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The Use of C- and L-Band Repeat-Pass Interferometric SAR Coherence
for Soil Moisture Change Detection in Vegetated Areas
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Abstract: Soil moisture estimation studies using Synthetic Aperture Radar (SAR) routinely utilise only the amplitude part
of the received echo. In this study, repeat-pass C- and L-band interferometric SAR coherence from 2007 - 2009 was
evaluated for the detection of surface soil moisture changes in the presence of vegetation using two different approaches.
In the first analysis, the association between low coherence and large in situ soil moisture changes was investigated using
24 interferometric pairs and the decorrelation effects due to vegetation and weather were also assessed. Results reveal
that, in very few cases soil moisture differences between acquisitions contributed to the signal decorrelation. For the
majority of cases, particularly in C-band, the change in vegetation tended to be the predominant source of decorrelation,
suppressing the influence of any soil moisture changes. The second analysis applied thresholds to both coherence and
intensity data to determine if a coalesced coherence (y) and intensity change (Ac®) approach could improve detection of
changes in measured soil moisture content. The aim was to test the usefulness of a y > 0.3 and Ac®> 1.5 dB thresholding
approach to separate the effects of a vegetation change and a soil moisture change on the SAR signal. Results suggest that
the approach improves the reliability of the soil moisture change detection although clearly limits the use of available
image pairs. These analyses demonstrate the increased information the coherence adds to SAR studies over agricultural

areas.
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1. INTRODUCTION

Soil moisture exhibits large daily, seasonal and
interannual variations, caused primarily by the dynamic
processes of precipitation, evapotranspiration and water
uptake by plants. Fluctuations in the surface soil moisture
result in variations in the latent and sensible heat fluxes,
affecting air temperature and humidity and therefore having
a significant influence on the short-term climate of a region
[1, 2]. On a global scale, the world's soils contain more
carbon than is present in the atmosphere or vegetation [3, 4].
As soil moisture content strongly influences the
physiological activity of plants and soil microbes [5, 6], it
exerts a significant control on ecosystem respiration [7] - a
major source of carbon to the atmosphere. The corollary of
this is that any small changes in ecosystem respiration can
cause an ecosystem to switch from being a sink to a source
of carbon [8]. Given the fact that there is an exponential
decrease in carbon with soil depth, the near soil surface (~
upper 20cm) contains the highest concentration of, and also
the most active form of carbon within the soil [9-11].
Monitoring the soil moisture content in this layer could
potentially improve carbon flux estimates, as well as climate
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predictions, crop yield forecasts and drought and flood
predictions through enhanced hydrological modeling.

Despite its importance, accurate and reliable soil
moisture estimation is difficult. As yet there is no means of
estimating soil moisture in a spatially consistent and efficient
manner. Direct in situ sampling, essentially point
measurements, has been the paradigm for soil moisture
determination. In the past two decades however, advances in
microwave remote sensing technology have progressed to
overcome some of the limitations of this traditional approach
and offer a viable alternative that is potentially capable of
providing regular, spatially distributed measurements of
surface soil moisture content [12]. Most studies have
concentrated on the relationship of the soil moisture content
to the SAR backscattered intensity, usually through forward
or inverse modelling. As a result, numerous semi-empirical
(e.g. Oh et al., [13], Dubois et al., [14]) and physically-based
models (e.g. Fung et al., [15]) have been developed for this
purpose. Interferometric synthetic aperture radar (INSAR)
[16-19], on the other hand, makes additional use of the phase
component of the return signals from two or more co-
registered complex SAR images. The interferometric
coherence is a measure of the phase correlation between the
two SAR images, S; and S; and is defined in equation (1):
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where vy is the (complex) coherence, the brackets { } denote
the ensemble average and =~ denotes the complex conjugate.
The phase of y vyields the phase difference while the
magnitude gives a measure of the quality of the correlation
(i.e. the coherence), ranging from 0 (no coherence) to 1
(perfect coherence). Several different factors contribute to
the phase decorrelation of the backscattered signal [20] and
can be considered as the product of three dominant
(statistically independent) contributions:

M =|y systemNoise|y Spatiai |y Temporal 2

The |ysystem noise| @ccounts for distortions due both to the
SAR processor, e.g. focusing and misregistration, and due to
the thermal noise in the receivers (expressed by the signal-to-
noise (SNR) ratio of the system). Equation (2) assumes the
thermal noise in the receivers is equal. For the repeat-pass
configuration, the changes in the viewing geometry or
baseline (|yspatial) and the changes in the surface scattering
centres or their relative orientation between acquisitions
(|yTemporall) are the main factors affecting the interferometric
phase [21]. All of these decorrelation sources add noise to
the received radar echoes which increase the standard
deviation of not only the phase and phase differences
inferred, but also that of the final derived products [22].

Despite the influence of these decorrelating factors,
INSAR has become a powerful remote sensing technique
used in numerous applications from digital elevation model
(DEM) generation (e.g. Lanari et al., [23]) to detecting
surface  displacements, including earthquakes (e.g.
Massonnet et al., [24], Peltzer and Rosen [25]), landslides
(e.g. Carnec and Fabriol [26], Colesanti and Wasowski [27]),
measuring volcanism (e.g. Rosen et al., [28], Lu and
Freymueller [29]) and ice-sheet dynamics (e.g. Goldstein et
al., [30], Rignot and Kanagaratnam [31], Rignot et al., [32]).
Its use for soil moisture estimation however has been less
well explored, with few reported studies [33-35]. These
studies used C-band coherence to determine areas with
limited vegetation and surface roughness dynamics where
backscatter intensity changes might be mostly related to soil
moisture differences.

Increases in soil moisture content cause an increase in di-
electric constant resulting in an increase in radar backscatter
intensity [36]. Along with surface roughness, these are the
two primary target factors controlling radar intensity.
Instances of low coherence and high backscatter intensity
change can be an indicator for abrupt surface changes
brought about by farming activities such as ploughing and
harvesting and also significant changes in crop canopy
between acquisitions. In contrast, moderate to high
coherence with a significant backscatter change can be
inferred as being a result of changing soil moisture [37].
Thus, the coherence can be used to distinguish between a
high backscatter intensity change caused by either a soil
moisture change or a surface roughness change.
Alternatively, the coherence can be used independently by
analysing the temporal component of the interferometric
phase decorrelation. This can be induced by either a
dielectric change or a scatterer geometry change between the
two image acquisitions. Similar moisture conditions will
have little influence on the coherence, while large changes
from wet to dry, or vice versa between acquisitions can have
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a decorrelation effect as suggested by Luo et al., [38] and
Weydahl [39] and demonstrated in laboratory controlled
experiments by Nesti et al., [40, 41].

The purpose of this study is to explore the relation
between C- and L-band repeat-pass interferometric
coherence and soil moisture change using multi-sensor
configurations over different crop covers at various times
throughout the year. The ENVISAT ASAR sensor, operating
at C-band (5.3GHz) provides multi-mode polarisation and
incidence angle capabilities with a temporal revisit time of
35 days. The ALOS PALSAR instrument, the first
spaceborne L-band (1.27 GHz) sensor since the SIR-C/X-
SAR mission to have multi-mode polarimetric capabilities,
provides a revisit time of 46 days. The main advantage of
using L-band over C-band is its longer wavelength. This
allows deeper penetration of vegetated areas, resulting in less
temporal decorrelation, as well as increasing the length of
the critical baseline, and thus providing more usable
interferometric pairs. The study objectives can be divided
into three sections: a) to investigate whether low coherence
correlates with large changes in measured soil moisture
content; b) to assess the influence of weather conditions and
vegetation height on the coherence; and, c¢) to perform a
combined coherence and intensity change analysis to
determine whether areas with a moderate to high coherence
and change in intensity are linked to changes in soil moisture
and not changes in scatterer geometry. The key innovation
in objective c) is the use of a lower coherence threshold (y >
0.3 rather than y > 0.7, as in Wegmdller [33]) to include
vegetated fields in the analysis and allow for the longer
temporal baseline between acquisitions. Most of the
published literature using the y > 0.7 threshold used one-day
interval ERS 1/2 Tandem coherence and few studies have
been carried out using long repeat-pass intervals, especially
at L-band.

2.STUDY AREA AND DATASETS
2.1. Study Area

The study area is located on Great Island (Cobh),
approximately 20 km east of Cork City, Ireland (Lat. 51°
52’N, Long. -8° 16’E) (see Fig. 1). The area has a temperate
climate with annual average rainfall of between 1100mm and
1250mm and generally high relative humidity, averaging
~90% throughout the year. As can be seen in Fig. (1), the
area is predominantly agricultural. Areas in dark green relate
to coniferous forest. Grassland and some agricultural areas
are a lighter shade of green while light brown signifies
harvested cereal fields. The delineated polygons indicate the
selected test fields. The field texture and crop cover during
each growing season are specified in Table 1. The effects of
soil texture on the SAR backscatter [42] were not considered
in this study.

2.2. Field Observations

Simultaneous ground measurements were carried out on
the test fields for all SAR acquisitions. The field
measurements consisted of volumetric soil moisture (at
depths of 0-6 cm with > three replicates at each sampling
site), crop height and crop phenological stage. All fields
were photographed and qualitatively described and fieldwork
carried out within 4 hours of the satellite overpass. The soil
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(a)

(b)

Fig. (1). Map of Europe showing (a) an ASAR Wide Swath image of Ireland and (b) an ALOS AVNIR-2 image (band combination 3:2:1)
acquired 5™ October 2008 displaying the study fields (delineated) and sampling site locations within each field (plus symbols) located at

Great Island, Cork, Ireland.

Table1. Crops Grown for Each Season in Each Field
Field ID. 2007-2008 2008-2009 2009-2010 Texture
A Spring Barley Spring Barley Spring Barley & Potato Silty Clay
B Potato Spring Barley Clay Loam
C Potato Spring Barley Potato Silty Loam

moisture measurements were acquired by using both a
Stevens Hydraprobe® dielectric sensor and thermogravi-
metric methods with a sampling density of eight location
points per field. The selected fields were chosen to ensure
different crop covers and also due to their proximity to one
another to facilitate ground sampling. Mean soil moisture
and crop height values along with their standard error are
displayed in Fig. (2). As can be seen, the measured soil
moisture values cover a dynamic range, from little or no
moisture to relatively high moisture between acquisitions.
The crop heights reach a maximum in July and a minimum
in March for each year and display quite similar trends in
increases and decreases.

2.3. InSAR Pairs

The SAR data selection process has a significant
influence on the resulting interferometric products and the
selection criteria vary according to the specific needs of each
investigation. The primary and most straightforward concern
is the initial availability of the data. Not all spaceborne SAR
instruments operate in a continuous, spatially and temporally
consistent manner. While, on the one hand, variable
polarisations, incidence angles and resolutions bring about

greater opportunity, in terms of the ability to characterise
backscatter from various objects and surfaces, they result in
inconsistent and often limited data archives that are
insufficient for operational interferometric purposes. The
mode of operation for ALOS is different from its
predecessors in that the Japan Aerospace Exploration
Agency (JAXA) have implemented a pre-launch systematic
acquisition strategy, whereby the sensor mode, geographical
region and acquisition timing have been fixed for the
duration of the mission, thereby providing long-term,
systematic and repetitive observations over the whole Earth
[43].

Data availability is further constrained by the baseline
criteria. When the perpendicular component of the baseline
between the master and slave orbit increases beyond a limit
known as the critical effective baseline (Bg,) (i.e. the
maximum horizontal separation permitted between the two
satellite overpasses), no phase information is preserved,
coherence drops to zero and interferometry is not possible
[17]. The critical baseline is calculated using:
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Fig. (2). Time series of in situ soil moisture and crop height from barley (solid line) and potato (dashed line) fields from July 2007 to October

2009. Error bars represent one standard error.

Table 2. Comparison of Critical Baselines

Sensor Bandwidth Incidence Angle Critical Baseline (m)
ENVISAT ASAR (11) 16 MHz ~18.7° ~745

ALOS PALSAR FBD 14 MHz ~38.7° ~6,550

ALOS PALSAR FBS 28 MHz ~38.7° ~13,100

where A is the wavelength, R is the range distance, Rg is the
range pixel spacing and @ is the incidence angle. Table 2
shows the calculated critical baselines for each sensor and
data mode used in this study. The longer wavelength of the
PALSAR data increases the critical baseline resulting in
more usable interferometric pairs. Table 3 specifies the
characteristics of the 24 selected data pairs for this study.
The data include acquisitions from both the non-growing and
growing seasons of two consecutive years. All PALSAR
Fine Beam Dual (FBD) polarisation (HH/HV) and Fine
Beam Single (FBS) polarisation (HH) acquisitions have an
incidence angle of ~38° and all of the ASAR Alternating
Polarisation (APS) (HH/HV) mode acquisitions were
acquired with an incidence angle of ~19°. The pixel spacing
for the FBS data is 4.68m in range and 3.17m in azimuth
direction, compared to 9.36m in range and 3.17m in azimuth
for the FBD mode. The APS data have a sample spacing of
7.80m in range and 4.05m in azimuth.

The length of time between successive (and suitable
same track and frame) orbits varied from 35 to 105 days
(one, two and three repeat-cycles) for ASAR and 46 to 138
days for PALSAR. All ASAR data were acquired during
descending passes (~11:00 UTC) from July 2007 to July
2009. ASAR InSAR pairs with perpendicular baselines
shorter than 200m were chosen to maximise coherence and

minimise the topographic contribution. All the PALSAR
datasets were acquired during ascending passes (~22:45
UTC) from July 2007 to October 2009. Due to the longer
critical baseline offered by PALSAR, a larger selection of
INSAR pairs from this sensor could be used. A maximum
temporal baseline of 138 days and the shortest perpendicular
baselines were chosen. The long baseline June-July 2008
FBD pair (3835m), was included for comparative purposes
with the ASAR June-July 2008 pair.

2.4. Meteorological Data

The degree of coherence can depend on the weather con-
ditions at the time of acquisition (e.g. a change in wind con-
ditions at either acquisition could change the scatterer loca-
tions and thereby reduce the coherence). Hourly meteoro-
logical recordings of precipitation, temperature, maximum
wind speed and relative humidity, taken from two nearby
Met Eireann (Irish Meteorological Service) stations at Cork
airport (Lat 51°50°N, Long -08°29°E) and Roche’s point (Lat
51°46°N, Long-08°15"E) were used in this analysis to deter-
mine their influence, if any, on the estimated coherence. The
mean value between these two stations™ measurements near-
est the time of acquisition is given in Table 4. The precipita-
tion values are the accumulated precipitation values for the
72 hours prior to the time of acquisition.
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Table3. Summary of Selected ASAR and PALSAR Interferometric Pairs. 1 Baseline Refers to the Perpendicular Baseline
(Spatial Baseline) Between Master and Slave Orbits
Pair # Master Slave Day diff 1 Baseline (m) Track/ Frame Polarisation
ASAR APS
1. 06/07/2007 10/08/2007 35 75 352/2547 HH
2. 06/07/2007 10/08/2007 35 75 352/2547 HV
3. 01/06/2008 06/07/2008 35 187 80/2558 HH
4. 01/06/2008 06/07/2008 35 187 80/2558 HV
5. 06/07/2008 19/10/2008 105 52 80/2558 HH
6. 06/07/2008 19/10/2008 105 52 80/2558 HV
7. 05/06/2009 10/07/2009 35 65 352/2555 HH
PALSAR FBD
8. 15/7/2007 15/10/2007 92 974 3/1030 HH
9. 15/7/2007 15/10/2007 92 974 3/1030 HV
10. 15/7/2007 30/8/2007 46 838 3/1030 HH
11 15/7/2007 30/8/2007 46 838 3/1030 HV
12. 30/8/2007 15/10/2007 46 537 3/1030 HH
13. 30/8/2007 15/10/2007 46 537 3/1030 HV
14. 01/06/2008 17/07/2008 46 3835 3/1030 HH
15. 01/06/2008 17/07/2008 46 3835 3/1030 HV
16. 20/07/2009 04/09/2009 46 604 3/1030 HH
17. 20/07/2009 04/09/2009 46 604 3/1030 HV
18. 20/07/2009 20/10/2009 92 1064 3/1030 HH
19. 04/09/2009 20/10/2009 46 465 3/1030 HH
PALSAR FBS
20. 1/3/2008 16/4/2008 46 597 3/1030 HH
FBD2FBS
21. 1/3/2008 15/10/2007 138 1481 3/1030 HH
22. 1/3/2008 1/6/2008 92 604 3/1030 HH
23. 16/4/2008 1/6/2008 46 419 3/1030 HH
24. 4/3/2009 20/7/2009 138 531 3/1030 HH

3. METHODOLOGY
3.1. SAR Preprocessing

The SAR data were selected and processed to minimise
the influence of the system and spatial decorrelation factors
discussed in section 1, so that the remaining source of coher-
ence loss is due primarily to temporal decorrelation.
Interferometric processing for all the Single Look Complex
(SLC) datasets was performed using SARscape® software
within an ENVI® environment. The precise satellite orbits
were provided by the European Space Agency (ESA) for the
ASAR data as DORIS (Doppler Orbitography and
Radiopositioning Integrated by Satellite) files and by JAXA
as precise state vectors contained in the leader file of the
PALSAR data. The SLC images were first co-registered to
sub-pixel level (1/10™ pixel accuracy), ensuring the phase
differences being measured were for the same target area.

The interferograms were subsequently generated and spectral
shift and common Doppler bandwidth filtering applied to
minimise the effects of the baseline geometry on the coher-
ence estimation [44]. Range and azimuth multi-looking of 1
and 6 for ASAR, 1 and 4 for PALSAR FBD and 1 and 3 for
PALSAR FBS was performed to improve the phase and co-
herence estimates [45]. As the data were acquired from dif-
ferent imaging geometries, the images were processed in
different sets, according to their acquisition mode and satel-
lite track. A master image was chosen in each set and all
other images were co-registered to the same common slant
range geometry. The seven ASAR and eleven PALSAR
intensity images were speckle filtered in separate sets using a
3x3 window size De Grandi multi-temporal filter [46] and
radiometrically and geometrically calibrated and converted
to dB. The backscatter images and corresponding coherence
images were geocoded to 10m x 10m (PALSAR FBS), 15 x
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Table4. Meteorological Conditions at Time of Image Acquisitions
Image # Date Temp (°C) Accumulated 3 Day Precip Relative Humidity (%) Wind Speed
(mm) (Knots)
ASAR APS

1. 06/07/2007 16.0 6.5 63 18.5
2. 10/08/2007 144 1.2 95 7

3. 01/06/2008 18.3 1.8 57 3

4. 06/07/2008 135 47.2 94 12

5. 19/10/2008 12.3 0.4 95 23

6. 05/06/2009 14.2 0 80 7.5

7. 10/07/2009 13.7 4.7 95 6

PALSAR FBD

8. 15/7/2007 13.2 24.8 100 5

9. 30/8/2007 14.1 0 93 10.5
10. 15/10/2007 134 1.2 98 125
11. 01/06/2008 13.1 14 94 4
12. 17/07/2008 14.6 0.2 91 7.5
13. 20/07/2009 13.1 0.1 96 7
14. 04/09/2009 10.2 15.3 91 7.5
15. 20/10/2009 11.6 11.6 82 16

PALSAR FBS

16. 1/3/2008 4.4 135 86 9.5
17. 16/4/2008 8.3 0 73 175
18. 4/3/2009 24 10.8 91 215

15m (PALSAR FBD & PALSAR FBD2FBS mixed mode)
and 25m x 25m (ASAR APS) pixel size using several ground
control points and an Ordnance Survey of Ireland (OSi) 10m
DEM and projected into the Irish National Grid projection
[47].

3.2. Analysis of Temporal Decorrelation

In-situ soil moisture measurements were compared to the
estimated interferometric coherence values for both crops
separately. The relationship between the coherence and
measured surface soil moisture change at each sampling
location was assessed for both crops using a correlation
analysis. Similarly, the influence of various meteorological
variables on the coherence was investigated using a
correlation analysis and the impact of the crop height
(recorded at the time of image acquisition) on the coherence
was qualitatively assessed. All statistical analyses were
carried out using IBM® SPSS® 17 and all P-values are two-
tailed unless otherwise noted.

3.3. Intensity Change and Coherence Analysis

To determine whether combined backscatter intensity
and coherence thresholding strengthened the determination
of delta soil moisture, three different analyses were carried
out: (i) all data that only meets the Ac® > 1.5dB correlated
with Am,, (ii) all data that only met the y > 0.3 requirement

correlated with Am,, (iii) all data that met the Ac® > 1.5 and y
> 0.3 requirement correlated with Am,. The coherence was
used, in this instance, to select the areas where the target
geometry remained consistent between acquisitions and the
Ac® could be used to retrieve the soil moisture change. The
method is similar to that in [33], albeit with a lower
coherence threshold to take into account the vegetated
surfaces and the generally lower coherence associated with
long-interval repeat-pass acquisitions.

4. RESULTS AND DISCUSSION
4.1. Decorrelation and Soil Moisture Change

The mean coherence values for all datasets are plotted
against their corresponding acquisition dates for both crop
types in Fig. (3). As expected, a generally low overall coher-
ence was observed. The longer temporal baseline pairs (two
and-three repeat cycles) showed a surprisingly reasonable
coherence, relative to the one-repeat cycle pairs. HV
coherence pairs were also rather highly correlated,
considering the lower signal-to-noise ratio and increased
volume scattering effects. A series of scatter plots (Fig. 4)
were generated to first determine, qualitatively, whether any
correlation existed between low coherence values and
changes in surface soil moisture content (Am,). The plots
show considerable variability with some (e.g. Fig. (4a) and
(d)) suggesting a possible linkage between low coherence (y
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interferometric pairs.

< 0.3) and large changes in soil moisture between the master
and slave acquisitions. There are, however, numerous data
points, the most notable of which is displayed in Fig. (4¢c)
indicating instances where large soil moisture changes did
not correspond with low coherence. To investigate the
dependency of decorrelation upon soil moisture changes,
plots of low coherence (y < 0.3) as a function of soil
moisture change (Am,) were generated for each
interferometric pair for both crop cover types (Fig. 5). The
FBD HH Aug-Oct 2007 pair is not displayed due to a lack of
data points satisfying the y < 0.3 criterion.

The single-pair correlation analysis showed that the
association between soil moisture change and coherence was
highly variable. A large spread is observed in most plots and
no general trend across the datasets could be established.

Several pairs showed very little change in the soil moisture
state between acquisitions (e.g. Fig. (5a), (b), (e), (f), (k)
(m), (p), (r), and (v)) and unsurprisingly displayed no link
between decorrelation and Am,. The determination
coefficients (R?), expressing the proportion of coherence
variance explained by the soil moisture change for each plot,
are presented in Table 5. Using four or fewer subjects to
estimate the strength of association between the coherence
and soil moisture change carries little merit and tends to
result in model over-fitting. Consequently, pairs with
degrees of freedom (df) < 2 were discarded leaving 32 out of
an original 42 datasets, of which only eleven displayed soil
moisture changes of >10% between acquisitions. The major-
ity of the pairs in Table 5 revealed no relationship between
the changes in soil moisture and low coherence, with R? val-
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Fig. (5). Plots of PALSAR L-band and ASAR C-band coherence < 0.3 as a function of A soil moisture for each image pair.

ues close to zero. Four datasets, one C-band, and three L- HH, 84% in Jul-Oct 2007 HV and 77% in Jul-Sept 2009 HV
band displayed significant correlations. The highest L-band coherence could be explained by an increasing change in soil
R? values signify that 68% of the variance in Jul-Sept 2009 moisture content.
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TableS. Computed Statistics and Model Parameters for the Association between A Soil Moisture and Coherence< 0.3. The C-HV
Jul — Oct 2008 (Potato) Pair, L-HH Aug — Oct 2008 (barley & Potato) Pair, FBD2FBS Apro08 - Jun08 (Barley) Pair and the
FBD2FBS Mar(9 - Jul 09 (Barley) Pair were Not Included Due to an Insufficient Amount of Data Points Satisfying the y <0.3
criteria to Run the Analysis. The Pairs in Italics Signify the 11 Pairs with Am,> 10%. Df is the Degrees of Freedom (n-2).

Sensor Pair Crop R? df Slope Sig. A Soil Moisture (%)

FBD HH Jul-Aug 2007 Barley .000 2 314 .987 -
Potato 512 2 -13.671 284 -
Jul-Oct 2007 Barley 615 1 -39.432 426 -
Potato .084 4 6.063 576 -

Jun-Jul 2008 Barley .258 6 -42.043 199 18.1146.15

Potato 722 2 -73.973 .150 18.81+4.57

Jul-Sept 2009 Barley 021 4 11.543 783 10.51+4.99

Potato 687 5 -130.571 021 8.84+9.18

Jul-Oct 2009 Barley .026 4 -15.238 .758 18.97+3.44

Potato .005 5 3.737 .882 17.05+ 4.05
Sept-Oct 2009 Barley .051 4 -18.626 .666 -

Potato 478 1 -237.00 514 13.66+ 3.96
FBD HV Jul-Aug 2007 Barley .001 4 -1.575 .946 -
Potato .019 3 6.653 827 -
Jul-Oct 2007 Barley 133 4 -15.296 AT7 -

Potato 842 3 -14.188 028 1.28 £0.95
Aug-Oct 2007 Barley .002 3 -3.543 .948 -
Potato 631 2 111.60 .205 -

Jun-Jul 2008 Barley 164 12 -44.828 151 18.80+ 6.13

Potato 315 6 34.084 .148 21.79+4.49

Jul-Sept 2009 Barley 768 5 -75.554 010 12.45+3.25
Potato .029 8 -16.982 641 -

FBD2FBS Mar08-Oct07 Barley .086 1 -17.964 811 12.54+3.75
Potato .028 6 10.832 .693 -
Mar08-Jun08 Barley 678 1 48.316 .384 -
Potato .108 9 16.762 323 -
Apr08-Jun08 Potato 014 5 13.085 .802 -

Mar09-Jul09 Potato .165 8 43.855 .245 18.47+4.01
FBS Mar-Apr 2008 Barley 011 11 -5.484 730 -
ASAR HH Jul-Aug 2007 Barley 017 3 6.457 .835 -
Potato .000 4 877 .987 -

Jun-Jul 2008 Barley .055 10 -23.388 464 20.85+5.49

Potato .046 5 -26.789 .645 19.03+7.01
Jul-Oct 2008 Barley 314 9 24.296 .073 -

Potato 835 4 27.666 011 7.45+ 2.67

Jun-Jul 2009 Barley .086 5 35.747 523 15.66+9.25
Potato .000 1 -.804 .994 -

ASAR HV Jul-Aug 2007 Barley 983 2 452.184 009 5.40 £3.85
Potato .050 3 -13.064 719 -

Jun-Jul 2008 Barley .093 7 -33.588 424 19.71+5.79

Potato 228 1 29.226 .683 21.03+2.51
Jul-Oct 2008 Barley .010 7 -10.458 .796 -
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Fig. (6). Ground photographs showing the temporal development of the potato (a) and barley crop (b) on the day of satellite overpass from 4"

March - 20" Oct 2009.

The reliability of the Jul-Oct 2007 L-HV value is doubtful,
as the measured mean Am, was less than 2% between acqui-
sitions. It is likely the observed correlation between the two
variables was due to the action of one or more independent
variables. The Jul-Oct 2008 C-HH significant R? indicates a
link between an increasing coherence and increasing soil
moisture change, a relation that would not exist. As the
measured mean Am, of less than 8% between acquisitions
was not large enough to have a considerable impact on the
coherence, it is again apparent that the correlation was influ-
enced by one or more different variables.

Given the long acquisition intervals, the relatively dense
crop canopies and the fact the transitions from wet to dry and
vice versa were not observed in each pair, it can be argued
that the displacement of the scatterer centers due to the
growth of the crop or from ploughing and harvesting events
may be the primary explanation for the decorrelation. Simi-
larly, certain meteorological parameters at the time of acqui-
sition can impact on the coherence and contribute to the ob-
served decorrelation. To evaluate these associations, both the
influence of the weather and the presence of the vegetation
on the temporal decorrelation were investigated.
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4.1.1. Meteorological Effects on the

Decorrelation

Temporal

A correlation analysis was performed using the differ-
ence in wind speed, temperature, precipitation and relative
humidity, recorded at both acquisition dates for each inter-
ferometric pair. This was carried out to determine whether
certain meteorological variables had a decorrelation effect on
the selected image pairs. Table 4 displays the values of these
variables recorded closest to the time of overpass. The high-
est correlation coefficients from all datasets were found for
the ASAR HH pairs, where differences in wind speed (n=45,
R =-0.47, p=0.001), temperature (n=45, R=-0.30, p=0.04)
and precipitation (n=45, R=-0.30, p=0.04) suggest a limited
contribution towards the temporal decorrelation observed
over the fields with potato crop cover only. The PALSAR
FBD data also displayed a weak correlation (n=71, R=-0.36,
p=0.002) between precipitation differences and HH coher-
ence for the potato crop cover. It can be seen from Table 4
that the highest wind speed, temperature and precipitation
values were all recorded on ASAR acquisition dates. From
the reported negative correlations, there is evidence that
strong winds (e.g. 23 knots on 19/10/2008), high
accumulated rainfall (e.g. 47.2mm on 06/07/2008) and
highest recorded temperatures (e.g. 18.3°C on 01/06/2008)
on either acquisition date can be linked to reduced
coherence, as found in studies by Smith et al., [48], Zebker
et al., [49] and Drezet and Quegan [50].

Since C-band is more sensitive to scatterers on the order
of its wavelength, L-band coherence should be less sensitive
to the effects of wind as the scattering elements are larger
and more stable. No correlation was found between L-band
coherence and wind speeds in this study and no significant
correlations between any of the meteorological variables and
coherences were observed in the remaining ASAR HV and
PALSAR FBD HV pairs or in the FBS and FBD2FBS
datasets, for either potato or barley crop cover. Thus, a
considerable proportion of the variance in the coherence
remained unaccounted for.

4.1.2. Vegetation Effects on the Temporal Decorrelation.

The presence of vegetation over the soil surface adds
considerable complexity to measuring surface soil moisture
conditions using SAR [51]. The return signal from vegeta-
tion varies with frequency and polarisation and is dependent
largely on the size and geometry of the various plant compo-
nents and also the roughness and moisture content of the
underlying soil surface. Shorter wavelengths are scattered
mostly by the leaves in the surface canopy, whereas longer
wavelengths can penetrate deeper into the canopy and inter-
act with the underlying soil surface. As the crop grows, it
screens more of the ground and a greater part of the incident
radar energy is backscattered from the vegetation than from
the underlying soil surface, causing the signal to decorrelate
more rapidly. The percentage crop cover and vigour also
influence the degree of coherence [37]. Many studies have
shown the interferometric coherence to be related to bio-
physical parameters of forests [52-55] and agricultural crops
[56-58] where increasing crop height provides progressively
lower coherence. The polarisation of the transmitted wave
dictates which components of the vegetation and soil
contribute to the total amount of energy scattered back to the
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sensor. The co-polarised signal returns tend to penetrate the
vegetation canopy to a greater extent than cross-polarised
radiation which tends to be dominated by returns from vol-
ume scattering within the crop canopy (causing depolarisa-
tion).

Farming activity and crop growth between the two
acquisitions disturbed the scatterers and drastically reduced
the coherence. Fig. (2) displays the temporal evolution of the
crop heights throughout the whole study period and Fig. (62
shows the temporal development of two of the fields from 4'
March 2009 to 20" Oct 2009. As is evident, the crop condi-
tion at the various acquisition dates was not similar and
therefore height and density variations occur that influence
the coherence. The Jul-Oct 2007 L-HV potato crop height
decreased from an average 82.81+3.39cm to an average
10.95+1.94cm during the 92 day acquisition interval. This
drastic change in surface geometry, coupled with the small
change in mean measured soil moisture is the most likely
rationale behind the observed decorrelation. Similarly, the
Jul-Oct 2008 C-HH potato crop height decreased from 43.52
+ 3.83cm to 23.95+2.35cm between acquisitions. Again,
given the long acquisition interval (105 days), the observed
decorrelation is more than likely due to the complete change
in scattering geometry of the potato crop.

The Jul-Sept 2009 L-HH pair which displayed an R? of
0.68 between low coherence and Am, (mean 8.84 + 9.18%)
also experienced a decrease in average potato crop height
from 84.6 + 7.53cm to 65.1 + 4.68cm between 20" July and
4™ Sept 2009. Similarly, the barley height for the Jul-Sept
2009 L-HV pair displaying an R? of 0.77 between low co-
herence and Am, (mean 12.45 + 3.25%) more than halved
from 89.1 + 16.1cm to 43.8 + 4.4cm during the same time
period. It is probable that this decrease in crop height and
subsequent change in scattering geometry contributed to the
overall decorrelation. However, it is the Am, that explains
most of the variance, corresponding with the fact that over
15mm of precipitation was recorded at the time of slave
acquisition with all other meteorological variables showing
virtually no difference between acquisitions. Excluding the
Jul-Sept 2009 L-band pair, the observed linkage between
low coherence and Am, is weak. The effects of volume scat-
tering, determined by the inhomogeneity of the crop and the
signal penetration depth appeared to dominate the magnitude
of decorrelation, in agreement with studies by Blaes and
Defourny [59] and Engdahl et al., [56].

4.2. Coherence and Intensity Change Analysis

As the soil moisture content increases, the dielectric
constant increases and consequently the radar backscatter
increases. The presence of vegetation, however, introduces
an additional level of complexity. Once the vegetation bio-
mass exceeds a certain limit, dependent on the sensor fre-
quency, the ability of the SAR to sense soil moisture content
decreases rapidly [60, 61]. The backscattering response at
various frequencies among different agricultural crops has
been documented in several studies [62-65]. As the sensor
wavelength increases, so does the dielectric constant of wa-
ter, permitting higher sensitivity to soil moisture measure-
ments at longer wavelengths (e.g. L-band) [66]. Further-
more, as L-band can penetrate deeper into the vegetation
layer to interact with the underlying soil, it has been shown
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Table 6. Correlation of Backscatter Intensity Change (Aco) and Soil Moisture Change (Am,)
Ag”® Ac® > 1.5 Ao’ & Ad® > 15
y > 03 &
y>03
Sensor Pair Crop r’ Sig. r’ Sig. r’ Sig. r? Sig.
n=144 n =52 n=79 n =27
FBD HH Jul-Aug 2007 Barley .198 .269 .186 468 533 270 - -
Potato 493 .052 .100 .795 445 .333 100 .795
Jul-Oct 2007 Barley .037 .648 - - .054 .707 - -
Potato 216 .246 .398 .254 - - - -
Aug-Oct 2007 Barley .100 446 - - .062 .589 - -
Potato 217 .245 - - 217 .245 - -
Jun-Jul 2008 Barley 182 .099 - - 715 .008 - -
Potato .061 .557 .030 741 172 121 912 192
Jul-Sept 2009 Barley .029 .618 - - .002 .948 - -
Potato .054 443 109 321 224 .343 .554 .255
Jul-Oct 2009 Barley .000 979 .378 578 .087 .629 - -
Potato .000 .993 462 .207 .055 .654 - -
Sept-Oct 2009 Barley 364 .049 .299 453 .325 316 - -
Potato 182 .146 - - .356 .068 - -
n=296 n=>57 n=26 n=16
FBD HV Jul-Aug 2007 Barley 103 437 112 .582 - - - -
Potato 195 274 - - 111 .784 - -
Jul-Oct 2007 Barley 007 .839 .265 .296 - - - -
Potato 004 880 .004 .879 .610 429 .615 426
Aug-Oct 2007 Barley 055 578 071 .564 821 278 .822 278
Potato 240 218 .239 219 .782 116 778 118
Jun-Jul 2008 Barley 005 797 .046 .730 - - - -
Potato 320 144 .243 .261 - - - -
Jul-Sept 2009 Barley 525 012 - - .382 .382 - -
Potato 347 034 381 043 .187 715 178 723
n =64 n =63 n=18 n=18
FBD2FBS Mar08-Oct07 Barley .201 .266 .201 .266 .695 .080 .695 .079
Potato 133 374 179 344 - - - -
Mar08-Jun08 Barley .980 .091 981 .088 - - - -
Potato .009 .758 .009 757 - - - -
Apr08-Jun08 Barley .980 .090 .980 .091 - - - -
Potato 171 .160 171 .160 .083 579 082 581
Mar09-Jul09 Barley .617 425 .616 426 - - - -
Potato .056 436 .056 438 .709 .363 705 365
n=16 n=11 n=3 n=3
FBS Mar-Apr 2008 Barley .004 .810 .034 .590 .925 77 925 177
n=2388 n=>56 n=31 n=19
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Table 6 Contd....
Ag”® Ac® > 1.5 A0 & Ac® > 15
y > 03 &
y>03
ASAR HH Jul-Aug 2007 Barley .051 .589 - - 821 278 - -
Potato .203 .262 .822 034 - - - -
Jun-Jul 2008 Barley .006 .769 .014 .880 154 .607
Potato .349 123 .000 .995 - - - -
Jul-Oct 2008 Barley .008 .740 319 .056 .204 445 .806 102
Potato 576 029 - - - - - -
Jun-Jul 2009 Barley .028 .620 .052 .623 .290 461 .008 .944
Potato .209 116 .000 .957 127 313 .012 792
n =64 n=17 n=234 n=11
ASAR HV Jul-Aug 2007 Barley 341 129 - 077 722
Potato .091 467 .745 .059 .070 .830 .070 .830
Jun-Jul 2008 Barley .026 551 522 .105 .389 134
Potato .027 .699 514 .283 .045 .733 514 .283
Jul-Oct 2008 Barley .041 449 - - .145 .399
Potato .002 915 - - .002 915 - -

to be sensitive to surface soil moisture under various agricul-
tural crops [67, 68]. Conversely, surface scattering from the
underlying soil is minimised at shorter wavelengths (C-band)
and volume scattering in the uppermost canopy
predominates.

The coherence is less sensitive to changes in soil mois-
ture than backscattered intensity, provided there is not a
complete change in soil moisture state between acquisitions.
Studies by Wegmiuller [33] and Moeremans and Dautre-
bande [34] showed that the combined use of backscatter in-
tensity and high interferometric coherence had a strong po-
tential for soil moisture determination. To infer the utility of
a combined coherence and backscatter intensity approach, a
regression analgsis was performed to investigate the
tendency of Ac to change with soil moisture using the
different criteria outlined in section 3.3. The results of this
analy5|s are presented in Table 6. From the available dataset,
it is evident that the combination of a Ac®> 1.5dB & y > 0.3
threshold greatly restricts the number of viable pairs. On the
one hand, this limits the practicality of the approach but
could also be argued to effectively eliminate unreliable pairs
and strengthen the analy5|s Although a few S|gn|f|cant cor-
relations were observed |n the other categories (Ac® corre-
lated with Am, and Ac® >1.5 correlated with Am,), their
meaning is tr|V|aI given that their y was below 0.3, signaling
that the Ac® variations were more likely caused by surface
roughness or vegetatlon changes than soil moisture differ-
ences (as reported in section 4.1). Moderate to high R? val-
ues, ranglng from 0.51 to 0.92, were found in ten datasets
from the Ac’ > 1.5dB & y > 0.3 category. Although none of
these relationships were statistically significant at the 0.05
level, they represented an improvement in terms of correla-
tion strength and reduction |n the probability of error when
compared to the original Ac® and Am, analysis.

Multitemporal RGB colour composites (Fig. 7) were
generated, as in Wegmuller and Werner [69] to aid interpre-
tation of the coherence and intensity images (Ac”> 1.5dB and
vy > 0. 30) with high R? values. The coherence image is dis-
played in the red channel, the mean backscatter between the
two acquisitions in green and backscatter change (ratio) in
blue. Water areas always exhibit significant decorrelation
and have been masked out. The crop fields used in the study
revealed different colours according to their vegetation type,
roughness and moisture content. For example, the green ap-
pearance of field C in Fig. (7b) represents high backscatter
intensity with low coherence, and low to moderate backscat-
ter intensity change. The same field in Fig. (7¢) signifies a
strong backscatter intensity change (with low coherence and
low backscatter intensity). Field A in Fig. (7h) displays a
magenta- bluish colour, representing a medium to low coher-
ence in combination with a moderate backscatter intensity
change, indicative of soil moisture change (R 0.69). The
strong blue appearance of field C in Fig. (7g) is indicative of
a high backscatter intensity change and low coherence
associated with the mechanical cultivation of the field
between the two acquisition dates. The bright green-yellow
area in the lower part of the plots (more pronounced in HH)
is the town of Cobh (high coherence, high backscatter
intensity and low backscatter change). Due to the lower
resolution of the C-band pairs (Fig. (7¢) and (f)), the
individual field boundaries are not as well defined, making
their interpretation more difficult. Nonetheless, the magenta-
blue colour of field C and to a lesser extent, field A in figure
7(e) can be distinguished and represent a soil moisture
change (R? =0.81) between acqmsmons When dealing with
small field sizes such as those used in this study and typical
in general of field sizes in Ireland, the benefit of higher
resolution SAR data is evident.
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Fig. (7). False colour composites using PALSAR FBD images; (a) 1% June 2008 — 17" July 2008, (b) 20" July 2009 - 4™ Sept 2009, (c)
15™Jul - 15™ Oct 2007, (d) 30" Aug - 15" Oct 2007, ASAR APS images; (e) 6" July - 19™ Oct 2008, (f) 1% June - 6™ July 2008, PALSAR
FBS; (g) 1% Mar -16™ Apr 2008PALSAR mixed mode; (h) 1% Mar 2008 - 15" Oct 2007, (i) 4™ Mar 2009 - 20" July 2009. The coherence
image is displayed in the red channel, the mean backscatter between acquisitions in green and backscatter change (ratio) in blue. The study

field boundaries are delineated in white.

For a complete analysis, the influence of the plant
geometry on the backscattering coefficient must also be
taken into account. It has been reported in studies by Ferraz-
zoli et al., [70], Macelloni et al., [71] and Marliani et al.,
[72] that backscatter from ‘broad’ leaved crops (e.g. pota-
toes) increased with an increase in biomass, whereas back-
scattering from ‘narrow’ leaved crops (e.g. barley) showed a
constant or decreasing backscatter as the plants grows. The
polarisation of the signal also has to be considered, as gener-
ally co-polarised waves penetrate the vegetation to a greater
extent than cross-polarised. Volume scattering in the vegeta-
tion layer causes depolarisation of the signal resulting in
backscatter intensity in HV being higher for vegetated areas
than for non-vegetated areas. The areas where strong volume
scattering effects occurred are well defined in the HV plots
in Fig. (7) (e.g. forest in the top left and trees south of field B
in Fig. (7¢) and (d)). Depolarisation was much stronger in
broadleaf crop geometries (e.g. potato) than narrow leaf
crops (e.g. barley). For example, the average increase in

backscatter for the potato crop between 1% June and 17" July
2008 was 3.47dB in HH and 7.46 in HV polarisation during
which time there was an increase in potato height of
~44.3cm. Over the same time period there was an increase of
just 0.04 dB in HH and 1.64 dB in HV for the barley crop
with an average height change of ~53.6cm. Notwithstanding
this, the average change in measured soil moisture of 21.8 +
4.5% between the two dates was the largest difference re-
corded in any of the FBD data pairs and pertinently ex-
plained the observed R? of 0.91. Since all of the pairs dis-
played in Table 6 exhibited plant height increases and de-
creases of some magnitude between acquisitions, (apart from
FBD2FBS Mar08-Oct07 and FBS Mar-Apr08), it would be
prudent to consider this contribution when interpreting the
true cause of the backscatter increase.

5. CONCLUSIONS AND OUTLOOK

In this study, the use of repeat-pass C- and L-band In-
SAR for surface soil moisture change detection was investi-
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gated. Two quite different approaches of using interferomet-
ric coherence have been presented. In the first analysis, the
link between soil moisture change and decorrelation in SAR
coherence images covering agricultural fields was examined.
The results indicated that, in very few cases, changes in soil
moisture content of ~ >10% may be associated with a de-
crease in coherence. There were certain limitations to this
approach that must be recognised. The fact that the soil
moisture change must be sufficiently large to reveal a decor-
relation effect is of critical importance. As expected, not
every pair displayed such large changes. The large time in-
terval between acquisitions, the presence of vegetation and
change in weather conditions furthered the intricacy of sepa-
rating the various sources of temporal decorrelation. The
scatterer change associated with the temporal development
of the crop was believed to be the predominating source for
the pairs analysed in this study. In the second analysis, the
sensitivity of sampling site pixels with y > 0.3 and ¢
changes of > 1.5dB to in-situ measured soil moisture change
was investigated. The results indicated that, in several cases,
there is a correlation between soil moisture and backscatter
intensity changes under both potato and barley crop covers.
In these cases, the thresholding technique introduced an im-
provement in the correlation strengths and increased the reli-
ability of the soil moisture change detection, albeit reducing
its practicality from an operational point of view.

The uncertainties involved and the inconsistencies in the
results emphasise the need for further research in this area.
Results of the present study are not directly comparable with
the majority of published studies that used ERS 1/2 Tandem
or more recently ERS-ENVISAT pairs [58] due to the longer
temporal separation between acquisitions. The main diffi-
culty limiting the implementation of the coherence and in-
tensity approach in this study was the temporal baseline of
acquisitions. The results obtained suggest that the use of
long-interval repeat-pass coherence is not robust enough to
facilitate the routine use of InSAR for agricultural soil
moisture monitoring. Future spaceborne C- and L-band SAR
sensors with shorter repeat cycles, (e.g. Radarsat Constella-
tion — 12 day repeat cycle, Sentinel-1 — 12 day repeat cycle
and the proposed TerraSAR-L mission — 14 day repeat cy-
cle) will overcome the limitation of current sensors with long
repeat cycles and should provide more useable datasets. In
the interim, alternative options for soil moisture change de-
tection include the use of Differential SAR interferometry
(DInSAR) and Polarimetric SAR Interferometry (Pol-
INSAR). Since first being proposed by Gabriel et al., [73],
very few studies have investigated the use of DINSAR for
soil moisture monitoring [74-76] while the constraint of
vegetation cover may be overcome in future studies with the
use of Pol-InSAR [77] as shown by Hajnsek et al., [51, 78]
to have the potential to operationally deliver biophysical
information over vegetated surfaces.

CONFLICT OF INTEREST
None declared.
ACKNOWLEDGEMENTS

The authors would like to thank the European Space
Agency (ESA) for providing the SAR data under AOlreLux
project 1ID4406. The authors would also like to acknowledge
the Irish Environmental Protection Agency (EPA) for

The Open Remote Sensing Journal, 2012, Volume 5 51

supporting this research through the Science, Technology,
Research and Innovation for the Environment (STRIVE)
Programme, financed by the Irish Government under the
National Development Plan (NDP) 2007-2013.

REFERENCES

[1] Yeh T, Wetherald R, Manabe S. The effect of soil moisture on the
short-term climate and hydrology change - A numerical
experiment. Mon Weather Rev 1984; 112(3): 474-90.

[2] DelLiberty TL, Legates DR. Interannual and seasonal variability of
modelled soil moisture in Oklahoma. Int J Climatol 2003; 23(9):
1057-86.

[3] Eswaran H, Berg E, Reich P. Organic carbon in soils of the world.
Soil Sci Soc Am J 1993; 57(1): 192-4.

[4] Davidson E, Janssens |. Temperature sensitivity of soil carbon

decomposition and feedbacks to climate change. Nature 2006;
440(7081): 165-73.

[5] Schjonning P, Thomsen I, Moldrup P, Christensen B. Linking soil
microbial activity to water-and air-phase contents and diffusivities.
Soil Sci Soc Am J 2003; 67(1): 156-65.

[6] Chen MM, Zhu YG, Su YH, Chen BD, Fu BJ, Marschner P.
Effects of soil moisture and plant interactions on the soil microbial
community structure. Eur J Soil Biol 2007; 43(1): 31-8.

[7 Verstraeten W, Veroustraete F, Feyen J. Assessment of
evapotranspiration and soil moisture content across different scales
of observation. Sensors 2008; 8(1): 70-117.

[8] Xu L, Baldocchi D, Tang J. How soil moisture, rain pulses, and
growth alter the response of ecosystem respiration to temperature.
Global Biogeochem Cycles 2004; 18(4): 1-10

[9] Eswaran H, Van den Berg E, Reich P, Kimble J. Global soil carbon
resources. In: Lai R, Kimble J, Levine E, Stewart BA, Eds. Soils
and Global Change. Florida, USA: CRC Press 1995; pp. 27-43.

[10] Raich J, Potter C. Global patterns of carbon dioxide emissions from
soils. Global Biogeochem Cycles 1995; 9(1): 23-36.

[11] Wigley T, Schimel D. The Carbon Cycles.UK: Cambridge
University Press 2000.

[12] Barrett B, Dwyer E, Whelan P. Soil moisture retrieval from active
spaceborne microwave observations: An evaluation of current
techniques. Remote Sens 2009; 1(3): 210-42.

[13] Oh Y, Sarabandi K, Ulaby FT. An empirical model and an
inversion technique for radar scattering from bare soil surfaces.
IEEE Trans Geosci Remote Sens 1992; 30(2): 370-81.

[14] Dubois PC, Van Zyl J, Engman T. Measuring soil moisture with
imaging radars. IEEE Trans Geosci Remote Sens 1995; 33(4): 915-
26.

[15] Fung AK, Li Z, Chen KS. Backscattering from a randomly rough
dielectric surface. IEEE Trans Geosci Remote Sens 1992; 30(2):
356-69.

[16] Griffiths H. Interferometric synthetic aperture radar. Electron
Commun Eng J 1995; 7(6): 247-56.

[17] Bamler R, Hartl P. Synthetic aperture radar interferometry. Inverse
Probl 1998; 14(4): R1-R54.

[18] Birgmann R, Rosen P, Fielding E. Synthetic aperture radar
interferometry to measure Earth's surface topography and its
deformation. Annu Rev Earth Planet Sci 2000; 28(1): 169-209.

[19] Rosen P, Hensley S, Joughin I, et al. Synthetic aperture radar
interferometry. Proc IEEE 2000; 88(3): 333-82.

[20] Zebker HA, Villasenor J. Decorrelation in interferometric radar
echoes. IEEE Trans Geosci Remote Sens 1992; 30(5): 950-9.

[21] Bamler R, Just D, Eds. Phase statistics and decorrelation in SAR
interferograms. Proceedings of the IEEE International Geoscience
and Remote Sensing Symposium (IGARSS 93); 1993 18-21
August; Tokyo, Japan.

[22] Morley J, Muller J, Madden S, Eds. Wetland monitoring in Mali
using SAR interferometry. Proceedings of the Fringe'96
Workshop; 1997 30 September - 2 October 1996; Zurich,
Switzerland: European Space Agency (ESA) ESA-SP-406.

[23] Lanari R, Fornaro G, Riccio D, et al. Generation of digital
elevation models by using SIR-C/X-SARmultifrequency two-pass
interferometry: the Etna case study. IEEE Trans Geosci Remote
Sens 1996; 34(5): 1097-114.

[24] Massonnet D, Rossi M, Carmona C, et al. The displacement field
of the Landers earthquake mapped by radar interferometry. Nature
1993; 364(6433): 138-42.



52 The Open Remote Sensing Journal, 2012, Volume 5

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

(48]

Peltzer G, Rosen P. Surface displacement of the 17 May 1993
Eureka Valley, California, earthquake observed by SAR
interferometry. Science 1995; 268(5215): 1333.

Carnec C, Fabriol H. Monitoring and modeling land subsidence at
the Cerro Prieto geothermal field, Baja California, Mexico, using
SAR interferometry. Geophys Res Lett 1999; 26(9): 1211-4.
Colesanti C, Wasowski J. Investigating landslides with space-borne
Synthetic Aperture Radar (SAR) interferometry. Eng Geol 2006;
88(3-4): 173-99.

Rosen P, Hensley S, Zebker H, Webb F, Fielding E. Surface
deformation and coherence measurements of Kilauea Volcano,
Hawaii, from SIR-C radar interferometry. J Geophys Res 1996;
268: 1333-336

Lu Z, Freymueller J. Synthetic aperture radar interferometry
coherence analysis over Katmai volcano group Alaska. J Geophys
Res 1998; 103: 29,887-94.

Goldstein R, Engelhardt H, Kamb B, Frolich R. Satellite radar
interferometry for monitoring ice-sheet motion: application to an
antarctic ice stream. Science 1993; 262: 1525-30.

Rignot E, Kanagaratnam P. Changes in the velocity structure of the
Greenland Ice sheet. Science 2006; 311(5763): 986-90.

Rignot E, Bamber J, Van den Broeke M, et al. Recent Antarctic ice
mass loss from radar interferometry and regional climate
modelling. Nat Geoscience 2008; 1(2):106-10.

Wegmiller U, Ed. Soil moisture monitoring with ERS SAR
interferometry. Proceedings of the Third ERS Symposium: Space
at the Service of our Environment ESA-SP-414; 1997; March 17-
21 Florence.

Moeremans B, Dautrebande S. Soil moisture evaluation by means
of multi-temporal ERS SAR PRI images and interferometric
coherence. J Hydrol 2000; 234(3-4): 162-9.

Lu Z, Meyer DJ. Study of high SAR backscattering caused by an
increase of soil moisture over a sparsely vegetated area:
implications for characteristics of backscattering. Int J Remote
Sens 2002; 23(6): 1063 - 74.

Dobson MC, Ulaby FT. Active microwave soil moisture research.
IEEE Trans Geosci Remote Sens 1986; 24(1): 23-36.

Srivastava SK, Jayaraman V. Relating interferometric signature of
repeat pass ERS-1 SAR signals to dynamic land cover changes.
Acta Astronaut 2001; 48(1): 37-44.

Luo X, Askne J, Smith G, Dammert P. Coherence characteristics of
radar signals from rough soil. Prog Electromagn Res 2001; 31: 69-
88.

Weydahl DJ. Analysis of ERS SAR coherence images acquired
over vegetated areas and urban features. Int J Remote Sens 2001;
22(14): 2811-30.

Nesti G, Tarchi D, Rudant JP, Eds. Decorrelation of backscattered
signal due to soil moisture changes. Proceedings of the IEEE Int
Geosci Remote Sens Symposium 1995; Florence, Italy.

Nesti G, Tarchi D, Bedidi A, et al, Eds. Phase shift and
decorrelation of radar signal related to soil moisture changes.
Proceedings of the Retrieval of Bio- and Geo-Physical Parameters
from SAR Data for Land Applications Workshop, 1998. 21-23
October; ESTEC: Netherlands 1998 ESASP.

Srivastava HS, Patel P, Navalgund RR. Incorporating soil texture in
soil moisture estimation from Extended Low-1 beam mode
Radarsat-1 SAR data. Int J Remote Sens 2006; 27(12): 2587- 98.
Rosengvist A, Milne AK, Zimmermann R. Systematic data
acquisitions-a prerequisite for meaningful biophysical parameter
retrieval? IEEE Trans Geosci Remote Sens 2003; 41(7): 1709-11.
Gatelli F, Guarnieri A, Parizzi F, Pasquali P, Prati C, Rocca F. The
wavenumber shift in SAR interferometry. IEEE Trans Geosci
Remote Sens 1994; 32(4): 855-65.

Rodriguez E, Martin J, Eds. Theory and design of interferometric
synthetic aperture radars. Proc Inst Electr Eng F 1992; 139: 147-509.
De Grandi G, Leysen M, Lee J, Schuler D, Eds. Radar reflectivity
estimation using multiple SAR scenes of the same target: technique
and applications. Proceedings of the International Geoscience and
Remote Sensing Symposium (IGARSS'97); 1997 3-8 August;
Singapore.

OSi. The Irish Grid - A Description of the Co-ordinate Reference
System used in Ireland. Dublin, Ireland: Ordnance Survey Ireland;
1996 [26th Jan 2010]; Available from: http://www.osi.ie/en/alist/-
publications-papers.aspx.

Smith G, Dammert P, Askne J, Eds. Decorrelation mechanisms in
C-band SAR interferometry over boreal forest.Franceschetti G,

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

Barrett et al.

Oliver CJ, Robertone FS, Tajbaklash S, Eds. Proceedings of SPIE,
Microwave sensing and synthetic aperture radar; 1996. vol. 2958:
pp. 300-10.

Zebker H, Rosen P, Earth J. Atmospheric artifacts in
interferometric SAR surface deformation and topographic maps. J
Geophys Res Solid Earth 1997; 102(B4): 7547-63.

Drezet P, Quegan S. Environmental effects on the interferometric
repeat-pass coherence of forests. IEEE Trans Geosci Remote Sens
2006; 44(4): 825-37.

Hajnsek I, Jagdhuber T, Schon H, Papathanassiou KP. Potential of
Estimating Soil Moisture Under Vegetation Cover by Means of
PoISAR. IEEE Trans Geosci Remote Sens 2009; 47(2): 442-54.
Hagberg J, Ulander L, Askne J. Repeat-pass SAR interferometry
over forested terrain. IEEE Trans Geosci Remote Sens 1995; 33(2):
331-40.

Balzter H. Forest mapping and monitoring with interferometric
synthetic aperture radar (INSAR). Prog Phys Geog 2001; 25(2):
159-77.

Askne J, Santoro M, Smith G, Fransson J. Multitemporal repeat-
pass SAR interferometry of boreal forests. IEEE Trans Geosci
Remote Sens 2003; 41(7): 1540-50.

Srivastava HS, Patel P, Sharma Y, Navalgund RR. Detection and
density mapping of forested areas using SAR interferometry
technique. Int J Geoinformatics 2007; 3(2): 1-10.

Engdahl ME, Borgeaud M, Rast M. The use of ERS-1/2 Tandem
interferometric coherence in the estimation of agricultural crop
heights. IEEE Trans Geosci Remote Sens 2001; 39(8): 1799-806.
Srivastava HS, Patel P, Navalgund RR. Application potentials of
synthetic aperture radar interferometry for land-cover mapping and
crop-height estimation. Curr Sci 2006; 91(6): 783-8.

Santoro M, Wegmuller U, Askne JIH. Signatures of ERS-Envisat
Interferometric SAR Coherence and Phase of Short Vegetation: An
Analysis in the Case of Maize Fields. IEEE Trans Geosci Remote
Sens 2010; 48(4): 1702-13.

Blaes X, Defourny P. Retrieving crop parameters based on tandem
ERS 1/2 interferometric coherence images. Remote Sens Environ
2003; 88(4): 374-85.

Wang Y, Kasischke E, Melack J, Davis F, Christensen Jr N. The
effects of changes in loblolly pine biomass and soil moisture on
ERS-1 SAR backscatter. Remote Sens Environ 1994; 49(1): 25-31.
Waring R, Way J, Hunt Jr E, et al. Imaging radar for ecosystem
studies. Bioscience 1995; 45(10): 715-23.

Saich P, Borgeaud M. Interpreting ERS SAR signatures of
agricultural crops in Flevoland, 1993-1996. IEEE Trans Geosci
Remote Sens 2000; 38(2): 651-7.

De Roo R, Du Y, Ulaby F, Dobson M. A semi-empirical
backscattering model at L-band and C-band for a soybean canopy
with soil moisture inversion. IEEE Trans Geosci Remote Sens
2001; 39(4): 864-72.

Ferrazzoli P, Ed. SAR for agriculture: advances, problems and
prospects. Proceedings of the Third International Symposium on
Retrieval of Bio-and Geophysical Parameters from SAR Data for
Land Applications, 11-14 September; 2002; Sheffield: UK 2002.
ESASP-475.

Del Frate F, Schiavon G, Solimini D, Borgeaud M, Hoekman DH,
Vissers MAM. Crop classification using multiconfiguration C-band
SAR data. IEEE Trans Geosci Remote Sens 2003; 41(7): 1611-9.
Van der Meer F. Can we map swelling clays with remote sensing?
Int J App Earth Obs Geoinform 1999; 1(1): 27-35.

Schmullius C, Furrer R. Frequency dependence of radar
backscattering under different moisture conditions of vegetation-
covered soil. Int J Remote Sens 1992; 13(12): 2233-45.

Schmullius C, Furrer R. Some critical remarks on the use of C-
band radar data for soil moisture detection. Int J Remote Sens
1992; 13(17): 3387-90.

Wegmuller U, Werner C, Eds. Farmland monitoring with SAR
interferometry. Proc IGARSS 1995 July 10-14; Florence, Italy.pp.
544-46

Ferrazzoli P, Solimini D, Luzi G, Paloscia S. Model analysis of
backscatter and emission from vegetated terrains. J Electromagn
Wave 1991; 5(2): 175-93.

Macelloni G, Paloscia S, Pampaloni P, Marliani F, Gai M. The
relationship between the backscattering coefficient and the biomass
of narrow and broad leaf crops. IEEE Trans Geosci Remote Sens
2001; 39(4): 873-84.



InSAR Coherence for Soil Moisture Change Detection

[72]

[73]

[74]

[75]

Marliani F, Paloscia S, Pampaloni P, Kong J. Simulating coherent
backscattering from crops during the growingcycle. IEEE Trans
Geosci Remote Sens 2002; 40(1): 162-77.

Gabriel AK, Goldstein R, Zebker HA. Mapping small elevation
changes over large areas: Differential radar interferometry. J.
Geophys Res 1989; 94(B7): 9183-91.

Nolan M, Fatland DR. Penetration depth as a DInSAR observable
and proxy for soil moisture. IEEE Trans Geosci Remote Sens 2003;
41(3): 532-7.

Nolan M, Fatland DR, Hinzman L. DInSAR measurement of soil
moisture. IEEE Trans Geosci Remote Sens 2003; 41(12): 2802-13.

[76]

[77]

[78]

The Open Remote Sensing Journal, 2012, Volume 5 53

Khadhra K, Nolan M, Boérner T, Hounam D, Chandra M, Eds.
Phase Sensitivity To Soil Moisture In Controlled Anechoic
Chamber: Measurements and First Results. German Microwave
Conference — GeMIiC 2006; 2006 28-30 March; Karlsruhe,
Germany.

Cloude SR, Papathanassiou KP. Polarimetric SAR interferometry.
IEEE Trans Geosci Remote Sens 1998; 36(5): 1551-65.

Hajnsek I, Pottier E, Cloude SR. Inversion of surface parameters
from polarimetric SAR. IEEE Trans Geosci Remote Sens 2003;
41(4): 727-44.

Received:April 01, 2012

© Barrett et al.; Licensee Bentham Open.

Revised: May 02, 2012

Accepted: May 07, 2012

This is an open access article licensed under the terms of the Creative Commons Attribution Non-Commercial License (http://creativecommons.org/-
licenses/by-nc/3.0/) which permits unrestricted, non-commercial use, distribution and reproduction in any medium, provided the work is properly cited.



