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Abstract

Drought, a severe natural hazard, exerts profound impacts on both ecological systems
and agricultural productivity. Consequently, advancing drought prediction
methodologies is paramount for optimizing regional water resource management and
mitigating associated risks. This research centers on the Loess Plateau, leveraging
monthly precipitation (P) and potential evapotranspiration (PET) datasets spanning
1960 to 2022 to compute the Standardized Precipitation Index (SPI) and Standardized
Precipitation Evapotranspiration Index (SPEI) at temporal resolutions of 1-, 3-, 6-, and
12-months. The predictive efficacy of three computational models—Convolutional Long
Short-Term Memory (CNN-LSTM), Random Forest (RF), and Support Vector Machine
(SVM)—was systematically evaluated across semi-humid, semi-arid, and arid climatic
zones. Empirical results elucidate three key findings: (1) CNN-LSTM outperformed its
counterparts across all regions and time scales; RF demonstrated superior accuracy
relative to SVM at 3- and 6-month lags, whereas SVM yielded stronger predictive power
at the 12-month scale. Overall, the performance hierarchy prioritizes CNN-LSTM > RF >
SVM for short-to-medium term forecasts, while CNN-LSTM > SVM > RF holds for long-
term projections. (2) Model predictive accuracy achieved higher magnitudes when
employing SPEI as the predictor compared to SPI within semi-arid and semi-humid
domains. Conversely, in arid regions at extended time scales, SPI-12 outperformed SPEI-
12, indicating that precipitation-dominated trends exhibit greater relevance for long-
term drought forecasting in water-scarce areas. (3) Incorporating SPEI into the
predictive framework conferred significantly enhanced performance in semi-arid and
arid zones relative to semi-humid regions, further underscoring SPEI’s utility in water-
limited landscapes. Collectively, this study elucidates the interrelationships among
model architectures, drought indices, and regional climatic characteristics, thereby
establishing a scientific basis for developing regional drought early-warning systems
and decision-support tools. These outcomes carry practical implications for optimizing
agricultural management strategies and regulating water resources.
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1. INTRODUCTION

Drought represents a quintessential extreme climatic phenomenon, driven by the persistent
imbalance between regional water availability and demand (Jiao et al., 2021). Against the
backdrop of ongoing global climate change, both the frequency and severity of extreme climate
events—most notably drought—have exhibited a pronounced upward trajectory in recent
decades (Chiang et al., 2021). As documented by the Food and Agriculture Organization of the
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United Nations (FAO), drought-induced economic losses globally reach approximately 250-300
billion USD annually, with projections indicating this burden will continue to escalate in the
coming years (Xu et al., 2021a).

At the continental scale, sea surface temperature (SST) anomalies in tropical and subtropical
ocean basins—particularly the interannual climate oscillations in the Pacific and Indian Oceans,
namely El Nifio and La Nina—exert profound regulatory effects on China’s climate system. El
Nifio events are typically associated with significant precipitation deficits across northern and
northwestern China, while La Nifia conditions often exacerbate drought intensity in the
northwestern region. Furthermore, large-scale atmospheric circulation anomalies, such as the
South Asian High and Arctic Oscillation, can reshape regional water balance patterns across
diverse temporal scales, thereby modifying the occurrence frequency and severity of drought
events (Dixit & Jayakumar, 2021). These processes, which are jointly driven by global climate
anomalies and regional atmospheric circulation dynamics, interact with local hydrological
regimes and underlying surface properties, rendering the mechanisms governing drought onset
and evolution increasingly complex. This complexity poses substantial challenges to accurate
drought monitoring, early warning systems, and the development of effective disaster
prevention and mitigation strategies (Buttafuoco et al,, 2015).

Drought is conventionally classified into four primary categories: meteorological drought,
hydrological drought, agricultural drought, and socio-economic drought (Mishra & Singh, 2010).
The progression of drought constitutes a complex process driven by sustained precipitation
deficits, where meteorological drought originates from anomalous climatic conditions
characterized by insufficient rainfall and elevated evaporative demand. This initial deficit
triggers soil moisture depletion, which may ultimately escalate into agricultural and
hydrological drought events (Xu et al., 2021b). As a multifaceted natural phenomenon, the onset
and evolution of meteorological drought are increasingly modulated by ongoing climate change
(Manzano et al,, 2019; Zhang et al,, 2022), presenting formidable challenges to global water
resource governance and disaster risk reduction. Imbalances within the hydrological cycle
frequently give rise to diverse manifestations of meteorological drought, such as pronounced
precipitation reductions or intensified evapotranspiration (Acharki et al., 2023; Alsubih et al,,
2021). In contrast to abrupt natural disasters, meteorological drought develops and propagates
gradually across extensive spatial and temporal domains, exhibiting highly nonlinear behavioral
characteristics (Mishra & Singh, 2010; Wu et al., 2022). Its occurrence and severity are not only
shaped by fluctuations in meteorological variables including precipitation and temperature but
also jointly constrained by geographical and environmental factors, such as topographic
heterogeneity, land use configurations, and soil properties. Consequently, in regions
characterized by highly complex climate and environmental systems, the accurate modeling and
prediction of the spatiotemporal evolution of meteorological drought remains a substantial
scientific challenge (Li et al., 2021). For this reason, the present study centers on the prediction
of meteorological drought, a task of critical significance for emergency management, drought
risk mitigation, and the reduction of economic losses.

Drought severity is routinely evaluated through a suite of specialized drought indices (Mishra
& Singh, 2010). Among these metrics, the Standardized Precipitation Index (SPI; McKee et al,,
1993) and the Standardized Precipitation Evapotranspiration Index (SPEI; Vicente-Serrano et
al, 2010) stand as the most extensively utilized indicators for meteorological drought
monitoring. In contrast to SPI, SPEI integrates the influence of potential evapotranspiration,
enabling it to capture the multifaceted characteristics of meteorological drought across a
spectrum of temporal scales. For example, the 12-month SPEI is commonly employed to
characterize interannual drought variability (Schreiner-McGraw & Ajami, 2021), the 6-month
SPEI is well-suited for reflecting drought conditions throughout the crop growing season (April
to September) (Potop et al., 2014), and the 3-month SPEI is primarily applied to delineate
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seasonal drought patterns (Xu et al, 2021c). Given that meteorological drought typically
precedes the onset of agricultural and hydrological drought, its quantitative prediction not only
streamlines the early detection of drought risk but also contributes to mitigating economic
losses in agricultural production and water resource management.

Drought forecasting serves as a cornerstone of drought risk governance, with its core
objective being to deliver scientific underpinnings for early warning systems, thereby
mitigating potential adverse impacts on agricultural production and ecological systems (Yuan
et al,, 2017). Prevalent methodologies for drought prediction encompass data-driven models
(Xu et al., 2020), regression frameworks (Sun et al., 2012), conditional probability approaches
(Hao et al,, 2016), and machine learning algorithms (Xu et al., 2022), each characterized by
distinct advantages and limitations. In recent years, driven by the rapid advancement of
machine learning technologies, hybrid data-driven models that integrate machine learning and
deep learning have emerged as promising analytical tools, owing to their relative ease of
development and reduced input variable requirements (Almikaeel et al., 2022). In comparison
to conventional machine learning techniques, deep learning models have demonstrated
superior efficacy and have been extensively deployed in climate change analysis, land-use and
land-cover change detection, and drought monitoring. The most widely adopted deep learning
architectures include Convolutional Neural Networks (CNNs) and Recurrent Neural Networks
(RNNs). Hybrid deep learning models, which fuse CNNs with Long Short-Term Memory (LSTM)
networks, have been developed to enhance the consistency of drought monitoring and
prediction (Le Cun et al., 2015).

Recent research underscores the expanding diversity of model applications. Shahnazi et al.
(2025) advanced groundwater drought forecasting by developing an advanced integrated GWO-
SVM model, utilizing the Standardized Groundwater Level Index (SGI) to monitor drought
conditions in a critical aquifer in Iran and predict drought across multiple temporal horizons.
Xu et al. (2025) achieved accurate sea ice drift prediction using a Self-Attention Convolutional
LSTM Network (SaCLN). Zhang et al. (2024) employed ConvLSTM to forecast short-term
meteorological drought in China, attaining an R? of 0.8 and generating valuable insights for
short-term drought prediction. Hou et al. (2024) integrated the ARIMA model with BiLSTM to
construct an ARIMA-BiLSTM hybrid model for drought prediction in Jilin Province,
demonstrating that the combined model significantly outperformed individual models in terms
of prediction accuracy. Belayneh et al. (2014) compared traditional stochastic models (ARIMA),
Artificial Neural Networks (ANNs), and Support Vector Regression (SVR), revealing that ANNs
exhibited superior performance relative to the other two methods. Sener and Tugal (2025)
successfully predicted solar radiation using the RF model. More recently, Zhang et al. (2025)
proposed a novel CNN-BiLSTM-Attention hybrid model that captures both short-term
fluctuations and long-term trends under complex marine conditions—including wind
variability, temperature gradients, and atmospheric pressure changes—thereby enhancing
forecasting adaptability across multiple temporal scales and improving the accuracy of offshore
wind power prediction.

The Loess Plateau is distinguished by intricate climatic conditions, heterogeneous
spatiotemporal patterns of precipitation, fragile ecological systems, and heightened sensitivity
to climate change (Zhang et al, 2012). Variations in temperature and precipitation exert
significant asymmetric impacts on vegetation growth and drought dynamics, with these effects
exhibiting distinct manifestations across diverse climatic zones and ecosystems—offering novel
perspectives for meteorological drought prediction and ecological management (He etal., 2023;
He et al,, 2024; He et al,, 2025). Under the context of global warming, the region is confronted
with intensifying drought and the consequent ecological and agricultural challenges, rendering
accurate meteorological drought forecasting particularly imperative. Given its extensive
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geographic scope, the present study partitions the Loess Plateau into semi-arid, arid, and semi-
humid sub-regions to enable region-specific drought prediction.

However, a majority of existing domestic and international studies have predominantly
centered on single-algorithm models and frequently rely on drought indices at a single temporal
scale. Such methodologies lack comprehensive comparative evaluations across multiple models
and time scales, and fail to capture the disparities in model performance under varying indices,
temporal horizons, and climatic zones. To address these research gaps, this study utilizes the
SPI and SPEI indices at 1-, 3-, 6-, and 12-month temporal scales, in conjunction with two
conventional machine learning models (SVM and RF) and a hybrid deep learning model (CNN-
LSTM), to forecast meteorological drought across the Loess Plateau. This research aims to
identify (1) the optimal prediction model for each sub-region of the Loess Plateau, and (2) the
most suitable drought index and temporal scale for each sub-region.

2. STUDY REGION AND DATA SOURCES
2.1.Introduction to the Study Area

Situated in north-central China (100°54'E-114°33'E, 33°43’'N-41°16'N), the Loess Plateau
constitutes one of the country’s four major plateau landforms. Its spatial extent stretches
westward to the Riyue Mountains in Qinghai, eastward to the Taihang Mountains, northward to
the Great Wall in southern Inner Mongolia, and southward to the Qinling Mountains,
encompassing parts of Shanxi, Shaanxi, Qinghai, Ningxia, Inner Mongolia, and Henan, with a
total area of approximately 62.4 x 10* km?. As a key component of China’s second topographic
step, the region exhibits a general topographic gradient of higher elevation in the northwest and
lower elevation in the southeast, with the upper reaches of the Yellow River traversing its
central and eastern portions (Fig. 1a) (Liu et al., 2016).

The Loess Plateau is dominated by a warm temperate continental monsoon climate, shaped
by broad-scale monsoonal influences. Mean annual temperatures exhibit a distinct spatial
gradient, ranging from 3.6 °C in the northwestern sector to 14.3 °C in the southeastern sector.
The climate is characterized by pronounced diurnal temperature fluctuations, cold and arid
winters, hot and humid summers, rapid cooling in autumn, and swift warming in spring. Mean
annual potential evapotranspiration (865-1274 mm) consistently exceeds annual precipitation
across the region (Li etal., 2012). Encompassing arid, semi-arid, and semi-humid climatic zones
(Fig. 1b and Fig. 1c), the Loess Plateau is widely recognized as a climatically sensitive
transitional zone between semi-arid and semi-humid environmental regimes (Liu & Sang,
2013).

2.2.Data Sources

The study area covers the entire Loess Plateau, with the study period spanning 1960-2022.
The temporal resolution of the data was unified to one month, and the spatial resolution was
set to 1 km. All raster data were clipped to the extent of the Loess Plateau using ArcMap 10.8
and projected to WGS_1984_UTM_Zone_49N. Based on this, monthly precipitation (PRE) and
potential evapotranspiration (PET) data from 1960 to 2022 were used to calculate SPI and SPEI.
A total of 756 raster images were generated at the 1-month scale, 754 at the 3-month scale, 751
at the 6-month scale, and 745 at the 12-month scale. Given the large data volume, which made
direct computation infeasible, a 10 x 10 fishnet grid was constructed (Fig. 2), and raster images
were converted into point data for processing. Ultimately, 3,642 data points were obtained for
the semi-humid region, 743 for the semi-arid region, and 2,074 for the arid region.

In the calculation of SPI and SPEI, although traditional methods often require goodness-of-fit
testing between the selected distribution (e.g., Gamma or log-logistic) and the observed data,
the precipitation (PRE) and potential evapotranspiration (PET) datasets used in this study are
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standardized products that have undergone strict quality control and validation. Therefore, SPI
and SPEI were directly computed for the long-term series (1960-2022) using the Python-gma
library, which incorporates built-in distribution fitting and standardization processes, ensuring
theoretical consistency and producing results aligned with the standard definitions of drought
indices. Consequently, no additional goodness-of-fit tests were performed, as the use of
validated data products and a mature computational tool guarantees the reliability and
comparability of the results.
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Figure 1. Location of the Study Area;(a) Geographical location of the Loess Plateau in China.
(b) Aridity and humidity region of the Loess Plateau.(c) Digital Elevation Model of the Loess
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2.2.1 Precipitation data

The precipitation (PRE) data were obtained from the National Tibetan Plateau Data Center
(https://data.tpdc.ac.cn/). The dataset has a spatial resolution of 0.0083333° (approximately 1
km), a monthly temporal resolution, and is provided in raster format with units of millimeters.
The temporal coverage spans 1960-2022, comprising a total of 756 raster images.

2.2.2 Potential evapotranspiration data

The potential evapotranspiration (PET) data were also obtained from the National Tibetan
Plateau Data Center (https://data.tpdc.ac.cn/). The dataset has the same spatial resolution of
0.0083333° (approximately 1 km) and a monthly temporal resolution, provided in raster format
with units of 0.1 mm. Its temporal coverage is 1960-2022, consisting of 756 raster images in
total.

2.2.3 Climatic Zoning Data

The climatic zoning data were obtained from the Data Center for Resources and
Environmental Sciences, Chinese Academy of Sciences (https://www.resdc.cn/). In this study,
the Loess Plateau was divided into three sub-regions: semi-humid, semi-arid, and arid.

3. METHODOLOGY
3.1.Meteorological Drought Index

3.1.1 SPI

This study employs the probability density function of the Gamma distribution to fit
precipitation data, obtaining the probability distribution of precipitation. The cumulative
distribution function is then calculated based on the probability distribution and transformed
into standardized normal distribution values, resulting in the corresponding SPI values. Mckee
et al. (1993) used the Gamma distribution to describe the variability of precipitation
distribution. Assuming the precipitation amount during a certain time period is x , its
probability density function follows a Gamma distribution, the calculation formula is shown in
equation (1):

_ 1 a-1_—x/p
f(x)——ﬂar(a)x e "7, x>0 (D

where ¢ > 0 isthe shape parameter, f>0isthe scale parameter,and x > 0 represents the
precipitation amount. T («)is the Gamma function, and its probability density function is given

by (2):
I'(a)= J.y””le’y dy (2)

In the equation, the estimated values of & f are obtained using the Maximum Likelihood
Estimation (MLE) method, calculated as (3):
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where x, represents the sample of the precipitation series, ¥ is the mean of the

precipitation series, and » is the length of the precipitation time series. Therefore, the
cumulative probability for a given time period can be calculated using the following formula (4):

F(x)= jif(X)dx = mjx“"le"”/}dx (4)

In the equation, the cumulative distribution function F (x) is defined as the integral of the
probability density function s (x) from O tox, Substituting into formula (1) gives the above

expression.

When the precipitation amount is x = 0, the probability density function of the Gamma
distribution is not defined at x = 0 (since the domain of the Gamma distribution isx > 0 ). To
address the case where the actual precipitation amount is zero, a correction method needs to
be introduced (Husak et al., 2007). This is typically done by considering the probability of zero
precipitation and incorporating it into the cumulative distribution function. Therefore, the
corrected cumulative probability expression can be adjusted to the following form of equation

(5):

q, x=0
H(x) _(q+(1—q).F(x) x>0 ®)

where 4 represents the probability of rainfall. Let m be the number of samples in the
precipitation series where the value is 0, and » be the total number of samples. Then, we have
g=m/n.

The probability density function of the standard normal distribution is given by (6):

#(x) TS (6)

The cumulative distribution function A (x)is the accumulated probability from —ooto x . The

formula is shown in equation (7):

H(x) =ﬁ [er?ar (7)

The approximation is obtained as follows:
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When 0 < # (x)< 0.5 is negative, the SPI value indicates drought. The formula is shown in

equation (8).

SpI :—[t— Cy +clt+czt2 j

1+dt+d,t* +dt

®)
(H(x))

When 0.5< H (x)<1is greater than the median, the precipitation probability is higher,

corresponding to wet conditions, and the SPI value is positive. The formula is shown in equation

(9)-

2
spr=| - co+clt+202t :
l+dt+d,t” +d,t
1 (9)
t= |Inf ——
(1.0-H(x))

Where t is an intermediate variable used to calculate the SPL. ¢,,c,,c,,d,,d,,d, represents

the empirical parameters derived from the standard normal distribution. According to the
literature, the standard values for these parameters are as follows (Mckee et al.,1993):
¢, =2.515517,¢, =0.802853,c, =0.010328,d, =1.432788,d, =0.189269,d, = 0.001308

3.1.2 SPEI

The Standardized Precipitation Evapotranspiration Index (SPEI) depends on the variation in
the difference between precipitation and potential evapotranspiration (PET). Common
methods include the Penman-Monteith method, the Thornthwaite method, and the Hargreaves
method. Among these, the Hargreaves method, based on the monthly average temperature,
maximum temperature, and minimum temperature, is used to calculate the monthly PET
(Hargreaves and Samani, 1982). In this study, Hargreaves and Samani (1985) developed the
improved formula to enhance the accuracy of PET estimation, providing reliable data support
for subsequent SPEI calculations. The formula is shown in equation (10):

PET =0.0023% S, % (T ~ T )~ X (T, pn +17.8) (10)

mi mean

where T is the maximum air temperature of the month, 7 is the minimum air

max

temperature of the month, T

mean

is the average air temperature of the month, and § is the

extraterrestrial solar radiation at the top of the Earth's atmosphere on a horizontal surface
(mm/month) (Allen et al,, 1998). The specific calculation method for §, is described by Allen

et al. (1998) and Zhao et al.(2004).

With the PET value, the difference between precipitation P and PET forthe month ; is
given by (11):

D, =P —PET (11)
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where D, representsthe base data for calculating the SPE], indicating the moisture balance.
When D, >0 indicates moisture surplus, D, <0 indicates moisture deficit. The summary of
D, values for different time scales is calculated, with the difference in Df,- values for the J -
th month of year i depending on the selected time scale & . The calculation formula for D/,

is as follows (12):

k_ N\ 12 7 .
Di,f - Zm=l3fk+j Di—l,m + Zm=l Di’m J < k

pl,=%" D, J>k

m=j—k+1

(12)

where i represents the year, j represents the month, % is the accumulated time scale
(such as 3 months, 6 months, 12 months, etc.), m is the cycle variable, indicating the month
index. le D, represents the total moisture surplus or deficit from month 13—k +

m=13—k+; _ i-Lm
to the end of December. Z;nlei,m represents the total moisture surplus or deficit from January
of the current year to month J .

After obtaining the D, value, this study uses the log-logistic distribution to fit the
logarithmic sequence D, . The probability density function of the log-logistic distribution is

calculated as (13):
p-1 s
f(X)=§(x;7J {H[";y} } (13)

where «a is the scale parameter, [ is the shape parameter, and , is the location

parameter. The parameters of the log-logistic distribution can be calculated using different
methods, among which the L-moment estimation is the most robust and simple. The formula is
shown in equation (14):

B= 2w, —w,

6w, —w, — 6w,

3 (w0—2w1),3
T+ A (1-1/5) (4

y=w, —aF(1+lJF(l—lj
B B

where T () is the Gamma distribution function of B. This results in the cumulative

distribution function of D, , the formula is shown in equation (15):

F(x)—[1+(x:/jﬂ} (15)
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Then, the cumulative distribution function is standardized to a normal distribution, resulting
in the time series of the SPEI], the formula is shown in equation (16):

C,+CW+CW*
1+dW +dW* +d W’ (16)

w=J-2In(P) for P<0.5

where P isthe probability exceeding the D value, w is the probability-weighted distance,
and P=1-F(x).If p>o0.5,this P will be replaced byi- P, and then the opposite value of

SPEI =W —

the SPEI result will be taken, the formula is shown in equation (17):
SPEI = ¢~ (P) (17)

Due to the presence of the negative sign, the result is the same as the original PP value. The
values for P=0.2 and P = 0.8 are identical. The parameter values are as follows:
C, =2.515517,C, =0.802853,C, =0.010328,d, =1.432788,

d, =0.189269,and d, = 0.001308

3.2.Drought Prediction Model

3.2.1 Random Forest

Random Forest (RF) is an ensemble learning method under the framework of supervised
learning. Its basic idea is to improve prediction accuracy and stability by constructing and
combining multiple decision trees (Feng et al., 2019). In implementation, RF mainly consists of
two components: training sample subsets and base models. Using the bootstrap method,
random samples with replacement are drawn from the original training set to generate multiple
training subsets, and each subset is used to train one decision tree as a base learner. Based on
M subsets, M independent decision trees can be generated, each providing a prediction result.
The final output of the forest is then obtained by aggregating all decision tree results (Fig. 3).
RF can be applied to both classification and regression tasks: in classification, the final class of
a test sample is determined by majority voting across all trees, while in regression, the final
prediction is the arithmetic mean of the outputs from all trees. Since different tasks require
varying tree structures, depths, and splitting strategies, selecting appropriate parameters is a
key issue in RF applications.

In this study, the RF model was employed to predict drought indices. Supervised learning
samples were constructed using a sliding-window approach (input window length k=15,
prediction lag z=1). After removing missing values, the dataset was strictly divided into training
and testing sets in chronological order with a ratio of 70% to 30%. To eliminate the influence of
scale differences, both input features and target variables were normalized to the [0,1] range
using min-max normalization, and inverse transformation was applied after prediction. The
model was implemented with the TreeBagger regression forest, using 100 trees and a minimum
leaf size of 5. Out-of-Bag (OOB) prediction was enabled to evaluate generalization error, and
0O0B permuted predictor importance was used to measure the contribution of each input
feature. Model performance was assessed using R?, RMSE, and MAE for both the training and
testing sets, supplemented by OOB error curves and feature importance analysis for further
validation.
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Figure 3. Random Forest regression.

3.2.2 Support Vector Machine

Support Vector Machine (SVM), proposed by Cortes et al. (1995), is a machine learning
method that can be categorized into Support Vector Classification (SVC) for classification tasks
and Support Vector Regression (SVR) for regression tasks. SVR aims to identify a function that
deviates from the actual output by no more than a specified loss function (e-insensitive zone),
thereby reducing the risk of overfitting by balancing error tolerance and function flatness (Fig.
4).In this study, the SVR model was employed to predict drought indices, with the Radial Basis
Function (RBF) selected as the kernel. Supervised learning samples were constructed using a
sliding-window approach (input window length k=15, prediction lag z=1). After removing
missing values, the dataset was split chronologically into training and testing sets with a ratio
of 70% to 30%. Both input features and target variables were normalized to the [0,1] range
using min-max scaling, and inverse transformation was applied after prediction. The SVM
model was configured as e-SVR, with penalty parameter C=4.0, kernel parameter y=0.8, €=0.01,
which were empirically set and kept consistent across experiments.The basic principle of SVR
can be described as follows: given a training dataset D ={(x,,»,).(x,,%,)....(x,,)} € N xRN,

represents the input space, R represents the output space, and D denotes the training set,
containing ; samples. The objective of Support Vector Regression is to construct a function
f(x) such that, for each input sample x;, the model’s output f(x,)is as close as possible to
the true target value y,. SVR introduces a tolerance parameter &, which allows errors within

a certain range to remain unpenalized, thereby making the model more flexible. The model aims
to minimize the loss function while keeping the complexity of the model as low as possible. In
SVR, this is typically achieved by solving the following optimization problem to minimize the
loss function, the formula is shown in equation (18):

. 1 ’ .
min . {Enwn2 +CY(E+& )j (18)
i=1
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where wis the weight vector of the regression model, which measures the importance of
each feature in the prediction; » is the bias term of the model; ¢&,,¢&" represents the slack

variables, which indicate the errors; and ¢ is the regularization parameter, used to control the
balance between error and model complexity. Additionally, the following constraints apply, the
formula is shown in equation (19):

v~ (0g(x)+b)<e+¢
(a).¢(xi)+b)—yi <g+&' (19)
E,E720,  i=1,2,..,1

Through the optimization problem mentioned above, SVR finds the optimal @,b, thereby
obtaining the regression model, the formula is shown in equation (20):

f(x)=wd(x)+b (20)

where ¢ (x)represents the mapping of the input vector x into a higher-dimensional space
(achieved through the kernel function for nonlinear mapping), and f(x) is the predicted
value of the model for the input x.SVR constructs the regression model f(x) by learning

from the data in the training set, and fits the data by optimizing the objective function,
ultimately predicting the output for unknown samples.

J(x)

Figure 4. One-dimensional SVR.

3.2.3 CNN-LSTM

In this study, a deep learning prediction model combining Convolutional Neural Networks
(CNN) and Long Short-Term Memory (LSTM) networks (CNN-LSTM) was employed, with the
architecture shown in Fig. 5. The raw time series data were first processed by one-dimensional
convolution operations to extract local temporal features, with the ReLU activation function
enhancing nonlinear representation capability. MaxPooling was then applied for feature
dimensionality reduction and redundancy compression, generating more representative high-
level features. These features were subsequently fed into the LSTM module, where gated
mechanisms—namely the input gate, forget gate, and output gate—dynamically regulated
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information flow, effectively filtering irrelevant information while capturing long-range
dependencies and dynamic evolution characteristics. After mapping through a fully connected
layer, the model produced the prediction results (Zhang et al., 2023). This hybrid architecture
leverages the strengths of both CNN and LSTM: CNN extracts discriminative patterns from local
temporal domains, reducing noise and redundancy in the raw time series, while LSTM
characterizes long-term dependencies and non-stationary dynamics. The combination ensures
robust local pattern recognition and enhanced global dependency modeling, thereby improving
the accuracy and stability of complex time series prediction.

In implementation, supervised learning samples were constructed using a sliding-window
method, and the sequences were divided strictly in chronological order into training, validation,
and testing sets (63%/7%/30%). Both features and targets were normalized using min-max
scaling. The model architecture consisted of two layers of one-dimensional convolution with
ReLU activation, an LSTM layer (64 units, output mode set to “last”), and a fully connected
regression output. The optimizer was Adam with an initial learning rate of 1 X 1073, a batch
size of 32, and the mean squared error (MSE) loss function. To mitigate overfitting, Dropout
layers (rate = 0.2) were added after both the convolution and LSTM layers, combined with L2
weight regularization and gradient clipping. An early stopping strategy was applied (patience =
6, i.e., training was terminated if the validation loss did not improve for six consecutive
evaluations), together with a step learning rate scheduler (halving the learning rate every 5
epochs) to enhance training stability and generalization performance. Hyperparameters were
tuned within a reasonable range using random and Bayesian search, with the validation RMSE
as the selection criterion. A fixed random seed was used to ensure reproducibility of results.
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Figure 5. Architecture of the CNN-LSTM hybrid model

3.3.Model performance evaluation metrics
To evaluate the accuracy of the models on the testing set, three metrics were employed: the
coefficient of determination Rz, the root mean square error RuMSE , and the mean absolute

error MAE . The value of R’ ranges from -1 to 1, with values closer to 1 indicating better
model fit, while smaller rymsE and MAE values indicate better prediction performance
(Zhao et al., 2021). The calculation formulas for the three metrics are as follows (21-23).

e _1_2,-”1(%—%)2 1)
Zizl(yi _y)
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RMSE = >3 (7~ 3,) (22)
i=1
| .
MAE:;ZIy,-—y,-I (23)
i=1

where n represents the number of samples, y,,»,,¥ correspond to the actual values,
predicted values, and the mean of the actual values, respectively.

4. RESULT

This study employed three widely used machine learning methods for drought prediction:
Support Vector Machine (SVM), Random Forest (RF), and Convolutional Neural Network-Long
Short-Term Memory (CNN-LSTM). SVM is capable of constructing optimal decision boundaries
in high-dimensional spaces, effectively handling nonlinear relationships, and demonstrating
strong robustness in drought prediction. RF, as an ensemble learning method, integrates
multiple decision trees to achieve high-accuracy predictions of complex data, particularly
suitable for high-dimensional datasets. The CNN-LSTM model combines the spatial feature
extraction capability of CNN with the temporal modeling strength of LSTM, enabling a more
comprehensive characterization of the spatiotemporal dynamics of drought evolution. The
results indicate that the prediction accuracy of all three models improves as the time scale of
SPI and SPEI increases. When comparing predictive performance across different climatic
regions (arid, semi-arid, and semi-humid), the CNN-LSTM model consistently achieves the best
results across all regions and time scales. It should be noted, however, that at the 1-month scale,
both SPI and SPEI exhibit large fluctuations, leading to generally poor predictive performance
for all models; therefore, detailed discussion of results at this scale is omitted in this paper.

4.1.Prediction results based on RF model

Fig. 6 presents the predictive performance of the Random Forest (RF) model for SPI and SPEI
across different climatic regions and time scales. The results reveal pronounced temporal-scale
dependence and regional heterogeneity in drought prediction over the Loess Plateau. At the 1-
month scale, predictive performance was generally poor, with most R* values close to zero or
even negative, indicating limited capacity to capture short-term climate variability; hence,
results at this scale are not discussed in detail. Starting from the 3-month scale, model
performance improved gradually. For example, in the arid region, the R* values of SPI-3 and
SPEI-3 increased to 0.31 and 0.33, respectively; however, the errors remained relatively high,
with MAE ranging from 0.59 to 0.63 and RMSE between 0.74 and 0.78, reflecting limited
capability in modeling short-term fluctuations.

As the time scale extended to 6 and 12 months, predictive accuracy improved markedly. At
the 12-month scale, the R* values of SPI in the semi-arid, arid, and semi-humid regions reached
0.71, 0.79, and 0.72, respectively, while those of SPEI were 0.80, 0.76, and 0.72. Corresponding
MAE values decreased to 0.26-0.30, with RMSE controlled within 0.37-0.42, indicating high
reliability of the model for medium- and long-term predictions. Furthermore, in semi-arid and
arid regions, the R> of SPEI at the 3-, 6-, and 12-month scales was consistently higher than that
in the semi-humid region, whereas SPI did not exhibit such a pattern. This suggests that
evapotranspiration plays a more critical role in climate prediction in water-limited regions,
thereby highlighting the advantages of SPEI in arid and semi-arid environments. Overall, while
the RF model shows limited effectiveness for short-term prediction, it achieves significantly
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higher accuracy at medium- and long-term scales, particularly when combined with SPEI, thus
providing more robust support for drought prediction in the Loess Plateau.
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Figure 6. Predictive performance of the RF model: (a, d) coefficient of determination (R*;
(b, e) root mean square error (RMSE); (c, f) mean absolute error (MAE). The left column (a-c)
shows results based on SPI, while the right column (d-f) shows results based on SPEI. The x-
axis represents the time scales (1, 3, 6, and 12 months), and the y-axis represents the
corresponding metric values.

4.2.Prediction results based on SVM model

The predictive performance of the Support Vector Machine (SVM) model for the Standardized
Precipitation Index (SPI) and the Standardized Precipitation Evapotranspiration Index (SPEI)
was evaluated across semi-humid, semi-arid, and arid regions of the Loess Plateau at different
time scales (1, 3, 6, and 12 months). Fig. 7 illustrates the prediction performance of the SVM
model in the semi-humid, semi-arid, and arid regions at these four time scales. The results show
that the predictive capability of the SVM model was poor at the 1- and 3-month scales, with
most R* values being negative or close to zero, indicating limited skill in forecasting short-term
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meteorological drought. With increasing time scale, R* values improved while MAE and RMSE
decreased significantly, reflecting a notable enhancement in predictive performance. In the
semi-arid region, SPEI-12 and SPI-12 achieved R? values of 0.85 and 0.81, respectively,
demonstrating the strongest performance.

The model also exhibited different predictive abilities across indices within the same region.
In the arid region, SPI outperformed SPEI at medium- and long-term scales, while in the semi-
arid region, SPEI was clearly superior to SPI (with SPEI-12 reaching an R? of 0.85 compared to
0.81 for SPI-12). In the semi-humid region, the performances of SPI and SPEI were similar.
Notably, SPEI in the semi-arid and arid regions consistently outperformed that in the semi-
humid region, whereas SPI did not display this pattern, further suggesting that
evapotranspiration plays a crucial role in climate prediction in water-limited regions.

SVM Prediction (R%) SVM Prediction (RMSE) SWM Prediction (MAE)

RMSE
3

6 ” 1 3 3 1
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Figure 7. Predictive performance of the SVM model: top row (a-c) shows results based on

SPI, including (a) coefficient of determination (R?, (b) root mean square error (RMSE), and (c)

mean absolute error (MAE); bottom row (d-f) shows results based on SPEI, including (d) R?,

(e) RMSE, and (f) MAE. The x-axis represents the time scales (1, 3, 6, and 12 months), and the
y-axis represents the corresponding metric values.

4.3.Prediction results based on CNN-LSTM model

The CNN-LSTM model was employed to systematically evaluate the predictive performance
of SPI and SPEI across semi-humid, semi-arid, and arid regions of the Loess Plateau at different
time scales (1, 3, 6, and 12 months). Fig. 8 illustrates the model’s prediction results across
different regions and time scales. The results show that model performance improved
substantially with increasing time scale, achieving the best accuracy at the 6- and 12-month
scales. In particular, the R? values in the semi-arid and arid regions exceeded 0.80, while those
in the semi-humid region reached 0.76-0.77. In contrast, prediction accuracy was relatively low
at the 1- and 3-month scales, indicating that the CNN-LSTM model still has limitations in
capturing short-term climate variability.

Moreover, compared with SPI-based predictions, the CNN-LSTM model exhibited consistently
higher predictive accuracy when using SPEI across all three climatic regions. This finding
highlights the value of incorporating evapotranspiration, which better characterizes regional
water balance and thus enhances model applicability and predictive performance. Further
comparison revealed that, when SPEI was used as the predictor, CNN-LSTM achieved higher
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accuracy in semi-arid and arid regions than in the semi-humid region, underscoring the
advantage of SPEI for meteorological drought prediction in water-limited environments.

CNN-LSTM Prediction (R*)
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Figure 8. Heatmaps of CNN-LSTM model predictive performance: the top row shows results
based on SPI, including coefficient of determination (R*), root mean square error (RMSE), and
mean absolute error (MAE); the bottom row shows results based on SPEI, including R*, RMSE,
and MAE. The x-axis represents the time scales (1, 3, 6, and 12 months), the y-axis represents

different regions, and the color shading indicates the magnitude of the metric values.

4.4.Comparison of Model Reliability

Across the three models, predictive performance was generally poor at short-term drought
scales (1 and 3 months). This is primarily attributable to the high variability and complexity of
short-term SPI and SPEI, as well as the non-stationary characteristics of the time series, which
make it difficult for models to effectively capture underlying patterns. In particular, at the 1-
month scale, the R* values of all three models were negative; therefore, this scale was excluded
from subsequent performance comparisons. Fig. 9 and 10 present the predictive results of the
three models for SPI and SPEI, respectively, across the arid, semi-arid, and semi-humid regions
of the Loess Plateau.

The results show that the CNN-LSTM model consistently outperformed RF and SVM across
all regions and time scales. At the 3- and 6-month short- to medium-term scales, the RF model
generally performed better than SVM, whereas at the 12-month long-term scale, SVM
significantly outperformed RF. Notably, the CNN-LSTM model maintained leading performance
under all conditions. Its superiority stems from the complementary strengths of convolutional
neural networks (CNNs), which effectively extract complex spatial features, and long short-term
memory networks (LSTMs), which excel at capturing long-term dependencies in time series. As
a result, CNN-LSTM demonstrates greater adaptability and robustness in drought prediction
tasks characterized by strong spatiotemporal coupling, particularly achieving higher accuracy
and stability in medium- to long-term forecasting. By contrast, SVM and RF show certain
limitations in modeling long-term dependencies and dynamic changes in time series. Overall,
the performance ranking was CNN-LSTM > RF > SVM at short- to medium-term scales (3 and 6
months), and CNN-LSTM > SVM > RF at the long-term scale (12 months).

17



World Scientific Research Journal

Volume 12 Issue 4, 2026

ISSN: 2472-3703

DOI: 10.6911/WSR]}.202604_12(4).0001

SPI-3 Arid SPI-3 Semi-Arid SP1-3 Semi-Humid
0.70 e B 0.60 o
o 060 o .
0.60 L e
e 050 0.50 skt
0.50 240 —|— 0.40
-1 030 e —
0.40 030
020
& 030 & = 020
010
2
N - " " -
010
.10 0.00
000 020
010
— 030 —L
-0.10 x ! . - . . . . v
CNN-LSTM SVM RE CNN-LSTM SVM RF CNN-LSTM SVM RF
SPI-6 Arid SP1-6 Semi-Arid SPI-6 Semi-Humid
0.80 rr — —
el 070 L= | 0.80 —
rx
EEE
o0 0.60 0.70 I
_ 0.60
0.60 —— 0.50
& & & 050
050 0.40
040
0.30
0.40 .30
0.20 020
0.30 —_—
010
CNN-LSTM SVM RF CNN-LSTM SVM RF CNN-LSTM SVM RF
SPI-12 Arid SPI-12 Semi-Arid SPI1-12 Semi-Humid
e e e
i e
e 1.00 1.00
1.00 i Lt
0.90 0.90
0504 0.80 0.80
= & =
0.70 070
050
ko 0.60
P P! N 0.50 ]
070 030
CNN-LSTM SVM RF CNN-LSTM SVM RE CONN-LSTM VM RF

Figure 9. Comparison of predictive performance of the three models based on SPI at
different time scales. From top to bottom: 3-month (SPI-3), 6-month (SPI-6), and 12-month
(SPI-12) scales; from left to right: arid, semi-arid, and semi-humid regions. The boxplots show
the distribution of R? values across models, including medians and variability ranges.

Horizontal lines and asterisks (*, **, ***) indicate the significance levels of pairwise differences
among models (*p<0.05, **p<0.01, ***p<0.001).
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Figure 10. Comparison of predictive performance of the three models based on SPEI at
different time scales. From top to bottom: 3-month (SPEI-3), 6-month (SPEI-6), and 12-month
(SPEI-12) scales; from left to right: arid, semi-arid, and semi-humid regions. The boxplots
show the distribution of R* values across models, including medians and variability ranges.

Horizontal lines and asterisks (*, **, ***) indicate the significance levels of pairwise differences
among models (*p<0.05, **p<0.01, ***p<0.001).

5. DISCUSSION

Based on monthly precipitation and potential evapotranspiration data from 1960 to 2022,
this study calculated SPI and SPEI indices at 1-, 3-, 6-, and 12-month scales, and employed three
models—Support Vector Machine (SVM), Random Forest (RF), and Convolutional Long Short-
Term Memory (CNN-LSTM)—to predict meteorological drought across the semi-humid, semi-
arid, and arid regions of the Loess Plateau. By comparing performance metrics including R?,
MAE, and RMSE, the study effectively revealed the applicability of different models for drought
prediction. The results show that at the 1- and 3-month scales, predictive performance was
generally low (particularly for SVM), indicating the difficulty of capturing short-term climate
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variability. With increasing time scale, prediction accuracy improved significantly across all
models, with CNN-LSTM consistently achieving the best performance, clearly outperforming
SVM and RF. At short- to medium-term scales, RF performed better than SVM, whereas at long-
term scales, SVM significantly outperformed RE. Moreover, in semi-arid and arid regions,
predictions based on SPEI were generally superior to those based on SP], likely because SPEI
incorporates evapotranspiration and other meteorological factors, providing a more
comprehensive representation of regional water balance. These findings are consistent with
previous studies and further confirm the advantage and reliability of SPEI-based approaches
for meteorological drought prediction in arid and semi-arid regions (Hou et al.,, 2024).

5.1.Impact of Time Scale

Fig. 11 presents the time series of SPI and SPEI from 1960 to 2022. It can be observed that as
the time scale increases, the index series gradually becomes smoother. This is because at shorter
time scales (e.g., 1 and 3 months), the indices mainly reflect anomalies in monthly or short-term
precipitation and evapotranspiration, making them highly sensitive to extreme weather events
and seasonal fluctuations, which leads to strong randomness and high-frequency variability. At
longer time scales (e.g, 6 and 12 months), the indices are calculated based on cumulative
precipitation and evapotranspiration, and short-term anomalies are gradually smoothed out in
the accumulation process, resulting in reduced variability.The predictive performance of the
three models also improved with increasing time scale. The CNN-LSTM model consistently
outperformed the others at all scales, demonstrating strong adaptability and stability in
drought prediction. In contrast, the performance of SVM and RF varied with time scale: at the
long-term scale (12 months), SVM achieved higher prediction accuracy than RF, while at the
short- to medium-term scales (3 and 6 months), RF performed significantly better than SVM.
These findings further confirm that CNN-LSTM, by integrating the spatial feature extraction
capability of CNN with the temporal dependency modeling strength of LSTM, offers a
comprehensive advantage in multi-scale drought prediction tasks. Although traditional
machine learning models show strengths at specific time scales, their overall predictive
performance remains inferior to that of CNN-LSTM.
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Figure 11. Time series of SPI and SPEI at different time scales: the left panel shows SPI time
series at four time scales, and the right panel shows SPEI time series at four time scales.

5.2.Combined Effects of Region and Drought Index on Predictive Performance

Fig. 12 illustrates the predictive performance of the three models across different regions,
indices, and time scales. The results show that in the semi-arid and semi-humid regions, SPEI
consistently outperformed SPI at all time scales, as SPEI accounts for both precipitation and
evapotranspiration. Since SPEI is based on the water balance (P-PET), it explicitly incorporates
the contribution of potential evapotranspiration (PET) to drought formation. Compared with
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SPI, which only reflects precipitation anomalies, SPEI better represents the actual drought
process (precipitation deficit combined with increased water demand), thereby providing a
more accurate characterization of drought intensity and duration and supplying stronger
“effective signals” for model learning. Moreover, PET exhibits strong seasonality and
interannual smoothing effects; when incorporated into the water balance, it dampens high-
frequency fluctuations caused by extreme monthly precipitation, thus capturing moisture
dynamics more comprehensively.

In the arid region, although SPEI outperformed SPI at short- to medium-term scales, SPI-12
achieved better performance than SPEI-12 at the long-term scale. This is mainly because SPI
can more stably reflect long-term precipitation trends. Notably, when SPEI was used as the
predictive indicator, the three models performed significantly better in the semi-arid and arid
regions than in the semi-humid region. This result indicates that in water-limited environments,
incorporating evapotranspiration enhances the predictability of drought indices, making it
easier for models to capture the dynamics of water deficit processes. By contrast, when SPI was
used as the predictive indicator, no such consistent pattern was observed, suggesting that
precipitation-only indices exhibit less regional differentiation than SPEI. These findings further
emphasize the importance of prioritizing SPEI over SPI for drought prediction in arid and semi-
arid regions, while highlighting that the choice of drought index (SPEI or SPI) should be flexibly
determined based on regional hydrological characteristics and prediction objectives.
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Figure 12. Predictive performance of the three models: the top row shows comparative
results of CNN-LSTM, RF, and SVM based on SPEI, while the bottom row shows corresponding
results based on SPI.

5.3.Influence of Model Characteristics

The differences in predictive performance of the three models across regions and time scales
are closely related to their intrinsic mechanisms and overfitting behavior. The CNN-LSTM model
integrates the local feature extraction capability of Convolutional Neural Networks (CNN) with
the temporal dependency modeling strength of Long Short-Term Memory (LSTM) networks,
enabling it to effectively capture the complex spatiotemporal dynamics of drought indices and
thus achieve the best overall performance. Its loss curve converged rapidly, and no obvious
divergence between training and validation sets was observed, suggesting a low risk of
overfitting. This can be attributed to the use of regularization mechanisms and the relative
stationarity of medium- to long-term sequences. The Random Forest (RF) model relies on an
ensemble of multiple decision trees to represent nonlinear relationships and evaluates
generalization performance automatically through out-of-bag (OOB) samples. The OOB error
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curve shows that the error decreases with the number of trees and eventually stabilizes, with
no signs of overfitting, indicating particularly robust performance at long-term scales. The
Support Vector Machine (SVM) model maps nonlinear relationships through kernel functions.
[ts learning curve demonstrates that testing error decreases and stabilizes as the number of
training samples increases, implying that the risk of overfitting diminishes under large-sample
conditions; however, at short- to medium-term scales, the model remains limited by the
volatility of the sequences.

Overall, CNN-LSTM demonstrates strong spatiotemporal modeling and generalization
capabilities, RF maintains stability through the O0OB mechanism, and SVM shows advantages
under long-term scales and large-sample conditions. Importantly, the training diagnostics of all
three models revealed no significant overfitting, confirming the robustness and reliability of the
prediction results. Fig. 13 presents the CNN-LSTM loss curve, the RF OOB error curve, and the
SVM learning curve, providing an intuitive illustration of model convergence, generalization
capability, and overfitting risk during training
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Figure 13. Diagnostic curves of CNN-LSTM, RF, and SVM models during training: the top
row shows the loss function curve of the CNN-LSTM model (left) and the out-of-bag (OOB)
error curve of the RF model (right), while the bottom row shows the learning curve of the SVM
model.

6. CONCLUSION

Based on monthly precipitation (PRE) and potential evapotranspiration (PET) data from
1960 to 2022, this study calculated multi-scale SPI and SPEI indices and systematically
evaluated the drought prediction performance of CNN-LSTM, Random Forest (RF), and Support
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Vector Machine (SVM) models in the arid, semi-arid, and semi-humid regions of the Loess
Plateau. The results show that CNN-LSTM achieved the best performance across all regions and
time scales (with SPEI overall superior to SPI), consistently obtaining the highest R*> and lowest
error metrics, highlighting its advantage in modeling complex spatiotemporal dependencies. RF
outperformed SVM at short- to medium-term scales (3 and 6 months), whereas SVM performed
better than RF at the long-term scale (12 months). Overall, the ranking was CNN-LSTM > RF >
SVM for short- to medium-term scales, and CNN-LSTM > SVM > RF for long-term scales.At the
index level, the predictive accuracy of the three models under SPEI was generally higher than
that under SPI, particularly in semi-arid and semi-humid regions, indicating that the
introduction of evapotranspiration enhanced the ability of drought indices to represent
regional water balance. However, in the arid region at the long-term scale, SPI-12 outperformed
SPEI-12, suggesting that in extremely water-scarce areas, long-term precipitation trends
provide a more stable explanation of drought variation than the water balance driven by
evapotranspiration.At the regional level, when SPEI was used as the predictor, predictive
performance in semi-arid and arid regions was significantly better than in the semi-humid
region, whereas SPI did not exhibit such a pattern, further emphasizing the necessity of
prioritizing SPEI in water-limited regions.

A comprehensive comparison revealed regional differences in the optimal prediction
combinations. In the semi-arid and semi-humid regions, CNN-LSTM combined with SPEI
outperformed CNN-LSTM combined with SPI, with CNN-LSTM + SPEI-12 achieving the best
performance by fully utilizing the smoothed and stable temporal characteristics of SPEI and the
strong spatiotemporal modeling capacity of CNN-LSTM. In the arid region, CNN-LSTM + SPEI
was superior at short- to medium-term scales, while CNN-LSTM + SPI-12 was more
advantageous at the long-term scale, indicating that in extremely water-scarce environments,
precipitation-dominated SPI provides a more stable explanation of long-term drought
evolution.Overall, CNN-LSTM demonstrated significant advantages across all regions and time
scales, making it the optimal model for regional drought prediction. At the same time, in short-
to medium-term prediction, combining RF or configurations such as SPEI-3/6 can also serve as
useful supplements, providing more scientific and reliable support for drought monitoring,
agricultural management, and water resource regulation in the Loess Plateau.

It is worth emphasizing that this study not only compared the predictive performance of
different models and drought indices from an academic perspective but also provides direct
practical value for regional drought management. The results indicate that the CNN-LSTM +
SPEI combination outperformed CNN-LSTM + SPI in the semi-arid and semi-humid regions,
with CNN-LSTM + SPEI-12 achieving the best overall performance, whereas CNN-LSTM + SPI-
12 was more advantageous for long-term drought prediction in the arid region. These findings
provide a scientific basis for constructing region-specific drought prediction systems. In
practical applications, the outcomes of this study can be embedded into regional drought early
warning systems, where real-time meteorological data can be used to calculate SPI/SPEI and
fed into the optimal model to achieve dynamic prediction and rolling updates of drought
severity. This approach can support decision-making for agricultural scheduling, water
resource optimization, and drought risk management. Moreover, promoting the combined use
of the CNN-LSTM model with SPEI/SPI in high-risk drought regions can serve as an important
tool for meteorological and water resource management agencies, enhancing the foresight and
precision of drought monitoring. Future work may further integrate remote sensing
observations and in-situ soil moisture measurements to develop a deep learning-based multi-
source data fusion early warning platform, thereby facilitating the translation of research
findings into practical applications.
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