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Abstract—In this paper, we present a simple algorithm for
assessing the validity of the RVoG model for PolInSAR-based
inversion techniques. This approach makes use of two important
features characterizing a homogeneous random volume over a
ground surface, i.e., the independence on polarization states of
wave propagation through the volume and the structure of the
polarimetric interferometric coherency matrix. These two features
have led to two different methods proposed in the literature for
retrieving the topographic phase within natural covers, i.e., the
well-known line fitting procedure and the observation of the (1, 2)
element of the polarimetric interferometric coherency matrix. We
show that differences between outputs from both approaches can
be interpreted in terms of the PolInSAR modeling based on the
Freeman-Durden concept, and this leads to the definition of a
RVoG/non-RVoG test. The algorithm is tested with both indoor
and airborne data over agricultural and tropical forest areas.
Index Terms—Parameter inversion, PolInSAR, RVoG model,
vegetation.

I. I NTRODUCTION

T

HE ESTIMATION of vegetation structural parameters by
means of polarimetric SAR interferometry (PolInSAR)based techniques stems from a few key contributions that still
remain as the basis of the PolInSAR paradigm. These contributions were the development of the random volume over
ground (RVoG) model by Treuhaft et al. [1]–[3] and the concept itself of PolInSAR [4]–[6], originally proposed by Cloude
and Papathanassiou in 1998.
Experimental validation of PolInSAR techniques has been
successfully carried out over forest areas in terms of forest
height and/or forest biomass [7]–[13] and as well as 3-D scattering profiles by means of tomographic processing [14]–[16].
Indeed, 3-D tomographic processing merged with the polarimetric interferometric information arranged in the covariance
matrix as a combination of Kronecker products has revealed
that most of the PolInSAR-derived information is mapped as a
result of the addition of two scattering mechanisms associated
with ground and volume, respectively [17]–[19]. To this aim,
airborne sensors have been widely used, as in the cited contributions, but only satellite missions such as TanDEM-X, and
future TanDEM-L and BIOMASS (P-band sensor) will offer
operational capabilities for global scale forest monitoring.
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Also some interest has been focused on the potential of
PolInSAR observables for agriculture monitoring. Although the
morphology of such a vegetation type is totally different to
forests, some works have studied the possibilities for adapting the existing framework for forest monitoring to estimate
agriculture parameters [20]–[23]. In [21] and [22], a first experimental validation under laboratory conditions for maize and
rice samples and a wide range of frequencies were presented,
and in [23], it was shown that under certain circumstances, reliable height estimates from maize and winter rape fields are also
feasible with airborne data using the RVoG.
All current monitoring techniques considering the PolInSAR
concept rely on the fact that the number of observables and
parameters must be balanced. As a consequence, physical models employed for inversion purposes must observe a tradeoff
between complexity and practical utility. This is the reason
that makes the RVoG [1], [3] a perfect candidate to be used
for quantitative and qualitative vegetation monitoring. Actually,
this advantageous feature arises as a consequence of the firstorder approximation of the electromagnetic response for targets
within vegetated scenarios. This model assumes that scattering
properties of the target are characterized by three mechanisms
corresponding to direct surface, dihedral-type, and a random
volume. In fact, this constitutes the model proposed by Freeman
and Durden for polarimetric SAR (PolSAR) data [24], [25]
which has become the basis for many PolSAR-based monitoring techniques. Actually, a number of works arisen in recent
years [26]–[32] have contributed to improve the original concept by Freeman and Durden. The reader is referred to [33] for
a more detailed vision of such a topic. Additionally, the PolSAR
decomposition case has also been extended to versions focused
on PolInSAR observables [11], [34] which have shown some
evidences on their potential to contribute to a more accurate
estimation of vegetation structural parameters.
Therefore, it becomes evident that current (and future) strategies for PolInSAR data exploitation must be devised as simple
as possible in order to define practical approaches and invertible
electromagnetic models. Indeed, one particular feature that contributes to this aim is the modeling of vegetation as a random
volume since it entails a reduction of the number of parameters with respect to other models such as the oriented volume
or a hybrid version considering both isotropic and anisotropic
propagations through a layered medium.
In this regard, and considering that the concept of “random
volume” plays a key role in PolInSAR techniques, it is necessary to have at disposal a tool to check the validity of the RVoG
model before being applied for information retrieval.
One existing strategy to deal with this issue consists of
assessing the RVoG model fitting by testing one of the assumptions of the model, i.e., the equiscattering mechanisms (ESM)

1939-1404 © 2014 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

Thisarticlehasbeenacceptedforinclusioninafutureissueofthisjournal.Contentisfinalaspresented,withtheexceptionofpagination.
2

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING

assumption. One way to implement such an approach is by
means of the maximum likelihood ratio of the coherency matrices, as proposed in [35]. Some limitations of such a strategy
arise as a consequence of its dependence on the total backscattering level. Therefore, an alternative approach considering the
detection of polarimetric features, i.e., a polarimetric change
detector [36], has been introduced and modified in order to perform the ESM test [37], [38]. An alternative methodology was
recently developed in [39]. In that work, authors perform an indepth analysis of the RVoG hypothesis and define the maximum
likelihood estimator of the PolInSAR coherency matrix. Then,
they derive the generalized likelihood ratio test of the RVoG
model.
Alternatively, in this paper, we propose a simpler approach to
check the RVoG assumption. This is based on two well-known
features commonly used within the PolInSAR framework, i.e.,
the independence on polarization states of wave propagation
through the random volume and the structure of the polarimetric interferometric coherency matrix. The first one was
exploited to derive the line fitting procedure that enables the
underlying topography estimation on a vegetated area [6]. The
second one was used in [40] to derive a closed expression of
the topographic phase assuming that the vegetated area fulfills the RVoG assumption. On the basis of the RVoG scenario,
both approaches should yield similar topography estimates.
Otherwise, potential differences, which must be assessed by
means of histogram analysis, will be interpreted as the nonvalidity of the RVoG assumption. We will show that this interpretation is supported in terms of Freeman–Durden decomposition
concept applied to PolInSAR [34].
Concerning the RVoG parameter estimation, it is noted that
an early approach based on a maximum likelihood analysis
of different scenarios, i.e., bare surface, random volume, and
RVoG, was proposed in [41]. These inversions include full
polarimetric covariance matrix estimates as well as values for
structural parameters (canopy height, bare earth topography,
and extinction) that maximize the log likelihood of the input
coherency matrix. This is a rigorous treatment of the inversion
problem, and it potentially could contribute to improve the estimation accuracy of model parameters. Nevertheless, validation
and/or comparison with other parameter estimation methods, in
particular with the line fitting approach remains a pending task.
The paper is organized as follows. In Section II, a short
review on some PolInSAR concepts is given. Section III
describes the algorithm proposed, and its performance is analyzed. Finally, Section IV draws the main conclusion of the
paper.
II. S OME C ONCEPTS ON P OL I N SAR M ODELING
According to the previous comments, we make use of two
main features of the RVoG for defining the test proposed in this
paper. The first one has to do with the isotropic propagation
of the wave characterizing a random volume. It has important
implications for parameter retrieval by PolInSAR since it led to
the observation [6] that the coherences are arranged as a line
on the complex plane. This enabled the development of the line
fitting procedure for estimation of the underlying topography

on a vegetated area [6] and, subsequently, the estimation of
other vegetation parameters such as volume height and extinction. This strategy was later adapted and tested for agricultural
vegetation [21] where the oriented volume hypothesis, i.e.,
anisotropic propagation [2], should theoretically replace the
random volume. Actually, it was shown that the line arrangement of coherences was undermined in the agricultural case
with regard to forest scenarios. However, the impact of these
anisotropic effects is not so important and the conclusion so
far is that the RVoG can be even applied for agricultural areas
under certain conditions [23]. These conditions are basically a
minimum dynamic range on the ground-to-volume ratios, and
an appropriate design of the interferometer (vertical wavenumber) to deal with both sensitivity and volume decorrelation
issues. Note that these issues were theoretically studied in [42]
and [43] for different interferometric configurations and ground
contributions.
The second feature has to do with the structure of the polarimetric interferometric coherency matrix. This idea was used
in [40] to derive a closed expression of the topographic phase
assuming that the vegetated area fulfills the RVoG assumption. In [40], authors resorted to the known matrix structure
of a RVoG and pointed out that the (1,2) entry of the Ω12
matrix is made up by contributions (both interferometric and
polarimetric) originated at the ground. In order to retrieve the
topographic phase from the interferometric part, the polarimetric contribution to the phase is first removed by exploiting the
polarimetric information. This leads to expression (1), where T
is the PolSAR coherency matrix. This particular expression was
subsequently shown to be a particular solution of the general
approach proposed in [44]
φ0 = arg(Ω12 (1, 2) · T(2, 1)).

(1)

For a RVoG scene, the line fitting and (1) approaches should
yield very close estimates, so any disagreement between them
can be justified as a violation of the RVoG hypothesis. To support this statement, we resort to a previous work [34] where
Freeman–Durden concept is extended to PolInSAR observations. We consider the three scattering mechanisms corresponding to direct surface, dihedral-type and a random volume, as
proposed by Freeman and Durden, and different wave paths
induced by interferometric observations in order to model the
elements of the interferometric cross-correlation matrix formed
in the lexicographic basis, i.e., C12 = Cvol + Cdbl + Codd .
This procedure leads to the following decomposition for each
entry (assuming reflection symmetry):
C12 (1, 1) = Fv + Fd + Fs
C12 (1, 3) = αFd + βFs +
C12 (2, 2) =

2
Fv
3

Fv
3

Fv
3
C12 (3, 3) = |α|2 Fd + |β|2 Fs + Fv
C12 (3, 1) = α∗ Fd + β ∗ Fs +

(2)

where there are five complex unknowns. Among them, Fv ,
Fd , Fs account for the complex cross-correlation amplitudes
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of volume, double-bounce and direct scattering, respectively,
whereas α and β are defined in terms of Fresnel and Bragg
coefficients [25].
As proposed by Freeman and Durden, we assume in the interferometric case that the C12 (2, 2) element comes only from the
volume contribution. Consequently, after estimating the volume
contribution, the remaining matrix Cr is expressed as
Cr = Cdbl + Codd
⎤
⎡
0 αFd + βFs
Fd + Fs
⎦
0
0
0
=⎣
α∗ Fd + β ∗ Fs 0 |α|2 Fd + |β|2 Fs

(3)

Ω12 = A∗T C12 A

(4)

⎤
1 1 √0
1
A = √ ⎣0 0
2⎦.
2 1 −1 0

(5)

⎡

Therefore, the term Ω12 (1, 2) is defined as

Ω12 (1, 2) = 1/2 · Fs · (1 − j2(β) − |β|2 )

+ Fd · (1 − j2(α) − |α|2 )

(6)

where Fs = |Fs | · ej·φs and Fd = |Fd | · ej·φd . The term φs corresponds to the interferometric phase for the direct scattering,
whereas the phase of double-bounce mechanism Fd is assumed
at the ground level, i.e., φd = φ0 .
Expression (6) can be formulated in a compact way by
introducing the complex numbers kβ and kα accounting for
expressions depending upon β and α, respectively. Then
Ω12 (1, 2) = Fs · kβ + Fd · kα

T (2, 1) = Fspol · kβ∗ + Fdpol · kα∗ .

(9)

Taking expressions (7) and (9) and computing the product
shown in (1) [40] leads to expression given in (10) as
Ω12 (1, 2) · T (2, 1)

where the Cr matrix has four complex unknowns, and it leads
to a determined nonlinear equation system which can be solved
numerically.
Some issues regarding both the definition of the model and
the numerical optimization used for solving the problem in (3)
are discussed in [45]. Nevertheless, it is pointed out that the
construction of model (2) is consistent with other studies within
the PolInSAR paradigm since they all share the same principle
regarding the addition of uncorrelated contributions of firstorder scattering mechanisms. Therefore, we will use this model
to interpret possible differences between the line fitting and (1)
approaches in order to decide whether a vegetated area corresponds to either a random or a nonrandom volume over ground
in a straightforward manner.
For this purpose, first we will get the corresponding crosscorrelation matrix in the Pauli basis Ω12 from the lexicographic
one of the model defined in (2) by means of the unitary
transformation in (4)

wherein

where the terms Fspol and Fdpol are scattering intensities (real
values) for direct and double-bounce mechanisms. Therefore,
the element T (2, 1) can be written as

(7)

where the 1/2 factor is included in kβ and kα . Now, if we consider the original Freeman–Durden decomposition for PolSAR
data, the (2,1) term of the associated coherency matrix is
given by

T (2, 1) = 1/2 · Fspol · (1 + j2(β) − |β|2 )

+ Fdpol · (1 + j2(α) − |α|2 )
(8)


= |Fs | · Fspol · |kβ |2 + |Fs | · Fdpol · kβ · kα∗ · ej·φs

+ |Fd | · Fspol · kα · kβ∗ + |Fd | · Fdpol · |kα |2 · ej·φ0 . (10)

Assuming that backscattering amplitudes Fspol and Fdpol
are equal to |Fs | and |Fd |, respectively, then expression (10)
becomes
Ω12 (1, 2) · T (2, 1)


= |Fs |2 · |kβ |2 + |Fs | · |Fd | · kβ · kα∗ · ej·φs


+ |Fd | · |Fs | · kα · kβ∗ + |Fd |2 · |kα |2 · ej·φ0 .

(11)

In general, expression (11) contains both intensity and phase
terms corresponding to direct and double-bounce mechanisms.
As seen, both terms in the summation contain polarimetric phase contributions accounted for by terms kβ · kα∗ and
kα · kβ∗ , respectively. On the other hand, the interferometric
phase appears as φs for the direct scattering and φ0 for the
double-bounce. Therefore, we can conclude that whenever
direct scattering is located at the ground interface the direct
topography estimation by exploiting the matrix structure predicted by the RVoG model is valid. This is so because in such a
case expression (11) turns into (12)

Ω12 (1, 2) · T (2, 1) = |Fs |2 · |kβ |2 + 2 · |Fs | · |Fd | · (kβ · kα∗ )

+ |Fd |2 · |kα |2 · ej·φ0 .
(12)
Therefore, from (12) the phase φ0 can be directly retrieved
as it was proposed in [40].
On the other hand, i.e., in case that φs = φ0 , it is interpreted
as the vegetation layer contains some oriented structures (either
horizontal or vertical) above the ground level, or alternatively,
as some other effects are not well modeled. Consequently, it
will break down the homogeneous random volume distribution of scatterers. As a result, it will induce additional phase
terms that will prevent the direct estimation of topography from
(1) and in addition, the arrangement of coherences as a line
would not be possible. In spite of this potential modeling error,
some previous works in the literature have shown that the line
fitting approach has a great robustness to minimize both residual speckle and orientations effects that could affect the data.
Actually, it has been demonstrated not only for agricultural
areas [21] but also for forests at P-band where potential orientation effects could affect the observations [9]. In any case,
it must be noted that it could be possible that the two methods could give the same wrong ground estimates even when the
RVoG model is not valid. In such a case, the approach proposed
here would fail.
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As shown in Section III, the utility of these observations
is twofold: 1) they will be useful for explaining the differences found between the two topography estimation methods,
and consequently; 2) they enable the formulation of a simple
algorithm to discriminate between randomly and nonrandomly
oriented volumes over ground surface.

III. A LGORITHM AND RVO G T EST VALIDATION
According to the previous analysis, the proposed approach
consists of first estimating the topographic phase for each pixel
within the scene by means of both the line fitting [6] and
expression in (1) [40]. Then, by comparing both estimates we
will conclude that the RVoG is a suitable model whenever the
topography values are similar. Contrarily, one must expect nonmodeled effects in the wave propagation path and this fact
should also be taken into account for parameter inversion. For
a practical implementation of such an algorithm a threshold to
decide whether the phase (or height) difference between both
methods is low enough (or not) must be set. If their difference
is lower than or equal to the proposed threshold then the RVoG
assumption is fulfilled. Fig. 1 shows the flowchart of the algorithm. A plausible criterion is to set this threshold as a function
of the volume height, which should be a priori known or estimated. However, since volume height is usually unknown this
criterion is not valid. This point will be later discussed in the
experimental analysis.
Next, the performance of the proposed algorithm is tested
by using three different data sets: 1) an indoor data set from
a maize sample from S- to X-band [16], [21] acquired at the
EMSL, JRC-Ispra (Italy); 2) an airborne data set at L-band
acquired during the AgriSAR 2006 campaign by DLR’s E-SAR
sensor over a variety of agricultural crops [46]; and 3) a P-band
data set over tropical forest gathered by DLR’s E-SAR system
during the INDREX-II campaign [9].

A. Indoor data
PolInSAR data on a maize sample were acquired from S- to
X-band and the vegetation volume was 1.8 m high. The actual
ground topographic height of the maize sample is −0.88 m,
since the ground is 0.38 m below the EMSL focus and the
images were focused 0.5 m above it (see [21] for more details).
Fig. 2 shows the topographic phase estimates from the classical
line fitting algorithm, the method from (1), and the actual topography for comparison purposes, where 51 frequency points
uniformly distributed between 2 and 9 GHz were taken, i.e.,
steps of 140 MHz. The corresponding topographic heights can
be obtained from the relationship h = φ/kz . In general, it is
clear that the line fitting procedure performs better; however, it
can be said that both methods yield similar estimates only up
to about 5 GHz. There is an evident departure of both methods
from the actual topography within the 5–6 GHz range. Also,
from 6 to 8 GHz the line fitting performs perfectly whereas the
method from (1) does not yield right values. Fig. 3 displays
the absolute value of the topographic phase difference between
both methods.

Fig. 1. Flowchart of the proposed algorithm for the RVoG test.

Fig. 2. Topographic phase estimates for the EMSL maize sample as a function
of frequency: (solid) (1), (stars) line fit, and (dashed–dotted) actual value.

Disagreements between both methods can be explained
because of different robustness of each retrieval strategy. As
shown in [21], the line fitting approach is robust enough to
provide correct topography estimates up to 8 GHz. In other
words, this method is able to minimize propagation effects that
are not considered in the RVoG definition and correct estimates are still possible. On the contrary, it was also shown
that as frequency increases the volume decorrelation becomes
stronger and, consequently, the coherences are not arranged
in a line any more, i.e., the wave propagation through the
canopy is not polarization-independent. Additionally, it is also
noted that another effect that breaks down the RVoG validity at
higher frequencies is the relatively larger dimensions of particles in the volume with respective to wavelength which causes
the approximation of small random scatterers to fail. This
aforementioned behavior affects more directly the correlation
between the first and second Pauli channels and, consequently,
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Fig. 3. Absolute value of the topographic phase difference between both
methods for the EMSL maize sample as a function of frequency.

the phase arg(Ω12 (1, 2)T (2, 1)) gets modified accordingly by
those volume contributions.
It is emphasized that these conclusions were also in agreement with the outputs of the tomographic analysis by means of
the PCT (Polarization Coherence Tomography) [16] where the
vertical scattering profiles suggested that the vertical polarization response is dominated by the volume contribution, without
echoes from the ground, specially from 6 GHz.
As it will be shown in Section III-B1, the interpretation elaborated above is consistent with the results obtained for L-band
data over a maize field, where the RVoG assumption seems to
be partially fulfilled at this low frequency.
For practical implementation of the proposed RVoG test, the
threshold value for RVoG/non-RVoG discrimination remains
to be decided. According to the results reported in previous
works on topography estimation and its magnitude error [6],
[21], [44], [47], a realistic value for this threshold value is
10%–15% of the volume height. By doing this, a 18–27 cm
threshold would correspond to a 1.8-m high volume, whereas
a 2.5–3.75-m limit would be used for a 25-m tall forest.
According to this criterion, one could state that this vegetation
sample behaves as an RVoG up to 6 GHz. For higher frequencies, there appear additional propagation effects that are not
well modeled by a random volume. Notwithstanding the aforementioned criterion for setting the threshold, it must be noted
that in most real situations the volume height is not known.
Therefore, a different strategy for deciding the threshold value
must be used. In the following, histograms will be used for such
a purpose.
B. Airborne data
1) Agriculture: AgriSAR 2006 was an ESA funded campaign where 16 institutions were involved. During this campaign, a PolInSAR data set was also acquired by DLR on July 5,
2006 (i.e., DoY 186), and this will be employed in this paper.
According to the available ground-truth from these campaigns,

5

Fig. 4. RGB image of the Agrisar 2006 test site. R = HH, G = HV,
B = VV.

Fig. 5. Ground-truth measurements: Crop height evolution for (green) rape,
(red) maize, and (black) wheat for the Agrisar 2006 test site at three measurement points.

this test site features a very flat area and very small topographic
variations [46], which ranges between 0 m at far-range to about
40 m AMSL at near-range. Fig. 4 displays an RGB image of the
study area for illustration purposes. Note that both maize and
rape fields do not exhibit too much variability and there is a similar contribution of all three channels according to their grayish
tone, even though it seems that the HH channel is the highest
one. On the other hand, the VV and HH channels clearly dominate the response within wheat fields. Figure 5 plots the time
evolution of height measurements taken from maize, wheat, and
rape fields which are the crops on which we will focus our
analysis.
According to the work in [23] where the same data set was
used, the RVoG was successfully applied for topography and
volume height estimation on rape and maize fields and, on the
other hand, it failed to provide right estimates on wheat fields
(see [46] for more details of the campaign). Besides, in order to
support the later discussion on the results, we also reproduce the
results on the retrieved vegetation height for rape, maize, and
wheat, which were published in [23], as a way to provide a qualitative explanation for the differences shown in all three crops.
These results are displayed in Table I. As shown, the retrieved
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TABLE I
C ROP H EIGHT E STIMATES AT F IELD L EVEL AND G ROUND -T RUTH FOR
AGRI SAR 2006 T EST S ITE ON J ULY 5, 2006 (D OY 186)

heights for rape are quite accurate with a low standard deviation. In case of maize, the mean height is also well estimated
although the standard deviation is slightly higher than the rape
case. Finally, there exist differences between the two fields of
wheat, i.e., 230 and 250, where the latter exhibits a clear overestimation and high standard deviation. It is highlighted that these
height estimates were computed using as input the topographic
phase which was previously calculated by means of the line fitting approach. Consequently, the crop height values are a sort
of indirect quality measure of the topography estimates.
Fig. 6 shows topography maps computed with both methods
and Fig. 7 displays a map with the topography difference. Nearand far-range are the left and right sides of the map, respectively. Note the high variability at near-range in rape and maize
which is caused by noisy interferometric phase within these
areas.
The general impression is that phase differences are around
zero for maize and rape fields, being more homogeneous in case
of rape, whereas for wheat the values are different depending
on the parcel considered. In order to confirm these qualitative
observations, we have computed the histograms corresponding
to the areas inside the light blue boxes in Fig. 6. Histograms
for maize, rape, and wheat fields are plotted in Figs. 8–10,
respectively.
As seen in the histograms, the difference between topography
estimates for maize and wheat fields exhibits a bias whereas in
case of rape fields the mean is zero. These results suggest that
there exist some features in maize and wheat crops, so the RVoG
assumption is not fulfilled. On the contrary, the rape fields are
more homogeneous and the morphology of such a vegetation
satisfies the RVoG. This is also in agreement with the impression from an in situ visual inspection of the fields as displayed
in Fig. 11. On one hand, the rape plant structure is more uniform, whereas the expected oriented morphology for maize and
wheat (primarily made up by the vertical stems) is disturbed
by the other plant particles. These are the leaves, whose orientation and dimensions change as a function of plant height,
and also the grains at the top of the volume in case of wheat
crops. These structures can be regarded as a heterogeneous volume and they could be formulated in terms of two components,
i.e., random plus oriented volumes, where both isotropic and
anisotropic effects are induced [48]. It must be noted that in
this particular data set the ground-truth campaign reports quite
homogenous heights for all three crops (see Table I) for the
acquisition date. However, the plant growth rate varies at parcel
level and it depends also on the crop, as shown in Fig. 5. Note
that 1 week later (July 12, 2006 which corresponds to DoY 193)
the wheat crop growth remains very uniform within the same

Fig. 6. Topographic height from both methods for the Agrisar 2006 test site.
Top: line fit. Bottom: argument of product of matrix entries.

Fig. 7. Topography difference between both methods for the Agrisar 2006
test site.

parcel. On the contrary, the rape crop exhibits some variations,
whereas it is the maize crop for which the highest differences
in height were found inside the same parcel.
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Fig. 8. Histogram for maize from the Agrisar 2006 test site.

Fig. 9. Histogram for rape from the Agrisar 2006 test site.

Fig. 11. Photographs of the three crop types of AgriSAR 2006 campaign on
the date of acquisition (July 5, 2006).

Fig. 10. Histogram for wheat from the Agrisar 2006 test site.

In any case, the bias seems to be an appropriate criterion
for setting the threshold for the subsequent computation of the
map displaying the test output. Therefore, a 0.25-m threshold will be used for this data set. It must be highlighted that
these observations are consistent with the analysis and results
in [23], where the linear arrangement of coherences was clearly
observed for rape fields but it was not so evident for maize and
wheat. Actually, the variation coefficient (i.e., the ratio between
the standard deviation and the mean value) of height estimates
for rape was clearly lower than for maize and wheat (see Table I
in [23]).
To further support the results and the interpretation provided so far, we have also computed 2-D scatter plots relating
the retrieved crop height to the topographic phase difference,
shown in Figs. 12–14. These results are consistent with the
previous analysis since it is the rape field 140 the one which
exhibits the narrowest distribution of points, which is also
centered around the height crop reported in the ground-truth
campaign (see Table I). As expected, the 2-D distributions for

Fig. 12. Maize height versus topographic difference for the Agrisar 2006 test
site. The ROI is the one indicated in Fig. 7.

maize and wheat 230 confirm the bias that was found in the
1-D histograms, and the rape and wheat parcels 101 and 250,
respectively, display the highest variability as shown previously.
According to the previous analysis a binary map has been
computed for characterizing the fields as RVoG or non-RVoG,
as displayed in Fig. 15, where black means that RVoG is fulfilled and white relates to non-RVoG pixels. As shown, from
the statistical point of view the rape fields are well modeled
by means of the RVoG whereas maize and wheat exhibit more
variation. The reasons for this difference are two: 1) The lower
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Fig. 15. Binary map for Agrisar 2006 test site. Black pixels fulfil the RVoG and
white pixels do not.

Fig. 13. Rape height versus topographic difference for the Agrisar 2006 test
site. The ROI is the one indicated in Fig. 7.

Fig. 14. Wheat height versus topographic difference for the Agrisar 2006 test
site. The ROI is the one indicated in Fig. 7.

sensitivity (i.e., lower kz · hv ) within maize and wheat fields
due to their lower heights (roughly 1 m) at the time of data
acquisition, and 2) The different morphologies characterizing
all three crops and heterogeneities inside a particular crop.
Reason 1 becomes evident in rape fields since at far-range there
is a wider area colored in white from pixel 900 onwards, that
is to say, the RVoG is not valid anymore because of a lack
of sensitivity (higher incidence and, hence, lower kz ). On the

other hand, both reasons 1 and 2 can influence the results in
maize and wheat where both dominant black and white areas
are present depending on the location within the parcel. Note
also that the lack of interferometric sensitivity is the primary
reason explaining the results in the wheat field 250 at far-range.
It is also important to point out that the output RVoG/NonRVoG masks and the subsequent final results of the height
retrieval (or other parameters) should still be checked for consistency even if the RVoG test is passed. This step would be
necessary to prevent wrong conclusions in the event of an unexpected non-RVoG Ω12 matrix producing the same results as if
its structure was that of a RVoG. This potential failure of the
algorithm deserves further investigation and, as the algorithm
stands now, it should be used as a sort of “supervised” algorithm
no matter the output of the test.
2) Forest: We have also applied the proposed algorithm to
a tropical forest scenario. It corresponds to the Mawas test
site, located in central Kalimantan, Indonesia, as a part of the
INDREX-II campaign funded by ESA in 2004. SAR data acquisitions were conducted by DLR’s E-SAR system. The test site
corresponds to a peat-swamp forest ranging from 5 to 27 m over
a perfectly flat terrain at 6 m AMSL where slopes are less than
0.1% with dimensions 3 km × 15 km. The algorithm is tested
at P-band with a 15-m baseline.
Fig. 16 displays the topography values retrieved by the line
fitting method (left) and the one from (1) (right). It is noted that
the line fitting approach proposed in [49] was used for this data
set since it has been proven to be more robust than the classical
least squares estimation. At the top, a river is present and the
surrounding area is covered by secondary short vegetation up
to 2 m high.
As observed, there are clear differences between both methods which are even more noticeable at far-range (located at the
right of the maps). Also, note the noisy estimates along the
river due to the low coherence. Figure 17 shows the difference
map which suggests that the RVoG is fulfilled in some areas at
near-range (more green color) but it fails to model the target
within wide areas at middle and far-range. Histograms corresponding to the pixels contained within pink boxes have been
computed and shown in Fig. 18. On one hand, the histogram for
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Fig. 16. Topography estimates from (left) line fitting proposed in [49] and (right) (1) proposed in [40].

near-range has a mean value slightly higher than 2.5 m. This
fact confirms that the alternative criterion for setting the threshold as a function of volume height would also be a reasonable
choice (whenever the height were known) since it corresponds
to a 10% of a 25-m tall forest. On the other hand, the histogram
for far-range demonstrates that the RVoG would not be valid at
that area for this data set because of the high standard deviation.
Finally, the RVoG/non-RVoG map for this test site is also generated and displayed in Figure 19, where the same conclusions
on the range-dependent validity of the model can be drawn.
In addition, the river pixels do not fulfill the RVoG assumption since noise is dominant and the low vegetation areas (peat
swamp, see also RGB images in [50]) surrounding the river
appear also as non-RVoG zones, since the low volume is almost
transparent to P-band signals and the response is mostly made
up by ground returns. It is noted that on such areas the topography estimation by the line fitting approach yields correct values
due to the high coherence present on them. However, the (1,2)
element of the polarimetric interferometric coherency matrix
provides biased estimates specially at middle- and far-range.
As stated in the previous section, there are two different reasons that could affect the validity of the RVoG. On one hand,
the variation of sensitivity of the interferometer along range
dimension and, on the other hand, the potential different morphologies of the vegetation. According to the configuration of
the sensor at middle-range the vertical wavenumber was less

than 0.06. Although at higher incidences the sensor is expected
to be more sensitive to the volume (the wave travels a longer
path through the volume), these κz values are in the limit
to ensure enough sensitivity for a correct parameter retrieval.
This was also stated in [9], where the forest height retrieval
was carried out by using a multibaseline approach, using a
total of four baselines for an optimum height estimation. As
shown in Fig. 20, a transect covering the whole range dimension
has been considered and the corresponding phase signatures
have been plotted. A slight disagreement between both estimates is present; however, when transforming the phase to
height values important differences appear, as shown in the histograms in Fig. 21. The line fitting approach performs quite well
for the whole transect along the range dimension and this is
because the sensor maps sufficiently well the ground and this
leads to correctly retrieve the topographic phase. However, the
Arg(O(1, 2)T (2, 1)) height exhibits more variability and this
would suggest that in the particular case of the tropical forest
in Mawas-E test site there appear different propagation effects
inducing additional terms in the Arg(O(1, 2)T (2, 1)) phase.
As seen, the topographic height by the line fitting exhibits a
small bias around 1 m whereas the phase from element (1,2)
reveals a wider height distribution. According to [50], this
is a peat swamp area; therefore, it is plausible that low and
nonuniform vegetation could induce phase variations on (1,2)
element. Nevertheless, this issue must be further investigated
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Fig. 17. Phase difference map for INDREX-II test site.
Fig. 19. Binary map for INDREX-II test site. Black pixels fulfil the RVoG and
white pixels do not.

Fig. 18. Histograms of phase difference at near- and far-range for INDREX-II
test site.

and confirmed. In addition, we must point out that far-range
areas for this data set are characterized by a low sensitivity, so
the RVoG/non-RVoG discrimination could be affected by this
issue.
At this stage, some remarks on the possible causes that
lead the RVoG assumptions to break down are given. On
one hand, speckle noise has been minimized by performing
a 15 × 15 multilook on both airborne data sets. Despite this
averaging, residual noise could be affecting the subsequent
phase estimates. This could be a limiting factor specially in the
arg(Ω12 (1, 2)T (2, 1)) value since the magnitude of the correlation between both matrix elements (i.e. |Ω12 (1, 2)T (2, 1)|) is
low. This means that an unbiased estimation would require a

higher number of samples. Such an issue has not been studied
in this paper and requires further investigation.
Second, the interaction of factors related to the vegetation
structure and sensor configuration (i.e. vertical wavenumber)
must also be taken into account. There are three cases to consider: 1) volume decorrelation and the size of the particles
becoming much larger than the wavelength; 2) the incidence
angle increases and, hence, the κz gets lower so the sensor provides a lower sensitivity; and 3) a heterogeneous morphology
of the vegetation which induces anisotropic wave propagation.
From the results presented in this paper, case 1) is the cause
of RVoG failure for indoor data. For the agricultural site, case
2) provokes a higher amount of non-RVoG pixels at far-range
for the rape field. For lower vegetation (i.e., heights from 77 cm
to 1.1 m), cases 2) and 3) can both contribute to the RVoG failure, even though a more precise explanation on this issue cannot
be given. On the other hand, it seems evident that case 2) is the
primary source of failure of RVoG assumptions according to the
low vertical wavenumber which is lower than 0.06 from mid- to
far-range. Nevertheless, note that this fact can be also compatible with potential orientation effects occurring due to the long
wavelength at P-band [39].
Finally, one key limiting factor in repeat-pass PolInSAR is
temporal decorrelation. The impact of such an issue has been
addressed in a number of studies related to the PolInSAR/RVoG
paradigm [51], [52]. It has been shown that wind-induced
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Fig. 20. Transect (white) for INDREX-II test site and the corresponding plots of topographic phase for both methods.

Fig. 21. Histograms of topographic height for both methods for the selected
transect.

motion and dielectric changes of vegetation and ground
severely bias the retrieved parameters. In particular, windinduced decorrelation is the critical factor for short-term (i.e.,
order of minutes) repeat-pass PolInSAR. In case of airborne
data sets employed in this study, temporal baselines were 21.5
and 20 min for AgriSAR and INDREX-II, respectively, and no
windy conditions were reported during those acquisition intervals, so it is expected that temporal decorrelation is not an issue
in these cases. Note, however, that the proposed algorithm does
not consider temporal decorrelation so its application is limited
to single-pass or short-term repeat-pass PolInSAR.
IV. C ONCLUSION
A simple algorithm for discrimination between RVoG and
non-RVoG areas has been proposed in this paper. The algorithm is based on two different methods proposed in the

literature for retrieving the topographic phase, i.e., the line
fitting approach and the observation of the (1, 2) element of
the polarimetric interferometric coherency matrix. Since both
concepts stem from the random volume over ground assumptions, it is expected that topography estimates retrieved from
them are very similar in case of a vegetated scene fulfilling the
RVoG hypothesis. On the contrary, different topographic values are explained as a violation of the RVoG assumptions. This
interpretation is theoretically supported by means of Freeman–
Durden decomposition concept extended to PolInSAR observables. The construction of such a model is based on the same
principle commonly applied within the PolInSAR paradigm
regarding the addition of uncorrelated contributions of firstorder scattering mechanisms. The algorithm requires a histogram analysis in order to derive the appropriate threshold
to decide whether both topography estimates are similar or
not. Three different data sets (indoor and air-borne data) over
agricultural and tropical forest scenarios have been analyzed.
According to the histogram analysis, the corresponding thresholds for RVoG discrimination on agricultural and forest areas
are about 25 cm and 2.5 m, respectively, which is consistent
with topography estimation errors reported in previous studies. However, a more accurate vegetation parameter estimation
would require a local assessment of the RVoG validity. This
can be implemented by computing histograms for a fixed area
(e.g., 10 × 10 pixels) and setting the threshold in an adaptive
way. Nevertheless, other alternative strategies could possibly
lead to an improvement on the threshold selection. On one
hand, parametric and nonparametric statistical tests are also
being considered. On the other hand, the joint use of the vertical wavenumber (i.e., sensitivity) and the Cramer–Rao lower
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bound of the topographic phase (which could be obtained as
for the volume height in [53]) would provide the expected
maximum deviation from the true topographic value. For a
practical application, it is noted that the proposed RVoG/NonRVoG test must be used as a supervised tool no matter the
output of the procedure. Hence, the output RVoG/non-RVoG
masks and the subsequent final results of the height retrieval
(or other parameters) should still be checked for consistency
even if the RVoG test is passed. This step would be necessary to
prevent wrong conclusions in the event of an unexpected nonRVoG Ω12 matrix producing the same results as if its structure
was that of an RVoG. Finally, the proposed algorithm does not
consider temporal decorrelation so its application is limited to
single-pass or short-term repeat-pass PolInSAR.
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