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Abstract - A methodology for parameter retrieval from multi-
temporal Earth observation data is proposed and applied to 
forest biomass retrieval from C-band SAR backscatter. The 
potential of single observation C-band SAR data to map forest 
biomass is limited mainly due to a low sensitivity and the 
dependence of C-band scattering on many other parameters. In 
this contribution a methodology to retrieve forest biomass from 
multi-temporal C-band SAR observations is presented. The 
method was applied to map forest biomass over a large area in 
Central Siberia using significant stacks of ENVISAT ASAR 
Wide-Swath data. The resulting forest biomass map is assessed 
by comparison with available inventory data. The quality 
achieved appears very promising. 

I. INTRODUCTION 

In Earth Observation (EO) retrieval algorithms do quite 
often not provide results of satisfactory quality. Based on our 
understanding of the electromagnetic wave interactions it is 
clear that a certain remote sensing observable has a sensitivity 
to a target parameter of interest. Consequently, a potential for 
retrieving this parameter is expected. In practice this potential 
is often quite limited though, for various reasons. The 
precision and accuracy of the estimation of the EO observable 
may be significant – this is particularly important if the 
sensitivity of this observable with respect to the geophysical 
parameter of interest is relatively low. Quite often there are 
saturation effects – in soil moisture retrieval, for example, 
such saturation is caused by too much vegetation above the 
soil. Finally, the same remote sensing observable typically 
depends on many different parameters and not only on the 
parameter of interest. There is, for example, a relatively good 
sensitivity of the radar backscattering coefficient on soil 
moisture. Nevertheless, the backscattering coefficient also 
depends strongly on the surface roughness and the vegetation 
cover, which significantly complicates soil moisture retrieval.  

A very strong characteristic of EO is that very often multi-
temporal observations exist. In our contribution we propose a 
methodology to use multiple observations to improve 
parameter retrieval. For cases where the relation between the 
EO observable and the geophysical parameter is simple the 
high potential of this idea has been demonstrated many times. 

In land surface deformation monitoring with SAR 
interferometry this is done by stacking multiple 
interferograms [1]. The surface displacement is directly 
proportional to the interferometric phase. In individual 
interferograms phase noise and heterogeneous atmospheric 
phase delay may dominate over the deformation phase. These 
errors are temporally uncorrelated. Therefore, stacking 
multiple interferograms reduces the deformation rate 
estimation error. Based on signal and error modeling the 
stacking approach can be optimized. While defining an 
adequate methodology for the combination of multiple 
observations was relatively simple in the case of the 
interferogram stacking this is more complicated for many 
other EO applications because of more complicated 
dependences and limited knowledge on the errors. 
Nevertheless, a high potential of multi-observation 
approaches is expected if some important pre-requisites are 
met. For the success of the combination of multiple 
observations it is required that the geophysical parameter of 
interest remains constant during the observations and that the 
errors of the individual observations are at least partly 
uncorrelated. For the proposed methodology we further 
assume that a retrieval algorithm is defined for the individual 
observation. Furthermore, a rough estimate on the relative 
accuracy of the individual results is required. Locally adapted 
retrieval algorithms shall be sufficient though and no detailed 
error model is required. In the proposed methodology the 
retrieval algorithm is adapted and applied for each individual 
observation. These results are averaged in a second step, 
applying weighting factors calculated from the individual 
relative accuracy estimates. 

In the following this generic multi-temporal methodology 
proposed is discussed and evaluated based on a specific 
application example, forest biomass retrieval from multi-
temporal C-band SAR data. Forest biomass information is 
required at different levels and scales, ranging from polygon 
level as used in forest inventory (high resolution, order of 
hectares) to grid level as used in Dynamic Global Vegetation 
Models (DGVMs, low resolution, order of several km). 



II. AREA OF INTEREST AND DATA USED 

Our area of interest considered was a 1000 km long and 
400 km wide area (53-63° N, 91-99° E) in Central Siberia 
(EC FP5 SIBERIA-II project area, [2]). This region stretches 
from light coniferous taiga in the North to the dark coniferous 
taiga in the South, including the Western Sayani Mountains. 
Both the easternmost part of the Siberian Lowlands as well as 
a large part of the Yenisey Krijag, a hilly mountainous area, 
are included. The area is mostly forested, growing stock 
volumes decrease with increasing latitude (see also Fig. 3). 

For the forest biomass retrieval over this very large area we 
utilized multi-temporal ENVISAT ASAR Wide Swath (WS) 
data acquired between spring 2003 and summer 2004. In WS 
mode ENVISAT has the possibility to acquire C-band SAR 
data over large swaths (400 km) with a relatively good spatial 
resolution (75 m). Because of the large swath, neighboring 
swaths strongly overlap which in turn means a high temporal 
sampling with significant multi-temporal datasets becoming 
available in relatively short time intervals. 

Data processing and archiving has been described in [3]. 
Several hundred ASAR WS image frames were 
radiometrically calibrated, geocoded and terrain corrected 
using SRTM-3 and GTOPO30 DEM data. Each frame was 
then split into 100 km x 100 km tiles with a pixel spacing of 
100m in easting and northing and stored in stacks of co-
localized data. Terrain slope related pixel size effects were 
considered in the normalization of the backscattering 
coefficient. Furthermore, the values were multiplied with 
1/cosθ (with θ being the incidence angle) to further reduce the 
incidence angle dependence. For areas above 60° N, where 
only the GTOPO30 DEM was available, the effect of the 
local slope on the backscatter coefficient could only partially 
be compensated for. Finally all WS were multi-looked to 
obtain a pixel size of 1 km x 1 km, i.e. a size useful for the 
comparison with biomass from the inventory. In this way we 
also further filtered the images for speckle. 

From an extensive GIS of this area [4] we used growing 
stock volume information at polygon level, i.e. for areas of 
several hectares with similar properties in terms of species 
composition, biomass etc and homogeneous forest cover, as 
reference for the assessment of our results. Growing stock 
volume represents the total standing volume per unit area and 
is measured in m3/ha. Conversion factors depending on 
species composition can be applied to derive above-ground 
and total forest biomass from the growing stock volume. Due 
to the vastness of the area and the remoteness of large parts of 
the region, the inventory data has different levels of accuracy 
and up-to-date status. From the GIS a map in raster format at 
1 km resolution has been obtained. 

III. METHODOLOGY 

From scatter modeling and based on measurements it is 
clear that there is some sensitivity of C-band SAR 
backscattering on forest biomass. This sensitivity is not very 
strong, there are saturation effects, and the dependences vary 

with forest type and environmental conditions. Forward 
models (scatter models) are very complicated and not well 
suited for inversion. Consequently, mainly empirical or semi-
empirical retrieval models are used. Furthermore, WS data 
cover a wide range of incidence angles, thus suggesting that 
modeling should take into account this aspect. However, the 
analysis of the temporal behavior of the relationship between 
backscatter and growing stock volume showed that the 
sensitivity of the forest backscatter to growing stock volume 
was primarily driven by the environmental conditions at the 
time of image acquisition. For this reason we concluded that a 
simple retrieval algorithm, independent of the incidence angle 
and forest type, would be suited for the purpose of our 
investigation. 

We used the Water-Cloud like model presented in [5]. In 
particular, we considered its formulation in terms of growing 
stock volume, V, as follows [6,7] 
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Ve β− expresses the two-way forest transmissivity as a function 
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and β are unknown and need to be determined. Typically, this 
is done by means of regression using ground reference data. 
Nevertheless, this limits the applicability of the method for 
areas where such data are scarce or of poor quality. For this 
reason we developed a different training method that is 
independent of in-situ measurements [6]. The method is based 
on the MODIS Vegetation Continuous Field tree canopy 
cover percentage product (VCF). σ0

gr corresponds to the peak 
of the σ0 distribution for pixels with low tree canopy cover 
percentage (<20%). σ0

veg is obtained by taking the peak of the 
σ0 distribution of pixels with high tree canopy cover 
percentage (between maximum tree cover and 75% of this 
value) and then compensating for residual ground backscatter 
component. The coefficient β was assumed to be constant, 
equal to 0.0055 ha/m3, in accordance to previous modeling 
work in European and Siberian boreal forests using ERS 
interferometric data [8]. 

The available growing stock volume information was used 
to assess the quality of this semi-empirical backscatter 
modeling. Fig. 1 shows for two selected 100km x 100km tiles 
comparisons between modeled and measured backscatter. For 
tiles with a sufficiently high percentage of “ground” pixels 
(left), the modeled backscatter follows well the trend in the 
observations. When instead only a few pixels were identified 
as “ground” (right), the determined σ0

gr was in some cases 
found to be too high or too low with respect to the 
expectations. In conclusion, the model training approach was 
found to be reliable and robust as long as a sufficient number 
of pixels could be identified as “ground” and as “forest” (see 
also Fig. 1). 

Quite often we encountered areas with high growing stock 
volume (> 150 m3/ha) and consistently low backscatter (see 



e.g. Fig. 1 right). These areas were likely affected by 
disturbances (fires, logging) in the period between the 
inventory and the acquisition of the WS data, which causes 
the reference data for such areas to have become obsolete. To 
include such areas in the model training process would 
significantly influence the retrieval algorithm performance, a 
problem that was avoided by the applied training 
methodology. 

For each WS data set considered growing stock volume 
values were retrieved for each pixel defined as “forest” in the 
inventory data. The retrieval parameter of interest, the 
growing stock volume, were assumed to be reasonably stable 
over a period of 1-2 years in the study area. To improve the 
retrieval, a multi-temporal combination of the many 
individual estimates was performed. As weighting factor the 
individual sensitivity represented by the difference ∆σ=σveg

0-
σgr

0, was used. A simple linear weighted average was used 
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To avoid that cases with very low sensitivity of the 
backscatter to the growing stock volume would corrupt the 
multi-temporal estimate, images with ∆σ<0.5 dB were 
discarded. The reason for such a low threshold is the rather 
weak sensitivity of the backscatter to the growing stock 
volume, typically between 0 and 3 dB. A higher threshold 
would have resulted in rejecting a large number of 
observations. 

IV. RESULTS AND DISCUSSION 

The main result obtained is the WS-based growing stock 
volume map for 2003/2004 (Fig. 2). For comparison the 
corresponding information from the forest inventory [5] is 
shown in Fig. 3. The slightly different scale used in Fig. 3 
was chosen because of the few polygons with growing stock 
volumes > 300[m³/ha]. The overall agreement between the 
two maps in terms of biomass patterns is quite remarkable. 

This is far beyond initial expectation considering the weak 
sensitivity of C-band backscatter to forest biomass. To 
quantify the agreement between the two growing stock 
volume maps the correlation coefficient r, was computed. The 
relatively low correlation r = 0.37 found at 1km x 1km spatial 
resolution is related to local disagreement between the maps. 
We identified the following factors potentially contributing to 
the discrepancies (see [6] for a more detailed discussion): 

- Different spatial resolution of WS based result and 
forest inventory data. 

- Variable accuracy and date (1980-2003) of forest 
inventory data. 

- Inaccurate backscatter model parameter estimation 
in case of tiles including too few “ground” pixels. 

- Quality and date (2000) of VCF product. 

- Regenerating forests on wet soils which result in 
high backscattering in spite of low growing stock 
volumes. 

- Imperfect compensation of the backscatter 
coefficient for local topography (especially above 
60° N where GTOPO’30 DEM was used). 

Further quality assessment was done at reduced spatial 
resolution and at polygon level. For this purpose the 1km x 
1km stock volume values were averaged over the area of the 
larger pixel sizes, and at polygon level.  

Both Table I and Fig. 4 show that the retrieval accuracy 
increases significantly for increasing pixel size. A certain 
trend to underestimation is visible even for very large pixels, 
though. We speculate that this is related to disturbances (fire 
scars, logging) not represented in the inventory data. But this 
needs to be clarified in further studies. 

 

 

 
Fig. 1. Modeled and measured backscatter as a function of growing stock volume for a tile including a large number of “ground” pixels (20 %, left) and one 
with very few “ground” pixels (2%, right). 



 

 
Fig. 2. WS-based forest inventory growing stock volume [m³/ha]. 

 

 
Fig. 4. Inventory-based and retrieved growing stock (GS) volume for 
increasing pixel size. 

 
Fig. 3. Forest inventory growing stock volume [m³/ha]. 
 

 

 
Fig. 5. Inventory-based and retrieved growing stock volume at polygon level. 

 



TABLE I. 
CORRELATION COEFFICIENT (r), RMS ERROR AND RELATIVE RMS ERROR 

BETWEEN RETRIEVED AND INVENTORY-BASED GROWING STOCK VOLUME FOR 
INCREASING PIXEL SIZE AND AT POLYGON LEVEL (MEAN POLIGON AREA IS 

APPROX. 150 KM2). 

Pixel size 
[km] 

r Rms error 
[m3/ha] 

Relative rms 
error [%] 

1x1 0.37 90.5 54.4 
5x5 0.41 81.3 49.4 

10x10 0.44 74.7 45.5 
20x20 0.47 67.2 41.0 
25x25 0.49 64.8 39.5 
50x50 0.62 52.9 32.3 

100x100 0.71 43.2 26.2 
Polygon 0.43 75.0 51.9 

 

At polygon level the WS-based volume estimation was 
complemented by a rough quality screening made before 
proceeding with the computation of the rms error. Polygons 
with very variable WS based growing stock volume estimates 
were identified as “heterogeneous”. Polygons with high 
inventory growing stock volume values and very low but 
homogeneous WS based growing stock volume estimates 
were identified as likely “disturbances” not represented in 
inventory. 

In the scatterplot of the retrieved and inventory-based stock 
volumes shown in Fig. 5 the “heterogeneous” and 
“disturbances” polygons are displayed as blue crosses. These 
polygons for which the inventory data is likely to be obsolete, 
were discarded from the accuracy assessment at polygon 
level. Green crosses indicate polygons with overestimated 
volume and low standard deviation of retrieved volume. 
These polygons typically correspond to regenerating forests 
on wet soils. The rms error over the green and red crosses was 
75.0 m3/ha, corresponding to 51.9 % relative rms error. 
Taking into account that the uncertainty of the reference data 
is spatially variable and not exactly quantified, the result has 
to be considered as indicative for the accuracy achievable. 

V. CONCLUSIONS 

In this paper a novel methodology to retrieve forest 
biomass over large areas of interest from multi-temporal 
ENVISAT ASAR Wide Swath mode data was presented. An 
analytical semi-empirical model based on the Water Cloud 
Model links the parameter of interest (forest growing stock 
volume) with the observable (C-band VV-polarization 
backscattering coefficient). The model parameters as well as 
the weighting factors for the averaging of the multi-temporal 
observations are determined at tile level (100km x 100km 
areas) using the MODIS VCF tree canopy cover product to 
identify areas with very low and with very high forest 
coverage. The model was applied to backscattering data 
averaged to 1km x 1km pixel size. The result obtained for the 
400.000 km2 area in Central Siberia was compared to 
available inventory data. The spatial distribution of the forest 
biomass retrieved from ASAR WS data shows remarkable 
agreement with the inventory as well as with MODIS VCF 

tree canopy cover. Discrepancies with inventory data were 
found at the local scale. Besides the weak sensitivity of C-
band to biomass, a number of reasons to explain the 
discrepancies were identified (e.g. obsolete reference data in 
some areas, strong sensitivity to soil moisture in regenerating 
forest etc.). For increasing pixel size the agreement between 
retrieved and inventory-based growing stock volume 
increases, reaching an rms error of the order of 32% and a 
correlation > 0.6 for pixel size of at least 50x50 km2. These 
results are without any doubt far beyond what is commonly 
expected from C-band SAR backscatter. Although further 
investigations have to performed to assess in a more rigorous 
manner error sources and the effective biomass retrieval 
capability of C-band backscatter, it is realistic to affirm that 
multi-temporal ENVISAT ASAR WS data can be used to 
obtain large-scale estimates of forest biomass in the boreal 
biome which can be used on a number of regional to global 
applications such as Vegetation Modeling done in the context 
of climate models (see e.g. [7,9]). 

Beyond the specific forest biomass retrieval application the 
proposed generic methodology is potentially of high interest 
for a wide range of other EO applications. Apart from the 
interferometric phase (used in the ground deformation 
mapping) and the backscattering coefficient (used here in the 
forest biomass retrieval) other observables such as the 
interferometric coherence or a backscatter polarization ratio 
may be used. The methodology is not adequate, though, to 
monitor time dependent parameters such as soil moisture or 
snow water equivalent, or vegetation parameters in areas 
affected by frequent disturbances. 
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