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Estimating aboveground tree biomass and leaf area index in a mountain
birch forest using ASTER satellite data
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Biomass and leaf area index (LAI) are important variables in many ecological
and environmental applications. In this study, the suitability of visible to
shortwave infrared advanced spaceborne thermal emission and reflection
radiometer (ASTER) data for estimating aboveground tree and LAI in the
treeline mountain birch forests was tested in northernmost Finland. The biomass
and LAI of the 128 plots were surveyed, and the empirical relationships between
forest variables and ASTER data were studied using correlation analysis and
linear and non-linear regression analysis. The studied spectral features also
included several spectral vegetation indices (SVI) and canonical correlation
analysis (CCA) transformed reflectances. The results indicate significant
relationships between the biomass, LAI and ASTER data. The variables were
predicted most accurately by CCA transformed reflectances, the approach
corresponding to the multiple regression analysis. The lowest RMSEs were
3.45tha™" (41.0%) and 0.28 m*m 2 (37.0%) for biomass and LAI respectively.
The red band was the band with the strongest correlation against the biomass
and LAI SR and NDVI were the SVIs with the strongest linear and non-linear
relationships. Although the best models explained about 85% of the variation in
biomass and LAI, the undergrowth vegetation and background reflectance are
likely to affect the observed relationships.

1. Introduction

The birch forests cover considerable areas north of the boreal coniferous forest belt
in northern Fennoscandia (Hidmet-Ahti 1963, Wielgolaski 1997). Mountain birch
(Betula pubescens ssp. czerepanovii) is the most common tree or scrub in the area
forming the treeline both to the north and at high elevations. The mountain birch
forests are subject to natural and human induced changes, which emphasise the need
for monitoring the dynamics of these ecosystems. The forests are affected by the
grazing and trampling of semi-domestic reindeer (Helle 2001) and defoliated
regularly over vast areas by insect herbivores (Neuvonen et al. 2001). Mountain
birch ecosystems are also likely to be affected by climate change (Skre 2001).
Observations from the Swedish Scandes indicate that the birch treeline is already
slowly advancing (Kullman 2000).

Biomass and leaf area index (LAI) are important variables in many ecological and
environmental applications, for example, in the regional ecosystem models (Nemani
et al. 1993, Waring and Running 1998). Accurate estimation of biomass is required
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for carbon stock accounting and monitoring (Brown 2002, Rosenqvist ez al. 2003).
LAI is defined as one half of the total leaf area per unit ground surface area (Chen
and Black 1991), and it controls many biological and physical processes in the water,
nutrient and carbon cycle (Waring and Running 1998).

However, there are only a few studies concerning the biomass and LAI of the
mountain birch forests. Starr et al. (1998), Bylund and Nordell (2001) and Dahlberg
et al. (2004) have studied the biomass proportioning of mountain birch trees, and
developed allometric relationships to approximate the biomass of a tree component
or the total biomass of single trees according to some more easily measured variable,
such as diameter at breast height or height. The allometric relationships have been
applied to estimate the biomass for the sample plots (Starr ez al. 1998, Bylund and
Nordell 2001). Furthermore, Dahlberg er al. (2004) presented vegetation type
averaged biomass and LAI estimates. However, in addition to these studies there is
also a need for regional biomass and LAI estimates.

The possibility of estimating biomass and LAI by satellite remote sensing has
been investigated in several studies at various spatial scales and environments
(Badhwar et al. 1986, Spanner et al. 1990, Nemani et al. 1993, Chen and Cihlar 1996,
Fassnacht et al. 1997, Hame et al 1997, Myneni et al. 1997, Turner et al. 1999,
Brown et al. 2000, Brown 2001, Chen et al. 2002, Tomppo et al. 2002, Eklundh et al.
2003, Laidler and Treitz 2003, Stenberg ez al. 2004). The most frequently used
remote sensing data continue to be from the optical moderate resolution sensors,
like Landsat Enhanced Thematic Mapper Plus (ETM+). However, few remote
sensing studies have attempted to estimate biomass and LAI for mountain birch
forests (Dahlberg 2001), although the studies from the boreal coniferous forests and
arctic tundra are abundant. Most of the remote sensing studies concerning the
mountain birch forests have concentrated on image classification (Kayhké and
Pellikka 1994, Colpaert et al. 2003).

Typically, the estimation of the forest variables using optical remote sensing data
has been based on empirical relationships formulated between the forest variables
measured in the field and satellite data, often expressed in the form of spectral
vegetation indices (SVI) (table 1). In general, SVIs attempt to enhance the spectral
contribution of vegetation while minimising that of the background. SVIs using
some combination of red and near-infrared (NIR) reflectances, like the simple
ratio (SR) and the normalised difference vegetation index (NDVI) have been
particularly popular. However, the empirical relationships are affected by various
factors, including canopy closure, understory vegetation and background reflec-
tance (Spanner et al. 1990). A set of soil-adjusted vegetation indices have been
developed to reduce the effects of the soil background reflectance (Huete 1988,
Major et al. 1990, Qi et al. 1994, Rondeaux et al. 1996). Furthermore, some
studies have stated that the inclusion of the shortwave infrared (SWIR) into the
SVIs would unify different cover types and reduce the background effects (Nemani
et al. 1993, Brown et al. 2000). It is obvious that the effect of the background
reflectance is pronounced in the treeline, where canopy closure varies considerably
(Brown 2001).

If we wish to use satellite data to map the biomass and LAI of the mountain birch
forests, it is necessary to understand how these variables relate to the satellite
observed reflectance. The aim of this study was to examine the potential of the
visible to shortwave infrared advanced spaceborne thermal emission and reflection
radiometer (ASTER) satellite data for estimating biomass and LAI in the mountain
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Table 1. Spectral vegetation indices (SVIs) examined in this study. Red, NIR and SWIR
correspond to ASTER bands 2, 3 and 4.

SVI Equation Reference
DVI NIR— Red Tucker (1979)

NIR -
SR Red Birth and McVey (1968)
NDVI NIR— Red Rouse et al. (1973)

NIR+ Red
RDVI VNDVI « DVI Roujean and Breon (1995)
GEMI n(1—0.25n) %; Pinty and Verstraete (1992)

_ 2(NIR® — Red?) +1.5xNIR+0.5%Red
= NIR+ Red+0.5

SWIR
MSI TR Rock er al. (1986)
NDVI, NIR— Red <1 _ SWIR—SWIR, > Nemani et al. (1993)
NIR+ Red SWIRmax - SWIRmin ’

SWIR,,;, and SWIR,,,, are the minimum
and maximum reflectances observed in
the field plots.
RSR NIR SWIR—SWIR,.in .
R_Ed (1 - SW[anx 7SW]Rmin) ’ SWIRm,'"
and SWIR,,,. are defined as in NDVI,

Brown et al. (2000)

SAVI (1+L) B Bed o L was set to 0.5 Huete (1988)

OSAVI (1+L) %m; L was set to 0.16 Rondeaux et al. (1996)

SAVI2 —NIR__. p was set to 0.025 and a to 1.25 Major et al. (1990)
Red+"/q

MSAVI2  NIR+0.5— \/(N1R+0.5)2—2(NIR—Red) Qi et al. (1994)

birch forest in northernmost Finland. The statistical relationships between the
field measured biomass, LAI and ASTER satellite data were studied using
correlation analysis, and models developed by linear and non-linear regression
analyses. The studied spectral features included the single spectral bands,
several common SVIs, and canonical correlation analysis (CCA) transformed
reflectances.

ASTER data was employed because it has relatively high spatial resolution in the
visible to near infrared bands, and high spectral resolution in the shortwave infrared
bands (Yamaguchi et al. 1998). The provision of higher order data products, such as
atmospherically corrected surface reflectance data, is also increasing the applica-
bility of ASTER data (Abrams 2000). Furthermore, ASTER has been used only
very little in the study of forests.

2. Materials and methods

2.1 Study area

The study area is located in the Utsjoki region, in northernmost Finland (figure 1a).
The area lies north of the continuous pine forest and is characterised by subalpine
mountain birch forests, gently sloping low fells and mires. In terms of vegetation the
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Figure 1. Location of study area (a), and sampling design of the 1 by 1 km plots (b).

study area belongs to the orohemiarctic zone, being situated at the northern
boundary of the northern boreal zone (Ahti ez al. 1968). The climate is characterised
by a short growing season and long cold winters. The mean annual air temperature
is —1.7°C and the mean temperature of the warmest month (July) is 13.0°C in the
Kevo meteorological station situated 20 km north of the study area (Drebs et al.
2002). The mean annual precipitation is 414 mm. Elevations in the area range
approximately from 100 to 350 m a.s.l.

The most widespread mountain birch forest types in the area are subalpine
Empetrum-Lichenes type (SELiT), subalpine Empetrum-Lichenes-Pleurozium type
(sELiPIT) and subalpine Empetrum-Myrtillus type (SEMT) (Hamet-Ahti 1963,
Heikkinen and Kalliola 1988). sELiT is the driest and the most common forest type,
typically occurring at greater elevations than the other types and forming almost all
vertical tree lines. In the sELIT stands the birch trees or scrubs are low (2-4m).
Canopy coverage may be less than 10%, but is normally between 20-30%. In the
SsELiPIT and sEMT stands birches are taller (up to 6-7m, occasionally 10 m) with
canopy coverage of 30-60%.

There are also major differences in the composition of the undergrowth
vegetation (Hamet-Ahti 1963, Heikkinen and Kalliola 1988). In the sELiT and
SELiPIT stands the undergrowth is a mosaic of dwarf shrubs under the trees, and
lichens and mosses in the patches between the trees. Dwarf birch (Betula nana) and
Juniper (Juniperus communis) are the most common species in the sparse bush layer.
The most abundant dwarf shrub is crowberry (Empetrum hermaphroditum), but also
blueberry (Vaccinium myrtillus), cowberry (V. vitis-idaea) and occasionally bog
bilberry (V. uliginosum) are present. The greater abundance of mosses in the
SELIPIT (particularly Pleurozium schreberi) is the most important difference in
comparison to SELiT. The lichens (Cladonia, Stereocaulon and Peltigera species) are
typically very short and often disturbed by reindeer trampling. Exposed stones are
also common in places. In the most luxurious sEMT stands the dwarf shrub
dominated field layer and moss dominated ground layer are well developed and
relatively uniform. Lichens are relatively rare. Some grasses (Deschampsia flexuosa,
Festuca ovina, Linnea borealis, Solidago virgaurea and Trientalis europaea) are also
typically present.
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2.2 Field data

The field data were surveyed in July 2004. The data were collected from four
1%1 km? study sites located in the different mountain birch forest types with variable
tree and shrub covers. The study sites were chosen using the biotope inventory map
and database over northernmost Finland (Sihvo 2001). The sampling design of the
study sites is shown in figure 15. Each site was surveyed by four transects located
250 m apart from each other, consisting of eight plots 125 m apart from each other.
The plot size was 100 m? in the densest site and 200 m? in the three sparser sites. The
centre points of the plots were located using a handheld GPS device (Magellan
Meridian Platinum). According to the manufacturer the device should have an
accuracy of 7m for 95% of time. Furthermore, the GPS measurements were
averaged over several minutes in order to enhance the accuracy.

The surveyed data consisted of the basic stand parameters for scrubs and trees
taller than 1.3 m. Diameter at breast height (1.3 m) was measured for every tree, and
height for every tenth tree. The canopy closure of the densest plots was estimated
from hemispherical photographs (e.g. Rich 1990). The vegetation type and the
undergrowth composition were also recorded.

The biomass of stem, live branches, dead branches and leaves were estimated
using the diameter at breast height measurements and the allometric models
developed for mountain birch by Starr et al. (1998). The biomass proportions were
summed to give the aboveground tree biomass (hence called biomass). These values
were converted into biomass in tha™! using the area of the plot. The leaf area was
estimated using the estimated leaf biomass and specific leaf weight (79.48 gm™2)
measured by Kause et al. (1999). The estimated leaf area was converted into LAI
(m*m~?) using the area of the plot.

Altogether 128 plots were measured in the study area, 45 plots belonging to the
SELIT type, 56 to the sELiPIT type and 23 plots to the sSEMT type. Four plots were
excluded since plots were not located on mineral soils. Table 2 shows the descriptive
statistics for the field data. The canopy closure of the densest plots was estimated to
be around 50-60% (max=63%).

2.3 Remotely sensed data

A cloudless ASTER scene (AST_L1B.003: 2014007270) recorded on 29 July 2000
and processed into a level 2 surface reflectance (AST_07) product (Abrams 2000)
was used in this study. The coverage of the image is shown in figure la.

Table 2. Descriptive statistics of the field data (n=124).

Variable Mean SD Min Max
Tree density (trees ha ') 2709 1792 0.00 9205
Basal area (m*ha™!) 3.11 3.08 0.00 12.38
Mean height (m) 2.85 0.74 0.00 4.96
Total tree biomass (tha™!) 8.35 8.31 0.00 33.26
Stem biomass (tha™ ') 5.18 5.27 0.00 21.24
Live branch biomass (tha™!) 2.41 2.36 0.00 9.51
Dead branch biomass (tha™) 0.16 0.16 0.00 0.65
Leaf biomass (tha™!) 0.60 0.52 0.00 2.12
LAI (m’>m?) 0.76 0.66 0.00 2.70

SD, standard deviation.
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ASTER is a high spatial resolution multispectral imager onboard NASA’s Terra
spacecraft, launched in December 1999 (Yamaguchi er al 1998). The surface
reflectance product has three spectral bands in the visible near-infrared (VNIR) and
six bands in the shortwave infrared (SWIR) spectral regions with 15 and 30 metres
spatial resolution, respectively (table 3). The VNIR bands were especially designed
for assessing vegetation, but the spectral ranges of the SWIR bands were selected
mainly for the purpose of surface soil and mineral mapping (Yamaguchi et al. 1998).
ASTER also provides five bands in the thermal infrared (TIR) spectral region at
90 m spatial resolution, but this data were not used in this study.

The acquisition date corresponds approximately to the time of maximum leaf size.
The solar zenith angle was 51°. There was a four-year lag between field work and
image acquisition. However, the effect on the data analysis is assumed to be very
small since biomass and LAI were estimated from the diameter at breast height,
which is unlikely to have changed significantly in the four years.

2.4 Image processing

The VNIR and SWIR bands were rectified to the national coordinate system using
ground control points (GCPs) and first order polynomials. The VNIR bands were
rectified using 41 GCPs collected from 1:20 000 scale digital topographic maps. The
SWIR bands were rectified using 28 GCPs collected from the rectified VNIR bands.
VNIR bands were resampled to a pixel size of 15%15m? and SWIR bands to a pixel
size of 30#30 m” using nearest-neighbour resampling. The total root mean square
error was 0.65 pixels (9.75m) in the first rectification and 0.58 pixels (17.4m) in the
second.

The C-correction (Teillet et al. 1982, Meyer et al. 1993) was applied to reduce the
topographically induced variations in the reflectance (r7). The topographic
correction was achieved by:

cos(bs)+c¢
cos(i)+c

(1)

rg=rr

where ry is the reflectance observed for a horizontal surface and 0, is the solar zenith
angle. The solar incidence angle i was calculated from:

cos(i) =cosb,cosb), + sinb,sind,cos(d, —¢,,) (2)

Table 3. Characteristics of the ASTER visible and near-infrared (VNIR), and shortwave
infrared (SWIR) subsystems (Yamaguchi ef al. 1998).

Subsystem Band number Spectral range (um) Spatial resolution (m)

VNIR 0.52-0.60 15
0.63-0.69

0.76-0.86

1.600-1.700 30
2.145-2.185

2.185-2.225

2.235-2.285

2.295-2.365

2.360-2.430

SWIR

O OO ~1ON N B W —
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Table 4. Values of the parameter ¢ employed in the topographic correction of the ASTER
data, and correlation (r) between the cosine of the solar incidence angle and reflectance before
and after the correction.

Band c Before After
1 2.028 0.275 0.019
2 0.751 0.200 0.027
3 0.614 0.484 0.024
4 0.579 0.551 0.064
5 1.169 0.300 0.020
6 0.772 0.341 0.038
7 0.882 0.325 0.035
8 0.839 0.291 0.031
9 1.394 0.265 0.023

where 0, is the slope of the terrain surface, ¢, is the solar azimuth angle and ¢, is the
aspect of the slope. The slope and aspect were calculated from the DEM in
25%25m? pixel size. The cos(i) was resampled to match the pixel sise of the VNIR
and SWIR bands. The parameter ¢ was determined by the linear regression analysis
(rr=a cos(i)+ b, c=bla). A forest mask was derived from the biotope inventory map
and slope mask (0,=5 degrees) from the DEM to limit the regression analysis to the
forested and inclined pixels.

The topographic correction reduced the correlation between the solar incidence
angle and surface reflectance very close to zero (table4). This indicates that the
dependence between the variables was successfully removed.

2.5 Spectral feature extraction

Plotwise reflectances were derived from the image to examine the relationship
between biomass, LAI, and ASTER data. An average of reflectance inside 25m
buffer zones was calculated, and the pixel was included to the buffer zone if its
midpoint was inside the border. The reflectances were determined for field plots
using on average nine VNIR pixels and two SWIR pixels. The averaging was
assumed to reduce the geometric errors both in the GPS measurements and in the
image rectification, and furthermore, remove the difference in the pixel size between
the VNIR and SWIR bands.

The reflectances were employed to calculate several frequently used SVIs (table 1).
ASTER band 2 was used as a red band, band 3 as a near-infrared band and band 4
as a shortwave-infrared band in the equations. The parameters of the soil line were
determined from the scatterplot of the red and near-infrared ASTER reflectances
(figure 2) to calculate SAVI2 (Major et al. 1990). The soil line was fitted to the
reflectance of the nonvegetated sandbars and stony areas. The darkest pixels
correspond to the water.

2.6 Data analysis

Two-thirds of the data (83 cases) were allocated by random sampling to the
modelling set and one-third (41 cases) to the validation set. The modelling set was
employed to examine the linear and non-linear relationships between forest
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Figure 2. Scatterplot of the ASTER band 2 (red) and band 3 (near-infrared) reflectances,
and the estimated soil line.

variables and spectral features using correlation analysis, and linear and non-linear
regression analysis. The estimation errors were studied by the validation set.

Curran and Hay (1986) and Cohen et al. (2003) have stated that the ordinary least
squares (OLS) regression is often an inappropriate method for relating remotely
sensed data to ground variables. The problem is that OLS assumes that it is possible
to specify ‘independent’ and ‘dependent’ variables, and that the independent
variable is measured without error. It is difficult to make the specification and fulfil
the assumptions in the case of remotely sensed data (Curran and Hay 1986).
Furthermore, the predictions by the OLS tend to have attenuated variation in the
direction of estimation compared to the observed values (Cohen et al. 2003). The
reduced major axis (RMA) regression was used in this study as recommended by
Curran and Hay (1986) and Cohen et al (2003). The terms of the linear model
(y=ax+b) were calculated from (Curran and Hay 1986):

ay

a= b=yp—ax 3)

Ox

where j and X are the means of the variables y and x, and o, and o, standard
deviations, respectively. The sign of the slope term a was determined from the
correlation analysis. The forest variables were y and spectral features x in the
analysis.

Multiple regression analysis using several spectral features is an alternative to the
simple linear regression. Canonical correlation analysis (CCA) enables multiple
regression analysis in a simple linear context (Cohen et al 2003). CCA is a
multivariate statistical procedure that allows the interrelationships between two sets
of variables, in this case forest variable(s) and multispectral bands, to be
investigated. CCA maximises the correlation between sets of variables and provides
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a set of weights for the spectral bands that aligns them with the variation in the
forest variable(s). The canonical weighs can be applied to the spectral bands to give
CCA scores corresponding to a single integrated index. The benefit over the multiple
linear regression analysis is that the single index facilitates the visual assessment of
model strength and linearity of the relationship, and enables the visualisation and
interpretation on screen equally to traditional vegetation indices. Furthermore,
CCA enables the use of RMA regression (Cohen et al. 2003).

In this study, the canonical weights were computed separately for biomass and
LAI and reflectance values were converted to the corresponding CCA scores.
However, if all the spectral bands are involved in the CCA, some of the canonical
weights are very small due to redundancy effects. Redundancy was minimised by
selecting only the most significant variables using stepwise regression analysis before
the CCA. The criterion to eliminate and include variables was that all variables in
the models should be significant (p<<0.05). CCA scores were used in the regression
analysis like all the other spectral features.

Several studies (e.g. Myneni et al. 1997) have reported non-linear relationships
between the forest variables and reflectance data. Therefore, also the log-
transformations of the ASTER bands, and the applicability of power law (y=ax”)
and exponential (y=ae”) models were examined. The models were linearised and
parameters ¢ and b estimated using RMA regression. The best type of model in
terms of coefficient of determination (R*) was chosen for each feature.

The reliability statistics included the root mean square error (RMSE), relative
RMSE (RMSE,), bias (Bias) and relative bias (Bias,):

RMSE = 4)
RMSE, = (5)
Zl(ﬁi—y,)
Bins =
ias - (6)
Bias, = 2% 4100 (7)

where J; is the estimate, y; is the observed value, j is the mean of the observations
and # is the number of the observations (Hyvonen 2002). The statistical significance
of the bias was estimated by the #-test (Ranta et al. 1998):

Bias

l=% (8)

where sp is the standard deviation of the residuals ( ; —y;). The bias was considered
to be significant if the absolute value of the 7 was greater than ¢ corresponding to the
probability of 0.05 (Hyvonen 2002).
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Table 5. Correlations of the biomass and LAI against the ASTER reflectance, log-
transformed ASTER reflectance, SVIs and CCA scores (n=83). All the correlations are
significant (p<<0.05).

Band or index Biomass LAI
Band 1 —0.698 —0.719
Band 2 —-0.831 —0.847
Band 3 0.812 0.827
Band 4 —-0.821 —0.830
Band 5 —0.781 —0.798
Band 6 —0.780 —0.795
Band 7 —0.742 —-0.760
Band 8 —0.730 —0.748
Band 9 —0.753 —-0.771
Log (band 1) —0.721 —0.741
Log (band 2) —0.872 —0.883
Log (band 3) 0.792 0.810
Log (band 4) —0.827 —-0.834
Log (band 5) —0.805 —0.819
Log (band 6) —0.808 -0.819
Log (band 7) -0.777 —-0.792
Log (band 8) -0.775 —0.789
Log (band 9) —0.783 —0.798
DVI 0.834 0.850
SR 0.902 0.907
NDVI 0.817 0.835
RDVI 0.831 0.848
GEMI 0.812 0.828
MSI —0.805 —0.823
NDVI, 0.851 0.858
RSR 0.884 0.882
SAVI 0.832 0.849
OSAVI 0.828 0.845
SAVI2 0.888 0.897
MSAVI2 0.846 0.861
CCA scores 0.916 0.922
3. Results

3.1 Correlation between biomass, LAI and ASTER bands

All the spectral bands were significantly correlated (p<<0.05) with biomass and LAI
(table 5). The correlation patterns were similar for both biomass and LAI due to a
strong positive correlation between these two parameters (r=0.985). However, the
correlations were somewhat stronger with LAI than with biomass. Band 2,
corresponding to the red reflectance, was the band showing the strongest correlation
with biomass (r=—0.831) and LAI (r=—0.847). Also bands 3 and 4, corresponding
to the NIR and SWIR reflectance, were strongly correlated with biomass and LAI.
The correlation with band 3 was positive but otherwise the correlations were
negative. The standard logarithmic transformation of the reflectances enhanced the
correlation in all bands except in band 3. The band 2 had the strongest correlation
against biomass (—0.872) and LAI (—0.883) also after the transformation.

LALI is plotted against the reflectance in bands 2, 3 and 4 in figures 3(a)-3(c). The
scatterplots of the spectral bands versus biomass were very similar to those shown in
figures 3(a)-3(c), and hence are not shown here. The relationship between the band 2
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Figure 3. Relationship between LAI and ASTER band 2 (@), band 3 (b) and band 4 (c)
reflectances, and relationship between LAI and SR (d). Correlation coefficients (r) are given
separately for different mountain birch forest types and pooled data.

and LAI is curvilinear (figure 3(a)). The reduction in the reflectance is more rapid as
LAI increases in the sparsest SELiT type compared to the denser sELiPIT and sSEMT
types. The relationship between band 3 and LAI is also curvilinear, because some of
the sparsest SELiT sites have very low reflectance in the NIR band (figure 3(b)).
Band 3 also has more scattering in the LAI values over 1 than band 2. The plots
belonging to the sEMT type seem to have relatively high reflectance in band 3
compared to the other forest types. In contrast to bands 2 and 3, the relationship
between band 4 and LAI is relatively linear, but reflectance in band 4 is not as
sensitive to changes in LAI as reflectance in bands 2 and 3 (figure 3¢). In general, all
the three bands begin to saturate at LAI values of approximately 2.

Figures 3(a)-3(c) also show the forest type specific correlations for bands 2, 3 and
4, and LAI. Generally speaking, the forest type specific correlations are lower than
correlations for pooled data. Band 2 is strongly correlated with LAI in all the forest
types. Bands 3 and 4 show weaker correlations, particularly in the densest SEMT
type. The relatively weak correlations in the sSEMT type are also an indication of
weak sensitivity of the bands in the high values of LAI.

3.2 Correlation between biomass, LAI and SVIs

All of the SVIs were also significantly correlated (p<<0.05) with biomass and LA,
SR being the SVI showing the strongest correlations, 0.902 and 0.907, respectively
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(table 5). Also SAVI2 and RSR were strongly correlated with the forest variables. In
comparison to the single bands, only SR and SAVI2 showed stronger correlations
with biomass and LAI than the log-transformed band 2.

The LAI is plotted against SR in figure 3(d). SR shows a strong linear relation
with LAI The LAI has a stronger correlation with SR than with single bands 2 and
3, which were utilised in the calculation of SR. In the sEMT forest type the
correlation is weaker with SR than with band 2 due to a very low correlation with
band 3.

3.3 Canonical correlation analysis

Canonical correlation analysis was applied to convert the spectral bands into single
optimised indices. According to the stepwise multiple regression analysis the bands
1, 2, 3 and 9 were employed in the CCA. Bands 1, 2 and 9 were log-transformed
before the analysis, because the transformation enhanced the linear correlation. The
equations to calculate the CCA scores are given in the table 6.

The CCA scores showed a stronger correlation with biomass and LAI than with
single bands or SVIs, 0.916 and 0.922 respectively (table 3). The biomass and LAI
are plotted against CCA scores in figure 4. The relationships are relatively linear, but
the CCA scores are also insensitive to the variability in the highest biomass and LAI
values. Both the pooled and forest type specific correlations are also higher than
with any other feature.

Table 6. Equations to calculate CCA scores for biomass and LAI (n=83).

Variable Equation

Biomass 7.938 Log (band 1)—13.286 Log (band 2)+9.309 Band 3+9.953 Log (band 9)
LAI 6.255 Log (band 1)—12.556 Log (band 2)+10.914 Band 3+10.273 Log (band 9)
6 CCA scores for biomass 77 CCA scores for LAl

All,r=0916 3 All, r=0.922

O SELIT, r=0.619 O SELIT, r=0.679
14° O sELIPIT, r= 0.845 2] © O sELIPIT, r = 0.830
A SEMT, r=0.741 A SEMT, r=0.722
0 T T T T T T \ 1
0 5 10 15 20 25 30 35 0.0 05 1.0 1.5 2.0 25 3.0
Biomass (t ha”) LAI (m* m?)
(a) ()]

Figure 4. Relationship between biomass (a), LAI (b) and canonical correlation analysis
(CCA) transformed reflectances (CCA scores). Correlation coefficients (r) are given
separately for different mountain birch forest types and pooled data. The figure also shows
the linear model fitted by the regression analysis.
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3.4 Models for biomass and LAI

The linear regression models for biomass and LAI, and the coefficients of
determination (R?), are shown in table 7. The R* values of the linear models varied
between 0.63 and 0.84 for biomass, and between 0.63 and 0.85 for LAI. The highest
R? values resulted by using the CCA scores, as expected. The models for biomass
and LAIT using the CCA scores are shown in figure 4. The next best linear predictors
of the biomass were SR (R’=0.81), SAVI2 (0.79), RSR (0.78) and log (band 2)
(0.76). For LAI the R” values were 0.82, 0.80, 0.78 and 0.78, respectively.

The non-linear regression models and R? values are given in table 8. In the case of
band 4, SR, NDVI, and RSR the non-linear models could not enhance the R* values
significantly and models were not developed. However, in the case of other bands
and SVIs the R? values were improved considerably by the non-linear models.
NDVI had the highest R values for both the biomass (0.85) and LAI (0.83).
However, the differences to the next best models using band 2, OSAVI and SAVI
were very small. The power law type models were the most common, but the
exponential models produced the highest R? values. In contrast to the linear models,
the R? values were slightly better for biomass than for LAL

3.5 Error statistics

The error statistics of the linear regression models are given in table 9. The table also
shows the correlation coefficients () between the estimated and observed biomasses
and LAIs. The lowest RMSE was 3.45tha~! (41.0%) for biomass and 0.28 m’m >
(37.0%) for LAI predicted by CCA scores. The next best predictors were SR, SAVI2,
RSR and log (band 2) with RMSEs between 3.63-4.08tha ! (43.1-48.5%) for
biomass, and between 0.30-0.33 m’m 2 (38.7-43.6%) for LAI. Also, the correlations

Table 7. Linear regression models and coefficients of determination (R?) for biomass and

LAI (n=83).
Biomass (tha™ ') LAI (m*m~?)
Band or index Model R? Model R?
Band 2 —652.36x+35.79 0.69 —50.44x+2.86 0.72
Band 3 284.10x—58.33 0.66 21.97x—4.42 0.68
Band 4 —499.04x+113.58 0.67 —38.59x+8.87 0.69
Log (band 2) —62.32x—78.73 0.76 —4.82x—6.00 0.78
Log (band 3) 152.03x+104.59 0.63 11.76x+8.18 0.66
Log (band 4) —239.44x—153.85 0.68 —18.51x—11.81 0.70
DVI 201.94x—30.56 0.70 15.62x—2.27 0.72
SR 3.14x—11.65 0.81 0.24x—0.81 0.82
NDVI 75.74x—43.90 0.67 5.86x—3.31 0.70
RDVI 123.20x—36.54 0.69 9.53x—-2.74 0.72
GEMI 165.68x—-98.68 0.66 12.81x—7.54 0.69
MSI —45.65x+50.40 0.65 —3.53x+3.99 0.68
NDVIc 36.91x—4.44 0.72 2.85x—0.25 0.74
RSR 2.68x—1.34 0.78 0.21x-0.01 0.78
SAVI 116.32x—34.74 0.69 8.99x—2.60 0.72
OSAVI 92.00x—38.41 0.68 7.11x—2.88 0.71
SAVI2 6.53x—18.04 0.79 0.50x—1.31 0.80
MSAVI2 104.49x—79.84 0.72 8.08x—6.08 0.74
CCA scores 8.54x—14.42 0.84 0.66x—1.64 0.85
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Table 8. Non-linear regression models and coefficients of determination (R) for biomass and

LAI (n=83).
Biomass (tha™!) LAI (m*>m™?)

Band or index Model R? Model R?
Band 2 528.42¢ 117:53x 0.84 21.37¢ 9326« 0.82
Band 3 1.28 * 108x!1:8° 0.75 3.99 * 10°x>4 0.74
DVI 2.34 * 10°x5° 0.81 2.69 * 10°x>2% 0.80
NDVI 3.07 * 10 4e!364 0.85 241 * 10 %!0-83x 0.83
RDVI 9.1 * 10377 0.83 204.45x501 0.81
GEMI 1.71 * 10*x112 0.76 336.7x!518 0.75
MSI 7.35 * 103822 0.81 172.61e 63 0.79
SAVI 5.97 * 10°x72° 0.83 146.35x>76 0.81
OSAVI 890.63x7:8¢ 0.84 32.34x524 0.82
SAVI2 7.47 * 10 3x*03 0.83 3.03 * 10 3x>¢7 0.82
MSAVI2 58.61x'>7° 0.81 3.73x!2° 0.80

between the estimated and observed biomasses and LAIs were strong for these
features. In the case of biomass, the biases of the CCA scores, SR and RSR were
negative and bias of the SAVI2 was positive. In the case of the LAI, the biases were
all negative and relative biases were larger. However, the biases were not statistically
significant for any of the linear models.

The biomass and LAI predicted by the CCA scores are plotted against the
observed biomass and LAI values in figure 5. The estimates are strongly correlated

Table 9. Errors and biases of the biomass and LAI estimates predicted by the linear
regression models, and correlations (r) between the estimated and observed biomasses and

LAIs (n=41).
Biomass LAI
RMSE Bias RMSE Bias

Band or

index tha™! %  tha ! % r m’m2 % m’m 2’ % r
Band 2 471  56.0 0.36 43 0833 037 483 —-0.05 —-6.0 0.835
Band 3 5.05  60.0 1.17 139 0.812 0.39 51.0 0.02 2.2 0.819
Band 4 487 579 —-0.63 —-74 0.821 039 514 -0.12 —16.0 0.815

Log(band2) 4.08 485 —-0.08 —-09 0875 033 427 -0.08 —10.5 0.873
Log(band 3) 5.28 628 131 156 0.793 041 532 0.03 3.6 0.801
Log (band 4) 4.79 570 —-0.74 -8.8 0.827 039 509 -0.13 —-17.2 0.819

DVI 470 558 094 11.1 0.836 0.36 47.5 0.00 —0.2 0.842
SR 363 431 -0.17 -20 0903 030 38.7 —-0.09 —11.5 0.897
NDVI 490 582 0.73 87 0.819 038 498 -—-0.02 -23 0.824
RDVI 472  56.1 0.85 10.1 0.833 0.37 478 -0.01 —1.1 0.839
GEMI 503 598 1.17 139 0.812 039 50.8 0.02 2.2 0.820
MSI 5.06 60.2 0.81 9.6 0806 039 514 -0.01 -15 0.812
NDVI. 442 526 —-071 -84 0853 036 472 -0.13 —-169 0.845
RSR 397 472 -090 —10.7 0.884 0.33 43,6 —-0.14 —18.8 0.870
SAVI 471  56.0 0.88 10.5 0.834 036 47.7 —-0.01 —0.8 0.840
OSAVI 476  56.6 0.83 9.8 0830 037 482 -0.01 -13 0.836
SAVI2 386 458 0.19 23 0890 031 404 -0.13 —-17.2 0.890

MSAVI2 452 537 0.78 92 0848 035 459 -0.01 -1.8 0.853
CCA scores 345 410 -0.60 -72 0913 028 370 -—0.11 —14.9 0.907
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Figure 5. Estimated biomass versus observed biomass (a), and estimated LAI versus
observed LAI (b). The biomass and LAI were predicted from the CCA scores.

with observed biomass and LAI, but some underprediction occurs in the high values
of the variables, particularly in the case of LAL

The error statistics of the non-linear regression models are given in table 10.
Band 2 and NDVI had the smallest RMSEs for both variables and the strongest
correlations between the estimated and observed values. However, the RMSEs
were slightly larger and correlations weaker than those of the best linear models
(table9). In the biomass estimation the RMSE was 3.61 tha™' (45.6%) using band
2 and 4.02tha~' (50.8%) using NDVI as predictors. The biases were negative and
comparable to those of the best linear models. Some models, like GEMI and
band 3 had large RMSEs and positive biases due to the overprediction in
the highest biomasses. In the LAI estimation the RMSEs were 0.326 m’m >
(42.1%) and 0.328m’m * (42.4%) using band 2 and NDVI, respectively.
However, band 2 and NDVI had the largest negative biases, which were also
significant (p<<0.05).
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Table 10. Errors and biases of the biomass and LAI estimates predicted by the non-linear
regression models, and correlations (r) between the estimated and observed biomasses and

LAIs (n=41).
Biomass LAI
RMSE Bias RMSE Bias

Band or r
index tha ! % tha™! % r m’m2 % m’m 2 %

Band 2 3.61 456 —-0.70 -89 0904 0.33 421 —-0.13 —-16.9 0.894
Band 3 14.16 1789 285 360 0.731 0.73 94.9 0.06 8.3 0.770
DVI 6.97 88.1 0.75 9.5 0.815 0.43 551 —=0.04 —5.1 0.835
NDVI 4.02 50.8 —036 —4.5 0.890 0.33 424 —-0.11 —13.7 0.887
RDVI 4.84 61.2 0.03 0.3 0.858 0.35 455 —0.08 —10.1 0.865
GEMI 12.88 162.8 2,51 31.7 0.746  0.68 87.6 0.05 6.1 0.782
MSI 6.42 81.1 0.21 2.7 0.827 042 54.0 —0.08 —10.1 0.837
SAVI 5.29 66.9 0.20 2.5 0.848 0.37 473 —-0.07 -89 0.858
OSAVI 4.24 53.6 —021 -2.7 0.874 034 436 —-0.09 —-11.8 0.875
SAVI2 7.34 92.8 0.68 86 0.839 043 56.1 —0.06 —7.4 0.855
MSAVI2 9.56 120.8 1.45 183 0.798 0.53 68.0 —0.01 —1.5 0.826

4. Discussion
4.1 Relationship between biomass, LAI and ASTER bands

Red band (band 2) was the single band with the strongest correlation with biomass
and LAI. The chlorophyll pigment in the green leaves absorbs radiation in the red
wavelengths and red reflectance is thus inversely related to the quantity of
chlorophyll present in the canopy (Tucker and Sellers 1986). Furthermore, as
canopy cover increases the amount of sunlit background decreases curvilinearly
decreasing also the observed pixel-level reflectance (Yang and Prince 1997).
Dahlberg (2001) reported that the red bands of the Landsat TM, SPOT XS and
IRS LISS were the best predictors of the biomass and LAI in the heaths and
mountain birch forests in northern Sweden. The high correlations between the red
bands and forest variables has also been observed in the more productive deciduous
stands (Hame et al. 1997, Eklundh et al. 2003) and in the broadleaved stands in the
savannas (Xu et al 2003). Furthermore, the red band has been among the most
correlated bands with the forest variables in the coniferous stands (Spanner et al.
1990, Hame et al. 1997). However, Fassnacht et al (1997) observed the poor
performance of the red band in the hardwood forests and identified the green band
to be the most correlated band with LAI in the visible range.

NIR band (band 3) showed a strong positive correlation with the forest variables.
In the NIR range the leaf reflectance is high (Tucker and Sellers 1986), which
increases the canopy reflectance as LAI increases. Dahlberg (2001) found that in the
mountain birch forests the correlation between the NIR bands and LAI was
relatively strong compared to the relationship between NIR bands and biomass. The
direct relationships between NIR bands and forest variables have also been reported
for other types of deciduous stands (Hame et al. 1997, Eklundh et al 2003), in
contrast to the typically inverse relationships observed in the coniferous stands
(Nilson and Peterson 1994, Hame et al. 1997, Eklundh et al. 2003). Broadleaved
trees with large leaves reflect effectively, but in the coniferous canopies the
reflectance is reduced due to increasing multi-layer absorption as the height of the
canopy increases (Hame et al. 1997).
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SWIR band (band 4) had a strong negative correlation with biomass and LAI. This
is in agreement with data from mountain birch forests (Dahlberg 2001) but in
contradiction to the data from other types of deciduous stands (Eklundh ez al. 2003).
However, a strong correlation has been found between reflectance in SWIR bands and
forest variables in coniferous stands (Ard6 1992, Eklundh et al. 2003). In the SWIR
wavelengths the reflectance will decrease with increasing leaf area as a consequence of
increasing absorption due to water in the canopies (Tucker and Sellers 1986).
Shadowing is also likely to decrease reflectance in all bands (Ardd 1992).

4.2  Relationship between biomass, LAI and SVIs

The SR was the SVI showing the strongest linear relationship with biomass and
LAIL NDVI had the strongest non-linear relationship, modelled by the exponential
function. Both indices were also strongly correlated with mountain birch biomass
and LAI in the study of Dahlberg (2001). Eklundh et al (2003) studied the
relationships between several SVIs and LAI in the more productive deciduous
stands and found the strongest correlation between the SR and LAI. Broge and
Leblanc (2000) compared various SVIs using the simulated canopy reflectance data
and the exponential models. They found that the SR and NDVI were the best
indices to estimate LAI at low and medium LAIs. The forms of the relationships are
also in agreement with the results of White ez al. (1997).

Several studies have found that SWIR modifications of the SR or NDVI improve
the correlation with LAI in the coniferous forests (Nemani et al. 1993, Brown et al.
2000, Chen et al. 2002, Stenberg et al. 2004) and in the deciduous forests (Chen et al.
2002). However, in the comparison of Eklundh ez al (2003), RSR (which is the
SWIR modification of the SR) performed poorly in the deciduous stands. In this
study RSR showed a strong linear relationship against the forest variables, but
could not enhance the correlation of the SR. The relationship was best described by
the linear model in the range of biomass and LAI values observed in the mountain
birch forest. However, the results of Chen et al. (2002) suggest that the relationship
approaches exponential if higher LAI values occur. NDVI, had a stronger linear
correlation with the forest variables than NDVI, but the relationship with NDVI
was better described by the exponential model. Both RSR and NDVI.. are sensitive
to the MIR,,;;, and MIR,,,, values used (Nemani ez al. 1993, Brown et al. 2000),
which is also likely to explain the differences in the model performance in the
different studies.

The soil line adjusted SVIs have been employed successfully in some studies
(Broge and Leblanc 2000). SAVI2 was the best predictor of LAI and the least
affected index by the background reflectance in the sensitivity analysis of Broge and
Leblanc (2000). In this study, SAVI2 had stronger linear relationships in
comparison to other soil line adjusted SVIs, SAVI, OSAVI and MSAVI2, which
were best described by the power law models. The definition of the soil line is
difficult in the forested environment since the bare soil is only rarely visible and soil
line is discontinuous (figure 2).

4.3 Biomass and LAI estimation using CCA scores

The strongest linear relationships in this study were observed between the biomass,
LAI and CCA scores. In the case of biomass, slightly higher R> values were
produced by some of the non-linear models, but in the case of LAI the linear model
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using CCA scores also produced the highest R” values. According to the error
statistics, the best models for both biomass and LAI were produced by the CCA
scores. CCA provides a method to combine several multitemporal SVIs into a single
index (Cohen et al 2003), but it was also found to be useful in combining
multispectral data. CCA enables the visual comparison of the single band indices
with the multiple regression analysis, but it also enables the use of the RMA method
in the estimation (Cohen et al. 2003).

The results of the CCA are comparable to the studies employing multiple
regression analysis (Cohen et al. 2003). The results are in agreement with Fassnacht
et al (1997) who found that multiple-variable models offered substantial
improvement over single-variable models, especially for hardwood stands.
Dahlberg (2001) employed multiple regression models to map biomass and LAI
in the mountain birch forests in northern Sweden. Eklundh ez al (2003) reported
that LAI was modelled most accurately by the multiple regression models of
Landsat TM bands 1, 3 and 4 also in the more productive deciduous stands.

4.4 Effect of the undergrowth vegetation and background reflectance

Several authors have emphasised the effect of the canopy closure, undergrowth
vegetation and background reflectance to the observed relationships between the
reflectance data and forest variables (Badhwar et al. 1986, Spanner et al. 1990,
Nilson and Peterson 1994, Chen and Cihlar 1996, Yang and Prince 1997, Brown
2001). In this study, the canopy closure of the densest plots was estimated from the
hemispherical photographs to be around 50-60%. Therefore, the composition of the
undergrowth vegetation and background reflectance are likely to have a major effect
on the observed canopy reflectance in all the studied plots, particularly in the
sparsest ones.

The dwarf birch (Betula nana) occurred in the bush layer in most of the surveyed
plots. Although the dwarf birch is a shrub (height typically from 0.2 to 0.8 m and
length of the leaves from 0.5 to 1.5cm), it is known to have spectral properties very
similar to mountain birch (Kdyhko and Pellikka 1994). The dwarf birch is most
abundant in the mires but it is likely to have an effect on the observed relationships
and cause overprediction in the stands, where it is particularly abundant.

The spectral properties of the undergrowth vegetation differ according to the
forest types. The undergrowth vegetation is particularly abundant in the SEMT type
where the most important reflectors are the dwarf shrubs, grasses and mosses. This
sort of undergrowth has relatively low reflectance in the red and SWIR bands but
high reflectance in the NIR band (Lang et al. 2002). In the undergrowth of the drier
sELIT type the most important reflectors are lichen and dwarf shrubs, and in the
driest plots the patches of exposed soil, and partly or completely lichen covered
rocks, are common. Contrary to sEMT type, this kind of undergrowth has relatively
high reflectance in the red and SWIR bands and low reflectance in the NIR band
(Lang et al. 2002). The reflectance of the undergrowth vegetation in the sELiPIT
type is somewhere in between these extremes.

Hence, the reflectance of the undergrowth varies similarly to the reflectance of the
mountain birch canopy in a continuum of biomass or LAI values. This will increase
the correlation between the forest variables and reflectance data when data from the
different forest types are combined. This was observed when the correlations of
the pooled data were compared to the correlations stratified by the forest types. The
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combined data also included more observations and covered a larger range of
biomass and LAI values, which will increase the correlations (Chen et al. 2002).

The undergrowth vegetation and background reflectance are likely to affect the
strength of the relationship as well as its form. In the lowest biomass and LAI values
the red reflectances were high and NIR reflectances low making the relationships
curvilinear. Furthermore, the sensitivity of the ASTER data to the biomass and LAI
was significantly weaker in the most luxurious SEMT forest type than in the other
forest types. Badhwar er al. (1986) found that the reflectance in all Landsat TM
bands was insensitive to the overstory LAI when understory vegetation was
abundant. In general, the sensitivity of the spectral data to the forest variables is the
highest when the contrast between the background reflectance and canopy
reflectance is greatest (Yang and Prince 1997).

There are also other possible reasons for reduced sensitivity of the spectral data in
the highest biomass and LAI values. Chen et al. (2002) found that, in the deciduous
forests, the SVIs saturate already at LAI values of 2-3 due to multiple scattering
effects. In this study, the reflectance began to saturate already around biomasses of
25tha~' and LAIs of 2m’m 2. Furthermore, the low solar elevation angle is likely
to affect the observed relationships. According to the sensitivity analysis of Yang
and Prince (1997), the sensitivity of red reflectance to canopy cover variations is
better with increasing solar zenith angles, but on the other hand the relationship
saturates at lower canopy covers.

4.5 Applicability of the biomass and LAI models

The best models explained around 85% of the variation in the biomass and LAI
values. The lowest RMSEs were 3.45tha™" (40.97%) for biomass and 0.28 m*m 2
(36.96%) for LAL The R* values reported in this study are comparable or higher in
comparison to those previously reported for mountain birch (Dahlberg 2001) and
other broadleaved stands (Chen et al 2003, Eklundh et al 2003, Xu et al. 2003).
Generally speaking, the relative RMSEs are also comparable to the other studies,
although Dahlberg (2001) has reported RMSEs as low as 21% and 12% for biomass
and LAI, respectively. Keeping the accuracy of the estimates in mind, the developed
regression models can be employed to estimate biomass and LAI of the mountain
birch stands. The use of linear models is recommended, since non-linear models
could not enhance the reliability statistics.

One reason for relatively good results is that the field plots consisted of only a
single tree species, which is in contradiction to the other types of deciduous stands in
the boreal or temperate zones typically consisting of multiple species (Eklundh ez al.
2003). The biomass and LAI values were also relatively low and saturation did not
affect the relationships as much as in the forest types with higher biomass and LAI.
Furthermore, the relatively high spatial resolution of the VNIR bands enabled the
good accuracy in the image rectification.

The most important sources of error and unexplained variation are the variable
undergrowth vegetation and background (discussed above), errors in the biomass
and LAI measurements, and errors in the co-registration of the image data and field
plots. It is important to remember the possible overprediction, due to a high
abundance of the dwarf birch, if the models are employed to predict biomass and
LAI for mountain birch stands. The errors in the surveyed biomass and LAI are due
to measurement errors and local deviations from the employed allometric equations
and SLW value. The co-registration errors were minimised by accurate rectification
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enabled by relatively high spatial resolution of the VNIR bands, and by using buffer
zone averaged reflectances instead of pixelwise reflectances.

5. Conclusions

In this study, the potential of the visible to shortwave infrared satellite data for
estimating biomass and LAI in mountain birch forests was examined using ASTER
data. The results showed a strong statistical dependence between the biomass, LAI
and satellite data. This relationship was successfully modelled by CCA and linear
regression analysis. Keeping the accuracy of the estimates in mind, the developed
models are applicable to estimate the biomass and LAI for mountain birch stands,
and will be employed to map biomass and LAI in the study area in the future.
However, the factors affecting the reflectance of mountain birch stands should be
studied further by sensitivity analysis, using a suitable canopy reflectance model.
Particularly, the causes of the saturation in the highest biomass and LAI values, and
the effect of the undergrowth vegetation on the canopy reflectance in a continuum of
canopy closure should be studied. The sensitivity analysis would also provide the
optimal foundation for the selection of the most suitable SVIs for biomass and LAI
estimation in mountain birch forests.

ASTER data have had only a little use in the study of forests. The widespread use
of ASTER is hindered due to relatively small image size and non-systematic data
collection. However, the good spatial resolution of the VNIR bands and spectral
correspondence to the other optical sensors makes it a possible data source for
studying forests. The bandwidths of ASTER are comparable to Landsat TM (or
ETM +) in the visible and NIR spectral range. Band 4 corresponds to the TM band
5, and relatively narrow bands 5-8 correspond to TM band 7. None of the bands 5—
8 were particularly sensitive to biomass or LAI in the mountain birch forests.
Neither was ASTER band 9, which is outside the TM spectral range. ASTER data is
also provided in the higher order data products, which reduce the effort used in
completing the time consuming and often difficult pre-processing steps by the user
community.
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