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Abstract: Driven by continuously evolving precipitation shifts and temperature increases, the fre-
quency and intensity of droughts have increased. There is an obvious need to accurately monitor
drought. With the popularity of machine learning, many studies have attempted to use machine
learning combined with multiple indicators to construct comprehensive drought monitoring models.
This study tests four machine learning model frameworks, including random forest (RF), convolu-
tional neural network (CNN), support vector regression (SVR), and BP neural network (BP), which
were used to construct four comprehensive drought monitoring models. The accuracy and drought
monitoring ability of the four models when simulating a well-documented Inner Mongolian grass-
land site were compared. The results show that the random forest model is the best among the
four models. The R? range of the test set is 0.44-0.79, the RMSE range is 0.44-0.72, and the fitting
accuracy relationship could be described as RF > CNN > SVR ~ BP. Correlation analysis between the
fitting results of the four models and SPEI found that the correlation coefficient of RF from June to
September was higher than that of the other three models, though we noted the correlation coefficient
of CNN in May was slightly higher than that of RF (CNN = 0.79; RF = 0.78). Our results demonstrate
that comprehensive drought monitoring indices developed from RF models are accurate, have high
drought monitoring ability, and can achieve the same monitoring effect as SPEI. This study can
provide new technical support for comprehensive regional drought monitoring.

Keywords: environmental remote sensing; drought monitoring; machine learning; model construction

1. Introduction

In general, drought is caused by a water imbalance as a result of a long-term water
deficit or excessive evapotranspiration [1,2]. Scientific evidence from the latest report of the
Intergovernmental Panel on Climate Change (IPCC) confirms that weather patterns have
shifted in an extreme direction since the 1950s; the global climate has undergone dramatic
changes, especially the increase in global temperature, which has led to the increasing
frequency and intensity of drought at global and regional scales [3-5]. Drought is a major
ecological and economic burden [6] and often seriously degrades land resources, water
resources, and agricultural resources [7,8]. The drought in Inner Mongolia is the result of
the combination of increasing temperature and significantly decreasing precipitation [9].
Huang et al. [10] showed that Inner Mongolia has a high risk of summer drought mainly
due to reduced precipitation. Ji et al. [11] proved that precipitation and temperature were
the main factors driving the increase in drought in Inner Mongolia. Drought monitoring
research is a major focus of global research [12-14].

Land 2024, 13, 754. https:/ /doi.org/10.3390/1land 13060754

https:/ /www.mdpi.com/journal /land


https://doi.org/10.3390/land13060754
https://doi.org/10.3390/land13060754
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/land
https://www.mdpi.com
https://orcid.org/0000-0001-7645-4189
https://orcid.org/0000-0002-2154-7908
https://orcid.org/0000-0002-8314-3001
https://orcid.org/0000-0003-3620-4286
https://orcid.org/0000-0003-1250-7098
https://doi.org/10.3390/land13060754
https://www.mdpi.com/journal/land
https://www.mdpi.com/article/10.3390/land13060754?type=check_update&version=1

Land 2024, 13, 754

2 of 20

Traditional remote sensing drought monitoring mainly monitors single factors, such
as soil moisture or vegetation growth, which may be unable to fully capture drought [15].
In recent years, many scholars have begun to combine multiple drought impact indicators
to construct a comprehensive drought model [16,17]. Machine learning has been gradually
applied to the study of drought index construction because machine learning tools can
effectively deal with the nonlinear relationship between various drought factors [18].
These approaches are in the process of development. For example, a comprehensive
drought monitoring model was constructed by Shen et al. [19-21] using a random forest
model framework, considering remote sensing drought indices such as the TRMM-Z
index, vegetation condition index (VCI), and temperature condition index (TCI). Random
forest approaches are only one form of machine learning. Deep learning is another form
of machine learning method based on neural network analysis, which was originally
proposed by Hinton and Salakhutdinov [22]. Deep learning can imitate the operation of the
human brain to analyze and interpret data, and its performance outperforms other machine
learning methods [23]. In the construction of a comprehensive drought index, the use of a
machine learning algorithm may allow for the extraction of more useful features from a
large number of drought factors, which is impossible for other traditional algorithms [24].
However, given the novelty of the method and the challenges in implementation, there
are few studies on drought monitoring using machine learning [25]. To that end, this
study selects multiple machine learning and deep learning models to jointly construct a
remote sensing drought monitoring index, then compares and analyzes the differences in
the ability of different machine learning models to construct a drought monitoring index
and explores the use of multi-source remote sensing data for large-area, long-term and
high-precision drought monitoring methods.

2. Materials and Methods
2.1. Study Area

The study area is a typical grassland area in Inner Mongolia, located in the Xilingol
League Prefecture near Hulunbuir City. The geographical range is 113°49'-120°26' E,
43°08'-49°96’ N, the altitude ranges from 495-1577 m, the east-west length of the area is
about 350 km, and the north-south width of the area is about 150 km, with a total grassland
area of 152,521 km? (Figure 1). The average temperature in the study area during the
growing season is 17 °C, and the average precipitation in the growing season is 232 mm.
The area is considered to have a northern temperate continental climate. The distribution
of water resources is not balanced. There are more water resources in the eastern region,
and most central and western regions are short of water resources. The cold wind in winter
is strong, and both precipitation and temperature peak during the summer. The vegetation
type in the study area is typical of the regional steppe, the dominant species being Stipa
krylovii, S. grandis, and Leymus chinensis.

2.2. Research Data

The time range of this study is the growing season (May—September) from 2001
to 2022. This study used multi-source remote sensing data, including vegetation index
(MOD13A2), surface temperature (MOD11A2), and evapotranspiration (MOD16A2) data
from the Moderate Resolution Imaging Spectroradiometer (MODIS). The study collected
precipitation data from the Climate Hazards Group InfraRed Precipitation with Station data
(CHIRPS) global rainfall data set and collected soil moisture data from the Famine Early
Warning Systems Network Land Data Assimilation System (FLDAS). The spatial resolution
of MOD13A2 and MOD11A2 is 1000 m. The resolution of MOD16A2 is 500 m. The spatial
resolution of CHIRPS data is 5566 m. The spatial resolution of FLDAS data is 11,132 m. In
order to ensure all data are at the same spatial resolution and scale, all data were resampled
to 1000 m resolution using the bilinear interpolation method in GEE (Google Earth Engine).
Similarly, to ensure time windows were consistent, the data with different time resolutions
were processed into monthly mean data by the mean value synthesis method (Table 1).
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Figure 1. Geographical location of the study area.

Table 1. Description of indices obtained from sensors and orbital models.

Drought Orbital Spatial Temporal .

Index Sensors Models Product ID Resolution Resolution Unit Values Range
NDVI MODIS - MOD13A2 V6.1 1000 m average 16-day - [—2000, 10,000]
LST MODIS - MOD11A2 V6.1 1000 m average 8-day K [7000, 65,535]
ET MODIS - MOD16A2 V 6.1 500 m average 8-day kg/ m?2/8 day [—32,767, 32,700]

PRE - CHIRPS CHIRPS 5566 m daily mm/pentad [0, 1072.43]
FLDAS Noah Land
SM - MEé{II-{[ﬁQ-%sa nd Surface Model L4 11132 m Monthly X()hzimfl -
Global Monthly V001 actio

The meteorological station data used in this study are collected from stations evenly
distributed across the northeast of the Inner Mongolia Autonomous Region. The monthly
average temperature and monthly precipitation of 12 meteorological stations were used
(Table 2). The monthly average precipitation is used to calculate SPI and SPEI, and the
monthly average temperature is used to calculate SPEI. The above meteorological station
data are from the Inner Mongolia Meteorological Bureau (Figure 2, Table 2).

Table 2. The information of meteorological station data.

Meteorological Station

Longitude (°)

Latitude (°)

Altitude (m)

Manzhouli City
Prairie Chenbarhu banner
Ewenki Autonomous Banner
Hailar District
New Barag West County
New Barag East County
Waulagai Management District
East Ujimgin County
Naran bulag
Abaga Banner
West Ujimqin Banner
Xilinhot City

117.43
119.43
119.75
119.75
116.82
118.27
118.80
116.97
114.15
114.95
117.60
116.07

49.57
49.32
49.15
49.22
48.67
48.22
45.72
45.52
44.62
44.02
44.58
43.95

662
578
622
613
556
644
867
841
1183
1128
997
991
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Figure 2. Distribution of meteorological stations in the study area.

2.3. Characteristic Variable

The occurrence of drought is a complex process. Many factors directly or indirectly
lead to drought, including increased evapotranspiration, decreased soil water content,
and increased surface temperature. Furthermore, mutual feedback and time lag between
vegetation and dry conditions are crucial for the construction of a drought index. Vegetation
changes reflect the wet and dry conditions of the region, as well as the relationship between
soil, atmosphere, and water [5,26-29]. The Normalized Difference Vegetation Index (NDVI),
land surface temperature (LST), precipitation (PRE), evapotranspiration (ET), and soil
moisture (SM) were selected as independent variables to construct a remote sensing drought
monitoring model. The above five indicators can be used when detecting the absolute value
of drought at a certain time, but they are incompetent when expressing the drought situation
at a certain time in a long time series (we can identify a “drought’ but not its magnitude or
duration). Therefore, the above five indicators are used to develop a ‘condition index’.

2.3.1. V(I

NDVI values alone are insufficient for understanding how NDVI responds to drought
over a long period of time, so the VCl is used as a proxy vegetation drought parameter in
this study. The VCI calculated based on NDVI can monitor the difference in productivity of
an ecosystem [30] and can better reflect the impact of drought stress on vegetation. The
calculation formula of VCl is as follows:

NDVI — NDVI,,;,

VCI =
NDVIax — NDVI,;,

M

Here, NDVI, NDVI,5x, and NDVI,;;, are the monthly NDVI value, the multi-year
maximum value, and the multi-year minimum value of monthly NDVI in the study time
range, respectively. VCI values range from 0-1. The lower the value, the worse the
vegetation growth; the higher the value, the better the vegetation growth.

2.3.2. TCI

The TCl is a drought monitoring index based on LST, which is used to determine
temperature-related drought phenomena [31]. When drought occurs, the decrease of soil
moisture may have an indirect negative effect on soil temperature surface temperature;
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thus, an abnormally high surface soil temperature during the crop growing season may be
considered an indicator of drought. The calculation formula of TCI is as follows:

LST ey — LST

TCI =
LSTax — LST i

(2)

LST, LSTjuax, and LST,,;,, are the monthly TCI value, monthly maximum TCI value,
and monthly minimum value in the study time range, respectively. The range of TCI is 0-1,
and TCl is close to or equal to 0 when drought occurs. In wet conditions, the TCI is close
to1.

2.3.3. ECI

Evapotranspiration is a valuable indicator of drought [32]. The evapotranspiration
status index was used to monitor the degree of vegetation water shortage in the study area
for a long time. The calculation formula is as follows:

ETyux —ET

ECl= ————~—
ETax — ETmin

(©)

Among them, ET, ET;4, and ET,,;;,, are the monthly ET values in the study time range,
the multi-year maximum value of monthly ET, and the multi-year minimum value of
monthly ET, respectively. The range of ECI is 0-1. The smaller the value of ECI, the higher
the evapotranspiration in the study area, and vice versa.

2.3.4. SMCI

Soil is a vital component of terrestrial ecosystems and plays an important role in
regulating the energy balance of the terrestrial water cycle. Soil moisture (SM) regulates
surface—plant-atmosphere interaction process, affects climate and weather processes [33],
and is an important factor affecting the energy exchange between soils, plants, and the
atmosphere [34]. In agricultural systems, drought can be tracked by SM, so the SMCI
is used as an indicator to characterize soil information in drought monitoring [35]. The
calculation formula is as follows:

SM — SM, i,

SMCl= ———
SMmax - SMmin

(4)

Among them, SM, SM;;;5x, and SM,;;,, are the monthly SM value, the multi-year maxi-
mum of monthly SM, and the multi-year minimum of monthly SM in the study time range,
respectively. The range of SMCl is 0-1. The higher the soil moisture, the higher the SMCI
value, and vice versa.

2.3.5. PCI

Precipitation condition index (PCI) is a drought monitoring index that can provide
meteorological drought information, and vegetation drought is generally caused by meteo-
rological drought [36]. The PCI can represent the influence of long-term precipitation (Pre)
changes on drought. The calculation formula is as follows:

Pre — Prey,;y,

PCI 5)

- Prepax — Preyiy

Among them, Pre, Pre;;,y, and Pre,;, are the monthly precipitation values within the
study time range and the multi-year maximum and minimum values of the monthly Pre,
respectively. PCI ranges from 0 to 1, wherein low precipitation leads to a value nearer zero
and higher periods of rainfall lead to PCI values near 1.
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2.3.6. SPI3 and SPI6

The Standardized Precipitation Index (SPI) is widely used in large-scale drought mon-
itoring [37]. The index regards the continuous time series of precipitation at a certain time
scale (such as 1, 3, 6, and 12 months) as obeying a certain probability density function
distribution (such as gamma distribution), then derives the corresponding cumulative
probability function and then converts it into a standard normal distribution. After conver-
sion, the SPI corresponding to a certain time scale is expressed as the x-axis value of the
standard normal distribution corresponding to the cumulative probability of the sample
precipitation. In simpler terms, the SPI can be thought of as an index based on the average
rainfall in an area over a given timescale so that ‘drought” may be estimated as points in
time that are sufficiently different for the mean rainfall in that region. The drought grade of
SPI is shown in Table 3:

Table 3. SPI drought level.

Rate Drought Type SPI
1 No drought —0.5<SPI
2 Light drought —1.0<SPI < —-0.5
3 Middle drought —15<SPI < -1.0
4 Heavy drought —20<SPI< —-1.5
5 Extreme drought SPI < -20

2.3.7. SPEI

The Standardized Precipitation Evapotranspiration Index (SPEI) is a standardized
drought index that comprehensively considers precipitation and evapotranspiration [38].
The absolute value of SPEI reflects the degree of drought or wetness. The principle of this in-
dex is to assume that the difference between precipitation and evapotranspiration obeys the
Log-logistic probability distribution and standardizes it to obtain the following equation:

w— c0+c1w+c2w2
l+d1 w+d2wz+d3w3 ’
w = /—2In(P), Cumulative Probability P < 0.5
SPEI = (6)

—(w— c0+clw+czwz
1+diw+dyw? +dzw’ )7/

w = /—2In(1 — P), Cumulative Probability P > 0.5

In this equation, cg = 2.515517, c; = 0.802853, c; = 0.010328, d; = 1.432788, d, = 0.189269,
and d3 = 0.001308. The classification of the SPEI drought grade is shown in Table 4.

Table 4. SPEI drought level.

Rate Drought Type SPI
1 No drought —0.5 < SPEI
2 Light drought —1.0<SPEI < -05
3 Middle drought —15<SPEI < —1.0
4 Heavy drought —20<SPEI < —15
5 Extreme drought SPEI < —2.0

2.4. Model
2.4.1. Back Propagation

The BP (Back Propagation) neural network framework was first proposed by a group of
scientists led by Rumelhart and McClelland in 1986. It is a multi-layer feedforward network
trained by error backpropagation and is one of the most widely used neural network
models [39]. Liu applied the BP neural network to agricultural drought monitoring in
2020 and achieved good monitoring results [40]. A number of studies have shown that BP
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has a good fitting effect in the construction of drought monitoring index [41,42]. Its basic
algorithm is based on the gradient descent method, using gradient search technology so
that the error and mean square error of the predicted value and the actual output value
of the training network are the lowest. The topology of a conventional BP neural network
model includes an input layer, a hidden layer, and an output layer.

Using MATLAB R2020b, we can train a BP neural network using the newff function to
construct a comprehensive drought monitoring model. In this model, ‘epochs’ represents
the maximum number of training sessions, ‘goal” indicates the accuracy required for
training, and ‘Ir” represents the learning rate of the model. The model parameters are
shown in Table 5:

Table 5. BP neural network parameters.

Parameter Type Parameter Values
epochs 100

goal 0.001

Ir 0.01

2.4.2. Support Vector Machines

Support vector machines (SVMs) are novel data mining tools based on statistical
learning theory. SVMs have dealt well with regression problems (time series analysis),
pattern recognition (classification and discriminant analysis), and many other problems.
SVM approaches have been used for binary classification problems, and support vector
regression (SVR) is an important application branch of support vector machine. SVR
and SVMs are both derived from the concept of support vector machines, but they are
tailored for several types of predictive modeling problems. SVM aims to find the optimal
hyperplane that separates different classes in feature space. The objective is to maximize the
margin between the nearest points of the classes, which are called support vectors. SVMs
can handle both binary and multi-class classification problems. SVR, on the other hand, is
used for regression tasks. Instead of trying to maximize the margin between two classes,
an SVR attempts to fit the best hyperplane that can predict continuous values within a
certain margin of tolerance (epsilon). The goal is to minimize the error within this epsilon
margin while also trying to keep the model as flat as possible (minimizing the norm of
the coefficients) to prevent overfitting. While an SVM focuses on maximizing the margin
between classes for classification tasks, an SVR focuses on fitting a hyperplane that can
predict continuous outcomes with a certain tolerance of errors for regression tasks.

Many studies have applied SVM to the construction of drought monitoring index,
showing more obvious regional characteristics in terms of correlation with other meteo-
rological stations [6,43—45]. This study uses SVMcgForRegress and Svmtrain functions in
the MATLAB LIBSVM algorithm package to train and construct a comprehensive drought
monitoring model. The penalty coefficient and gamma coefficient are calculated by cross-
parameter verification. The specific training parameters are shown in Table 6:

Table 6. SVR parameter settings.

Parameter Type

The Meaning of Hyperparameters Parameter Values

¢ (penalty coefficient)

g (gamma coefficient)

t (kernel function type)
p (loss function value)
s (model setting type)

Use cross parameters to verify the optimal
value of the calculation
Use cross parameters to verify the optimal
value of the calculation
The type of kernel function 2 (RBF kernel function)
The value of the model loss function 0.01
The training type of the support vector machine 3 (SVR)

The penalty coefficient of the model

The value of the gamma function
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2.4.3. Random Forest

Random forest model frameworks are commonly used approaches to machine learning
simulations. The basic unit of the Random “forest” is the decision tree, and multiple
decision trees are integrated by using the idea of ensemble learning. Thus, the ‘Forest’
refers to a network of multiple decision trees. Randomness is reflected in two aspects: the
randomness of samples and the randomness of features. For the regression problem, the
final regression result can be obtained by averaging the output of each decision tree [46].
The advantage of the random forest model is that it is useful for simulating many features
with high dimensions, in that high accuracy results can be obtained without dimension
reduction. Further, RF model approaches are less sensitive to outliers and missing values,
making RF a useful tool for processing data with missing values. However, when the
training data noise is large, the model is also prone to overfitting.

Yue et al. used RF, SVM and BP to monitor drought in the North China Plain and found
that RF has high accuracy in drought monitoring [41]. A number of studies have shown
that RF has a good fitting effect in the construction of drought monitoring index [44,47,48].
In this study, the TreeBagger function in MATLAB was used to construct a random forest
model, and the optimal number of leaves and decision trees was screened through multiple
cycles. Model parameters implication and settings are shown in Tables 7 and 8, respectively:

Table 7. Random Forest network parameter implication.

Hyperparameter Name Implication

trees Number of decision trees
leaf Minimum number of leaves
Method Method of calculation
OOBPrediction The out-of-bag error
OOBPredictorImportance The importance of variables

Table 8. Random forest network parameter settings.

Month Trees Leaf
May 2000 10
June 1000 10
July 1000 5
August 67 67
September 500 20

2.4.4. Convolutional Neural Network

Deep learning is a new evolution of traditional machine learning research, designed
to enable the computer to learn the inherent characteristics of a dataset from a large pool of
sample data and classify and predict the newly received samples. Convolutional neural
networks (CNN) are one of the more common deep learning frameworks. CNNs utilize
layers of convolutional filters to automatically detect and learn hierarchical patterns and
features from the input data. Through a combination of convolutional layers, pooling layers,
and fully connected layers, CNNs effectively capture spatial and temporal dependencies.
This makes them particularly suited for tasks in image and video recognition, image
classification, and any application requiring the analysis of visual input.

Hao et al. used CNN to monitor the meteorological and hydrological drought in the
Huaihe River Basin and achieved good monitoring results [49]. Several studies have shown
that CNN has a good fitting effect in the construction of drought monitoring index [47,50].
The model uses a convolution kernel, a normalization layer, a modified linear unit layer
(ReLU) and a fully connected layer. The model parameters implication and settings are
shown in Tables 9 and 10, respectively:
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Table 9. CNN model parameter implication.

Hyperparameter Name

Implication

MiniBatchSize Number of training samples
MaxEpochs Maximum training times
InitialLearnRate Initial learning rate
LearnRateSchedule Learning rate change pattern
LearnRateDropFactor Learning Rate Decline Parameter

Table 10. CNN model parameters.

Parameter Type Parameter Values
MiniBatchSize 80

MaxEpochs 40
InitialLearnRate 0.01
LearnRateSchedule piecewise
LearnRateDropFactor 0.5

2.5. Process of Model Construction

To comprehensively consider the combined effects of precipitation, vegetation, and
soil on drought in the process of constructing the drought index, the five independent
variables (VCI, TCI, ECI, SMCI, and PCI) and the dependent variable SPI3 were selected
above. Based on the random forest model (RF), convolutional neural network model
(CNN), support vector regression (SVR), and BP neural network, a comprehensive drought
monitoring model with SPI = f (VCI, TCI, ECI, SMCI, and PCI) was constructed and named
(CDMI). The coefficient of determination (R?) and root mean square error (RMSE) were
used to evaluate the fitting accuracy of the comprehensive drought monitoring model. The
data for the same month from 2001 to 2022 were divided into five groups, and the data
for 22 months in each group were calculated. 85% of the total pixel number was set as
the training set, and 15% was set as the test set for model training and validation. The
flowchart for model construction is presented in Figure 3.

- - - - - 7= |

:|MOD13A2H NDVI H Vel ‘:

| |

:|MOD11A2H LST H TCI ‘l [t Sl
P

| |

| | MOD16A2 H ET H ECI ‘ | e ———

|

| l l
CHIRPS PRE PCI

|
|
| I
| | | SPI3/SPI6 ‘ SPEI3 |
|| MERRA- | NCT |
||2&CHIRPS H SM H SMCT ‘ |
-  _—__ - |
Model Dependent Variable Screening
Y E======rs—oo-oo
| Characteristic factors }—»: 85% training set| | 15% test set | |
______________ |
- T T I
:‘ RF ‘ |S\'R| ’CNN| | BP ‘,
I ————_————— 1 ________ |
Constructing the comprehensive drought model
— e ,
|| Model Accuracy Drought Monitoring Comparison of Drought |!
| Evaluation Proficiency Verification Monitoring Effects :

Dptical Mode

Figure 3. Flowchart of the methods used in this study.
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3. Results
3.1. Model Dependent Variable Screening

In this study, five environmental factors (VCI, TCI, ECI, SMCI, and PCI) and standard-
ized precipitation index (SPI3/SPI6), which characterize drought from climate, vegetation,
and hydrological data sources, were selected for annual and monthly Pearson correla-
tion analysis to study the response of different environmental factors to drought in the
study area.

According to the correlation analysis and comparison, the correlation between envi-
ronmental factors and SPI3 is higher than that of SPI6, and all five factors have passed
the 0.01 significance test (Table 11). Except for evapotranspiration, environmental factors
were positively correlated with SPI. PCI and SMCI were highly correlated with SPI, and the
correlation between SPI3 and PCI was 0.81. The correlation between ECI and SPI3 was the
lowest, only —0.59; the correlation between other indicators and SPI3 was between 0.6-0.8.

Table 11. Pearson correlation coefficients between the five drought indicators and SPI at different
month scales used in this study.

VCI TCI SMCI ECI PCI
SPI3 0.6530 ** 0.7372 ** 0.7581 ** —0.5904 ** 0.8081 **
SPI6 0.6160 ** 0.6908 ** 0.7300 ** —0.5612 ** 0.7727 **

Note: **— significant correlation at the 0.01 level.

The response of each factor to drought was different in different growing seasons.
Correlation analysis between each factor and SPI was conducted on the monthly data,
and all the results passed the 0.01 significance test (Table 12). In the growing season
(May-September), the correlation between SPI3 and SP16 was small, but SPI3 was higher
than SP16, which was consistent with the comparison results at the annual scale. Among
the five environmental factors, the correlation between precipitation and SPI3 was the
highest, and the correlation coefficient ranged from 0.37 to 0.66. Across time, the correlation
between May and July was higher than 0.55, and the correlation between August and
September was lower, only reaching 0.4. The correlation between vegetation and land
surface temperature has the same change trend, the lowest in May, which is 0.2-0.3, and
the highest in June-September, when the correlation coefficient reaches 0.45-0.65. The cor-
relation between land surface temperature and SP1 is slightly higher than that of vegetation
indices and SPI. There was a high correlation between soil moisture and SPI3, except that
the correlation coefficient was only 0.38 in September; in the other months, it was more
than 0.45. The correlation between evapotranspiration and SPI3 was the lowest, and the
correlation coefficient was between —0.2 and —0.3.

Table 12. Monthly correlation analysis between drought indicators and SPI.

Month VCI TCI SMCI ECI PCI
May SPI3 0.25 ** 0.34 ** 0.61 ** —0.21 ** 0.66 **
SPI6 0.25 ** 0.33 ** 0.56 ** —0.21 ** 0.62 **
June SPI3 0.44 ** 0.58 ** 0.45 ** —0.30 ** 0.57 **
SPI6 0.44 ** 0.57 ** 0.44 ** —0.30 ** 0.54 **
July SPI3 0.55 ** 0.65 ** 0.55** —0.27 ** 0.63 **
SPI6 0.55 ** 0.64 ** 0.53 ** —0.27 ** 0.63 **
August SPI3 0.46 ** 0.58 ** 0.53 ** —0.31 ** 0.37 **
SPI6 0.41 ** 0.52 ** 0.47 ** —0.26 ** 0.30 **
September SPI3 0.48 ** 0.50 ** 0.38 ** —0.22 ** 0.41 **
SPI6 0.39 ** 0.45 ** 0.38 ** —-0.21 ** 0.41 **

Note: **—significant correlation at the 0.01 level.
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According to the annual and monthly correlation analysis of SPI3 and SPI6, it can be
concluded that the correlation coefficient between SPI3 and environmental factors is higher
than that of SPI6 (p < 0.01). The correlation between precipitation and SPI3 was the highest,
with a significant positive correlation. Soil moisture, surface temperature and vegetation
were well correlated with SPI3. The correlation between evapotranspiration and SPI3 was
low and negatively correlated. These results suggest that precipitation has the greatest
impact on drought in the study area, followed by soil moisture, surface temperature,
vegetation growth, and evapotranspiration. Therefore, in the following machine learning
research, SPI3 is selected as the dependent variable of the machine learning model, and
VCI, TCI, SMCI, ECI, and PCI are selected as the independent variables to construct the
machine learning model.

3.2. Model Accuracy Evaluation Results

The accuracy evaluation results of the test set of the comprehensive drought monitor-
ing index (CDMI) are shown in Tables 13 and 14 and Figure 4. R? was used to verify the
correlation between the comprehensive drought monitoring index constructed by the four
machine learning models and the measured SPI3.

Table 13. Comparison of four model test sets for R?.

R? CNN RF SVR BP

May 0.68 0.70 0.45 0.45
June 0.57 0.64 0.49 0.55
July 0.61 0.79 0.59 0.60
August 0.55 0.69 0.50 0.44
September 0.45 0.44 0.33 0.31

Table 14. Comparison of four model test sets for RMSE.

0.9 4
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0.34

RMSE CNN RF SVR BP
May 0.51 0.54 0.62 0.80
June 0.57 0.52 0.70 0.71
July 0.53 0.44 0.65 0.61
August 0.53 0.55 0.68 0.75
September 0.66 0.72 0.62 0.76
1.0
(a) (b)
0.9
0.8
4 0T '
&
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Figure 4. Model accuracy of the testing set. (a) R2; (b) RMSE.
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We observed that the R? range of the comprehensive drought monitoring index based
on the RF model ranged from 0.44-0.79, the R? range of the CNN model ranged from
0.45-0.68, and the R? range of the SVR model ranged from 0.33-0.59 (Table 13). The R?
range of the BP neural network model ranged from 0.31-0.60. Further, the comprehensive
drought monitoring index has monthly scale differences. In all models, the model was the
least accurate in September and most accurate in July. According to the comparison of R
violin plots, it can be found that among the four machine learning models, the average R?
of the comprehensive drought monitoring index based on the random forest model is the
highest, R? > 0.60; the CNN model is second only to RF, 0.60 > R? > 0.55; the accuracy of
SVR is close to that of BP neural network, and the R? range is between 0.4 and 0.5. The
accuracy of the four models could be represented as RF > CNN > SVR = BP.

RMSE was used to analyze the deviation between the predicted value and the mea-
sured value of the four models. We observed that the RMSE range of RF is 0.44-0.72, the
RMSE range of CNN is 0.51-0.66, and the model deviation is low (Table 14). The RMSE
range of SVR is 0.62-0.70, the RMSE range of BP is 0.61-0.80, and the model deviation is
high (Table 14). The comparison between different months of the same model shows that
there are also differences in the monthly scale of different models. The monthly scale differ-
ence of RMSE of the four models was compared. The results showed that the deviation
degree of RF and CNN in September was the highest, and the deviation value of the model
from May to August was significantly lower than that in September. The two models may
be more sensitive to changes in vegetation or climatic conditions at the end of the growing
season. However, a non-significant monthly scale difference was found between BP and
SVR, indicating that these two models are insensitive to this change (Table 14). The average
RMSE of RF and CNN is 0.5-0.6, and the deviation degree of the two models is the same.
The average RMSE of SVR is between 0.6-0.7, and the average RMSE of BP is between
0.7-0.8, which are higher than RF and CNN. The comparison shows that the BP approach is
arguably the least accurate, with the highest amount of deviation and the lowest amount of
model fit (represented by the lower R?). The degree of deviation between the four models
could be represented as RF > CNN > SVR > BP. In summary, the drought monitoring index
constructed by the random forest model was the most accurate and has the best fit. The
difference in accuracy between the random forest model and the CNN model is small, but
the accuracy of the other two models is significantly lower than that of RE.

3.3. Drought Monitoring Proficiency Verification

Relevant studies have shown that in arid and semi-arid areas, vegetation growth and
ecosystem health status depend directly on atmospheric precipitation [11,51]. Therefore,
this study uses SPEI to test the drought monitoring ability of machine learning models.
The SPEI index is calculated using evapotranspiration and precipitation data. The index
combines the sensitivity of drought to changes in evaporation demand (caused by temper-
ature fluctuations and trends) with the simplicity of calculation and the multi-temporal
characteristics of SPL. It is more suitable for large-scale and long-term regional drought
monitoring [38,52,53]. The short-time series SPEI1 and SPEI3 are generally used to monitor
meteorological drought, while the long-time series SPEI6 and SPEI12 are used to detect
agricultural drought and hydrological drought [54]. Pei’s research has shown that SPEI3 is
more suitable for drought monitoring in Inner Mongolia grassland [52], and it can be con-
sistent with SPI3 on the time scale, so SPEI3 is selected in this study. It is a commonly used
meteorological drought monitoring indicator. In this study, 12 meteorological stations were
used to calculate the SPEI3 of the long-term series (2001-2022) to compare and verify the
drought monitoring capabilities of the four machine-learning models. Pearson correlation
analysis was performed between the prediction results of the four models and SPEI3. The
results are shown in Figure 5.
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Figure 5. Correlation between the four models and SPEI3 in different months (p < 0.01).

According to the analysis results, the correlation between the CNN model and SPEI in
May is the highest, R = 0.73, followed by the correlation between RF and SPEI R = 0.72,
and then finally, the other two models wherein R < 0.7, suggesting low correlation. Among
all models, the correlation between RF and SPEI3 in June-September is the highest. The
Pearson’s correlation, R, in June-August for the RF model is greater than 0.8, and the
other three models are significantly different from RF. In September, the correlation of
all four models to SPEI was low, though RF was slightly higher than CNN, and both
were significantly higher than the other two models. Except for May and September,
the correlation coefficients in other months were higher than 0.8, and the above results
all passed the 0.01 significance test. The results show that the comprehensive drought
monitoring index based on RF can effectively improve the ability of models to simulate
drought indices on a typical grassland area in Inner Mongolia [41].

3.4. Comparison of Drought Monitoring Effects

After generating our drought data, we wanted to represent the geographical variation
across our landscape in an easily interpretable way. Thus, we generated a regional map
divided into drought zones over a gradient scale with equal interval steps from most
droughted to least.

Using data from July 2019, this study takes meteorological stations as sampling points,
obtains the pixel values of remote sensing data at the corresponding positions as the initial
data to train the machine learning model, fits the model to the observed remote sensing
data pixel by pixel, and draws the results into a spatial distribution map (Figure 6).

Comparing the spatial distribution maps drawn by the four machine learning models,
the fit was best in the RF model, perhaps because RF frameworks minimize the influence of
extremely high and extremely low values, smoothing the rough gradient of the interpolation
data. The BP approach, on the other hand, allows abnormally high or low values at the
boundary of the study area and the area of gradient change, which affects the accuracy
of the model’s prediction of drought gradient. Compared with other models, the BP
framework has more pronounced spatial heterogeneity. This phenomenon also exists in
CNN. Through the above comparison, the RF approach is the most accurate, followed by
CNN. BP and SVR have obvious defects.
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Figure 6. Comparison of four machine learning models. (a) RE, (b) CNN, (¢) SVR, and (d) BP. Colors
represent drought degree: the redder the color, the stronger the level of drought.

4. Discussion
4.1. Analysis of Drought Factors

Drought is one of the most common and frequent natural disasters in the world,
and it is very difficult to accurately monitor drought [55]. The occurrence of drought is
related to the complex interaction of precipitation, temperature, evapotranspiration, and
vegetation. While drought monitoring indices constructed using only one of these data
streams can estimate the influence of that data on drought, the complex interactions among
environmental factors such as different climate types and geographical landforms may
affect the ability to truly monitor all drought effects. For example, NDVIis used for drought
monitoring in grassland areas with obvious seasonal differences in precipitation, but the
use of NDVI in agriculturally developed areas will affect the judgment of drought due to
differences in planting structure. At present, the Inner Mongolia region uses SPI, SPEI and
other drought monitoring indexes based on precipitation or TVDI, NDVI and other drought
monitoring indexes based on vegetation elements to monitor drought. However, the Inner
Mongolia Autonomous Region is not a traditionally modeled ecosystem (e.g., a temperate
or tropical lowland forest). The region is a narrow band of high-altitude desert grassland
and forest that has complex vegetation heterogeneity and a good deal of topographical
variation. At present, we lack a multivariate comprehensive drought monitoring index that
can accurately represent this landscape [56].

In this study, five drought factors were selected as the independent variables of the
model input. These factors have the same contribution rate by default before entering
the model, but their contribution rates are different when the model outputs the final
simulation results. In order to study the influence of each drought factor on the simulation
results, we calculated the contribution ratio of different months and different drought
factors (Table 15). The results showed that the contribution rate of different drought factors
varied greatly in different months. From May to June, the contribution rate of PCI was
highest, and it was affected by the natural conditions of Inner Mongolia. May and June are
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the early growing seasons of typical grasslands, when the vegetation coverage is low, and
precipitation and bare surface greatly influence drought monitoring. The contribution rate
of LST and VCI was higher from July to September, and the sum of them was more than 50%.
This indicated that vegetation growth and land surface temperature play an important role
in the formation and development of drought during this period. This is mainly because
the transpiration of healthy vegetation reduces the surface temperature and reduces the
loss of soil moisture. When vegetation growth is weak or the surface temperature is high,
soil water loss occurs, causing regional drought. Therefore, drought is more likely to occur
in the early growing season (May-June), when the surface is bare, and when precipitation
decreases, drought occurs in the region. The surface vegetation coverage in the middle and
late growing season (July—September) is high. When precipitation decreases, the surface
plants” water content and soil moisture can regulate drought [19].

Table 15. Percentage contribution of drought factors.

Drought Factors May June July August September
VCI 2% 18% 28% 16% 33%
TCI 7% 28% 29% 35% 40%
SMCI 36% 18% 15% 24% 5%
ECI 4% 5% 4% 15% 6%
PCI 51% 31% 23% 10% 16%

4.2. Comparison of Drought Monitoring Capabilities of Models

With the continuous development of drought monitoring technology research, the
study of drought monitoring index constructed by single factor is gradually changing to
the study of multi-factor drought monitoring index. This study comprehensively considers
multiple factors affecting drought, selects four machine learning models (BP, SVR, RF,
and CNN), constructs a comprehensive drought monitoring index, and compares the
four models through methods such as accuracy evaluation and drought capacity verification.

Compared with the results of other studies, we found that RF had a good fitting effect
in different regions, different climate types, and different drought types. Compared with
the Inner Mongolia grassland area, the climate of Shaanxi Province has higher average
temperatures, smaller temperature differences, and higher air humidity during the growing
season. The results of drought monitoring in Shaanxi Province by Han et al. showed
that RF constructed the drought monitoring index had a good fitting effect, which had a
high correlation with SPI (R = 0.5, p < 0.01) [57]. The major land use types in the North
China Plain were cultivated land rather than grassland, and there were differences in
hydrothermal conditions between these two places. The results of Yue et al.’s study found
that RF was suitable for drought monitoring in this area (R? = 0.789, RMSE = 0.454, and
MAE = 0.348). The fitting accuracy of RF was better than BP and SVR, which is consistent
with the results of this study [41]. Iran is located in a semi-arid area, and the land use
types are mainly desert and cultivated land. Heidarizadi et al. also found that RF had
good applicability for SPI prediction (R? = 0.88) [48]. The above results showed that RF
could carry out drought monitoring and achieved good results in different land use types,
different climatic conditions and different regions.

We found the RF framework to be the best for generating drought monitoring data for
Inner Mongolia. RF model approaches are ensemble learning tools based on generating
decisions through a ‘random’ “forest” of decision trees. Most importantly, RF models can
‘smooth’ large data sets with substantial numerical differences due to outliers, improving
the generation of regional scale data from a limited number of sources. Further, RF is
computationally cheap—the parallel operation of the decision tree means the model can
run quickly and efficiently without computational strain. The SVR model is a linear
classifier that excels in handling high-dimensional data due to its use of kernel functions
for optimal hyperplane identification. However, its performance diminishes with large
datasets as it requires high-order matrix computations, consuming substantial time and
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computer memory. The BP framework is similarly constrained—it takes a long time
to train a BP model, and the overall accuracy is limited. Consistent with this result,
Cheng et al. found that random forest outperforms SVR in drought monitoring, aligning
with findings that highlight the limitations of SVR and BP neural networks with large
data volumes [44]. Meanwhile, BP neural networks demand extensive training iterations
without clear guidelines on network structure.

In this paper, we found that CNN was the ‘next-best” choice after RF for generating
our drought index. This is consistent with what others have seen—Prodhan found that
the overall performance of deep learning is comparable to that of random forest, and
its multi-layer method can find the best output in the case of high-dimensional data
features [58]. However, the pooling layer of the CNN model will lead to the loss of some
key features during training, which may be one of the reasons why the accuracy of the
training model is lower than that of the random forest model. CNNs, as deep learning
exemplars, offer high accuracy and efficiency in processing large datasets, though they may
lose some features due to pooling layers, slightly lowering accuracy compared to random
forest. Overall, deep learning demonstrates potential in multivariate drought monitoring,
as shown by Shen et al. with their DFNN model in Henan Province, underscoring the
promising application of deep learning in comprehensive monitoring models [19].

4.3. Advantages and Limitations of Drought Monitoring Model

According to an assessment of the model’s monitoring capabilities and a comparison
with conventional meteorological monitoring techniques, the comprehensive drought mon-
itoring index developed in this work offers the following benefits: (1) The comprehensive
drought monitoring index constructed in this study considers multiple environmental
factors that affect drought, including vegetation growth status, surface temperature, precip-
itation, soil moisture, evapotranspiration, etc. Therefore, the index has the ability to monitor
multiple drought types. (2) The traditional meteorological interpolation method obtains
high-precision spatial monitoring results by laying many dense meteorological stations.
The model constructed in this study not only uses free remote sensing data and a small
amount of meteorological station data but also obtains high-resolution and high-precision
monitoring results. In addition, the method proposed in this study reduces the cost of
drought monitoring and provides a technological method for achieving regional-scale
drought monitoring.

Based on remote sensing data and meteorological station data, this paper uses machine
learning models to construct a comprehensive drought monitoring index suitable for typical
grassland areas in Inner Mongolia, but there are still many deficiencies in this research.
(1) In this study, data from the 2001-2022 growing season (May to September) were used,
and drought conditions in autumn and winter were not analyzed. In addition, the data
period used in this study is short, and the use of monthly data calculation also affects
the model accuracy. In the future, we will use longer time series and higher temporal
resolution data to improve the monitoring accuracy of the model. (2) Limited by the number
of meteorological stations, this study uses limited ground observation data. Increasing
the distribution density of meteorological stations can improve the model’s accuracy and
reduce the error when drawing the spatial distribution map. (3) When constructing the
comprehensive drought monitoring index, the environmental factors considered are not
rich enough. The terrain, slope, land cover, types of human activities and other factors
also impact drought. More parameters can be added in the future to improve the drought-
monitoring ability of the model [19]. (4) The machine learning model used in this study
is relatively basic. With the development of machine learning and deep learning, more
advanced and more advanced models can be selected for further research in the future.
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5. Conclusions

Drought is complex. The concept of ‘drought’ may be reflected by a number of
variables, including precipitation (i.e., drought is decreased precipitation), vegetation
(drought is the desiccation of vegetation and reduced growth/photosynthetic capacity
induced by water limitation), and soil (drought is the reduction of soil moisture). Therefore,
more and more studies seek a comprehensive index based on multi-parameter construction
rather than a single index (such as NDVI, LST, etc.) when evaluating drought conditions.
In this paper, the typical grassland area of Inner Mongolia is taken as the research area, and
the multi-source remote sensing data such as precipitation, vegetation and soil moisture
are combined with meteorological stations. Four machine learning models (RF, CNN, BP,
and SVR) are selected to train the comprehensive drought monitoring index suitable for the
study area’s growth season (May-September) from 2001 to 2022. The accuracy evaluation,
drought monitoring ability detection and spatial pattern analysis of the four models were
carried out to screen out the most suitable machine learning model for constructing drought
monitoring index in the study area. The main conclusions are as follows:

1.  VCI, TCI, SMCI, ECI, and PCI were used as model-independent variables, and SPI
was used as a model-dependent variable to train the machine learning model. The
model fitting accuracy showed that the RF model had the highest fitting accuracy,
wherein the R? range of the test set was 0.44-0.79, and the RMSE range was 0.44-0.72.
The CNN model is second; the R? ranged from 0.45-0.68, and the RMSE ranged from
0.51-0.66; the fitting accuracy of SVR and BP was low. The R? range of the test set is
between 0.3 and 0.6, and the RMSE range is between 0.60 and 0.80. The accuracy of
the four models could be described as RF > CNN > SVR = BP, and the random forest
model is superior to other models.

2. The drought monitoring ability of the four models was evaluated, and the correlation
between the model fitting value and the SPEI3 calculated based on observed data was
analyzed. The results show that the correlation coefficient of CNN is slightly higher
than that of RF in May (CNN = 0.79, RF = 0.78), though the correlation coefficient
of RF from June to September is higher than that of the other three models. The
results also show that in meteorological drought monitoring, the comprehensive
drought monitoring index based on RF has a higher drought monitoring ability and
can basically achieve the same effect as SPEI3.

3. The four comprehensive drought monitoring indexes were drawn into a spatial
distribution map to compare the regional monitoring capabilities of the four models.
In the division of drought gradient, RF is the most accurate, followed by CNN. RF is
more accurate in describing the boundary of the study area and the area of gradient
change, while BP and SVR have a large error. Using machine learning combined with
multivariate remote sensing data to construct a comprehensive drought monitoring
index has high accuracy on the spatial scale.

4. This study can scientifically and effectively monitor and prevent drought in Inner
Mongolia’s grassland area and provide theoretical reference and technical support for
drought monitoring and prevention in arid and semi-arid areas.
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