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Abstract—Various forward models have been developed for mea-
suring agricultural biophysical parameters from the microwave
or optical data, but their application to periodic surfaces (e.g.,
periodic crop rows and plowed soil rows) still suffers from the need
of row-feature descriptions. Accordingly, an operational method
was proposed herein to estimate the orientation and period of row
features from very high spatial resolution optical data, as input to
multi-scale scattering models. The periodic features were estimated
from the frequency domain using the Fourier magnitude spectrum
by scanning in azimuth to identify the presence/absence of periodic
features and the main direction. The frequency representing the
dominant periodic features was then determined from the main
direction of the magnitude spectrum. Moreover, the tillage type of
the bare soil surface was classified into one of three types (sinu-
soidal, sinusoidal bench, or bench) according to the magnitudes
of dominant periodic features in the main direction. The method
was evaluated using two data sets consisting of various agricultural
features in regional Melbourne, Australia. The retrieval Root Mean
Square Error (RMSE) in orientation and period was < 3° and
0.1 m. The overall accuracy of detecting the periodic features and
tillage type classification was >95% and 70.59%, respectively. The
proposed method and the retrieved periodic features are expected
to partly solve the ill-posed nature of microwave data inversion over
periodic surfaces.

Index Terms—Agricultural row orientation, agricultural row
period, high resolution optical data, multi-scale scattering model.

I. INTRODUCTION

R EMOTE sensing of agricultural biophysical parameters
(e.g., biomass, soil roughness, soil moisture, and vegeta-

tion water content) is of tremendous scientific interest and prac-
tical value for solving the world’s increasing demand of food.
An isotropically rough surface and/or a uniform vegetation layer
are commonly assumed, resulting in a few widely used classical
scattering [1]–[3] and reflectance [4]–[6] models. However, this
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introduces large uncertainty in application to agricultural areas
with periodic row features (e.g., periodic crop rows, plowed soil
rows, and tracks from the agricultural machinery).

The effect of periodic row features on optical reflectance
[7]–[9] and radar backscattering coefficient [10]–[14] and its
subsequent applications have been demonstrated in many stud-
ies. For radar remote sensing, several papers have suggested the
use of an effective roughness for periodic plowed surfaces [14]–
[17], with the effective roughness parameterizations requiring
further evaluation. A few multi-scale radar scattering models are
available, including those developed for sinusoidal surfaces [1],
[10], [18] and quasi-periodic rough surfaces [19]–[21]. Despite
the root mean square height and correlation length describing
the random roughness superimposed on the periodic surface,
these models require the period, orientation, and the maximum
height of the periodic surface, being more challenging to inverse
using radar data only. Similarly, several optical radiative transfer
models for row crops have been proposed [7], [22], [23], requir-
ing the details of row features. In situ measurement of those
parameters can be used for model development and validation.
However, remote sensing of those periodic features for input to
the scattering and reflectance models is more favorable from an
operational perspective.

The agricultural row features present small-scale spatial het-
erogeneities in the landscape, as a result of cultivation activities
(e.g., soil tillage, seeding, and harvesting), the variety of culti-
vated crops and varying growth patterns [24]. In radar images,
the row structures observed perpendicular to the radar look direc-
tion have much larger co-polarized backscattering coefficient σ0

(up to 10 dB) compared to those observed parallel to the radar
look direction [12], [15], [25], [26], appearing as bright lines
or curves within the fields. Similarly, oriented terrain features
(mountain orientation) and urban structures have been found to
have increased cross-polarization (HV) intensities and subse-
quently the coherency matrices become reflection asymmetric
[27], with these changes detectable using polarimetric radars.
Polarimetric decomposition methods were thus developed to
roughly identify the orientation of large scale terrain features
[27]–[29], with their application to determining the orientation
of periodic features in agricultural fields being unresolved.

In optical data, furrows and crop rows are more straightfor-
ward and visible compared to that in radar data, being periodic
lines or curves with a different reflectance. A great number of
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Fig. 1. Summary of the Cora Lynn site and collected data. (a) Image of the Cora Lynn site collected on December 24, 2018 as well as the paddock ID and
boundaries for paddock scale analysis. (b) Multi-temporal images of paddock #11. (c)–(e) Images of three paddocks (#4, 5, and 2) with their experimental profiles
measured in December 2018.

methods have been developed for detecting line features (e.g.,
road network, coastlines, and power line corridors) from optical
data, with some those mostly encountered being the mathe-
matical morphology methods [30]–[32] and classification-based
methods [33]–[35]. These techniques have also been success-
fully applied to agricultural plots. For example, Sicre et al. [24]
proposed a mathematical morphology algorithm for estimating
crop azimuth using high resolution optical data (2 and 8 m), and
various classifiers have been trained to determine the occurrence
of tillage operations using SPOT-4 and ASAR data [36]. A more
recent study applied the support vector machine together with
various image features (spectrum, texture, and shape) to identify
linear soil and water conservation structures [37]. While these
methods can provide some valuable descriptions of agricultural
line features, they are still insufficient for operational application
to the aforementioned forward scattering models. At least two of
the three periodic parameters (orientation, period, and maximum
height) are required for inversion of these models using a single
full-polarized radar acquisition.

To quantitatively measure these spatially small details, very
high resolution (VHR) data is required. Fortunately, such data
has become increasingly available over the past two decades,
with recently launched commercial optical satellites (e.g., the
Worldview series) achieving a spatial resolution of 0.3–0.5 m.
While such high-resolution data may be acquired infrequently
through time, they can still satisfy the requirement of forward

models because the orientation and period of furrows and linear
crop features remain constant throughout the same crop growth
cycle.

In this study, an automatic method for estimating the orien-
tation and period of soil tillage features and/or crop rows is
presented. Accordingly, this method uses VHR optical imagery
for the operational retrieval of biophysical parameters using
available multi-scale scattering models. The method estimates
these periodic features using Fournier magnitude spectrum,
given the convenience of identifying periodic information in the
frequency domain. Two data sets were used for the validation of
the proposed method, being the remote sensing and ground data
collected at a small focus area (Cora Lynn), and a regional data
set collected in regional Melbourne, Australia.

II. DATA SETS

A. Cora Lynn

The Cora Lynn study site is a flat agricultural area being 850 m
by 670 m in size (Fig. 1(a)), located in regional Melbourne,
Australia. A tower-based L/P-band radiometer system was setup
in this area since November 2017 to demonstrate a new satellite
concept of soil moisture mapping [38]. A total of 16 soil moisture
monitoring stations were evenly distributed across this area,
covering most of the typical land surface types, including wheat,
corn, potato, grass, garlic, and lettuce. Intensive cultivation
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TABLE I
GROUND MEASURED ROW FEATURES OF THE CORA LYNN SITE. THE TILLAGE TYPE 1, 2, AND 3 DENOTE THE SINUSOIDAL, SINUSOIDAL BENCH,

AND BENCH, RESPECTIVELY

activities (soil plowing, seeding, and harvest, etc.) were observed
in 2018, resulting in regular changes of row orientation and
periods. In particular, three paddocks (#4, #5, and #6) were
plowed with periodic patterns and different orientations in July
2018 for analyzing the effect of row features on microwave
observations.

Four of the available Nearmap images (https://www.nearmap
.com.au) at the Cora Lynn site were used in this study; being the
Red/Green/Blue images taken on January 19, March 28, Septem-
ber 5, and December 24, 2018, respectively, covering the main
crop cycles in this area. The multi-temporal images of paddock
#11 are included in Fig. 1(b) as an example. The first three
images were dry to very wet bare soil surface, with the spray
irrigation captured in the image of September. Dense lettuce
was observed in December with clear periodic rows. The spatial
resolution of these Nearmap images is 0.075 m, being much
smaller than the period of the row features measured (Table I).
Since the periodic row structure is uniform within a paddock, 13
paddocks were delineated using visual interpretation for analysis
at the paddock scale.

Ground sampling of soil moisture, vegetation, and soil surface
roughness were made in this area on a weekly-basis for the
calibration/validation of soil moisture retrieval algorithms [38].
The orientation of crop and soil rows was measured using
a compass, with the geomagnetic declination corrected. Soil
surface profiles were also captured using a pin profiler over
a length of 3 m, covering 2–4 periods for most paddocks. In
general, the measured soil profiles could be classified into three
types: sinusoidal, sinusoidal bench, and flat bench [39], with
three corresponding examples (paddock #4, #5, and #2) shown
in Fig. 1(c)–(e). These experimental profiles can be modeled
as a sum of sinusoidal functions. One sinusoidal function (a
component in frequency domain) was sufficient to represent
one of the profile types shown in Fig. 1, while two and three
sinusoidal functions were required for the bench-sinusoidal
and bench types, respectively. Each sinusoidal function in the
frequency domain is a bright point. Bare soil at the top part

of the periodic surface commonly has lower soil moisture and
subsequently higher reflectance in optical data (higher digital
numbers in aerial images) than that at the bottom part as shown
in Fig. 1(c). Moreover, the bottom parts may be covered by the
shadow of the top parts, resulting in lower values in images.
Accordingly, VHR images may provide valuable information
of the soil vertical structures (e.g., the tillage type), required
in microwave remote sensing applications [39], [40], although
they do not directly measure the variation of surface height.
The ground measured orientation and periods of crop and soil
rows, and tillage type of bare soil paddocks are summarized in
Table I. A total of 21 paddocks had periodic row features in
the Cora Lynn data set, but covering only a narrow range of
orientation (54°–110°) and periods (0.7–3.3 m). Accordingly, a
larger data set with various row features was introduced for a
more comprehensive validation.

B. Regional

The regional data set was selected from historic Nearmap
images in regional Melbourne (Fig. 2), consisting of 200 sep-
arate images. Each image captured a homogeneous area with
a size of 1000 × 1000 pixels. The main land cover of these
images included bare soil, crop, grass, orchard, vineyard, water,
residence, forest, and green house. Among these, the water body,
residence, and forest were included as negative targets without
periodic features, while the greenhouse provided testing on a
more complex scenario. The linear features in grass images were
mainly tracks of agricultural machinery and the residual grass
after harvest as shown in Fig. 2, having irregular periodic fea-
tures. The number of images with a periodic surface as a function
of type are summarized in Fig. 2. Moreover, these images were
roughly categorized into pure bare, sparsely vegetated area and
fully covered vegetated area.

Ground measurements were not available for the historic
images, but fortunately orientation and periods could be directly
measured from the image itself and therefore used as the truth.
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Fig. 2. Locations of the regional samples with examples of all land cover types included. The number A/B on the top of each example indicates the number of
images with a periodic feature (A) and the total number of images for this category (B).

Specifically, the ruler tool in Photoshop was utilized to determine
the period of rows in pixels and orientation in degrees. Ten evenly
distributed measurements were made and averaged for each
image, with each measurement including at least five periods.
Measurements were also made for the Cora Lynn data set and
compared with the ground measurements, showing a root mean
square error (RMSE) of 5.6 cm in period and 0.82° in orientation,
which was considered satisfactory for this study. The orientation
of the regional data set covered the full range of angles between
0° and 180°, with most paddocks centered on 10°, 100°, 165°,
and 180°. The measured periods also had a large range being
∼0.3–15 m, with the large values observed for periodic tracks.
Notably, small periodic features may appear in crop paddocks
(e.g., wheat rows can be 0.1–0.2 m), which can be hard to identify
using the 0.075 m Nearmap images.

III. METHODOLOGY

A. Typical Agricultural Surfaces in the Frequency Domain

The characteristics of typical agricultural areas in the fre-
quency domain were analyzed first. Only a brief introduction to
the 2-D spectral analysis by Fourier transform is provided, as
technique details [41] as well as applications to remote sensing
images [42], [43] are already available in literature. Only square
grey images were considered for simplicity, although the method
also applies to rectangular images and a specific spectral band.
Given an image f(x, y) defined as an N × N array of grey-scale
values in the range 0–255, the 2-D complex Fourier spectrum

can be calculated by:

F (u, v) =
1

N2

N−1∑

x=0

N−1∑

y=0

f(x, y)e−j2π(ux+vy)/N (1)

where u and v are wavenumbers representing the number of
periods per image in the x and y directions respectively. The
direct current component F(0, 0) in the magnitude spectrum
reflects the mean of the brightness of the original image. When
expressed in polar form [41], the Fourier spectrum F(r, θ) can
be explained by a weighted sum of cosine and sine waveforms,
having varying spatial frequency r =

√
u2 + v2and travelling

direction θ = tan−1(u/v).
Several typical image examples and their magnitude spec-

trums (|F(u, v)|) in dB are presented in Fig. 3. Images with clear
periodic soil row structures had a bright line in the magnitude
spectrum, representing the significant periodic grey variation
along the perpendicular direction of the row orientation. More-
over, there were several pairs of symmetric bright points on the
bright line, denoting the dominant periodic structures in images.
Accordingly, it is quite convenient to estimate the periods and
orientation of agricultural rows using r and θ, after determination
of the locations (u, v) of these bright points. The sinusoidal,
sinusoidal bench, and bench type of bare soil had 1, 2, and 3 pairs
of symmetric points respectively, in line with the experimental
profiles in Fig. 1. The orchard example had periodic textures in
multiple directions and thus contains multiple pairs of points in
varying directions. In contrast, the two non-periodic examples
(residential area and water) either had multiple bright lines
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Fig. 3. Example images of agricultural areas and their magnitude spectrums in dB.

Fig. 4. Outline of the proposed method consisting of scanning in the azimuth and the main directions, with three criterions (C1, C2, and C3) proposed to determine
row features.

without any clear points or no bright lines. The bright lines of the
residential image resulted from the significant grey variations at
the building’s boundaries and have thus been used for image
segmentation [44].

B. Proposed Method for Row Feature Estimation

Fig. 4 shows the outline of the proposed method, with the
first step being the Fast Fournier Transform (FFT), followed
by the two main steps to determine the locations representing
the dominant periodic structures. Since the spectrum analysis
based on the Fourier transform is a global technique, it can
only provide the overall period and orientation of the whole
image. Accordingly, a preprocessing step of image segmentation
is required, with a number of sophisticated algorithms evaluated

in Zhang et al. [45]. Alternatively, an image can be separated
into several sub-images according to a uniform grid for a specific
application, e.g., a soil moisture retrieval grid.

The angular distribution is first extracted by scanning in the
azimuth from 0° to 180° with an interval of 0.5° [46]:

M(θ) =

N/2∑

r=0

|F (r, θ)| (2)

where the scanning only applies to the circular area inscribed by
the magnitude spectrum, and thus r has a maximum value of N/2.
For areas with periodic features, the perpendicular direction (θp)
of the dominant periodic features has the maximum magnitude
value as described in Fig. 3. Accordingly, the orientation of the
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rows (θrow) can be calculated as:

θrow =

{
θp − 90, θp ≥ 90
θp + 90, θp < 90

(3)

An example of the normalized angular distribution
(M(θ)/Mmax) in dB is shown in Fig. 4, with the maximum magni-
tude found at θp = 147◦ and thus the orientation of rows as 57°.

Areas with isotropic surfaces commonly have similar mag-
nitudes in all directions (e.g., the spectrum of water in Fig. 3),
meaning that multiple directions can have a similar value of
M(θp). This was used to determine the presence/absence of
periodic structures in this study. A threshold of −1 dB (∼0.79)
was first applied to determine the number of orientations with
a relatively large grey variation (dominant orientations), and
images with more than three dominant orientations treated as
isotropic (C2 in Fig. 4), because soil and crop rows within an
agricultural paddock rarely have more than two orientations.
Moreover, areas with periodic features in multiple directions will
behave similarly to isotropic surfaces. The orchard in Fig. 3 is an
example of a near isotropic surface. Notable is that anisotropic
surfaces without periodic structures can also have multiple
dominant orientations, as a result of the large grey variations
at the boundaries of different land cover, e.g., the residence
image in Fig. 3. Fortunately, most of those can be removed in the
preprocessing stage of image segmentation, with patches having
clear boundaries split into multiple sub-images.

For images with periodic structures, the magnitude pro-
file M(r, θp) of the main direction θp was extracted. The
rm(um, vm) with the maximum magnitude excluding the direct
current component M (0, θp) then was identified for estimating
the period. As mentioned above, the frequency um and vm
denote the number of waveforms in the x and y directions,
respectively. The period λ can thus be estimated as:

λ = |Nsin θp/um| , 0 < θp < 180◦ (4)

or,

λ = |Ncos θp/vm| , θp �= 90◦ (5)

where N is the size of the image. The identified um and vm can
also be used to update the θp = tan−1(um/vm).

Despite the maximum magnitude at rm, there are multiple
peaks representing the minor periodic waveforms superimposed
on the main waveform rm. The number of those minor periodic
waveforms can be related to the shape of the surface as depicted
in Fig. 5. Despite the direct current component (r= 0), simulated
sinusoidal, sinusoidal bench, and bench like surfaces (Fig. 5(a))
have 1, 2, and 3 peaks in the magnitude spectrum respectively
(Fig. 5(b)), in line with the experimental magnitude spectrums of
bare soil in Fig. 3. Fig. 5 also illustrates the limited contribution
of the peaks outside the window of the bench type, because
additional minor waveforms cannot have a substantial effect on
the shape in the spatial domain. Accordingly, a threshold of the
third peak’ magnitude can be used to remove the waveforms with
limited contributions. The theoretical normalized magnitude of
the third peak of a rectangle signal is∼0.0913 (C3 in Fig. 4). Ac-
cordingly, a peak with a normalized magnitude <0.0913 cannot
have a significant effect on the shape of a surface. An image with

Fig. 5. Simulated rectangle signal and sinusoidal, sinusoidal bench, and bench
surface in the (a) spatial and (b) frequency domain. The magnitude spectrums
of sinusoidal, sinusoidal bench, and bench are those within the corresponding
windows in (b), with the values outside the window (defined by peaks) being 0.

1, 2, and more than 2 dominant peaks in the magnitude spectrum
was therefore determined as sinusoidal, sinusoidal bench, or
bench type soil surface, respectively.

IV. RESULTS AND DISCUSSIONS

A. Results of the Cora Lynn Site

The method was applied to the 4 images of the Cora Lynn site,
taking the maximum rectangle area within each paddock as the
input. The 21 paddocks with periodic features were successfully
identified from a total of 56 paddocks, with 2 false alarms. These
false alarms were paddock #7 (dense wheat) with a varying row
spacing of ∼10–15 cm, which was not considered as a periodic
feature during the ground sampling. This however confirms the
capability of the proposed method and the VHR Nearmap data
in capturing the tiny row features. Pearson’s correlation (R),
RMSE and bias were used to show the accuracy of orientation
and period estimation below.

The estimated periods and orientation of the 21 identified
paddocks (Table I) were compared with the ground measure-
ments in Fig. 6. Satisfactory results (R = 0.99; RMSE = 2.17°)
were achieved for orientation, being substantially better than
that of a previous study (7.15° < RMSE < 43.02°) using 2-m
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Fig. 6. Ground measured against retrieved periodic features for the Cora Lynn site. (a) Azimuth angle. (b) Period.

TABLE II
PERFORMANCE USING DATA WITH DIFFERENT SPATIAL RESOLUTIONS

Formosat-2 data [24]. However, the major improvement may
come from the use of much higher resolution data in this study,
because it is more challenging to identify the line features in a
coarser image as shown in the further analysis presented below.
The retrieved period had an R and RMSE of 0.99 and 0.063 m
respectively, suggesting the best accuracy that can be achieved
from the Nearmap data because the RMSE is already smaller
than the 0.075 m spatial resolution of the data used. The crop
coverage (0% to∼100%) and the irrigation observed at paddock
#11 (Fig. 1) had no effect on the retrieval results as clear linear
features could still be observed and identified using the proposed
method.

The relationship between spatial resolution and the perfor-
mance is summarized in Table II. The data with resolutions of
0.15, 0.3, and 0.6 m were resampled from the 0.075-m data
using cubic convolution interpolation. The proposed method
had similar performance for resolutions less than 0.6 m, but
had a significant deterioration using the 0.6-m data. The overall
accuracy of periodic surface identification using the 0.6-m data
was only 64.3% and the RMSE of period retrieval was 1.88 m,
being larger than the periods of most paddocks in the Cora Lynn
site. This can be explained by the Nyquist Sampling Theorem
which suggests a minimum sample rate requirement of twice that
of the signal frequency. The periods of 9 paddocks (<1 m) in the
Cora Lynn data set were smaller than two pixels (1.2 m) using
the 0.6-m data, resulting in poor retrieval. More importantly, the
Nyquist Sampling Theorem also suggests that VHR images with
a resolution of∼0.3 m from satellites (e.g., the Wordview series)

TABLE III
ERROR MATRIX OF IDENTIFYING TILLAGE TYPE OF BARE SOIL SURFACES

are sufficient for the extraction of line features with a period of
> 0.6 m.

Table III shows the error matrix of tillage type classifica-
tion, with an overall accuracy of 70.59%. This is better than
the results (23%–60%) reported in Colpitts [40] using C-band
RADARSAT-1 data where four tillage types were included. Not
surprisingly, all misclassifications were observed between the
sinusoidal bench and the other two types, because the sinusoidal
bench is the intermediate type between sinusoidal and bench
types. Those misclassifications may not be removed using op-
tical data considering the non-straightforward relationship be-
tween soil surface shape and the grey variation across rows. The
soil moisture variation in the soil surface profile and shadows
can introduce large uncertainty on the grey profile in optical
data, being difficult to be measured quantitatively. Moreover,
the physical soil profiles also undergo a smoothing process after
the tillage, resulting in an intermediate status of sinusoidal bench
and bench.

Despite the applications at the paddock scale, the proposed
method also applies to sub-images split by a uniform grid, which
can be the subsequent application grid, e.g., the radar data grid
for soil moisture retrieval. The image depicted in Fig. 1 was used
to investigate the performance at uniform grids of 10, 30, and
50 m, with a focus on the effect of mixed pixel or grid. In general,
the retrieved periods and orientation of the three grid resolutions
agreed well with the ground measurements (Fig. 7). False alarms
were observed in paddock #7 at 10 and 30 m, coincident with the
results retrieved at the paddock scale. Additional false alarms
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Fig. 7. Retrieved (a) azimuth angle and (b) period when analyzing on regular grids of 10, 30, and 50 m rather than paddocks.

Fig. 8. Examples of images erroneously identified or measured by the proposed method. (a) and (b) Two examples of omission error. (c)–(e) Cases with erroneous
periods.

were found in paddocks #3, #8, and #9, as a result of the
line texture contained in these paddocks (Fig. 1). At the 10-m
grid retrieval, substantial omissions occurred at the boundaries
(mixed pixels) of most paddocks although the major parts of
some mixed pixels had periodic rows. This was slightly worse
for the 30- and 50-m grid retrievals, especially for paddock #6
and #11. Moreover, the mixed pixel also resulted in uncertainties
for the period estimation. For example, the boundary pixels of
paddock #11 had a retrieved period of 0.7–1.96 m when the
grid size was 30 or 50 m. This may suggest the use of a grid
with high resolution first and then upscaled to the target grid of
the subsequent applications, although a small grid size may not
capture the row feature with a large period.

B. Results of the Regional Set

When applied to the regional data set the proposed method
missed 8 paddocks with periodic features from the 200 paddocks
tested, without any false alarms. Thus, the overall accuracy was
96%. The missed paddocks can be roughly classified into two
categories. The first class (3 paddocks) had a shallow plowing
depth, being similar to the isotropic surface (see Fig. 8(a) for
an example). The periodic linear features in the second class
(4 paddocks) were tracks of irrigation booms (Fig. 8(b)). These
paddocks had a relatively large period (∼30 m) separated by

2 narrow tracks (<1 m) caused by the two wheels of the irriga-
tion booms. The magnitude of the highest component of these
paddocks was < 2% of the direct current component because
of the small grey variation across the rows. As a result, these
paddocks were erroneously identified as an isotropic surface.

The estimated orientation and periods of the identified 136
paddocks were compared with the measured truth in Fig. 9. Sim-
ilar to the results of Cora Lynn, the R and RMSE of the retrieved
row orientation was 0.99° and 0.86°, respectively, confirming
the effectiveness of the proposed method in a wide range of
agricultural areas. Similar results were achieved for images with
pure bare soil, sparse vegetation and fully covered vegetation.
Non-periodic sparse vegetation has a limited effect on the point
representing the main periodic features in the frequency domain,
e.g., the example in Fig. 4.

The retrieved periods of 11 paddocks were nearly twice
or three times of the measured truth, while the periods of
3 paddocks were half of the truth. Among these, the error
of 9 paddocks related to the definition of period. There are two
kinds of periodic features in arable regions (crop rows and soil
rows) (Fig. 8(c)). The soil rows are the main periodic features in
the early stage of crops, while crops become dominant after the
presence of vegetation. For major crop paddocks, the period of
soil rows can be twice that of the period of crop rows as per the
example in Fig. 8(c), resulting in the error presented in Fig. 9.
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Fig. 9. Ground measured (a) azimuth angle and (b) period against retrieved periodic features for the regional data site. The Bare, Sparse and Full refers to images
with pure bare soil, sparse vegetation and fully covered vegetation, respectively.

The other reason is that the peak representing the measured
period is not the maximum in the magnitude spectrum. This
was observed in paddocks with bench-like surfaces (Fig. 8(d))
or multiple periodic structures caused by the irrigation system
(Fig. 8(e)), where multiple peaks with similar magnitudes can
be found in the magnitude spectrum. Since the periods of all
the peaks can be estimated (4) and (5), a prior knowledge of
the period range can help to select the one close to the truth.
For example, the periods of arable land are commonly <2 m in
both data sets and thus peaks representing a period >2 m can be
removed.

V. CONCLUSION

An operational method to determine the row orientation,
period, and the tillage types of bare soil within paddocks was
presented, being the inputs required for scattering models. The
spectrum in the frequency domain was used to quantitatively
extract the periodic features with two conventional steps and
three thresholds, rather than complex geometry measures in the
spatial domain. Despite the proposed thresholds, the method can
be implemented in an entirely unsupervised way for orientation
and period extraction.

Two data sets were used to evaluate the performance of the
proposed methods, showing an overall accuracy of >95% in
detecting the periodic features. The retrieval error (RMSE) in
orientation and period is <3° and 0.1 m in both data sets
excluding the uncertainty caused by the definition of period
over arable lands. Satisfactory overall accuracy (70.59%) of
tillage type classification was achieved, considering the poor
relationship between grey variation in images and soil surface
profile. However, more ground measurements of tillage types
were required for a further evaluation.

The effect of spatial resolution was investigated using the Cora
Lynn data set, demonstrating the effectiveness of using VHR
data from available satellites over a larger area. For small area
applications requiring prompt updates, the Unmanned Aerial
Vehicles (UAVs) based optical sensors provide a promising

alternative. The proposed method was also applied to images
split into uniform grids with satisfactory results, providing a
convenient preprocessing step for backscatter prediction and
geophysical parameter retrieval. The method can provide two
of the five unknowns (row orientation, row period, maximum
height, RMS height and correlation length) required in multi-
scale surface scattering models (e.g., [1], [18], and thus soil
moisture retrieval can be conducted using full polarized radar
data (three independent radar measurements).
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