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Comparison Between Thermal-Optical and L-Band
Passive Microwave Soil Moisture Remote Sensing
at Farm Scales: Towards UAV-Based Near-Surface

Soil Moisture Mapping
Nan Ye , Jeffrey P. Walker , Fellow, IEEE, Ying Gao , Ivan PopStefanija , and James Hills

Abstract—The unmanned aerial vehicle (UAV) based remote
sensing has drawn increased attention in precision agriculture.
Lightweight optical and thermal sensors have been used widely
on UAVs for a range of applications, and have been proposed by
some as the best approach to map soil moisture at farm scales.
However, passive microwave remote sensing has been widely ac-
knowledged as the most accurate soil moisture mapping technol-
ogy, and adopted by the soil moisture and ocean salinity and soil
moisture active and passive satellite missions. Accordingly, it is
postulated that this will also be the best technique for UAV-based
near-surface soil moisture remote sensing, overcoming the spatial
resolution limitation from low earth orbit altitude. Being so far
limited by sensor availability, only a small number of studies have
illustrated the potential of UAV-based near-surface soil moisture
mapping using L-band microwave radiometers, and there has
been no direct comparison with the thermal-optical alternative.
To guide the design of future UAV-based soil moisture mapping
systems, airborne optical, thermal infrared, and passive microwave
observations collected from a scientific aircraft at low altitude over
a center-pivot irrigation farm in Tasmania, Australia were used
in this study to simulate UAV-based observations, and the per-
formances of the thermal-optical and microwave techniques when
compared at 75 m scale. The L-band microwave emission showed
a superior sensitivity to near-surface soil moisture, and a higher
and more consistent soil moisture retrieval accuracy than thermal-
optical, with a root-mean-squared error of 0.05–0.06 m3/m3 and
0.05–0.09 m3/m3, respectively.

Index Terms—Airborne field experiments, microwave, optical,
remote sensing, soil moisture, thermal, unmanned aerial vehicle
(UAV).
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I. INTRODUCTION

SOIL moisture plays a key role in global water, energy, and
carbon cycling [1]. Due to its high spatial and temporal

variability, soil moisture distribution in space and time is re-
quired in many disciplines, especially agriculture management
[2]. Over the past three decades a number of techniques have
been developed for soil moisture remote sensing using visible
[3], [4], thermal infrared [5], [6], passive microwave [2], [7],
[8], [9], [10], active microwave [11], [12], [13], [14], [15], and
their synergistic [16], [17], [18], [19], [20], [21], [22] signals.
The L-band passive microwave technique has been widely ac-
knowledged for many years as the most suitable for near-surface
soil moisture mapping at regional to global scales, due to its
penetration capability of the vegetation layer, independence of
solar illumination, and direct relationship to soil moisture via the
dielectric constant [23]. Consequently, the first two satellites
dedicated to soil moisture mapping, soil moisture and ocean
salinity ([24]) and soil moisture active and passive ([17]), were
both based on this approach.

Unmanned aerial vehicles (UAVs) offer a small, inexpensive,
and autonomous platform for soil moisture remote sensing with
an improved spatial resolution and sampling flexibility com-
pared with aircraft [25], [26], [27], [28], [29] and satellite [30],
[31], [32], due to their low flying height above the ground.
Moreover, recent developments in flight control systems has
promoted autonomous UAV remote sensing in precision agri-
culture application [33], [34], [35]. A number of studies (e.g.,
[36], [37], [38], [39], [40]) have also illustrated the potential of
light weight commercial optical and thermal sensors equipped
on UAVs for surface soil moisture mapping over the whole farm
with sufficient details to characterize the spatial variability. The
triangle relationship [41] between land surface temperature and a
vegetation index is an empirical approach, and has been the most
widely used for estimating water stress and soil moisture from
optical and thermal infrared data. In contrast, passive microwave
sensor developments for UAV-based application have so far been
limited to a few prototype research-based examples [42], [43],
[44]. For example, the PoLRa radiometer with a total mass
of less than 4 kg and with an antenna in the dimension of 30
cm × 60 cm × 9 mm was reported in [43]. Although L-band
passive microwave remote sensing has been reported to have a
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Fig. 1. Location of the study area, flight lines, monitoring stations, and ground soil moisture sampling points at Cressy, Tasmania, Australia.

higher sensitivity to soil moisture than the optical and thermal
alternatives in space-borne applications [45], [46], its potential
for UAV-based soil moisture mapping at high resolution and a
direct comparison with the thermal-optical technique at farm
scales is required to guide the design of future UAV remote
sensing systems.

The objectives of this study were, therefore, to 1) simulate
UAV-based multisensor data using airborne optical, thermal
infrared, and passive microwave observations collected from a
low altitude; 2) retrieve surface soil moisture at farm scales using
a sequence of alternative algorithms; 3) evaluate the accuracy of
different soil moisture retrievals using point-based ground soil
moisture measurements; 4) suggest an optimal UAV configura-
tion for soil moisture remote sensing at farm scales.

II. MATERIALS AND METHODS

A. Study Area

An intensive airborne field experiment was conducted over a
center-pivot irrigation dairy farm at Cressy in Tasmania, Aus-
tralia (see Fig. 1) between January 17th and 19th, 2017. Ye
et al. [47] provided a detailed description of the experiment
with a summary of pertinent details provided here. The 15
paddocks of the farm were alternately grazed and irrigated,

resulting in diverse soil moisture (0.10–0.66 m3/m3) and vege-
tation water content (0.13–0.96 kg/m2) conditions, being ideal
for a comparison of soil moisture remote sensing techniques.
In addition, the farm was surrounded with a reservoir in the
northwest and bare soil in the south, providing very wet and
very dry reference points. Before the experiment, two temporary
monitoring stations were installed, in Paddocks 2 and 10 A, re-
spectively, to measure the time series of soil temperature and soil
moisture profiles.

B. Data Sets

A fixed-wing scientific aircraft was used to collect airborne
observations along the designed flight lines shown in Fig. 1.
Table I summarizes the technical specifications of the main in-
struments used in this study. Many studies (e.g., [48], [49]) have
shown the potential of vegetation monitoring and normalized
difference vegetation index (NDVI) mapping using commercial
and modified digital cameras on UAVs. To simulate UAV-based
data, the aircraft was flown at an altitude of 225 m above the
ground. Accordingly, 0.2 m optical, 1.5 m thermal infrared, and
75 m L-band passive microwave observations were collected
during each sampling day along 17 flight lines, together with
point-based ground sampling of top 5 cm soil moisture using the
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TABLE I
SPECIFICATIONS OF THE AIRBORNE INSTRUMENTS

Fig. 2. Overview of airborne and ground sampling data (collected on January
19th, 2017). Airborne visible (RGB) and NIR images are plotted together with
the derived NDVI map in the top row, with the airborne TIR image and L-band
brightness temperature observations (at horizontal polarization with incidence
angle of 38.5°) plotted together with point-based ground SM measurements in
the bottom row.

hydraprobe data acquisition system (HDAS [50], [51]), which
integrates a frequency domain reflectometer soil moisture sensor
with a GPS and handheld computer. These sensors have been
found to have an overall accuracy of ∼0.04 m3/m3 under a wide
range of soil moisture, soil texture, and land surface conditions.
During the ground sampling, dew was not observed.

In this study, all four types of airborne observations and
ground soil moisture and vegetation water content measure-
ments were used. Fig. 2 shows an example of data collected
on January 19th, 2017. Although multiangular L-band mi-
crowave brightness temperature observations were collected,
only the beam with a nominal incidence angle of 38.5° brightness
temperature observations were used here to maximize polar-
ization difference for dual channel retrieval and to simulate
the single-beam data expected from a UAV-based radiometer
at L-band. As shown in Fig. 3, L-band microwave sampling
flights were conducted in the early morning (7:30–8:30 A.M.
local time) when the profile gradient and spatial variability of
vegetation and soil temperatures was at a minimum. In contrast,
thermal-optical sampling flights were conducted around noon

Fig. 3. Time series of TIR temperature, soil temperature at depths of 2.5 cm,
5 cm, 15 cm, and 40 cm from Paddock 10 A site (top); and time series of soil
moisture at the depths of 0–5 cm, and 20–25 cm (bottom). The times of L-band
and thermal-optical flights are shaded in light/dark gray.

(12:00–12:30 P.M. local time) on January 17th and 19th in
order to achieve maximum temperature spatial heterogeneity
and in turn thermal-optical soil moisture retrieval accuracy. To
test the impact of sampling time of the day on thermal-optical
soil moisture retrieval accuracy, the thermal-optical sampling
flight was also carried out right after the L-band microwave
sampling flight in the early morning (8:30–9:00 A.M. local time)
on January 18th.

The NDVI was calculated from airborne visible (RGB) and
Near InfraRed (NIR) images, as shown in the top right image
of Fig. 2. The NDVI derived from the Landsat-8 OLI Red and
NIR band images acquired on January 14th, 2017 was used as a
reference to calibrate the airborne NDVI data. Fig. 4 shows the
comparison at 30 m scale between airborne and Landsat-8 de-
rived NDVI over each paddock and the area outside of the farm.
It is clear that a good agreement was achieved for most of the
paddocks (blue), while negative biases were found for the pad-
docks, which were grazed between January 14th and 19th, 2017
(red). Therefore, the NDVI over the ungrazed paddocks was
assumed to be unchanged during the period of the experiment.

Fig. 5 shows an overview of temporal variation of thermal
InfraRed (TIR) observations, L-band microwave observations,
and the ground soil moisture reference measurements during the
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Fig. 4. Comparison between the NDVI derived from the Landsat-8 image
acquired on January 14th, 2017 and the airborne visible and near infrared images
collected on January 19th, 2017 over the study area.

Fig. 5. Maps of TIR temperature observations (top row), L-band brightness
temperature observations at horizontal polarization with an incidence angle of
38.5° (middle row), and point-based ground (SM; bottom row) over the study
area on the three consecutive days.

period of the experiment. Since the thermal-optical flight was
carried out in the morning on January 18th, 2017, the low and
uniform TIR temperature confirms that the soil temperature from
the monitoring stations was representative at the farm scale and
could be used for estimating the effective temperature required in
the passive microwave soil moisture retrieval. The multitemporal
data collected from January 19th, 2017 were used to calibrate the
thermal-optical and microwave soil moisture retrieval models,
while data from January 17th and 18th, 2017 were used to
evaluate the retrieval accuracies.

C. Methods

1) Thermal-Optical Soil Moisture Retrieval: The “universal
triangle” concept developed by Owen et al. [52] and further re-
fined by Carlson [41] was used to estimate surface soil moisture

Fig. 6. Scatter plot of fractional vegetation cover (Fr) versus surface radiant
temperature (T∗) colored by ground soil moisture, together with (1) simulated
relationships for January 19th, 2017.

from the NDVI and TIR data via

SM =

n∑

i=0

n∑

j=0

ai,jT
∗iFrj (1)

where the subscripts i and j pertain to the surface radiant
temperature T ∗ and the fractional vegetation cover Fr, while a
indicates the coefficient for the two parameters, andn is the order
of the parameters. Surface radiant temperature was normalized
between the minimum and maximum TIR temperature within
the study area (TIRmin and TIRmax, respectively), given as

T ∗ =
TIR − TIRmin

TIRmax − TIRmin
. (2)

Fractional vegetation cover [41] is defined as

Fr =
NDVI−NDVIS
NDVIV − NDVIS

(3)

where NDVIS and NDVIV are the NDVI of bare soil and dense
vegetation, respectively; Fig. 6 shows an example scatter plot
of Fr against T ∗ observations for January 19th, together with
model simulated relationships using (1). In addition, diurnal
land surface temperature change, the so called apparent thermal
inertia, is strongly related to surface soil moisture [53], [54],
[55]. Accordingly, Zhao and Li [56] improved (2) by replacing
TIR with day-night TIR temperature difference (ΔTIR), given
as

ΔT ∗ =
ΔTIR −ΔTIRmin

ΔTIRmax −ΔTIRmin
(4)

and so (1) was updated as

SM =

n∑

i=0

n∑

j=0

ai,jΔT ∗iFrj . (5)

To also test this approach, the thermal-optical flight on Jan-
uary 18th carried out in the early morning was used, with the
collected TIR data used as night time TIR estimates. Given
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TABLE II
DEFAULT L-MEB MODEL PARAMETERS FOR GRASSLAND, WITH THE REFERENCE TO LITERATURE PROVIDED IN BRACKETS

the low and homogenous temperature distribution in the early
morning, night TIR data were assumed to not change across the
campaign.

2) Microwave Soil Moisture Retrieval: In this study, the
L-MEB model [59] was used to retrieve soil moisture from
dual polarized L-band brightness temperature observations at
the incidence angle of 38.5°. Brightness temperature (TB) at
polarization p, either horizontal (h), or vertical (v), is defined as

TBp = (1− ωp) · (1− γp) · TV · (1 + Γp · γp)
+ (1− Γp) · γp · TS (6)

where γ is the transmissivity of the vegetation layer, Γ is the
reflectivity of the soil surface, and TV and TS are the effective
temperatures of the vegetation and soil layers. TS was estimated
from the top 5 cm soil moisture (SM) and the 2.5 cm (TS_surf) and
40 cm (TS_deep) soil temperature measurements from temporary
monitoring stations via

TS = TS_deep + (TS_surf − TS_deep) · (SM/w0)
bw0 (7)

where the default values of parameters w0= 0.3 m3/m3 and
bw0= 0.3 [59] were used. TV was taken as the mean of TS_surf

and vegetation skin temperature from the TIR sensor. The veg-
etation transmissivity is a function of the vegetation optical
depth at nadir (τNAD), the incidence angle (θ) and the vegetation
structure coefficient (tt) [59], given as

γp = exp[−τNAD · (ttp · sin2(θ) + cos2(θ))/ cos(θ)] (8)

with τNAD linearly related to vegetation water content (VWC)
and a coefficient b according to [60]

τNAD = b · VWC. (9)

The reflectivity of the soil surface (Γ) accounts for the surface
roughness using parameters HR and NR via [62]

Γp = Γ∗
p · exp[−HR · cosNRp(θ)] (10)

where the Fresnel reflectivity of the specular surface Γ∗ is asso-
ciated with soil moisture via the soil dielectric constant, which
was estimated using the Dobson model [63]. Subsequently, soil
moisture retrieval and parameter calibration was undertaken
using an iterative optimization approach by minimizing the cost
function (CF)

CF =

∑
(TBsim − TBobs)

2

σ(TB)2
+
∑

i

∑
(Pi,init − Pi,cal)

2

σ(Pi)
2

(11)
where TBsim and TBobs are model simulated and observed
brightness temperatures. The standard deviations σ(TB) and
σ(P) were assigned according to the uncertainty of the brightness
temperature observations and calibrated parameters, while Pinit

and Pcal are the initial and calibrated values of the model

parameters. The required model parameters were taken from
literature [58], [59], [61], [64] and used as default values for the
grassland land cover across this study area (see Table II).

D. Soil Moisture Retrieval

Four types of retrievals were conducted using the different
configurations listed in Table III; Paddocks 6–11 in the southeast
part of the farm were defined as the calibration paddocks, while
the paddocks 1–4 and 12–14 were used for the validation.
Accordingly, the collected data were separated into calibration
and validation data. The calibration of R1 and R3 used multi-
temporal data over the calibration paddocks, while R2 and R4
used data over all paddocks on January 19th, 2017 only. For the
thermal-optical retrievals R1 and R2, a set of ai,j was assumed
to be applicable for the entire farm across the whole campaign,
and calibrated using airborne TIR and NDVI data together with
ground HDAS 5 cm soil moisture measurements. For the passive
microwave retrievals, the roughness parameter HR in (7) was
assumed to be constant throughout the campaign, and calibrated
using airborne L-band brightness temperature and NDVI data
together with ground soil moisture. The VWC were estimated
from NDVI data via a linear relationship regressed from ground
destructive vegetation sampling data, and subsequently used as
inputs in the L-MEB. In R3 HR was assumed to be uniform for
the entire farm, while in R4 HR was calibrated for each individual
75 m pixel.

III. RESULTS AND DISCUSSION

A. Model Calibration

In the thermal-optical R1 and R2 retrievals a second order
(n = 2) function was used to reduce the impact of overfit-
ting. The airborne and ground calibration observations were
used to calibrate the coefficients ai,j , as listed in Table IV. In
the microwave R3 and R4 retrievals the parameter values in
Table II were used in the L-MEB and only the HR parameter was
calibrated via (10). Consequently, a HR of 1.22 was calibrated
in R3, with values ranging from 0.9 to 1.9 for all 75 m pixels
over the farm in R4. It can be seen from the calibrated HR in
Fig. 7 that the spatial distribution of HR that correlated with
the locations of paddocks, implying the requirement of paddock
specific calibration. Compared with the grassland HR of 0.5 at
satellite scales, it can be noted that a higher value of HR with
considerable spatial variability was found at this finer scale.

B. Retrieved Soil Moisture

Soil moisture was subsequently retrieved from the thermal-
optical and microwave observations, as shown together with
ground-measured top 5 cm soil moisture in Fig. 8. It is clear that
while the thermal-optical sensors had a higher spatial resolution
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TABLE III
SOIL MOISTURE RETRIEVAL CONFIGURATIONS

TABLE IV
CALIBRATED COEFFICIENTS USED IN (1) FROM R1 (TOP) AND R2 (BOTTOM)

Fig. 7. Calibrated HR map from R4.

than the microwave radiometer used in this application, they
were far more sensitive to sampling time of day and bore
little resemblance to the ground and passive microwave derived
soil moisture.

The intensive point-based 75 m spacing HDAS soil moisture
measurements were interpolated on the L-band 75 m grid, but
due to continuous movement of the irrigator, the location of the
Centre pivot irrigator was slightly different between the airborne
and ground sampling. However, the 75 m passive microwave
derived soil moisture from R4 showed a similar spatial pattern
to the ground soil moisture and the expected irrigation induced
changes between sampling days.

C. Evaluation

For quantitative comparison the 1.5 m resolution thermal-
optical derived soil moisture data were simply arithmetically
averaged to the L-band 75 m grid, based on the same assumption
of uniform contribution within a 75 m pixel, as for the brightness
temperature mapping process. Subsequently, thermal-optical
and microwave derived soil moisture were compared with

Fig. 8. Maps of the four types of airborne retrieved soil moisture (top four
rows), and averaged ground top 5 cm soil moisture at 75 m scale (bottom
row) over the study area on the three consecutive days. The black radiating
line shows the approximate location of the centre-pivot irrigator associated with
the sampling activity, and the black arrow in the top row shows the clockwise
movement direction of the boom.

ground soil moisture measurements at 75 m scale, with Fig. 9
showing the scatter plots of retrieved soil moisture against
ground soil moisture. Table V summarizes the performance of
the four types of retrievals. It was found that R4 microwave
soil moisture had lower root-mean-squared error (RMSE) and
higher correlation coefficient (R) than the thermal-optical soil
moisture throughout the experiment. It is noted that even on
the calibration day, January 19th, 2017, the R4 microwave
soil moisture had a better result than R2 thermal-optical soil
moisture with an RMSE of 0.049 m3/m3 and an R of 0.73,
compared to 0.059 m3/m3 and 0.47. In addition, statistics of the
microwave soil moisture retrieval accuracy were more stable
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Fig. 9. Scatter plots of ground-measured soil moisture of the top 5 cm soil versus retrieved soil moisture from the four configurations using the validation data
on the three consecutive days. Note that R2 and R4 did not have independent validation data on January 19th, and thus, the calibration data were shown instead.

TABLE V
STATISTICS OF SOIL MOISTURE RETRIEVALS

than those from the thermal-optical retrievals across different
days. This confirms that from the same platform at a low altitude,
microwave has a higher sensitivity to soil moisture than optical
and thermal signals at farm scale.

D. Impact of Sampling Time of Day on Thermal-Optical
Retrieval Accuracy

Since the thermal-optical observations were collected in the
early morning of January 18th, 2017 when thermal infrared tem-
peratures were relatively homogeneous and low (see top middle
image of Fig. 5), the derived thermal-optical soil moisture had
an opposite spatial pattern to the microwave and ground soil
moisture. This might be due to thermal inertia, resulting in the
dry soil having a higher temperature during day time and a lower
temperature during night time than wet soil. Consequently, the
temperature sequence of dry and wet soil was swapped, and so
the TIR data collected on January 18th was used as the night time
data in the thermal inertia based approach. Subsequently, the
TIR was replaced with the TIR difference in the thermal-optical

Fig. 10. Scatter plots of ground soil moisture of the top 5 cm soil versus soil
moisture retrieved from the original R2 via (1) and the modified R2 via (5) using
TIR differences, respectively.

method, and the R2 retrieval was repeated via (5) using data
on January 19th for calibration and data on January 17th for
validation. This difference in the R2 soil moisture was compared
with the original R2 in Fig. 10, with a slight improvement
of accuracy.

E. Impact of Roughness to Passive Microwave Retrieval
Accuracy

The accuracy of microwave soil moisture retrieval is well
understood to be affected by the HR roughness parameter.
However, the retrieval accuracy in this study was found to be
more sensitive to the roughness parameter HR at small scale
than at the satellite scale of ∼40 km. Being different from the
calibrated HR in R3, the default value used at larger scales, as
shown in Table II was found to be unsuitable at small scales,
inducing substantial bias in retrieved soil moisture. In addition,
the improved accuracy in R4 relative to R3 implies that the spa-
tial heterogeneity of roughness needs to be carefully considered,
and thus, HR is suggested to be treated as a spatial variable at
small scale.
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F. Limitations

It has been demonstrated that the microwave method had a
higher overall soil moisture retrieval accuracy than the thermal-
optical method. However, a few limitations need to be discussed.
In this study, soil moisture measurements of the top 5 cm soil
layer were used as the ground reference, which match well with
the expected microwave penetration depth at L-band [17], [24],
[57]. However, the optical and thermal signal is expected to
mostly sense the surface of the vegetation or soil layer, and
thus, a mismatch of the thermal-optical sensing depth potentially
induces uncertainties to the soil moisture retrieval accuracy. In
addition, the thermal-optical soil moisture retrieval method was
found to be very site specific, with the correlation substantially
reduced on the validation sites, limiting its application to soil
wetness estimation. Conversely, the passive microwave tech-
nique is a physically based method with few semiempirical
parameters related to land surface conditions. For simplifica-
tion purposes, heterogeneity of topography, soil texture, and
soil temperature were ignored in this study, which might have
degraded the passive microwave soil moisture accuracy, but with
none-the-less good results achieved. In addition, only spatial
variability of the HR roughness parameter was considered in
this study.

The evaluation and comparison of thermal-optical and passive
microwave soil moisture retrievals in this study were also limited
to a short period of time over a solely grass land using low
altitude airborne data. However, being an irrigation farm in the
summer months there was considerable spatiotemporal variation
in soil moisture over that period. In addition, the study area was
found to be radio frequency interference (RFI) free, which may
not always be the case, and so the performance of the passive
microwave remote sensing technique in RFI contaminated envi-
ronments could be questionable. Furthermore, synergistic use of
thermal-optical observations are expected to improve microwave
soil moisture retrieval accuracy by providing higher resolution
ancillary data, which can better account for spatial heterogeneity
of vegetation optical depth, physical temperature, and land cover
at farm scale. Consequently, to better guide the design of a
UAV soil moisture remote sensing system, it is recommended
that long term UAV-based soil moisture remote sensing studies
be undertaken to intercompare the different technologies under
more extensive land surface types and more complex electro-
magnetic conditions, and the combined use of thermal-optical
and microwave observations be further explored.

IV. CONCLUSION

The recent advances in UAV system capabilities provides an
opportunity for high resolution soil moisture remote sensing at
farm scale. While optical and thermal sensors have been used for
soil moisture retrieval in many studies, the passive microwave
technique at L-band has been widely acknowledged as the most
promising for soil moisture remote sensing from space. How-
ever, only a few studies have used UAV-based microwave ra-
diometers and there has been no direct farm-scale comparison of
these two approaches. Accordingly, this study used low altitude
airborne observations from a three-days-long field experiment

to simulate UAV-based remote sensing data over an irrigated
dairy farm at Cressy in Tasmania, Australia, with thermal-optical
and L-band microwave soil moisture retrieval accuracies were
evaluated using intensive ground soil moisture measurements.

The “triangle method” (thermal-optical) and the L-MEB ra-
diative transfer model (passive microwave) were used to estimate
soil moisture from airborne optical, TIR, and L-band brightness
temperature observations, respectively. Two approaches were
applied, including data collected on January 19th, 2017 for
calibration, with data from the other two days used for inde-
pendent evaluation, or alternatively specific paddocks across
all dates used for calibration and the others for validation.
Ground point-based soil moisture measurements were compared
with thermal-optical and microwave derived soil moisture at
75 m scale using a simple arithmetical average. Although the
thermal-optical derived soil moisture data had a higher spatial
resolution than the passive microwave soil moisture, the com-
parison result showed that soil moisture derived from the L-band
passive microwave technique alone had a higher accuracy with
better RMSE and R than thermal-optical soil moisture on both
calibration and evaluation days. Moreover, the thermal-optical
soil moisture retrieval algorithm is an empirical approach, which
is site specific and heavily dependent on calibration using ex-
tensive ground soil moisture measurements. In contrast, the
passive microwave retrieval algorithm is a physically based
approach having consistent high sensitivity to soil moisture.
Therefore, it has been demonstrated that the L-band radiometer
outperformed the soil moisture mapping accuracy from thermal
and optical cameras. It is, therefore, expected that a UAV-based
microwave radiometer is the key sensor for future develop-
ments to operationalize high resolution soil moisture mapping at
farm scales.
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