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Various methods are used to determine soil moisture information from synthetic aperture radar (SAR) data, but none specific to
High Arctic regions and their unique physical characteristics.-is research presents a method for determining, at high spatial and
temporal resolutions, surface soil moisture and its changes through time in the Canadian High Arctic. An artificial neural network
(ANN) is implemented using input variables derived from RADARSAT-2 SAR data and previously modelled surface roughness
information.-emodel is applied to SAR data collected at various incidence angles and acquisition dates across two study sites on
Melville Island, Nunavut.-emodel results in absolute soil moisture errors of approximately 15% (r2 � 0.46) for the primary study
sites and 12% (r2 � 0.26) for the verification study area.-e ANNmodel is accurate for modelling (i) the spatial distribution of soil
moisture and (ii) the changes in moisture through time across the study areas, two characteristics that are very important for
inputs to hydrologic or climate models. In addition, the models appear to be scalable when applied at coarser spatial resolutions,
showing potential for large-area mapping or modelling.

1. Introduction

-e estimation or modelling of biogeophysical variables
such as soil moisture in the Arctic is an important step
towards understanding Arctic energy fluxes, the effects of
changing climate, and hydrological processes and patterns.
For example, the spatial patterns of carbon dioxide (CO2)
fluxes are heavily influenced by the spatial patterns of soil
moisture in high-latitude ecosystems [1–7]. Areas in the
Arctic with high soil moisture content are also thought to be
less responsive to climate warming [3, 5, 8], thus making soil
moisture an important variable in global climate-change
models. Current and future climate variations in the Arctic
will influence the spatial distribution of soil water content,
which can affect vegetation, active layer depths, and for-
mation of wetlands over large time scales [9–12]. A more
comprehensive understanding of the spatial distribution of

soil moisture across the tundra landscape will allow for more
accurate and precise predictions of CO2 flux as ecosystems
adapt to climate change [6, 13]. Further, hydrologic variables
are very important controls on Arctic geomorphology and
ecosystem dynamics [14].

With traditional soil moisture measurement techniques,
such as direct sampling (weighing wet soil versus dry soil)
and time-domain reflectometry (TDR) measurements, the
soil moisture values obtained represent point locations only
and are usually averaged or extrapolated over large areas
[15]. Spatial variation in soil moisture levels is an important
consideration at a number of spatial scales. At subcatchment
and finer scales in particular, the spatial distribution of soil
moisture becomes as (or more) important than the absolute
value of the soil moisture [16]. -e demand for spatially
distributed soil moisture is clear, but point measurement
data are often insufficient, that is, due to soil heterogeneity,
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land use, and topography. In short, soil moisture may be
very different in space and time from one point to another
[17–19].

Information gathered from synthetic aperture radar
(SAR) is ideal for the spatial estimation or modelling of soil
moisture, at a range of different spatial scales [20–22]. In
many cases, these data can be gathered instantaneously over
large areas, day or night, in any weather, which is a tre-
mendous advantage over traditional techniques. SAR data
are especially useful for medium- and large-scale analysis of
soil moisture levels [16, 23, 24]. However, there has been
limited research on SAR-modelled soil moisture conducted
in the Arctic [25–28], or in natural (nonagricultural) en-
vironments in general. Jagdhuber et al. [29] examined the
utility of multitemporal space-borne C-band SAR polar-
imetry for estimating soil freezing and thawing states and
found that the mean scattering alpha angle and polarimetric
entropy were strongly correlated with the soil freezing and
thawing states. A more recent study by Högström and
Bartsch [28] identified the fraction of water bodies as
a source of error in coarse-scale SAR-retrieved soil moisture
due to variations in water surface roughness. However, high-
resolution multi-incidence angle SAR data from sensors
such as RADARSAT-2 have not been examined to any
significant degree for their utility in modelling surface
moisture conditions in the High Arctic at fine spatial scales.

-ere are a number of methods for deriving soil
moisture values from SAR backscatter, each possessing
certain advantages and disadvantages. Regression-based
empirical models, such as those of Dubois et al. [20], are
often used to model soil moisture [30–33]. However, em-
pirical models require large quantities of field data and are
often very site specific [34]. Physical models, the most
common of which is the integrated equation model (IEM)
[35], invert backscatter from inputs including radar pa-
rameters, surface roughness, and vegetation cover to derive
soil moisture values [34–40]. Physical models, like empirical
models, are difficult to apply over large areas, and detailed
information on parameters such as topography and soil type
is required. Artificial neural networks (ANNs) are com-
monly used to model surface parameters from SAR data
[18, 41] and show great promise in both simplifying the
modelling process and increasing the accuracy of the results.
ANNs have the capacity to “learn” complex, nonlinear
patterns and generalize these patterns in noisy environments
[42, 43]. -is capacity to generalize means that ANNs can be
effective in situations where data may be missing or im-
precise. ANNs are also able to incorporate prior knowl-
edge and physical constraints into the analysis, while
making no assumptions about the statistical nature of the
input data [44, 45]. -is allows for the incorporation of
disparate data from many remote sensing and ancillary
sources, including other ANN model outputs. ANNs are
superior to empirical models for generalizing results for
application to new areas [46] and do not have the same
parameterization problems and assumption requirements
as physical models (e.g., IEM).

Given the spatial detail captured by RADARSAT-2 SAR
data and the utility of ANNs for modelling environmental

variables, we designed a study to model soil moisture in the
Canadian High Arctic. -e objectives of the research pre-
sented here are to (i) examine the relationships that exist
between SAR backscatter parameters and surface soil
moisture, (ii) model those relationships using an ANN,
and (iii) map the spatiotemporal dynamics of Arctic soil
moisture using multitemporal RADARSAT-2 imagery ac-
quired with varying incidence angles.

2. Methods

2.1. Site Description. -e majority of the field work for this
study was undertaken at the Cape Bounty Arctic Watershed
Observatory (CBAWO), located on the southern coast of
Melville Island, Nunavut, Canada (74.91°N, 109.44°W)
(Figure 1) in 2009 and 2010. -e CBAWO was used to
develop, calibrate, and validate the ANN models. -is High
Arctic site is composed of two parallel watersheds, each
covering approximately 15 km2. -e area is characterized by
rolling topography of low to medium relief, with elevation
varying between 5m and 125m above sea level. -e site has
been impacted by periods of glaciation, during which var-
ious tills have been deposited in the study region, including
Bolduc, Dundas, and Winter Harbour tills [47]. Winter
Harbour till is a thin (1-2m) carbonate-rich till that contains
many mafic and crystalline rock fragments and is draped
over the other layers [47]. -e Winter Harbour till also
offlaps Holocene era fine-grained marine sediments, which
are located between approximately 35m and 90m above sea
level [47, 48]. -ese sediments are underlain by the
Franklinian mobile belt, composed of Paleozoic sandstone,
siltstone, and shale [48]. Vegetation in the area is extremely
limited and rarely exceeds a few centimetres in height.
Greater vegetation biomass is found in sedge and heath
communities, while polar desert areas can be completely
barren. Large areas of exposed, fractured bedrock are also
present, and the entire area is underlain by permafrost, with
an active layer of 0.5–1m during the summer.

Additional field work was conducted in 2011 in the
vicinity of Cape Collingwood on the Sabine Peninsula, lo-
cated on northern Melville Island (approximately 76.53°N,
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Figure 1: Study area location in the Canadian High Arctic.
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108.83°W) (Figure 1). Plots from this more northerly study
site are representative of three di�erent underlying bedrock
types, all of which are di�erent from the CBAWO. �e
Kanguk formation consists of a shale bedrock with surface
materials of poorly sorted clay-silt mixed with a sand and
gravel till; the Hassel formation has a sandstone bedrock
with surface materials consisting of sand and silty sand; and
the Christopher formation is a shale bedrock with a very �ne,
poorly drained silty clay sur�cial material [49]. �ese dif-
ferent surfaces will test the extension of the models de-
veloped at the CBAWO to other areas of the High Arctic.
�e topography of the area is characterized by low-to-
moderate relief, with vegetation similar to the CBAWO
and other locations in the High Arctic.

2.2. Field Methods. A digital elevation model (DEM) for the
Cape Bounty study area was derived from a high-resolution
GeoEye stereopair collected in August 2009. An unsupervised
classi�cation was also conducted on the GeoEye imagery, to
distinguish between the three main vegetation communities
in the region (polar desert, mesic heath, and wet sedge). �e
DEM and unsupervised classi�cation results were then used
to set up a strati�ed random sampling scheme across three
elevations (<30m, 30–90m, and >90m) and three vegetation
classes (Figure 2). �e number of samples across each veg-
etation class was determined on a relative basis by the spatial
coverage of each class in the unsupervised classi�cation. �e
elevation groupings were chosen to exploit the current
knowledge of di�erent till layers, with marine sediments
thought to be present between approximately 35m and 90m
above sea level, as explained previously. In 2009, 119 sample

locations were used, then expanded to 136 locations in 2010 to
allow for increased coverage of the elevation classes. �is
strati�ed random sampling scheme was designed to obtain
soil moisture measurements from areas with as many dif-
ferences in backscatter-a�ecting variables as possible. Vege-
tation, surface roughness, and soil type, in addition to soil
moisture, are the main components of a target that a�ect SAR
backscatter response: surface roughness information could
not be obtained a priori with the available optical imagery,
however, so was not used as a strati�cation criterion. Similar
methods were used at the Cape Collingwood locations, with
the DEM and initial unsupervised vegetation classi�cation
being generated from a high-resolution 2011 Worldview-2
stereopair. A total of 79 sample plots were used at the Cape
Collingwood location (Figure 3).

For both study locations, e�orts were made to collect soil
moisture measurements at each plot within three hours of
the RADARSAT-2 acquisition, in order to minimize any
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Figure 2: Unsupervised classi�cation, elevation strati�cation, and
plot locations at the Cape Bounty Arctic Watershed Observatory.
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Figure 3: Unsupervised classi�cation, study plots, and geological
boundaries for the Cape Bounty Arctic Watershed Observatory.
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daily fluctuations in soil moisture. For logistical reasons, this
was sometimes expanded to ±6 hours. A meteorological
station set up in the CBAWO gave precipitation infor-
mation, which was used, along with in situ weather ob-
servations, to determine the timing and amount of
precipitation with regard to overpass times and the temporal
stability of the soil moisture measurements.

2.2.1. TDR Methodology. Soil moisture values were taken
with a TDR (time-domain reflectometry) instrument, the
Moisturepoint MP-917 from Environmental Sensors Inc. A
TDR measures the apparent dielectric constant (Ka) of the
soil by sending an electromagnetic pulse along a trans-
mission line (i.e., metal probe) in a soil medium, and
measuring the propagation velocity. -e propagation ve-
locity is influenced by the dielectric constant—higher di-
electric values result in a slower velocity, when compared to
the transmission velocity in a vacuum:

Ka �
c

v
 

2
, (1)

where c is the speed of light and v is the propagation velocity.
-e propagation velocity is determined by measuring

the time it takes for a pulse to travel the distance to the end of
the transmission line and back. Velocity can therefore be
expressed as

v �
2L

t
, (2)

where L is the linear distance travelled (probe length) and t is
the measured travel time.

-e values from the TDR were recorded as travel time,
and so can be converted into the dielectric constant Ka by
substituting (2) in (1):

Ka �
c

(2L/t)
 

2

, (3)

where c is the speed of light (m/s), L is the length of the probe
(mm), and t is the time delay (ns) measured with the TDR
probe.

No site-specific calibration of the TDR readings was
possible, so universal equations were applied. While not
quite as accurate as a site-specific empirical regression could
be, universal equations are very close in terms of overall
accuracy and are an improvement over factory calibration
settings [50]. -e apparent dielectric constant was converted
to % volumetric soil moisture (θv) using a 5°C three-phase
model (4), that is, a linear approximation of the Topp
universal equation [51, 52] for mineral soil and the Nagare
equation [53] for organic soil (5).

θv � 0.1209∗
���
Ka


− 0.2032, (4)

θv � −0.0189 + 0.032∗Ka(  − 0.000459∗ K
2
a  

+ 0.0000027∗ K
3
a  .

(5)

While the Topp equation and its linear approximations
have been shown to be accurate for a wide range of mineral

soils [50–52], it is suggested very small bulk density values
(such as in organic soils) can lead to large errors [54, 55],
necessitating a separate equation (5) for low bulk density
soils.

Soil moisture values were taken with custom 5 cm length
probes, making the moisture values an integrated average of
the top 5 cm of the soil. -ree measurements per plot were
taken in a triangular pattern around the plot center, ap-
proximately 2m apart, with somemeasurements being taken
in the vegetated areas, if present. -is is important, as the
vegetated areas hold different amounts of water than the
mineral soil due to the different properties and bulk density
of the heavily organic soils, and different equations are used
to transform the TDR values to soil moisture values ((4) and
(5)). -e value for the plot is a weighted average of the
organic and mineral soil moisture values based on an es-
timate of percent vegetation cover (organic soil) of the plot.

2.3. ANNs. -e utility of ANNs in remote sensing (see
review in [45]) and as a relatively simple way to invert radar
backscatter to surface parameters is well documented
[41, 56]. Surface parameter inversion from SAR backscatter
data is usually carried out by some sort of linear or nonlinear
regression approach [17] or through complex empirical
inversion models such as IEM and others [57, 58]. ANNs,
however, show great promise in both simplifying this
procedure and increasing the accuracy of the results. For
example, ANNs were compared to other models [41], that is,
the Oh model [59] and the modified Dubois model (MDM)
[60]. -e ANN models outperformed the Oh model and
MDM for surface roughness and soil moisture estimation.
-e selection of input predictor variables plays a critical role
in the performance of ANNs, which may require different
variable selection approaches typically adopted for para-
metric methods (i.e., due to the nonparametric nature of
ANN) [61]. From a model specification perspective, the
design of an ANN model is of crucial importance to the
neural network learning the relationship between the input
and output variables. More specifically, the optimal design
(i.e., the number of hidden layers and the number of neurons
in each layer) may vary across different applications, thus
requiring prudent tuning on an individual basis.

However, even though ANNs do not operate based on
assumptions regarding the statistical distribution of the
input variables, the application of ANN is nontrivial due to
the appropriate design and implementation needed to en-
sure its accuracy and robustness [45]. -e performance of
a trained ANN can be assessed using root mean square error
(RMSE) between observed values and the values predicted
by the network. Compared to some machine-learning al-
gorithms that are less vulnerable to high variance, such as
support vector machine (SVM), the size of the training
sample can have a large impact on the performance of ANN
[62]. ANNs learn the characteristics of the data from the
sample values, not statistical derivatives. Hence, it is thought
that very large numbers of training samples are required to
optimally train the ANN, though excessive numbers of
samples can slow the training process [45]. Various rules
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have been proposed to determine the optimum number of
training samples, for example, 5–10% of the image [63], or
30n(n+ 1) samples [64], with n being the number of input
parameters to the ANN. However, these recommendations
were for classi�cation applications; that is, no suggestions
have beenmade as to the number of training samples needed
for the inversion of a continuous variable, though in this case
it would seem that representativeness would be more im-
portant than the number of samples. If training samples
were not fully representative of soil moisture variability, the
predictive accuracy of the ANNmodel will likely deteriorate,
resulting in less comprehensive understanding of the spatial
variation of soil moisture over time.

�e ANN models for this research were implemented in
the MATLAB® software package (MathWorks, Natick,
Massachusetts). �is implementation is a two-layer (one
hidden layer and one output layer) feed-forward network
with sigmoid-function hidden neurons and linear-function
output neurons, trained with the Levenberg–Marquardt
back-propagation algorithm [65] (Figure 4).�e input layers
included surface roughness (Zs), HH-polarized backscatter
(σ°), and local incidence angle (θl). Input data were ran-
domly separated into training (70% of the data), validation
(15% of the data), and independent testing data (remaining
15%). Hundreds of models were trained, with each training
run having slightly di�erent starting weights and biases for
each neuron, as well as randomly selected training data.
Di�erent numbers of hidden neurons were also examined, in
a trial-and-error approach, until the best model of all the
model runs could be selected. �e �nal model for soil
moisture had one hidden layer with four neurons (Figure 4).

2.4. Object-Based Image Analysis (OBIA) Methods. �e
models were built using object-based image analysis (OBIA),
which involves pixels being grouped into objects based on
the homogeneity of their spatial or spectral characteristics
(termed segmentation). OBIA has a number of advantages
over pixel-based methods, including reduced dependency
on noise-�ltering algorithms (especially with SAR data) and

the objects being more natural representations of surface
properties. OBIA is recognized as a very e�ective tool for
analyzing geospatial and remotely sensed data [66]. With
this method, di�erent spatial scales can be investigated by
changing the sizes of the image objects. �e problem as-
sociated with OBIA is �nding meaningful scales to in-
vestigate, that is, �nding the scale of object segmentation that
is objectively relevant based on the characteristics of the
landscape being studied.

To solve this problem, Drǎguţ et al. [67] have developed
a tool that integrates with existing OBIA software
(eCognition® 8.64) to estimate relevant scale parameters.
�e tool, ESP (estimation of scale parameter) plots values of
local variance (LV) and the rate of change (ROC) of that
variance between successive scale levels, that is, against scale
levels at a set interval (Figure 5 for an example from the
CBAWO). �e “scale” of the object is a parameter in the
eCognition software that determines the maximum allowed
heterogeneity of the image objects, based on user-de�ned
weightings of “color” (pixel values for various image bands)
and “shape” (level of object compactness) [68]. In the ESP
tool, LV increases with the increase in the scale parameter as
the homogeneity of the objects increases; the highest values
of LV relative to successive values indicate scales where
objects have reached meaningful levels of organization in
terms of the variation in their homogeneity. �e ROC of the
LV is the best way to show this and is a means of identifying
how important the respective scale level is in structuring the
information on objects’ variability relative to the whole scene
[67, 69].

�e objects were generated from high-resolution optical
imagery, 0.5m pan-sharpened GeoEye-1 imagery for the
CBAWO and 0.5m pan-sharpened Worldview-2 imagery
for the Cape Collingwood study site. In both cases, near-
infrared, red, and green bands were used for the homoge-
neity criteria in order for the objects to be physically
meaningful, in an ecological sense, on the ground. �e Cape
Collingwood site was split into two areas, north and south, to
aid in processing times. Multiple scales were found to be
meaningful (Figure 5), but only the largest (410) and smallest
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Figure 4: Schematic diagram of the spatially explicit input (and output) layers for the soil moisture ANN model.
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(140) scale parameter values were used in further analysis.
-e scale values for the small objects at the Cape Colling-
wood site were slightly different, as the ESP tool estimates
the scale parameter based on the local conditions. Scale
values of 110 and 160 were used for the small objects for the
north and south mapped portions, respectively, and 410 and
400 for the large objects. Small objects for both locations
ranged between approximately 50 and 6000m2. -e larger
objects range from about 50 to 35000m2. -ese object sizes
could have implications for the SAR spatial resolution re-
quirements for surface roughness and soil moisturemodelling.

2.5. SARMethods. High spatial resolution fully polarimetric
(FQ—fine-quad beam mode) and HH-polarized single po-
larization (U—ultra-fine beam mode) SAR data were col-
lected at various incidence angles over the study areas during
the summers of 2009–2011 (Table 1). -e calibration of the
soil moisture ANN relied on a single date of SAR data to
model moisture for that specific date in time. Given that

surface soil moisture content can change rapidly through
time, only parameters from the date of interest, along with
temporally invariant parameters, such as surface roughness,
were used to develop the ANN model. -e scenes available
for different dates were also from different beammodes, with
different incidence angles. To examine the capability of the
soil moisture ANN model to generalize over other acqui-
sition conditions, it was calibrated with data from one beam
mode (one date) and applied to different beam modes from
different dates, some with very different average incidence
angles. For this reason, the local incidence angle of each
image object was also included as a model input variable.

-e ultra-fine mode RADARSAT-2 data were orthor-
ectified before further analysis, while the fine-quad data were
analyzed in slant range to preserve polarimetric information
[70] and were only orthorectified to extract the plot data for
each variable after they were calculated for the scene. Nine
corner reflectors spaced around the CBAWO, and five
around the Cape Collingwood study area, were used to assist
with geometric correction. Since an object-based approach
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Figure 5: Local variance and rate of change values produced by the ESP tool for the Cape Bounty Arctic Watershed Observatory.

Table 1: RADARSAT-2 data used in the analysis.

RADARSAT-2 beam mode Avg. incidence angle (°) Polarization Spatial resolution (m) Acquisition date (local time)
U15 41.40 HH 3 01/07/2009
U4 33.00 HH 3 07/07/2010
U26 48.40 HH 3 09/07/2010
U75 25.75 HH 3 11/07/2010
U9 37.00 HH 3 17/07/2010
FQ2a 20.90 HH/VV/VH/HV 8 23/07/2010
U21 45.40 HH 3 23/07/2010
U75 25.75 HH 3 04/08/2010
U9 37.00 HH 3 10/08/2010
U8 36.25 HH 3 09/07/2011
U74 24.75 HH 3 10/07/2011
U13 40.00 HH 3 12/07/2011
U79 29.55 HH 3 13/07/2011
U4 33.00 HH 3 23/07/2011
aPass was descending (all others were ascending).
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was implemented in the modelling framework, speckle re-
duction was handled through image averaging at the object
level.

2.6. Soil Moisture Models. -e relationship between SAR
backscatter and soil moisture must be separated from other
factors that influence the SAR signal, including surface
roughness [71]. Hence, the output of a surface roughness
ANN model [72, 73] was included as input to the soil
moisture model. More specifically, this surface roughness
ANN model was developed using multiangular and polari-
metric RADARSAT-2 imagery and field data in an object-
based framework for the Cape Bounty and Cape Collingwood
study site. To investigate the impact of different spatial scales
on surface roughness estimation, analyses were performed
on two distinct image object sizes, and consistent perfor-
mance was observed for both small and large image objects,
with normalized RMSEs of approximately 15%. A variety of
additional variables were derived and extracted from the
SAR data [74], corresponding to the image objects that
contained the field-measured soil moisture plots (Table 2).
-e texture variables were calculated on a per-pixel basis
using an 11× 11 pixel window for each RADARSAT-2 scene
(i.e., HH backscatter intensity), before being averaged for
each image object. -e texture measures from each scene
(and beammode) were analyzed for correlation individually.
Other variables include simple means of the pixel values for
each image object.

Variables that were not directly correlated (Pearson |r|
<∼0.3) with the field-measured soil moisture were removed
from further analysis. Visual analysis of scatter plots helped
to reveal possible nonlinear correlations that the Pearson
correlation would not identify. Variables that were highly
correlated (Spearman |ρ|>∼0.7) with other remaining
variables were also removed, as multicollinearity can be
problematic in the calibration of ANNs [77].

3. Results and Discussion

3.1. ANN Model. Of the SAR variables that were examined
(Table 2), linear HH backscatter was selected for inclusion in
the ANN, as it exhibited stronger correlation to soil moisture
than VV and, most importantly, is the only polarization
available in both FQ and U beam modes. High temporal
coverage was an important consideration for the modelling
effort, so variable selection was limited to allow the most
possible acquisitions to be used. Reliance on polarimetric
parameters, for example, would have (i) excluded the high
volume of ultra-fine beam mode data, (ii) limited the model
to FQ data, and (iii) reduced the temporal resolution of the
analysis. A number of polarimetric variables were examined
for completeness, such as Cloude–Pottier decomposition
variables [78], intensity ratio, and phase difference, none of
which showed strong correlation to soil moisture, something
that has been noted in other studies [79].

-e variables that were used in the final ANN model
were (i) the surface roughness (ZS) values modelled by the
surface roughness ANN [72, 73], (ii) the HH-polarized

backscatter (σ°), and (iii) the local incidence angle that
corresponds to the HH backscatter used, all averaged across
each image object. Of these three variables, the surface
roughness is time invariant, so the same values were used
across each date for which the model was applied. -e σ°
values were taken from the scene that corresponds to the
date of interest, and the local incidence angle values derived
from that same scene. -e model was created using the July
11, 2010 U75 CBAWO data, then applied to the other dates
for the CBAWO and Cape Collingwood datasets, with the σ°
and local incidence angle inputs changing accordingly. A
total of 15 plots were not included in the model—five plots
had no surface roughness data, and ten were classified as
outliers based on theMahalanobis distances when the inputs
were compared to the field-measured moisture. -e model
was applied to both the small and large image objects at each
study location. -e results of the ANN modelling are pre-
sented in Tables 3–5.

3.2. Cape Bounty Arctic Watershed Observatory. -e results
for the 2009 and 2010 CBAWO data (Table 3) demonstrate
that the best results tend to occur with the steepest incidence
angles, that is, the U75 beammode. Of course, the model was
created using the U75 beam mode, but this is also expected
due to the nature of the relationship between moisture-
affected SAR backscatter and local incidence angles, that is,
low incidence angles have been shown to be more accurate
for soil moisture prediction [80] since the roughness signal is
minimized, leaving moisture as the dominant control on the
backscatter. -e inclusion of surface roughness and in-
cidence angle information in the ANN allows these differ-
ences to be accounted for across different beam modes, but
the nature of the relationships between these variables
cannot be fully modelled.-emodelled soil moisture error is
approximately 15% across the various dates and beam
modes. Soil moisture values at the CBAWO cover nearly the
full range of 0 to 1m3/m3 volumetric water content. When
the ANN was applied to the large image objects, the results
were similar to the small image objects. -e r2 values are
slightly lower, but the RMSE values are comparable.

-e ANN soil moisture output, apart from the July 11
U75 data, which were used to create the ANN, is not at the
same scale as the field-measured moisture. -is difference in
scale is because the local incidence angle and σ° backscatter
are dependent on the beammode used.-e relationships are
still linear, but the slope and intercept of the regression line

Table 2: Variables generated from SAR data.

Variable Description
Homogeneitya A measure of local homogeneity
Contrasta A measure of local variation

Correlationa A measure of the linear dependency of grey levels
of neighbouring pixels

Meana Arithmetic mean of all pixel values
SDa Standard deviation of pixel values
VI/VA/VL/Ub A normalized log measure of texture
HH σ0 intensity of HH polarized backscatter
aHaralick et al., [75]. bOliver and Quegan, [76].
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that relates the ANN output to the �eld measurements vary
by beam mode. However, the di�erences in the slopes and
intercepts correspond closely to the average incidence angle
of the beammode (Figure 6). �is relationship can therefore
be used to determine the appropriate scaling needed for the
ANN output for any given beam mode, even those not

available for this study. �e r2 values of the slope and in-
tercept equations are 0.88 and 0.93, respectively, giving high
con�dence in this relationship between beam average in-
cidence angle and slope/intercept values for the ANN
output.�e results of the ANN for each di�erent beammode
can be combined once the output scales have been matched

Table 3: r2 and RMSE values of the ANN applied to the di�erent scenes/dates at the CBAWO in 2010.

Date Beam mode Avg. inc. angle Sm. obj. r2 Sm. obj. RMSE Lrg. obj. r2 Lrg. obj. RMSE
1-Jul-2009 U15 43.3 0.15 0.171 — —
7-Jul-2010 U4 33 0.09 0.210 0.03 0.217
9-Jul-2010 U26 48.4 0.29 0.159 0.18 0.149
11-Jul-2010a U75 25.75 0.75 0.086 0.40 0.118
17-Jul-2010 U9 37 0.39 0.151 0.35 0.121
23-Jul-2010 U21 45.4 0.37 0.173 0.29 0.179
23-Jul-2010b FQ2 20.9 0.31 0.181 — —
4-Aug-2010 U75 25.75 0.44 0.153 0.32 0.167
10-Aug-2010 U9 37 0.39 0.165 0.32 0.162
Data are presented for both small and large image objects. aANN created using this date. bFine-quad data, descending pass (all others ascending).

Table 4: r2 and RMSE values of the ANN applied to the di�erent scenes/dates at Cape Collingwood in 2011.

Date Beam mode Sm. obj. r2 Sm. obj. RMSE Lrg. obj. r2 Lrg. obj. RMSE
09-Jul-2011a U8 0.13 0.142 0.21 0.136
10-Jul-2011a U74 0.14 0.193 0.27 0.178
12-Jul-2011b U13 0.16 0.163 0.28 0.134
13-Jul-2011b U79 0.20 0.148 0.05 0.135
23-Jul-2011b U4 0.04 0.150 0.05 0.147
aCovers northern subset of study area (Kanguk formation). bCovers southern subset of study area (Hassel and Christopher formations). Data are presented for
both small and large image objects.

Table 5: Results of the ANN applied to the di�erent scenes/dates at Cape Collingwood in 2011, after removal of outlier moss plots.

Date Beam mode Sm. obj. r2 Sm. obj. RMSE Lrg. obj. r2 Lrg. obj. RMSE
09-Jul-2011 U8 0.20↑ 0.122↓ 0.32↑ 0.113↓

10-Jul-2011 U74 0.20↑ 0.172↓ 0.42↑ 0.147↓

12-Jul-2011 U13 0.19↑ 0.116↓ 0.22↓ 0.119↓

13-Jul-2011 U79 0.27↓ 0.106↓ 0.03↓ 0.126↓

23-Jul-2011 U4 0.05↑ 0.151↑ 0.05↔ 0.147↔

Results are presented for both small and large image objects. ↑� increase from Table 4 values. ↓� decrease from Table 4 values. ↔� no change.
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(Figure 7). �e r2 and RMSE values for the combined results
are 0.46 and 0.155, respectively.

Once the ANN output is in the same scale as the �eld-
measured soil moisture, then the absolute values can be
compared directly. One of the strengths of this methodology
is the ability to model soil moisture at di�erent times, and to
therefore have a temporal record of soil moisture. �e mean

soil moisture values across all the plots were compared for
each date for which imagery was available and the di�erences
between the �eld-measured and ANN-modelled moisture
values analyzed (Figure 8). �e average moisture values given
by the ANNmodel are very similar to the �eld-measured soil
moisture values across all dates (July 7 is the exception). �e
average soil moisture is a�ected by the precipitation across the

Measured versus modelled soil moisture, Cape Bounty, 2010
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area, and this is also re³ected in the data. Precipitation data as
measured by the CBAWOmeteorological station is correlated
to increases in average soil moisture, with soil moisture de-
creasing during periods without precipitation (Figure 8).

�e pattern of average soil moisture increases and de-
creases with weather conditions, a pattern con�rmed when
the entire study area is modelled for each date.�e ANNwas
applied to every image object for each date, excluding those

objects that did not have surface roughness data [72, 73].
Mapping the spatial distribution of soil moisture at such
high spatial resolutions is another major strength of the
approach taken for this research. �e change in moisture
across both temporal and spatial scales is readily apparent
(Figure 9). Comparing the small to the large image objects
reveals the spatial consistency in modelled soil moisture
across object sizes (Figure 10).
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Figure 9: Spatiotemporal distribution of θv across 6 dates in 2010 at the Cape Bounty Arctic Watershed Observatory. Average θv values are
the ANN-modelled averages for the �eld-measured plots.
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3.3. Cape Collingwood. In the analysis of the Cape Col-
lingwood data, the July 9 (U8) and the July 10 (U74), 2011
acquisitions cover the northern study area, located in the
Kanguk geological formation. �e other 2011 acquisitions
(Table 2) cover the southern study area, located in the
Christopher and Hassel formations.

�e results of the ANNmodel applied to the 2011 imagery
are presented in Table 4. �e r2 values are not as strong as for
the CBAWO results, though the RMSE values are similar.�e
total range of moisture values is smaller than at the CBAWO
(θv of 0.1–0.8 for the northern subset, 0.2–1.0 for the southern
subset), giving rise to higher RMSE values on a percentage
basis. �e July 23 scene resulted in a very poor relationship,
although none are particularly strong. It was very wet on July
23, with over 16mm of rain having fallen over the preceding
few days (precipitation measured manually on location with
rain gauge) (Figure 8). Unlike the CBAWO ANN results,
there is less evidence for incidence angle impacting the ac-
curacy of the results for Cape Collingwood. Beammodes with
a small incidence angle, such as U79, have stronger results,
while others, such as U74, are no better than the large in-
cidence angle beam mode results (U8, U13).

When the results are scaled to the �eld-measured soil
moisture values and combined (same methodology as for the
CBAWO data), the model does not seem to apply as well to
Cape Collingwood (Figure 11), though the RMSE values are
acceptable. Without the July 23 data included, the combined
r2 and RMSE values are 0.26 and 0.122, respectively. Some of
the error in the ANN-modelled moisture values for Cape
Collingwood can be attributed to a few plots that are char-
acterized by heavy moss cover, which can have unpredictable
e�ects on SAR backscatter (Figure 12). When these plots are
removed (1 plot from North subset, 3 plots from South
subset), the results are improved in nearly every case (Table 5).

�e absolute values of soil moisture, as has been noted
earlier, are not as important as the spatiotemporal results,
that is, the modelling of the relative moisture values across
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Figure 10: Comparison of ANN-modelled soil moisture for small (a) and large (b) image objects. Values shown are for July 11, 2010.
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space and through time [16].�e Cape Collingwood data again
show good agreement with mean values of θv (Figure 13), the
�eld-measured and scaled ANN-modelled values being
within 0.015 θv of each other. �e similar mean values in-
dicate that the model is robust with respect to the relative
di�erences between dates and across large numbers of image
objects. �e ANN results were applied to all image objects in
the study area, and the resulting maps clearly indicate stream
channels and the wet slopes surrounding them (Figure 14).
Aside from the quantitative results already given, this
demonstrates in a qualitative sense that the model is working
as intended.

3.4. Sources of Error. �e relationship between the absolute
values of θv as determined by the ANN and �eld mea-
surements is clearly not strong in all cases. With the
aforementioned caveats about the relevance of absolute θv
values in the context of this research in mind, it is still useful
to point out some of the underlying causes of the nature of
these relationships. �e data used as input to the ANN have
errors associated with them, speci�cally with regard to the
surface roughness values [72, 73]. We know that even small
inaccuracies in roughness parameterization can lead to large
errors in soil moisture estimation [81, 82]. In addition to the
errors inherent in the surface roughness ANN output
[72, 73], there is also the inherent error in the di�erence
between surface-measured roughness and SAR-perceived
roughness.

To further the idea of inherent errors in �eld mea-
surements, there is the problem of integrating soil moisture
values across depth. �e TDR measurements of θv were
averaged over the top �ve cm of the soil surface, and there
were often noticeable (qualitatively) moisture gradients
between the top of the soil and at 5 cm depth. �e SAR
backscatter is not necessarily representing the soil to the
same depth, a characteristic of the data that depends on
θv—the lower the soil moisture, the farther the SAR energy
penetrates the soil [83], up to a maximum of approximately

�ve cm with RADARSAT-2 (equivalent to the TDR-
measured depth). �is is a problem that has been known
for some time [84], yet is not readily resolved.

Soil moisture changes can also change the form of SAR
scattering behaviour. It is known from previous work in the
area [27] that saturated or very high soil moisture conditions
cause a reduction in the strength of the relationship between
SAR backscatter (and other SAR-derived variables) and
surface soil moisture. Dobson and Ulaby [85] demonstrated
how SAR backscatter re³ection changes from di�use to
specular as the soil moisture nears saturation, reducing the
backscatter to values associated with lower soil moisture; this
is thought to be the reason for the underestimation of high
soil moisture values in the ANN model presented here.
Under these conditions (i.e., saturated soil moisture), the
relationship between the dielectric constant and SAR
backscatter is reduced or eliminated; hence, the modelling of
soil moisture is confounded within the ANN. �is response
is also a�ected by the local incidence angle, with incidence
angles closer to nadir being a�ected less than those at
shallower angles. Other studies have revealed that low in-
cidence angles (closer to nadir) are better for soil moisture
modelling with SAR data [80], as these angles minimize the
backscatter contribution from surface roughness, in addition
to minimizing the e�ects of increased specular re³ection due
to near-saturated moisture conditions. With the dataset
presented in this research, evidence in support of this idea
can be seen by analyzing high and low incidence beam
modes from the same date (and therefore similar soil
moisture conditions). In this case, both a U21 scene (average
incidence angle� 45.4°) and an FQ2 scene (average in-
cidence angle� 20.9°) were acquired for the CBAWO on July
23, 2010. When the ANN model output for these two scenes
are compared (Figure 15), it is clear that the smaller in-
cidence angle FQ2 scene is modelling higher soil moisture
values (θv> 0.60) more accurately than the large incidence
angle U21 data. Out of 20 �eld-measured values where
θv> 0.60, only four of those values are modelled above the
0.60 level for the U21 data, compared to 12 above that level for
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the FQ2 data. -e overall r2 is lower for the FQ2 data,
however, which could be a result of the comparatively larger
spatial resolution or the fact that it is a descending pass (the
model was created using ascending pass data). As a result, it is
unclear as to why smaller incidence angles do not appear to
perform as well when modelling low soil moisture conditions.

4. Conclusions

-e soil moisture ANN was implemented using both SAR
data (HH-polarized backscatter and local incidence angle)
and previously modelled surface roughness values [72, 73].
-e model was created from a single date and beam mode
(July 11, 2010, U75) and then applied to multiple dates and
beam modes, a methodology necessary to model soil
moisture through time. -e model was applied to the
CBAWO, where it was calibrated, and the Cape Collingwood
study area, where it was validated under different biophysical
and geological conditions.

-e 0.155 RMSE average that resulted from the appli-
cation of the ANN to the different dates at the CBAWO, with
the very large soil moisture range present in these envi-
ronments (θv � 0 to 1), is equivalent to other studies at
southern latitudes with a θv RMSE of 0.05 (a commonly cited
value), but maximum soil moisture values of θv � 0.40. -e
absolute moisture values (Figure 8) are not as important as
the spatiotemporal distribution of the soil moisture however
(i.e., relative differences) (Figure 9), and the strong results of
this metric indicate that the model tends to be robust with
different input beam modes and across different physical
spaces. Similar results were found at the validation site
(i.e., Cape Collingwood), with an average r2 of 0.26 and
RMSE of 0.122, though again the spatiotemporal modelling
of the moisture was much better (Figure 13).

-e best results appear to occur when the model is
applied using smaller incidence angle beam modes, which
reduce the effects of surface roughness and specular scat-
tering from areas of very high soil moisture. -ere are,
however, very strong relationships between the slope
(r2 � 0.88) and intercept (r2 � 0.93) of the regression used to
match the ANN output for the different beam modes to the
scale of soil moisture measured on the ground. Using these
relationships, it is possible to use any beam mode (and
associated incidence angle) with themodel, as the output can
be converted to the proper scale using the slope and in-
tercept equations. However, it is acknowledged that smaller
incidence angles may not be as suited to modelling low soil
moisture, although the factors for this remain unclear.

When the model is applied to larger image objects, the
results are very similar to the smaller image objects, giving
rise to the potential to apply the ANN across larger areas
(i.e., up-scaling the model output). -is adaptability, along
with the strong spatiotemporal modelling results, suggests
that the ANN model presented in this research is capable of
providing useful information for hydrological and climatic
model assimilation, in addition to being used as input in
other models (hazard susceptibility, vegetation, etc.) and for
mapping soil moisture distribution at a high spatial reso-
lution across watersheds.
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[67] L. Drǎguţ, D. Tiede, and S. R. Levick, “ESP: a tool to estimate
scale parameter for multiresolution image segmentation of
remotely sensed data,” International Journal of Geographical
Information Science, vol. 24, no. 6, pp. 859–871, 2010.

[68] E. Cognition, eCognition Developer (8.64. 0) User Guide,
Trimble Germany GmbH, München, Germany, 2010.
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