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Abstract: Surface roughness is an important factor in many soil moisture retrieval models. Therefore,
any mischaracterization of surface roughness parameters (root mean square height, RMSH, and
correlation length, ğ) may result in unreliable predictions and soil moisture estimations. In many
environments, but particularly in agricultural settings, surface roughness parameters may show
different behaviours with respect to the orientation or azimuth. Consequently, the relationship
between SAR polarimetric variables and surface roughness parameters may vary depending on
measurement orientation. Generally, roughness obtained for many SAR-based studies is estimated
using pin profilers that may, or may not, be collected with careful attention to orientation to the
satellite look angle. In this study, we characterized surface roughness parameters in multi-azimuth
mode using a terrestrial laser scanner (TLS). We characterized the surface roughness parameters in
different orientations and then examined the sensitivity between polarimetric variables and surface
roughness parameters; further, we compared these results to roughness profiles obtained using
traditional pin profilers. The results showed that the polarimetric variables were more sensitive to
the surface roughness parameters at higher incidence angles (θ). Moreover, when surface roughness
measurements were conducted at the look angle of RADARSAT-2, more significant correlations
were observed between polarimetric variables and surface roughness parameters. Our results also
indicated that TLS can represent more reliable results than pin profiler in the measurement of the
surface roughness parameters.

Keywords: surface roughness; orientation; sensitivity analysis; radar parameters

1. Introduction

The characterization of soil surface roughness is a significant issue for the modelling of
surface and near-surface water flow, sediment and nutrient transport, and hydrological ero-
sion, particularly in agricultural systems. In the agricultural context, the parameterization
of surface roughness plays an important role in soil moisture retrieval using synthetic aper-
ture radar (SAR). Interpretation of SAR backscatter, particularly from longer wavelengths
in the C or L band, permits high-resolution retrieval of soil moisture through character-
ization of the transmitted energy, or backscatter, from the surface. However, retrieval
approaches have been challenging due to the complicating factors of surface roughness
and vegetation [1,2]. The contribution of surface roughness to the soil moisture estimation
is assessed through the backscattering models, which are usually used to analyze the rela-
tionship between surface soil moisture and SAR backscatters. It is well known that the SAR
backscattered signal primarily depends on the radar parameters (wavelength, polariza-
tion, and incidence angle [θ]) and surface parameters (dielectric constant or soil moisture,
vegetation, and roughness) [3]. In some cases, surface roughness has a stronger impact on
radar backscatter than that of soil moisture [4] and it is often the most important factor
contributing to SAR backscatter response at higher incidence angles and in bare soils [4,5].
Surface roughness may also present challenges for downscaling passive microwave soil
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moisture retrievals using a much higher resolution of SAR backscatter data [6,7] as the
sensitivity of backscatter to surface roughness is different when observed from passive
microwave satellites or when using combinations of active (radar) and passive (radiometer)
systems, operating at constant or various incidence angles. Therefore, for the improved
estimation of soil moisture, the accurate characterization of surface roughness is of great
importance [8–10], and mischaracterization may cause unreliable results in the estimation
of soil moisture conditions or inaccurate characterization of agricultural management.

For the application of SAR products, surface roughness is characterized using the two
most common parameters: the root mean square height (RMSH) and correlation length
(ğ). RMSH, which is also defined as the standard deviation of the surface height, describes
the vertical variation in surface elevation. While RMSH specifies the vertical scale of the
roughness, correlation length represents the horizontal scale [11] and is identified as the
maximum distance over which the correlation exists between profile surface heights [12].
In other words, ğ shows the uniformity of profile surface heights [13]. A large ğ corresponds
to more consistent heights and patterns, while small ğ corresponds to more fluctuations in
surface height in space [14].

RMSH and correlation length can be measured using a range of manual or in situ
techniques and remote sensing measurements. The most common in situ technique to
measure the parameters of surface roughness is the use of a pin profiler [9,15–18]. This
technique is simple to set up in the field. Moreover, it has the capability of joining 1 m
profiles to create a longer profile [19]. However, several limitations are associated with the
application of pin profiler in the field. The main disadvantage of the method is that the pins
can impact the surface under observation [20–22]. Data collection and processing are time-
consuming [13,23] and labour-intensive to obtain in the field [24]. Moreover, it is difficult to
use this method across large areas, particularly in the fields with row soil structures created
by cultivation [25]. Also, the measurements are collected along the one-dimensional and
limited-length profile (typically 1 m; although often joined together for a longer profile) [21].
This inconsistency in the characterization of surface roughness parameters can result in
significant errors and unreliable results in soil moisture retrievals [26].

Terrestrial light detection and ranging (LiDAR) offers a potential solution for some of
the above limitations [23,24]. LiDAR technology uses eye-safe laser beams to produce high-
resolution and three-dimensional surface representations of surveyed environments by
analyzing the two-way travel time of the reflected light from the object [27,28]. Terrestrial
laser scanning (TLS) is a common method for LiDAR data collection. The LiDAR unit
is typically mounted on tripods and used to survey the surface with spatial resolutions
from several millimetres up to several centimetres [11]. The application of LiDAR allows
for the fast operation speeds and the cost-effective assessment of surface structure at
the landscape scale, this technology also provides a dense measurement of an object.
However, issues of shadowing, which refers to the non-detection of areas due to the
shadow effect [29]; miscalculation of off-terrain objects [30]; and processing times for large
high-resolution datasets [31] may present mathematical and computational challenges in
the TLS approaches.

To retrieve surface roughness and soil moisture parameters from SAR data, polari-
metric scattering models [32], retrieval models [33], or sensitivity analyses [34] have been
applied to understand or characterize the microwave scattering properties of a target. The
intensity or magnitude of radar backscatter is dependent on how the radar energy interacts
with the surface. Generally, rougher surfaces scatter more of the incident energy away from
the specular direction than a smoother surface would, resulting in a higher backscatter
coefficient [24]. Throughout the literature evaluated, surface roughness measurements and,
therefore, the sensitivity analysis of surface roughness parameters to radar polarimetric
variables have been conducted within a variety of specific directions or azimuths. For
example, [34,35] evaluated the sensitivity of C-band SAR polarimetric variables to surface
roughness measured at look angle. Rakotoarivony et al. [36] investigated radar backscat-
tering responses to anisotropic surfaces using electromagnetic models (IEM and Kong’s
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model) over bare agricultural fields and evaluated the sensitivity of radar measurements to
surface parameters (soil moisture and surface roughness) measured at the radar look angle
and measured parallel and perpendicular to the row direction. In other studies, such as [5],
the measured roughness parameters were measured either parallel or perpendicular to the
field furrows for the retrieving of surface soil moisture using Sentinel-1 SAR data based on
calibrated IEM and Dubois models. Similarly, [37] evaluated the effect of surface roughness
sample size (20 profiles 1-m long per 10 fields) on SAR backscattering in agricultural
soils with different tillage treatments. Surface roughness measurements were performed
throughout the fields parallel to the tillage direction. In other studies, the authors have
not mentioned in which direction surface roughness was measured [38–40]. A common
characteristic of these previous studies is that surface roughness measurements were con-
ducted using pin profilers, restricting roughness measurements to specific azimuths. What
is unknown is the sensitivity of radar parameters to surface roughness with respect to the
orientation or azimuth in which it was collected. Given that surface roughness is a key
factor in many soil moisture retrieval models and is likely very sensitive to the profile
orientation [13], the overall objective of this study was to analyze the sensitivity of SAR
polarimetric variables to the surface roughness parameters at four different incidence
angles when the surface roughness measurements were obtained at different azimuths.

The specific objectives of the study were to:

(1) Identify which polarimetric variables are more sensitive with respect to different
incidence angles and various orientations of surface roughness measurements;

(2) Evaluate the characterization of surface roughness by pin profiler and TLS and assess
how they may contribute to the mischaracterization of surface roughness.

2. Materials and Methods
2.1. Site Description

The study included a number of agricultural fields within the Elora Research Station
(ERS). The ERS is located south of the village of Elora (49◦38′ N, 80◦24′ W), Ontario, Canada
and is operated by the University of Guelph (Figure 1).

The soil of the area belongs to the Luvisolic order, which is gray-brown soil typically
developed under deciduous or mixed forest vegetation according to the Canadian System
of Soil Classification [41]. Among the approximately 650 hectares of the Elora station,
numerous fields are under cultivation for crop research. The major crops include cereals
(corn, wheat, and barley), oilseeds (soybeans and canola), and edible beans (white and
coloured). However, for this study, we focused on the non-growing season with field
measurements conducted in May and November 2015. The field data were collected as
near to coincident with RADARSAT-2 acquisition as possible (generally within a maximum
of three days of the overpass). Fields were selected based on the presence of little or no
vegetation/residue cover and were selected to provide a range of roughness variations in
tillage conditions. The aim was to eliminate the effect of vegetation on the parameterization
of surface roughness since the ability of LiDAR to scan the soil surface is hindered by
vegetation. Moreover, in the presence of crops, the pin profiler mistakenly measures
vegetation as surface height, affecting the comparison of obtained surface roughness
parameters by LiDAR and the pin profiler. Please refer to Chabot et al. [13] for field photos
taken during the experiment (particularly Figure 2 in [13]).
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Figure 1. The location of the Elora Research Station (ERS) in Ontario, Canada. The white polygons on the left image indi-
cate the fields of study in May, and the black polygons indicate the November fields. 
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ing tie-points to provide a larger sampling region. The TLS was conducted before the pin 
profiler to avoid disturbing the surface due to the compression effect by the pin profiler 
and disruption by people accessing the field. Accurate geographic coordinates were cap-
tured for each scan using a real-time kinematic global positioning system (GPS). LiDAR 
point clouds were analyzed in a plug-in tool named Roughness from Point Cloud Profiles 
([13]; RPCP) and implemented in Whitebox Geospatial Analysis Tools (GAT) software 
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scribed by Chabot et al. [13]. The surface’s profile was recorded with a camera mounted 
on the pin profiler and then processed using a MATLAB graphical user interface to extract 
surface elevation points and calculate roughness statistics [13]. To obtain RMSH and cor-
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added together (e.g., 6 profiles taken per field). 

  

Figure 1. The location of the Elora Research Station (ERS) in Ontario, Canada. The white polygons on the left image indicate
the fields of study in May, and the black polygons indicate the November fields.

2.2. Surface Roughness Data Collection and Processing

For each field, three scans with an approximate distance of 25 m were taken using
TLS. The LiDAR point clouds were taken using a Leica C10 ScanStation (Leica, Heerbrugg,
Switzerland). The scans were collected using a full 360◦ horizontal and 270◦ vertical field
of view. Within the range of 1–50 m, the collected points have 6 mm positional accuracy
and a 4 mm distance accuracy, as reported in [30]. The three scans were co-registered using
tie-points to provide a larger sampling region. The TLS was conducted before the pin
profiler to avoid disturbing the surface due to the compression effect by the pin profiler and
disruption by people accessing the field. Accurate geographic coordinates were captured
for each scan using a real-time kinematic global positioning system (GPS). LiDAR point
clouds were analyzed in a plug-in tool named Roughness from Point Cloud Profiles ([13];
RPCP) and implemented in Whitebox Geospatial Analysis Tools (GAT) software version
3.4.0 [42] to extract the RMSH and ğ in interquartile ranges (IQRs) for each field. Within
the RPCP, the distance between profiles and profile sampling were set at 0.5 m and 1 cm,
respectively, to match pin profiler measurements. The de-trending polynomial was applied
to remove the effects of a slope from the roughness measurements, and the roughness
statistic was derived in multi-azimuth mode, to collect measurements along profiles every
0.5◦ from 0◦ to 360◦ azimuth.

Pin profiler measurements were taken in the centre of three TLS scans using a 1-m pin
profiler (with pins 1-cm apart) in the east–west and north–south directions as described by
Chabot et al. [13]. The surface’s profile was recorded with a camera mounted on the pin
profiler and then processed using a MATLAB graphical user interface to extract surface
elevation points and calculate roughness statistics [13]. To obtain RMSH and correlation
length statistics from the pin profiler, three 1 m profiles in each azimuth were added
together (e.g., 6 profiles taken per field).
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2.3. SAR Image Acquisition and Processing

Four RADARSAT-2 images were acquired using fine quad-mode polarization and
different incidence angles in May and November 2015, as shown in Table 1. Common
polarimetric parameters were selected for analysis and extracted using the steps shown
in Figure 2. Some of the common polarimetric parameters extracted included pedestal
height, which is a variable that shows the degree of polarization. The larger pedestal height
corresponds to multiple and volume scattering, while the smaller pedestal height shows
the surface scattering (e.g., [43]). We also used the Cloude–Pottier decomposition variables
including the H, α-angle, and A, which describe and classify the scattering mechanism of
a target [44]. H (entropy) measures the randomness of the scattering and ranges from 0
to 1. Values close to 1 indicate that depolarization has happened and there is no longer a
single-scattering mechanism, instead, there should be multiple scattering, while values
close to 0 represent the surface scattering. A (anisotropy) measures the importance of the
dominant scattering and ranges from 0 to 1. Greater values of A indicate the dominance
of one scattering mechanism, while lower values show the contribution of secondary and
tertiary scattering. α-angle estimates the dominant scattering source and varies from 0◦ to
90◦. It would be close to 0◦ for surface scattering, close to 45◦ for volume scattering, and
close to 90◦ for double-bounce scattering [44].

Image processing and radiometric and geometric corrections were conducted using
the Sentinels Application Platform (SNAP) software version 7.0.3 (freely available software
developed by the European Space Agency (ESA) [45]. First, the DN values of raw products
were converted to σ◦ using radiometric calibration. Then, speckle filtering was applied
using a 5 × 5 Boxcar filter to reduce noise. Finally, the ground ranged images were
geometrically corrected using the terrain correction algorithm [46]. However, some images
still suffered from the spatial displacement. The orthorectification was then performed
manually in ArcMap (10.6) using the georeferencing tool, with reference targets selected
from georeferenced images, field polygons files, and road vector data. The final images
had a root mean square error (RMSE) of less than two pixels. All final RADARSAT-2
images had a pixel spacing of 9.45 m. For polarimetric decomposition extraction, a T3
matrix generation was performed before terrain correction [47,48]. The linear intensity and
polarimetric variables for the pixels of each field were extracted by creating a mask for each
field. Over the region where the TLS station was measured, a 20-m buffer mask was created
for each field, regardless of the actual size of the field. Then, each mask was overlaid on
SAR images in SNAP, and polarimetric variables were extracted by exporting mask pixels.
The average and mean value of parameters were then calculated for the subset region.

Table 1. Radar characteristics of RADARSAT-2 fine quad-mode polarization images of the study area.

In Situ
Measurement

Date

RADAR
Acquisition

Acquisition
Mode

Orbit (or
Pass)

Incidence
Angle (◦)
(Average)

Look Angle
(◦)

(Average)

13–14 May 2015 16 May 2015 FQP * Ascending 45 38.5
13–14 May 2015 17 May 2015 FQP Descending 30 26
16–17 November

2015
17 November

2015 FQP Ascending 49 41.5

16–17 November
2015

18 November
2015 FQP Descending 24 21

* fine quad polarization.
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Figure 2. The flowchart of RADARSAT-2 image processing steps.

2.4. Statistical Analysis

Descriptive statistical analysis was conducted using SPSS software (version 26) to
check the linearity and normality of data. According to de Winter et al. [49], the Spear-
man correlation is more robust than, and preferred to, the Pearson correlation in small
sample size datasets with non-normal distribution and the presence of outliers. For this
study, the Spearman rank correlation (p value) was conducted to analyze the association
between mean RMSH measured by TLS and mean radar parameters for different orienta-
tions, and results were shown using a polar graphical approach. These polar charts were
prepared using SAR parameters obtained from pixels within the fields where the TLS data
were obtained.

The Spearman correlation was also used to compare pin measurements at the east–
west and north–south orientations and the field average results obtained with the TLS
method with the SAR polarimetric variables. The aim was to determine the differences in
results between pin profiler and TLS, and how much each method may contribute to the
mischaracterization of surface roughness. The RMSH (collected using pin boards and the
TLS approach) and the associate polarimetric variables were averaged within the region of
the field covered by the TLS. The Spearman correlations reported used the field scale data
(15 fields total).

3. Results
3.1. Surface Roughness Characteristics with Respect to the Orientation

The value of RMSH varied between the November and May surface acquisitions, as
summarized in Table 2. In May, greater heterogeneity was observed with larger variation
of mean RMSH and ğ in all orientations among fields. In November, several fields were
rougher with respect to the absolute value of mean RMSH; however, there was a lower
range in roughness variations observed among fields.

Three representative fields with different roughness situations were selected to demon-
strate the sensitivity of surface roughness characteristics with respect to the orientation
using a polar graph (Figure 3). The selection was based on the variation of mean RMSH
and ğ and the difference between the highest and the lowest RMSH value in the field. In
general, the shape of the polar graphs depends on the main elements of roughness, such as
the direction of tillage, crop residue, and soil clods [13].
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Table 2. The range of surface roughness variations in terms of mean RMSH and mean ğ for all fields.

Field Maximum Value Minimum Value Difference

RMSH ğ RMSH ğ RMSH ğ
November 3.97 0.16 2.87 0.09 1.1 0.07

May 2.41 0.94 1.19 0.2 1.22 0.74
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Figure 3. Variation of surface roughness characteristics across orientations for three representative fields (Figure 3a–c). (a) A
homogenous field with low variations in RMSH and correlation length in the whole field. (b) A moderately smooth field
with some distinct variability across some orientations and more ridges and furrows than field Figure 3a. (c) A rough field
with the highest variability of RMSH and correlation length and more distinct ridges and furrows across orientations.

Figure 3a (TLS completed during the November study period) represents a relatively
homogenous rough field as it has a low variability of surface roughness across all orienta-
tions. In addition to some low directional variability of surface roughness, this area had
the smallest IQRs in the scanned area of the field. Moreover, the difference between the
highest RMSH and the lowest RMSH was small. This indicates that this field was bare,
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with no significant directional tillage and no distinct ridges or furrows, but with the soil
clod orientation having no directional preference.

Figure 3b, with the lowest values of RMSH, represents a relatively smooth field. As
this figure shows, the RMSH and ğ had large variability across the orientations, in particular
for the third quartile. The RMSH had an abrupt drop close to 45◦ and 225◦; however, the
ğ increased in these azimuths. The sharper shape of the ğ was due to its higher directional
sensitivity compared to the RMSH [10]. Moreover, the difference between the lowest and
the highest RMSH was considerable. It can be concluded that the sharp decrease in the
RMSH, which was close to 45◦ and 225◦, resulted from the tillage direction, which aligned
with the measuring of surface roughness parameters. In addition, in other parts of the field,
the crop residue and soil clods contributed to the variation of surface roughness.

Similarly to the previous field, Figure 3c shows the large variability of surface rough-
ness parameters across the orientation. However, over the whole field, the variation of this
area was larger and more distinct than that of Figure 3b. Moreover, the difference between
the lowest and the highest RMSH was large. It can be said that the surface roughness
elements (tillage direction, crop residue, and soil clods) were more dominant and the
alignment was more apparent in this field. In this case, the field was characterized by
deeper furrows than those observed at the other study sites.

3.2. Sensitivity of RADARSAT-2 Parameters to the Surface Roughness Parameters

Results of the Spearman rank correlation (p value) between measured mean RMSH
(by TLS and pin profiler) and mean radar parameters for two different orientations and
look angles are presented in Tables 3 and 4, respectively. Since the surface roughness
measurements using the pin profiler were not conducted in the RADARSAT-2 look angles,
the sensitivity analysis of radar parameters to the RMSH at the look angle presented in
this study only applies to the TLS. As demonstrated, the radar parameters show different
sensitivity to the directionality of RMSH. This difference in the correlation results between
radar parameters at different incidence angles and surface roughness measurements at
different orientations was observed using the two methods of measuring surface roughness
(TLS and pin profiler). At azimuth 0◦, and in the lower incidence angles (24◦ incidence
angle), significant relationships were found between surface roughness measured by TLS
and radar parameters (σ◦ VV, σ◦ HH/VV, total power, and α-angle). At 45◦ incidence
angle, significant relationships with HH and HV (by pin profiler) and VV (by TLS) were
observed from roughness measurements at azimuth 0◦. At a higher incidence angle (49◦

incidence angle), generally weak relationships were observed in this azimuth (using TLS).
Similarly, the pin profiler (north–south direction) showed higher relationships at the same
incidence angles, however, with different parameters.

The pin profiler showed different behaviours than TLS in the azimuth 90◦ or east–west
orientation. At three different incidence angles (30◦, 45◦, 49◦), the pin profiler showed
approximately the same level of significance between radar parameters and RMSH. Among
all parameters, σ◦ HH and total power were the only parameters with the same behaviour
with respect to the RMSH obtained by the pin profiler in the east–west direction at the three
incidence angles. Moreover, at incidence angles 30◦ and 45◦, the pin profiler results showed
far more sensitivity (with respect to the p value of the correlation analysis) compared to
the TLS. This may be related to the observation that the pin profile measurements were
higher in value than the TLS measurements in most fields with greater variation observed
between fields (Figure 4). This is perhaps related to the sampling technique. Whereas TLS
point clouds provide the surface roughness measurements from numerous transects, the
pin profiler sampling is based on a single 3-m transect within the fields (although taken
along different orientations). The lower measurement values by TLS may be impacted by
shadowing effects in the TLS point clouds. Potentially, a furrow mound could block the
view of the ground beyond it, thus the TLS point cloud will not have any points at the
bottom of the furrow beyond. We attempted to minimize this effect through multiple scans;
however, in future studies, this may be minimized through the adoption of a higher station
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viewpoint. For the purpose of this study, it may have resulted in the reduction of local
ranges in elevation (missing bottoms) and reduction of the RMSH.

Table 3. Comparing the Spearman correlation coefficients (p value) between averaged polarimetric variables and mean
RMSH obtained with TLS and pin profiler in different orientations.

Terrestrial Laser Scanner (Azimuth 90◦) Pin Profiler (East–West Direction)

Incidence angle 24◦ 30◦ 45◦ 49◦ 24◦ 30◦ 45◦ 49◦

Look angle 21◦ 26◦ 38.5◦ 41.5◦ 21◦ 26◦ 38.5◦ 41.5◦

σ◦ HH −0.20 0.43 0.28 −0.71 0.26 −0.62 * −0.66 * −0.77 *
σ◦ VV −0.31 0.66 * 0.60 * −0.71 0.09 −0.79 ** −0.85 ** −0.26
σ◦ HV −0.20 0.40 −0.13 −0.37 0.26 −0.57 −0.23 −0.26

σ◦ HH/VV 0.54 −0.23 −0.18 0.77 * 0.43 0.41 0.15 0.82 *
σ◦ HH/HV −0.31 −0.20 0.57 −0.77 * −0.37 0.29 −0.12 −0.54
σ◦ VV/VH −0.31 −0.12 0.53 −0.60 −0.37 0.16 −0.11 −0.66
σ◦ HV/VV 0.31 0.22 −0.48 0.66 0.37 −0.39 0.15 0.60

Pedestal height 0.60 −0.22 −0.42 0.66 0.37 −0.1 0.28 0.60
Total power −0.37 0.55 0.42 −0.71 0.14 −0.71 * −0.77 ** −0.77 *

H 0.31 −0.48 −0.47 0.60 0.37 0.15 0.38 0.71
A 0.03 −0.38 −0.42 −0.03 −0.09 0.31 0.75 ** −0.09

α-angle 0.60 −0.48 −0.32 0.60 0.31 0.15 0.15 0.71
Terrestrial Laser Scanner (azimuth 0◦) Pin profiler (North–South direction)

σ◦ HH −0.60 0.33 0.22 0.09 −0.54 −0.45 −0.63 * −0.09
σ◦ VV −0.88 ** 0.55 0.60 * 0.09 −0.37 −0.40 −0.45 −0.31
σ◦ HV −0.20 0.43 −0.17 0.26 0.03 −0.13 −0.65 * −0.31

σ◦ HH/VV 0.77 * −0.30 −0.40 0.37 0.71 0.00 −0.12 −0.31
σ◦ HH/HV −0.71 −0.27 0.53 −0.14 −0.77 * 0.00 0.38 0.03
σ◦ VV/VH −0.71 −0.18 0.52 −0.03 −0.77 * −0.07 0.45 0.26
σ◦ HV/VV 0.71 0.27 −0.61 * −0.09 0.77 * 0.02 −0.38 0.37

Pedestal height 0.66 −0.23 −0.33 −0.09 0.77 * 0.08 0.08 −0.31
Total power −0.77 * 0.50 0.37 0.09 −0.43 −0.28 −0.71 * −0.09

H 0.71 −0.48 −0.35 −0.20 0.77 * 0.13 0.18 −0.14
A 0.60 −0.38 −0.38 −0.14 0.37 0.12 0.48 0.37

α-angle 0.88 ** −0.48 −0.20 −0.20 0.54 0.13 −0.05 −0.14

* Correlation is significant at the 0.05 level. ** Correlation is significant at the 0.01 level.

Table 4. The Spearman correlation coefficients (p value) between averaged polarimetric variables
and mean RMSH obtained by TLS at the look angle.

Terrestrial Laser Scanner (Look Angle)

Incidence angle 24◦ 30◦ 45◦ 49◦

Look angle 21◦ 26◦ 38.5◦ 41.5◦

σ◦ HH −0.09 0.13 0.13 −0.77 *
σ◦ VV −0.20 0.30 0.42 −0.77 *
σ◦ HV −0.37 0.33 −0.33 −0.43

σ◦ HH/VV 0.26 0.00 −0.10 0.66
σ◦ HH/HV −0.03 −0.22 0.66 * −0.88 **
σ◦ VV/VH −0.03 −0.13 0.76 ** −0.66
σ◦ HV/VV 0.03 0.27 −0.63 * 0.77 *

Pedestal height 0.31 −0.08 0.00 0.77 *
Total power −0.26 0.30 0.13 −0.77 *

H 0.03 −0.23 0.02 0.71
A 0.09 −0.23 0.07 0.14

α-angle 0.37 −0.23 0 0.71
* Correlation is significant at the 0.05 level. ** Correlation is significant at the 0.01 level.
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Figure 4. The comparison of mean RMSH measured by TLS and pin profiler at two different orientations.

In contrast to roughness measurements taken along pre-determined azimuths (0◦, 45◦,
90◦), we also examined the relationship between radar parameters and surface roughness
characteristics at the look angle. According to Table 4, this relationship increases with
increasing the incidence angle (as well established in previous research e.g., [34]). Very
strong correlations, some positive and some negative, were observed between most of the
parameters at satellite look angles. This agrees with Van Der Wal et al. [50] who stated that
the look angle of a sensor affects the relationship between radar parameters and surface
roughness. At incidence angle 49◦, σ◦ HH/HV has the most significant correlation, then
σ◦ HH, σ◦ VV, σ◦ HV/VV, pedestal height, and total power.

To further demonstrate the effect of surface roughness directionality on radar pa-
rameters observed over the fields, in Figure 5 we examined the sensitivity between radar
parameters and mean RMSH obtained by TLS using a polar graph. In this graph, the Spear-
man correlation between radar parameters and mean RMSH for all fields is illustrated
in every 0.5◦ orientation from 0◦ to 360◦. Since radar backscatter signal is more sensitive
to higher incidence angles, we show several radar parameters shown to be sensitive to
roughness only at the higher incidence angles (45◦ and 49◦). This figure suggests that
the radar parameters show different behaviours at different incidence angles with respect
to the azimuth orientation, demonstrating the sensitivity of roughness measurements in
agricultural fields to the direction that is observed.
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49◦, with look angles 38.5◦ and 41.5◦, respectively. (a) The sensitivity of linear backscatter coefficients (σ◦ HH and σ◦ VV) to
the directionality of RMSH at incidence angles 45◦ and 49◦. (b) The sensitivity of cross-polarized ratios (VV/VH, HH/HV,
HV/VV), total power and pedestal height with respect to the RMSH orientation at both incidence angles.

4. Discussion

In many SAR studies, surface roughness measurements were reported to be conducted
at the look angle of SAR images [34,35,51]. However, there are also several studies in
which the orientation of the roughness measurements was not mentioned [38,39] or was
taken to capture key roughness elements of the field, such as perpendicular to the field
furrows [5,52]. While the results of this study confirm that radar parameters are more
sensitive to surface roughness at higher incidence angles [33,40,53], an important result
suggests that the sensitivity between radar parameters and surface roughness can change
depending on the orientation at which the roughness is measured. To further demonstrate
this impact, in Figure 5a we show the changes in correlation observed in both σ◦ HH and
σ◦ VV at the 45◦ and 49◦ incidence angle as a function of the azimuth over which the
roughness was observed. At 49◦ incidence angle the correlations observed between σ◦

HH and σ◦ VV were in close agreement, whereas at 45◦ incidence angle, VV was far more
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sensitive to roughness at all orientations. As previously discussed, as the incidence angle
decreases, the contribution of soil moisture to SAR backscatter becomes much higher than
that of surface roughness. Likely, at 45◦ θ, both soil moisture and surface roughness have
a significant impact on the backscattered signal; however, the HH polarization likely has
higher sensitivity to soil moisture than to surface roughness [54]. This may explain why
σ◦ HH showed a lower sensitivity to the mean RMSH at 45◦ θ than at 49◦ θ (as shown
in Table 4). At 49◦ θ, SAR backscatters were dominantly affected by surface roughness
leading to regions of both positive and negative correlation between roughness and radar
parameters for both polarizations (at a specific orientation), and statistically significant
correlations to roughness were observed at look angle, as presented in Table 4. At 49◦

incidence angle, it should be noted that there were very rapid changes in the significance
of the correlations that occurred at various orientations, including a very rapid change
in correlation and correlation sign near orientations 0◦ and 180◦ (given the symmetry
observed in Figure 5).

At 45◦ incidence angle, the σ◦ in VV was far more sensitive to roughness (higher
correlations) at orientations 0◦ and 90◦; however, at look angle, the correlations observed
were not statistically significant. As depicted in Figure 5, there is a potential anomaly
(apparent spike in correlation) in the sensitivity analysis in σ◦ HH and σ◦ VV at the 45◦

incidence angle. This is perhaps due to the fact that the overall tillage direction (when
present on a field) was closely parallel (45◦) to this azimuth, leading to some spikes
in the sensitivity analysis. It is interesting to note that if roughness was observed at
orientations between 75◦ to 185◦, correlations for σ◦ VV would have been considered
statistically significant (as observed at orientation 0◦ in Table 2). This further demonstrates
the importance of ensuring that the roughness measurement orientation is in line with the
satellite look angle.

Similar to Figure 5a, in Figure 5b we show the sensitivity of correlation between
field-measured RMSH at a variety of orientations to total power (Totalp), pedestal height
(pedestal), and cross-polarized ratios (VVVH, HHHV, and HVVV) at 45◦ incidence angle
and 49◦ incidence angle. As expected, more significant correlations were observed at
the higher incidence angle (at 49◦); however, similarly to the relationships observed in
Figure 5a, there was significant sensitivity to the orientation of the measurement.

An important contribution of this work suggests that the lack of precision in the
characterization of roughness measurement orientation may result in the misinterpretation
of SAR sensitivity to surface roughness. Due to the fact that surface roughness is a crucial
factor in many soil moisture retrieval models, any mischaracterization of this surface pa-
rameter may lead to unreliable results in agricultural modelling and monitoring. Yet, soil
moisture estimation using retrieval models is challenging because of the complexity of sur-
face roughness characterization. A t limitation of retrieval models is that the sensitivity of
SAR responses to surface roughness can be greater than that of soil moisture [55]. Generally,
most microwave scattering models describe surface roughness as a single scale, stationary,
Gaussian, and random process [3,56], which is not the case of the natural agricultural fields.
Furthermore, the characterized surface roughness is not constant throughout the fields and
may change with small variations in azimuth (Figure 5). Therefore, it is of great importance
to report at which orientation or azimuth the surface roughness measurements are taken,
as this study demonstrates that the periodic structure of agricultural surfaces provides
significant ranges in roughness values, with respect to orientations.

Another important aspect of this work is the comparison between TLS-derived mea-
sures of RMSH versus those derived using pin boards. In many cases (Table 2) the corre-
lations observed using the TLS were not observed using the pin board. We suggest that
this may be related to a sampling bias associated with the pin boards. Over most of our
measured agricultural fields, lower variability was observed in RMSH. Lower variability
was observed both within and between fields when using the TLS approach. This is likely
due to the ability of TLS to capture thousands of potential profiles versus only the three
measurements of pin profiler (3 × 1 × 3 m profiles). As demonstrated in Chabot et al. [13],
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significant sampling bias between these approaches can result due to incomplete charac-
terization. In general, the majority of studies highlighting the importance and sensitivity
of radar parameters to roughness have been conducted using roughness measurement
approaches derived from the pin board technique; however, we anticipate that further
development of these roughness parameterizations and characterizations will result from
the more detailed measurement of the surface, as available from TLS.

5. Conclusions

This research analyzed the sensitivity of RADARSAT-2 polarimetric variables ac-
cording to the direction in which surface roughness parameters are characterized. For
this purpose, surface roughness measurements were conducted by a pin profiler at the
east–west and north–south directions, and by TLS in multi-azimuth mode (by 0.5◦ from
0◦ to 360◦). Both measurements were correlated to the polarimetric variables at those
orientations. Moreover, the study area was divided into three representative fields with
roughness attributes, and roughness parameters were evaluated for these fields. The re-
sults demonstrated that surface roughness parameters behave differently with respect to
orientation. Consequently, the polarimetric variables showed different correlations with
surface roughness parameters at different orientations, and most were sensitive to surface
roughness at higher incidence angles. Furthermore, the sensitivity analyses were more
significant when both surface roughness and radar parameters were within the look angle.

Moreover, our results showed that TLS performed more reliably than the pin profiler
for the measurements of the surface roughness parameters at two orientations (east–west
and north–south). Unfortunately, there is a lack of clarity in the directionality of the
measurement of surface roughness parameters in some studies. So far, many studies have
reported that surface roughness measurements were conducted in the look angle of SAR
sensors, or parallel or perpendicular to the tillage direction or field furrow. Since surface
roughness is a key factor in many soil moisture retrieval models, any mischaracterization of
that will lead to unreliable results in agricultural modelling and monitoring. Therefore, it is
of great importance to consider aspects of surface roughness variations due to orientation.
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