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Retrieval of Biomass in Boreal Forests from
Multitempotal ERS-1 and JERS-1 SAR Images
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Abstract—The response of JERS-1 and ERS-1 synthetic aper-
ture radar (SAR) to the forest stem volume (biomass) was
investigated by employing a digital stem volume map and weather
information. The stem volume map was produced from the
National Forest Inventory sample plot data together with a
LANDSAT thematic mapper (TM) image. A new indirect in-
version method was developed and tested to estimate the forest
blockwise stem volume from JERS-1 and/or ERS-1 SAR images.
The method is based on using a semiempirical backscatter model
for inversion. The model presumes that backscatter from a forest
canopy is determined by the stem volume, soil moisture, and
vegetation moisture. The area of interest is divided into a training
and test area. In this study, the training area was 10% of the test
site, while the remaining 90% was used for testing the method.
The inversion algorithm is carried out in the following three steps.

1) For the training area, the soil and vegetation moisture pa-
rameters are estimated from the backscattering coefficients
and stem volume (must be known for training areas) with
the semiempirical backscatter model.

2) For the area of interest, the stem volume is estimated from
the moisture parameters and backscattering coefficients
with the semiempirical backscattering model.

3) If several SAR images are used, the stem volume estimates
are combined with a multiple linear regression. The regres-
sion equation is defined using the stem volume estimates
for the training area.

The results for the stem volume estimation usingL-band and/or
C-band SAR data showed promising accuracies: the relative
retrieval rms error varied from 30 to 5% as the size of the forest
area varied from 5 to 30 000 ha (the forest stem volume varied
from 0 to 300 m3/ha).

Index Terms— Backscattering properties of boreal forests,
ERS-1 synthetic aperture radar (SAR), forest biomass
estimation, JERS-1 SAR.

I. INTRODUCTION

T HE BOREAL forest belt covers large areas of Europe,
Asia, and North America, forming the largest vegetation

zone on earth. Coniferous trees, such as pines and spruces, are
the dominating tree species in this biotype. A large seasonal
temperature variation is typical for the area. Therefore, the
growing season is halted for winter when the ground is
frozen and covered by snow. Finland is located in the boreal
forest belt, and its forests compose a spatially varying mosaic
consisting of forest blocks that typically cover an area of a
few hectares, on privately owned land about 1 ha. A forest
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block is defined as a homogeneous forest unit in which tree-
cover, treatment procedures, and site class (soil fertility class)
are about the same. The availability of extensive ground truth
information on large forest areas makes the Finnish forests
favorable for remote-sensing research.

In our studies on boreal forests, inversion methods have
been developed for both active and passive satellite-borne
microwave sensors [1]–[4]. The objectives have beenbiomass
estimation, forest, and land-cover type recognition.Active
microwave sensors [e.g., synthetic aperture radar (SAR)] have
a good spatial resolution, but their radiometric resolution is
moderate because of the coherent measurement method. In
contradiction to active sensors, radiometers have good radio-
metric accuracy and wide coverage, but the spatial resolution is
moderate (tens of kilometers). Therefore, a radiometer could
be used for global monitoring, while a SAR would provide
more detailed local information [3]. This paper presents the
analysis and results on the biomass estimation with ERS-1
and JERS-1 SAR images.

Direct application of the backscattering coefficient for
biomass retrieval is limited by saturation [5]–[8]. The
saturation level is dependent on seasonal and weather
conditions, which suggests the use a multitemporal image
set for the biomass retrieval. The saturation level of SAR
response to biomass increases with decreasing frequency
[5], [7]–[10]. The -band would be the most promising for
biomass measurements, but it is not available on satellite-
borne sensors. The JERS-1 satellite carries an-band
HH-polarization SAR that is the most feasible satellite radar
for forest biomass estimation [11], [12]. Several studies have
shown that correlation between the-band backscattering
coefficient and the forest biomass is low or negligible [5],
[7]–[10]. Nevertheless, encouraging results were achieved
with an indirect retrieval approach using ERS-1 SAR images
[1]. Therefore, a selected set of ERS-1 images is also used
in this paper.

When satellite-borne SAR images are used for forest ap-
plications, extensive averaging is needed, due to the high
level of speckle in the images. The averaging can be partly
processed in the time domain if several images are used.
Therefore, a set of SAR images provides more reliable results
with a higher spatial resolution than a single SAR image.
However, recent studies have shown that seasonal effects, such
as soil and snow cover freezing/thawing, drastically change
the level of backscatter up to about 3–4 dB at-band and
5–7 dB at -band [13]–[17]. Typically, the seasonal effects
cause larger changes on backscatter than the variation of the
biomass. Thus, a direct retrieval approach is not useful for
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a multitemporal image set. The seasonal effects have to be
removed with suitable modeling before the biomass can be
successfully retrieved from a multitemporal image set.

II. TEST SITE AND DATA SET

A. Test Site and Ground Truth

The size of our test site is 1800 km, and it is located in
southern Finland (center coordinates 6030 N; 25 30 E).
The area contains various land-use classes: forests, mires,
fields, urban areas, and water areas. The forests are conifer-
dominated mixed forests, and their age variation is relatively
small due to the industrial use. The test site represents well
the Scandinavian forests. The dominating species are Norway
spruce (60%) and Scots pine (30%). The elevation variation
in the test site variation is less than 100 m. The ground truth
consists of a digital stem volume map, a forest block map,
and meteorological data.

1) Digital Stem Volume Map:The digital stem volume
map is produced from the National Forest Inventory sample
plot data together with LANDSAT thematic mapper (TM)
images. The resolution is 25 m. The ground reference sample
plots cover the test site, as well as the whole country, in a
regular pattern: the sample plot clusters (tracts) are situated in
7–8-km intervals throughout the country, and each tract is an
L-shaped pattern (length of both parts 2050 m) containing 21
sample plots (200-m intervals), each sized 400 m[19]. The
sample plot data include about 130 different forest parameters,
such as the stem volume, tree species, tree age, basal area, soil
type and land fertility class, and land use category. The stem
volume ground truth was obtained from the Finnish Forest
Research Institute, which is responsible for the National Forest
Inventory [19]. The reliability of the stem volume values
provided by the digital forest map increases with increasing
sample plot. At pixel level, the relative rms error is about
50%, at 10-ha level, it is 30–40%, and at 50-ha level, it is
around 25%, respectively [26].

2) Forest Block Map:For the purposes of this study, a for-
est block map was produced from the stem volume map. First,
the stem volumes were divided with a pipeline classification
into eight stem volume categories. Second, forest blocks were
formed from neighboring pixels that belong to the same stem
volume category. Third, the stem volume for each block was
retrieved from the original stem volume map. The total number
of forest blocks is about 16 000, and they have an average
size of 4.5 ha with a standard deviation of 9.5 ha. Typically,
the total stem volume per hectare of the blocks varies from
0 to 300 m/ha. The block mean stem volume is 133 m/ha
with a standard deviation of 62 m/ha. According to [18], the
stem volume (in m/ha) can be approximately converted into
the total aboveground dry biomass of trees (in tons/ha) by
multiplying the stem volume by 0.6.

3) Meteorological Data: Meteorological data were re-
corded daily at three locations around the test site (Helsinki,
Vihti, and Lahti, all of which are in Finland). The meteoro-
logical data include air temperature (daily minimum, average,
and maximum), humidity, wind speed, cloud condition, and

TABLE I
ENVIRONMENTAL CONDITIONS DURING ERS-1

AND JERS-1 SAR DATA ACQUISITION

precipitation. The daily precipitation information was also
obtained for a higher resolution grid.

B. Spaceborne Data

A total of eight SAR images were used in this study.
Four ERS-1 PRI images were selected from the 23 images
available. The selection was based on our previous study on
these SAR images [1]. The original ERS-1 images, delivered
in PRI format, were rectified and geocoded with a digital
elevation model (DEM) by the Technical Research Center
of Finland (VTT). The algorithm corrects the errors caused
by topography, but no radiometric corrections were made to
the image [26]. The geocoded ERS-1 images had a pixel
spacing of 25 m, and the effective amount of looks was
around four. All available JERS-1 images, covering the test
site, were acquired from NASDA. The JERS-1 images (level
2.1) had a pixel spacing of 12.5 m, and three looks were
used in the SAR processing. Based on ground truth control
points, the JERS-1 images were georectified with a first-
order polynomial function, but no topographic nor radiometric
corrections were made to the image. The SAR images and the
environmental conditions during the SAR data acquisition are
listed in Table I.

The intensity values of the SAR images were converted to
backscattering coefficients. The conversion equation for ERS-1
PRI images is [20]

dB (1)

For JERS-1 level 2.1 images [21]

dB (2)

where is the intensity on the SAR image and is
an image-dependent calibration factor. Our inversion method
employs forest blockwise averages for the backscattering
coefficients. The calculation of the mean backscattering co-
efficients and their standard deviations was based on the
localization from the forest block map.



200 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 37, NO. 1, JANUARY 1999

III. M ETHODOLOGY

A. Backscattering Model

The backscattering coefficient of forest land () can be
presented as

(3)

where is the backscattering coefficient of the forest canopy,
is the forest canopy transmissivity, and is the backscat-

tering coefficient of the ground (including the trunk-ground
reflection and surface vegetation).

The stem volume (biomass) inversion method is based on
a semiempirical model [23]. The model was developed by
analyzing a large number of measurements recorded with a
high-resolution ranging scatterometer (HUTSCAT) that op-
erates at - and -band [10], [23], [24]. When a forest is
measured by a high-resolution ranging scatterometer, the two
backscattering components in (3) can be separated. Moreover,
the canopy transmissivity as a function of the forest stem
volume can be determined by comparing (the ground
backscattering component) from areas with varying stem vol-
umes. The analyses, discussed in [10] and [23], show that
the backscattering coefficient in boreal forests is dominated
by the stem volume, soil moisture, and vegetation moisture.
Therefore, (3) can be written as [1], [10]

(4)

where the first part of (4) represents the backscattering com-
ponent of the forest canopy and the second part of (4) is the
ground backscattering component.is the stem volume, the
parameters and are related to the vegetation moisture,
and represents the backscatter from the ground. Using the
cloud model [25], and can be presented as

(5)

(6)

where is the vegetation moisture and and are scaling
factors. Previously, when the model was used for biomass
retrieval at -band [1], the scaling factors were defined from
HUTSCAT measurements. Unfortunately, there are no suitable
scatterometer measurements available at-band. Therefore, in
this study, the model is employed with parameters , and

and not with vegetation and soil moisture directly.

B. Inversion Algorithm

The inversion algorithm calculates an estimate for the forest
blockwise stem volume from JERS-1 and/or ERS-1 SAR
images. The algorithm uses a part of the data for training
purposes. Therefore, the test site was divided for a training area
(10%) and test area (90%). The forest blocks of the training
set were spread uniformly on the test site, and the remaining
forest blocks were used for testing the algorithm. In practice,
the inversion algorithm has three steps and they are carried
out as follows.

First Step: The parameters , and of (4) are
determined separately for each SAR image by employing
(4) simultaneously for all training forest blocks. The set of
equations is solved with the least-squares method with respect
to , and

minimum (7)

where is the number of training forest blocks,
is the measured mean backscatter for forest block, and

is the modeled backscatter for for-
est block .

Additionally, the training areas were divided into local
subgroups and (7) was separately solved for each subgroup.
These local scaling parameters were interpolated (bilinear) to
cover the whole area of interest. This procedure was made
to define the areal variation in the scaling parameters and its
influence on the retrieval accuracy. Nevertheless, the global
scaling factors provided significantly higher accuracies than
the local scaling factors. Therefore, the results based on the
global scaling factors are only presented and discussed in this
paper.

Second Step:For the whole test site, the stem volume
estimate for a forest block is calculated from the measured
blockwise mean backscattering coefficient and scaling
factors , and , by solving (4) with respect to the
stem volume ( )

(8)

The second step is carried out separately for each SAR image
that is used in the retrieval process.

Third Step: If several SAR images are used in the process,
the stem volume estimation from these images is combined
with a multiple linear regression. The regression equation is
defined from the stem volume estimate of the training areas
and ground truth by solving

minimum (9)

with respect to and . In (9), is the number of training
forest blocks, is the ground truth stem volume for a training
forest block is a vector that has the stem
volume estimates for the training forest blockbased on the
used SAR images (see second step), is a vector
that has the regression coefficients, andis the regression
bias (a scalar). Finally, the combined (final) stem volume
estimation for a forest block is calculated from (see
second step), , and

(10)
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TABLE II
ERS-1AND JERS-1 SAR-BASED STEM VOLUME ESTIMATION FOR FOREST

BLOCKS THAT ARE LARGER THAN 10 ha. THE CORRELATION IS CALCULATED

BETWEEN THE ESTIMATED AND GROUND TRUTH STEM VOLUME. THE DYNAMIC

RANGE AND SATURATION LEVEL ARE BASED ON THE VALUES PRESENTED IN

FIGS. 1 AND 2. SCALING FACTORSARE CALCULATED ACCORDING TO (7)

Fig. 1. Inversion function (8) employing the scaling factors based on JERS-1
images (see Table II). The curve (A) is for the JERS-1 image on May 23, 1993,
(B) is for December 18, 1994, (C) is for March 15, 1995, and (D) is for April
30, 1995. As an example, the mean backscattering coefficients of the training
and test set are presented for March 15, 1995. The training set is marked with
“o,” and the test set is marked with “x.”

IV. RESULTS AND DISCUSSION

Every tenth forest block (withouta priori information)
was selected to the training set, and the numeral values for
the scaling parameters , and were calculated
according to (7). Table II shows the scaling parameters (the
model fit) that were calculated in the first step of the inversion.
These scaling parameters determine the shape of the inversion
(8). Figs. 1 and 2 show the model fit function for the training
set data of each employed SAR image. As an example, for
one JERS-1 and ERS-1 image, the meanof the training
set is marked with “o” and that of the test set is marked
with “x” (with each SAR image, the mean matched
well with the fit function). The level of the backscatter
changed within 2 dB both in -band (ERS-1) and -band
(JERS-1), depending on environmental conditions. For all
JERS-1 SAR ( -band) images, the backscatter level increases
with increasing stem volume, while for the ERS-1 (-band)

Fig. 2. Inversion function (8) employing the scaling factors based on ERS-1
images (see Table II). The curve (A) is for the ERS-1 image on August 4,
1993, (B) is for October 2, 1993, (C) is for October 13, 1993, and (D) is for
November 6, 1993. As an example, the mean backscattering coefficients of
the training and test set are presented for August 4, 1993. The training set is
marked with “o” and the test set is marked with “x.”

images, the relation between the backscatter and the stem
volume is not straightforward. In the ERS-1 image for October
13, 1993, the wet ground was the dominating component in
the backscatter; therefore, the backscatter level decreased with
increasing stem volume. Table II shows the dynamic range of
the backscatter with respect to the stem volume. The dynamic
ranges are based on the mean backscattering coefficients of
the six stem volume classes that are used in Figs. 1 and 2.
For the ERS-1 images, the dynamic range was from 0.4 to
0.67 dB, while that for the JERS-1 images was from 1.4 to
2.1 dB. The saturation level in Table II is the stem volume
class that had the highest mean backscattering coefficient (if it
was not the highest stem volume class). Information in Figs. 1
and 2 and in Table II shows clearly that-band (JERS-1)
is more sensitive to the stem volume and less sensitive to
environmental conditions than-band (ERS-1).

The stem volume estimates for the forest blocks were calcu-
lated from each SAR image according to (8). Table III shows
the results when forest blockwise stem volume was retrieved
from a single SAR image. The inversion results are shown for
forest blocks that are larger than 10 ha. The JERS-1 images for
December 18, 1994, and March 15, 1995, provided the best
results; the former had the lowest relative rms error (34%),
while the latter had the highest correlation (0.65) between the
estimated stem volume and the ground truth. Table II shows
that for these two JERS-1 images the relation between the
backscattering coefficient and the stem volume did not sat-
urate. The ERS-1 image for November 6, 1993, provided the
best result among the ERS-1 images, the correlation coefficient
was 0.47, and the relative rms error was 49.6%. This image
had the largest dynamic range of the ERS-1 images, when the
image for October 13, 1993, was excluded (see Table II).

The stem volume estimation is strongly handicapped by
the speckle when a single SAR image is used. When a
relatively large area is considered, the speckle-based error can
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TABLE III
ERS-1AND JERS-1 SAR-BASED STEM VOLUME ESTIMATION FOR FOREST

BLOCKS LARGER THAN 10 ha. THE STEM VOLUME ESTIMATION IS

CALCULATED ACCORDING TO (8). THE CORRELATION IS CALCULATED

BETWEEN THE ESTIMATED STEM VOLUME AND THE GROUND REFERENCE

Fig. 3. Correlation coefficientr between the estimated stem volume and the
ground truth versus minimum forest block size. The estimations are based on
the JERS-1 image for March 15, 1995, and the ERS-1 image for November
6, 1993. The stem volume estimation is calculated according to (8).

be interpreted as normally distributed noise that has zero mean.
Therefore, the spatial averaging reduces effectively the error in
the inversion, and the forest block size is the dominating factor
for the accuracy of the inversion process. Figs. 3 and 4 show
the inversion results of the JERS-1 image for March 15, 1995,
and the ERS-1 image for November 6, 1993, as a function
of minimum forest block size. First, the rms error decreases
rapidly with increasing minimum forest block size, but above
the minimum size of 10–15 ha, the decline is relatively small.
The correlation between the estimated stem volume and the
ground truth saturates when the minimum size is from 20–30
ha. Figs. 3 and 4 show that the inversion method achieved

Fig. 4. Relative rms error of the stem volume estimations versus minimum
forest block size. The estimations are based on the JERS-1 image for March
15, 1995, and the ERS-1 image for November 6, 1993.

relative accuracies of 30–40% with a single spaceborne SAR
(JERS-1 or ERS-1) image. This rapid improvement in the
accuracy was achieved by dismissing the small forest blocks,
which are highly corrupted by speckle. For large-scale esti-
mation, the results were even better. Table III presents the
estimated mean stem volume for the forest blocks and the
ground truth reference value. In most cases, the difference
between the estimate and the reference value is from 3 to 10%.

The use of several images in the inversion process improves
the accuracy of the method. The stem volume estimates
based on different SAR images are combined with weighted
averaging. The weights are based on the information value
of the stem volume estimations. The weights were calculated
with a multiple linear regression between the stem volume
estimations and ground truth of the training areas according
to (9). The weighting process ensures that a less informative
image will not corrupt the information from a more infor-
mative image. Figs. 5 and 6 show the inversion result for a
pair of JERS-1 and ERS-1 images. These pairs produced the
best inversion results when a combination of two JERS-1 or
ERS-1 images was used. When Figs. 5 and 6 are compared
with Figs. 3 and 4, it is obvious that the accuracy improvement
decreases with the increasing minimum forest block size. For
a 0.5-ha minimum block size, the improvement was 50% for
the JERS-1 image pair and 70% for the ERS-1 image pair,
while at 10 ha, the improvement was 5% for the JERS-1 pair
and 13% for the ERS-1 pair.

Figs. 7 and 8 show the inversion results when one to six
SAR images are used in the inversion. Fig. 7 shows the
correlation between the estimated stem volume and ground
truth versus SAR image combination for forest blocks larger
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Fig. 5. Correlation between the estimated stem volume and the ground truth
versus minimum forest block size. The estimations are based on the JERS-1
image for April 30, 1995, and December 18, 1994, and the ERS-1 image
for November 6, 1993, and August 4, 1993. The stem volume estimation is
calculated according to (8)–(10).

Fig. 6. Relative rms error of the stem volume estimations versus minimum
forest block size. The estimations are based on the JERS-1 image for April
30, 1995, and December 18, 1994, and the ERS-1 image for November 6,
1993, and August 4, 1993.

Fig. 7. Correlation between the estimated stem volume and the ground truth
versus the number of employed SAR images. Correlation coefficients are
presented for forest blocks larger than 5 or 10 ha. One SAR image: JERS-1
for March 15, 1995; Two SAR images: JERS-1 for March 15, 1995, and May
23, 1993; Three SAR images: JERS-1 for March 15, 1995, and May 23, 1993,
and ERS-1 for November 6, 1993; Four SAR images: JERS-1 for March 15,
1995, December 18, 1994, and May 23, 1993, and ERS-1 for November 6,
1993; Five SAR images: JERS-1 for March 15, 1995, December 18, 1994,
and May 23, 1993, and ERS-1 for August 4, 1993, and November 6, 1993; Six
SAR images: JERS-1 for March 15, 1995, December 18, 1994, and May 23,
1993, and ERS-1 for August 4, 1993, October 2, 1993, and November 6, 1993.

than 5 and 10 ha. Fig. 8 shows the relative rms error of the
estimations. The tendency is similar in both cases: when four
SAR images were used instead of one, the relative rms error
decreased from 43 to 32% for forest blocks that are larger
than 5 ha, and from 37 to 27.5% for forest blocks that are
larger than 10 ha. The JERS-1 image for March 15, 1995, was
used as the single image, and the employed four images were
the JERS-1 images for May 23, 1993, December 18, 1994,
March 15, 1995, and the ERS-1 image for November 6, 1994.
In the six images, ERS-1 images for August 4, 1993, and
October 2, 1993, were added to the four images mentioned
above; then the relative rms error decreased to 25% and the
correlation coefficient was 0.73 for forest blocks that are larger
than 10 ha; for forest blocks that are larger than 5 ha, rms error
was 31% and correlation coefficient was 0.63.

These results demonstrate that the use of several images
reduces 1) the speckle-based error and 2) other random errors
in the estimation process. Therefore, the need for spatial
averaging is significantly lower. For example, the six images
produced 31% relative rms error for forest blocks that were
larger than 5 ha, while the rms error for the single image
(JERS-1 on March 15, 1995) was still 34% for forest blocks
that were larger than 40 ha.

When several SAR images were used, the accuracy of the
presented method was at the same level as that of the ground



204 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 37, NO. 1, JANUARY 1999

Fig. 8. Relative rms error of the stem volume estimations versus the number
of employed SAR images. The rms errors are presented for forest blocks larger
than 5 or 10 ha. See the caption of Fig. 7 for the SAR image combinations.

truth (See Section II-A) [26]. The ground truth was used for
both training and testing the method. The errors of the ground
truth are zero biased and normally distributed. Because the
whole training set was applied simultaneously, the ground truth
errors did not reduce accuracy of the training. Moreover, it
can be expected that the accuracy of the presented results was
reduced by uncertainties in the ground truth and the method
may exceed the presented reliability levels.

V. CONCLUSIONS

The backscatter levels in-band ERS-1 SAR images were
found to be more dependent on weather and seasonal con-
ditions, while that in -band images was less dependent
on those factors. Moreover, the-band images were more
sensitive to the stem volume than the-band images. At

-band, the correlation between the backscattering coefficient
and stem volume may change from positive to negative
(ERS-1 image for March 13, 1993) depending on weather
and seasonal conditions, while at-band, the correlation
between the backscattering coefficient and stem volume was
always positive. Based on the behavior of the backscattering
coefficient discussed above (see Tables II and III),-band
(JERS-1) seems more attractive for the biomass estimation
than -band. However, the differences in the inversion results
are small or nonexistent for large-scale estimation (e.g., areas
larger than 20–30 ha; see Figs. 4 and 6).

The inversion algorithm was developed and tested with
- and -band SAR images. The inversion method removed

successfully the seasonal effects from a single SAR image,
and the stem volume inversion was accurate for the large-
scale stem volume estimation. These results prove that the

semiempirical model [23] provides an accurate, simple, and
useful approximation of the backscattering behavior both at-
and -band. In the single image, the estimation of small forest
blocks is corrupted by speckle. However, the inversion results
were improved significantly for small-scale estimation when
several estimations (based on different SAR images) were
combined. The relative rms error decreased from 43 to 31% for
forest blocks that were larger than 5 ha, when the best single
image estimation (JERS-1 image for March 15, 1995) was
combined with five other estimations (based on the JERS-1
images for December 18, 1994, and May 23, 1993, and the
ERS-1 images for August 4, 1993, October 2, 1993, and
November 6, 1993). The JERS-1 images were clearly more
feasible for stem volume estimation of the small forest blocks
(less than 20–30 ha) than ERS-1 images, but for the large
forest blocks (more than 20–30 ha), no difference was found
between the JERS-1 or ERS-1 images.
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