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A B S T R A C T

Drought has a significant impact on crop growth and productivity, highlighting the critical need 
for precise and timely soil moisture estimation to mitigate agricultural losses. This study focuses 
on soil moisture retrieval in northern Hebei Province during July 2012, utilizing eight widely 
employed remote sensing drought indices derived from MODIS satellite data. These indices were 
cross-referenced with measured soil moisture levels for analysis. Based on their correlation co
efficients, a composite remote sensing drought index set comprising six indices was identified. 
Furthermore, a radial basis function neural network (RBFNN) was employed to estimate soil 
relative humidity. The accuracy evaluation of the soil moisture estimation model, which in
tegrates multiple remote sensing drought indices and the RBFNN, demonstrated clear superiority 
over models relying on single drought indices. The model achieved an average estimation ac
curacy of 87.54 % for soil relative humidity at a depth of 10 cm (SM10) and 87.36 % for a 20 cm 
depth (SM20). The root mean square errors (RMSE) for the test sets were 0.093 and 0.092, 
respectively. Validation results for July 2013 indicated that the inversion accurately reflected the 
actual soil moisture conditions, effectively capturing dynamic moisture changes. These results 
fully verify the reliability and practicability of the model. These findings introduce a novel 
approach to local agricultural soil moisture estimation, with significant implications for 
enhancing agricultural water resource management and decision-making processes.

1. Introduction

Drought is a significant global natural disaster, characterized by its complex and gradual onset. It affects more people than any 
other natural disaster and leads to severe economic, social, and environmental consequences [1,2]. According to the IPCC Sixth 
Assessment Report (AR6), global temperatures are expected to exceed a 1.5 ◦C increase from pre-industrial levels (1850–1900) within 
the next 20 years [3]. As global climate changes, rising surface temperatures and the urban heat island effect will lead to more frequent 
and severe agroecological droughts, impacting the sustainable development of soil environments and human activities[4–6]. Agri
culture, as the cornerstone of the national economy, is crucial for food security and sustainable development. Therefore, real-time or 
near-real-time monitoring of agricultural drought serves as an effective measure in safeguarding the national economy.

Soil moisture plays a significant role in crop growth and development. Precise soil moisture data enables the accurate planning of 
irrigation schedules for crop growth, thereby promoting the advancement of modern agriculture [7,8]. While traditional surface soil 
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moisture measurement is highly accurate, it is limited by its point-based approach, small coverage area, and variability in soil depth [9,
10]. The development of remote sensing technology offers new spatial solutions to numerous environmental problems, including forest 
fire risk, urban heat island effect, and land use relationships[11–13]. Satellite remote sensing has become essential for the timely 
detection and monitoring of drought, providing rapid access to global spatiotemporal data [14,15].

Over the years, both domestic and international researchers have extensively explored drought conditions and soil moisture using 
various remote sensing drought indices. Ahmed et al. [16] utilized the positive correlation between the normalized difference 
vegetation index (NDVI) and soil moisture to determine the optimal time lag in soil moisture changes, thereby addressing vegetation 
dynamics. Zhang et al. [17] used the surface water content index (SWCI) for monitoring shallow soil water, demonstrating its superior 
ability to depict surface water content values and changes compared to NDVI. Pathak et al. [18] analyzed a 13-year vegetation 
condition index (VCI) and the standardized soil moisture index, finding a strong correlation between them. Casamitjana et al. [19] 
employed drones to study the correlation between three types of agricultural land (potato, bare soil, and pasture) and surface soil 
moisture, identifying the normalized difference water index (NDWI) as particularly effective for monitoring bare soil, with a significant 
correlation specifically noted for potato cultivation. Zhang et al. [20] conducted an initial investigation on the normalized multi-band 
drought index (NMDI), revealing a significant correlation between NMDI and soil moisture at depths of 0–50 cm. Kukunuri et al. [21] 
integrated the vegetation condition index (VCI) and the temperature condition index (TCI), which reflect crop canopy temperature, to 
assess overall vegetation health for more accurate agricultural drought estimation. Yu et al. [22] emphasized the strong correlation 
between the vegetation supply water index (VSWI) and soil moisture during soil water inversion. Yuan et al. [23] developed a model 
that integrates the temperature vegetation dryness index (TVDI) and apparent thermal inertia (ATI) within the characteristic space of 
surface temperature and vegetation index to accurately represent soil moisture in the Loess Plateau. Li et al. [24] examined the spatial 
variation characteristics of agricultural drought using the TVDI system. However, different remote sensing drought indices vary in 
their sensitivity to vegetation coverage, leading to differing capabilities in drought monitoring depending on the context [25]. The 
GNSS navigation system is widely used due to its sensitivity to soil moisture, but its signal is easily disturbed and has certain limitations 
[26,27]. Soil moisture is a complex nonlinear coupling system, and a single drought index often fails to fully capture its dynamics. 
Consequently, the nonlinear integration of various drought monitoring parameters has increasingly become the focus of research [28].

With advancements in machine learning technology, powerful tools have emerged for managing dynamic and nonlinear systems. 
Machine learning algorithms, such as support vector machines (SVM), random forests (RF), and radial basis function neural networks 
(RBFNN), are widely applied in remote sensing[29–32]. Despite the strong performance of these models across various domains, Zhu 
et al. [33] found that artificial neural networks outperform RF and linear models in soil moisture estimation. Neural networks process 
information through mathematical methods, making them more susceptible to modal requirements compared to most 
parameter-based nonlinear methods [34]. Unlike RBFNN, backpropagation neural networks (BPNN) are prone to local minimum 
problems and have slow learning rates, which complicates their structure. Consequently, RBFNN is a suitable choice for nonlinear 
system identification [35,36]. Xie et al. [37] demonstrated that RBFNN effectively predicts the nonlinear relationship between soil 
moisture and environmental variables. Meanwhile, Hosseini-Moghari et al. [38] utilized the neural network method to demonstrate 
the significant advantages of RBF methods in predicting drought index values. Based on this, this study selects RBFNN as the primary 
model to fit the nonlinear relationship between different drought monitoring parameters, enabling the extrapolation of station-based 
soil moisture to regional scales and improving the accuracy of regional soil moisture inversion. The model of this study is easy to use 
and delivers results quickly, greatly improving efficiency. The main objectives of this study are: (1) capturing the complex interactions 
affecting soil moisture and constructing an optimal set of drought indices; (2) evaluating RBFNN’s performance in fitting soil moisture; 

Fig. 1. Overview of the study area and distribution of soil moisture monitoring sites.
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and (3) conducting large-scale soil moisture inversion for regional spatial scales. Through this study, the goal is to advance the 
application of different information factor modelling technologies and provide insights and references for agricultural drought 
monitoring.

2. Materials and methods

2.1. Study area

The study area encompasses the northern region of Hebei Province, specifically including Zhangjiakou City, Chengde City, and 
Qinhuangdao City. Situated in North China, this area spans from 113◦27′E to 119◦50′E longitude and 36◦05′N to 42◦40′N latitude. The 
landform is complex and diverse, primarily consisting of the plateau on the dam and the hilly mountain terrain beneath the dam 
(Fig. 1). The region features a temperate and warm temperate continental monsoon climate, characterized by seasonal precipitation 
and heat, as well as distinct four seasons. With approximately 2885 annual sunshine hours, the climate varies due to factors such as 
latitude, terrain, altitude, and atmospheric circulation. The dam area, influenced by northwest airflow, experiences predominantly 
dry, cold, and windy conditions year-round, with an average annual temperature of approximately 2 ◦C, a frost-free period of 87–126 
days, annual precipitation of around 390 mm, and over 60 days of strong winds annually. Conversely, the mountainous and hilly areas 
have a more complex climate, with an average annual temperature of 7.6 ◦C, a frost-free period of 120–180 days, and annual pre
cipitation totalling 450 mm. Rainfall is concentrated primarily from July to September, accounting for about 70 %–80 % of the total 
annual precipitation.

2.2. Data source and processing

2.2.1. Remote sensing data
Surface temperature data (MOD11A2) and surface reflectivity data (MOD09A1) used in this study were obtained from NASA’s 

official website (https://www.nasa.gov/) for the period spanning July 2001 to 2013. The data cover the regions identified by the serial 
numbers H26V04, H26V05, H27V04, and H27V05. MOD11A2 is an 8-day composite product with a spatial resolution of 1 km, while 
MOD09A1 is also an 8-day composite with a higher spatial resolution of 500 m and includes information across 7 spectral bands. 
Following pre-processing using the MRT tool (including splicing and reprojection), MOD11A2 surface temperature data was resampled 
to 500 m to match the spatial resolution of MOD09A1 reflectivity data. This standardization facilitates the calculation of various 
drought indices. Data from the MOD11A2 image dated July 20 were excluded due to extensive missing pixels, as indicated in Table 1. 
The usage of MOD09A1 data followed a similar protocol to MOD11A2.

2.2.2. Soil relative humidity data
The China Meteorological Data website (http://data.cma.cn/) hosts a dataset on soil relative humidity, which provides observa

tions at ten-day intervals. This dataset includes information relevant to crop growth, farmland soil moisture, and relative soil moisture 
at various depths, collected from soil moisture stations. For July 2012, 15 stations with complete data were selected within the study 
area (Fig. 1), while a total of 45 stations recorded observed data over three consecutive ten-day periods. The RBFNN model employed 
soil moisture data sampled at depths of 10 cm and 20 cm, referred to as SM10 and SM20, respectively.

2.2.3. Meteorological data
Meteorological data were obtained from the China Meteorological Data official website (http://data.cma.cn/). The dataset covers 

the period from 1950 to 2015 and encompasses crucial meteorological parameters, such as daily temperature and precipitation. 
Monthly average temperature and accumulated precipitation statistics were calculated from this data. Additionally, the precipitation 
anomaly percentage was calculated to facilitate further comparative analysis.

2.3. Methodology

2.3.1. Construction of MODIS drought index
Many researchers, both domestically and internationally, have investigated drought conditions and utilized observed soil moisture 

data for soil moisture inversion and drought monitoring[16–24]. This study has integrated multiple parameters, including crop canopy 
temperature, morphology, greenness, soil moisture, and canopy water content, to compile a dataset and identify eight key remote 
sensing drought indices such as SWCI, TCI, and TVDI. The computational equations for each index are delineated in Table 2.

Table 2 presents the MOD09A1 product band specifications as follows: b1 (620–670 nm), b2 (841–876 nm), b4 (545–565 nm), b6 

Table 1 
MOD11A2 image data.

Data source Spatial resolution Temporal resolution Data number Date Ten-day

MOD11A2 1 km 8 days 185 7.04 first
193 7.12 middle
209 7.28 last
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(1628–1652 nm), and b7 (2105–2155 nm). Here, LST represents surface temperature, with LSTmax and LSTmin denoting the maximum 
and minimum values observed over multiple years within the same period. NDVImax and NDVImin indicate the highest and lowest NDVI 
values recorded during the corresponding timeframe. LST(max) and LST(min) refer to the maximum and minimum surface temper
atures, respectively, with coefficients a1, a2, c1, and c2 denoting undetermined parameters.

The development of various factors and subsequent model construction is approached from the perspective of different drought 
monitoring parameters, as shown in Fig. 2.

2.3.2. Construction of RBFNN inversion model
The radial basis function neural network (RBFNN) is a feedforward artificial neural network renowned for its excellent perfor

mance, efficient modelling, rapid operation speed, and strong nonlinear mapping capabilities [47]. Structurally, the RBFNN is an 
advanced form of the multi-layer perceptron neural network (MLPNN), organized into three layers: input layer, hidden layer, and 
output layer. Each node (neuron) within the hidden layer serves as a processing unit, employing the RBF as its activation function 
within the MLPNN framework [34]. Fig. 3 illustrates the schematic diagram depicting the neural network topology.

The input layer of the RBFNN consists of a K-dimensional vector X’p = {X’p1, X’p2, …, X’pk}, representing eight distinct indicators 
from remote sensing drought monitoring.

In the RBFNN’s hidden layer, the activation function used is the radial basis function, commonly employing the Gaussian function 
due to its unique properties defined by centre and width parameters. The formula is as follows (1): 

ϕ(Xʹ, σ)= exp

[
−
(
Xʹ − Cj

)2

2σ2
j

]

(1) 

here, φ represents the Gaussian function, X′ denotes the set of remote sensing drought monitoring indices, Cj indicates the centre of the 
kernel function for the j-th hidden layer element, and σj stands for the width vector for the j-th hidden layer element, determining the 
radial range of the function. The radial basis function measures the Euclidean distance between the input (X) and the centre (Cj), 
transforming it nonlinearly within the hidden layer [48].

The output layer of the RBFNN yields the relative soil moisture at various depths, specifically at soil moisture locations SM10 and 
SM20. The formula is as follows (2): 

Yj =
∑k

h=1
Wh × f(Xʹ, σ) (2) 

Here, W represents the weight value and h denotes the number of output layers (h = 1, 2, …, k).
The radial basis function is widely employed as an approximation function. Constructing an RBF network involves iterative ad

justments, where neurons are incrementally added to the hidden layer until the network’s output error reaches a predetermined RMSE. 
During this process, the following key parameters are continuously debugged to achieve the optimal results. The formula is as follows 
(3): 

net= newrb(P,T, goal, spread,MN,DF) (3) 

here, newrb refers to the RBF function, net represents the returned RBF network object, P denotes the input sample vector of the 
network, T signifies the output target vector, goal stands for the RMSE goal, spread represents the spread rate of the RBF, MN indicates 

Table 2 
Drought monitoring parameters and algorithms for remote sensing drought indices.

Drought monitoring parameter Remote sensing drought index Index algorithm Literature

Soil moisture content SWCI SWCI =
b6 − b7

b6 + b7

[39]

VSWI VSWI =
NDVI
LST

[40]

Crop morphology and greenness NDVI NDVI =
b2 − b1

b2 + b1

[41]

VCI VCI =
NDVI − NDVImin

NDVImax − NDVImin

[42]

Crop canopy water content NDWI NDWI =
b2 − b4

b2 + b4

[43]

NMDI
NMDI =

b2 − (b6 − b7)

b2 + (b6 − b7)

[44]

Crop canopy temperature TCI TCI =
LSTmax − LST

LSTmax − LSTmin

[45]

Characteristic space of surface temperature and vegetation index TVDI
TVDI =

LST − LST(min)
LST(max) − LST(min)

LST(max) = a1 + c1NDVI

LST(min) = a2 + c2NDVI

[46]

X. Wang et al.                                                                                                                                                                                                          



Heliyon 10 (2024) e37426

5

Fig. 2. Various indices and technical frameworks for developing RBFNN.

Fig. 3. Overview of the study area and distribution of soil moisture monitoring sites.
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the maximum number of neurons, and DF denotes the number of neurons added between two display updates during training.

2.3.3. Correlation analysis
Correlation analysis examines the signs of casual relationships overall, describing the proximity between objective elements and 

using specific indicators for statistical purposes[49–51]. This study uses Pearson correlation analysis, which measures the degree of 
correlation between two variables [52]. By assessing correlations between eight remote sensing drought indices and measured soil 
moisture, optimal indices for different soil depths were identified. Furthermore, the study analyses the correlation between RBFNN 
inversion results and measured soil moisture.

The r is calculated as follows (4): 

r=

∑n

i=1
(Xi − X)(Yi − Y)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
(Xi − X)2

√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
(Yi − Y)2

√ (4) 

here, X represents the average value of the X variable and Y represents the average value of the Y variable. The correlation coefficient r 
ranges between − 1 and 1. A value of 1 indicates perfect positive correlation, − 1 indicates perfect negative correlation, and 0 signifies 
no linear correlation.

2.3.4. Model accuracy verification method
In order to verify the precision and reliability of the soil relative humidity inversion model, several evaluation metrics were 

employed, including the coefficient of determination (R2), root mean square error (RMSE), and inversion accuracy (PA). A higher R2 

indicates better model fitting while a smaller RMSE signifies greater accuracy, reflecting higher model quality. Conversely, lower 
values indicate poorer model performance.

The coefficient of determination is calculated as follows (5): 

R2 =1 −

∑n

i=1
(Xi − Yi)

2

∑n

i=1
(Xi − Yi)

2
(5) 

The root mean square error is calculated as follows (6): 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(Xi − Yi)

2

√

(6) 

Fig. 4. Correlation heatmap of remote sensing drought monitoring indices and soil moisture. ** and * represent the 1 % and 5 % significance levels, 
respectively.
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Inversion accuracy is calculated as follows (7): 

PA=1 − (|PV − MV|)/MV × 100% (7) 

Here, n represents the total number of samples, Xi and Yi denote the i-th measured and predicted values, respectively, indicating the 
average of the measured values, MV stands for measured value, PV signifies predicted value, and PA represents prediction accuracy in 
percentage.

3. Results

3.1. Optimal remote sensing drought index selection

Based on the remote sensing drought monitoring index algorithm outlined in Table 2, eight distinct remote sensing drought indices 
were calculated, and their correlation coefficients with SM10 and SM20 were determined. The heatmap displaying these correlation 
coefficients is shown in Fig. 4.

The correlation strengths between SM10 and the eight drought indices rank as follows: TCI > TVDI > SWCI > VSWI > NMDI > VCI 
> NDVI > NDWI. Similarly, for SM20, the correlation rankings with the eight drought indices are: SWCI > VSWI > TCI > NMDI >
TVDI > NDVI > NDWI > VCI. Analysis of Fig. 4 indicates that TCI, reflecting crop canopy temperature, exhibits the strongest cor
relation with soil moisture at both depths, followed by SWCI and TVDI. These three indices, along with SM10 and SM20, all pass the 1 
% significance test. VCI and TCI demonstrate stronger correlations with SM10, while the remaining 6 indices show stronger corre
lations with SM20, suggesting greater sensitivity of each index to soil water conditions at 20 cm depth. Therefore, the selection of 
remote sensing drought indices for soil moisture inversion varies by depth. SM20 achieves significance at the 1 % level with SWCI, 
VSWI, NDVI, NMDI, TCI, and TVDI, and at the 5 % level with NDWI. Consequently, these six indices (SWCI, VSWI, TCI, NMDI, TVDI, 
NDVI) passing the 1 % significance test were chosen as evaluation indices for the SM20 inversion model. In contrast, SM10 only passed 
the 1 % significance test with SWCI, TCI, and TVDI, while VSWI passed at the 5 % level. To maintain consistency in the number of 
remote sensing drought indices used for soil moisture inversion at different depths, the evaluation indices for the SM10 inversion 
model also included six indices (TCI, TVDI, SWCI, VSWI, NMDI, VCI).

3.2. Construction and accuracy evaluation of soil moisture inversion model

Data from 45 soil moisture sites in 2012 were randomly selected for analysis. A total of 36 groups (80 %) were used for training, 
while the remaining 9 groups (20 %) were used for testing, ensuring no overlap between the two sets. Prior to constructing the neural 
network model, the datasets were normalized and subjected to comprehensive performance testing. Predicted values from the test 
dataset underwent inverse normalization to calculate RMSE and PA. This process ensures the reliability of the neural network model 
across various datasets and provides robust performance metrics for subsequent data analysis. The test datasets SM10 and SM20 served 
as samples, with data from various sites and time periods within the test set (9 groups) used for validation to calculate their PA, as 
presented in Tables 3 and 4.

The soil moisture model, based on six MODIS drought indices and employing collaborative inversion with RBFNN, exhibits superior 
inversion effectiveness, as indicated in Tables 3 and 4. Specifically, the average inversion accuracy for SM10 and SM20 is 87.54 % and 
87.36 %, respectively, accompanied by corresponding RMSE of 0.093 and 0.092 for the test set. These results clearly demonstrate the 
model’s high-precision performance across two distinct soil layers, aligning with the model’s robust performance in practical 
applications.

To further validate the impact of the RBFNN model on soil moisture inversion, a regression analysis was conducted using data from 
45 sets of soil moisture sites to compare measured and predicted values. The analysis utilized correlation coefficient r, coefficient of 
determination R2, and RMSE to assess the model’s validity. Specifically, R2 reflects the ratio of the total variation in the data explained 
by the model, serving as a crucial metric for assessing model fit. Meanwhile, RMSE is a standard measure for evaluating model per
formance, where lower values indicate higher accuracy and quality. The results of the regression analysis for SM10 and SM20 are 
depicted in Fig. 5.

The soil moisture model, developed through a combination of remote sensing drought indices and RBFNN, demonstrates clear 

Table 3 
Experimental results of SM10 soil moisture inversion model.

Site Ten-day Measured value/% Predicted value/% Prediction accuracy/%

Huaian M 46.00 45.81 99.59
Yangyan M 48.00 38.93 81.10
Yuxian F 54.50 47.53 87.21
Weixian M 49.50 63.90 70.91
Fengning L 52.50 51.16 97.45
Weichang F 43.00 48.26 87.77
Huailai M 66.50 48.11 72.35
Xinglong L 85.00 84.82 99.79
Changli L 99.00 90.76 91.68
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superiority over using the six remote sensing drought indices individually for soil moisture retrieval. The measured values of SM10 and 
SM20 exhibited significant correlation with the predicted values, particularly for SM10, where the correlation coefficient (r) and 
determination coefficient (R2) reached 0.855 and 0.731, respectively, indicating an excellent fit. Although SM20 showed slightly lower 
values than SM10, its correlation coefficient (r) and determination coefficient (R2) were 0.844 and 0.716, respectively, indicating a 
satisfactory fit. The correlation between the two soil layers was similar, with both demonstrating positive outcomes. Furthermore, 
calculating the RMSE of the inversion results for the two soil layers revealed an RMSE of 0.111 for SM20 and 0.116 for SM10. This 
finding suggests that the prediction model accurately represents the experimental data and underscores its overall high quality. These 
results unequivocally demonstrate the outstanding performance of the soil moisture model constructed using remote sensing drought 
indices and RBFNN for accurate inversion.

3.3. Validity verification of soil moisture inversion model

To further validate the effectiveness of using drought indices and RBFNN for soil moisture retrieval, the study area was divided into 
10 km resolution grids. The mean value method was employed to extract six remote sensing drought indices for each grid in 2013. 
Simultaneously, RBFNN successfully retrieved the 10 cm soil moisture values for three time periods (early, mid, and late) in July 2013. 
To obtain a more comprehensive distribution of soil relative humidity, the predicted values were interpolated using the Kriging 
method, resulting in maps depicting the distribution of 10 cm soil relative humidity across the study area for early, mid, and late July 
2013 (Fig. 6).

Hebei Province is a significant agricultural region known for the extensive cultivation of spring corn in its northern part. This study 
focused on July to align with the jointing and flowering stages of spring maize. Soil moisture levels were classified according to the 
Northern Spring Maize Drought Grade (QXT 259–2015) [53], categorizing soil moisture (SM) levels as follows: SM > 90 % as humid, 
75 % < SM ≤ 90 % as drought-free, 65 % < SM ≤ 75 % as light drought, 55 % < SM ≤ 65 % as medium drought, 45 % < SM ≤ 55 % as 
severe drought, and SM ≤ 45 % as extreme drought. In Fig. 6, during the first ten days of the study year, Zhangjiakou exhibited severe, 
moderate, and light drought conditions, with some areas experiencing drought-free or humid conditions. Chengde City showed 
concentrated drought in the north, with moisture levels increasing from north to south, while drought in Qinhuangdao City was mainly 
confined to the southern region. During the middle phase of the study, drought conditions intensified in Zhangjiakou City, particularly 
in the northwest area where severe drought escalated to extreme levels, while the southern areas saw moderate drought expand. 
Conversely, Chengde City witnessed a reduction in drought-affected areas, with only a limited northern region experiencing moderate 

Table 4 
Experimental results of SM20 soil moisture inversion model.

Site Ten-day Measured value/% Predicted value/% Prediction accuracy/%

Kangbao L 77.00 79.74 96.44
Zhangbei F 69.00 77.20 88.12
Zhangbei L 60.00 63.99 93.35
Xuanhua F 54.00 58.01 92.57
Xuanhua L 58.00 68.59 81.74
Weichang M 62.50 72.99 83.22
Huailai L 74.67 65.22 87.34
Zhulu L 66.00 82.03 75.71
Xinglong F 75.00 65.80 87.73

Note: F represents the first ten days, M represents the middle ten days, and L represents the last ten days.

Fig. 5. Retrieval results of soil moisture in 2012.
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Fig. 6. RBFNN collaborative retrieval of soil relative humidity at a depth of 10 cm using remote sensing drought indices in July 2013.

Fig. 7. Precipitation anomaly percentage in July 2013.
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drought, and Qinhuangdao City remained largely unaffected by drought. Toward the end of the study period, the drought situation in 
the study area improved. In Zhangjiakou City, severe drought was limited to a few areas, with predominant occurrences of light 
drought and even some areas reaching a humid state. Chengde City’s drought-affected area continued to shrink, while Qinhuangdao 
City remained free of drought. The inversion results effectively captured short-term regional changes in SM10, facilitating large-scale 
regional monitoring objectives.

Overall, the drought conditions in the study area exhibited a decreasing trend in July 2013, with a significant area experiencing no 
drought or even humid conditions, particularly noticeable in Zhangjiakou City. A comparison of the interpolated precipitation 
anomaly percentage based on meteorological station data from July 2013 (Fig. 7) revealed that overall precipitation levels in the study 
area surpassed the typical levels. The exceptions were the northern parts of Chengde City and Qinhuangdao City, where precipitation 
was lower, though not sufficiently low to trigger drought conditions based on the anomaly data. Moreover, according to the climate 
assessment bulletin from the Hebei Meteorological Bureau, the meteorological drought in Hebei Province in 2013 mainly occurred in 
spring and autumn due to continuous rainfall. The majority of this rainfall occurred from late June to mid-July, preventing severe 
drought conditions in the study area throughout July. These findings align with the model’s predicted results, affirming the effec
tiveness of the inversion model in estimating soil moisture and further emphasizing its practical reliability. This study retrieved soil 
relative humidity for the first, middle, and last ten days of July, revealing that the overall drought situation alleviated from the 
beginning to the end of the month, eventually reaching a drought-free state. However, our inversion results indicate that there was an 
aggravation of drought conditions in certain areas of Zhangjiakou from early to mid-July. This suggests that soil relative humidity in 
these areas was not solely influenced by precipitation during this period. Other drought-causing factors played a significant role. 
Capturing this information is crucial for effective soil moisture monitoring. Detailed capture of soil moisture dynamics can contribute 
to the sustainable development of soil health and ensure optimal conditions for crop growth. At the same time, using more precise 
daily-scale data in the model would enhance the efficiency of capturing soil moisture changes, providing a more reliable reference for 
regional soil management and drought prevention.

4. Discussion

When selecting drought indicators, it is crucial to consider their impact on drought events. This study utilizes drought monitoring 
parameters from four different perspectives to ensure a comprehensive assessment of drought conditions during collaborative 
inversion. The selection process includes TVDI, which is based on surface temperature and vegetation index. Although previous studies 
have applied TVDI independently to monitor agricultural drought [54], it is not a direct parameter for characterizing soil information. 
This study aims to construct a drought index set by incorporating TVDI alongside indices representing various parameters. Correlation 
analysis shows that TVDI has a significant relationship with soil moisture, leading to notable results in subsequent inversions. Among 
the eight drought indices, TCI shows a significantly stronger correlation with soil relative humidity than other indices. This is primarily 
because TCI is highly sensitive to drought during dry seasons or high-temperature months [55]. Given that the study period is in July, 
TCI shows a significant correlation with soil relative humidity. In contrast, NDVI, VCI, and NDWI show a lower correlation with soil 
relative humidity, likely due to influences from vegetation, soil type, terrain, and atmospheric conditions. Furthermore, these three 
indices exhibit time lag issues [56], further complicating their effectiveness in drought monitoring.

Soil moisture is influenced by a variety of factors. Precipitation, the primary component of the water balance, directly affects soil 
moisture levels. Temperature, by regulating evapotranspiration, indirectly impacts soil moisture [57]. Thus, soil moisture is largely a 
result of the balance between precipitation and evaporation [58,59]. The study demonstrates a correlation between the percentage of 
precipitation anomaly and the inversion of SM10 in 2013. In addition, a comparative analysis of temperature and precipitation data 
from various stations in 2012 (Fig. 8) indicates that soil moisture trends at each station align with precipitation trends, while 
temperature-influenced fluctuations in soil moisture are relatively minor. Despite the significant impact of precipitation, the inversion 
results effectively capture droughts caused by non-precipitation factors, highlighting the model’s effectiveness. Moreover, factors such 
as elevation, slope, land type, and other site-specific characteristics also influence soil moisture. Consequently, future research should 
include long-term analysis and a comprehensive discussion that integrates elevation, slope, land type, evapotranspiration, and human 
influences. This comprehensive approach will provide a deeper understanding of the factors driving soil moisture changes, enhance 
predictive capabilities and responses to drought events, and provide a more accurate scientific reference for managing agricultural 
water resources.

Advancements in machine learning technology have led to its extensive application across various industries and fields. One of its 
key strengths is its ability to handle noisy data from dynamic and nonlinear systems without requiring an extensive dataset [60,61]. 
For example, Zhang et al. [62] utilized RBFNN inversion to achieve an R2 of 0.611 in retrieving winter wheat farmland surface soil 
moisture through machine learning. In this study, the inversion accuracy for SM10 (R2 = 0.731) is slightly higher, likely due to the 
correlation of the selected drought parameters. Moreover, the study demonstrates certain advantages within the permissible error 
range due to regional discrepancies. The model’s accuracy in soil moisture inversion exceeds 85 %, outperforming other monitoring 
methods [63,64]. As a result, regional soil moisture inversion can be effectively achieved using neural network models combined with 
various drought index models. The northern part of Hebei Province, a crucial grain production area in northern China, experiences 
sparse precipitation and frequent droughts [65]. Using a drought index set to retrieve soil moisture and monitor its dynamic changes 
across a large area is vital for disaster prevention, mitigation, and ensuring food security. At the same time, this method provides 
scientific support for the application and refinement of the RBFNN model in Hebei Province and serves as a case reference for regional 
soil moisture inversion.

Finally, it is important to acknowledge some limitations of this study. First, the training samples for soil moisture are limited by the 
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number of soil moisture sites in the study area, which limits their representativeness. Second, there are some errors due to discrep
ancies between the measured data and the remote sensing area data. In addition, the study only considers optical remote sensing data 
when selecting model variables. Currently, multi-band microwave remote sensing information shows great potential for improvement 
[66]. Future research should incorporate microwave drought indices into the index set to retrieve more comprehensive multi-band 
remote sensing information.

5. Conclusions

This study focuses on the northern part of Hebei Province, where a remote sensing drought index is developed based on MODIS 
data, and soil moisture inversion is explored using RBFNN. The conclusions are as follows.

1) By analysing the correlation between remote sensing drought monitoring indices and soil relative humidity at different depths, TCI, 
TVDI, SWCI, VSWI, NMDI, and VCI were selected for the SM10 inversion model, while SWCI, VSWI, TCI, NMDI, TVDI, and NDVI 
were chosen for the SM20 model. This comprehensive index selection aims to accurately capture dynamic changes in soil moisture 
and provide reference indices for soil moisture inversion in northern Hebei Province.

2) The soil moisture retrieval model based on collaborative RBFNN significantly outperforms the six individual remote sensing 
drought indices. The correlations for SM10 (r = 0.855, R2 = 0.731) and SM20 (r = 0.844, R2 = 0.716) with measured soil moisture 
are strong, achieving retrieval accuracy of over 87 %. This greatly improves soil moisture retrieval accuracy in northern Hebei 
Province.

3) Using 2013 as a case study, the grid method enables large-scale regional soil moisture inversion. The results were consistent with 
the actual conditions and successfully detected dynamic changes in soil moisture caused by abnormal factors, further confirming 
the method’s effectiveness and practicability.
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