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a b s t r a c t
This study was part of an interdisciplinary research project on soil carbon and phytomass dynamics of boreal
and arctic permafrost landscapes. The 45 ha study area was a catchment located in the forest tundra in
northern Siberia, approximately 100 km north of the Arctic Circle.
The objective of this study was to estimate aboveground carbon (AGC) and assess and model its spatial
variability. We combined multi-spectral high resolution remote sensing imagery and sample based ﬁeld
inventory data by means of the k-nearest neighbor (k-NN) technique and linear regression.
Field data was collected by stratiﬁed systematic sampling in August 2006 with a total sample size of n = 31
circular nested sample plots of 154 m2 for trees and shrubs and 1 m2 for ground vegetation. Destructive
biomass samples were taken on a sub-sample for fresh weight and moisture content. Species-speciﬁc
allometric biomass models were constructed to predict dry biomass from diameter at breast height (dbh) for
trees and from elliptic projection areas for shrubs.
Quickbird data (standard imagery product), acquired shortly before the ﬁeld campaign and archived ASTER
data (Level-1B product) of 2001 were geo-referenced, converted to calibrated radiances at sensor and used as
carrier data. Spectral information of the pixels which were located in the inventory plots were extracted and
analyzed as reference set. Stepwise multiple linear regression was applied to identify suitable predictors from
the set of variables of the original satellite bands, vegetation indices and texture metrics. To produce thematic
carbon maps, carbon values were predicted for all pixels of the investigated satellite scenes. For this
prediction, we compared the kNN distance-weighted classiﬁer and multiple linear regression with respect to
their predictions.
The estimated mean value of aboveground carbon from stratiﬁed sampling in the ﬁeld is 15.3 t/ha (standard
error SE = 1.50 t/ha, SE% = 9.8%). Zonal prediction from the k-NN method for the Quickbird image as carrier is
14.7 t/ha with a root mean square error RMSE = 6.42 t/ha, RMSEr = 44%) resulting from leave-one-out crossvalidation. The k-NN-approach allows mapping and analysis of the spatial variability of AGC. The results
show high spatial variability with AGC predictions ranging from 4.3 t/ha to 28.8 t/ha, reﬂecting the highly
heterogeneous conditions in those permafrost-inﬂuenced landscapes. The means and totals of linear
regression and k-NN predictions revealed only small differences but some regional distinctions were
recognized in the maps.
© 2008 Elsevier Inc. All rights reserved.

1. Introduction
Forest ecosystems are an important part of the global carbon cycle
because they store a large part of the total terrestrial organic carbon
and exchange CO2 with the atmosphere. In permafrost regions carbon
storage and net-exchange of CO2 may change considerably due to the
predicted temperature increase of 6 to 7 °C within the next 100 years
(IPCC, 2007). Permafrost thaw and the related deepening of the active
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layer are expected to increase CO2 emission from organic matter
mineralization in the soil (Hobbie et al., 2000) but there is potential
increase of carbon storage in plant biomass (White et al., 2000).
There are considerable uncertainties and knowledge gaps regarding the inﬂuence of current and future permafrost dynamics on the
processes of carbon emission and carbon sequestration in northern
ecosystems. Monitoring the vegetation dynamics of the circumpolar
boreal forest (northern taiga) and arctic tundra region is important for
understanding the consequences of climate-driven changes in these
areas (Ranson et al., 2004). The transitional region of the forest tundra
is expected to be sensitive to even small changes in environmental
variables and thus it can offer early insight into potential changes in
vegetation and aboveground carbon stocks driven by climate change.
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1.1. Estimation of aboveground carbon (AGC)
Information about the amount and distribution of aboveground
phytomass is a prerequisite for the evaluation of the role of carbon
exchange rates and for realistic predictions of future climate changes.
Vaganov et al. (2006) report that in 2006 more than 20 international
research projects dealt with this issue in Siberia. There are two
primary methods for the assessing of phytomass: (1). ﬁeld measurements, and (2) indirect assessments using remote sensing
techniques.
Camill and Clark (1998) showed that local factors such as slope,
aspect and successional patterns have a stronger inﬂuence on boreal
permafrost peatland dynamics than the regional mean annual
temperature. Therefore, studies describing processes on a local scale
are of great importance for calibration and validation of ecosystem
models.
1. Field measurements: Aboveground carbon stock (AGC) cannot be
measured directly but must be derived from aboveground biomass
(AGB). For ecosystem level biomass assessments there are numerous techniques two of which have been applied in the context of
boreal and arctic regions:
(a.) Biomass expansion factors (BEF) are derived from the relationship between easy to measure variables such as stand volume
and AGB. They are widely used (Alexeyev et al., 1995; Alexeyev
& Birdsey, 1998; Houghton et al., 2007; Isaev et al., 1995;
Monserud et al., 1996; Nilsson et al., 2000). Alexeyev et al.
(2000) distinguishes the geobotanical method and the forest
inventory method further.
• The geobotanical method uses a stratiﬁcation based on
vegetation and soil criteria. Data from a network of ﬁeld
plots serve for the assessment of the mean stock per stratum
and the extrapolation to the strata. Selection of ﬁeld plots
does not necessarily follow probability sampling but is based
on geobotanical criteria. For example, this method was used
by Bazilevich (1993) to describe the productivity of the
vegetation in Russia.
• The forest inventory method is based on two data sources:
probability sampled forest inventory plots and experimental
plots where AGB of different life forms is estimated. The relationship between forest inventory data and measured carbon
stocks is used to derive expansion factors. Often growing stock
expressed in terms of tree volume is used as an inventory
variable (Turner et al., 1995). Alexeyev et al. (1994) for example
conducted a large study in Russia with 2290 sample plots.
(b.) Allometric models for estimation of AGB are also very common
(Camill et al., 2001; Fehrmann, 2006; Kajimoto et al., 2006;
Montagu et al., 2005; Ohmann et al., 1976; Jia & Akiyama,
2005 ; Wirth et al., 1999). Biomass is predicted by these models
on a per plot or per individual plant basis. Therefore, usually,
species or site-speciﬁc models are developed by ﬁtting
parametric regression models to the relationship between
AGB and easy to measure plant variables such as diameter at
breast height, dbh.
2. Remote sensing applications: High latitude permafrost regions are
difﬁcult to access. Therefore, since the 1970s, remote sensing data
have been used for monitoring these areas in addition to ﬁeld
measurements (Lu, 2006). It is important to note, however, that
any remote sensing approach for biomass estimation also depends
on ﬁeld measurements.
Ahern et al. (2000) summarize the capability of optical remote
sensing sensors for monitoring carbon cycles of boreal forests and
identify the following features that can be assessed:
• Forest cover and biomass spatial distribution (when supported by
ﬁeld observations),
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• Patterns of disturbance (ﬁre, insect, land clearing),
• Pattern and rate of regrowth after disturbance,
• Seasonal variations of the net primary production.
The importance of remote sensing for AGB estimation has
increased considerably during the last years due to better availability
and coverage and ﬁner geometric resolution of remote sensing
data (Lu et. al., 2002; Muukkonen & Heiskanen, 2005; Nelson et al.,
1988; Wulder et al., 2008; Zheng et al., 2004). The application of
remote sensing has the distinct advantage that large areas can be
monitored (Hese et al., 2005) and spatial variability much better
characterized than when using ﬁeld inventory data exclusively—
always assuming that imagery with adequate spatial, spectral and
radiometric characteristics is available.
There are numerous examples of approaches to estimate AGB from
satellite data (Lu, 2006). Regression analysis is the most common
modeling approach (Dong et al., 2003; Lu, 2005; Muukkonen
& Heiskanen, 2005; Rahman et al., 2005; Zheng et al., 2004) but an
increasing number of studies use the nonparametric k-nearest
neighbor technique (k-NN) for regionalization (Cabaravdic, 2007;
Finley et al., 2006; Tomppo et al., 2002; Tuominen & Pekkarinen,
2005). The basic idea is to estimate the unknown value of an attribute
of an object based on its similarity to objects with known values of the
attribute. k-NN methods are easy to implement in computer software
in principle, although the computational demands are high and the
formulation of error components is still a challenge (McRoberts et al.,
2007; Stage & Crookston, 2007).
Most applications of k-NN for remote sensing data use medium
resolution imagery such as Landsat images (Finley et al., 2006; FrancoLopez et al., 2001; Katila & Tomppo, 2001; Mäkelä & Pekkarinen,
2001). The availability, low cost and large swath width of Landsat
satellite sensors make them more appropriate for nationwide inventories. Only few studies have used ﬁne resolution imagery such as
Quickbird or aerial photographs (Muinonen et al., 2001; Tuominen &
Pekkarinen, 2005). Since digital aerial photographs are widely
available it is interesting to contrast medium resolution ASTER
satellite images (comparable to Landsat) with high resolution Quickbird satellite images to improve prediction on a regional and local
scale.
1.2. Objectives
In the framework of an interdisciplinary research project, soil
carbon stocks and ﬂuxes were analyzed in a relatively small study area
in the forest tundra zone of central Siberia. There are three objectives
of this particular study. The primary objective is to estimate and
regionalize aboveground dry biomass and carbon stocks in a small
catchment where no prior forest inventory data are available using
ﬁeld observations and remote sensing.
The second objective was to apply the k-NN-technique for estimation
and regionalization of AGC as well as to quantify and model ecosystem
ﬂuxes and budgets. For the latter, AGC was to be mapped with a ﬁne spatial
resolution. The prediction accuracy of the k-NN technique was then
compared to the accuracy of multiple regression techniques and to the
accuracy of ﬁeld-based stratiﬁed estimates.
The third objective was to compare the utility of data obtained
from medium and high resolution satellite sensors for AGC estimation.
2. Materials and methods
2.1. Study site
The 45 ha study site is the catchment of Little Grawijka
Creek in Central Siberia near the town of Igarka at 67°48′ latitude
and 86°43′ longitude on the east shore of lower Yenissej River,
approximately 100 km north of the Arctic Circle. It belongs to the
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Fig. 1. Upper: Location of study site Little Grawijka Catchment near the town Igarka in the transition zone between tundra and taiga (ESRI, 2006). Lower: Pre-stratiﬁcation of study site
into the southern catchment area consisting mainly of north exposed and ﬂat areas (Stratum 3), the south to south east exposed areas in the northwest of the catchment (Stratum 1),
and the open bog areas (Stratum 2).

administrative region of Krasnoyarsk Krai of the Russian Federation
(Fig. 1). The catchment has a variety of landscape units and vegetation
associations in a distinctive spatial pattern. The eastern part is
dominated by raised bogs, thermokarst ponds and little streams,
which ﬂow into Little Grawijka Creek carving a small valley on its way
to the Yenissej River. The topography is ﬂat with a height range of just
11 m.
South and south-east exposed slopes where the active layer depth
is greatest are covered by dense forest stands which are dominated by
Betula pendula, whereas forest stands on the north exposed and ﬂat
areas are sparser and dominated by Picea obovata. Growing stock of

the forest is low with a mean dbh of 6.5 cm and mean basal area of
0.1 m2/ha (results from the ﬁeld survey). On raised bogs, vegetation is
composed of dwarf shrubs, herbs, moss and lichen. A detailed
description of permafrost distribution, soil properties and vegetation
within this catchment was recently published by Rodionov et al.
(2007).
2.2. Structure of the carbon mapping process
Fig. 2 gives an overview of the methodological steps of AGC map
production, where ﬁeld observations of local biomass are combined
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Fig. 2. Workﬂow of carbon mapping.

with carrier data from remote sensing imagery. The focus is on the
methodological components of remote sensing image processing.
Field sampling and estimation of dry biomass of various biomass
compartments on the ﬁeld plots are brieﬂy summarized in the next
section.
2.3. Inventory data
Forest inventory data were not available for our study site.
So a ﬁeld survey was conducted in August 2006. An existing
systematic sampling grid (n = 168, grid spacing = 50 m, (Rodionov
et al., 2007)) and 7 additional experimental plots were assigned to L = 3
strata according to expected AGC. The 7 additional plots are referred to
as intensive measurement plots and were established to cover typical
landscape units in the study area (Flessa et al., 2006). On these plots,
soil properties were determined and net-exchange of CH4 was
repeatedly measured. Within each stratum n = 8 sample locations
were selected randomly from the base sample grid (Fig. 1). The
interpretation of AGC estimates needs to be made with caution
because we used a mix of two different plot selection strategies.
Fixed area circular sample plots with radius r = 7 m were
established at all sample points. Geolocation was done with a single
handheld GPS receiver using Standard Positioning Service (SPS)
with typical horizontal accuracy of 10 m at (95% conﬁdence interval).
The aboveground fresh biomass was estimated from species speciﬁc
allometric models that were derived from biomass sub-samples
of sample trees. Moisture content was measured with the moisture
analyzer MA30 (Sartorius Inc.) and allowed conversion of fresh
biomass to dry biomass. Dry biomass was then transformed to carbon
using a simple conversion factor of 0.5 as described by Alexeyev and
Birdsey (1998) for most of the Siberian plant communities.
2.4. Availability of remotely sensed data
We limited our study to passive electro-optical sensors in the
spectrum of near infrared and infrared with high and medium spatial

resolution (that is 30 m ground sampling distance (GSD) or smaller).
Limitations for the data search were cloud cover, snow, ice and the
short growing season from June to September.
We also evaluated possibilities for acquiring actual satellite images.
Forestry in Russia has a long tradition of using remote sensing. But use
of the Russian high resolution imagery is restricted, and such imagery
was not available for this project. We aimed to acquire an actual
satellite image for the vegetation period close to our ﬁeld campaign. A
new cloudless Quickbird image was taken on 16 July 2006 and
obtained as a standard imagery product from Eurimage Inc. with 1
panchromatic, GSD = 0,6 m, and 4 multispectral bands, GSD = 2.4 m
(view angle 6.2°, sun elevation/azimuth 44°/179.4°).
We completed our data acquisition using archived ASTER image
data: Level-1B product, 3 bands in visible and near infrared spectrum
(VNIR), GSD = 15 m, 6 bands in shortwave infrared spectrum (SWIR),
GSD = 30 m, 5 bands in thermal infrared spectrum (TIR), GSD = 90 m,
recorded on 10 September 2001 with a cloud cover of 2% (view
angle 2.7°, sun elevation/azimuth 27.5°/180.7°) from the U.S. Geological Service.
2.5. Image preprocessing
The image data were converted to 32bit ﬂoating point numbers as
top-of-atmosphere radiances with standard procedures described in
Krause (2003) for Quickbird and in Abrams et al. (2003) for ASTER.
Neither atmospheric correction nor topographic normalization was
used because data for ﬁtting of aerosol and atmosphere models at
time of image acquisition were not available and relief is low within
the study area.
Quickbird bands showed high geometric quality compared to ﬁeld
based GPS measurements and were resampled to 1 m pixel size.
The horizontal error of the standard imagery product Quickbird is
reported with 14 m (DigitalGlobe, 2008). Our GPS measured plot
locations show a root mean square error (RMSEXY) of 5.31 m, derived
from n = 19 tree group positions using the standard imagery product as
reference.
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resulting subset models for correct functional speciﬁcation and analyzed
outliers and residuals using correlation analysis. Model evaluation
criteria were the coefﬁcient of determination R2, the adjusted R2, the
signiﬁcance of the regression and the root residual mean square error
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
MSRes , the residual standard error of regression). Because negative
carbon stock is not plausible, we set negative predictions from the linear
regression model to zero thus enforcing a non-negative model.
2.7. k-NN prediction
We used the weighted k-NN algorithm implemented in the kknn
package Version 1.0.3 (Schliep & Hechenbichler, 2006) of the Open
Source statistical software R (R Development Core Team, 2007). The
set of points for which both the independent and dependent variables
are known is referred to as the reference set, whereas the set of points
for which only independent variables are known is referred to as the
target set (Finley et al., 2006). As a ﬁrst step, the image variables of the
reference set were standardized by dividing the variable values by
their standard deviation. A triangular kernel function was deﬁned as
the weighting function for variable distances (Hechenbichler &
Schliep, 2004):
wðiÞ = ð1−jdjÞdIðjdjV1Þ
where
d
I(.)
Fig. 3. Extracted average values within inventory plots for selected variables. a) Plot design,
b) Overlay on 1 m-resolution Quickbird band (left) and overlay on 15 m-resolution ASTER
band (right).

We used image to image matching and co-registered the ASTER
VNIR bands with the Quickbird scene (RMSEXY = 0.28 m). Due to
differences in spatial resolution we used the ASTER VNIR bands as a
reference for co-registration of ASTER SWIR bands (RMSEXY = 0.11.).
Nearest neighbor resampling resulted in a pixel size of 15 m for ASTER
bands. The ASTER TIR bands were excluded from analysis because GSD
was larger than 30 m.
Additional sets of indices (34 for Quickbird, 27 for ASTER) were
derived from the original satellite bands and included vegetation
indices, principal components, tasseled cap transforms, texture
measures (Table 2). Together with the original bands, these image
transforms served as input for feature selection.
The reference data set was extracted from the images as the
average of all pixel values (per band) with centers in the location of the
circular inventory plots (Fig. 3). By averaging we aimed at decreasing
the effect of mis-registration errors that originate from imperfect
matching of imagery to the sample plots (Mäkelä & Pekkarinen, 2001;
Muukkonen & Heiskanen, 2005).
Thermokarst ponds composed of open water bodies and swimming vegetation layers were masked and excluded from the target set
using a semi-automatic segmentation approach. The segmentation
was based on manually located seed points in the Gram–Schmidt
enhanced Quickbird image with a seed growing algorithm utilizing
similarity criteria (spatial distance, spectral Euclidean distance) (Leica
Geosystems Geospatial Imaging, 2006).
2.6. Feature extraction and linear regression modeling
Subsets of variables as input for k-NN and linear regression
prediction were selected to keep the models less complex and to reduce
computational efforts. As variable selection strategy we used stepwise
selection and a linear model AGC =β0 +β1x1 +β2x2 + ⋯ +βkxk + ε, deﬁning
α = 0.15 as threshold for adding or removing a predictor variable. The
partial F-statistics were used as model selection criteria. We checked the

distance;
indicator function: if condition in brackets is true = 1,
otherwise=0.

This kernel function needs a window width so that the values
become zero at a certain distance from the maximum value. In the
kknn algorithm, the Euclidean distances are standardized by dividing
by the distance of the closest neighbor (k + 1) not used to calculate the
prediction. These standardized distances always take values within
the interval [0,1] (Hechenbichler & Schliep, 2004).
Calculations for the ASTER data were done on a standard PC,
while Quickbird imagery was computed using a 64 bit AMD-Opteron
cluster. The evaluation approach for the choice of k and for comparing
predictions to predictions from linear regression was the leave-oneout (LOO) cross-validation. Statistical measures for the exterior post
evaluation of accuracy (Table 1) were the absolute and relative root
mean square error (RMSE and RMSEr), the absolute and relative bias
(BIAS and BIASr) (Muukkonen & Heiskanen, 2005), the coefﬁcient
of variation of predicted values (COV) and the Pearson correlation
coefﬁcient r between observed and predicted values.
3. Results
3.1. Feature selection
We compared the performance of k-NN and linear regression using
only the original bands as is often done in other studies (Gjertsen,
2007; Katila & Tomppo, 2001; Kim & Tomppo, 2006; Mäkelä &
Table 1
Measures for exterior post evaluation of predictions (n = number of observations;
―
xi = observed values for entity i; x̂i = estimated value for entity i;, x = observed mean
value, sd = standard deviation)
Bias

BIAS =



n

∑

1
n

n=1

x^i −xi



sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2
n 
∑

Root Mean Square Error

RMSE =

Relative Bias

BIASr =

Relative RMSE

RMSEr =

Coefﬁcient of variation

COVr =

n = 1

xi − ^
xi
n

BIAS
d100k
x
RMSE
d100k
x

sd^

x

x

d100k

=

pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
MSE
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Table 2
Pearson correlation coefﬁcients r of ﬁeld observed AGC and satellite image variables, n = 30, abbreviations are deﬁned in Table 7 of Appendix A
Quickbird
Variable
Original bands

B1
B2
B3
B4
PAN
PC1
PC2
PC3
PC4
NDVI
SR
SQRT_SR
SAVI
EVI
TEXVAR3
TEXVAR5
TEXVAR7
TEXVAR9
TEXVAR11
TEXVAR13
TEXVAR15
TEXVAR17

Tasseled Cap, PCA

Vegetation-indices

Texture measures

ASTER
Correlation
r

p

0.58
−0.55
−0.58
−0.22
−0.37
−0.26
0.38
−0.50
−0.26
0.21
0.15
0.17
0.21
0.22
0.11
0.17
0.17
0.25
0.26
0.25
0.27
0.28

0.0008
0.0018
0.0008
0.2345
0.0417
0.1720
0.0401
0.0048
0.1587
0.2583
0.4164
0.3582
0.2629
0.2515
0.5463
0.3622
0.3600
0.1786
0.1619
0.1779
0.1569
0.1392

Variable

Correlation
r

TC1
TC2
TC3
TC4
ARVI
SARVI
MSARVI
TVI
NDWI
TEXVAR19
TEXVAR21
TEXVAR23
TEXVAR25
TEXCON25
TEXENT25
TEXSAM25
TEXCORR25

−0.42
−0.11
−0.05
0.30
0.50
−0.25
−0.23
−0.01
−0.10
0.29
0.29
0.31
0.33
0.68
0.59
−0.52
−0.55

Pekkarinen, 2001; Mukkonen & Heiskanen, 2005, 2006) with feature
selection resulting from stepwise linear regression using image
transforms and original bands. To get an overview of the relevance
of the variables we explored the Pearson correlation coefﬁcients r
between AGC and the analyzed satellite image variables, which are
given in Table 2. In general, the linear correlations of these indices to
ﬁeld observed carbon are low while multicollinearity between the
image variables is high. Original bands of both Quickbird and ASTER
are negatively correlated to carbon. Only a few vegetation indices are
signiﬁcantly correlated to total carbon stock.
The texture measure “variance” (TEXVAR) of the original Quickbird
panchromatic band showed increasing coefﬁcients for increasing
kernel sizes 3 × 3 to 25 × 25. The texture measure “contrast” based on
the gray-level co-occurrence matrix (GLCM) (Haralick et al., 1973) was
one of the best variables for Quickbird and ASTER. It can be interpreted
as a measure for gray-level differences between neighboring pixels
in a spatial neighborhood of 15 × 15 m for Quickbird and 75 × 75 m
for ASTER. Finally, subsets were selected from the image transforms
and original bands (Table 2) by stepwise linear regression (Table 3).
3.2. Linear models
We built linear models for Quickbird and ASTER based on the
selected variables (Table 3).
For both ASTER and Quickbird the ﬁrst order interactions between
the selected variables were checked and found not to be signiﬁcant.
The goodness of ﬁt of the selected models was examined with analysis
of scatter diagrams and residual graphs (Fig. 4). The residual graphs for

Variable

Correlation

p

0.0221
0.5764
0.7740
0.1033
0.0051
0.1814
0.2305
0.9678
0.6127
0.1207
0.1257
0.1004
0.0757
b .0001
0.0006
0.0035
0.0016

VNIR1
VNIR2
VNIR3
SWIR1
SWIR2
VPC1
VPC2
VPC3
VSWIRPC1
NDVI
SR
SQRT_SR
SAVI
II2
TEXCON3
TEXENT3
TEXSAM3
TEXCORR3
TEXCON5
TEXENT5
TEXSAM5
TEXCORR5

Variable

r

p

−0.10
−0.32
−0.37
0.57
−0.52
−0.36
0.08
−0.45
−0.37
−0.14
−0.14
−0.14
−0.06
−0.43
−0.33
−0.05
0.03
−0.25
−0.36
−0.28
0.25
−0.08

0.6174
0.0843
0.0419
0.0010
0.0031
0.0511
0.6871
0.0118
0.0444
0.4544
0.4587
0.4575
0.7680
0.0164
0.0787
0.7731
0.8641
0.1750
0.0497
0.1340
0.1856
0.6841

Correlation
r

p

SWIR3
SWIR4
SWIR5
SWIR6

−0.57
−0.53
−0.46
−0.55

0.0010
0.0023
0.0099
0.0015

VSWIRPC2
VSWIRPC3
VSWIRPC4

0.07
−0.54
0.20

0.7287
0.0021
0.2935

TNDVI
MSI
MIDIR

−0.14
−0.44
0.27

0.4530
0.0153
0.1453

TEXCON7
TEXENT7
TEXSAM7
TEXCORR7

−0.27
−0.27
0.25
0.21

0.1544
0.1535
0.1857
0.2653

Quickbird and ASTER (Fig. 4a and c) both show increasing residuals
with increasing carbon values, a phenomenon which is well known
for forestry and biological response variables and affects analyses
involving variances (precision, conﬁdence intervals). However, in the
present case, logarithmic transformations of dependent and independent variables did not stabilize the variances but only increased the
standard error of residuals. Comparison of predicted versus observed
values reveals a clearly curved band pattern for ASTER (Fig. 4d) and a
slightly curved pattern for Quickbird (Fig. 4b) raises the question of
the suitability of the selected linear model.
3.3. k-NN approach
The performance of k-NN was evaluated using two subsets of
variables. We compared predictions using image transforms and
feature selection by stepwise linear regression (referred to as Quickbird1 and ASTER1) to predictions based on the original bands only
(referred to as Quickbird2 and ASTER2, see Table 4).
The underlying assumption of the k-NN technique, that the total
range and variation of the variables in the target set are also present in the reference set, is sensitive to violations. Thus, k-NN prediction extrapolates poorly beyond the ranges of the reference data
(McRoberts et al., 2007). Therefore we compared the distribution
of pixel values for the reference set with that for the target set. As
we extracted average values within the inventory circles from the
Quickbird image, we had to adapt the scale of the target set to the
reference set, using a circular mean ﬁlter with the radius of the
inventory plots. The histograms of the distribution of standardized

Table 3
Results of stepwise linear regression
Quickbird

ASTER

Variable

Estimate

Std. Error

p(N|t|)

Intercept
TEXCON25
NDWI
MSARVI
Adj. R2
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
MSRes

59.48
2.26
192.66
−1.72

21.79
0.64
80.74
0.66

0.011
0.002
0.025
0.014
0.544
5.733

Partial R2
0.466
0.090
0.036

Variable

Estimate

Std. Error

p(N|t|)

Intercept
SWIR3
VSWIRPC2
TEXCON5
Adj. R2
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
MSRes

−6.89
−46.20
5.06
−0.26

23.95
11.05
1.89
0.11

0.776
0.000
0.013
0.027
0.452
6.286

Partial R2
0.326
0.079
0.104
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Fig. 4. Graphs of residual and predicted versus observed values for Quickbird (a, b) and ASTER (c, d) linear regression models.

variables in Fig. 5 show a similar range of target and reference set, but
it is also illustrated that some extreme values of the target data set are
not completely covered by the reference data set.
The comparison of the different subsets of image variables is based
on the LOO cross-validation criterion (see Table 1). RMSEr of all
Quickbird and ASTER subsets show a typical decrease with increasing
k (Fig. 6). Minimum RMSEr was found for Quickbird 1 at k = 10.
The relative bias stabilizes at a level of about +8% for all subsets
indicating a systematic overestimation. BIASr is lowest for ASTER1 and
Quickbird2 at k = 2. For Quickbird1 the relative bias is approximately
constant over all observed k.
Smaller k values preserve range and variance better (see coefﬁcient
of variation and range in Fig. 6) but result in greater uncertainty of
predictions as the RMSEr is higher. Because we wanted to maintain
precision while conserving most of the variability of predicted carbon
we used k = 5 neighbors as a compromise (compare also Fehrmann,
2006; Franco-Lopez et al., 2001; Katila & Tomppo, 2001; McRoberts
et al., 2002).
Table 4
Subset deﬁnition for k-NN prediction. Abbreviations are explained in Table 7 of Appendix A

Set 1
Set 2

Quickbird

ASTER

TEXCON25, MSARVI, NDWI
B1, B2, B3, B4, PAN

SWIR3, VSWIRPC2, TEXCON 5
VNIR 1,2,3, SWIR 1, 2, 3, 4, 5, 6

For k = 5 all quality criteria, except BIASr led to selection of the subsets
1 for Quickbird and for ASTER. Comparing both sensors, ASTER1 shows a
lower BIASr and preserves the range of the reference set better than
Quickbird1, whereas Quickbird1 has lowest RMSEr.
Fig. 7 illustrates the superiority of the indices (subset 1, derived
by image transforms and feature selection) over the original bands
(subset 2) for prediction: the correlation coefﬁcients of observed and
predicted values are considerably higher for subsets 1 for both ASTER
and Quickbird. Highest correlation was found here for Quickbird1 and
k = 10.
The residual graphs for the selected subsets 1 (Fig. 8) illustrate that the
variance of the residuals increases with increasing values of predicted total
carbon. The predicted versus observed values give an indication of a clear
but weak relationship for both ASTER and Quickbird.
3.4. Comparison between linear regression, k-NN prediction and stratiﬁed
sampling
Fig. 9 illustrates the results of linear regression prediction and k-NN
prediction as AGC maps with a spatial resolution of 1 m for Quickbird
and 15 m for ASTER based on the same reference set. In general, k-NN
and linear regression show similar spatial distributions of carbon. Bog
areas are clearly identiﬁed with small predicted values for AGC.
A detailed look at the carbon maps, however, reveals differences of
predicted AGC between the k-NN and the linear regression approach:
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Fig. 5. Comparison of range and distribution of target and reference data set for selected standardized (x = 0, sd = 1) image bands.

the k-NN algorithm has a sharpening effect and emphasizes edges
whereas linear regression predictions are smoother in the spatial
domain. The minimum and maximum of carbon range are better
represented by k-NN compared to ﬁeld based inventory results. Linear
regression considerably over- or underestimates carbon near extreme
values. This is evident for regression ASTER model 2 where negative
carbon values were set to zero. The range of carbon for regression
prediction is larger than that for k-NN prediction.
Quickbird k-NN prediction gives the center of predicted carbon
density on ﬂat and north-east exposed slopes. For Quickbird linear
regression prediction high carbon density is located along the creek
and on south-west exposed slopes that are associated with deeper
active layers or lack of permafrost. This is in agreement with our ﬁeld
observations. Investigation of the relation between soil and terrain
variables, and carbon spatial distribution is ongoing research.
Table 5 gives an overview of the LOO evaluation of Quickbird
and ASTER subsets. Comparing BIASr we conclude that the systematic
errors are larger for the k-NN predictions than for linear regression
models. We ﬁnd a systematic overestimation for all k-NN estimates
(positive BIAS) whereas BIAS of linear regression models is small.
There is clear evidence for an improvement as a result of feature

selection instead of subsets with the original bands: RMSEr declines by
11.9% using Quickbird1 and 5% using ASTER1 instead of the subsets
with the original bands. This underlines the importance and potential
beneﬁts of a feature selection step prior to k-NN or linear regression
prediction.
We compared average and total predicted carbon within the strata
boundaries using data from stratiﬁed sampling of ﬁeld plots. We used
the estimator for stratiﬁed random sampling with proportional
allocation of samples as an approximation to the stratiﬁed systematic
sampling that had been done. The total population mean was estimated
as 15.3 AGC t/ha (SE = 1.50 t/ha, SE% = 9.8%). Stratum 3 and 1 have similar
estimated mean values, whereas Stratum 2 which covers most of the
bog area holds only 10% of total estimated AGC in the catchment.
Predictions with Quickbird and ASTER as carrier data come close
to the total and strata means estimated from stratiﬁed sampling.
The estimated total in stratum h, and estimated mean of stratum h are
in all cases within the 95% conﬁdence interval of stratiﬁed sampling.
k-NN prediction of Quickbird comes closest to the estimates from
stratiﬁed systematic sampling with total average y = 15.1 t/ha. The
Quickbird subset produced the highest mean carbon predictions in
stratum 1 (and this is close to the estimates from ﬁeld sampling),
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Fig. 6. Evaluation criteria versus k = number of neighbors for subset selection using k-NN prediction; “….1” = subset with the selected variables (see Table 4), “….2” = subset with the
original bands only.

ASTER models in stratum 3. Table 6 lists the stratum-wise results for
the ﬁeld inventory based estimation and the ASTER and Quickbird
based predictions.

Fig. 7. Correlation coefﬁcients of predicted to observed carbon for ASTER and Quickbird
subsets. For legend see Fig. 6.

4. Discussion
Combining data from ﬁeld sampling and the satellite image
variables we produced high resolution maps of above ground carbon,
preserving mean and total carbon stock estimates while adding spatial
variability. The results of this case study are based on a relatively small
sample size and refer to a study area of 45 ha. The carbon predictions
from k-NN and linear regression are well in the range of values reported by other studies: Vederova et al. (2002) reported dry phytomass values of 25.7 t/ha and 36.9 t/ha for two test sides in the forest
tundra (68°20′N, 87°′50′E) at the Yenissej River. Alexeyev & Birdsey
(1998) reported an AGC of 15 t/ha for the ecoregion forest tundra.
Nilsson et al. (2000) estimated in their full carbon account a AGC of
23.9 t/ha in forest tundra. Schlesinger (1997) estimated a mean living
phytomass density (dry matter) of 8 t/ha in the tundra and 95 t/ha in
the boreal forest. The IIASA Forestry program (IASA FOR, 2007)
published maps of the aboveground living phytomass density (dry
matter) with a range of 8–23 t/ha at the location of the study area
Little Grawijka Creek Catchment. Compared to other studies using kNN for estimation of forest variables, in particular volume, (FrancoLopez et al., 2001; Tuominen & Pekkarinen, 2005) our results exhibit a
relatively low RMSEr of 44% for the best Quickbird subset.
The performance of image transforms such as vegetation indices,
texture and tasseled cap transforms was compared against the original
image bands. In this study we found better results for selected variable
subsets. The improvement was of an order of magnitude of 5–12%
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Fig. 8. Residuals and predicted vs. observed values for Quickbird1 (above) and ASTER1 (below) for k-NN prediction with k = 5.

RMSEr for the observed mean. In addition, considerable improvements in computational efﬁciency of nearest neighbor searches were
achieved; computational efﬁciency is still an issue for the application
of the k-NN technique on high resolution satellite images and/or
larger geographical areas.
Stratiﬁed systematic sampling with circular ﬁeld plots was found
to be adequate as a sampling strategy for reference data. The estimate
of the population mean revealed a relative standard error below 10%.
The stratiﬁed sampling produced sufﬁcient reference data to be
used for prediction using the satellite imagery, because the spectral
range of the target set was covered well and we were able to compare
estimates for strata zones with the regionalization results of k-NN
prediction and linear regressions. If image data are available before
the ﬁeld campaign we suggest an a-priori stratiﬁcation based on
selected image variables like texture measures of the Quickbird panchromatic band or ASTER SWIR bands to cover the whole range of
image data in the reference set. This could reduce the necessity of
extrapolating outside the range of observed values for both linear
regression and k-NN prediction and thus contribute to increasing
prediction accuracy.
For error estimation we did not use a second independent
reference data set, because establishing ﬁeld plots and determining
the fresh weight of the aboveground phytomass are very costly.
Relatively small sample sizes are among the common challenges of
biomass and carbon assessments.
Selecting optimal parameters and error estimation for the k-NN
algorithm are usually based only on the reference set using LOO cross-

validation. Error prediction is nearly unbiased but can be highly
variable for small samples. (Efron & Tibshirani, 1997; Franco-Lopez
et al., 2001).
Gray-level co-occurrence matrix (GLCM) measures for very high
resolution images (Franklin et al., 2000, 2001; Hay et al., 1996;
Puissant et al., 2005; Tuominen & Pekkarinen, 2005) and for Landsat
(Lu, 2005) have been successfully included in our study for AGC
prediction improving accuracy.
GLCM contrast is typically found to be among the most effective
descriptors of image texture (Van der Sanden & Hoekman, 2005). In
this study, the GLCM contrast based on a kernel of 25 × 25 pixels of the
panchromatic Quickbird band (0.60 m pixel size) outperformed all
other variables in the feature selection process. The contrast at kernel
5 × 5 of the ﬁrst principal component of ASTER VNIR bands (15 m pixel
size) improved linear regression.
The panchromatic band of high resolution satellite images
often yields better results for forest biomass and for prediction of
stand characteristics than multispectral bands; this is in agreement
with our results. Franklin et al. (2001) found best results for
separability of age classes of Canadian coniferous forest stands on
panchromatic Ikonos image for GLCM Homogenity and window sizes
15–25 m. Proisy et al. (2007) predicted mangrove biomass from
Fourier-based textural ordination of Ikonos images. Leboeuf et al.
(2007) classiﬁed shadows of panchromatic Quickbird band with
simple thresholding. They found close linear relationships between
shadow fraction (which we assume to be strongly correlated to
texture) and the aboveground biomass in boreal black spruce stands
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Fig. 9. Aboveground carbon maps of k-NN and linear regression prediction for Quickbird subset1 and ASTER subset1 of the study area Little Grawijka Creek Catchment.

in the Canadian taiga. They preferred reference squares with sizes
from 10 m to 30 m and pixel-based estimations of shadows.
Greenberg et al. (2005) classiﬁed shadows of pansharpened IKONOS
scenes and found correlations with DBH, stem number and crown
area.
The Quickbird panchromatic sensor has a spectral range of
450 nm–900 nm wavelength (DigitalGlobe, 2008) in the spectral
region of visible including near infrared. More research in the ﬁeld of

texture analysis of this spectral range for carbon estimation is needed
for determination of appropriate texture measures and moving
window sizes.
By analyzing the AGC maps provided by the different methods one
can see that k-NN has the effect of edge preserving and enhancement,
while linear regression estimation provides a generalization in the
spatial domain. In general, the maps of linear regression and k-NN
exhibit strong similarities. This is expected and in agreement with
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Table 5
Comparison of k-NN and linear regression prediction for Quickbird and ASTER subset1 (image transforms) and subset2 (original bands) based on LOO cross-validation of the
reference set (n = 30): r = Pearson correlation coefﬁcient of observed and predicted values
MODEL
k-NN

Linear regression

Quickbird1
Quickbird2
ASTER1
ASTER2
Quickbird1
Quickbird2
ASTER1
ASTER2

RMSE

RMSEr

BIAS

BIASr

COV

r

t/ha

%

t/ha

%

%

–

6.42
8.17
7.92
8.65
6.08
7.80
6.51
9.13

43.54
55.38
53.70
58.71
41.21
52.94
44.17
61.93

1.170
0.715
0.498
1.597
0.028
0.030
0.077
0.475

7.93
4.85
3.38
1.60
0.19
0.20
0.52
0.47

43.89
42.65
39.81
35.67
44.50
40.49
42.06
46.6

0.66
0.40
0.42
0.28
0.69
0.44
0.63
0.29

Subset deﬁnitions according to Table 4.

the ﬁndings of Labrecque et al. (2006). Studying the range of the
AGC maps it is obvious that linear regression estimation performs
worse with respect to extreme observations, among the reasons
being a misspeciﬁcation of the multiple linear regression models at
the bounds of the range of observed values. The linear regression
model is not appropriate in these intervals. This is severe for the
ASTER model where negative carbon estimates would result, which
we consistently set to zero. But still, the mean and total are preserved
well, which corresponds to the ﬁndings of Labrecque et al. (2006). We
did not apply alternative methods of nonlinear regression or locally
weighted regression because our reference data set was considered
too small. The issue of specifying model adequacy in regression
analysis is not an issue for the k-NN technique, although predictions
for pixels in the target set that are not covered by the reference set
may be biased.
The results from LOO cross-validation and the AGC maps indicate a slight superiority of the linear models in our case study; for
which variance estimators are available, while variance estimation
for k-NN is a challenge and ongoing research (e.g. McRoberts et al.,
2007). Systematic errors (bias) of the k-NN method were higher
than those of linear regression. This is in agreement with Gjertsen
(2007), McRoberts et al. (2002) and Trotter et al. (1997). The
computational effort for both methods can be reduced by using
feature selection algorithms such as linear stepwise selection, but
remains high when k-NN is applied for high resolution imagery like
Quickbird.

5. Conclusions
1. The k-NN algorithm delivers reliable overall results as compared to
estimates from stratiﬁed sampling. Although we used only a small
sample size, spatial variability is retained using high resolution
satellite images. Quickbird appears more suitable than ASTER for
ecosystem studies at local scale.
2. Stratiﬁed systematic sampling was found adequate for ﬁeld
sampling of aboveground biomass. If image data are available
prior to ﬁeld assessment, accuracy of both k-NN and linear model
prediction could be improved by a-priori stratiﬁcation according to
selected image variables in a way that the range of the target set is
fully covered by the reference set.
3. Feature selection results in a considerable decrease of estimation
errors. It appears that texture analysis of panchromatic high
resolution satellite imagery merits more attention. In this context
research into tree shadows and selection of texture measures for
carbon stock estimation is ongoing.
4. Comparison of linear regression and k-NN prediction showed
advantages for the regression approach as bias and RMSE were
smaller (except for the original bands of ASTER) and correlation
coefﬁcients of all linear models were higher than those of the
corresponding k-NN imputations. Judging from a practical point of
view, linear regression needs less computational efforts and can
be performed on standard PCs. But linear regression estimation
performs worse than k-NN when it comes to extreme observations:

Table 6
Estimates (stratiﬁed systematic ﬁeld sampling) and predictions (k-NN and regression from ASTER and Quickbird imagery) of AGC [t/ha], where nh = sample size in stratum h;
Nh = population size of stratum h, a = size of stratum, Ah = area of stratum h, y h = estimated mean in stratum h; τ h = estimated total in stratum h; syh estimated standard error in
stratum h; Min = minimum, Max = maximum of estimates
Stratum
Stratiﬁed sampling

Quickbird

k-NN

Linear model

ASTER

k-NN

Linear model

n
Nh
Ah
S―
yh
―
yh
τh
min
―
yh
τh
min
―
yh
τh
min
―
yh
τh
min
―
yh
τh
min

/ max

/ max

/ max

/ max

/ max

(ha)
(t/ha)
(t/ha)
(tons)
(t/ha)
(t/ha)
(tons)
(t/ha)
(t/ha)
(tons)
(t/ha)
(t/ha)
(tons)
(t/ha)
(t/ha)
(tons)
(t/ha)

Total

1

2

3

9
80
22.75
2.59
16.45
374.24
5.2 / 31.2
14.82
337.23
4.3 / 28.8
16.86
383.62
0.0 / 38.3
14.71
333.89
4.0 / 26.1
14.63
332.05
0.0 / 33.3

10
34
8.43
2.69
8.73
73.55
3.3 / 27.2
10.14
84.53
4.2 / 28.2
10.93
91.08
0.0 / 33.5
11.22
92.40
4.0 / 25.9
10.55
86.92
0.0 / 24.9

12
58
14.25
2.14
17.57
250.23
5 / 30.6
17.18
243.99
4.4 / 28.4
16.45
233.62
0.0 / 32.1
17.46
249.06
5.3 / 26.5
16.30
232.58
3.9 / 31.9

31
172
45.43
1.50
15.30
698.02
3.3 / 31.2
14.70
665.75
4.2 / 28.8
15.64
708.32
0.0 / 38.3
14.94
675.35
4.0 / 26.5
14.41
651.54
0.0 / 33.3
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a general solution to the problem of negative prediction values
for biomass is still to be identiﬁed in particular when dealing with
small sample sizes.
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Appendix A

Table 7
Description and references for the satellite image bands and transformations
Band / index

Description

B1–B4
Pan
VNIR1–VNIR3
SWIR1-6
PC1–PC4

Blue, Green, Red, Near infrared of Quickbird
Panchromatic of Quickbird
Green, Red, Near infrared of ASTER
Shortwave infrared of ASTER
Principle components of Quickbird bands
B1-4
Principle components of ASTER bands
VNIR1–VNIR3
Principle components of ASTER bands
VNIR1-3 and SWIR1-6
Normalized Difference Vegetation Index
Simple Ratio
Square root of Simple ratio
Soil Adjusted Vegetation Index
Enhanced Vegetation Index
Atmospherically Resistant Vegetation Index
Soil and Atmospherically Resistant
Vegetation Index
Modiﬁed Soil and Atmospherically Resistant
Vegetation Index
Triangular Vegetation Index
Occurrence texture Variance of
panchromatic band, (3 × 3–25 × 25)
Infrared Index
Transformed Normalized Vegetation Index
Moisture Stress Index
Midinfrared Index
Normalized Difference Water Index
Gray-level co-occurrence textures Contrast,
Entropy, Second Angular Moment,
Correlation of panchromatic band
(Quickbird) or VPC1 (ASTER), kernel 3 × 3–
25 × 25 (Quantization level = 64)
Brightness, Greenness, Wetness, Haze

VPC1-3
VSWIRPC1-4
NDVI
SR
SQRT_SR
SAVI
EVI
ARVI
SARVI
MSARVI
TVI
TEXVAR3-25
II2
TNDVI
MSI
MIDIR
NDWI
TEXCON TEXENT
TEXSAM
TEXCORR

TC1–TC4

Reference

Jensen
Jensen
Jensen
Jensen
Jensen
Jensen
Jensen

(2005)
(2005)
(2005)
(2005)
(2005)
(2005)
(2005)

Jensen (2005)
Jensen (2005)
Jensen (2005)
Jensen (2005)
Jensen (2005)
Jensen (2005)
Jensen (2005)
Kääb (2005)
Haralick and Shapiro
(1992) Haralick et al.
(1973)

Horne (2003)
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