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ABSTRACT
The forthcoming launch of the NASA-ISRO Synthetic Aperture Radar (NISAR) mission will open the path to a new type
of L-band measurements constituted by dense time-series of
polarimetric backscatter and interferometric coherence with
unprecedented spatial and temporal sampling. Here, we start
the development of a theoretical framework that links L-band
backscatter time-series with interferometric coherence measurements. The water-cloud-model (WCM) and an extended
version of the random-motion-over-ground (RMoG) model
are adopted to express radar measurements in terms of forest above-ground biomass and tree height. Time-series data
collected during the 2019 UAVSAR AM-PM campaign in
Southeastern United States are used to evaluate the correlation of various PolSAR- and InSAR-derived parameters with
field-measured above-ground biomass.

1. INTRODUCTION
The National Aeronautics and Space Administration (NASA)
and the Indian Space Research Organization (ISRO) are
working on the joint L-band NASA-ISRO Synthetic Aperture
Radar (NISAR) mission scheduled for launch in 2022 [1].
NISAR will acquire mostly dual-polarized (HH and HV) images with spatial resolution finer than 10 m every 12 days,
delivering global, dense time-series of about 60 ascending
and descending polarimetric (PolSAR) and interferometric
SAR (InSAR) acquisitions per year. The goal of this paper
is to lay out the theoretical foundations for an integrated
framework that links temporal sequences of bio-physical parameters extracted from the PolSAR and InSAR covariance
matrices. As a starting point, we focus on models of Lband backscatter and temporal interferometric coherence for
above-ground biomass and tree height estimation. Combined
use of PolSAR and InSAR time-series may help mitigate
the biomass saturation issue and absorb diurnal, weather,
and seasonal effects that hamper biomass estimation from a
single backscatter image. The AM-PM UAVSAR airborne
campaign deployed in 2019 in South-East United States is
used to support our investigation [2].

2. JOINT POLSAR-INSAR TIME-SERIES
FRAMEWORK FOR ECOSYSTEM SCIENCE
Ecosystem science and applications can benefit from four
types of SAR time-series: (1) SAR backscatter intensities
for different polarimetric channels; (2) PolSAR covariance
matrices decomposed into multiple scattering mechanisms
via coherent or incoherent decomposition techniques; (3) InSAR complex coherences estimated between arbitrary image
pairs and scattering mechanisms; and (4) Tomographic SAR
profiles extracted from long-baseline stacks over time. In
this paper, we focus primarily on backscatter and temporal
coherence time-series, as these two types of measurements
are relevant to biomass estimation in the context of NISAR
and other current and planned SAR missions such as JAXA’s
ALOS-4, ESA’s ROSE-L, and BIOMASS.
The temporal variability of SAR backscatter over soil and
vegetation can be modeled starting from the Water Cloud
Model (WCM) [3,4] used in various forms to estimate aboveground biomass from single SAR acquisitions [5]. In the
WCM, the time-series of the SAR backscattering coefficient
σ(t) as a function of the time t can be written as
σ(t) = (1 − η)σg (t) + ησg (t)e−κ(t)h + η[1 − e−κ(t)h ]σv (t)
= σg (t)K(t) + σv (t)[1 − K(t)]
(1)
where σg (t) and σv (t) are the backscatter coefficients of soil
and vegetation, respectively, η is the fraction of a resolution
cell projected to the ground occupied by vegetation, κ(t) is
the two-way attenuation coefficient of the vegetation, h is
the vegetation height and K(t) = 1 − η + η exp[−κ(t)h] is
the transmission coefficient [5]. In this model, the vegetation
fraction and the vegetation height are assumed to be constant
over time, whereas soil and vegetation backscatter as well
as the attenuation coefficient may vary due to variations in
water content. The first term in (1) is the contribution from
the open soil, the second term is the contribution from the soil
attenuated by the canopy and the third term is the backscatter
contribution from the canopy layer.
Similarly, the repeat-pass interferometric coherence is sensitive to soil and vegetation structural and temporal parameters.
Here we build on the RMoG model [6, 7] to propose a new

Fig. 1. Decorrelation due to changing sub-canopy soil
backscatter between two InSAR acquisitions.
model expression that incorporates changes in sub-canopy
soil backscatter between two InSAR acquisitions (e.g., due
to soil moisture changes) and long-term temporal decays for
soil and vegetation
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∆µ = µ2 /µ1 after setting δv2 and δg2 to zero, and τg and
τv to infinity. According to Fig. 1, the decorrelation associated with changes in sub-canopy soil backscatter is not greater
than 0.05-0.1 in most cases. In order to link the interferometric coherence γ(t1 , t2 ) to backscatter σ(t), one can derive the
ground-to-volume ratio from the WCM as

(2)

where T = |t2 − t1 | is the time gap between two acquisitions
in the time-series, τg and τv are the time constants modeling
the long-term exponential decay for ground and vegetation
[8, 9], respectively, and γg and γv are the ground-level and
vegetation coherences, respectively. These coherences in the
RVoG/RMoG model can be written as
γg = e−aδg ; γv = γg

Fig. 2. UAVSAR HH backscatter of the Lenoir Landing (AL)
site showing tower and forest plots.
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where δv2 and δg2 are the variances of the motion of the scatterers along the line-of-sight in the vegetation and at ground
level, respectively, and a = 1/2 (4π/λ)2 . The parameters µ1
and µ2 are the ground-to-volume scattering ratios at t = t1
and t = t2 that differ from one acquisition to another due to
soil dielectric changes. The parameter hr is a constant reference height for the vegetation root-mean-square (RMS) motion [9]. Note that the parameters κ(t), µ1 (t), µ2 (t), δv2 (t),
and δg2 (t) all change from acquisition to acquisition, although
their explicit dependence with time in not indicated in (2) and
(3). The coherence model (2) with two different ground-tovolume ratios µ1 and µ2 has been obtained with a procedure
similar to the one followed in [10] by assuming only soil
backscatter changes and ignoring penetration in the soil with
associated decorrelation and phase effects modeled in [11].
Fig. 1 shows γ as a function of µ1 for different values of
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where η = 1 has been assumed in the right-hand side of (4).
The parameters µ1 and µ2 in (2) can be derived from (1) and
(4) after estimating the ground and vegetation backscatter as
well as the vegetation extinction coefficient. Note that the extinction coefficient κ(t) changes with the time in (1) and (4),
whereas it is assumed constant in the coherence model (2).
This is limitation of the InSAR model in (2), which considers dielectric changes only in the soil beneath vegetation. In
this paper, the limitation is mitigated by estimating an average
κ = (κ1 + κ2 )/2.
3. UAVSAR AM-PM CAMPAIGN DATA
As part of the AM-PM Campaign, NASA/JPL collected Lband UAVSAR data in Southeastern United States to support
pre-launch NISAR calibration and validation activities [2].
For the purpose of our model validation, we consider a timeseries of seven acquisitions over the Lenoir Landing (AL) site
collected between 6 June and 15 October 2019. The site has
temperate deciduous forests and woody wetlands with a developed understory. Dominant tree species include American sweetgum, American hornbeam, and loblolly pine. The
sampling area of the forest is around 16 square kilometers.
The mean elevation is 20 m with the forest prone to seasonal

Fig. 3. Estimated backscatter σg (t) from the ground as a function of in-situ soil moisture measurements.

Fig. 5. Mean coherence for all UAVSAR HH (uppertriangular part) and HV (lower-triangular part) pairs averaged
over the field polygons. Wind speed measured at two heights
and soil moisture for each acquisition are also shown.
Fig. 4. Ground-to-volume ratio for each acquisition and AGB
range estimated via (4) after fitting the WCM model.
flooding each spring. The National Ecological Observatory
Network (NEON) surveys forest structure and height via regular field campaigns (Fig. 2). The mean forest height is 35
m. A flux tower in the nearby Choctaw National Wildlife
Refuge collects various meteorological parameters. A total of
41 plots measuring 20 m × 20 m have been systematically
surveyed from 2015 to 2018. The dbh (diameter at breast
height, i.e. at 1.3 m above ground) is measured for all trees
with dbh greater than 2.5 cm. Within each plot, the height of
a few trees is also measured. The aggregated plot-level AGB
ranges between 0.05 Mg/ha to 373 Mg/ha with a mean AGB
of 157 Mg/ha.
4. COMPARISON BETWEEN MODEL AND DATA
To evaluate whether the PolSAR and InSAR time-series models of Section II match UAVSAR observations, we conduct a
series of experiments as detailed below. First, each terraincorrected backscatter is fitted to the field data by estimating
for each acquisition the model coefficients σg (t), σv (t), and
κ(t). The plot of the estimated coefficient σg (t) vs the soil

moisture shown in Fig. 3 reveals that the WCM model coefficients appear to absorb the moisture changes. On the contrary,
estimating the ground-to-volume ratio (4) shows that µ(t) is
weakly sensitive to moisture variations, as illustrated in Fig. 4.
In Fig. 4, note also how the ground-to-volume ratio averaged
within increasing biomass intervals by 20 Mg/ha changes between 15 dB and -20 dB. This follows from the fact that, as
AGB increases, vegetation backscatter increases and attenuated backscatter from the underlying ground decreases. The
change in µ over time is up to 3.12 dB, which corresponds to
a small level of decorrelation according to our model (2). One
should keep in mind, however, that the model accounts only
for soil backscatter changes and ignores changes in canopy
water content and attenuation. The observed decorrelation
for each InSAR pair along with wind and soil moisture measurements for each scene is shown in Fig. 5. To illustrate the
expected short-term temporal decorrelation, we estimate µ1
and µ2 using (4) from the WCM model for each InSAR pair,
and use (2) along with wind speed measurements at 0 m and
20 m (by setting hr =20 m). To convert wind speed vw to rms
motion along the radar line of sight, we first used the relationship δ = αw vw , with αw = 0.0028 inferred from [4], but
the level of motion-induced decorrelation was found too small
(> 0.95) even for tall trees. In order to adopt a more realis-
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