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Abstract: The goal of this study is to assess the temporal variability of the performance of the Soil
Moisture Active Passive, SMAP, soil moisture retrievals throughout the seasons as surface conditions
change. In-situ soil moisture observations from a network deployed in Millbrook, New York, between
2019 and 2021 are used. The network comprises 25 stations distributed across a 33-km SMAP pixel
with a predominantly forest land cover. The in-situ soil moisture observations were collected between
6 and 7 a.m., local time. This article covers the assessment of the temporal accuracy of SMAP soil
moisture by incorporating various upscaling methods. Four upscaling methods are used in this study:
arithmetic average, Voronoi diagram, topographic wetness index, and land cover weighted average.
The agreement between SMAP soil moisture and the upscaled in-situ measurements was gauged
using the root-mean-squared difference, the mean difference, and the unbiased root-mean-squared
difference. The consistency of the temporal variability of SMAP soil moisture data resulting from the
four upscaling methods was analyzed. The results revealed that SMAP retrievals (soil moisture data)
are systematically higher than in situ observations during the different seasons. The results indicate
that the highest performance of SMAP soil moisture retrievals is in September with an ubRMSD
value of 0.03 m3.m 3 for the morning and evening overpasses, which can be attributed to a lower
vegetation density during the seasonal transition. The agreement with in-situ observations degrades
during March-April with ubRMSD values above 0.04 m3.m~3, reaching ~0.06 m3.m~3 in April,
which can be attributed to the non-reliability of in-situ measurements due to freeze\thaw transition
and the challenging determination of the soil effective temperature. The ubRMSD is also higher
than 0.04 m3.m~3 in the months of May-June, which could be due to the introduced vegetation
effect during the growth season. These findings are consistent across all the upscaling methods. The
average ubRMSD over the study period is 0.055 m3.m~3, which falls short of meeting the mission’s
performance target. This study proves the need to enhance SMAP retrieval over forest sites.

Keywords: SMAPVEX19-22; SMAP; soil moisture; deciduous forest

1. Introduction

Soil moisture plays a crucial role in the water and energy fluxes exchange between
the different climate components [1,2]. It is vital to understand soil moisture spatio-
temporal variability for several scientific studies and operational applications, including
hydrological and meteorological modeling and agricultural applications [3]. For instance,
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understanding the patterns of soil moisture variability is useful for a variety of applications,
including weather services and climate monitoring [4], agricultural production [5], soil
conservation [6], and landscape management [7]. Thus, soil moisture plays a crucial role in
many hydrological, biological, and ecological processes. Further, soil moisture influences
the interactions between the land surface and the atmosphere, which in turn affects the
climate and weather. Consequently, flood and drought forecasts, weather predictions, and
crop growth models will be more accurate. In addition, decision-makers will have access
to more effective tools. In-situ and remote sensing measurements, as well as land surface
modeling, are the most common ways of obtaining soil moisture estimates. Soil moisture
remote sensing at global and regional scales has evolved significantly in recent years.
However, large uncertainties can be introduced in the retrieval of soil moisture due to the
complexity of surface processes and measurement errors such as those resulting from the
brightness temperature or radar backscatter [8,9]. Itis, therefore, necessary to verify satellite-
based soil moisture products using in situ measurements. The validation of satellite-based
soil moisture observations throughout the seasons is vital to assess the accuracy and
reliability of the product as surface conditions evolve and change seasonally [10]. The soil
moisture retrieval can be influenced by several factors impacting the range of error, such as
vegetation water content (VWC), vegetation-induced scattering, surface roughness, and
temperature profile, which are all subjected to seasonal variabilities [11]. It is important to
inform users on the evolve of the quality of soil moisture retrieval throughout the year. The
mission requirements in terms of accuracy could be met on average over a long test period,
but it is possible that the retrieved soil moisture overperforms and underperforms during
specific months to maintain the overall average performance. It is important to depict the
seasonal variability of the retrieval and identify the period during which the reliability of
the product degrades so the users can proceed with caution.

Soil moisture remote sensing has been expanded since the launch of the SMAP mis-
sion on 31 January 2015. SMAP is an environmental research satellite, equipped with
state-of-the-art instruments capable of mapping soil moisture and freeze/thaw state all
over the globe [12]. SMAP provides valuable information for decision-makers and emer-
gency managers by enabling the tracking of soil moisture and freeze/thaw variation over
time. For this reason, several studies were carried out to validate SMAP soil moisture
products [13-18].

The SMAP mission is tasked with achieving specific baseline standards for the accu-
racy of soil moisture retrieval. For land surfaces that are not covered with dense vegetation,
frozen soil, snow cover, and complex topography, the targeted unbiased root-mean-square
difference for SMAP retrievals is <0.04 m3.m 3 [3]. To ensure the quality and reliability
of SMAP products, a rigorous validation process has been established. This process en-
sures conformity to mission requirements throughout the satellite’s operational lifetime.
Therefore, information regarding the quality of the data can be communicated to users [19].
SMAP validation analyses have been updated annually and released in data product assess-
ment reports, e.g., [14,15,20,21]. SMAP soil moisture products are generally evaluated using
the Core Validation Sites (CVS), sparse network, and other satellite products [22]. CVS are
an integral part of the SMAP calibration and validation process; they provide continuous
soil moisture data measurements within a SMAP grid cell and provide confidence in the
representativeness of a site [14]. In addition, the validation process is further reinforced by
conducting field experiments in order to assess SMAP performance at sites with specific
characteristics. In this context, the SMAP validation experiment 2016 (SMAPVEX16) eval-
uated the accuracy of SMAP retrievals in agricultural areas. Based on the findings of the
study, the retrieval errors associated with SMAP were caused by the algorithm failing to
adequately capture rapidly growing vegetation as well as early-season changes in surface
conditions. Thus, field experiments can be helpful for investigating the source of SMAP
soil moisture bias and for improving retrieval algorithms. The present study analyzes the
performance of SMAP over forested areas at a 33-km spatial resolution.
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The retrieval of soil moisture under heterogeneous land cover, forest, and high-latitude
regions remains a challenge for the SMAP mission [17,19]. The SMAP mission has been in
an extended phase since 2018. In the extended phase, one of the objectives is to validate
soil moisture and vegetation optical depth retrievals in forested areas. Understanding the
uncertainties that can be introduced in the retrieval of soil moisture in forested regions
will contribute to the improvement of satellite-based soil moisture products in forested
areas. Therefore, reliable information regarding the soil moisture status in a forested region
contributes to a better understanding of the forested regions. This information assists
in the development of research studies related to water supply, climate regulation, soil
protection, and biodiversity conservation in forested ecosystems. Furthermore, forest
resource managers rely on forest simulation models to estimate forest vegetation growth
and dynamics [23]. The performance of such models can be enhanced by combining a
reliable soil moisture dataset with wide spatial coverage.

A significant part of improving SMAP soil moisture retrievals can be addressed by
conducting extensive field experiments, identifying the sources of the observed soil mois-
ture biases, and improving the retrieval algorithms. SMAP products have been validated
through upscaling of in situ observations with the assumption that in situ measurements
have negligible errors compared to satellite estimates [24]. In situ observations are ob-
tained from permanent networks or temporary measurements collected during field cam-
paigns. To match satellite pixels with ground-based soil moisture measurements, several
upscaling approaches were tested, and their results are reported in the literature. Arith-
metic averaging of soil moisture values spatially within a satellite footprint is possible
by aggregating multiple ground-based measurements that fall within the same spatial
domain [25,26]. Alternatively, weighted averages based on Voronoi diagrams [27,28], soil
type and land cover [17,29], and model-based scaling functions [30] have been used. Based
on the SMAPVEX16-MB field campaign, Bhuiyan et al. (2018) investigated the spatial
correlation between in-situ measurements and SMAP observations using four upscaling
methods; similar discrepancies across all the methods were observed [17]. However, the
assessed soil moisture time series was limited to SMAP descending overpasses during the
months of June and July 2016.

The above-cited studies focused on the upscaling of SMAP performance over specific
study sites and determined an average performance over the study period. Most of the
studies demonstrated that the performance goals of the retrieval were met at various sites
with different land cover conditions. However, it is important to monitor how the reliability
of the retrieval of SMAP soil moisture varies in time and if it exhibits any seasonality due
to climate and land surface variability. Moreover, as the performance depends on the used
upscaling technique, investigating the sensitivity of the performance determination to the
various upscaling methods and how it compounds with the temporal variability of the
performance is essential.

This study examines SMAP retrieval performance and its sensitivity to seasonal
changes in surface conditions using soil moisture observations collected during April
2019-April 2021 at a forest site in Millbrook, New York. To this end, various upscaling
techniques of in situ soil moisture and their impact on the assessment of the performance of
SMAP in areas with a temperate climate and deciduous broadleaf forest were investigated.
The paper addresses soil moisture upscaling methods based on geostatistical interpolations
and geophysical factors at the Millbrook, NY site in the United States [31,32]. Moreover,
this study analyzes the temporal variability of the agreement between SMAP retrievals and
in situ observations over the study area. It is expected to see changes in the performance of
SMAP retrievals throughout the seasons as surface conditions evolve. This Millbrook site,
a candidate core calibration/validation site for the SMAP mission and with a long record
and prevailing forest land cover, is ideal to address the question.
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2. Data and Methods
2.1. SMAPVEX19-22 Millbrook Temporary Soil Moisture Network

The SMAPVEX19-22 experiment has been on-going at two locations in central Mas-
sachusetts and the New York Hudson Valley [32]. This study is focused on the Millbrook
(MB) site in upstate New York, which is located near the village of Millbrook. The candidate
site is hosted by a consortium of the Cary Institute of Ecosystem Studies, the CUNY-CREST
Institute, and the United States Department of Agricultural Research Service. The site
covers an area of 30 km by 40 km [32]. The area of interest in this study is aligned with
the 33-km SMAP grid cell (Figure 1). MB was selected as a representative site of the
Northeastern US temperate forests since it is approximately 65% forested and 23% pasture
or hay fields, as classified by the National Land Cover Database (NLCD). The forested
sites fall under three main categories: deciduous forest, mixed forest, and evergreen forest,
covering approximately 53%, 5%, and 2% of the total grid cell area, respectively, as mapped
by NLCD. Within the SMAP 33-km grid cell, there are oak-hickory, beech-maple, and
coniferous forests representing approximately 30%, 30%, and 4% of the total grid cell area,
respectively [31,32]
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Figure 1. The land use cover, digital elevation model, and geographical location of the Millbrook site
and temporary soil moisture network.

The MB site has been equipped with a temporary soil moisture network containing
25 stations for the purpose of collecting ground-based soil moisture, soil temperature, and
air temperature measurements starting in May 2019 [33]. Soil moisture measurements
were collected at three different depths. The first layer of soil is measured from 0-5 cm
in depth (the top layer), followed by a second layer of soil measuring from 3-7 cm and
a third layer measuring from 8-12 cm. As for the top layer, the soil moisture sensor is
top-down, while the sensors for the other two layers/depths are installed horizontally [33].
It is important to note that the sensors at the Millbrook site have not been site-specifically
calibrated and the values are based on the generic factory calibration. Moreover, the soil
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moisture measurements collected when the soil temperatures were less than 4 °C were
excluded due to potential errors introduced by the soil freeze\thaw fluctuations. Thus,
data collected during December, January, and February were not used in the analysis.

This study is also interested in assessing soil moisture variability over a longer period
compared to previous studies. Consequently, the upscaled soil moisture values were only
calculated when data from all stations were available. Stations with significant gaps in
coverage were excluded from the analysis. The analysis was carried out using the remaining
21 soil moisture stations.

2.2. SMAP Soil Moisture Data Product

SMAP data products include instrument measurements (Level 1), geophysical re-
trievals (Levels 2 and 3), and land surface models (Level 4). A series of 36-km, 9-km, and
3-km (nested) Equal-Area Scalable Earth version 2 (EASE-2) grids is used for these products.
The radiometer-based products provide soil moisture information generated through three
algorithms: single-channel vertical polarization (SCA-V), single-channel horizontal polar-
ization (SCA-H), and dual-channel algorithms (DCA). The SMAP brightness temperature
(TB) measurements have a 38-km resolution, and the measurements are filtered to eliminate
radio frequency interference [34]. On the 9-km grid, soil moisture is sampled using the
enhanced TB product. Due to the large spatial resolution of the TB measurement, TB from
a 9-km grid cell is converted into soil moisture estimates using ancillary data for a 33-km
aggregation domain centered on the 9-km grid cell, thereby approximating the spatial
resolution of the TB measurement [35].

It is important to note that the SMAP soil moisture product is resampled to a fixed
Earth grid that facilitates its use in applications. In this study, the 33-km SMAP enhanced
level 2 soil moisture passive (L2SMP_E) product was used [35]. The assessment of the
L2SMP_E product is performed for the nominal contributing domain (33-km) rather than
the nesting grid cells (9-km). Colliander et al. (2018) investigated the differences between
spatial resolution and grid size for the L2SMP_E under the assumption that the spatial
resolution equals the 9-km grid size [36]. Results from their work showed that the impact
of validating the 9-km grid product with in-situ data collected over a 9-km versus a
33-km domain was very small over homogenous sites. The current study investigates
the accuracy of the L2ZSMP_E over a heterogeneous site, meaning that the soil moisture
interpolated at the 9-km pixels may not properly represent the soil moisture measured
within the satellite footprint. Thus, it is critical to use the native product resolution,
i.e., 33 km, prior to its spatial smoothing to generate the 9-km product, especially over
heterogeneous sites. Figure 1 illustrates the chosen 9-km cell location that corresponds to
the depicted 33-km domain.

On the other hand, microwave instruments’ ability to detect soil moisture is dependent
on the distribution and content of soil moisture. As a result, the mission decided to specify
the products to provide a soil moisture estimate for the top 5 cm of the soil column to
account for this effect in the data product.

In order to meet the mission requirement for surface soil moisture, the products must
have an unbiased root mean square difference of 0.04 m3.m 3 within the retrieval area when
the vegetation water content is less than 5 kg m~2 [3]. The SMAP satellite is ina 6 AM/6 PM
sun-synchronized high-inclination orbit and undertakes measurements in the mornings
and evenings. The focus of this study is the assessment of SMAP AM observations, in
accordance with the SMAP mission priority [12]. Nevertheless, PM overpasses are also
considered, and a comparison was made between the accuracy of the SMAP AM and
PM overpasses.

Note that SMAP soil moisture measurements in regions with canopy vegetation water
content greater than 5 kg m~2 are denoted as flagged data and are considered unreliable
due to high vegetation water content [12]. However, this study intends to examine the
accuracy of SMAP in forested regions. Accordingly, the SMAP quality flags were not
applied in this study (similar to the study detailed in [37]).
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Along with the AM/PM soil moisture observations, the effective soil temperature used
for the soil moisture retrievals was obtained from the SMAP SM product and compared
to the measured soil and air temperatures (Figure 2). It is important to mention that the
effective soil temperature is one of the dynamic ancillary data that is used in the soil
moisture retrieval process.
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Figure 2. Scatter plot of the temporal variation of the modeled surface temperature, measured
surface temperature and air temperature. The upper and lower plots represent temperature values
corresponding to the AM and PM overpasses, respectively.

Measurements of surface and air temperatures at the exact overpass (AM/PM) time
were collected from the site stations and the arithmetic average of each variable was com-
puted. It is important to mention that the considered temperature observations correspond
to the filtered in situ soil moisture series. Thus, temperatures below 4 °C are not represented
in Figure 2. The scatter plot shows that the modeled data used for SM retrieval at the AM
and PM overpasses has substantial differences to the measured soil temperature depending
on the season and overpass timing. During the summer AM overpasses, the modeled
temperature is higher than the soil and air temperatures by up to 5 °C. The air and soil
temperatures are overall similar, but there are also large day-to-day differences, and the
differences increase towards fall. During the shoulder seasons, the differences tend to be
overall smaller. During the summer PM overpasses, the modeled temperature is higher
than the soil temperature by up to 10 °C. The modeled temperature is overall close to the
measured air temperature. During the shoulder seasons, the differences tend to get smaller,
similarly to the AM case.

2.3. Vegetation Data

The retrieval of soil moisture includes a wide range of static ancillary data, including
permanent masks, topography, water fractions, surface roughness, soil types, and dynamic
ancillary data, such as land cover precipitation, vegetation parameters, and effective soil
temperatures [12]. The SMAP soil moisture retrieval algorithm involves the modeling of
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the vegetation effect using historical data of the NDVI. Specifically, the SMAP algorithm
uses a vegetation optical depth value based on the NDVI information provided by MODIS.

For forested regions, it is challenging to determine the vegetation optical depth at
L-band due to the dielectric properties of the branches and dense clusters of leaves. Previous
studies have examined forest vegetation optical depth at the L-band frequency range from
the perspective of spatial distribution [38-42]. Nevertheless, there is still a need for further
research into the temporal variation of vegetation optical depth in forest ecosystems,
especially during the wet and dry seasons. Further, the soil and canopy temperatures are
assumed to be equal in the SMAP retrieval algorithm at the SMAP overpass time, but as
Figure 2 shows, this assumption may not work well for forests. The issue is exacerbated by
the large emissions caused by vegetation [43].

The SMAP soil moisture retrieval using passive microwave data use the T-w model in
which the vegetation scattering effect is characterized by the scattering albedo (w) whereas
the attenuation effect is characterized by the vegetation optical depth (t). The SMAP
algorithm represents vegetation and surface emission, which are both impacted by the
overlying canopy through attenuation and scattering losses characterized by the parameters
T and w; therefore, the estimation of SM is sensitive to the values of T and w. In forested
ecosystems, the seasonal variability of vegetation is expected to be reflected in its effect on
the retrieval of soil moisture. This is critical, especially if the contribution of forests in the
radiative transfer model is not properly accounted for. In this study, the potential impact
of changes in vegetation cover on the performance of soil moisture retrieval is assessed.
The variability of vegetation cover over the Millbrook site was studied by analyzing time
series of the Normalized Difference Vegetation Index (NDVI), and Leaf Areal Index (LAI),
spanning the period of 1 April 2019 to 30 April 2021, that were obtained from 16-day
MODIS NDVI (MOD13A1) and 4-day MODIS LAI (MCD15A3H) imagery, respectively.

Figure 3 presents information about vegetation density and vitality at the Millbrook
site during the experiment period. NDVI values revealed a significant seasonal change in
the vegetation corresponding to an increase during the spring leaf development season
and further maturation of the canopy, and correspondingly, a decrease during the autumn
senescence season was observed. For instance, NDVI values peaked between the months
of May and September within a range of 0.75 to 0.86. NDVI values declined throughout
October and November due to leaf abscission, reaching their lowest values during January—
February when all leaves had fallen from deciduous trees and were completely absent in the
considered area (Figure 3). Similarly, LAl peaked during the months of June-September and
dramatically declined during the months of October and November. In spring and summer,
the LAI increased significantly, reached its peak value (greater than 4) in mid-summer, and
then gradually decreased in autumn (Figure 3). In autumn, the canopy decreased, reflecting
the trajectories of leaf abscission. Overall, LAI and NDVI exhibit the seasonal cycle of the
tree phenology, but the relative magnitude of the cycle is larger for LAI, and its autumn
decrease is steeper and occurs earlier than that of NDVI.

2.4. Soil Moisture Upscaling Methods

To assess SMAP soil moisture accuracy over the SMAP 33-km grid cell, data from
the temporary stations were upscaled using four different upscaling methods. Prior to
upscaling, in situ soil moisture observations from 21 stations were collected between
6:00 AM/PM and 7:00 AM/PM, local time, and the arithmetic mean soil moisture was
calculated as a representative measurement that is close to the satellite overpass time.
Nevertheless, it is not expected that soil moisture varies significantly within the one-hour
window. Further, the collected measurements were checked for missing data and outliers
(spikes, out-of-range values, and sudden drops) [44]. Based on a quality assessment of the
measured soil moisture time series, 21 stations were selected as point-based measurements
(see Section 2.1). The number and geographical distribution of sensors within the studied
grid cell are in accordance with the recommendations concerning the validation process of
SMAP products [14].
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Figure 3. Monthly variation of NDVI (top) and LAI (bottom) over the Millbrook site during the
SMAPVEX19-22 period.

To spatially upscale the soil moisture in situ measurements, a weight is assigned to the
soil moisture time series recorded by the soil moisture stations. Physical and geostatistical
factors were incorporated into the upscaling process in order to account for the spatial
variability of soil moisture. The study examines two upscaling approaches based on
physical parameters (topo-graphic wetness index and land cover), a geostatistical approach
based on the Voronoi diagram, and an arithmetic method.

In this study, four different upscaling methods are employed: arithmetic average,
Voronoi diagram, topographic wetness index (TWI)-, and land cover-based weighted
average. For the arithmetic average approach, the arithmetic mean is computed for stations
within the 33-km pixel. For the Voronoi diagram approach, the area incorporating the
measurement locations is divided into polygons so that the polygon around each location
consists of an area that is as close as or closer to the location than any other measurement
location in the area. Based on the surface areas of the polygons, weights are assigned to soil
moisture stations.

For the TWI-based upscaling approach, the physical characteristics of the regions
determine the weights of each station. The technique measures the topographic influence
on hydrological processes by combining the local contributing area and slope. In this
study, the TWI was computed based on a digital elevation model (DEM) of the site and
calculations of the upslope area, creek cell representation, and slope were performed in
accordance with the recommendations of Sorensen et al. (2006) to better estimate soil
moisture spatial variability [45]. The TWI intervals within the 33-km pixel were calculated
by using a histogram. Subsequently, each station was attributed to the corresponding



Remote Sens. 2022, 14, 3329

9 of 20

interval based on its TWI value. Accordingly, each station was assigned a weight based on
the weight of the interval to which it belonged.

For the land cover-based approach, the soil moisture stations were clustered according
to the land cover features of their respective locations. The in situ soil moisture values for
each cluster within the study area were weighted according to the percent area of the land
cover type within the study area. Thus, the weight of each station is proportional to the
percent area of each land cover type within the 33-km pixel.

2.5. Validation Metrics

The assessment of the temporal variability of SMAP soil moisture retrieval accuracy
was conducted using the daily soil moisture time series. The upscaled soil moisture time
series has been rearranged into 12 series, each representing daily soil moisture values
for a particular month. In this study, the accuracy of SMAP products has been assessed
via statistical metrics presented in [3]. The SMAP soil moisture data were compared to
upscaled in situ measurements using MD, ubRMSD, and RMSD.

The MD represents the systematic difference between the satellite retrievals (Ss) and
in situ measurements (S;,) and can effectively evaluate the overall level of bias between the
considered variables. The MD is defined as:

(5 Sw)

MD
N

)
On the other hand, the RMSD measures the differences between the estimated SM
values from SMAP and the ground based measured values. The RMSD represents the
square root of the second sample moment of the differences between the estimated values
and the upscaled soil moisture measurements. The RMSD can be calculated as follows:

2
RMSD = \/ ):lNzl(SS—_STn) 2)

N

The ubRMSD is an unbiased metric that evaluates the reliability of surface soil mois-
ture. The ubRMSD can be calculated using the following formula:

ubRMSD = \/ (RMSD)? — (MD)? )

3. Results
3.1. Comparison between SMAP Observation and In Situ Measurements

A temporal analysis of the accuracy of SMAP soil moisture was conducted by compar-
ing the soil moisture data acquired from satellite and ground-based observations between
April 2019 and April 2021. The upscaled soil moisture values obtained from the temporary
network were compared with soil moisture observations obtained from one U.S. Climate
Reference Network (USCRN) station deployed within the 33-km SMAP pixel. Data from the
USCRN are quality controlled, and observations from the site and the network, in general,
are reliable. The purpose of the comparison was to understand the seasonality of soil mois-
ture at the site and to verify the consistency of the upscaled soil moisture measurements
from the temporary network with USCRN soil moisture. Figure 4 displays the upscaled
and the USCRN soil moisture time series. It was determined that the temporal evolution of
upscaled soil moisture from the temporal network agrees well with soil moisture records
from the USCRN station as they both show the same seasonal variability. The records from
the USCRN station are employed to comment on soil moisture variation and compare the
general pattern of soil moisture variation from SMAP observations and the upscaled in-situ
measurements. It is important to note that soil moisture records from USCRN stations
during frozen conditions of soil are not considered.
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Figure 4. A comparison of the time series of upscaled soil moisture and soil moisture measured by the
USCRN permanent station with the soil moisture obtained from the SMAP 33-km pixel. Precipitation
records from the USCRN station are also presented. The following time series are illustrated in
this figure: SMAP AM overpass observations (SMAP SM PE), soil moisture from USCRN station
(SM_CRN), and upscaled soil moisture based on arithmetic average (SM_AA), Voronoi diagram
(SM_VD), topographic wetness index (SM_TWI)-, and land cover-based (SM_LC) weighted average.

Four distinct phases were observed in the soil moisture time series (Figure 4). Be-
tween March and April, one can observe a moist plateau phase distinguished by relatively
high soil moisture values within a 0.18-0.34 m3.m~3 range and an average soil mois-
ture value of ~0.25 m®>.m~3. During the period between late May and June, there is a
transitional drying phase characterized by a decrease in volumetric soil moisture values
within a 0.10-0.31 m3.m~3 range and an average soil moisture value of 0.22 m3.m=3. A
dry phase occurs from late June through early-August, and soil moisture values are within
a 0.06-0.20 m3.m~3 range and average soil moisture value of 0.11 m3.m~3. Both the field
and SMAP observations show a significant decrease in volumetric soil moisture values
during this period. However, a fluctuation in soil moisture values is observed due to the
occurrence of rainfall events. The surface soil moisture at the Millbrook site undergoes
a recharge period from mid-September to late October. During the recharge period, soil
moisture values varied within a 0.07-0.24 m®.m~3 range, and the average soil moisture
value was around 0.14 m3.m 3.

It is essential to mention that the precipitation series shown in Figure 4 were obtained
from the USCRN station located at the southwest corner of the grid cell (Figure 1). Therefore,
using point-based rainfall measurements may result in a failure to capture the spatial
variability of rainfall over the study area. Overall, the upscaled soil moisture time series
and USCRN measurements are responsive to precipitation events as they both show a
sharp increase right after the occurrence of a rainfall event. Nevertheless, Figure 4 shows
a systematic overestimation of soil moisture in the SMAP values when compared to the
upscaled values. The discrepancies, however, between SMAP soil moisture and ground
observation seem to be season dependent. The gap during the summer months, from
June to August, is the highest compared to the rest of the year, with a smaller gap in
the winter and spring months, suggesting that the performance of SMAP retrievals is
also subjected to seasonal variability, which could be attributed to changes in surface and
vegetation conditions.

Figure 5 presents the SMAP AM/PM observations, the minimum and the maximum
recorded soil moisture values from the site stations for the considered time steps. It is
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important to mention that approximately 90% of the maximum recorded soil moisture was
obtained from a station located at the center of the grid cell where the deciduous forest
land cover is dominant. The measured soil moisture values and the SMAP retrievals have
the same patterns. The SMAP values are systematically close to the maximum recorded soil
moisture from the site stations. This finding is valid for both the ascending and descending
overpass observations.

Observation [ SMAP [l SM_min SM_max

050 ..
0.40[%
0.30

0.20

0.10

Soil Moisture m3/m3

0.00

250
0.60
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0.40(,
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0.20p.

0.10

Soil Moisture m3/m3

0.00

300

Figure 5. Comparison between the range of the measured soil moisture and SMAP L2SMP_E AM
overpass (top) and PM overpass (bottom).

Figure 6 shows the correlations between the upscaled in situ soil moisture (arithmetic
average, Voronoi diagram, TWI-weighted, and land cover-weighted) and the SMAP soil
moisture. The correlations are similar regardless of the upscaling method. The correlation
values ranged from 0.68 to 0.71 and 0.71 to 0.74, for the AM and PM overpasses, respectively.
The soil moisture series derived from the TWI showed marginally better correlation values
for both the ascending and descending observations. The correlation values are generally
lower than those obtained in the previous validation studies conducted using CVS [19].
This could be attributed to the low covariance between the SMAP and the in-situ soil
moisture, especially during the spring—summer transition as the SMAP soil moisture fails
to capture the short-term variation in soil moisture as reported in Figure 4.

Figure 6 shows that the normalized standard deviations of upscaled soil moisture
time series are in close agreement with each other. Additionally, the normalized RMSD
displayed similar patterns between the upscaled time series and the SMAP series. These
results indicate that the upscaling methods result in very similar soil moisture values when
applied to the Millbrook site. In part, the consistency among the upscaling approaches
may be explained by the fact that the ground-based sensors were placed in forested and
open areas and were well distributed in space [19]. Therefore, the spatial heterogeneity
and covariance of soil moisture are well captured by the stations within the SMAP grid cell,
and there is little additional value that the upscaling methods can provide.



Remote Sens. 2022, 14, 3329 12 of 20

-+ AA SM_AM

Normalized Standard Deviation

0.25 050 0.75 1.00 1.25 1.50

Figure 6. Taylor diagram comparing SMAP L2SMP_E AM/PM observations with soil moisture series
derived from the upscaling techniques based on the Arithmetic Average (AA), Voronoi Diagram
(VD), Topographic Wetness Index (T), and Land Cover (LC).

3.2. Temporal Variation of the Retrieved Soil Moisture Accuracy

The assessment of the temporal variability of the performance of the SMAP L2SMP_E
AM/PM retrievals was conducted by computing the monthly MD, ubRMSD, and RMSD
throughout the study period. The evaluation metrics are presented as bar charts in
Figures 7-9, using soil moisture time series from the L2ZSMP_E product and the upscaled in
situ measurements.
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Figure 7. Temporal variation of monthly MD values (in m3.m~3) for SMAP L2SMP_E AM overpass
(top) and PM overpass (bottom) observations and in situ measurements derived from the upscaling
techniques based on the Arithmetic Average (AA), Voronoi Diagram (VD), Topographic Wetness
Index (T), and Land Cover (LC).
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Figure 8. Temporal variation of monthly ubRMSD values (in m3.m~3) for SMAP L2SMP_E AM
overpass (top) and PM overpass (bottom) observations and in situ measurements derived from the
upscaling techniques based on the Arithmetic Average (AA), Voronoi Diagram (VD), Topographic
Wetness Index (T), and Land Cover (LC).
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Figure 9. Temporal variation of monthly RMSD values (in m3.m~3) for SMAP L2SMP_E AM overpass
(top) and PM overpass (bottom) observations and in situ measurements derived from the upscaling
techniques based on the Arithmetic Average (AA), Voronoi Diagram (VD), Topographic Wetness
Index (T), and Land Cover (LC).
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Figure 7 shows the L2SMP_E soil moisture assessment with the MD statistic. The MD
results showed persistent positive values throughout the study period, indicating that the
SMAP retrievals are systematically overestimating the in situ observations for the different
seasons (Figure 4), corroborating the qualitative interpretation of the gap between the time
series as displayed in Figure 4. During the various months of the year, errors associated
with L2SMP_E varied greatly. Positive MD values were observed throughout the evaluation
period, which is consistent with the graphical comparison of time series. In general, the
error of the L2SMP_E data was greater during the period of July—October. For the month
of August, L2SMP_E MD values ranged from 0.166 to 0.171 m3.m 3 for the AM overpass
and 0.182 to 0.188 m3.m 3 for the PM overpass. During the months of March-June, more
accurate soil moisture estimates were obtained with a substantial decrease in MD values.
From the results of the different upscaling methods, the average MD values for the AM
overpass for March, April, May, and June were 0.10 m3m=3,0.12 m3.m=3, 0.12 m3.m~3,
and 0.09 respectively. On the other hand, the average MD values for the PM overpass
for March, April, May, and June were 0.15 m>m~3,0.15m3m3,0.16 m®>m 3, and 0.11,
respectively. The results showed that higher MD values are observed when the vegetation
is fully developed (July-September from Figure 2), and gradually decrease during the late
winter and early spring.

Figure 8 illustrates the temporal variation of ubRMSD computed for the L2SMP_E soil
moisture product over the course of the study period. Figure 8 shows that L2SMP_E’s accu-
racy for an area with prevailing deciduous forest land cover type is significantly affected by
the vegetation seasonal variations, which tend to degrade the retrieval. Most of the monthly
ubRMSD values exceeded the SMAP mission requirement (ubRMSD 0.04 m3.m~3), partic-
ularly over the period from March to June and October-November for the AM overpass
observations and March-May and November for the PM overpass observations.

In contrast, L2SMP_E data showed good performance for July, August, and September
with an average ubRMSD of 0.03 m3.m~3 for both the ascending and descending obser-
vations, which does not exceed the SMAP mission requirements. Results indicated that
the highest performance of SMAP soil moisture retrievals occurred during July, with an
average ubRMSD value of 0.03 for both the AM and PM overpass. This finding is valid for
the four upscaling methods. During March-June, the agreement with in situ observations
in terms of ubRMSD degraded, with ubRMSD values reaching ~0.06 m3.m~3 in March.
The differences between the different upscaling methods were not substantial. However, it
is worth noting that the PM soil moisture series obtained from the TWI-based upscaling
for the month of March is significantly lower with an ubRMSD value of 0.03 m®>.m~—3. An
important factor lowering ubRMSD during the summer months is the overall lower soil
moisture levels, which affect the ubRMSD values. The low ubRMSD values suggest that
SMAP data could be reliably used for assessing the temporal variability of soil moisture in
forested regions during part of the year. Retrievals that are conducted between the months
of March-June should be used with more caution.

RMSD values (Figure 9) indicate that LZSMP_E performance is not stable and exhibits
substantial variability throughout the various months of the year. In July, August, Septem-
ber, and October, we observed high RMSD values, ranging from 0.112 to 0.181 m3.m—3
and 0.181 to 0.202 m3.m~3 for the AM and PM overpasses, respectively. In July-October,
there were no significant differences between the RMSD values obtained from the various
upscaling methods. The L2SMP_E data is generally better from March through June, with
the lowest RMSD values obtained during June. According to the results of the different
upscaling methods for the AM and PM overpasses, the average RMSD value for June was
0.10 m3.m 2 and 0.16 m3.m~3, respectively. Overall, RMSD values were high during the
summer season and gradually decreased during early spring. It is essential to mention that
the different upscaling approaches exhibited similar RMSD patterns.

The ancillary data used for soil moisture retrievals have a significant impact on the
accuracy of the estimated soil moisture. For instance, surface and vegetation temperatures
play a critical role in estimating soil moisture, especially in forested sites. In the SMAP
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retrieval algorithm, both surface and vegetation temperatures are assumed to be equal.
Thus, for forest vegetation characterized by dense canopy and leaf cover, a significant
difference between soil and canopy temperatures may exist. A comparison between the
modeled surface temperature used in SM retrievals and the surface and air temperature
from the site stations was performed. The correlation, Mean Bias Error (MBE), and Root
Square Error were computed, and the results are summarized in Table 1.

Table 1. Comparison between the modeled surface temperature used for SM retrievals and the
measured surface and air temperature.

In Situ Surface Temperature In Situ Air Temperature
R MBE (°C) RMSE (°C) R MBE (°C) RMSE (°C)

March AM 079 —0.36 1.11 0.27 —5.25 6.18
arc PM  0.87 —2.47 2.97 0.48 —1.54 3.134

April AM 085 —0.92 1.21 0.34 —4.46 5.48

P PM 085 —2.33 2.94 0.48 —2.43 3.90

Ma AM 097 -1.73 1.9 0.68 —2.29 3.33

y PM 096 —3.69 4.07 0.85 —0.92 231

g June AM 093 —3.04 3.13 0.43 —2.54 3.35
= PM  0.89 —5.85 5.96 0.78 —0.95 1.71
i Jul AM  0.89 —4.00 4.05 0.41 —3.77 4.01
£ y PM 082 —6.25 6.30 0.76 —2.01 2.38

F

AM 085 —3.94 3.99 0.365 —5.43 5.83

g August v g3 567 5.74 0.82 _347 3.66
3 AM 094 —3.49 3.53 0.52 —6.45 7.03
5 September Ty (7g _581 532 0.78 —487 516
Octob AM 092 —2.26 2.36 0.40 —6.28 6.76

ctober  pp 085 —3.17 3.47 0.578 —4.58 5.04

N ber AM 097 —0.66 1.19 0.24 —5.39 7.1
ovember pnp .83 —1.70 2.95 0.84 —2.35 3.138

Overall ~AM 099 —2.42 2.84 0.87 —4.67 5.64

vera PM 098 —4.05 4.60 0.93 —3.06 3.69

The overall correlation results showed excellent agreement between the modeled and
collected data. Thus, surface temperature is capable of detecting the temperature temporal
variation in forested ecosystems. On the other hand, MBE and RMSE values showed a
significant difference between the modeled and observed soil temperature data, especially
for the PM overpass. In addition, the difference between air temperature and the modeled
surface data is also significant, and assuming an equal temperature for the surface and
canopy may increase the error of the SM product.

As shown in Table 1, negative MBE was obtained for effective temperature for the
evaluated months. Negative MBE values are present for the morning and evening soil
temperature measurements. The obtained results suggest that the model-based effective
soil temperature is higher than the real soil temperature. However, it is important to
mention that more significant MBE values are observed for the PM measurements. The
highest MDE values were observed during the warm season (June-August) where MBE
values varied between —3.04 and —4.00 °C, and —5.67 and —6.25 °C for the AM and PM
date, respectively. Thus, such a discrepancy may affect the retrieved soil moisture and lead
to a wet bias.

The modeled temperature demonstrates a strong correlation with in situ surface
measurements with an R > 0.79. On the other hand, correlation results for the modeled
temperature and in situ air temperature exhibit poor R results for the AM data. The poor
correlation was primarily observed during March-May, when short-term variations in tem-
peratures may be associated with the transition from the cold season to the warmer season.

The monthly RMSE values show that the performance of the modeled temperature
data is relatively stable for the evaluated months. However, higher RMSE was observed
for the PM surface temperature data. Overall, higher RMSE values were observed during
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June-September. The resulting discrepancy may contribute to the variation of the retrieved
soil moisture accuracy.

4. Discussion

This study investigated the spatiotemporal accuracy of L2SMP_E, a remotely sensed
soil moisture product, over a deciduous forest region. The error associated with the soil
moisture retrievals was obtained by computing error metrics between the L2ZSMP_E series
and in situ soil moisture measurements upscaled with four different methods. SMAP
adopted the Voronoi Diagram method over most of the CVS to upscale in situ observations
and assess the performance of satellite retrievals [19]. The results show that the method
leads to a comparable outcome when compared to the other upscaling methods. Thus, no
significant improvements in error statistics were obtained while validating the L2SMP_E
product with alternative upscaling approaches. This can be explained by the uniform
distribution of the network over the site and the dominance of the deciduous forest land
cover type over the site (~65%). The similarities in the comparison among the upscaling
methods can also be attributed to the uniformity of other landscape parameters, such as the
dominance of high-rock-fraction soils over the experiment site. This finding is also in line
with the outcomes of SMAPVEX16 that was conducted in Canada over one of the SMAP
core validation sites that are dominated by annual cropping, which has a lower effect on
the SMAP signal compared to the Millbrook forest land cover [17]. The consistency among
the upscaling methods over the two sites with different land cover conditions suggests
that the selection of the upscaling technique may not have a large effect on the assessment
of the SMAP performance throughout the seasons. Other sites with different land cover
conditions may be considered in future work to corroborate this finding.

The results are site-specific as the weights used in the upscaling methods depend
on the locations of the sensors, the density of their spatial distribution within the grid
cell, and their organization with respect to the different land cover types and changes in
topography. Expanding the study, in future work, to other sites with different land cover
classes and network densities is necessary to corroborate the findings. Nevertheless, this
study underlines the importance of an optimal spatial sampling of soil moisture within
heterogeneous grid cells, especially, in the presence of forests and dense vegetation where
SMAP accuracy degrades due to the compounded effect of vegetation scattering and water
content. This is particularly important in temperate weather regions like Millbrook, where
the vegetation evolves in time and hence its effect on the SMAP performance. An optimal
distribution of stations within the grid cell that accounts for land cover (i.e., vegetation)
and topography may compensate for the degradation of the retrieval over vegetated areas
and report a more representative value of upscaled soil moisture.

The heterogeneity of the study site is the main driver of the variability of the in situ
observations within the grid cell. As illustrated in Figure 1, the network of in situ sensors
captures the spatial variability of the relief and the land cover, two main factors which
control the distribution of soil moisture. With respect to topography, it is well understood
that the lowest points in the domain are more suitable to drain the surface water and,
therefore, tend to have higher soil moisture values. In addition to their elevation, the
orientation of the grid cells expressed in terms of their topographic aspect plays a key role
in the control of soil moisture as well [46,47]. The orientation of the hillside determines
the amount of net radiation at the surface and the duration of exposure to sunlight, and
therefore determining the distribution of latent heat and soil moisture. At the macroscale,
the radiative interactions between the existing hills and mountains within the study domain
could also impact surface emissions, brightness temperatures, and soil moisture values.
Land cover also has a strong influence on the distribution of soil moisture. In the case of
the Millbrook site with the prevailing forest land cover type, the density of the canopy can
control, with its shading effect, the amount of illumination that reaches the surface. The
lower the amount of total irradiance at the surface, the higher the soil moisture. This could
be reflected in the in situ observations but not necessarily the satellite ones as the signal
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may not reach the surface due to the opacity of the canopy. In addition, the heterogeneity
of the land cover could introduce a variability in the surface emissivity in the thermal and
microwave domains, which directly controls skin temperature and its relationship with
brightness temperature, especially over bare soil areas.

The variability of the performance of SMAP retrievals throughout the seasons can
be attributed to the change in the vegetation phenology and the soil and vegetation tem-
perature profiles and their impact on the estimation of the vegetation optical depth and
the effective temperature that are used in the retrieval of soil moisture. The effective tem-
perature is the temperature of the soil moisture layer from which the passive microwave
signature originates. The depth of the layer depends on the frequency used and the vertical
moisture distribution. For the SMAP L-band frequency, the depth that is commonly used is
5 cm. Temimi et al. (2014) showed using in situ observations from a ground-based L-band
radiometer that the penetration depth of the signal can reach 12 cm [31]. The temperature
profile along that depth tends to vary seasonally and diurnally depending on the amount
of radiation at the surface. With lower net radiation at the surface during winter, the
temperature profile would tend to be more uniform. However, as net radiation increases
during the summer months, one should expect a non-uniform temperature profile with
a higher temperature at the upper part of the soil layer near the surface, which should
rapidly decrease at the deeper part of the same soil layer. The non-uniform distribution of
soil temperature along the profile makes the estimation of the effective temperature, which
should be representative of the entire layer, more challenging during warm months than
clod ones.

The analysis captured the seasonal variations of the SMAP performance. For instance,
SMAP retrievals performed well during July-September in terms of ubRMSD, and poor
performance with larger ubRMSD values was found during periods spanning March-June.
Overall, the obtained ubRMSD values indicate that SMAP data can be used to assess the
temporal variability (trend and seasonality) of soil moisture in forested regions. However,
retrievals that are conducted between the months of March and June should be used with
more caution. Therefore, a standardized soil moisture index can be derived from the SMAP
data for drought monitoring and flood mitigation applications by identifying dry and wet
periods of the year. It is noteworthy that the RMSD values obtained for the different months
were higher than the ubRMSD values. Therefore, the monthly MD values were responsible
for the total uncertainty (RMSD). SMAP accuracy in forested ecosystems may be improved
by understanding the source and seasonality of MD. In addition, results indicated that the
agreement between the in situ measurements and AM observations was higher than the PM
observations. The sources of errors causing variations between the morning and evening
soil moisture retrievals could be attributed to the assumption that the canopy temperature
is equal to the air temperature and the computation of the effective soil temperature in a
forested region.

Consequently, it is important to properly account for vegetation and its seasonality in
the retrieval of soil moisture, which is in agreement with the recommendations provided
by Colliander et al. (2020) [32]. By modeling the attenuation as a function of LAI instead
of NDVI (as is done in the current SMAP algorithm), for example, the representation of
the temporal variation of the attenuation in the T-w model can potentially be enhanced.
An accurate characterization of the vegetation cover and its contribution to the microwave
signal is essential to this endeavor, which can be accomplished by conducting intense field
campaigns at forest sites such as Millbrook. To improve the retrieval of soil moisture under
forest canopy, two intensive observation periods (IOP) are scheduled for April 2022 and
July 2022 at Millbrook, and another site in Massachusetts, with a dominant forest cover [43].

5. Conclusions

It is important to accurately assess the performance of SMAP retrievals over forested re-
gions, especially as the vegetation properties vary throughout the seasons. SMAPVEX19-22,
which is being conducted in the region of Millbrook, New York, provided the opportunity
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to collect soil moisture measurements at deciduous forest sites. In this study, the level 2
enhanced soil moisture passive microwave product was compared to in situ soil moisture
measurements collected from the network that is deployed in Millbrook. SMAP retrievals
were evaluated using in situ soil moisture measurements, which were upscaled using four
techniques, namely, arithmetic average, Voronoi diagram, TWI-weighted, and land cover-
weighted. The difference between the various upscaling approaches was not significant,
indicating that soil moisture conditions are sufficiently represented by the stations at the
33-km SMAP scale.

The temporal analysis revealed that SMAP retrievals achieved a reasonable level of
sensitivity to changes in soil moisture during the different months of the year. Nevertheless,
SMAP accuracy varied over time. During July-September, high-quality retrievals are
obtained following bias removal (ubRMSD is generally less than 0.04 m®.m~3). During
March—June, the agreement with in situ measurements decreased with ubRMSD values
exceeding 0.04 m3.m3, reaching a maximum of ~0.06 m3>m3in April. The MD, however,
varied depending on the season in the range of 0.09-0.17 m3.m 3 for the AM overpasses
and 0.12-0.20 m3.m~3 for the PM overpasses. The sources of errors that caused variation in
the agreement between the soil moisture retrievals and ground-based measurements could
be attributed to the challenging determination of the soil’s effective temperature. In the
retrieval algorithm, the effective temperature of vegetation is assumed to equal the effective
temperature of soil, which can introduce another source of error, particularly during the
expansion and senescence of the canopy.

In this study, the possible sources of errors associated with SMAP retrievals over
a forested area were discussed. Further studies are required to better understand the
sensitivity of the TB measurements to seasonal variation in vegetation cover and to develop
the characterization of the attenuation parameter in the T-w model.
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