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Abstract: Soil moisture products acquired from passive satellite missions have been widely applied
in environmental processes. A primary challenge for the use of soil moisture products from passive
sensors is their reliability. It is crucial to evaluate the reliability of those products before they can be
routinely used at a global scale. In this paper, we evaluated the Soil Moisture Active/Passive (SMAP)
and the Advanced Microwave Scanning Radiometer (AMSR2) radiometer soil moisture products
against in situ measurements collected from American networks with four statistics, including the
mean difference (MD), the root mean squared difference (RMSD), the unbiased root mean square
error (ubRMSE) and the correlation coefficient (R). The evaluation results of SMAP and AMSR2 soil
moisture products were compared. Moreover, the triple collocation (TC) error model was used to
assess the error among AMSR2, SMAP and in situ data. The monthly average and daily AMSR2
and SMAP soil moisture data were analyzed. Different spatial series, temporal series and combined
spatial-temporal analysis were carried out. The results reveal that SMAP soil moisture retrievals
are generally better than AMSR2 soil moisture data. The remotely sensed retrievals show the best
agreement with in situ measurements over the central Great Plains and cultivated crops throughout
the year. In particular, SMAP soil moisture data shows a stable pattern for capturing the spatial
distribution of surface soil moisture. Further studies are required for better understanding the SMAP
soil moisture product.
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1. Introduction

Soil moisture is a critical environmental variable in the energy and water cycles on a global scale.
With remotely sensed observations of surface soil moisture increasingly available from a number of
satellite missions, soil moisture satellite observations play a key role in environmental applications,
including meteorology, hydrology, water resource management and climatology.

In the past two decades, various studies have demonstrated that soil moisture can be retrieved
by passive satellite missions, such as the Soil Moisture and Ocean Salinity (SMOS) mission [1,2], the
Soil Moisture Active/Passive (SMAP) mission [3], the Special Sensor Microwave/Imager (SSM/I)
mission, the Advanced Microwave Scanning Radiometer for the Earth Observing System (AMSR-E)and
Advanced Microwave Scanning Radiometer 2 (AMSR2) mission [4–8]. Soil moisture data sets acquired
from all of these passive missions are widely used. However, as a result of the different algorithms
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used for different satellite data, the quality and continuity of passive microwave soil moisture products
varies in space and time [9–11]. The evaluation of satellite soil moisture products is needed to guide
their correct use and to improve our understanding of their advantages and disadvantages under
different conditions across the world and at different times. Several studies have evaluated soil
moisture products based on passive microwave sensors against in situ measurements over different
regions [12–15]. SMOS data have large deviations that are influenced by radio-frequency interference
(RFI) [1]. Essential Climate Variable (EVC) data underestimates in situ values in some cases, but
it shows good correlation with in situ observations. In addition, quality evaluations for other soil
moisture products, such as the AMSR-E, Aquarius, European Space Agency Climate Change Initiative
(ESA CCI), and ERA-Interim soil moisture products produced by the Centre for Medium-Range
Weather Forecasts (ECMWF), have yielded promising results [16–19].

Previous studies have also focused on the comparison of several soil moisture products [2,16,20].
Leroux et al. [21] conducted comparisons among the SMOS, ASCAT, and ECMWF soil moisture
products. Al-Yaari et al. [22] performed a comparison between the SMOS and AMSR-E products using
long time series. The validity of the SMOS and Aquarius soil moisture products in agricultural areas
was also discussed [23]. An et al. [17] exploited the performance of the correlation coefficient, residual
error and root mean squared error in evaluating correlations between meteorological station data and
ESA CCI data for crop belts and urban areas.

Recently, many studies have assessed the potential of the AMSR2 soil moisture product for
climate applications by evaluating its temporal dynamics and absolute deviations using in situ
observations [14,24]. Zeng et al. [25] compared the AMSRE, AMSR2 and ASCAT products using
annual and seasonal sequences, and the results revealed that the AMSR-E and AMSR2 products
were underestimated in most cases. To generate a consistent spatial series of soil moisture data, the
performance of AMSR2 soil moisture observations was assessed for different land cover types, because
the analysis of soil moisture data in spatial series is helpful for identifying trends in soil moisture in
different land cover types or ecoregions [15].

Due to the absence of long-term SMAP data, there is a lack of adequate research in comparison
with other soil moisture products. The SMAP soil moisture product has been evaluated by comparing
the uncertainty of downscaled brightness temperature acquired from airborne and ground observations
simultaneously [26,27]. Yee et al. [28] investigated the representativeness of soil moisture monitoring
stations within the Yanco study area for the validation of SMAP data products at a spatial resolution of
3 km for radar measurements, 9 km for radar–radiometer measurements and 36 km for radiometer
measurements. Zeng et al. [29] carried out a preliminary evaluation of the SMAP radiometer soil
moisture product against in situ measurements collected from different networks that cover different
climatic and land surface conditions, and the results show that the SMAP soil moisture product is
in good agreement with the in situ measurements, although it exhibits dry or wet bias at different
network regions. Chen et al. [30] proposed and validated SMAP soil moisture data and existing sparse
soil moisture networks with a TC-based strategy, and the result suggests that unbiased estimates of
correlation between the satellite product and the true footprint average can be obtained.

In previous studies, several conventional statistics, such as the correlation coefficient, the mean
difference (MD; also called the bias), the root mean square difference (RMSD), ubRMSE and the mean
relative error (MRE), were computed to describe the level of agreement between the in situ data and
the evaluated satellite soil moisture products [12,13,15,17,22,31]. The triple collocation (TC) method
was first used in oceanography to evaluate wind and wave height observations [32] and subsequently
introduced to validate satellite-based soil moisture data [9,33–36]. The results suggest that the TC
method provides realistic error estimation.

In this paper, we attempt to compare the descending AMSR2 soil moisture products (Japan
Aerospace Exploration Agency (JAXA)algorithm) with SMAP soil moisture products at daily and
monthly average time scales over the contiguous U.S. by using in situ data from monitoring stations
from two different networks for a 1-year period (April 2015–March 2016). We conducted the evaluation
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of AMSR2 and SMAP soil moisture products in terms of four statistical indicators: the mean
difference (MD), the root mean squared difference (RMSD), ubRMSE and the correlation coefficient
(R). Meanwhile, triple collocation was applied to error estimation. We carried out the evaluation of
AMSR2 soil moisture products and SMAP data in terms of different spatial series, temporal series
and combined spatial-temporal analysis to provide a more useful guideline for the suitability and
reliability of AMSR2 and SMAP soil moisture products for different applications.

2. Datasets

2.1. Passive Microwave Soil Moisture Products

AMSR2 is a single-mission instrument onboard the Global Change Observation Mission 1—Water
(GCOM-W1) satellite that was launched by the Japan Aerospace Exploration Agency (JAXA) in
May 2012. The data are available beginning in August 2012 [4,15]. The available soil moisture product
was provided by the JAXA Earth Observation Research Center (EORC) from both the ascending
(13:30 local time) and descending (01:30 local time) overpasses. The spatial resolution of the soil
moisture products is 0.1 degree (10 km) and 0.25 degree (25 km), and the data are provided on daily
and monthly time scales. These data are available from https://gcom-w1.jaxa.jp/. The AMSR2 soil
moisture product was derived using the radiative transfer model (RTM) of the soil surface vegetation
layer [37,38]. Since the nighttime (descending) microwave satellite data is generally expected to
obtain more accurate soil moisture estimates than the daytime (ascending) overpass [19,39–41], the
following discussions will focus on the descending overpass. The AMSR2 level 3 (L3) monthly and
daily soil moisture (SM) products collected during descending overpasses at 10 km resolution were
used for evaluation.

SMAP satellite was launched on January 2015 by the National Aeronautics and Space
Administration (NASA) [29]. SMAP provides a soil moisture product that covers the top 5 cm of the
soil column with an accuracy of 0.04 m3·m−3 and a spatial resolution of 9 km, and covers the globe
every three days [3,27,42,43]. SMAP level 4 soil moisture (L4 SM) data were derived using NASA’s
Catchment Land Surface Model using brightness temperatures observed by SMAP. Moreover, the
SMAP L4 SM product provides observations and analysis update data containing relevant geophysical
fields reported as 3-hourly time averages, distributed over a 9-km grid [44]. These data are available
from https://nsidc.org/. SMAP L4 SM was chosen to be evaluated in this paper. To evaluate the
SMAP L4 soil moisture products with AMSR2 L3 soil moisture products at same scale, SMAP L4 SM
data were resampled to 10 km resolution to match the spatial characteristics of AMSR2 L3 SM data.

2.2. In Situ Soil Moisture Data

In situ soil moisture data were acquired from 164 monitoring stations of two networks in this
paper (Figure 1). 97 of the samples were from the U.S. Department of Agriculture Soil Climate Analysis
Network (SCAN, http://www.wcc.nrcs.usda.gov/scan/) [45], and 67 samples were from the U.S.
Climate Reference Network (USCRN; http://www.ncdc.noaa.gov/crn/). The data selected from the
SCAN and USCRN indicate soil moisture data depth of 5 cm. Data acquired from April 2015 to
March 2016 were selected. The soil moisture observation sites acquired data every day and every
month respectively; however, some stations have no reported values on some days and months.
Soil moisture data which are temporally discontinuous were excluded from the analysis. To obtain
enough samples for analysis, stations without continuous daily value were retained.

2.3. Land Cover Data

The National Land Cover Dataset (NLCD) is classified according to the 2011 Landsat satellite data
with a spatial resolution of 30 m and was constructed by the Multi-Resolution Land Characteristics
(MRLC) Consortium (http://www.mrlc.gov) [46]. The NLCD of the United States was used to analyze
the performance of SMAP and AMSR2 soil moisture products for different terrain types across the
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contiguous U.S. The NLCD 2011 map covering SCAN and USCRN stations is shown in Figure 1.
The number of stations distributed in different spatial regions and land cover types is shown in Table 1.
Due to insufficient sample numbers, woody wetlands and open water were excluded in the following
analysis. Total of 103 soil moisture monitoring stations were selected for monthly analysis and Total of
156 soil moisture monitoring stations were selected for daily analysis (Table 1).Remote Sens. 2017, 9, 104  4 of 26 
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Figure 1. The 2011 National Land Cover Dataset (NLCD) land cover map and in-situ soil moisture
observations sites.

Table 1. The number of soil moisture sampling sites located in different spatial region and land cover
types across the contiguous U.S. for acquiring monthly and daily average soil moisture data.

Spatial Distribution No. of Soil Moisture Sampling Stations

Monthly Average Daily Average

Overall 105 162
West 32 61

Central 28 37
East 45 64

Open Water Ice/Snow 0 3
Deciduous/Evergreen Forest 13 29

Shrub/Scrub 14 33
Grassland/Herbaceous 12 24

Pasture/Hay 35 33
Cultivated Crops 29 37
Woody Wetlands 2 3

2.4. Ancillary Data

Normalized difference vegetation index (NDVI) products acquired with MODIS can provide
information about global green vegetation conditions and processes. In this study the monthly NDVI
products MOD13A3 with 1 km resolution was used as an indication for the vegetation condition in
different regions and vegetation cover types.
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The precipitation product obtained by AMSR2 from JAXA (https://gcom-w1.jaxa.jp/) providing
amount of rain was used as ancillary data to evaluate the influence of precipitation to SMAP L4 and
AMSR2 L3 products. The precipitation product is of global coverage with unit of mm/h. The monthly
average NDVI and rainfall data at every sampling stations (Table 1) were extracted.

3. Methods

Previous studies have adopted different approaches to compare satellite-based soil moisture
products with in situ observations [3,15,18,36]. In this paper, the quality of AMSR2 L3 and SMAP L4
surface soil moisture products were assessed by comparing them to the in situ soil moisture observation
from ground stations of the monitoring networks. Four statistics were used, including the mean
difference (MD), the root mean squared difference (RMSD), the unbiased root mean square error
(ubRMSE) and the correlation coefficient (R). Triple collocation (TC) method was also used for analyzing
the uncertainty of the two satellite-based soil moisture products and the in situ data sets [9,32,35].

3.1. Four Statistics

The accuracy of AMSR2 L3, SMAP L4 soil moisture data are evaluated in terms of the MD, the
RMSD, and the R. The MD represents the bias, namely the systematic difference between satellite
soil moisture retrievals and in situ soil moisture measurements. The MD can be calculated using the
following formula:

MD =
∑N

i=1(Θs(i)− Θm(i))
N

(1)

The RMSD represents the absolute difference or accuracy of AMSR2 and SMAP L4 soil moisture
retrievals relative to in situ soil moisture measurements. The RMSD is calculated as:

RMSD =

√
∑N

i=1(Θs(i)− Θm(i))2

N
(2)

where Θs represents a satellite soil moisture retrieval (m3·m−3), and Θm is the in situ soil moisture
measurement (m3·m−3). For temporal analysis, N represents the total number of samples, and i
represents a specific sample. On the basis of spatial series analysis, N is the total number of time steps,
and i represents a specific daily or monthly time step.

In order to get a better reliable estimation of RMSD, the bias can be easily removed by defining the
ubRMSE that characterizes random error. The ubRMSE is calculated using the following equation [47].

ubRMSE =

√
(RMSD)2 − (MD)2 (3)

The R shows the relative accuracy between AMSR2 L3 or SMAP L4 soil moisture data and in situ
soil moisture measurements. The correlation coefficient R for the evaluation of the AMSR2 and SMAP
soil moisture data against in situ soil moisture is calculated as:

R =
∑N

i=1(θS (i)− µs )(θm (i)− µm)

(N − 1)
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a footprint (m3·m−3), and μm represents the average of in situ soil moisture measurements (m3·m−3). бs 
and бm are the standard deviation of satellite and in situ soil moisture (m3·m−3), respectively. 

m are the standard deviation of satellite and in situ soil moisture (m3·m−3), respectively.

3.2. The Triple Collocation Error Model

In addition to MD, RMSE, and R (four statistics for the evaluation of AMSR2 and SMAP data),
the triple collocation error model (TC) was also introduced to estimate the error and uncertainty of
AMSR2 L3 and SMAP L4 soil moisture products.

https://gcom-w1.jaxa.jp/
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The TC method provided an effective technique to perform the satellite-based soil moisture
validation [9,35]. The TC model was introduced by [31] to calibrate scatterometer-derived ocean
winds and estimate errors. Subsequently, the method was used to evaluate the error and uncertainty
of LAI soil water content, snow depth and other remote sensing data products [48]. Assuming
three independent soil moisture data sets in situ, AMSR2 L3 and SMAP L4 exhibit the following
linear relationship: 

SMx = αx + βx SMt + εx

SMy = αy + βy SMt + εy

SMz = αz + βz SMt + εz

(5)

where SMt represents the true soil moisture; SMx, SMy, and SMz represent in situ and AMSR2 L3 and
SMAP L4 soil moisture, respectively; αi and βi represent the calibration constants, with subscript i
standing for x, y, and z; and εx, εy, and εz, denote the residual errors in the estimates of SMx, SMy,
and SMz.

The main objective of the study is to estimate εx, εy, and εz. Dividing both sides of formula (1) by
βi (i =x, y, z) and introducing new variables SMi* = (SMi-αi)/βi and εi* = εi/βi, we obtain:

SM∗
x = SMt + ε∗x

SM∗
y = SMt + ε∗y

SM∗
z = SMt + ε∗z

(6)

The unknown true SMt can then be eliminated through cross subtraction:
SM∗

x − SM∗
y = ε∗x − ε∗y

SM∗
x − SM∗

z = ε∗x − ε∗z
SM∗

y − SM∗
z = ε∗y − ε∗z

(7)

By pairwise multiplication of the lines of Equation (7) and taking the average of the estimates.
Assuming that the residual errors εx, εy, εz are independent, the residual covariances then become
0; hence, the error variances are fully determined by the three independent calibrated soil moistures
datasets. The variance of the residual errors can be estimated by

σ∗2
x = <

(
SM∗

x − SM∗
y

)
(SM∗

x − SM∗
z) >

σ∗2
y = <

(
SM∗

y − SM∗
x

)(
SM∗

y − SM∗
z

)
>

σ∗2
z = < (SM∗

z − SM∗
x)
(

SM∗
z − SM∗

y

)
>

(8)

where < · > indicate the calculation of mean values.
To calculate the residual covariance of different soil moisture data, the calibration constants, αi

and βi (i = x, y, z) should be computed. The true values are unknown, and thus we choose the in situ
data as a reference and set αx = 0, βx = 1. Considering the symmetry of Equation (5), the estimations
of ε∗2

x , ε∗2
y , ε∗2

z are independent of this choice. Equation (5) can then be written as:
SMx = SMt + εx

SMy = αy + βy SMt + εy

SMz = αz + βz SMt + εz

(9)

The calibration constants αi and βi (i = y, z) can be calculated using a simple linear least squares
approximation that considers the errors in both variables.

We adopt an iterative scheme because the calibration of the SMy and SMz constants will affect the
estimation of errors in SMx, SMy and SMz. We make an initial guess for the calibration parameters by
assuming < (εx)2 > = < (εy)2 > = < (εz)2 > and subsequently solve the calibration and error equations
until convergence is achieved [9,35,49].
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4. Results

The quality of the AMSR2 L3 descending soil moisture product and the SMAP L4 soil moisture
product was assessed by comparing with in situ data using four statistics (MD, RMSD, ubRMSE, R)
and the TC method. The significance test of R was queried through Table of Critical Values for Person’s
r (http://www.life.illinois.edu). The daily and monthly averaged soil moisture data acquired from in
situ and satellite measurements during April 2015 to March 2016 were used to analyze the temporal
variation of passive microwave soil moisture products. Land cover type and regional differences
were considered.

4.1. Temporal Analysis

The results of MD, RMSD ubRMSE and R were calculated for SMAP L4 and AMSR2 L3 soil
moisture products with in situ soil moisture data. As shown in Figure 2, negative MD was obtained
for AMSR2 L3 SM for the twelve months evaluated. The MD for SMAP L4 SM had positive values
of 0.02–0.10 during the period August 2015 to December 2015, while in the other months, MD had
negative values of −0.014 m3·m−3 to −0.06 m3·m−3.

Remote Sens. 2017, 9, 104  7 of 26 

 

4. Results 

The quality of the AMSR2 L3 descending soil moisture product and the SMAP L4 soil moisture 
product was assessed by comparing with in situ data using four statistics (MD, RMSD, ubRMSE, R) 
and the TC method. The significance test of R was queried through Table of Critical Values for 
Person’s r (http://www.life.illinois.edu). The daily and monthly averaged soil moisture data 
acquired from in situ and satellite measurements during April 2015 to March 2016 were used to 
analyze the temporal variation of passive microwave soil moisture products. Land cover type and 
regional differences were considered.  

4.1. Temporal Analysis 

The results of MD, RMSD ubRMSE and R were calculated for SMAP L4 and AMSR2 L3 soil 
moisture products with in situ soil moisture data. As shown in Figure 2, negative MD was obtained 
for AMSR2 L3 SM for the twelve months evaluated. The MD for SMAP L4 SM had positive values of 
0.02–0.10 during the period August 2015 to December 2015, while in the other months, MD had 
negative values of −0.014 m3·m−3 to −0.06 m3·m−3.  

 
Figure 2. Temporal evolution of four statistics results for Soil Moisture Active/Passive (SMAP) L4 SM 
and Advanced Microwave Scanning Radiometer (AMSR2) L3 SM monthly data. 

The SMAP L4 SM demonstrates better performance than that of AMSR2 L3 SM with RMSD 
values ranging from 0.09 m3·m−3 to 0.15 m3·m−3 and ubRMSE values from 0.09 m3·m−3 to 0.12 m3·m−3, 

which do not exceed the SMAP mission requirement of 0.04 m3·m−3. The 1 km change in spatial 
resolution for the SMAP L4 SM product has little effect on the results from these four statistics.  

Figure 2 demonstrates that, compared to the AMSR2 L3 SM product, the SMAP L4 SM product 
is more strongly correlated with in situ measurements, with R > 0.54 (p < 0.0005）at most times 

Figure 2. Temporal evolution of four statistics results for Soil Moisture Active/Passive (SMAP) L4 SM
and Advanced Microwave Scanning Radiometer (AMSR2) L3 SM monthly data.

The SMAP L4 SM demonstrates better performance than that of AMSR2 L3 SM with RMSD values
ranging from 0.09 m3·m−3 to 0.15 m3·m−3 and ubRMSE values from 0.09 m3·m−3 to 0.12 m3·m−3,
which do not exceed the SMAP mission requirement of 0.04 m3·m−3. The 1 km change in spatial
resolution for the SMAP L4 SM product has little effect on the results from these four statistics.

Figure 2 demonstrates that, compared to the AMSR2 L3 SM product, the SMAP L4 SM product is
more strongly correlated with in situ measurements, with R > 0.54 (p < 0.0005) at most times during

http://www.life.illinois.edu
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the 12-month period. The AMSR2 L3 SM product got the poorest R result of 0.09 (p > 0.05) in October,
when the SMAP L4 SM product also performed poorly. The SMAP L4 and AMSR2 L3 soil moisture
products displayed the best correlation with in situ measurements in December, respectively.

The results of the four statistics using daily time series for the SMAP L4 SM and AMSR2 L3 SM
products are shown as box plots in Figure 3. The box plots present the median (the horizontal line
inside each box), the 1st quantile Q1 and 3rd quantile Q3 (as indicated by the bottom and top of the
box) for every month. As with the daily average data, AMSR2 L3 SM daily data also show a negative
bias (Figure 3). However, the MD results of the SMAP L4 SM daily data are slightly different from
those obtained using monthly average data (Figure 3 MD). No negative bias for SMAP L4 SM occurred
in any of the time series. Small MD values occurred in November 2015, December 2015, and January
2016, meaning that more accurate soil moisture estimates were obtained for SMAP L4 SM.
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Figure 3. (a–d) Temporal evolution of four statistics results for SMAP L4 SM and AMSR2 L3 SM
daily data (mean difference (MD), the root mean squared difference (RMSD), the unbiased root mean
square error (RMSE) and correlation coefficient (R)). Presented are the median, the 1st quantile Q1
and 3rd quantile Q 3 (as indicated by the box), and the Q1 − 1.5 (Q3 − Q1) and Q3 + 1.5 (Q3 − Q1)
values (whiskers).

Daily RMSD values (Figure 3 RMSD) show that the SMAP L4 SM performance is in reality stable,
while the AMSR2 L3 SM obtained opposite results in August, September, and October 2015. However,
if the bias is removed, it can achieve lower discrepancy between AMSR2 L3 and SMAP L4 (Figure 3
RMSD and ubRMSE). Similarly, this situation also appeared in the monthly average data (Figure 2
RMSD and ubRMSE). As seen from box plots of the correlation coefficients (Figure 3 R), for the daily
data, as assessed using the correlation coefficient, the SMAP L4 SM data is generally better than the
AMSR2 L3 SM data. Both SMAP L4 SM data and AMSR2 L3 SM data show great variation; the standard
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deviations of the two data products were 0.11 and 0.18, respectively. Meanwhile, both SMAP L3 SM
and AMSR2 L3 SM data presented weak correlation coefficient distributions, which is consistent with
the monthly average data analysis.

4.2. Spatial Analysis

The correlation between SMAP L4 and AMSR2 L3 products in different regions and land covers
were shown in Figures 4 and 5. Both Central region and Cultivated Crops region with R = 0.33 and
R = 0.49 respectively show better agreement with each other. In West, East and Deciduous/Evergreen
regions, the correlation between SMAP L4 and AMSR2 data was poor with R results of 0.14, 0.24
and 0.1, respectively.
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The performance of the AMSR2 L3 and SMAP L4 soil moisture products retrieved from different
regions of the United States with different land covers were analyzed. Monthly and daily averaged
AMSR2 L3 and SMAP L4 soil moisture data were compared with in situ data (Figure 6). Daily and
monthly averaged AMSR2 L3 soil moisture data had negative MD values in the western, central and
eastern regions of the United States, which means that the products are underestimates. SMAP L4
soil moisture data got low positive MD values for the western, central and eastern parts of the United
States. The lowest MD values associated with SMAP L4 soil moisture data were obtained in the central
part (Figure 6). The RMSD and ubRMSE got the best results for SMAP soil moisture data in the central
part. The AMSR2 L3 soil moisture data product showed poor RMSD (0.22 m3·m−3) results in the
central part and poor ubRMSE (0.14 m3·m−3) results in the eastern parts (Figure 6). SMAP L4 SM
data performed better than AMSR2 L3 SM, as reflected by higher R values (Figure 6), in the eastern,
central and western United States. SMAP L3 SM had the best results in terms of R values (R > 0.50
with p < 0.0005) in the central part. The AMSR2 L3 SM had the poorest correlation with in situ soil
moisture data in the western region compared to the central and eastern parts.
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The accuracy of soil moisture products is affected by the type of vegetation cover. The MD, RMSD,
ubRMSE and R were calculated for the AMSR2 L3 and SMAP L4 soil moisture products with different
vegetation cover (Figure 7). Monthly and daily data were used to analyze the effect of temporal scale
on soil moisture observations. For the AMSR2 L3 soil moisture product, the best performance was
obtained for the Shrub/Scrub vegetation type, where the MD was −0.06, the RMSD was 0.09 and the
ubRMSE was 0.07. AMSR2 L3 SM monthly data got better R results than AMSR2 L3 SM daily data for
most vegetation types. SMAP L4 SM data have similar features as AMSR2 L3 SM.
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The low range and variation of soil moisture in desert regions partly contributed to the low
RMSD and ubRMSE of Shrub/Scrub, however, as reflected in the correlation coefficients (Figure 7).
The correlation coefficients for monthly and daily data for the Shrub/Scrub vegetation type were 0.057
and −0.10 (p > 0.05), respectively. For regions of Deciduous/Evergreen Forest, the AMSR2 L3 SM
data exhibit negative correlations, with a correlation coefficient of −0.05 (p > 0.05) for daily averaged
data. Compared with other vegetation cover types, the Cultivated Crops region showed the best R
values for AMSR2 L3 SM data (0.34 m3·m−3) (p < 0.005) for monthly averaged data and 0.33 m3·m−3

(p < 0.005) for daily averaged data). AMSR2 L3 SM data in all vegetation cover types has generally
much poorer performance compared to SMAP L4 SM data, with poor results for MD, RMSD and
R. SMAP L4 SM data obtained in regions covered by Pasture/Hay showed negative bias, a slightly
high RMSD (0.13 m3·m−3) and a low R compared with in situ soil moisture data. The lowest MD and
the best R results were obtained in regions covered by Cultivated Crops for SMAP L4 SM daily and
monthly average data. Daily SMAP L4 SM data showed the poorest R value for shrub/scrub cover,
with an R value of 0.17 (p < 0.005). However, monthly SMAP L4 SM data showed the lowest R value
for regions covered by Pasture/Hay.

4.3. Temporal- Spatial Analysis

The daily SMAP L4 and AMSR2 L3 soil moisture data were compared with in situ soil moisture
data month by month during April 2015–March 2016 respectively. Different regions and different
vegetation cover types were considered.

Figure 8 presents the temporal-spatial characteristic of SMAP L4 and AMSR2 L3 SM data.
SMAP L4 soil moisture data got much higher R results (R > 0.60) in the central region of the United
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States than in the western and eastern regions. AMSR2 L3 SM shows similar patterns as those of
SMAP L4 SM from May to November, except in October. AMSR2 L3 SM has the poorest correlation
with in situ data in October. For the eastern region, SMAP L4 SM obtained negative R values of −0.19
(p > 0.05) in June and −0.16 (p > 0.05) in July, and showed the best R values around December and
February. SMAP L4 SM have similar temporal pattern in the western region as in the eastern region.
In the western region, SMAP L4 SM got better R results from December to March through a single year.
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For AMSR2 L3 SM data, the best performance occurred in the central region in January.
However, the poorest R, including negative values were obtained in October and November for
the AMSR2 L3 SM product in the central region. Compared with the central and eastern regions,
AMSR2 L3 SM data exhibited weak correlation with in situ data in the western region. The best
correlation in the eastern part was found in November.

AMSR2 L3 SM and SMAP L4 SM data were assessed with the R statistic for five types of vegetation
cover throughout one year. The results showed that the correlation of SMAP L4 SM data with in situ
soil moisture data for all investigated land cover types, except Grass/Herbaceous, were generally
bad over the period from July to October. It can be seen that the accuracy of SMAP L4 SM for
Deciduous/Evergreen Forest, Pasture/Hay and Cultivated Crops was significantly influenced by
seasonal variation. At most times, SMAP L4 SM data showed good results for Grass/Herbaceous land
cover. SMAP L4 SM data showed good results for all vegetation types in December (R > 0.65 with
p < 0.0005).

It can be seen from Figure 9 that the SMAP L4 SM data are better correlated with in situ
data compared to the AMSR2 L3 SM data for most types of vegetation cover, particularly the
Grassland/Herbaceous cover. The results of evaluating the daily averaged AMSR2 L3 SM and
SMAP L4 SM retrievals with in situ observations are exhibited with box plots, which macroscopically
express the temporal variation characteristics of land cover types in terms of symmetry, the degree
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of dispersion and aggregation, and outliers. As seen from (Figure 10, Figure 11 and Table 2), the
correlation coefficients computed from the SMAP L4 SM data are consistently higher than those
computed from the AMSR2 L3 data. In terms of the SMAP L4 SM daily averaged data, there is
lower variability in the SMAP L4 SM data than in the AMSR2 L3 data for each month and land cover
type. This observation can be tested using the standard deviations shown in Table 2 and the box
heights shown in Figure 11. Both the SMAP L4 SM data and the AMSR2 data L3 SM data show greater
correlations each month in the central region than in the western and eastern regions (Figure 10).
A similar pattern for standard deviation is also found in the SMAP L4 SM data (Table 2), while a
high standard deviation and a weak correlation coefficient can be found in the AMSR2 L3 SM data,
indicating that most of the days in the month show weak correlation.

Large variations in October 2015 are shown by the standard deviation shown in Table 2 and the
box heights shown in Figures 10 and 11. The AMSR2 L3 SM data show very weak or even negative
correspondence and large standard deviation with in situ data from December 2015 to March 2016.
This situation is also seen in the Shrub/Scrub region (Figure 11). It is evident that satellite-based soil
moisture data better represent the true level of soil moisture in regions covered by Cultivated Crops.
In addition, a trend of seasonal fluctuations in SMAP L4 SM data can be seen among all land cover
types, whereas weak correlations can be seen clearly in summer and autumn. However, compared
with the SMAP L4 SM data, the AMSR2 L3 SM data cannot show seasonal fluctuations except in
regions of Cultivated Crops. We picked out the optimal average correlation coefficient and standard
deviation of each spatial region through the year, and the degree of aggregation demonstrates that the
best estimation mainly occurs from December to April.
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Table 2. Average correlation and standard deviation of correlation for SMAP L4and AMSR2 L3 daily average soil moisture retrievals against in situ observations (R)
(The highlight blue data are the largest Mean value of R and the highlight gray data are the lowest Standard Deviation value of R).

15/Apr 15/May 15/Jun 15/Jul 15/Aug 15/Sep 15/Oct 15/Nov 15/Dec 16/Jan 16/Feb 16/Mar

A
ve

ra
ge

(R
)

R
eg

io
n SMAP

West 0.5 0.55 0.39 0.31 0.31 0.51 0.48 0.46 0.63 0.57 0.61 0.61
Central 0.73 0.64 0.7 0.7 0.68 0.71 0.73 0.77 0.83 0.81 0.72 0.73
East 0.48 0.52 0.47 0.48 0.31 0.2 0.47 0.56 0.52 0.51 0.59 0.55

AMSR2
West 0.05 0.13 0.1 0.05 −0.07 0.25 0.13 0.01 −0.02 −0.05 −0.06 0.06
Central 0.24 0.28 0.37 0.2 0.07 0.18 0.16 0.21 0.32 0.27 0.11 0.25
East 0.16 0.17 0.01 0.09 0.16 0.22 0.16 0.2 0.17 0.09 0.18 0.25

La
nd

C
ov

er
Ty

pe SMAP

Deciduous/Evergreen Forest 0.77 0.59 0.72 0.78 0.65 0.68 0.7 0.66 0.66 0.6 0.63 0.59
Shrub/Scrub 0.56 0.68 0.57 0.34 0.09 0.16 0.36 0.57 0.72 0.77 0.8 0.85
Grassland/Herbaceous 0.59 0.81 0.68 0.69 0.65 0.63 0.52 0.72 0.81 0.84 0.71 0.59
Pasture/Hay 0.59 0.47 0.58 0.59 0.51 0.33 0.31 0.56 0.66 0.57 0.45 0.33
Cultivated Crops 0.75 0.7 0.68 0.67 0.59 0.58 0.61 0.72 0.76 0.77 0.71 0.7

AMSR2

Deciduous/Evergreen Forest 0.46 0.29 0.25 0.15 0.02 0.31 0.2 0.35 0.29 0.09 0.16 0.18
Shrub/Scrub 0.03 0.26 0.25 0.05 0.12 0.23 0.29 0.21 −0.07 −0.21 −0.27 0.09
Grassland/Herbaceous 0.26 0.39 0.34 0.28 −0.01 0.23 0.09 0.25 0.26 0.23 −0.04 0.03
Pasture/Hay 0.27 0.3 0.22 0.28 0.31 0.44 0.12 0.14 0.35 0.37 0.33 0.24
Cultivated Crops 0.47 0.33 0.28 0.24 0.21 0.07 0.1 0.4 0.36 0.35 0.27 0.37

St
an

da
rd

D
ev

ia
ti

on
(R

) R
eg

io
n SMAP

West 0.16 0.09 0.16 0.15 0.1 0.1 0.15 0.1 0.07 0.11 0.08 0.08
Central 0.1 0.1 0.09 0.12 0.11 0.07 0.1 0.07 0.05 0.07 0.08 0.08
East 0.19 0.18 0.21 0.13 0.1 0.17 0.19 0.14 0.15 0.16 0.15 0.11

AMSR2
West 0.23 0.23 0.19 0.19 0.12 0.16 0.24 0.21 0.29 0.24 0.19 0.21
Central 0.26 0.24 0.26 0.28 0.29 0.21 0.21 0.23 0.21 0.23 0.23 0.25
East 0.23 0.18 0.19 0.22 0.25 0.15 0.26 0.27 0.24 0.26 0.22 0.2

La
nd

C
ov

er
Ty

pe SMAP

Deciduous/Evergreen Forest 0.13 0.15 0.09 0.06 0.09 0.11 0.14 0.1 0.11 0.14 0.15 0.2
Shrub/Scrub 0.15 0.15 0.17 0.21 0.22 0.24 0.34 0.11 0.08 0.07 0.1 0.06
Grassland/Herbaceous 0.12 0.1 0.11 0.16 0.19 0.19 0.29 0.07 0.06 0.08 0.12 0.11
Pasture/Hay 0.07 0.13 0.1 0.12 0.14 0.2 0.25 0.12 0.09 0.1 0.15 0.13
Cultivated Crops 0.06 0.1 0.13 0.12 0.09 0.08 0.19 0.09 0.06 0.09 0.08 0.08

AMSR2

Deciduous/Evergreen Forest 0.2 0.25 0.27 0.3 0.27 0.17 0.35 0.24 0.27 0.29 0.3 0.29
Shrub/Scrub 0.29 0.35 0.3 0.24 0.23 0.27 0.42 0.31 0.37 0.29 0.28 0.31
Grassland/Herbaceous 0.15 0.26 0.29 0.31 0.25 0.24 0.33 0.21 0.21 0.22 0.21 0.19
Pasture/Hay 0.26 0.21 0.25 0.27 0.27 0.18 0.37 0.31 0.29 0.16 0.19 0.17
Cultivated Crops 0.22 0.22 0.21 0.22 0.26 0.14 0.29 0.32 0.26 0.26 0.3 0.26
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4.4. TC Analysis

Triple collocation errors were calculated using in situ soil moisture data, AMSR2 L3 soil moisture
data and SMAP L4 soil moisture data to investigate the accuracy of passive microwave satellite-based
soil moisture data (Table 3 and Figure 12). A total of 366 days soil moisture measurements acquired
daily from April 2015 to March 2016 were used to build the model. The monthly mean values of the
daily soil moisture data were also used to build the TC model.

Table 3. Estimated errors of the in situ, SMAP, AMSR2 soil moisture dataset for different spatial
distribute with the triple collocation (TC) method.

Spatial Distribution
Daily Average Monthly Average

In Situ SMAP AMSR2 In Situ SMAP AMSR2

Overall 0.102 0.007 0.207 0.02 0.019 0.087
Deciduous/Evergreen Forest 0.004 0.012 0.995 0.014 0.066 5.049
Shrub/Scrub 0.023 0.004 2.434 0.065 0.03 0.393
Grassland/Herbaceous 0.033 0.019 0.674 0.052 0.025 1.004
Pasture/Hay 0.015 0.021 0.598 0.034 0.079 0.099
Cultivated Crops 0.009 0.01 0.115 0.038 0.03 0.097
West 0.07 0.051 8.71 0.03 0.076 1.055
Central 0.011 0.003 0.363 0.023 0.012 0.249
East 0.01 0.023 0.437 0.037 0.141 0.397

Remote Sens. 2017, 9, x FOR PEER REVIEW  17 of 26 

 

measurements acquired daily from April 2015 to March 2016 were used to build the model. The 
monthly mean values of the daily soil moisture data were also used to build the TC model.  

 
Figure 12. Estimated errors of soil moisture dataset for monthly average with the TC method. 

Table 3. Estimated errors of the in situ, SMAP, AMSR2 soil moisture dataset for different spatial 
distribute with the triple collocation (TC) method. 

Spatial Distribution 
Daily Average Monthly Average 

In Situ SMAP AMSR2 In Situ SMAP AMSR2 
Overall 0.102 0.007 0.207 0.02 0.019 0.087 

Deciduous/Evergreen Forest 0.004 0.012 0.995 0.014 0.066 5.049 
Shrub/Scrub 0.023 0.004 2.434 0.065 0.03 0.393 

Grassland/Herbaceous 0.033 0.019 0.674 0.052 0.025 1.004 
Pasture/Hay 0.015 0.021 0.598 0.034 0.079 0.099 

Cultivated Crops 0.009 0.01 0.115 0.038 0.03 0.097 
West 0.07 0.051 8.71 0.03 0.076 1.055 

Central 0.011 0.003 0.363 0.023 0.012 0.249 
East 0.01 0.023 0.437 0.037 0.141 0.397 

As shown in Table 3 for the overall data calculation result, the mean errors in the above three 
daily datasets were 0.10, 0.01 and 0.21, respectively, and the corresponding values for the monthly 
datasets were 0.02, 0.019 and 0.087, respectively. The error in the AMSR2 L3 soil moisture data was 
greater than that of the SMAP L4 SM product, regardless of whether it was based on daily or 
monthly average values. Thus, the SMAP L4 soil moisture product better detected the soil moisture. 

Table 3 shows the estimated errors of the in situ, AMSR2 L3, and SMAP L4 soil moisture with 
the measured soil moisture at each spatial location. In general, the error of the AMSR2 L3 SM was 
found to be greater than those of the other two soil moisture data sets. This similar tendency is 
consistent with the results from previous studies that targeted the assessment of AMSR2 L3 SM data 
[50]. 

The results of the error estimation for daily averaged data over the western region and the 
Shrub/Scrub land cover type, and for monthly averaged data over Deciduous/Evergreen Forest, 
suggest that the AMSR2 L3 SM datasets are characterized by a relatively high error. The mean error 
is 8.71 for the western region, 2.43 for Shrub/Scrub land cover types, and 5.05 for Deciduous/Evergreen 
Forest land cover types. The Shrub/Scrub land cover type is mainly distributed in the western region 
(Figure 1). Therefore, the consistency of the results is proved. The results of the error estimation in 

Figure 12. Estimated errors of soil moisture dataset for monthly average with the TC method.

As shown in Table 3 for the overall data calculation result, the mean errors in the above three
daily datasets were 0.10, 0.01 and 0.21, respectively, and the corresponding values for the monthly
datasets were 0.02, 0.019 and 0.087, respectively. The error in the AMSR2 L3 soil moisture data was
greater than that of the SMAP L4 SM product, regardless of whether it was based on daily or monthly
average values. Thus, the SMAP L4 soil moisture product better detected the soil moisture.

Table 3 shows the estimated errors of the in situ, AMSR2 L3, and SMAP L4 soil moisture with the
measured soil moisture at each spatial location. In general, the error of the AMSR2 L3 SM was found
to be greater than those of the other two soil moisture data sets. This similar tendency is consistent
with the results from previous studies that targeted the assessment of AMSR2 L3 SM data [50].
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The results of the error estimation for daily averaged data over the western region and the
Shrub/Scrub land cover type, and for monthly averaged data over Deciduous/Evergreen Forest,
suggest that the AMSR2 L3 SM datasets are characterized by a relatively high error. The mean error is
8.71 for the western region, 2.43 for Shrub/Scrub land cover types, and 5.05 for Deciduous/Evergreen
Forest land cover types. The Shrub/Scrub land cover type is mainly distributed in the western region
(Figure 1). Therefore, the consistency of the results is proved. The results of the error estimation in
land cover suggest that regions covered by Cultivated Crops were characterized by a relatively low
error (daily average 0.01 and monthly average 0.03) compared with the AMSR2 L3 SM datasets. The
Shrub/Scrub land cover type also shows low error estimates for the SMAP L4 SM data.

The TC model was also applied to the temporal analysis for monthly average data. In this
way, estimated errors were computed monthly to analysis the temporal variability. The results are
shown in Table 4 and Figure 12. It can be seen briefly from Figure 12 that both SMAP L4 and AMSR2
L3 characterized by a relatively high estimated errors in March, July and October, with estimated
value 0.126, 0.137 and 0.297 in SMAP L4 data and 1.635, 0.161 and 4.661 in AMSR2 L3 respectively.
The poor values in October were consistent with Figures 2c and 3. It can be also observed from
Table 4 that AMSR L3 provide poor performance with estimated error 4.18. In addition, both SMAP L4
and AMSR2 L3 data are characterized by slightly smaller error in January, February, November and
December with respect to in situ probes (Figure 12). Surprisingly, both SMAP L4 and AMSR2 L3 in
June are characterized by small error (0.04 and 0.07).

Table 4. Estimated errors of the in situ, SMAP, AMSR2 soil moisture dataset for monthly average with
the TC method.

Month In Situ SMAP AMSR2

January 0.018 0.017 0.029
February 0.025 0.019 0.055

March 0.137 0.126 1.635
April 0.019 0.019 4.183
May 0.037 0.050 0.185
June 0.043 0.044 0.070
July 0.099 0.137 0.161

August 0.053 0.042 0.147
September 0.039 0.033 0.125

October 0.295 0.297 4.661
November 0.021 0.023 0.055
December 0.024 0.022 0.082

5. Discussion

This study investigated the estimated error of two remotely sensed soil moisture products
(SMAP L4 and AMSR2 L3) with respect to reference in situ soil moisture measurements for different
spatial distribution, monthly and daily time using TC method. The method successfully captured the
spatial and temporal variations. For instance, cultivated crops performed well with daily and monthly
averaged data both for SMAP and AMSR2, Poor performances with large estimation error were found
for western region and Deciduous/Evergreen Forest both for SMAP and AMSR2. The combination of
TC model and the four statistical indicators (MD, RMSE and R) is helpful for estimating the quality of
regional soil moisture distribution of SMAP and AMSR2. Results showed that the trends of estimation
error agreed with four statistics to some extent. For monthly averaged temporal analysis, both SMAP
and AMSR2 got the poor error in October (Table 4), R results show similarly trend in Figure 3c. The low
errors from November 2015 to February 2016 (Table 4) also consist with good monthly average R
shown in Figures 2, 6 and 13. Moreover, as shown from Table 3 and Figure 12, poor estimated error
with TC and low R with statistic indicator were fairly unanimous especially for AMSR2 L3 data.
However, discrepancies also exist, for instance, poor quality in April with TC was not significantly
displayed in temporal correlation analysis with four statistics.
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In our analysis, the in situ soil moisture observations from monitoring stations were used as
ground truth to evaluate AMSR2 L3 and SMAP L4 soil moisture retrievals. Due to the coarse resolution
and the spatial heterogeneity of AMSR2 L3 and SMAP L4 soil moisture data, point-based in situ
measurements may not represent the spatially averaged soil moisture field well [51]. In addition, due
to the disparity in spatial cover and the depth at which soil moisture is measured, in situ observations
cannot exactly match the soil moisture retrievals of AMSR2 and SMAP, even under ideal land cover
conditions [52,53].

The diversity of vegetation coverage, precipitation and climate characteristics are the key factors
that influence the evaluation results. In addition, there is always substantial spatial heterogeneity in
different land cover types and temporal and dynamic variation in their characteristics, which lead to
different levels of performance in spatial-temporal analysis.

Examining the evaluated results, AMSR2 L3 SM data exhibited weak performance, no matter
whether one of the four statistical indicators (MD, R, ubRMSE and RMSD) or the triple collocation
method was used.

When evaluated at a global scale, the correlations and estimated error among the products
highlight differences in their representations of the spatial and temporal series of soil moisture, with
negative correlations found for several regions. This result was also obtained by previous studies [24].
The weak results from this evaluation may be explained by several reasons. First, uncertainties result
from a number of complex factors that affect the radiative transfer model [15]. Second, there is a
disparity in the vertical depth examined by the remotely sensed AMSR2 L3 SM data and the in situ
data. The soil moisture content of the shallow layer (~1 cm) observed by AMSR2 L3 SM will differ
from that of the deeper layer measured by the in situ monitoring stations (5 cm for SCANand USCRN).
The soil moisture in the shallower remotely sensed layer (∼1 cm) tends to respond more rapidly to
atmospheric forcing than the deeper soil layer (5 cm) observed by in situ soil sensors.

The SMAP L4 algorithm uses an ensemble Kalman filter (EnKF)to merge SMAP observations
with soil moisture estimates from the NASA Catchment land surface model [43], while AMSR2 L3
use brightness temperature correction on the soil moisture content algorithm [15], Different retrieval
algorithms and brightness temperature observations were used by AMSR2 and SMAP [26,42], which
contributes to the differences between the two evaluation results. Conventional in situ measurements
of soil moisture are made at a point, whereas satellite sensors provide results for an integrated area or
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volume covering a much larger spatial extent. The enormous heterogeneity in each pixel relative to the
in situ measurement negatively influenced the accuracy of the assessment [40].

The factors presented above may also apply to the SMAP L4 SM data. The SMAP L4 SM data
generally showed good agreement with the reference dataset and successfully captured the spatial and
temporal variations present in Figures 6–11 and Tables 3 and 4. For instance, SMAP L4 SM performed
well in the central region and in areas covered by Cultivated Crops. In particular, the two remotely
sensed soil moisture products being compared give consistent and correct results in these areas, where
soil moisture has been recognized to exert a strong influence on the spatial distribution. Conversely,
both SMAP L4 SM and AMSR2 L3 SM exhibited weak correlations with the reference data in dry
regions (e.g., for the Shrub/Scrub land cover type in the western region) (Figures 7 and 9), since that
region is mainly desert with low vegetation cover (Figures 13 and 14). These results could be related to
the low range of variation in soil moisture in these regions, which roughly corresponds to the expected
retrieval accuracy of the remotely sensed products [22]. Meanwhile, both SMAP L4 SM and AMSR2 L3
SM also exhibited weak correlations with the reference data and large TC estimate error in evergreen
forest regions. As shown in Figure 1, the eastern coastal area was found to mainly consist of Evergreen
Forests. The results confirmed that vegetation plays a key role in the evaluated performance of the
SMAP L4 and AMSR2 L3 soil moisture products. It can be seen from Figure 14 the NDVI were large
through the year for Evergreen Forest. The correlation between the SMAP L4 computed R with in situ
and NDVI is relative high with R = 0.78 (Figure 15), which demonstrated the vegetation influence to soil
moisture products. The quality of soil moisture retrieval decreases with increasing vegetation intensity
in Deciduous/Evergreen Forest, Pasture/Hay and Cultivated Crops (Figure 15). These findings were
consistent with previous studies [8]. While Shrub/Scrub and Grassland/Herbaceous regions did not
show similar correlation pattern with other land cover types, this can be partly explained by the low
vegetation in Shrub/Scrub and high grass density in Grassland/Herbaceous (Figure 14).

Examining the temporal trends more closely, SMAP L4 SM tends to overestimate soil moisture
from August to October and performs better during the winter dry season (e.g., November 2015–
January 2016) than during the rest of the year. The reasons can be related to several aspects. At first,
central region has low frequency of rainfall events in winter than other time periods (Figure 16), which
partly demonstrated the better performance of SMAP soil moisture products in winter. Meanwhile,
the August-October period also has abundant vegetation, which further exacerbates the inconsistency
with in situ data (Figures 13 and 14). It can be demonstrated that the influence of vegetation could be
captured by using a time series-based approach to soil moisture assessment [54]. In this paper, with
NDVI of different regions and different land cover types from April 2015 to March 2016 (Figures 13
and 14) and the correlation between SAMP L4 evaluation R against in situ and NDVI (Figure 15),
influence of vegetation for soil moisture products can be quantitative explained.

Furthermore, some aspects of the spatiotemporal data should be emphasized. From Figure 8, we
found that the central region outperforms the western and eastern regions during almost the entire
time series. As shown from Figure 13, higher NDVI in East region contributed to the weak performance.
Although in West region the NDVI show little influence on the evaluation of SMAP L4 and AMSR2
L3 data, simultaneously, compare with East part lower rainfall occurs in West (Figure 16), which
means that some other factors such as large spatial complexity of topography and surface feature may
mainly influence the evaluation results. Through the compare analysis of precipitation in different
regions (Figure 16), we can found that more rainfall occurs in the eastern region, which influenced the
evaluation quality. Nevertheless, the AMSR L3 SM data exhibit opposite results for correlation from
August to October. A similar phenomenon is also found in the land cover spatial-temporal analysis, as
shown in Figure 9. Deciduous and Evergreen forest show negative correlation in the monthly average
data. This result may be due to a number of factors, including greater vegetation coverage or changes
in rainfall.

The time series analysis reveals weak performance in October, which can be clearly shown by
the height and outline of box plots for daily averaged data (Figure 3). The same performance is also
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obtained in different spatial regions and land cover types. We speculate that some parts of each region
lead to this situation. Analyzing the standard deviation of the correlation coefficients from Table 3,
all of the standard deviation values in this month are relatively bigger than those of other months,
which demonstrated the consistency of analysis result. we tried to find out the reasons for the weak
performance in October through the Monthly NDVI and rainfall, as shown in Figures 13, 14 and 16,
no singular value occurred in October, further embedded verification in daily scale are needed to
be conducted.
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Considering the absolute difference between remotely sensed soil moisture retrievals and in
situ soil moisture observations, SMAP L4 SM data displayed relatively small average RMSD and
ubRMSE (Figure 2). In Figure 6 RMSD and Figure 7 RMSD, the western region shows lower RMSD
for both the SMAP L4 SM and AMSR2 L3 SM data. Meanwhile, the Shrub/Scrub land cover type
shows comparatively lower RMSD and ubRMSE throughout the time series. It is generally seen from
Figure 1 that the Shrub/Scrub land cover type is mainly found in the western region, in this region the
NDVI was low through the year (Figure 13). The low range and variation of soil moisture in those
regions partly contribute to the low RMSD and ubRMSE. For validation of satellite-based soil moisture
products, the most challenging issue is the representativeness of the in situ measurements, both in situ
sensor errors and the under sampling of the true field mean soil moisture based on a finite number
of point samples can cause bias and amplitude errors in the estimates [47]. Although SMAP L4 soil
moisture products show good agreement with in situ observations in R, however the ubRMSE value of
SMAP L4 and AMSR2 L3 in different spatial and time series can’t meet the design criteria. According
to the previous research [15], the ubRMSE and RMSD with original data were higher than anomaly
data, in this study the statistics indicators are based on original data, the lower ubRMSE may exhibit
in anomaly data based analysis. Moreover, lower ubRMSE, which meet the product criteria always
displayed in density samples with smaller ranges [29], while relatively higher ranges with sparse
samples and Terrain complexity, which further lead to the high ubRMSE.

In previous studies, anomalous in situ data were retained for evaluation [13]. In this study, in situ
observations near water were excluded. Hence, discrepancies may appear to some extent. Theoretical
uncertainties are good indicators of existing uncertainties among different products.

6. Conclusions

Based on the results obtained, the following conclusions can be drawn:
The satellite soil moisture estimates derived from AMSR2 L3 soil moisture data products and

SMAP L4 soil moisture data products were assessed. The SMAP L4 SM data showed relatively better
agreement than AMSR2 L3 SM data with in situ observed data located in different spatial regions and
arranged in a time series covering a whole year. This conclusion can be supported fairly well by triple
collocation (TC) and the four statistics used (MD, RMSD, ubRMSE and R).
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Our analysis suggests that the performance of the AMSR2 L3 SM and SMAP L4 SM data varies
depending upon their spatial distribution and time series distribution. In terms of spatial series analysis,
both SMAP L4 SM and AMER2 L3 SM data in the central region and land covered by Cultivated Crops
show good agreement with in situ observations, considering both monthly average and daily average
time scales.

In terms of time series analysis, the accuracy and reliability of the two remotely sensed soil
moisture estimates varies over time. With a weak correlation coefficient from May to October 2015 and
a good correlation coefficient from November 2015 to January 2016. The SMAP L4 SM data performed
better in capturing surface soil moisture over time.

It should be noted that even though the evaluated SMAP L4products used in this study
were found to be very reliable according to the spatial series analysis and time series analysis.
Focus on the influence of spatial-temporal characteristics, the land covers with Cultivated Crops,
Deciduous/Evergreen Forest, Pasture/Hay and were significantly influenced by seasonal variation,
while the AMSR2 L3 SM data cannot show seasonal fluctuations except in regions of Cultivated Crops.

Overall, the conducted validation analysis allowed determination of the reliability of
AMSR2 L3 SM and SMAP L4 SM soil moisture products through a robust and standardized comparison
with ground observations for analysis of spatial series, time series and spatiotemporal series on both
daily and monthly time scales across the contiguous United States.
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