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A B S T R A C T   

Soil moisture is a fundamental ecological component for climate and hydrological studies. However, the dis
tribution patterns of soil moisture are spatially heterogenous and influenced by multiple environmental factors. 
The knowledge is still limited in assessing the large-scale spatial heterogeneity of soil moisture in in situ data 
modelling, in situ network design, spatial down-scaling, and remote sensing-based soil moisture retrieval. Het
erogeneity models are effective in characterizing spatial disparities, but they are not capable of examining the 
maximum regional disparities. To address this bottleneck, the authors of this study developed a geographically 
optimal zones-based heterogeneity (GOZH) model. By progressively optimizing geographical zones of soil 
moisture and quantifying the heterogeneity among zones, GOZH may help identify individual and interactive 
determinants of soil moisture across a large study area. It was applied to identify spatial determinants of in situ 
soil moisture data collected at 653 monitoring stations in the Northern Hemisphere in unfrozen and frozen 
seasons from April 2015 to December 2017, with only thawed data considered in both seasons. Correspondingly, 
a series of variables were derived from Google Earth Engine (GEE) remote sensing data. The results demonstrated 
the significant regional disparities of soil moisture, and the combinations of determinants are critically different 
among geographical zones and between unfrozen and frozen seasons. At a global scale, the combinations of 
determinants can explain about 48% of the spatial pattern of soil moisture. Spatial heterogeneity of soil moisture 
in frozen seasons is much more complex than that in unfrozen seasons regarding geographical zones and 
explanatory variables. The variability of soil moisture during unfrozen seasons can be more explainable than that 
during frozen seasons, which was a convincing evidence for previous studies that soil moisture predictions were 
mostly performed during unfrozen seasons. Primary variables that determine spatial patterns of soil moisture are 
changed from climate variables during the unfrozen season to geographical variables during the frozen season. 
Results show that GOZH model can effectively explore spatial determinants of soil moisture through avoiding the 
underestimation of individual variables, overestimation of multiple variables, and finely divide zones. The 
research findings from this study provide an in-depth understanding of the spatial heterogeneity of soil moisture 
and can be implemented in more effective in situ sampling network design, spatial down-scaling of soil moisture, 
and accurate inversion of surface parameters from the satellite data of soil moisture.   

1. Introduction 

Soil moisture is an essential component of an ecosystem (Green et al., 
2019; Li et al., 2020), and plays a fundamental role in plant growth (Lei 

et al., 2018), food security (McColl et al., 2017), carbon and water cycles 
(Wang et al., 2017), soil productivity, and projection of the global 
climate change (Berg et al., 2017). Monitoring of soil moisture is 
required for agricultural production (Lei et al., 2018), drought 
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monitoring (Babaeian et al., 2018), on-farm moisture management, 
water resources management, hydrological simulation, and forecasting 
(Kumar et al., 2018). Nevertheless, the strong and complex spatial het
erogeneity of soil moisture challenges large-scale and regional studies in 
hydrology and climate (Chaney et al., 2015; Molero et al., 2018). The 
spatial heterogeneity of soil moisture is closely associated with precip
itation, atmospheric variability, evapotranspiration (ET), runoff etc 
(Quinn et al., 1995; Peters-Lidard et al., 1997; Famiglietti et al., 2008; 
Chaney et al., 2015). It also critically affects the in situ sampling 
network design (Chaney et al., 2015; Dari et al., 2019), spatial down
scaling of soil moisture, hydrologic modelling, and agricultural man
agement (Vereecken et al., 2014). 

In-situ observations have been the fundamentally essential data for 
understanding soil moisture, climate variability, and the validation and 
refinements of remote sensing products (Albergel et al., 2009; Ma et al., 
2019; Zappa et al., 2019; Dari et al., 2019). The in situ soil moisture 
observations have a number of advantages. First, the in situ data of soil 
moisture has high accuracy and continuous observations (Albergel et al., 
2012). The in situ data are generally continuously observed by seconds 
at sampling sites and the accuracy can reach up to 0.05 m3/m3 (Albergel 
et al., 2010; Gruber et al., 2013). In addition, compared with remote 
sensing products with spatial resolutions between 250 m and 1 km, the 
in situ data are collected at precise locations of monitoring stations or 
GPS locations in the field (Wu and Liu, 2012). Finally, the regional, 
national, or global sampling networks assure the overall reliability and 
quality of in situ observations (Dorigo et al., 2011; Molero et al., 2018). 
The increasing number of open data libraries have brought about new 
opportunities for global data sharing and collaborative studies. For these 
reasons, the in situ observations provide the most essential data source 
for understanding soil moisture, climate variability, and the validation 
and refinement of remote sensing products. 

The spatial variability of soil moisture is influenced by complex 
geographical and environmental factors, such as temperature, vegeta
tion, topography, soil properties, depth to water table, freeze–thaw 
states, and scales (Brocca et al., 2010; Chaney et al., 2015; Ochsner et al., 
2019; Li et al., 2021). These factors fall into four categories: (1) Climate 
conditions, for instance, precipitation may directly influence the water 
balance and the hydrological cycle (Kusangaya et al., 2016; Wang et al., 
2018), and temperature may influence the energy balance principle and 
water circulation (Tao et al., 2021); (2) Geographical and terrain con
ditions, they may affect the storage and evaporation of soil moisture, 
and influence the direction and amount of water flow (Silva et al., 2014). 
The altitude may change the soil properties by influencing the envi
ronmental factor such as temperature (Niu et al., 2017); (3) Soil prop
erties and freeze–thaw states, they are related to the forms and amount 
of water stored in soil. Fine-textured soils can store water more readily 
than coarse soils, resulting in high soil moisture. Soil texture can also 
affect the heat fluxes and thus soil moisture (Albergel et al., 2008; 
Shellito et al., 2018); (4) Surface coverage, for example, vegetation can 
influence the vertical drinage and ET flues, and closely associated with 
soil moisture (Baroni et al., 2013; Vereecken et al., 2014). In addition to 
individual variables, studies have demonstrated variables usually have 
interactive effects in affecting soil moisture patterns (Famiglietti and 
Wood, 1994; Western et al., 2004; Wilson et al., 2005; Konare et al., 
2008; Chaney et al., 2015). Characteristics of spatial heterogeneity is 
also affected by the spatial scale (Han et al., 2018). The spatial vari
ability of soil moisture is essentially different at the field scale (Nielsen 
et al., 1973; Bell et al., 1980; Vereecken et al., 2014), catchment scale 
(Western et al., 2004; Rosenbaum et al., 2012), regional scale (Romshoo, 
2004; Zhao et al., 2013), and continental scale (Entin et al., 2000). 

Given the considerable differences among regional environmental 
impacts on soil moisture, effective and reliable geographical zones are 
critically important for regional soil moisture inversions from remote 
sensing data, downscaling with the supports of local terrain and envi
ronmental variables (Zhuo et al., 2020), and network design (Vereecken 
et al., 2014). For example, the valid reference of regional difference of 

the soil moisture determinants is increasingly needed at a global scale 
when calibrating the ground roughness parameterization scheme with 
ground observation data (Verhoest et al., 2008). The limited knowledge 
in the regional disparity of soil moisture and its controls have been a 
challenge for the interpretability and transferability of the parameters. 
In addition, the geographical zones considering the spatial heterogene
ity of soil moisture can support the network design (Zhuo et al., 2020). 
The network can capture spatial variability of soil moisture at the lowest 
possible cost by improving the representation of the soil moisture 
samples (Vereecken et al., 2014; Chaney et al., 2015). 

A wide range of methods have been developed to understand the 
spatial heterogeneity of soil moisture. The commonly use methods can 
be classified into three categories, geostatistical analysis, wavelet anal
ysis, and empirical orthogonal function (EOF) (Vereecken et al., 2014). 
Geostatistical models are effectively applied to identify static mapping 
patterns in soil properties (Ochsner et al., 2019). The spatial pattern of 
soil moisture at the field scale determined by multiple factors was 
observed through geostatistical analysis (Brocca et al., 2010). Wavelet 
analysis was originally used to analyze time series and has been applied 
to characterize the spatial variability of soil data patterns (Song et al., 
2021; Vereecken et al., 2014). For example, the spatial pattern of soil 
moisture and temperature in the southern interior of British Columbia 
was characterized based on wavelet analysis (Redding, 2003). The dif
ference of spatial scales in soil moisture variability was revealed using 
the wavelet analysis (Das and Mohanty, 2008). Empirical orthogonal 
function (EOF) methods were developed in terms of spatial modes and 
signal processing of soil moisture data (Wang et al., 2017). For instance, 
studies based on the EOF methods demonstrate that soil characteristics 
and topography were the two most critical factors to soil moisture (Perry 
and Niemann, 2007), and soil texture explained 61% of the variation in 
soil moisture (Jawson and Niemann, 2007). 

Spatial stratified heterogeneity (SSH) models are effective ap
proaches to investigate determinants of spatial variability of geograph
ical variables (Wang et al., 2016). The basic assumption of SSH models is 
to compare the zonal spatial distribution patterns of dependent and in
dependent variables. The zones are determined by categories of cate
gorical variables or the spatial discretization of continuous explanatory 
variables (Song et al., 2020; Wang et al., 2010). As such, the spatial 
discretization is essential for identifying spatial determinants, and the 
process of spatial discretization is presented in the next paragraph. The 
power of determinants (PD) is calculated as a ratio between the sum of 
zonal variance and the variance of data across the whole space. This 
means that a higher PD value is associated with higher zonal variance. 
The commonly used SSH models include Geodetector (Song et al., 2018; 
Wang et al., 2010, 2016), optimal parameter-based geographical de
tector (OPGD) (Song et al., 2020; Luo et al., 2021), interactive detector 
of spatial associations (Song and Wu, 2021), etc. The SSH models have 
been increasingly implemented to characterize the spatial variability of 
soil properties. For example, the spatial difference of tillage factors of 
the China soil loss equation was characterized using the SSH model 
(Chen, 2021). The driving forces of soil erosion were explored using the 
GD model (Liang and Fang, 2021). The spatiaotemporal variability of 
soil organic matter was also revealed based on the heterogeneity using 
the GD model (Hu et al., 2021). In addition, some soil properties, such as 
soil organic carbon, were mapped using the GD–based kriging model 
(Liu et al., 2021). Overall, existing research demonstrated the effec
tiveness and viability of using the spatial stratified heterogeneity model 
to reveal the variability of soil variables. 

However, regarding the complex spatial heterogeneity of in situ soil 
moisture in large regions, there are still difficulties in addressing 
following issues using current SSH models. First, spatial discretization is 
an essential step to identify geographical zones based on spatial patterns 
of explanatory variables (Song and Wu, 2021). In current studies, the 
general procedure of spatial discretization is performed using a two-step 
approach. The individual geographical variables are first discretized 
using supervised or unsupervised approaches, such as equal, quantile, 
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standard deviation, and geometric breaks, to determine spatial zones 
based on an individual variable, and then combine the spatial zones 
through a spatial overlay (Cang and Luo, 2018; Song et al., 2020). In this 
method, distribution characteristics of the response variables are not 
fully explained in the discretization process, leading to the incomplete 
exploration of the influence of explanatory variables on the response 
variable. Thus, it is necessary to identify the geographically optimal 
zones which can maximize the difference among zones and minimize the 
similarities within zones. In addition, the reliability of estimating the 
power of interactive determinants needs to be improved due to the 
massive finely divided zones from the spatial overlay of zone layers of 
multiple explanatory variables (Song and Wu, 2021). In most of the 
previous studies, the power of interactive determinants is only estimated 
for the interaction of only two or three explanatory variables as for the 
problem of massive finely divided zones. Therefore, it is essential to 
develop reliable models to identify geographical optimal zones and 
more accurately estimate the power of interactive determinants of 
spatial heterogeneity of the soil moisture in large regions. 

In this study, we developed a geographically optimal zones-based 
heterogeneity (GOZH) model to characterize the spatial heterogeneity 
and examine determinants of large-scale soil moisture. In the GOZH 
model, an optimal power of determinant (OPD) indicator was developed 
to reveal the contributions of variables on spatial patterns of soil mois
ture, where the spatial discretization was conducted heuristically in a 
step-wise process. The GOZH model was used to identify the 
geographically optimal zones during the unfrozen and frozen season and 
estimate the determinants of spatio-temporal disparities in soil moisture 
of the Northern Hemisphere. Soil moisture in situ data were collected at 
653 monitoring stations in the Northern Hemisphere from April 2015 to 
December 2017 to present the soil moisture with high accuracy and in 
precise locations. Only soil data at thawed status were included to 
ensure the modelling reliability. Correspondingly, remote sensing-based 
explanatory variables were derived from Google Earth Engine (GEE), 
and classified into four categories, geography, climate, soil, environ
ment ecology. First, impacts of individual variables on soil moisture and 
temporal variations during 33 months were characterised. Second, the 
geographically optimal zones of seasonal soil moisture were identified 
using the GOZH model. Third, the determinants of spatial patterns were 
demonstrated during two seasons according to the geographically 
optimal zones derived in the last step. Finally, the performance of GOZH 
model was evaluated and compared with the OPGD model. 

The remainder of this paper is structured as follows: Section 2 in
troduces the in situ soil moisture data and explanatory variables used in 
this study. Section 3 describes the objective, definition, and derivation of 
the GOZH model. Section 4 covers the methodologies to explore the soil 
moisture variability in the Northern Hemisphere using the GOZH model. 
Section 5 presents results of this study, including impacts of individual 
variables and temporal variations, geographically optimal zones, and 
determinants of spatial disparities and seasonal effects. Findings and 
research contributions are discussed in Section 6, and the study is 
concluded in Section 7. 

2. Data 

2.1. In-situ soil moisture data 

In this study, monthly in situ soil moisture data in 762 observation 
locations from 653 monitoring stations across the Northern Hemisphere 
were selected to reveal the heterogeneity and determinants of soil 
moisture (Table 1). All stations belong to 12 networks in the Interna
tional Soil Moisture Network (ISMN) (Dorigo et al., 2011; Dorigo et al., 
2021). ISMN is a widely used soil moisture network that collects soil 
moisture and soil temperature data sets from global networks, including 
1,400 stations from 40 global networks of soil monitoring (Dorigo et al., 
2015; Ma et al., 2019; Ma et al., 2021). As a data hosting facility of soil 
moisture data, ISMN has been widely used for validations of satellite- 

derived soil moisture products (Ma et al., 2019; Dorigo et al., 2021; Ma 
et al., 2021). In each station, soil moisture data ranging from April 2015 
to December 2017 were collected and analyzed to characterize the 
spatial and temporal patterns of soil moisture in the Northern 
Hemisphere. 

2.2. Explanatory variables 

Four categories of explanatory variables have been collected to 
explain the spatial disparities of soil moisture. They include geograph
ical, climate, soil, and environmental variables derived from remote 
sensing data (Table 2). All the remote sensing data were derived and 
processed using the Google Earth Engine (GEE). Climate and environ
mental variables, with the temporal resolution from 8 days to one 
month, were collected from April 2015 to December 2017, consistent 
with the in situ soil moisture data.  

(A) Geographical variables 

Four terrain explanatory variables, including elevation, slope, aspect, 
and hill shade, were included in this study to demonstrate the local 
geographical conditions. The terrain variables were derived from the 
Shuttle Radar Topography Mission (SRTM) data. The SRTM provides the 
digital elevation model (DEM) data with the resolution of about 30 m 
(Elkhrachy, 2018). Slope, aspect, and hill shade variables were 

Table 1 
A brief description and sources of soil moisture in situ data used in this study.  

Network 
name 

Country Number of 
stations 

Depth 
(cm) 

Reference  

USCRN America 97 5 (Bell et al., 2013)  
SNOTEL America 208 5 https://www.wcc. 

nrcs.usda.gov/  
SCAN America 157 5 (Schaefer et al., 

2007)  
CTP_SMTMN China 53 0–5 (Yang et al., 2013)  
RISMA Canada 14 0–5 (McNairn et al., 

2014)  
HOBE Denmark 28 0–5 (Jensen and 

Illangasekare, 2011)  
FMI Finland 19 5 (Zeng et al., 2016)  
SMOSMANIA France 15 5 (Albergel et al., 

2008)  
TERENO Germany 4 5 (Zacharias et al., 

2011)  
BIEBRZA-S-1 Poland 18 5 http://www.igik. 

edu.pl/en  
REMEDHUS Spain 20 0–5 (Martínez-Fernández 

and Ceballos, 2005)  
RSMN Romania 20 0–5 (Ma et al., 2019)   

Table 2 
Explanatory variables of the spatial disparities of soil moisture.  

Category Variable Product Temporal 
resolution  

Geography Elevation SRTM DEM -   
Slope SRTM DEM -   
Aspect SRTM DEM -   
Hill shade SRTM DEM -  

Climate Precipitation GPM Monthly   
Temperature MOD11 8 days  

Soil Soil texture OpenLandMap -   
Soil pH OpenLandMap -   
Soil bunk density OpenLandMap -  

Environment Normalized difference 
vegetation index (NDVI) 

MOD13Q1 16 days   

Enhanced Vegetation Index 
(EVI) 

MOD13Q1 16 days   

Leaf Area Index (LAI) MOD15A2H 8 days   
Evapotranspiration MOD16A2 8 days   
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calculated based on the DEM data using GEE spatial analysis, where 
local gradients were computed using the 4-connected neighbors of each 
pixel for the calculation of slope and aspect.  

(B) Climate variables 

Precipitation and temperature are two essential climate controls on soil 
moisture at a large spatial scale. In this study, monthly precipitation data 
was derived from the Global Precipitation Measurement (GPM) IMERG 
Final Precipitation L3 1 month 0.1 degree x 0.1 degree V06 (Joyce and 
Xie, 2011; Hou et al., 2014). The GPM is an international satellite 
mission to provide precipitation data at a 0.1-degree resolution. The 
temperature data were taken from the land surface temperature (LST) 
product of the 8-days MOD11 composition with a spatial resolution of 
1.2 km (Hashimoto et al., 2008). LST has been used as an effective data 
source for assessing soil conditions and forecasting the soil moisture 
(Holzman et al., 2014; Jiang and Weng, 2017).  

(C) Soil properties 

The soil properties used in this study include soil texture, soil pH, and 
soil bulk density extracted from the Soil Moisture Active Passive (SMAP) 
product (Entekhabi et al., 2010). The SMAP provides a series of soil 
properties data at different depths between 10 cm and 200 cm, and a 
resolution of 250 m. Corresponding to the soil moisture data that were 
collected at depths of 0 to 5 cm from soil monitoring networks (Table 1), 
soil texture, pH and bulk density data were collected at a 10 cm depth to 
represent soil properties related controls of soil moisture.  

(D) Environmental variables 

Local environmental and ecological conditions surrounding soil mois
ture monitoring stations were characterized using Normalized Differ
ence Vegetation Index (NDVI), Enhanced Vegetation Index (EVI), 
Evapotranspiration (ET), and Leaf Area Index (LAI) data driven from 
MODIS products using GEE. The NDVI and EVI data were extracted from 
the 16-days Terra MODIS products (MOD13Q1) with a spatial resolution 
of 250 m (Didan et al., 2015). The ET data were collected from the global 
8-day MOD16A2 product with a 1 km spatial resolution (Mu et al., 
2013). The ET variable is used to present the water cycle of the Earth’s 
climate system, especially the evaporation and transpiration processes 
that are critically associated with soil moisture (Purdy et al., 2018). LAI 
data, used as an ecology indicator to explore the soil moisture vari
ability, was extracted from the MOD15A2H product, which was a 8-days 
composite data with a 500 m resolution. LAI is defined as the one-sided 
green leaf area per unit ground area in broadleaf canopies and as one- 
half the total needle surface area per unit ground area in coniferous 
canopies. LAI is an essential indicator of vegetation structure for 
revealing the interaction between soil and vegetation (Fang et al., 2019). 
The interaction of LAI and soil moisture has a significant impact on 
drought, vegetation growth, vegetation senescence, and drought forest 
(Sawada, 2018; Liu et al., 2017). 

The explanatory variables are derived from the pixels at the location 
of the soil moisture monitoring stations. In this study, spatial hetero
geneity of soil moisture at stations in the Northern Hemisphere is much 
higher than that of data within grids of explanatory variables, e.g. 90 m 
or 250 m. Therefore, spatial analysis in the study will not be affected by 
the scale effects of explanatory variables derived from remote sensing or 
grid data. Similar processing of deriving explanatory variables of soil 
moisture from grid data can be found in (Peng et al., 2015; Qu et al., 
2021). 

2.3. SMAP freeze/thaw product 

To ensure the reliability of soil moisture analysis, only the in situ 
data of soil moisture at thaw-status landscape were used in the study. To 

select the monthly in situ data at the unfrozen situation, the SMAP L3 
Freeze/Thaw product (SPL3FTP) with a 36 km resolution in the 
Northern Hemisphere were collected (Xu et al., 2018). The SMAP is a 
NASA satellite mission launched in 2015 to monitor the surface (about 5 
cm) global soil moisture and landscape freeze/thaw status (Entekhabi 
et al., 2010; Al-Yaari et al., 2019). Missing data of the SMAP product was 
filled through the comparison of data at neighbouring locations and 
periods. The thaw or freeze status of the landscape at the soil moisture 
stations were derived through spatial overlay. 

3. Geographically optimal zones-based heterogeneity (GOZH) 
model 

3.1. Power of determinants (PD) of spatial stratified heterogeneity (SSH) 
model 

As introduced above, in SSH models, a higher PD value of an 
explanatory variable indicates that the spatial distribution pattern of 
this variable tends to be more similar to the spatial pattern of response 
variable, i.e., soil moisture in this study. The process of estimating PD 
values of explanatory variables generally includes three steps. First, 
continuous explanatory variables should be converted to stratified var
iables using spatial discretization methods. The stratified variables can 
determine a series of geographical zones of soil moisture. Second, if 
multiple variables are used to identify the interactive impacts on soil 
moisture, geographical zones determined by explanatory variables need 
to be overlapped to generate a new layer of geographical zones, which 
contain geoinformation of all the variables. Finally, the PD value for the 
comparison of spatial patterns between response variable and explana
tory variables are calculated as a ratio of the variance of soil moisture 
within geographical zones determined by one or multiple explanatory 
variables and the variance across the whole study area. The PD is 
computed as: 

PD = 1 −
SSW
SST

= 1 −

∑h

z=1
Nzσ2

z

Nσ2 (1)  

where SSW is the Sum of Squares Within geographical zones determined 
by explanatory variables, SST is the Sum of Squares Total of soil mois
ture in the whole study area, Nz and σz are the number and standard 
deviation of soil moisture within geographical zone z(z = 1,…,h), and N 
and σ are the number and standard deviation of soil moisture across the 
study area. PD value ranges from 0 to 1, where a high PD value indicates 
a high spatial association between response variable and the explana
tory variable. 

From this equation and recent studies, we can find that the PD value 
is sensitive to the geographical zones determined by the spatial dis
cretization of explanatory variables. As such, a more effective and reli
able spatial discretization approach is required to maximize the variance 
values among zones and minimize variance within zones. In addition, as 
explained in the introduction section, reliable geographical zones are 
also essential for regional soil moisture inversions from remote sensing 
data and downscaling with the supports of local terrain and environ
mental variables. 

3.2. PD of GOZH model 

In this study, we define the PD as a function of explanatory variables 
and geographical zones, which are determined by stratified variables 
from certain spatial discretization processes: 

γ
(

X,D
)

= 1 −
SSWX,D

SST
(2)  

where X is one or multiple explanatory variables, D is the stratified 
variable for describing geographical zones, and SSWX,D is the sum of 

P. Luo et al.                                                                                                                                                                                                                                      



ISPRS Journal of Photogrammetry and Remote Sensing 185 (2022) 111–128

115

squares within geographical zones that are recorded as D and deter
mined by explanatory variable X. 

In GOZH model, the optimal PD (OPD) value can demonstrate the 
maximum explanatory power of variables in terms of geographically 
optimal zones. As such, the OPD of explanatory variables, expressed as Ω 
value, is the maximum value of the PD function γ: 

Ω = max
(

γ
)

= 1 −
min
(
SSWX,D

)

SST
(3)  

The geographically optimal zones have the minimum intra-area vari
ance and the maximum inter-area variance. To calculate the Ω value, an 
optimization process is performed as: 

min

(

SSWX,D

)

= min

{
∑h

z=1

∑Nz

j=1

(
yz,j − cz

)2

}

(4)  

where yz,j and cz are the jth observation and mean values of soil moisture 
in zone z, respectively. 

This equation is a nondeterministic polynomial-time complete (NP- 
complete) problem, which is difficult to derive a global optimum. To 
solve this equation, a step-wise spatial discretization of soil moisture is 
performed using a heuristic method with spatial explanatory variables. 
First, all possible two-zone solutions of spatial discretization are derived 
for explanatory variables, and the optimal one is selected as the cutoff 
point according to the squared error minimization criterion. An iteration 
process is performed for each variable Xk to identify the optimal cutoff 
point s, and the parameters in the iteration can be presented as (k, s). 

Accordingly, the input space is divided into two regions. Second, the 
iteration process is performed for multiple variables. The kth explana
tory variable Xk and its fetching value sk are used as cut-off variables and 
cut-off points, respectively. Two regions in each iteration are defined as 
R1(k, s) =

{
x
⃒
⃒x(k)⩽s

}
and R2(k, s) =

{
x
⃒
⃒x(k) > s

}
. In each split, the var

iable that allows the maximum explanation of the variance of the 
dependent variable is selected. Thus, the optimization process is con
verted to a process to identify the optimal variable Xk and the cuttoff 
point s of variable Xk, which can be expressed as: 

mink,s

{
∑

xi∈R1(k,s)

(yi − d1)
2
+

∑

xi∈R2(k,s)

(yi − d2)
2

}

(5)  

where d1 and d1 are the average values of soil moisture in group R1 and 
R2, respectively. Thus, the above discretization process is repeated 
within each group until the data volume of the group less than a certain 
number, which is called minsplit. During the step-wise spatial dis
cretization, when the data volume in one group is less than the minsplit, 
this group would not be subdivided further and automatically becomes a 
final spatial zone. This process is similar to the classification and 
regression tree (CART) algorithm (Breiman et al., 2017). The whole 
spatial discretization can be visualized as the binary tree structure. 

Fig. 1 shows an example of the spatial discretization process of the 
GOZH model. In this example, the response variable is D and explana
tory variables include A, B, and C. To conduct the step-wise spatial 
discretization, explanatory variables are processed one by one. For each 
variable, a series of cutoff points are selected to split the study area into 

Fig. 1. Process and principle of the geographically optimal zones-based heterogeneity (GOZH) model.  
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two zones, and the SSW of soil moisture is calculated. Among all possible 
two-zone solutions, the one with the highest SSW is regarded as the 
optimal spatial discretization result, i.e., the optimal geographical 
zones, in this step. Repeat this process for each variable and data within 
zones, and finally, the optimal geographical zones with the highest 
overall SSW are regarded as the optimal discretization variable. 

Compared with PD values in SSH models, the Ω values of GOZH 
model can identify the optimal geographical zones of data and demon
strate the maximum PD of explanatory variables. The GOZH model also 
can more effectively reveal the interaction effects of variables compared 
with SSH models. 

4. GOZH-based spatiotemporal determinants and heterogeneity 
of soil moisture 

Fig. 2 shows a flowchart of the GOZH-based spatio-temporal de
terminants and heterogeneity analysis of soil moisture in the Northern 
Hemisphere. The methods include five steps. The first step was the data 
pre-processing of in situ soil moisture data and explanatory variables 
data. Second, the monthly Ω values of individual explanatory variables 
were calculated to assess contributions of variables to spatial patterns of 
soil moisture. Third, the geographically optimal zones of soil moisture in 
unfrozen and frozen seasons were identified respectively using the 
GOZH model. The fourth step was to calculate determinants of spatial 
heterogeneity in soil moisture in unfrozen and frozen seasons with the 
support of the geographically optimal zones identified in the previous 
step. Finally, model validation was performed to assess the reliability 
and effectiveness of the model. 

4.1. Data pre-processing 

The in situ soil moisture data and explanatory variables data were 
first processed before modelling. The data pre-processing consists of 
following three parts. First, monthly in situ soil moisture at thaw land
scape were selected using the corresponding SMAP Freeze/Thaw data. 
Second, the temporal periods soil moisture data were divided into un
frozen and frozen seasons to characterize respective spatial and tem
poral variation patterns of soil moisture. In this study, since most of the 
stations are located in the mid-latitudes of the Northern Hemisphere, 
April to September was regarded as unfrozen seasons and remaining 
months were frozen seasons. Finally, explanatory variables were pro
cessed to corresponding locations and time periods of soil moisture 
monitoring stations. For instance, the 8-day composite products LST, 
LAI, and Evapotranspiration, and the 16-day composite data product 
NDVI and EVI were processed to monthly data using GEE. A small 
amount of missing data in a few variables wes interpolated using an 
inverse distance weighting (IDW) spatial interpolation approach. 

4.2. Impacts of individual variables and their temporal variations 

In the study, the GOZH model is first implemented in investigating 
impacts of individual explanatory variables on spatial patterns of soil 
moisture in each month from April 2015 to December 2017. In the 
monthly GOZH model, the geographical optimal zones determined by an 
individual variable were identified through an iteration process to 
maximize the variance among zones and minimize variance within 
zones. The minsplit was selected as 30 according to the data volume (i.e. 

Fig. 2. Schematic overview of GOZH-based identification of determinants for spatiotemporal heterogeneity of soil moisture in the Northern Hemisphere.  
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653 stations) to avoid finely divided zones. During the spatial dis
cretization process, the group with less than 30 stations would not be 
further subdivided and regarded as final spatial zones. Then, an Ω value 
is calculated to present the PD of this variable on soil moisture. Since 
explanatory variables were classified into four aforementioned cate
gories, Ω value were computed for each variable in the four categories 
and in each month to indicate the temporal variations of impacts of 
individual variables on spatial patterns of soil moisture. 

4.3. Identification of geographically optimal zones 

Reliable and effective geographical zones of soil moisture are 
essential for parameter inversions from remote sensing data and an ac
curate downscaling. In the study, geographically optimal zones of soil 
moisture based on multiple variables were identified using the GOZH 
model, indicating the highest homogeneity within zones and the highest 
heterogeneity between zones. The optimal zones were then applied to 
assess the overall impacts of multiple variables on spatial patterns of soil 
moisture in the next step. 

The identification of geographically optimal zones for unfrozen and 
frozen seasons takes place in three stages. First, values of monthly soil 
moisture and explanatory variables were merged for each season. Sec
ond, the optimal interaction was explored for each season, and the 
corresponding stratified variable from the spatial discretization was 
used to identify the geographically optimal zones. According to the 
stratified variable, soil monitoring stations were grouped into zones 
from the optimal interaction. Finally, geographical, climate, soil, and 
environmental characteristics at the locations of soil monitoring stations 
were summarized and analyzed according to the geographically optimal 
zones to reveal the regional spatial variability of soil moisture at a global 
scale. 

4.4. Determinants of spatial disparities and seasonal effects 

This step aims at quantifying the overall Ω value of the spatial 
interaction of explanatory variables on spatial patterns of soil moisture 
in unfrozen and frozen seasons. To assess the Ω value, an optimal 
interaction variable was created using the geographically optimal zones 
identified in the previous step. The optimal interaction variable was a 
categorical variable that involved the inter-dependencies of different 
explanatory variables and could control the spatial variability of soil 
moisture. Assuming the total of number of variables was n, the total 
number of possible spatial interactions (i.e., combinations) of variables 
was M (M = 2n − n − 1). The optimal interaction variable demonstrated 
the highest Ω value among all potential spatial interactions of variables. 

In addition to the overall Ω value of the spatial interaction of mul
tiple explanatory variables, contributions of each variable within the 
overall Ω value was calculated using a variable removal method. The 
reduction of the Ω value due to the removal of this variable was calcu
lated by removing each explanatory variable one by one in the optimal 
combination. The percentage of the Ω reduction of a given variable 
among the sum of the Ω reduction of all variables indicated the relative 
importance of this variable. Finally, the contribution of a given variable 
to spatial patterns of soil moisture was defined as the overall Ω value 
multiplied by its relative importance. This variable removal method has 
been widely applied in identifying contributions of variables within a 
total contribution in nonlinear models, such as generalized additive 
models (Song et al., 2015). 

4.5. Model evaluation 

To evaluate the effectiveness and reliability of the proposed GOZH 
model, a set of indicators were developed for comparing model perfor
mance between GOZH and the commonly used OPGD model. The in
dicators include PD values of individual variables, PD values of 
interactions of variables, and the number of geographical zones for 

examining interactive effects of variables. The OPGD is an improved 
geographical detector model, which can be used to estimate PD values of 
both individual variables and interactions of variables by optimizing the 
spatial discretization process using unsupervised or supervised ap
proaches (Song et al., 2020). In the OPGD model in this study, the dis
cretization method is quantile breaks and the optional numbers of 
discretization are consecutive integers from 3 to 22. For each optional 
number of discretization, PD values were computed for all explanatory 
variables. Then, a local estimated scatter plot smoothing (LOESS) 
function was applied to model the trend of the 75% quantile values of PD 
values and calculate the change rates of the trend, where the span for 
fitting the LOESS function was 0.75 (Luo et al., 2021; Song and Wu, 
2021). Finally, the break number enabled the change rate lower than 5% 
is selected as the optimal break number. All these parameters are 
selected based on the parameter selection approaches in previous 
studies (Song and Wu, 2021). The OPGD model was performed using the 
"GD" package in R (Song et al., 2020). 

5. Results 

5.1. Spatial and temporal patterns of soil moisture 

Fig. 3 shows spatial distributions of monthly mean in situ soil 
moisture in the Northern Hemisphere in unfrozen (April-September) and 
frozen (October-March) seasons from 2015 to 2017. In general, soil 
moisture monitoring stations used in the study are densely distributed in 
North America (635 observations), and other stations are distributed in 
Europe (181 observations) and in China (53 observations). Along the 
longitude, locations of soil moisture monitoring stations can be classi
fied into four areas as illustrated in Figs. 3 b and d. The spatial disparities 
of in situ soil moisture in Europe tend to be higher than those in other 
regions. In addition, the small figure on the right side of the Fig. 3 b 
shows the seasonal effects of monthly soil moisture at both all moni
toring stations and stations at the thawed landscape. The seasonal effects 
show that the monthly mean soil moisture generally peaks in March and 
has the lowest values in July. The soil moisture in thawed locations 
tends to be higher than that in frozen locations. For instance, in March 
2017, the mean soil moisture at all stations was 0.27, but at thawed 
locations was 0.29. 

5.2. Impacts of individual variables and their temporal variations 

The GOZH model first identified the primary variables of soil mois
ture. Fig. 4 shows the Ω values of different categories of explanatory 
variables on spatial patterns of soil moisture and their temporal varia
tions in the study period. The monthly variations of Ω values indicate 
that spatial associations between patterns of soil moisture and explan
atory variables have similar temporal trends to the spatial variability of 
soil moisture, which is marked with black lines in Fig. 4 a - d. This 
consistent trends demonstrate the effectiveness of the Ω values in 
examining spatial disparities of soil moisture. Fig. 4 e shows monthly 
average Ω values from April 2015 to December 2017. Among the four 
categories of variables, climate variables have the highest spatial asso
ciations with soil moisture, followed by geographical and environmental 
variables. For instance, from the perspective of individual variables, 
precipitation, elevation, and temperature have the highest Ω values 
among 13 variables and across the 33 months. The maximum Ω value is 
the impact of precipitation (58%) in November 2016. In this month, 
elevation and temperature can explain 55% and 46% of the spatial 
variability of soil moisture, respectively. Compared with climate, 
geographical, and environmental variables, soil property variables tend 
to have lower spatial associations with soil moisture, where soil texture 
has the lowest Ω values, ranging from 0% to 12%. 

From the perspective of monthly variations, in the transitional 
months from frozen to unfrozen seasons, i.e., March and April, spatial 
associations between patterns of soil moisture and explanatory variables 
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generally have the highest Ω values. This means that spatial patterns of 
soil moisture in frozen-unfrozen transitional months can be more 
explained by geographical, climate, soil, and environmental variables. 
For instance, impacts of climate variables on patterns of soil moisture 
have been high in March ranging from 42% to 48% and with an average 
Ω value 47%. In March, the average Ω values of geographical, envi
ronmental, and soil variables are 24%, 22%, and 9%, respectively, 
which all are the highest monthly average Ω values in each category. We 
also can find that the least interpretable period of spatial patterns of soil 
moisture is the middle frozen seasons, i.e. December and January. 

From the perspective of seasonal variations, results in Fig. 5 also 
reveal that the spatial pattern of soil moisture is more interpretable 
during the unfrozen season compared with that during the frozen sea
son. The spatial associations in unfrozen and frozen seasons can be 
explained in a number of aspects. First, precipitation, elevation, and 
temperature have been the variables with the highest spatial associa
tions with soil moisture. Ω values of precipitation, elevation, and tem
perature are 37.1%, 35.9%, and 32.1% in the unfrozen season, 
respectively, and 31.3%, 37.3%, and 34.5% in the frozen season, 
respectively. Ω values of environmental variables, including NDVI, LAI, 
EI and EVI, are lower than those of climate variables and elevation. Their 
contributions to spatial patterns of soil moisture are 15.8%-28.4% dur
ing the unfrozen season, and 9.5%-23.9% during the frozen season. This 
means that environmental variables also make important contributions 
to spatial variability of soil moisture. Soil property variables have the 
lowest Ω values in both unfrozen and frozen seasons. In addition, Ω 
values of most variables in the four categories have been reduced from 

unfrozen to frozen seasons. The average Ω value of individual variables 
during the unfrozen season (20.0%) is 12.4% higher than that during the 
frozen season (17.8%). Ω values of precipitation, environmental vari
ables, hill shade, and soil property variables during the unfrozen season 
are 5.8%, 3.4%-6.4%, 1.3%, and 0.4%-2.5% lower than that during the 
frozen season. Third, different from most variables, Ω values of tem
perature and geographical variables, including elevation and aspect, are 
increased from unfrozen to frozen seasons. Compared with unfrozen 
season, the Ω value of temperature, elevation, and aspect during the 
unfrozen season are 2.4%, 1.5%, and 1.3% lower than that during the 
frozen season. Finally, the above results also indicate that the spatial 
variability of soil moisture is complex and it is difficult to be explained 
by individual variables. The maximum interpretability of spatial pat
terns of soil moisture is only around 37% using individual variables. 

5.3. Geographically optimal zones 

5.3.1. Unfrozen seasons 
Fig. 6 shows the geographically optimal zones of soil moisture during 

the unfrozen season identified using the GOZH model. The geographi
cally optimal zones during the unfrozen season were identified using 
four explanatory variables, including precipitation, NDVI, temperature, 
and soil pH, and included nine zones. Fig. 6 b shows that precipitation 
was the primary variable that controlled spatial patterns of soil moisture 
during the unfrozen season. According to parameters of precipitation in 
the top two layers, the nine zones can be classified into three groups: the 
first group (precipitation < 0.082 mm/hr) contained zone A, the second 

Fig. 3. Spatial distributions of monthly mean in situ soil moisture in the Northern Hemisphere in unfrozen (a and b) and frozen (c and d) seasons. In the small figure 
inside B, white background shows unfrozen seasons, and gray background shows frozen season. 
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group (precipitation >= 0.094) contained zones B, C, and D, and the 
third group (0.082 <= precipitation < 0.094) contained zones E, F, G, H, 
and I. The characteristics of soil moisture and explanatory variables in 
the three groups of zones are explained as follows. 

The first group, including zone A, was primarily distributed in the 
western contiguous United States, Alaska, western Spain, southern 
France, and eastern Romania. The average precipitation in this group is 
only 0.047 mm/hr, which was much lower than the average precipita
tion in other groups, such as zone B (0.155 mm/hr) and zone F (0.087 
mm/hr). The contiguous United States, southern France, and Romania 
were typical regions that zones were primarily divided by precipitation. 
In the contiguous United States, the western part was drought or desert 
areas and the precipitation was low, and the precipitation was gradually 
increased from the middle to eastern areas. In the southern France, the 
precipitation was low in the Mediterranean coast areas, but it was 
relatively high in the Massif Central areas (Planchon, 2000). The east of 
Romania was drought and most stations were distributed in zone A, but 
the western Romania was more humid than other areas and most of the 
stations were located in zone B. 

The second group, including zones B, C, and D, was generally 
distributed in the eastern contiguous United States, Alaska, southern 
France, Denmark, western Germany, western Romania, northern 
Finland, and eastern Tibetan Plateau, China. Zones B, C, and D were 
divided by temperature, where the temperature in zone B was high, in 
zone C was low, and in zone D was moderate. For instance, soil moisture 
monitoring stations in western Germany were located in zones B and D. 
A typical characteristic of zone B was the high precipitation (> 0.094 

mm/hr) and high temperature (> 20 ◦C), but the average temperature in 
zone D is 19.1 ◦C, which was 30% lower than zone B (27.3 ◦C). 

The third group, including zones E, F, G, H, and I, was mainly located 
at Alaska, southwestern France, eastern Poland, and northeastern 
Finland. A few monitoring stations in this group were sparsely located at 
the contiguous United States, Hawaii, and southern Romania. We can 
find that zones E and F are usually distributed in neighbouring locations, 
such as central United States, southwestern France and southern 
Romania. The variable for differentiating zones E and F was NDVI, 
where the average NDVI in zone E and zone F was 0.49 and 0.65, 
respectively. For instance, in the southern Romania, the precipitation 
was moderate compared with eastern and western areas, and the sta
tions were further divided into zones E and F by NDVI, where NDVI in 
zone F was 28% higher than that in zone E. Zones H and I had much 
higher average soil moisture than other zones, and they were divided by 
temperature with a threshold 22. For instance, stations in northeastern 
Poland were divided into zone H and I, and their average soil moisture 
were 0.58 and 0.42, respectively. 

5.3.2. Frozen seasons 
Fig. 7 shows the geographically optimal zones of soil moisture during 

the frozen season. The soil moisture monitoring stations were grouped 
into eleven spatial zones based on five variables using the GOZH model. 
The slope was the most important variable for determining the optimal 
zones. According to the slope value higher or lower than 0.33, soil 
moisture stations can be divided into two parts. Area with a slope value 
higher than 0.33 were generally mountainous areas. Compared with the 

Fig. 4. Optimal power of determinants (OPD or Ω value) of explanatory variables on spatial patterns of monthly soil moisture. a: Ω values of geographical variables; 
b: Ω values of climate variables; c: Ω values of soil property variables; d: Ω values of environmental variables; and e: monthly summaries of Ω values from 2015 to 
2017. White background shows unfrozen seasons (April-September), and gray background shows frozen seasons (October-March). 
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unfrozen season, terrain conditions had higher impacts on soil moisture 
disparities during the frozen season. In addition, ET and soil bulk density 
were variables that further divided zones in the second layers (Fig. 7 b). 

According to variables in top two layers, including slope, ET, and soil 
bulk density, the eleven zones could be classified into four groups. 

The first group, consisting of zones A and B, was characterized in 

Fig. 5. Ω values of explanatory variables on spatial patterns of seasonal soil moisture and the comparison between unfrozen and frozen seasons.  

Fig. 6. Geographically optimal zones of soil moisture in the unfrozen season identified using the GOZH model (a), the process of identifying optimal zones (b), and 
statistical summaries of explanatory variables within zones for explaining characteristics of zones (c). 
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high slope and low ET. Zones A and B were divided by soil bulk density, 
where zone A had low soil bulk density and the lowest average soil 
moisture among all zones during the frozen season. Most of the stations 
in this group were located in the Rocky Mountains area in the United 
States and eastern Tibetan Plateau, China. 

The second group, including zones C, D, E, and F, were also located in 
mountainous areas (slop > 0.33), but had relatively high ET (ET > 64 
kg/mm3). For instance, in the mountainous areas of the western United 
States, most stations were located in zones C and E, where the average 
slope were 7.38 and 4.27, respectively. EVI was the variable dividing 
zones C and E. The average EVI in zone C and E was 0.098 and 0.30, 
respectively. This means that in addition to slope and ET, vegetation was 
an essential variable controlling the spatial variability of soil moisture in 
this region. In addition to the mountainous areas of the western United 
States, zone C was also distributed in Alaska, eastern Romania, and 
eastern Tibetan Plateau, China, and zone E was also located in the 
western Spain, southern France, western Germany, and Romania. In the 
western and eastern coastal areas of the United States, stations were 
located in zones D, E and zone F. They were divided by soil pH and 
precipitation. In zone D, soil pH was lower than 5.6 and the average pH 
was 0.53, but it was higher than 5.6 in zones E and F. Zones E and F were 
divided by the 0.12 mm/hr of the precipitation. The average precipi
tation in zone E and F was 0.107 and 0.17, respectively. 

The third group, containing zone G, had low slope and high soil bulk 
density. Stations in this group were primarily located in the southern 
United States and Romania. The average slope in zone G is 0.20, which 
was much lower than its neighbouring zones, such as zone E (slope  =
4.28). 

The last group, including zones H, I, J, and K, had low slope and soil 
bulk density. Stations in this group were generally distributed in the 
northeastern Poland and northern Finland. For instance, stations in 

northeastern Poland were divided into zones J and K. The soil bulk 
density controlled the spatial disparities in these two zones. The average 
soil bulk density in zones J and K were 111.55 and 109.44, respectively. 
In stations in the northern Finland, EVI and soil bulk density controlled 
spatial patterns of soil moisture. 

5.4. Determinants of spatial disparities and seasonal effects 

Table 3 shows overall Ω values of explanatory variables on spatial 
patterns of soil moisture investigated using the GOZH model and con
tributions of variables to the overall Ω values during unfrozen and frozen 
seasons. In general, overall Ω values were 47.62% and 47.69% during 
unfrozen and frozen seasons, respectively. This means that variables 
tended to have similar total contributions to spatial patterns of soil 
moisture during both seasons. 

During the unfrozen season, climate variables had higher contribu
tions to the overall Ω value, where contributions of precipitation and 
temperature were 20.99% and 7.90%, respectively. The contribution of 
precipitation accounted for 44.08% to the overall Ω value. In addition, 
NDVI and soil pH contributed 11.26% and 7.47%, respectively. All these 
contributions were lower than impacts of individual variables on spatial 
patterns of soil moisture. This means that explanatory variables had high 
interactive impacts on affecting patterns of soil moisture. 

During the frozen season, spatial patterns of soil moisture were 
affected by slope, soil bulk density, ET, EVI, precipitation, and soil pH. 
The slope was closely associated with local terrain conditions, and it 
contributed 13.72% to patterns of soil moisture. Similar with the 
assessment of individual variables, geographical variables controlled the 
spatial variability of soil moisture during the frozen season. In addition 
to slope, soil bulk density, ET, EVI, precipitation, and soil pH contrib
uted 12.62%, 6.58%, 6.31%, 4.04%, ad 4.01% to spatial patterns of soil 

Fig. 7. Geographically optimal zones of soil moisture in the frozen season identified using the GPZH model (A), the process of identifying optimal zones (B), and 
statistical summaries of explanatory variables within zones for explaining characteristics of zones (C). 
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moisture during the frozen season, respectively. 
In addition, Table 3 and Fig. 8 demonstrate contributions of variables 

to dividing optimal zones in unfrozen and frozen seasons. They had 
similar trends with contributions of variables to overall Ω values. For 
instance, precipitation contributed 72.22% to dividing zones during the 
unfrozen season, and slope contributed 54.55% to the dicision of zones 
during the frozen season. 

5.5. Model evaluation 

The performance of the GOZH model in investigating spatial het
erogeneity in the large-scale soil moisture was evaluated from four as
pects: exploring individual variables, assessing multiple spatial variables 
with interactive effects, dealing with finely divided zones during spatial 
overlay, and the reliability of models. These aspects of the GOZH model 
were evaluated by comparing with the commonly used OPGD model 
during the unfrozen and frozen seasons. Fig. 9 a-d shows the spatial 
discretization process of the OPGD model for 12 variables, in addition to 
soil texture, which was a categorical variable containing six classes of 
texture. With the break number increase from 1 to 16, the PD, i.e., Q 
value, of all variables increased gradually. The optimal break numbers 
were selected when the increase rate was lower than 0.05. In this study, 
9 and 12 were selected as the optimal break numbers of continuous 
variables during unfrozen and frozen seasons, respectively. Fig. 9 e and f 
shows OPGD-based PD values of individual variables to spatial patterns 
of soil moisture. 

First, the GOZH model supports the derivation of the maximum 
spatial associations between response and explanatory variables 
through the identification of geographically optimal zones. The 
maximum spatial associations can accurately reveal the spatial 

heterogeneity of soil moisture. Therefore, the GOZH model is a reliable 
approach for examining spatial heterogeneity and exploring OPD of 
explanatory variables on spatial patterns of soil moisture. 

In addition, the GOZH model can help reduce the underestimation of 
the PD values by the OPGD model as demonstrated by explorations of 
individual variables. Ranks of PD values explored by OPGD models 
during both unfrozen and frozen seasons were similar to those of GOZH 
models. For instance, precipitation and elevation were variables with 
both the highest Q (PD) and Ω (OPD) values during unfrozen and frozen 
seasons, respectively. However, the power of explanatory variables 
revealed by the GOZH model had a significant enhancement than the 
OPGD model. The average Ω values of individual variables were 80.9% 
and 68.2% higher than the average Q values during the unfrozen and 
frozen seasons, respectively. 

Third, the GOZH model can effectively avoid the overestimation of 
the interactive impacts of multiple spatial variables on patterns of soil 
moisture compared with the OPGD model. Fig. 10 shows a model per
formance comparison between the GOZH and OPGD models in terms of 
the OPD/PD of variables and numbers of zones with the increased 
number of explanatory variables during the unfrozen and frozen sea
sons. In Fig. 10 a and c, average GOZH-based Ω values of individual 
variables were 0.20 and 0.18, and they were gradually increased to 0.48. 
In GOZH models, numbers of zones were not critically increased (Fig. 10 
b and d), which indicated the robustness of GOZH models in the analysis 
of spatial heterogeneity. However, in Fig. 10 e and g, average OPGD- 
based Q values of individual variables were both 0.11, respectively, 
and they were rapidly increased to 0.99. Simultaneously, numbers of 
zones were also critically increased from 13 to 750 when the number of 
variables was higher than 1. The critically increased number of zones 
caused the very limited observations within zones and made the 

Table 3 
Contributions of explanatory variables on spatial patterns of soil moisture and contributions to dividing optimal zones in unfrozen and frozen seasons.  

Unfrozen season Frozen season 

Variable Contribution to spatial patterns Contribution to dividing zones Variable Contribution to spatial patterns Contribution to dividing zones 
Precipitation 20.99% 72.22% Slope 13.72% 54.55% 
NDVI 11.26% 11.11% Soil bulk density 12.62% 12.73% 
Temperature 7.90% 11.11% ET 6.58% 14.55% 
Soil pH 7.47% 5.56% EVI 6.31% 10.91% 
Overall Ω  47.62% / Precipitation 4.04% 3.64%    

Soil pH 4.01% 3.64%    
Overall Ω  47.69% /  

Fig. 8. Summary of explanatory variables used for dividing each pair of geographical optimal zones of soil moisture in unfrozen (a) and frozen (b) seasons.  
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Fig. 9. Processes and results of the optimal parameters-based geographical detectors (OPGD) model for assessing power of determinants (PD) of soil moisture. PD of 
variables with different numbers of spatial discretization (a and b), processes of selecting optimal numbers of discretization (c and d), and PD of individual variables 
using optimal parameters (e and f) in unfrozen and frozen seasons, respectively. 

Fig. 10. Model performance comparison between GOZH and OPGD models: power of determinants (PD) and number of zones in the unfrozen and frozen seasons 
investigated using the GOZH model (a-d), and that investigated using the OPGD model (e-h). 
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increased Q values unreliable. 
Finally, the GOZH model can eliminate finely divided zones (FDZs) 

that are common in the interactive variable assessment of SSH models. 
Fig. 11 shows the percentages of FDZs in OPGD models. In OPGD 
models, when examining interactive impacts of any two variables on soil 
moisture patterns, about 20% of zones would be FDZs, where there was 
only one observation in each FDZs. When the number of variables was 
higher than 5, nearly all zones would be FDZs. The extremely high 
percentage of FDZs cannot explain the real PD of variables. Thus, the 
analysis of FDZs demonstrates that the rapidly increased Q values of the 
interaction of multiple variables in OPGD models were not reliable when 
three or more variables were used in models. The analysis also explains 
why only two variables were considered in the interaction analysis in 
previous OPGD-based studies. When the variable number exceeds 2, 
most of the zones only have one or a few observations, which makes it 
difficult to reveal the real PD of the interaction of variables. However, in 
GOZH models, no FDZs existed no matter how many explanatory vari
ables were used. The analysis of FDZs can further confirm the reliability 
and robustness of the GOZH model in the analysis of spatial 
heterogeneity. 

6. Discussion 

6.1. Methodological contributions 

This study proposed a GOZH model to explore the spatial variability 
of soil moisture in the Northern Hemisphere. The GOZH model has 
following advantages in spatial determinant explorations. First, in the 
GOZH model, an OPD indicator was developed reveal the maximum 
spatial associations between soil moisture variability and determinants. 
Second, the optimal geographical zones can be derived from the 
explanatory variables. Third, no statistical assumptions are required in 
the GOZH model. Finally, the model validation in the study has 
demonstrated that the GOZH model can effectively explore spatial de
terminants of soil moisture through avoiding the underestimation of 
individual variables, overestimation of multiple variables, and finely 
divide zones. 

6.2. Complex spatial heterogeneity of soil moisture patterns 

This study revealed the complex spatial heterogeneity of soil mois
ture during unfrozen and frozen season at a global scale. The complexity 

of spatial heterogeneity of soil moisture patterns can be explained in 
following aspects. First, spatial patterns of soil moisture had significant 
regional disparities that were closely associated with regional 
geographical, climate, soil, and environmental conditions. The soil 
moisture monitoring stations in the Northern Hemisphere can be 
divided into nine and eleven zones during the unfrozen and frozen 
seasons, respectively. Explanatory variables tended to be similar within 
zones, and significantly varied among different zones. 

In addition, determinants of spatial patterns of large-scale soil 
moisture have seasonal characteristics. On one hand, the spatial het
erogeneity during unfrozen and frozen seasons has similarities. The 
overall Ω values that examined the maximum PD of four categories of 
explanatory variables in both seasons were approximate 48%, and they 
were affected by the interaction of multiple spatial variables. These re
sults revealed the complexity of spatial heterogeneity in soil moisture, 
that only half of the heterogeneity could be explained by geographical, 
climate, soil, and environmental variables. 

On the other hand, the spatial heterogeneity of soil moisture during 
the frozen season was more complex than that during the unfrozen 
season. First, spatial distributions of geographically optimal zones dur
ing the frozen season was much more complex than those during the 
unfrozen season, which appeared in most monitoring stations in the 
North America, Europe, and China. An exception was Alaska, where 
stations were divided into five zones during the unfrozen season, but 
they were located in a zone during the frozen season. Second, more 
explanatory variables are required to identify geographical optimal 
zones and estimate Ω values, where numbers of required explanatory 
variables during the unfrozen and frozen seasons were four and six, 
respectively. Finally, climate variables, including precipitation and 
temperature, are predominant variables of spatial patterns of soil 
moisture during the unfrozen season, accounting for 60.7% of the 
overall Ω value,but spatial patterns of soil moisture were affected by all 
four categories of variables during the unfrozen season, where the pri
mary variable, slope, only accounted for 28.8% of the overall Ω value. 
Precipitation contributed 72.2% to dividing zones. During the frozen 
season, geographical variables controlled the spatial variability of soil 
moisture, and slope contributed 54.55% to dividing zones. Soil prop
erties, including soil bulk density and soil pH also determines the 
geographical optimal zones during the frozen season. The slope can 
explain 19.16% of soil moisture during the frozen season, which is lower 
than its contribution to the geographically optimal zones combining 
with other variables. This result is consistent with previous works, which 

Fig. 11. Percentages of finely divided zones (FDZ), which are zones contain only an observation, are critically increased in the OPGD models for unfrozen (A) and 
frozen (B) seasons, when the number of variables is higher than two. On the contrary, percentages of FDZ in GOZH-based results are zero for both seasons. 
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geographical variables can not be the single determinant of soil moisture 
variability (Wilson et al., 2005). 

Finally, it is more difficult to characterize and explain the spatial 
heterogeneity than temporal heterogeneity in soil moisture. For 
instance, previous studies have demonstrated that the fitness of tem
poral prediction of soil moisture could reach to 96% using deep learning 
models (Cai et al., 2019; Ahmed et al., 2021). However, the accuracy of 
spatial prediction was much lower than that in temporal predictions and 
the accuracy tended to decrease with the increased spatial scale. For 
instance, the fitness of spatial prediction at local scales were 0.41–0.84 
in multiple studies (Badewa et al., 2018; Peng et al., 2017), and that at a 
global scale can only reached to 0.63 (Montzka et al., 2018), even 
models have been improved with the consideration of more soil infor
mation and characteristics, such as soil texture (Montzka et al., 2018). 
According to this study, the primary reason of the lower accuracy of 
spatial prediction is the complex spatial heterogeneity that only about a 
half of the spatial heterogeneity of soil moisture can be explained by 
explanatory variables. 

6.3. Temporal variations of soil moisture determinants 

The temporal phase of soil moisture determinants was investigated 
from following three aspects. First, the spatial heterogeneity and de
terminants was varied from April 2015 to December 2017. Generally, 
climate variables, i.e. precipitation and temperature, have the highest 
spatial associations with soil moisture during most periods but the as
sociations were varied in different months, which is consistent with 
previous findings (Wang et al., 2017). Explanatory variables had the 
highest explanatory power to soil moisture in November 2016, where 
precipitation can impact 58% of soil moisture, and elevation and tem
perature can explain 55% and 46% of the spatial variability of soil 
moisture. However, variables can only explain up to 5% of soil moisture 
in February 2017. Therefore, a relatively long time period, such as a half 
year, is recommended for reliable explorations of variability and de
terminants of spatial patterns of soil moisture. 

Second, soil moisture spatial variability has a strong monthly 
pattern. In the frozen-unfrozen season-changing months, i.e., March and 
April, spatial associations between patterns of soil moisture and 
explanatory variables generally have the highest Ω value, and the Ω 
value of climate variables have the highest improvement in this period. 
Previous studies have concluded that during the transition phrase, 
climate variables become more important to soil moisture variability 
likely because the alternation of cold and warm days controlled by 
weather variability (Kang et al., 2010; Wei et al., 2019). The least 
interpretable period of spatial patterns of soil moisture is the middle 
frozen seasons. 

Third, seasonal effects were identified in the spatial heterogeneity of 
soil moisture, results show that the spatial pattern of soil moisture is 
more interpretable during the unfrozen season than during the frozen 
season. The average Ω value of individual variables during the unfrozen 
season (20.0%) is 12.4% higher than that during the frozen season 
(17.8%). Different from most variables, Ω values of temperature and two 
geographically variables, elevation and aspect, are increased from un
frozen to frozen season. This finding is consistent with previous research 
that in cold weather, soil moisture variability is strongly associated with 
global warming, and the impacts of temperature can be more significant 
(Kang et al., 2010; Wei et al., 2019). Studies also found geographical 
variables is the main driver of soil moisture during the winter when soil 
is frozen which particular because its association to water table (Rose
nbaum et al., 2012). During the unfrozen season, the impacts of 
geographical variables are negligible due to the low water table (Chaney 
et al., 2015). During the frozen season, with the low ET, the water table 
increases and closes to the surface, which enables higher impacts of the 
groundwater and subsurface flow on the soil moisture variability 
(Western et al., 1998; Rosenbaum et al., 2012). 

6.4. Contributions of heterogeneity and geographical zones to soil 
moisture studies 

Findings about the spatial heterogeneity of soil moisture in this study 
can help optimize the design of soil moisture monitoring network, 
spatial down-scaling of soil moisture data, and accurate inversion of 
surface parameters from soil moisture. 

First, the network design of soil moisture can be optimized with the 
improved understanding of the spatial heterogeneity and determinants 
of regional disparities of soil moisture identified in this study. Due to the 
complex heterogeneity of spatial soil moisture, most existing in situ 
observation networks rarely provide sufficient coverage to capture soil 
moisture variability at a watershed scale. Thus, it is critically required to 
develop a systematic approach to soil moisture network design in order 
to accurately capture soil moisture information in the watershed space 
with a minimum number of sensors. It was found that the current 
(simulated and observed) network of soil moisture detectors un
derestimates the average spatial heterogeneity (Zhuo et al., 2020). The 
analysis of the determinants of soil moisture heterogeneity and the 
spatial partitioning results from the GOZH model can be used to inform 
the development of new techniques for ground-based measurement 
network design. The intended network design can take into account the 
spatial variability of soil moisture. 

Second, the spatial down-scaling of the soil moisture data requires 
the spatial heterogeneity information of large-scale soil moisture 
monitoring data. The coarse resolution of soil moisture remote sensing 
products limits its application at fine scales, which introduces the need 
for their spatial down-scaling (Chaney et al., 2015). A series of down- 
scaling methods had been developed to improve resolutions of soil 
moisture products using multi-source auxiliary data and various 
methods, such as statistical models, geospatial models, machine 
learning, deep learning, and hybrid models (Peng et al., 2017). How
ever, due to the existence of spatial heterogeneity of soil moisture, the 
accuracy of spatial prediction has been lower than that of temporal 
prediction (Badewa et al., 2018; Peng et al., 2017; Montzka et al., 2018). 
It is also a challenge to quantitatively assess the large differences in soil 
moisture determinants in different regions (Molero et al., 2018). The 
geographically optimal zones of soil moisture obtained using the GOZH 
model, and the control factors in different regions can effectively guide 
the spatial down-scaling process. Our study shows that geographical 
variables are the most important factors to soil moisture in the frozen 
season. For example, soil moisture heterogeneity in the east and west of 
North America is controlled by the slope. Therefore, greater weight 
should be given to geographical variables during spatial down-scaling. 
In the unfrozen season, environmental and climate variables are essen
tial to soil moisture. Precipitation determines the soil moisture in the 
western United States, while NDVI determines soil moisture in the 
central United States. 

Finally, understanding soil moisture heterogeneity over different 
geographical zones can also support the accurate inversion of surface 
parameters from soil moisture satellite data. The limited knowledge of 
regional differences in soil moisture and its determinants poses a chal
lenge to calibrate ground roughness parameterization schemes with 
ground observation data. Obtaining information on soil moisture het
erogeneity can improve the accuracy and the geographical trans
ferability of the parameterization scheme. (Verhoest et al., 2008). 

There are still limitations of this study. First, the scale effect between 
soil moisture in situ data and remote sensing images were not considered 
in this study. The explanatory variables are derived from the pixels in 
the position of the soil moisture monitor stations. Spatial heterogeneity 
of soil moisture at stations in the Northern Hemisphere is much higher 
than that of data within grids of explanatory variables, e.g., 90 m or 250 
m. Therefore, we assume spatial analysis in the study will not be affected 
by the scale effects of explanatory variables derived from remote sensing 
or grid data. In addition, some explanatory variables, for example, 
elevation and slope, may be represented by a zone with an area larger 
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than the size of grid in the images (Jasiewicz and Stepinski, 2013). In 
this case, data at surrounding grids need to be considered for deriving 
explanatory variables at stations. From the perspective of spatial het
erogeneity models, approaches can be developed for more effective use 
of continuous variables in spatial heterogeneity models. For instance, 
the spatial association detector (SPADE) (Cang and Luo, 2018) and the 
interactive detector for spatial association (IDSA) (Song and Wu, 2021) 
models were developed to compare zonal and global spatial depen
dence, i.e., spatial autocorrelation of data, instead of zonal and global 
variance, for computing the PD values. The K-means (Likas et al., 2003; 
Hartigan and Wong, 1979) and hierarchical clustering (Johnson, 1967) 
methods also can be used to derive spatial zones with the continuous 
explanatory variables. Finally, the division of the frozen and unfrozen 
seasons in this study may introduce uncertainty. The study aims to 
explore the soil moisture variability in the Northern Hemisphere. The 
frozen/ unfrozen months were unified in the whole study area since 
most stations are located in the mid-latitude area and only thawed soil 
moisture data were selected and analyzed. However, some stations are 
located in the high latitude area like Alaska, where the unfrozen/frozen 
season of soil moisture may be different from other areas. Thus, further 
studies may explore the soil moisture variability in different climate 
zones. 

7. Conclusion 

This study developed a geographically optimal zones-based hetero
geneity (GOZH) model to explore the spatial variability of soil moisture 
in the Northern Hemisphere. In the GOZH model, the optimal power of 
determinant (OPD) indicator can reveal the maximum spatial associa
tions, and the spatial determinants can be effectively explored through 
avoiding the underestimation of individual variables, overestimation of 
multiple variables, and finely divide zones. 

The GOZH model was implemented to explore the spatial and tem
poral patterns of soil moisture variability. Results shows that in the 
frozen-unfrozen season-changing months, spatial associations between 
patterns of soil moisture and explanatory variables generally have the 
highest OPD value especially for climate variables. The average OPD 
value of individual variables during the unfrozen season (20.0%) is 
higher than that during the frozen season (17.8%). In addition, 
geographically optimal zones and corresponding determinants of soil 
moisture were revealed by the interactive of explanatory variables. 
Variables have similar contributions to spatial pattern of soil moisture 
during two seasons. At a global scale, the combinations of determinants 
can explain about 48% of the spatial pattern of soil moisture. During the 
unfrozen season, climate variables, including precipitation and tem
perature, have the highest contributions to the overall OPD value. 
During the frozen season, geographical variables (e.g., slope) controlled 
the spatial variability of soil moisture. 

This study can provide a deep understanding of variability and de
terminants of soil moisture at a global scale. The knowledge of soil 
moisture determinants can be better used in situ network design, spatial 
down-scaling of soil moisture. In addition, the results can also be applied 
to the evaluate soil moisture in satellite imagery and the accurate 
inversion of surface parameters from satellite data on soil moisture. 
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