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Abstract—Dense soil moisture observation networks serve as
the primary means to validate large-scale satellite soil moisture
products. However, maintaining intensive observation demands
substantial labor and financial resources. It is therefore crucial to
address the issue of how to sparsify ground observations while still
achieving comparable validation results. Accordingly, this study
takes an agropastoral interconnected zone of the Shandian River
basin as an example. Representative soil moisture sites and the
minimal number of required sites (NRS) were investigated at dif-
ferent sampling depths (3 and 50 cm) and at multiple scales (3,
9, 36, and 100 km). The average soil moisture estimated from the
representative sites was then applied to validate SMAP L2, L3, and
L4 multiscale soil moisture products. The findings indicate that the
spatial heterogeneity of soil moisture within the Shandian River
basin remained relatively consistent across varying spatial scales.
However, it exhibited a notable increase in heterogeneity when
moving vertically into deeper soil layers. Representative sites can
more accurately determine the average soil moisture in a region,
showing that SMAP notably overestimated root zone soil moisture
and underestimated surface soil moisture. This research can serve
as a theoretical guide for watershed-scale soil moisture estimation
as well as a solid scientific foundation for improving the architecture
of the watershed soil moisture network.

Index Terms—Representativeness, SMAP, Shandian River basin
soil moisture network (SMN-SDR), soil moisture, temporal stability
analysis, validation.

I. INTRODUCTION

OIL moisture plays a crucial role in regulating water, en-
ergy, and carbon exchange processes between the surface
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and atmosphere, making it a vital component of the global water
cycle system [1], [2], [3]. Accurate soil moisture information is
therefore an essential input parameter for hydrological, climate,
land surface, and ecological models [4], [5], [6]. In the context
of global climate change, soil moisture observations are particu-
larly important, as anomalous climate changes can substantially
impact the global water cycle, leading to extreme hydrological
events such as floods and droughts [7], [8], [9]. Therefore,
obtaining highly accurate soil moisture products is critical for
facilitating hydrological and ecological-related applications.
Large-scale soil moisture monitoring has been made possible
by the development of remote sensing technology, which links
changes in soil moisture using the soil surface’s spectral re-
flectance properties, the intensity of electromagnetic radiation,
or the backscattering coefficient [10]. Various remote sensing
techniques have been employed to monitor soil moisture in
accordance with the physical characteristics of soil and related
radiation theory because soil moisture exhibits varied character-
istic responses in different electromagnetic wavelength bands.
Due to its solid physical foundation, microwave soil moisture
remote sensing is especially advantageous, capitalizing on the
difference in dielectric properties between dry soil and liquid
moisture to estimate soil moisture. Moreover, microwave remote
sensing is a valuable tool for soil moisture estimation due to its
all-weather capability and ability to penetrate through vegetation
[11]. As a result, microwave remote sensing has become a
primary data source for soil moisture observations [12]. The
use of passive microwave sensors as satellite payloads has led
to the development of various retrieval algorithms for different
soil moisture products [13]. However, there are still uncertainties
in the accuracy of these satellite-based soil moisture retrievals,
highlighting the need for validation through in situ data.
Validating passive microwave soil moisture products using
ground measurements has been challenging due to differences
in spatial scale and representativeness between site observa-
tions and remote sensing data, as pointed out by studies such
as Crow et al. [14] and Whitcomb et al. [15]. Effective upscaling
algorithms can derive average soil moisture conditions on a
large scale from limited ground observations [16]. Common
upscaling methods for estimating areal average soil moisture
from limited ground observations include temporal stability
[17], geostatistical methods [18], land surface models [19],
and methods based on remote sensing observations [20], etc.
To improve the efficiency and robustness of validation, it is
often helpful to combine different upscaling methods and choose
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optimal site locations. Among them, identifying representative
stations through temporal stability analysis has been proven
effective for predicting the areal average soil moisture condition.
With the emergence of China’s new mission, the Terrestrial
Water Resources Satellite, the comprehensive validation of this
satellite on a national or even global scale will require a large
number of ground observations for support [35]. Since net-
work layout and maintenance are resource-intensive, and dense
ground observation sites are not always available, identifying
representative sites for estimating the areal average soil moisture
can save considerable human and material resources [7], [21].

Temporal stability is defined as a time-invariant correlation
between spatial locations and classical statistical parameter val-
ues [22]. This concept suggests that specific locations within
an area maintain their stability over time, which can be lever-
aged to reduce the number of required sampling points while
enhancing sampling efficiency and maintaining accuracy stan-
dards [23]. Previous studies have demonstrated the effectiveness
of temporal stability analysis and have introduced this concept
to the study of soil moisture observations [24], [25], [26], [27],
[28], [29], serving as a valuable tool for validating satellite
soil moisture products [7], [17], [30], [31], [32]. Starks et al.
[28] demonstrated that temporal stability analysis is an efficient
method for validating satellite soil moisture products using the
Little Washita River Soil Moisture Network in Oklahoma. Chen
et al. [7] performed temporal stability analysis over a 5000 km?
area based on the Maqu soil moisture network, selected rep-
resentative stations at multiple depths, and used representative
stations to estimate areal average soil moisture when data were
missing. Yee et al. [32] employed temporal stability analysis
and geostatistical analysis to identify multiscale representative
stations using long-term soil moisture observations from the
Yanco area, which were effectively applied in the subsequent
validation of AMSR?2 and SMOS [21]. The concept of temporal
stability has also been utilized in some studies to analyze the
spatial distribution of satellite soil moisture products and select
representative pixels [33], [34], thereby optimizing the process
of satellite validation.

In previous satellite soil moisture product validation studies,
in situ soil moisture data were predominantly obtained from
regions with high-density networks in Europe and the United
States. To fill the gap, the Shandian River basin Soil Moisture
Network (SMN-SDR) was established to provide long-term in
situ soil moisture data for validating soil moisture products in
China [35]. Although previous studies have comprehensively
validated major remotely sensed soil moisture products using
SMN-SDR [2], [12], there has been no investigation into the
representativeness of sites in the region. Therefore, it is neces-
sary to determine the spatial representativeness of different sites
in the area to reduce the uncertainty of the validation results. The
long time series soil moisture data accumulated by SMN-SDR
can be used to match soil moisture products at different scales
and depths [35], providing a valuable opportunity for conducting
multiscale and multidepth temporal stability analysis and soil
moisture product validation.

Based on SMN-SDR soil moisture data and manual ground
sampling data, this study investigated the spatial and temporal
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variation characteristics of soil moisture in the area. Accord-
ingly, the representativeness of each site at multiple scales and
depths was evaluated by using temporal stability analysis. The
minimal number of required sites (NRS), which can be used to
estimate the regional soil moisture in the Shandian River basin,
was determined. Lastly, the identified representative sites were
used to validate the SMAP L2, L3, and L4 soil moisture products
and analyze the impact of the number of sites on the validation
results.

II. STUDY AREA AND DATASETS
A. Overview of Shandian River

The study area is situated in the upper reaches of the Luan
River, within the Shandian River basin, spanning across the
Hebei and Inner Mongolia autonomous regions of China. The
region has a temperate continental climate with an average
annual temperature ranging from 5 to 7 °C. The area experiences
an average annual rainfall between 300 and 500 mm, which pri-
marily occurs during the months of July to September. Winters
are cold and dry, and the area is characterized by seasonal frozen
soil. The topography of the region is relatively flat and comprises
mainly plains and hills, while the land cover includes grasslands,
farmlands, and forests [2], [12], [35].

B. Shandian River Network

The Shandian River basin is equipped with a nested automatic
soil temperature, moisture, and precipitation network that oper-
ates at multiple scales and layers. The network covers an area of
1° x 1° (115.5°E~116.5°E, 41.5°N-42.5°N) and includes 34
stations installed at spatial resolutions of 100, 50, and 10 km. The
purpose of the network is to validate satellite- and model-based
soil moisture products at various spatial resolutions. To measure
soil moisture and temperature, Decagon 5STM sensors were
installed at each station. These sensors operate at five depths,
which are 3, 5, 10, 20, and 50 cm. Data were recorded every
10 min before June 2019 and every 15 min thereafter [35].

This study used soil moisture and temperature data collected
at depths of 3 and 50 cm from September 16, 2018 to December
31, 2019, with the data publicly available from the International
Soil Moisture Network (ISMN) website.! To match SMAP soil
moisture products with different spatial resolutions, sites in the
study area were reprojected onto the EASE-2 grids at scales of 3,
9, and 36 km (as shown in Fig. 1). Specifically, eight sites (S1—
S8) were located within SMAP 9 km pixels as core validation
sites, 14 sites (S1-S8, M2, M6, M7, M8, M9, and M11) were
situated within SMAP 36 km pixels, and other sites were evenly
distributed across various locations in the area. The daily mean
values of soil moisture were used to analyze temporal stability.

C. Field Sampling Campaign

To provide accurate reference data for remote sensing obser-
vations, a field sampling campaign was conducted from Septem-
ber 16 to September 26, 2018, in conjunction with an airborne

![Online]. Available: https://ismn.earth/en/
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grids (top: 36 km, bottom: 9 km).

campaign. The manual ground sampling data were collected by
setting up 30 sample areas within a 70 km x 12 km experimental
region, with each area measuring 1 km x 2 km and containing
4-6 sample plots. Sampling points were placed in the middle of
each sample plot at intervals of 50-100 m, and the 0-5 cm soil
moisture volumetric content was measured using a Delta-TML3
soil moisture meter. Each sample point was measured 3—6 times,
and the mean value was taken as the true value for that point.
Soil samples were also collected from each sample area, and the
Delta-TML3 sensor soil moisture data was calibrated using the
oven-drying method in the laboratory [35]. Finally, the study
utilized manual ground sampling data within the 9 km pixel of
SMAP, with data from other sampling points excluded.

D. SMAP Soil Moisture Products

The Soil Moisture Active Passive (SMAP) satellite, launched
by NASA inJanuary 2015, was designed primarily for observing
global soil moisture. It operates on a Sun-synchronous orbit at
an altitude of 685 km and is equipped with an L-band radar
(1.22-1.3 GHz) and an L-band radiometer (1.4 GHz). However,
the radar stopped functioning on July 7, 2015. With a temporal
resolution of 1-3 days, SMAP can cover 95% of the global land
area every day and provide data updates every 2-3 days [36].
The overpass time of SMAP is 6:00 A.M. and 6:00 P.M. solar
synchronous time, and the surface soil moisture is estimated
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Land use in the Shandian River basin and layout of 34 sites in the SMN-SDR. Left insets show the distribution of sites within the 9 and 36 km EASE-2

with a target accuracy of 0.04 m*/m?. The L2, L3, and L4 soil
moisture data of SMAP are all projected to EASE-2 grids [37].

This study utilized various SMAP soil moisture products
ranging from September 16, 2018, to December 31, 2019. The
L2 soil moisture products include the SPL2SMAP_S, which has
a3 km spatial resolution, and is synthesized using SMAP L-band
brightness temperature and Sentinel-1 C-band backscattering
coefficient [38], [39]. The L3 soil moisture products include
the daily composite SPL3SMP_E (has a grid size of 9 km)
and SPL3SMP (36 km spatial resolution) soil moisture products
derived from L2 soil moisture data [37], [40]. This study only
used the L2 and L3 descending orbit data. In addition, the
L4 soil moisture product, SPLASMGP, which has a nominal
spatial resolution of 9 km, was obtained by assimilating SMAP
brightness temperature data into the catchment land surface
model [2], [41].

III. METHODS
A. Spatiotemporal Variability of Soil Moisture

The spatiotemporal variability of soil moisture is crucial
for modeling land surface processes and scaling conversions.
Famiglietti et al. [42] and Zhao et al. [35] have emphasized the
importance of understanding the spatiotemporal characteristics
of soil moisture, especially in the Shandian River basin, to
improve the use of remotely sensed soil moisture products.
Although Zhao et al. [35] studied the coefficient of variation
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using manual ground sampling data, they found that the spatial
variability in the region is complex and affected by multiple fac-
tors, which require further investigation. Therefore, this article
employs SMN-SDR soil moisture data to investigate the tem-
poral changes in the mean, standard deviation, and coefficient
of variation of soil moisture. In addition, it analyzes the spatial
heterogeneity of soil moisture at different depths and scales.

The formulas for the spatial average value (Avg), standard
deviation (Std), and coefficient of variation (CV) of soil moisture
were calculated by

1 &
Ok =~ Oisi (1)
i=1
1 n —\2
Stdjp =/~ Zi:l (031 — O;1.) 2)
td;
oV, = S 3)
2

where 6, ;, is the soil moisture for site i at depth k and time j, and
n is the number of stations. The arithmetic mean value shown in
(1) was used for the SMAP 9 km pixel, while the weighted mean
value of the sites was used for the 36 km pixel and the whole
study area. In this case, the weighted mean value was calculated
by averaging the core validation sites within the 9 km pixel first,
and then averaging with other sparse sites.

B. In Situ Network Versus Manual Sampling

Manual ground sampling data provides more dense monitor-
ing of soil moisture in the area. To some extent, the average
value of manual sampling points can be closer to the ground
truth. However, since the ground sampling campaign was not
designed to identify representative sites, some sites had not
started recording data during this period [35]. Therefore, only
sites S2, S3, S5, S7, and S8 were compared with manual ground
sampling data. The daily average soil moisture of each site was
compared with the spatial average of manual sampling data in
the SMAP 9 km pixel on the same day. The site with the smallest
mean absolute deviation was identified as the representative site.
The mean absolute error (MAE) is defined as

EjD:1 ‘E - @'

MAE =
D

“)
where 0 4 is the daily average soil moisture at each site and 5 is
the spatial average of the manual ground sampling data. In this
study, D = 7.

C. Temporal Stability Analysis

The concept of temporal stability was initially introduced
by Vachaud et al. [22] and has since been widely utilized in
numerous studies to assess the representativeness of monitoring
sites [7], [28], [29], [32], [43]. The relative difference (RD) of
site i at time j and depth £ is defined as

Oiji — O;1

RDiji = 0k
J

®)
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while the mean relative difference (MRD) and standard deviation
of relative difference (SDRD) of site i at depth k can be expressed
as

1 m
MRDj;. = — > RDjj (6)
=1

J
SDRD;;, = \/1 S (RDiji — MRD#)* (1)
ik m_1 =1 ijk ik
where m is the number of observations. The MRD indicates
whether each site overestimates or underestimates the mean soil
moisture, and the SDRD indicates the temporal stability of each
site. Ranking by MRD gives the relative mean soil moisture at
each site and assesses the temporal stability of each site. Sites
with smaller SDRD are temporally stable sites, which can better
capture temporal fluctuations in mean soil moisture and may
have some offset from the mean soil moisture.

Grayson and Western [25] proposed that a site exhibiting
temporal stability, with a nonzero MRD, could represent the
areal average soil moisture if the offset is known. Under the as-
sumption that the MRD remains a constant offset, the estimation
of the areal average soil moisture can be expressed as

~ Oijk

%k = TEMRD ©
where 0,1, is the soil moisture from temporally stable sites
having a nonzero MRD.

Given the temporal stability of the site, the offset (MRD)
remains constant and is independent of time. With a simple
adjustment, the temporally stable sites can be better used to esti-
mate areal average soil moisture. The method has been well used
in subsequent studies [26], [28], [44], [45]. Bias is a potentially
correctable problem, while a larger standard deviation is not
[17]. Thus, this study considered the site with the smallest SDRD
as the representative site. By eliminating the offset between this
site and the mean value of all sites, a more accurate estimation
of average soil moisture can be achieved using a single site. To
evaluate the applicability of Grayson and Western’s [25] view
to SMN-SDR, this study divided the soil moisture network data
into two periods based on date, and conducted temporal stability
analysis to identify temporally stable sites. Furthermore, the
study also examined whether the offset of representative sites
changed.

To mitigate bias caused by an excessive number of stations in a
particular area, the arithmetic mean of all stations was employed
for the SMAP 9 km pixel, while the same weighted mean as
described in Section III-A was used as the ground truth for the
36 km pixel and the entire study area. Temporal stability analysis
was conducted for the 9, 36, and 100 km pixel, respectively. Sites
were included in the analysis if at least 75% of the data were
available, with the exception of sites S1 and L7.

D. Representative Sites Identification

To achieve a similar validation effect to the dense obser-
vation network through sparsified ground-based observations,
the minimal NRS in the Shandian River basin was determined
using random sampling. The root-mean-square error (RMSE)
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and correlation coefficient (R) were used to quantify differences
between sampled sites and all sites. More details of the procedure
of random sampling-NRS analysis are in [7] and [29]. Similarly,
the RMSE, mean bias (Bias), and correlation coefficient (R),
were employed to assess the reliability of the representative sites.
These metrics were calculated as follows:

-7;)° ©)

1 m
RMSE = \/ — ijl (v;

) 1 m _
Bias = — ijl (y; — ;) (10)

_ Yoy (Y5 —7) (aj - )
VEm - XY, (3 - 0)

where y; is the areal average soil moisture estimated by the
representative stations at time j, and 6; is the measured average
soil moisture at time ;.

R

Y

E. SMAP Soil Moisture Products Validation

Prior to the validation process, quality control procedures
were implemented for the SMAP soil moisture products.
Due to the limited availability of usable data for SMAP L2
data (SPL2SMAP_S), no quality control was applied, and all
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data were used for validation. Regarding the SMAP L3 data
(SPL3SMP_E and SPL3SMP), only data flagged as “Soil mois-
ture retrieval has recommended quality” were used [46]. As
for the SMAP L4 data (SPL4SMGP), direct validation was
conducted since no quality flag was available.

Considering the presence of frozen soil in the Shandian
River basin, soil moisture data from sites with soil tempera-
tures below 273.15 K were excluded. Representative sites at
depths of 3 and 50 cm were used to estimate the areal average
soil moisture, which were then used to validate the SMAP
surface soil moisture products (SPL2SMAP_S, SPL3SMP_E,
SPL3SMP, SPL4SMGP) and root zone soil moisture product
(SPLASMGP). Four statistical metrics, namely, RMSE, un-
biased RMSE (ubRMSE), mean bias (Bias), and correlation
coefficient (R), were employed to comprehensively assess the
accuracy of the SMAP soil moisture products using in sifu data
that corresponded to the observed time of the respective SMAP
soil moisture products [47]. The influence of changes in the
number of stations on the validation of soil moisture products
was also analyzed.

IV. RESULTS AND DISCUSSION
A. Spatiotemporal Variability of Soil Moisture

Fig. 2 illustrates the temporal dynamics of daily average soil
moisture across three spatial scales (9, 36, 100 km) and two
depths (3, 50 cm) in the Shandian River basin, spanning from
September 16, 2018 to December 31, 2019. In addition, the
spatial variability of soil moisture is described through the uti-
lization of the Std and CV calculated from the soil moisture data.

The three variables (Avg, Std, and CV) exhibited distinct
seasonal variations at different scales and depths. Specifically,
at the 3 cm depth, the average soil moisture in the Shandian
River basin ranged from 0.07 to 0.30 m3/m? across the three
scales. Soil moisture showed higher values during the summer
and lower values during the winter, with substantial changes
occurring during the freeze-thaw season. It should be noted
that due to the presence of freezing conditions in the basin, the
instruments were only able to detect liquid water, resulting in
consistently low soil moisture observations during the winter and
consequently a lower coefficient of variation among the sites.
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Fig. 6.
pixels, respectively, at 3 cm depth. (b) 9 km pixel at 50 cm depth.

In contrast, during the summer, soil moisture exhibited greater
fluctuations due to the influence of rainfall and irrigation. The
variability in soil moisture was further exacerbated by variations
in land types and vegetation cover, leading to notable differences
in soil moisture among different sites and resulting in a higher
CV. While the Std captures the overall variability of soil
moisture, the normalized CV is more suitable for describing
the relative variability of soil moisture, as it takes into account
the average soil moisture value. This is consistent with previous
studies that have highlighted the utility of CV in characterizing
soil moisture dynamics [7], [29]. Moreover, this study found
that the CV, compared to the Std, better captured the seasonal
variation of soil moisture. By normalizing the variability with
respect to the average, the CV provides a more comprehensive
understanding of the relative changes in soil moisture throughout
the seasons. Overall, the analysis of Avg, Std, and CV reveals
the spatiotemporal dynamics of soil moisture in the Shandian
River basin, highlighting the influence of seasonal variations,
freeze-thaw cycles, and land characteristics on soil moisture
patterns.

Variation of RMSE and R with the number of sampled sites at different scales and depths in the Shandian River basin. (a), (c), and (d) 9, 36, and 100 km

Crow et al. [14] highlighted that both the Std and CV of soil
moisture increase with increasing spatial scale. In the study, the
minimum values of Std and CV of soil moisture increased with
scale, while the maximum values decreased, although the overall
changes were not substantial. The maximum and minimum
values of average soil moisture decreased with scale, mainly
due to the higher soil moisture observed at site S7 in the 9 km
pixel relative to other sites. As the number of sites increased, the
weighted average of all sites tended to stabilize. This suggests
that sparse sites are likely to include more dry sites compared to
the core validation sites. Within the 9 km pixel, temporal changes
in Avg and Std at the 50 cm depth were smaller compared
to the 3 cm depth. However, the CV exhibited more complex
changes and greater variability among different sites. Overall,
the spatial heterogeneity of soil moisture in the Shandian River
basin was not substantially affected by changes in spatial scale,
but it showed a substantial increase with increasing depth in
the vertical direction. The findings indicate that the spatial
heterogeneity of soil moisture in the Shandian River basin was
influenced by both spatial scale and vertical depth [42], [48]. The
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observed patterns of soil moisture variability provide valuable
insights into the dynamics of soil moisture distribution, which
is crucial for understanding hydrological processes in the study
area.

B. In Situ Network Versus Manual Sampling

The representativeness of different sites was assessed using
manual ground sampling data. Fig. 3 depicts the daily variations
ateach site using horizontal bars, while the vertical bars illustrate
the standard deviation of the manual sampling data within the
corresponding SMAP pixel.

According to Fig. 3, sites S2 and S3 (S7) consistently show
lower (higher) soil moisture levels compared to the manual
ground sampling data for both the SMAP 3 and 9 km pixels.

The differences indicate potential biases or discrepancies
between the sampled data and the corresponding SMAP soil
moisture products. In addition, the spatial variability of soil
moisture in the 9 km pixel is greater than the temporal variability,

1712019 1/10/2019

(d

Date

Time series of soil moisture representative sites in the Shandian River basin at different scales and depths. (a), (c), (d) 9, 36, and 100 km pixels, respectively,

as observed in Fig. 3. This can be attributed to the heterogeneous
land use patterns in the Shandian River basin, which lead to pro-
nounced spatial variations in soil moisture rather than temporal
variations [32].

Sites S2, S3, S5, S7, and S8 correspond to different SMAP
3 km pixels. Among these sites, S2 and S8 exhibited smaller
MAE for the SMAP 3 km pixels, with values of 0.038 and
0.026 m3/m3, respectively. However, it should be noted that the
3 km pixel containing S8 had relatively few manual sampling
points, resulting in a higher level of uncertainty in the data.
Therefore, S2 was identified as the representative site for the
SMAP 3 km pixel, considering its lower MAE and relatively
more robust sampling coverage.

For the 9 km pixel, the average MAE of all sites with manual
ground sampling data was 0.039 m®/m?, indicating a relatively
even distribution of sites that can effectively represent the areal
average soil moisture. Among these sites, S5 exhibited the
smallest MAE of 0.037 m3/m? for the 9 km pixel, making it
the selected representative site for this pixel.
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Time series comparison of in situ soil moisture and SMAP L2, L3, and L4 soil moisture products in the Shandian River basin. (a) SPL2SMAP_S soil

moisture product, (b) SPL3SMP_E soil moisture product, (¢) SPL3SMP soil moisture product, (d) SPL4ASMGP soil moisture product (surface), (¢) SPLASMGP

soil moisture product (root zone).

Directly selecting representative sites solely based on MAE
may not guarantee their ability to accurately capture the vari-
ability of areal average soil moisture. The limited time series
of manual ground sampling data may not ensure the repre-
sentativeness of the selected sites in other periods. Therefore,
it is important to acknowledge the limitations of the current
study and emphasize the need for more intensive and extensive

sampling data in the future to obtain more reliable and robust
conclusions.

C. Temporal Stability Analysis

Temporal stability analysis was performed on the soil mois-
ture data obtained from SMN-SDR at the 9, 36, and 100 km pixel
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TABLE I
REPRESENTATIVE STATIONS BASED ON DIFFERENT METHODS FOR EACH PIXEL

Pixel Method of identification
Temporal stability Manual sampling
MRD SDRD MAE
3 km - - S2
9 km S5(S6) S2(S8) S5
36 km S8 M2 -
100 km M8 L9 -

scales. Fig. 4 presents the ranking of each site based on the MRD,
from the smallest to the largest value, to assess whether each
site tended to overestimate or underestimate the areal average
soil moisture. The standard deviation of the relative difference
(SDRD) was used as an indicator of the temporal stability of
each site. Table I provides a summary of the representative sites
selected using different criteria.

The range of MRD and SDRD increased with larger scales due
to the considerable variability in soil types and vegetation cover
[49]. Fig. 4 illustrates that the average MRD and SDRD values
for the 3 cm depth showed no obvious variation across different
scales. However, for the 50 cm depth within the 9 km pixel, the
average MRD was notably higher than that for the 3 cm depth,
indicating greater spatial heterogeneity of soil moisture at the
50 cm depth. Importantly, it is worth noting that despite the use
of different indicators, the same conclusions as in Section IV-A
were consistently reached.

According to Fig. 4(a), site S2 and S3 (S7) notably underesti-
mated (overestimated) the areal average soil moisture at a depth
of 3 cm within the 9 km pixel. Among the sites, S5 exhibited
the smallest difference from the average soil moisture, with an
MRD of —0.051. Comparatively, S2 had a smaller SD