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Soil moisture maps provide quantitative information that, along with climate and
energy balance, is critical to integrate with hydrologic processes for
characterizing landscape conditions. However, soil moisture maps are dif�cult
to produce for natural landscapes because of vegetation cover and complex
topography. Satellite-based L-band microwave sensors are commonly used to
develop spatial soil moisture data products, but most existing L-band satellites
provide only coarse scale (one to tens of kilometers grid size), information that is
unsuitable for measuring soil moisture variation at hillslope or watershed-scales.
L-band sensors are typically deployed on satellite platforms and aircraft but have
been too large to deploy on small uncrewed aircraft systems (UAS). There is a
need for greater spatial resolution and development of effective measures of soil
moisture across a variety of natural vegetation types. To address these challenges,
a novel UAS-based L-band radiometer system was evaluated that has recently
been tested in agricultural settings. In this study, L-band UAS was used to map soil
moisture at 3–50-m (m) resolution in a 13 square kilometer (km2) mixed
grassland-forested landscape in Sonoma County, California. The results
represent the �rst application of this technology in a natural landscape with
complex topography and vegetation. The L-band inversion of the radiative
transfer model produced soil moisture maps with an average unbiased root
mean squared error (ubRMSE) of 0.07 m3/m3 and a bias of 0.02 m3/m3. Improved
�ne-scale soil moisture maps developed using UAS-based systems may be used
to help inform wild�re risk, improve hydrologic models, stream�ow forecasting,
and early detection of landslides.
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1 Introduction

Although a small component of the water budget by volume,
soil moisture is essential for characterizing antecedent
conditions and quantifying water resources for vegetation
survival, reservoir forecasting models, drought risk, and �ood
protection. This is because soil moisture is a key state variable
that in�uences, and is in�uenced by, water and energy �uxes. It
also in�uences how rainfall is divided into in�ltration, runoff,
recharge, and evapotranspiration (Seneviratne et al., 2010; Ali
et al., 2015). Land and natural resource managers can bene�t
from accurate, high spatial and temporal resolution soil
moisture data to inform reservoir operations, agricultural
management, and water resources management. Current soil
moisture data fails to provide measurements with adequate
spatial and temporal resolution for �eld-to watershed-scale
studies. Point measurements of soil moisture are temporally
resolved, yet spatially sparse and do not typically represent the
surrounding area, especially at resolutions from 10s to 100s of
meters (m) (Vinnikov et al., 1996; Loew, 2008; Crow et al., 2012).
Remotely sensed global soil moisture products are too spatially
coarse for regional and local applications. Consequently, soil
moisture products at a �ne resolution are useful for drought and
wild�re risk modeling (Seneviratne et al., 2010; Chaparro et al.,
2016), as well as sustainable agriculture and global food security
(Karthikeyan and Mishra, 2021). An improved representation of
soil moisture dynamics at a �ne resolution may also lead to
improved safety from �ooding for populations in areas with
major reservoirs (Zhai et al., 2018; Hettiarachchi et al., 2019) and
advance stream�ow forecasting skill and water supply reliability
(Wood et al., 2016; Harpold et al., 2017).

Due to the unique dielectric properties of water,
electromagnetic methods like time domain re�ectometry
(TDR), ground penetrating radar (GPR), or microwave remote
sensing can all be used to estimate water content based on the
dielectric properties of the target medium (Robinson et al., 2003).
Air and soil have a much lower dielectric constant (1–10) than
water (80); therefore, soil dielectric properties and emissivity are
strongly in�uenced by water content in soil and vegetation
(Wigneron et al., 2017). Microwave remote sensing is
commonly used to quantify precipitation, snow and ice water
content, and soil moisture. Microwave remote sensing can be
advantageous over other types of remote sensing because it is not
as affected by atmospheric interference nor is it dependent on
incoming solar radiation as optical remote sensing; therefore,
data can be acquired day or night and during cloudy weather
(Hossain and Easson, 2016). Due to the ability to retrieve a signal
below the soil surface (even through moderate-density
vegetation), relatively low interference from radio
communications, and the dielectric properties of water,
L-band (15–30 centimeter (cm) wavelength) radiometer data is
widely accepted as the most commonly used microwave band to
estimate soil moisture (Hossain and Easson, 2016; Mohanty et al.,
2017). L-band is considered a protected band for remote sensing
observations but there can still be interference from
communications. Passive microwave data from satellites are
generally very coarse in resolution (10s of kilometers (km))
but provide data every 1–3 days. In contrast, active microwave

data offer a higher resolution (10s to 100s of m), but typically
provide data every 5–12 days. Active microwave data is often less
accurate compared to passive microwave data due to the
decreased sensitivity of water content, increased sensitivity to
surface roughness, and increased sensitivity to the structural
effects of soil and vegetation that are dif�cult to correct for.
Applications that require accurate soil moisture data like
hydrologic models, ecosystem models, and predicting and
monitoring extreme hydroclimatic events would bene�t from
higher spatial resolution and a frequent temporal time step
(i.e., 30-m resolution, daily).

This study assessed near-surface soil moisture maps from a
novel UAS-mounted passive L-band sensor in a natural oak
woodland landscape using three �ights conducted over the course
of 1 year (May 2022 August 2022, and May 2023) to evaluate
seasonal changes in soil moisture. This study presents results from
the �rst application of this L-band UAS in natural landscapes with
highly variable terrain and complex vegetation types. These results
can be used for future studies investigating the use of UAS L-band in
natural landscapes, including future development of the sensors,
UAS, and calibration parameters. Extensive �eld sampling was
undertaken to evaluate the L-band derived soil moisture at
multiple scales. The NASA Soil Moisture Active Passive (SMAP)
program target accuracy was 0.04 m3/m3 ubRMSE (unbiased root
mean squared error) for its radar-radiometer product against in situ
data (Colliander et al., 2017), a value that was used in this study as a
benchmark for soil moisture retrieval accuracy.

2 Study area

The Pepperwood Preserve in northern California within
Sonoma County, CA is a 13 km2 nature preserve (Figure 1)
located within the Mayacamas Mountains of California’s inner
Coast Ranges, northeast of the city of Santa Rosa (de Nevers,
2013; Oldfather et al., 2016). The climate at Pepperwood Preserve
typi�es a coastal Mediterranean climate with cool, wet winters and
hot dry summers, with coastal in�uences and occasional fog. The
vegetation consists of interspersed grasslands, shrublands, oak
woodlands, and Douglas �r stands (Pseudostuga menziesii; de
Nevers, 2013). The underlying geology consists of Franciscan
Complex mélange, Cretaceous–Tertiary coastal belt rocks,
Tertiary volcanic �ows, Quaternary alluvium and marine
deposits, and ultrama�c rocks consisting predominantly of
serpentine (Jennings, 1977). The major soil types from the Soil
Survey Geographic Database (SSURGO, Soil Survey Staff (2024)) are
the Laniger loam on the northeast third, Yorkville Clay loam in the
middle, and a combination of Felta very gravelly loam and rock
outcrop in the southwest third of the preserve. The slope ranges
from 15 to 75 percent across the preserve, and the elevation ranges
from 76 to 476 m with an average of 303 m.

3 Materials and methods

Remote sensing and �eld measurements of soil moisture were
sampled concurrently to estimate near-surface soil moisture
conditions at Pepperwood Preserve in Sonoma County. Three
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�eld campaigns were conducted in 2022 and 2023 to capture
seasonal variations in soil moisture. Field measurements using a
mobile soil moisture sensor were used for validation. Remote
sensing was conducted from a �xed-wing and multirotor UAS to
test a novel passive L-band microwave sensor that collected
brightness temperature data used in a radiative transfer model to
estimate near-surface soil moisture.

3.1 UAS remote sensing

Three �ight campaigns were �own to capture the seasonal
climate and soil conditions: in May 2022 when soils were drying
down, in August 2022 when soils were near wilting point, and in
May 2023 when soils were near saturated/�eld capacity conditions
after an extremely wet season. The �rst two �ights were conducted

FIGURE 1
Pepperwood Preserve study area (black outline), uncrewed aircraft system (UAS) footprints (S2 �ight = �xed-wing UAS, E2 �ight = multirotor UAS, E2
HR = high resolution �ight), streams, and grassland extent. The location of the Pepperwood Preserve is shown as a red outline in the northeast corner of
the Sonoma County polygon in the inset map. Base map from Esri and its licensors, copyright 2024.
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using the S2 (Figure 2A), a �xed-wing UAS developed by Black Swift
Technologies LLC and NASA Goddard Space Flight Center (Dai
et al., 2020), with a wingspan of 3 m and the ability to house different
instruments in the nose cone. Additional speci�cations and
photographs of the S2 can be found online (https://bst.aero/
black-swift-s2-uas/), and from Dai et al., 2020, and Kim et al.,
2024. For this study, the S2 was equipped with optical, near-infrared,
thermal cameras, and an L-band radiometer. Because it can �y at a
lower altitude and thereby provide more detailed imagery, a
multirotor UAS called the E2 (Figure 2B) was also deployed (see
speci�cations here: https://bst.aero/black-swift-e2-uas/) using the
same sensors as the S2. The L-band antenna footprint size is
roughly equivalent to the UAS altitude; therefore, the S2 �ights
had a lower resolution but larger footprint and the E2 had a higher
resolution and smaller footprint. The �rst two campaigns were done
using the �xed-wing S2 UAS, and the last �ight was undertaken
using the multirotor E2 UAS. The multirotor E2 was �own at two
heights to test a higher resolution soil moisture map over smaller
footprints. The �ight time for the S2 was roughly 1 h to cover each of
the six 1,000-m �ight boxes. The S2 and E2 �ew over each area
twice—�rst with the optical, near-infrared, and thermal cameras and
second with the L-band radiometer. Each �ight day consisted of
multiple individual �ights that were later stitched together,
beginning around 10 a.m. and ending at around 2 p.m. to avoid
shadows and temperature swings. Each campaign recorded
13,000 to 30,000 individual images. The �xed-wing S2 requires a
33-m-long and relatively �at grassy area to land, limiting the
coverage of some areas of the preserve due to topography and
forest cover.

Volumetric soil moisture (VSM) was retrieved based on a soil-
vegetation radiative transfer model with vegetation correction and
surface roughness correction. The VSM maps were generated using
a physical linear minimum mean square error (LMMSE) method

that includes surface roughness and vegetation type parameters,
navigation data, physical temperatures, and the LDCR (Lobe
Differencing Correlation Radiometer) radiation pattern and
temperature data (Kim et al., 2024). Surface characteristics like
vegetation, scattering albedo, and soil texture were from the
baseline algorithm used for Soil Moisture Active Passive (SMAP)
and the U.S. Department of Agriculture soil survey map. To correct
for vegetation, the Normalized Difference Vegetation Index (NDVI)
was estimated using the red and near-infrared bands from the
multispectral Altum sensor (MicaSense Inc., Seattle,
Washington). A tau-omega model was used to quantify the
vegetation contribution (from the NDVI measurements) to
brightness temperature. The NDVI is commonly used to quantify
the health and density of green vegetation, and was calculated using
the red optical band (red) and the near-infrared band (NIR) and
Equation 1:

NDVI �
NIR-red

NIR + red
� � (1)

NDVI values range from 0 to 1, indicating low to high greenness.
The surface physical temperature from the Altum sensor was used to
compare with radiometer measurements to determine the soil
emissivity and dielectric properties. Surface roughness and
scattering albedo parameters were from empirically derived
values for different vegetation types from the SMAP
Algorithm Theoretical Basis Document (O’Neill et al., 2018).
Additional details about the LMMSE equations, radiative
transfer model, and associated assumptions are available from
Kim et al. (2024) and Dai et al. (2020). The algorithms used to
calculate VSM from the L-band radiometer data were initially
developed and tested in agricultural �elds. For simplicity, the
methods described in this section are referred to here in as the
radiative transfer model.

FIGURE 2
(A) Fixed-wing S2 uncrewed aerial system (UAS) and (B) multirotor E2 UAS. Images provided by Black Swift Technologies and taken near Crested
Butte, CO.
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3.2 Field-collected soil moisture
validation data

During the same week as the UAS �ights, �eld measurements
consisting of core samples and mobile TDR (Time Domain
Re�ectometry) measurements were collected. For the �rst two
�ights, 50-millimeter (mm) soil core samples were collected in
triplicate and compared to mobile TDR measurements (referred
to as TDR measurements herein). Volumetric soil moisture (VSM)
was calculated using the gravimetric method for each core sample
using Equation 2:

VSM cm3cm-3� � �
sample wet mass g� �– sample dry mass g� �� � x 1��w

sample volume cm3( )
(2)

where �w = the density of water, which is equal to 1 gram per cubic
centimeter (g/cm3).

The Campbell Scienti�c CD659 HydroSense TDR instrument
has two 12-cm stainless steel rods that are manually inserted
vertically into the soil surface. For the �rst campaign in May
2022, 344 TDR measurements were collected during the week.
The second �ight in August 2022 consisted of 165 TDR
measurements. The third �ight in May 2023 resulted in a total of
419 TDR measurements. The TDR probes represent average soil
moisture conditions of roughly 12 cm of soil, whereas the soil cores
represent the top 10 cm of soil. The L-band data represent the top
2–10 cm of soil, depending on moisture content in the soil and
vegetation density. Therefore, the TDR and core measurements
should be more representative of the remote sensing depths
during the summer when water content in the soil is lowest and
the L-band penetration depth is the deepest.

Statistics were calculated to quantify the error between predicted
maps of soil moisture and measured soil moisture at validation point
locations. To provide a robust estimate of error the coef�cient of
determination (R2), mean percent error, mean error (bias), root
mean squared error (RMSE), and unbiased RMSE were calculated
against �eld TDR measurements.

4 Results

By May 2022, Pepperwood Preserve had experienced several
years of below average precipitation, and prolonged drought
conditions meant that the soils started out drier than usual and
dried out faster as spring turned into summer. August 2022 followed
one of the driest periods on record at Pepperwood Preserve with
only 711 mm (28 inches) of precipitation in the preceding water
year, compared to the average annual precipitation of 934 mm
(37 inches). California often experiences weather whiplash
conditions from dry to deluge, and after several dry years, the
winter of water year 2023 was one of the wettest on record.
Seven atmospheric rivers provided 1,092 mm (43 inches) of
precipitation over the winter season (PRISM Climate Group,
Oregon State University, https://prism.oregonstate.edu). As a
result, even though remote sensing and �eld data were only
collected three times over one calendar year, anomalously wet
and dry conditions were represented during this study (Figure

3A). Remote sensing data generated from this study are available
at Stern et al. (2024).

The average soil moisture conditions across all measurements
were 0.13 m3/m3 in May 2022 (Table 1). The average soil moisture in
August 2022 was only 0.06 m3/m3. May 2023 was much wetter
overall, with average soil moisture around 0.25 m3/m3. To validate
the mobile TDR measurements, core samples were used to evaluate
the accuracy of the mobile TDR measurements. The TDR
measurements accurately re�ected soil moisture conditions as
calculated through core samples, underestimating VSM on
average by 0.03 m3/m3 with an ubRMSE of 0.02 m3/m3

(Supplementary Table S1).
In August 2022, the grasslands trending in a northwest-

southeast direction showed up as bright orange, indicating a low
NDVI, in contrast with the green (high NDVI) oak woodlands and
closed canopy Douglas �r stands (Figure 3B). The north-facing
slopes and highly forested areas show up as green to dark green, and
May 2022 had a higher NDVI than August 2022. The thermal data in
Figure 3C show that the preserve was warmest in August 2022 and
coolest in May 2023, with some warmer areas in May 2022 and
cooler areas on north-facing slopes and forested areas.

The passive L-band radiometer sensor picks up naturally
emitted radiation in the 1.4 gigahertz (GHz) wavelength and
results in a map of brightness temperature. The brightness
temperature is highly dependent on soil and vegetation water
content, and to a lesser extent temperature and surface roughness
(Wigneron et al., 2017). Higher L-band brightness temperatures
generally correlate to drier conditions, but spatial and temporal
variations in brightness temperature can occur depending on
diurnal and seasonal temperature �uctuations. Some temperature
artifacts can be seen in the thermal data (May 2022 and August 2022,
center �ight box; Figure 3C) at the edge of individual footprints. This
is due to the timing of multiple �ights where one �ight footprint in
the morning is next to a footprint that was �own later in the day
when temperatures were higher. The L-band results showed similar
spatial patterns to the thermal data including the temperature
artifacts and the highest emissions were in August 2022. To
provide a rough estimate of emissivity, L-band brightness
temperature was divided by thermal temperature data
(Figure 4B). The emissivity estimates show a decreased
temperature artifact and could be used as a correction in the
�nal soil moisture calculations. Calculated soil moisture from the
radiative transfer model (Figure 4C) shows that August 2022 had the
driest conditions, with wetter conditions in May 2022 and the
wettest conditions in May 2023. Table 2 shows soil moisture
estimated from the radiative transfer model performed poorly for
the �rst two �ights and improved slightly for the third �ight, with R2

values of 0.02, 0.02, and 0.24 for May 2022 August 2022, and May
2023, respectively. Mean percent error ranged from 8% to 76%, with
an average ubRMSE value of 0.07 m3/m3.

During the May 2022 campaign, three additional campaigns
were �own over the same larger footprints using the multirotor E2
UAS, at a lower height above ground than the original �ights
(Figures 1, 5A). This enabled the UAS to �y lower and produce
more detailed brightness temperature and soil moisture maps. These
�ights were only performed over grasslands, and produced maps of
3–4 m resolution.
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The soil moisture maps for each date were compared against
�eld-collected data and separated by grassland and forest vegetation
types (Figure 6). Statistics for the overall data set not separated by
vegetation type are shown in Table 2. The estimated soil moisture
from the radiative transfer model had lower correlations to
validation data in May 2022 and August 2022, with more
accurate results in May 2023. The grassland locations performed
better than the forested locations, with a tendency to overpredict soil
moisture for forested lands, especially for higher soil moisture
values. Soil moisture content from each map generally agreed
with the averages for the corresponding validation dataset, with
some exceptions (Tables 1, 2). The soil moisture map made using the
radiative transfer method was wetter than the TDR measurement
average, with a VSM of 0.20 m3/m3. A similar result was found for
August 2022, except the radiative transfer model result using TDR
measurements agreed and averaged 0.07 m3/m3, similar to the TDR
measurements for August 2022 that averaged 0.06 m3/m3.

The higher resolution May 2023 soil moisture maps from the
E2 (Figure 5B) were validated using 73 of the original 419 TDR
measurements that fell within the higher resolution footprints.
The validation statistics when combined across high resolution
areas HR1, HR2, and HR3 resulted in the same R2 of 0.24 for the
lower resolution and higher resolution �ights. The lower
resolution May 2023 VSM tended to underpredict VSM in the
0.15–0.25 m3/m3 range compared to TDR measurements over
grassland yet resulted in an R2 of 0.47 (Figure 6). The higher
resolution May 2023 �ights resulted in a good statistical
relationship when visually comparing against the 1:1 line
(Figure 6) but had a lower R2 of 0.24 m3/m3. This is due to
the overprediction of VSM at the 0.3–0.4 m3/m3 range. The
ubRMSE was slightly improved for the higher resolution
�ights—0.05 m3/m3 compared to 0.08 m3/m3 for the lower
resolution �ights (Table 2). The average VSM across the lower
resolution May 2023 �ights was 0.27 m3/m3 (Table 2), or 0.02 m3/
m3 higher than the TDR measurements indicated (Table 1), yet
the high-resolution maps indicated a wetter average VSM of
0.26 m3/m3, 0.05 m3/m3 higher than the TDR
measurement average.

The May 2022 and August 2022 campaigns were some of the
�rst operational missions for this sensing system in this unique
environment, which includes potentially hot temperatures, steep

terrain, and a mix of open and forested areas. Each of these
campaigns included signi�cant iteration and hardware changes to
the soil moisture system to improve issues seen with the previous
campaign. These improvements included algorithms to correct
for steep slope angles, a new noise source in the radiometer that
is less susceptible to environmental temperature changes, and
�ying trajectories on a multirotor UAS that accurately holds a
height above the ground for the full mission, while providing a
longer integration time for the radiometric data. This can be
seen by looking at the improvement of the brightness
temperature results from the �rst campaign to the last
(Figures 4A, C).

5 Discussion

The ability to deploy UAS quickly to map soil moisture in
natural landscapes would be highly bene�cial for drought and
wild�re risk, assessing watershed conditions before storms, and
landslide early detection. Several studies have used UAS to map
soil moisture, using wide band active synthetic aperture radar (SAR)
(Kaundinya et al., 2018; Simpson et al., 2021), P-band re�ectometer
(Yueh et al., 2018), hyperspectral sensors (Eon and Bachmann,
2021), GPS signals (Senyurek et al., 2022), and optical and
thermal sensors (Babaeian et al., 2019; Paridad et al., 2019; de
Lima et al., 2022). Ye et al. (2023) mapped soil moisture using
an L-band radiometer over an irrigated farm in Australia with an
RMSE of 0.05–0.06 m3/m3 and found it was more accurate than
using thermal and optical data alone, which resulted in an RMSE of
0.05–0.09 m3/m3. Most of these studies mapped soil moisture over
agricultural land, and none of these used L-band radiometer sensors
to attempt to map areas with complex topography and natural
vegetation types.

This study assessed a novel passive L-band UAS-mounted
sensor to map near-surface soil moisture in a natural landscape
using three �ights conducted over 1 year to capture seasonal changes
in soil moisture. Extensive �eld sampling was undertaken to evaluate
the accuracy of the resulting radiative transfer model. Although this
L-band UAS sensor combination has been tested in agricultural
settings with success (Dai et al., 2018; Kim et al., 2024), there are
research opportunities to produce accurate �ne-scale soil moisture

TABLE 1 Soil moisture �eld TDR statistics for three dates.

Campaign Footprint n Average VSM
(m3/m3)

Maximum VSM
(m3/m3)

Minimum VSM
(m3/m3)

Standard
deviation
(m3/m3)

Skewness Kurtosis

May 2022 All 344 0.13 0.34 0.02 0.07 0.61 �0.43

Aug 2022 All 165 0.06 0.17 0.01 0.03 1.15 1.13

May 2023 All 419 0.25 0.50 0.10 0.10 0.63 �0.73

May 2023 HR1 21 0.21 0.35 0.12 0.08 0.71 �0.86

May 2023 HR2 32 0.17 0.33 0.11 0.04 1.84 5.10

May 2023 HR3 20 0.27 0.35 0.17 0.07 �0.26 �1.79

May 2023 HR combined 73 0.21 0.35 0.11 0.07 0.76 �0.78

n, number of samples; m3/m3, meters cubed per meters cubed; VSM, volumetric soil moisture; UAS, uncrewed aircraft system.
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maps in natural landscapes with complex topography and multiple
vegetation types using UAS remote sensing and the radiative
transfer model. Future work can build on the results presented
by improving vegetation and soil calibrations, increasing the
automation of soil moisture mapping from L-band brightness
temperature and the thermal and optical data.

There is a high degree of uncertainty in soil moisture
measurements and models due to many factors. TDR soil
moisture measurements themselves are an indirect measurement
of soil moisture, and in this study, VSM from TDR �eld
measurements underestimated VSM calculated from cores
by �0.03 m3/m3 (Supplementary Table S1). The soil sensors have
a measurement accuracy of 0.03 m3/m3 for soils with solution

electrical conductivity less than or equal to 6.5 decisiemens per
meter (dS/m) (Campbell Scienti�c, 2020). This con�rms that the
TDR measurements are within an acceptable range of uncertainty
according to the TDR sensor speci�cations. Soil moisture and other
soil properties are highly spatiotemporally variable and can be
dif�cult to characterize for a speci�c application. Each
application may have a level of accuracy that is acceptable and
that may change for different time intervals, geography, or
by season.

Remote sensing data contains uncertainty due to many factors,
including missing data related to clouds and other interferences,
sensor failures, or bias in retrieval algorithms. Some applications of
high-resolution soil moisture data may require a daily or �ner time

FIGURE 3
(A) orthoimagery, (B) Normalized Difference Vegetation Index (NDVI), and (C) thermal imagery from uncrewed aircraft system (UAS) campaigns in
May 2022 August 2022, and May 2023.
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step for risk management, yet satellite data are available at weekly or
longer intervals. There are many methods that can be used to �ll in
data between satellite overpasses, but sub-daily time intervals are not
common except in UAS imagery. Generally, L-band data can
penetrate up to 10 cm into soil or vegetation, but sensing depth
depends on water content and therefore is constantly changing.
Thus, in dry conditions, the sensing depth of the L-band brightness

temperature may represent an average of the top 0–10 cm, whereas
the wet season measurements may only represent the top 0–5 cm of
soil. Since the TDR sensors provide an estimate of VSM averaged
over the top 12 cm, the evaluation using TDR measurements to
validate remote sensing estimates of VSM is an imperfect
comparison. Generally, VSM increases with depth; therefore,
TDR measurements may have a wetter bias than the remote

FIGURE 4
(A) L-band brightness temperature, (B) estimated emissivity calculated as brightness temperature divided by thermal data, and (C) soil moisture
calculated using the radiative transfer model from campaigns in May 2022 August 2022, and May 2023. VSM = volumetric soil moisture, in cubic meters
per cubic meter, UAS = uncrewed aircraft systems.
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sensing based VSM. This may be especially true during wet
conditions when remote sensing effective depths are lowest.
L-band data are also highly sensitive to surface roughness,

which can change over time and sometimes substantially
after a wild�re or other disturbances. In addition, there are
errors associated with radio frequency interferences (RFI) that

TABLE 2 Summary statistics comparing measured soil moisture data to predicted soil moisture maps at different scales using different methods, and the
average VSM for each map.

Campaign n Average VSM
(m3/m3)

R2 Mean percent
error

Mean error
(m3/m3)

RMSE
(m3/m3)

ubRMSE
(m3/m3)

May 2022 331 0.20 0.02 76.1% 3.1 × 10�2 0.08 0.07

Aug 2022 165 0.07 0.02 70.3% 3.3 × 10�2 0.07 0.07

May 2023 419 0.27 0.24 8.0% �1.0 × 10�4 0.08 0.08

May 2023 HR1 21 0.20 0.05 9.5% �2.4 × 10�3 0.06 0.06

May 2023 HR2 32 0.22 0.05 38.7% 5.8 × 10�2 0.07 0.04

May 2023 HR3 20 0.37 0.04 48.4% 1.0 × 10�1 0.10 0.01

May 2023 HR
combined

73 0.26 0.24 33.0% 5.3 × 10�2 0.08 0.05

n, number of validation points; RMSE, root mean squared error; ubRMSE, unbiased RMSE; VSM, volumetric soil moisture; m3/m3, meters cubed per meters cubed.

FIGURE 5
(A) L-band brightness temperature, and (B) soil moisture calculated using the radiative transfer model from the higher resolution �ights in May 2023.
VSM = volumetric soil moisture, in cubic meters per cubic meter.
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are known to affect L-band radiometer retrievals (Wigneron
et al., 2021). These interferences vary in space and time and are
dif�cult to remove, however, development of a digital correlator
may help to reduce the impacts of RFI on retrievals using this
system in future applications. Future work could include the
calibration of scattering albedo and soil roughness parameters
used in the retrieval algorithm.

6 Conclusion

This study supports two main conclusions related to the remote
sensing of soil moisture: (1) high-resolution UAS data can be
valuable for understanding �ne-scale soil moisture variability and
(2) there are research opportunities for UAS-mounted L-band
radiometers in natural landscapes with complex terrain. The
validation statistics for the radiative transfer model (average R2 =
0.13 and ubRMSE = 0.07 m3/m3) showed that more research could
improve the accuracy of near surface soil moisture maps in natural
vegetation and variable terrain. However, soil moisture estimations

in forested land were not noticeably better or worse than grassland
soil moisture estimates (Figure 6), except for the May 2023 �ight. In
addition, soil moisture retrieval accuracy increased signi�cantly
from the May 2022 and August 2022 �ights to the May
2023 �ight as improvements were made to the sensors,
con�guration, and algorithms. Importantly, to represent the
extreme dry and wet soil moisture conditions, it is recommended
to sample seasonally and across the landscape, including south and
north facing slopes, springs or seeps, and other natural variations.
Future research could improve the radiative transfer model by
including vegetation types, higher resolution soil properties, and
terrain following to prevent high uncertainties from changes
in elevation.

Data availability statement

The datasets presented in this study can be found in online
repositories. The data can be found at this link: doi.org/10.
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FIGURE 6
Measured and modeled soil moisture comparison from uncrewed aircraft system (UAS) campaigns in May 2022 August 2022, and May 2023 for
lower (10 m) and higher (3–4 m) resolution �ights. Green squares indicate soil moisture points in grasslands; black triangles indicate soil moisture points in
forested areas. Note the different scale for the May 2023 results, and the higher resolution May 2023 �ights were only over grassland.
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