with the ConvLSTM model, and 
they found that forecasting soil moisture had a high accuracy with 1–7 
days of lead time, while Dikshit et al. (2021) reported a high accuracy 
with 1–6 months of lead time when using the LSTM model to forecast 
monthly-scale SPEI. This is similar to our results in that the forecasting 
accuracy is higher for 1–5 days of lead time, but the accuracy decreases 
as the lead time increases. We also examined the spatial forecasting 
performance of the ConvLSTM model for a 1-day lead time for each 
season; we chose the first day of the middle month of each season in 
2018 for comparison purposes. As shown in Fig. 11, the spatial perfor
mance of the ConvLSTM model with a 1-day lead time for each season is 
good (R2 > 0.9), indicating that the ConvLSTM model is suitable for 
forecasting the spatial distribution of short-term droughts for each sea
son. In addition, ConvLSTM was evaluated for 1–10 days of lead time in 
2018, and the results were averaged. We found that the model fore
casting ability decreased as the lead time increased (Fig. S6), but the 
model performed well (high spatial correlation, R2 > 0.8) for lead times 
of 1–5 days, indicating that the ConvLSTM model is well capable of 
short-term meteorological drought forecasting. 

3.3. Drought policy implications 

For areas where short-term droughts are frequent and of high in
tensity, we suggest that we should actively prepare for drought by, for 

Fig. 9. Taylor diagrams displaying a statistical comparison of forecasting models (ARIMA, LSTM, RNN, RF, and ConvLSTM) in the test set (2008–2017) of SPEI-5d 
values for (a) spring, (b) summer, (c) autumn, (d) and winter. 
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example (1) improving water resource utilization efficiency and 
reducing waste through water-saving irrigation technology, water reuse, 
and soil moisture management; (2) building reservoirs and water 
conservancy projects in drought-prone areas to increase water storage 
and supply; (3) establishing a sound water resources management 
mechanism by strengthening water resources monitoring and early 
warning systems and taking timely countermeasures; and (4) improving 
the efficiency of agricultural production and reducing water resources 
consumption by selecting appropriate farming methods, crop planting 
structures, and irrigation methods. In addition, for long-term drought 
areas, options include (1) implementing regional water restriction 
measures to limit water consumption and reduce water waste; (2) 
optimizing water resources allocation by reallocating water resources 
from areas with abundant water to areas with water shortages to alle
viate local drought conditions; and finally, (3) strengthening drought 
monitoring and early warning work by releasing drought warning in
formation in a timely manner to guide people to take effective measures 
to reduce drought losses. 

4. Conclusions 

Meteorological drought is the antecedent of hydrological drought 
and agricultural drought, and the monitoring and forecasting of short- 
term meteorological drought can effectively avoid the damage caused 
by flash drought. We developed a pentad-scale (5-day) SPEI (SPEI-5d) to 
monitor and analyze the spatiotemporal distribution characteristics of 
short-term meteorological drought, and compared four time-series 
forecasting models (ARIMA, RF, RNN, and LSTM) and a 

spatiotemporal forecasting model (ConvLSTM) to fit and forecast SPEI- 
5d values in China. The conclusions are as follows:  

(1) Short-term meteorological drought (SPEI-5d) was generally 
longer in northern China and shorter in southern China during 
1962–2018. Most regions (61.9% of the area) showed a 
decreasing trend in drought severity, while about 69.6% of the 
area showed an increasing trend in drought intensity.  

(2) The seasonal differences in the spatiotemporal distribution of 
short-term meteorological drought were large. In summer and 
autumn, the drought duration and severity were greatest in 
northwestern China. In spring and winter, the drought duration, 
severity, and intensity were greatest in southwestern China, but 
the drought intensity in southwestern China was weakest in 
summer and autumn.  

(3) The performance of the ConvLSTM model in the test set was best 
among the models, and it was followed by LSTM, RNN, ARIMA, 
and finally the RF model. And there were seasonal differences in 
model performance, with generally higher accuracy in winter and 
lower in summer. The ConvLSTM model had the highest accuracy 
(R2 > 0.8) for lead times of 1–5 days, indicating that the 
ConvLSTM model is suitable for short-term meteorological 
drought forecasting. 
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