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ABSTRACT 

Mangrove forests in tropical and subtropical countries play important roles from the 
viewpoint of ecosystem services such as water quality maintenance, storm wave 
protection, fish habitat and ecotourism activities as well as carbon stocking. Several 
mapping techniques of mangrove area using satellite sensor with a couple of 10-meters 
ground resolution, i.e. Landsat and SPOT, were developed to protect, restore and 
monitor costal ecosystem in previous studies (Green et al., 1998; Gao 1999; Saito et al., 
2003). The new generation of high resolution satellite data of finer ground resolution 
than 1-m 1-m such as IKONOS and QuickBird opened a new era for taking forest 
inventory and assessing forest biodiversity with remote sensing at landscape level. 
Forest inventory of mangrove forests is sometimes attended by the difficulty of the 
access because of the site environment and the complexity of the root system. 
Therefore, it is expected that high resolution satellite data are applied to the 
understanding of the present condition of mangrove forests as well as their dynamics 
(Rodriguez and Feller, 2004) and the classification of tree species using their properties 
of reflectance (Wang et al., 2004a; Dahdouh-Guebas et al., 2005). Wang et al., (2004b) 
indicated that both IKONOS and QuickBird data were suitable for classification of 
mangrove species from comparison of the results of texture analysis, likelihood 
classification and object-oriented classification. 
 
To estimate tree biomass, we need some allometric relationships. Normally, we estimate 
it from the stem diameter and tree height. But we can only observe directly crown 
diameter and tree number from high-resolution satellite data. Therefore, we should 
estimate stem diameter and tree height using allometric relationships between crown 
area and stem diameter or between stem diameter and tree height.In this study, we 
present methods to identify crown area of mangrove from high-resolution satellite data 
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and to estimate above-ground biomass of mangrove forest with allometric equation 
between derived crown area and stem diameter. 
 
The study area is located in the coastal zone of Ranong, Thailand. Twenty-three 0.04-ha 
sample plots were established and stem diameter of all trees and tree height of a part of 
them were measured in the field. The mean stem diameters of sample plots range from 
9.5 to 31.1 cm and the densities from 106 to 3700 trees/ha. Dominant species of 
mangrove are Rhizophora apiculata Bl., Rhizophora mucronata Lamk., Bruguiera 
cylindrica (L.) Blume, Bruguiera parvifola (Roxb.) Wight et Arnold ex Griffith and 
Xylocarpus granatum Koenig. 
 
QuickBird panchromatic data were acquired on 15 October 2006. A reversal image of 
QuickBird panchromatic data, calculated by subtracting each DN of the original data 
from the maximum value of DN in the data for each pixel (Wang et al., 2004c), was 
prepared to apply a watershed method for extraction of the individual crown areas. The 
mask of non-tree areas was used to avoid overestimating the crown area. Polygons of 
crowns and a polygon of a sample plot were superimposed and polygons of the inside of 
crown or partial inside of the plot were extracted in each sample plot. Finally, data sets 
of crown polygons were prepared for the sample plots. In general, the biomass of a tree 
is estimated from the stem diameter and tree height, while tree height is commonly 
determined from a height-diameter curve. Therefore, we need to estimate the stem 
diameter from individual crowns. An allometric model for relating measurable variables 
is commonly used for forest inventories and ecological studies (Ketterings et al., 2001). 
This model can be expressed as follows: 

 
E(y) = axb      (1) 

 
where x is the independent variable, y is the dependent variable and a and b are 
estimated parameters. Here, we investigated the allometric relationship between crown 
area obtained from QuickBird panchromatic data and the stem diameter measured in 
field survey for 23 sample plots. We assumed that extracted crown areas corresponded 
to measured stem diameters according to their sizes from the largest tree and suppressed 
trees could not be observed, i.e., their crowns had no area in the image. Using a data set 
of the stem diameters and crown areas estimated from QuickBird panchromatic data, 
parameters “a” and “b” in Equation (1) for each sample plot were estimated with the 
least-squares method respectively. 
 

Komiyama et al. (1988) investigated the weight of each organ for mangrove species 
from some sampling trees and introduced formulas as bellows; 

 
wS, wB,wPR and wF = a(D2H)b    (2) 
wL = 1/(a/ D2H+b)             (3) 

 
where, 

wS  :weight of stem 
wB  :weight of branches 
wL  :weight of leaves 
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wPR :weight of prop roots 
wF  :weight of fruits 

 
and a and b are estimated parameters. 
 
The weight of each organ by species was estimated from Eq. (2) or (3) using two 
variables, i.e. stem diameter and tree height with the estimated parameters, while tree 
height was introduced from diameter-height curve which was obtained from field 
survey. We calculated aboveground biomass (Ba) of a tree as the sum of these weights. 

 
Ba=wS+wB+wL +wPR+wF     (4) 

 
Above-ground biomass of sample plots obtained from stem diameter and tree height, 
which were estimated from QuickBird panchromatic data, was plotted against the 
biomass derived from the field measurements. The regression line that was fitted to the 
data by the least-squares method had an intercept of 63 ton/ha and a slope of 0.69 
(R2=0.66). 
 
The accuracy of the biomass estimation seems to depend on the amount of the 
suppressed trees. Indeed, the number of trees in the study plots, which was extracted 
from the QuickBird data respectively, was smaller than the actual number of trees. 
Particularly, if trees of second layer are hidden by canopy layer, uncounted biomass 
occupies quit large part of estimation. Here, we used the watershed method to identify 
crown area. This is one of most common methods for this purpose, however, we should 
recognize that crown conditions are obviously different by individual trees. Some large 
trees are regards as multiple trees because of some divided crowns. When canopy 
surface is comparatively flat, canopy is not divided suitably for the limitation of the 
method. Nevertheless these problems, the results indicated the possibility of utilization 
of high-resolution satellite data to estimate the above-ground biomass of mangrove 
forest. 
 
Keywords: allometry, above-ground biomass, crown area, high-resolution satellite data, 
mangrove, stem diameter 
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ABSTRACT 

The continued growth in energy demand in technologically developed societies makes it 
necessary to diversify the means of energy production. The region of Galicia (NW 
Spain), offers great potential for forest production, with an average standing timber 
volume of 95 m3 ha–1, higher than Finland’s and equivalent to the average standing 
timber volume reported for Sweden (Bermúdez and Touza, 2000). Furthermore, 
Galician Eucalyptus globulus Labill. (Tasmanian Blue Gum) plantations are 
internationally renowned for their high timber growth, with an average between 7 and 
30 m3 ha–1 yr–1, reaching up to 50 m3 ha–1 yr–1 in the best sites (Riesco, 2007). 
Therefore, the possibility of exploiting forest biomass of the high density Eucalyptus 
globulus plantations provides a good opportunity to improve economic performance in 
forestry, because Eucalyptus globulus stands which lack proper management often 
provide small and low-quality wood which could be used for energy production. 
 
In Galicia there are important deficiencies in the characterization and quantification of 
the biomass resource available. Conventional methods for biomass estimation are based 
on field measurements and, although these methods are more direct, they are generally 
limited in terms of spatial and temporal samplings since they require time-consuming 
destructive sampling (García et al., 2010). The lack of specific inventories, means 
results have to be obtained from data sources and existing cartographic sources, which 
often provide inaccurate information. Remote sensing provides the only method for 
generating detailed and spatially explicit information on forest biomass, given its 
potential to provide information at a wide range of spatial and temporal scales (García et 
al., 2010). LiDAR (Light Detection and Ranging) flights can provide a direct 
assessment of vertical forest structure (Wagner et al., 2008). 
 
Probably the most widely used method for deriving forest variables at stand level, 
particularly mean height, volume and basal area, is a statistically-based method that uses 
allometric models fitted to metrics of the LiDAR-derived distribution of canopy heights 
and field data of experimental plots. This method has shown promising results in forest 
measurements, even at very low sampling densities of about 1 pulse m-2 (Næsset, 2002; 
Næsset, 2004), which makes it very interesting for commercial operation.  
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This study aims to estimate biomass fractions of Eucalyptus globulus plantations using 
height and intensity data from a discrete-return LiDAR system, given the importance of 
the species in the Galician forestry industry and the potential of the method for reducing 
data acquisition costs. The particular goals are: (1) To prove the applicability of linear, 
allometric and exponential models to predict biomass in different aboveground 
fractions; (2) To evaluate the usefulness of intensity data recorded by small footprint 
systems to estimate biomass; (3) To assess the effect of point density on the estimation 
of biomass fractions, considering data availability, since the Spanish National 
Geographic Institute will soon release low-density LiDAR data (0.5 pulses m-2) for the 
whole of Spain. The equations developed by us will allow estimation of biomass stocks 
for large areas of Eucalyptus globulus rather than using scarce field plot measurements, 
taking into account the forthcoming availability of LiDAR data for Spain. 
 
The study area was located in Galicia and covered 4 km2 of high density Eucalyptus 
globulus plantations. LiDAR data was acquired in November 2004 using an Optech 
ALTM 2033 sensor. First and last return pulses were registered with an average 
measuring density of about 4 pulses m-2. Fieldwork was carried out between February 
and March 2005. A forest inventory of 39 square plots of 15 m2 was conducted in 
mature Eucalyptus globulus plantations. Topographic surveys were conducted to 
determine the location of the corners of the plots. For all the trees within the plots, total 
height and diameter was measured. 
 
The fractions of biomass were calculated for each single tree from the following 
equations (Diéguez-Aranda et al., 2009, p. 238): 

 

 

 

 

 

where ww is stem wood biomass (kg), wb7 is wood and bark biomass on branches with 7 
cm minimum top diameter (kg), wb is bark biomass on stem (kg), wb2-7 is wood and bark 
biomass on branches with 7 cm maximum butt diameter and 2 cm minimum top 
diameter (kg), wb0.5-2 is wood and bark biomass on branches with 2 cm maximum butt 
diameter and 0.5 cm minimum top diameter (kg), wb0.5 is wood and bark biomass on 
branches with 0.5 cm maximum butt diameter (kg), wl is leaf biomass (kg), d is 
diameter at breast height outside bark (1.3 m above ground level, cm), and h is total tree 
height (m). 
 
Finally, crown biomass (wcr), stem biomass (wst) and aboveground biomass (wabg) were 
calculated from the sum of the fractions of biomass included: 
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The fractions of biomass obtained were used to estimate the following variables at the 
plot level: crown biomass (Wcr, kg ha-1), stem biomass (Wst, kg ha-1) and aboveground 
biomass (Wabg, kg ha-1). Such estimates were used to develop models to derive biomass 
fractions at stand level from LiDAR data. 
 
In order to know how LiDAR density affects the precision of biomass estimates, a 
random reduction of LiDAR returns was performed and a thinned dataset with a density 
of 0.5 pulses m-2 was obtained. For both data sets (original and thinned) intensity data 
was normalized to a user-defined standard range, eliminating the effect of path length 
variations on the intensity recorded by the system (Donoghue et al., 2007; García et al., 
2010) 
 
For the two datasets, a set of metrics were calculated for pulse intensity and height 
values of LiDAR data collected within the limits of field plots. These metrics were used 
as independent variables in the regression models. Linear, allometric and exponential 
models were used to establish empirical relationships between field measurements and 
LiDAR measurements. Their general expressions are as follows: 
 

 

 

 

 
where Y are field values of Wcr (kg ha-1), Wst (kg ha-1) and Wabg (kg ha-1), and X1, X2…, 
Xn may be any of the following LiDAR metrics: hmean, hmax and hmin are the mean, 
maximum and minimum heights of LiDAR returns for each plot (m); hmedian, hmode, hSD 
and hAAD are the median, mode, standard deviation and average absolute deviation of the 
height distribution of laser returns for each plot (m); hID is the interquartile range (m); hv 
is the variance of the height distribution of returns for each plot (m2); hSkw and hKurt are 
the coefficients of skewness and kurtosis for height distributions; h05, h10, h20…, h90, h95 
are the percentiles of LiDAR height distribution for each plot (m); h25 and h75 are the 
first and third quartiles of height distribution (m); imean, imax and imin are the mean, 
maximum and minimum intensities of LiDAR returns for each plot; imedian, imode, iSD and 
iAAD are the median, mode, standard deviation and average absolute deviation of the 
distribution of pulse intensities for each plot; iID is the interquartile range; iv is the 
variance of the distribution of pulse intensities for each plot; iSkw and iKurt are the 
coefficients of skewness and kurtosis of the distribution of pulse intensities; i05, i10, 
i20…, i90, i95 are the percentiles of the distribution of LiDAR pulse intensities for each 
plot; and i25 and i75 are the first and third quartiles of intensity distribution; r2 is the 
number of returns above 2 m height for each plot; and c2-FP is the ratio of the number of 
laser hits above 2 m height to the number of first returns for each plot, expressed as a 
percentage. 
 
To select the variables and to make an initial estimation of the parameters included in 
allometric and exponential models, the models were linearized by taking logarithms of 
both sides of (11) and (12). Stepwise selection was performed to select variables to be 
included in the final models. No predictor variable was left in the model with a partial 
F-statistic with a significance level greater than .05. The standard least-squares method 
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was used. The analysis of the goodness of fit of the models was based on numerical and 
graphical comparisons of residuals. For this purpose, the coefficient of determination 
(R2) and the root mean square error (RMSE) were used. Besides, a visual inspection of 
the graphs of residuals against the predicted values of each fitted model was performed. 
To check for multicollinearity among the explanatory variables of the analyzed models, 
the condition index (CI) was used. According to Belsley (1991, p. 139-141), regressors 
with a condition index above 30 were not included in the models. 
 
The goodness-of-fit statistics of the different models tested are presented in table 1. 
Exponential models provided very stable results after reducing sampling density, with 
differences between 0.64 and 1.95% in terms of R2, while allometric models were the 
least stable with differences between 9.54 and 11.61% in terms of R2. None of the 
regression models finally selected included as independent variables related to the 
intensity of the returns. Exponential models performed best for all the variables, using 
both full density data and thinned data. Results of biomass estimation suggest that laser 
pulse density can be reduced for forest purposes to low densities (of up to 
0.5 pulses m-2) without significant loss of information. 
 

Table 1. Goodness of fit statistics of the different models tested for stand biomass estimation. 

Dependent Variable Pulses m-2 Model Independent Variable R2 RMSE (kg ha-1) CI 

Wcr 0.5 Linear h90 0.708 3812 13.3 

 0.5 Allometric h60 0.619 4882 28.9 

 0.5 Exponential h75 0.755 3771 11.9 

 4 Linear h75 0.719 3736 12.0 

 4 Allometric h60 0.700 4261 29.5 

 4 Exponential h75 0.770 3555 12.0 

Wst 0.5 Linear h75, hSkw 0.801 24732 14.3 

 0.5 Allometric h60 0.740 32622 28.9 

 0.5 Exponential h75 0.853 22129 11.9 

 4 Linear h75 0.803 24261 12.0 

 4 Allometric h60 0.818 26139 29.5 

 4 Exponential h75 0.859 21229 12.0 

Wabg 0.5 Linear h95 0.771 29453 12.9 

 0.5 Allometric h60 0.727 37347 28.9 

 0.5 Exponential h75 0.844 25668 11.9 

 4 Linear h75 0.797 27723 12.0 

 4 Allometric h60 0.806 30281 29.5 

 4 Exponential h75 0.851 24416 12.0 

In the light of the results of this study, the low-density LiDAR data (0.5 pulses m-2) that 
will soon be released by the Spanish National Geographic Institute will be an excellent 
source of information for aboveground biomass estimation. 

 
Keywords: Intensity, Biomass fraction, Area-based inventory, Galician forestry, Blue 
gum eucalyptus.  
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ABSTRACT 

Forest ecosystems are the world’s largest accessible source of biomass, and their use for 
energy purposes is part of the international political and economical debate (Parika, 
2004). In 2005 in Italy forest harvesting was close to 10 Mm3, and more than 60% was 
firewood, largely from coppice stands. Coppice stands cover in Italy 36,631 km2 on a 
total forested area of 104,675 km2 and on a total land area of 301,328 km2 (INFC, 
2005). 
 
The main source of information for the estimation of forest resources are National 
Forest Inventories (NFIs) (McRoberts et al., 2009). NFIs are able to provide information 
aggregated for large geographical regions inferring from information acquired in the 
field in sampling units geographically distributed on the basis of a formally defined 
sampling design. 
 
Biomass estimates are relevant for many ecological studies and issues related to global 
change. For example, they can be used in models to assess the contribution of forest 
fires to the increase in atmospheric carbon dioxide concentration. Biomass assessment 
by field observations has been found insufficient to present spatial variability of 
biomass over large area. Satellite remote sensing data provide capability for biomass 
mapping (e.g., Labreque et al., 2006; Blackard et al., 2008). 
 
One of the most promising methodology to carry our such spatial estimations is k-
Nearest Neighbors (k-NN) that is able to produce locally calibrated estimates for 
individual satellite image pixels and continuous maps of forest attributes using data 
sampled in the field (Mcroberts and Tomppo, 2007; McRoberts, 2008). The application 
of the k-NN method was proved to be useful in providing local estimates of forest fuel 
potentials in the boreal area (Bååth et al., 2002). No studies were developed to test such 
an approach in Mediterranean conditions when firewood is obtained from broadleaves 
forests managed with the coppice system. 
 
The aim of this paper is the aboveground biomass k-NN estimation of forests, pastures 
and meadows in Molise Region, central Italy. 
The study area is 443,700 ha wide. For the study area the following information were 
available. A vegetation maps developed by manual interpretation of high resolution 
aerial orthophotos and field work. The map has a thematic accuracy of at least 85% and 
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was developed with a reference nominal scale of 1:10.000 and a minimum mapping unit 
of 0.5 ha (Garfì and Marchetti, 2010). In this study the map was reclassified in order to 
derive a boolean mask covering forests, pastures and meadows. This target area is 
165,000 ha wide. 
 
A local forest inventory was developed on the basis of an unaligned systematic 
sampling design. For each sampling unit (a 15 m radius circle) the aboveground tree 
biomass was calculated from growing stock volume trough expansion factors. Grass and 
shrub biomass were measured with destructive approach in squared subplots 1 m width, 
four subplots for each plot. For this study a total of 181 geolocated plots with the total 
aboveground biomass were available. 
 
Three different remotely sensed data were available for this study: one Landsat 5 TM 
(30 m resolution) scene acquired in August 2006, one IRS P6 LISS III (20 m resolution) 
scene acquired in July 2006, and a SPOT 5 HRG (10 m resolution) coverage acquired in 
August 2006. All the images were orthocorrected and coregistered in the same 
geographic projection. 
 
For each one of the 181 sampling units the spectral signature of all the bands for all the 
available images was extracted. The k-Nearest Neighbors (k-NN) non parametric 
estimation method was applied on the basis of a leave-one-out (LOO) procedure for 
each one of the 181 sampling units. Several k-NN configurations were tested on the 
basis of different multidimensional distance measures (Euclidean distance, Mahalanobis 
distance, distance weighted with fuzzy weights) and different k values (Chirici et al., 
2008). For each test trough LOO the accuracy of the k-NN estimations was calculated in 
terms of R2 and Root Mean Square Error (RMSE). The locally best configuration was 
finally defined and applied for each pixel of the target mask. 
 
During the LOO phase (Figure 1) the best k-NN configuration was defined (IRS 
imagery, fuzzy distance, k=6). This configuration was applied in order to estimate for 
each IRS pixel in the target mask the total aboveground biomass of forests, pastures and 
meadows in the study area (Figure 2). The percentual RMSE of the final map was equal 
to 5%. 

 
Figure 1. Accuracy evaluation of k-NN biomass estimation (in terms of R2 and RMSE) based on leave-

one-out cross for different k values and for the three different types of remotely sensed data. 
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Figure 2. Biomass map created by k-NN over the study area. In the top frame the location of the sampling 
units, in the left frame the forest and pasture mask, and in the bottom frame the location of the study area 

in Italy. 
 
Keywords: biomass; forest inventory; satellite image; k-Nearest Neighbours, 
estimation. 
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ABSTRACT 

The intention of this paper is to present the derivation of forestry-specific vegetation 
parameters from Very High Spatial Resolution (VHSR) Remote Sensing Data and 
auxiliary geodata for a knowledge-based model of organic carbon stocks in floodplain 
soils. 
 
Floodplain soils play a crucial role for the storage of organic carbon; however there are 
few data available on carbon stocks in these soils compared to other terrestrial 
ecosystems. Even though remote sensing data have been used for the detection of soil 
characteristics for quite some time (McBratney et al., 2003), there is still no scientific 
basis for the generation of large scale soil maps that show the distribution of organic 
carbon stocks in floodplain soils. 
 
The research area is the Donauauen (Danube Floodplains) National Park, which is 
situated along the river Danube between Vienna, Austria and Bratislava, Slovakia. It 
preserves one of the last remaining major wetlands environment in Central Europe. 
Here, the Danube is still free flowing and is the lifeline of the National Park.  
 
In a first approach (Cierjacks et al., 2010) the variables water regime, the vegetation, the 
relief position and the content of clay and iron oxides were identified to have an effect 
on the carbon content (see Figure 1). Two different types of sedimentation areas can be 
distinguished: a) Dynamic areas, stocked with younger trees and a higher number of 
trees, and due to frequent inundations with a high flow velocity a higher number of soil 
horizons; and b) stable areas with a lower number of trees, a higher distance to the river, 
and due to a lower flow velocity during inundations a lower number of soil horizons. 
On aerial images, five woodland types could be differentiated visually: Salix alba, 
softwood floodplain forests, populus alba, populus x canadensis and hardwood 
floodplain forests. 
 
Based on these findings the overall goal is to develop a knowledge-based method of 
remote sensing to model the spatial distribution of organic carbon stocks in floodplain 
soils, using very high resolution remote sensing data and auxiliary data. This method 
should support large-scale mapping of organic carbon stocks in floodplain soils. 
Knowledge from soil science can be regionalised and be used for the increased demands 
of landscape and environmental mapping, especially regarding the climate function of 
soils. 
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The methodology is based on spectral and knowledge-based classification. In order to 
determine vegetation parameters, such as vegetation type, age, density of trees per 
hectare, a combination of pixel and object-based classifications is used. Object-based 
image analysis has been used frequently in the recent years for the classification of very 
high resolution remote sensing imagery (Kubo et al., 2005, Kubo et al., 2007, Chubey et 
al., 2006). 
 

 
Figure 1. Model of organic carbon stocks in floodplain soils, influenced by various data sources and 

derived parameters. 
 

For this study an Ikonos scene from April 2009, and a digital terrain and surface model, 
based on an airborne Laser scanning, with a resolution 2.5 meters were utilized; besides, 
there are recent and historic maps that show the course of the main river current. Other 
additional data-sources include the forest inventory, field survey data, as well as biotope 
type maps. 
 
So far, a classification of vegetation types has been made, based on image objects 
gained by segmentation. Besides spectral values of the IKONOS satellite image, texture 
values as well as the digital terrain model were used for the delineation of vegetation 
classes. For instance, the altitude above sea level can determine whether a forest is 
classified as softwood or hardwood forest, similarly the distance to the main stream of 
the river Danube have an influence on the classification.  
 
These results will be integrated into a rule-based classification process, using fuzzy 
logic to integrate additional data and expert knowledge into the spectral classification. 
The influence of the different parameters shall be explained by statistical methods, such 
as multiple linear regression. 
 
Keywords: Floodplain soils, carbon stocks, Ikonos, Object-based image analysis. 
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ABSTRACT 

This work describes the estimation of the above ground live biomass (AGLB) of a 
tropical forest area, the Gola Forest Reserve in Sierra Leone, from field plot 
measurements and Landsat TM/ETM+ images, using machine learning techniques for 
retrieval, and correlating the results with lidar derived metrics from the Geoscience 
Laser Altimeter System (GLAS) instrument onboard the NASA ICESat satellite.  
 
The study will also contribute to a research modeling effort, supported by the 
Cambridge Conservation Initiative, aimed at comparing alternative predictive models 
for carbon emission reductions calculation in the framework of the UN-REDD (United 
Nations Reduction in Emission from Deforestation and Forest Degradation in 
Developing Countries) program. Mapping and monitoring carbon stocks and forest 
changes in tropical regions are essential steps in the implementation of a future carbon 
market. While accounting methods are still under discussion, efforts are needed to test 
different carbon monitoring approaches. Selected methods should be efficient, cost-
effective and robust enough to enable countries to measure their stock at different 
scales, from national to local; the former for reporting and accounting purposes and the 
latter to allow internal forest management, planning and evaluation, conservation 
prioritization, and to identify the contribution from different areas to the national carbon 
budget. 
 
The study site (Fig. 1), the Gola Forest Reserve, is the newest National Park in the 
country with an area of about 710 square km, and the largest closed canopy lowland rain 
forest remaining in Sierra Leone. The forest holds several endangered species and is a 
biodiversity hotspot. Due to its protected status and effective conservation work, the 
Gola forest has been largely undisturbed during the last 10 years. 
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Figure 1. The Gola Reserve study site in Sierra Leone, with location of field plots and GLAS lidar shots 

 
In the reserve, a large number of geographically referenced field plots (> 700) were 
surveyed between January 2006 and March 2007, with AGLB values derived from field 
measurement using allometric equations according to Chave et al. (2005). Field derived 
AGLB data were used in part for neural networks training and in part for results 
validation. 
 
Neural networks already demonstrated well suited for biomass retrieval with optical or 
radar satellite data (Foody et al. 2001, Del Frate et al. 2004). In this research, the 
Stuttgart Neural Network Simulator (SNNS) was used to perform the retrieval and the 
Scaled Conjugate Gradient (SGC; Moller, 1993) was employed as supervised learning 
algorithm for feed forward the neural network. 
 

Figure 2. TM Landsat of the Gola Reserve: two false color composites, 5-4-3 dated December 2006 (left) 
and 4-3-2 dated Jan. 2007 (right). 

 
The study was conducted using only freely available satellite imagery. Four ETM+ and 
TM Landsat images (Fig. 2) all dated December 2006 or January 2007 were selected, 
according to their quality, for retrieval purposes. The Landsat imagery was preprocessed 
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and its different steps were employed for network input (raw, calibrated and 
atmospherically corrected bands). Vegetation indexes were also derived to be used as 
network inputs. Network training was done with different inputs from images and 
topologies, also exploring the preprocessing role. The best results were compared to 
those obtained using traditional regression methods. 
 
About 10.000 GLAS shots dated between 2003 and 2009, also freely available, overlap 
the field plots in the Gola reserve, while a larger number of footprints are found at 
distances of 50-100 and 150 meters from the plots. The heterogeneity of Gola Forest in 
areas of GLAS data availability was explored using Ikonos-2 very high resolution 
images. 
 
GLAS waveforms might be contaminated by the atmospheric forward scattering or 
saturated signals. Therefore, only the cloud-free and saturation-free shots were analyzed 
(Chen, 2010). Different metrics, such as canopy height, height of median energy etc., 
were extracted from GLAS waveforms and related to biomass values (Fig. 3), to select 
the most robust ones. ASTER DEM was used to remove the waveform broadening 
effects over sloped terrain. Results obtained from the Landsat-based retrieval of AGLB 
were finally correlated with the metrics obtained with different GLAS data.  
 

Figure 3. Illustration of using GLAS waveforms for biomass estimation. 
 

To obtain preliminary results, major efforts were needed to screen the ground truth data 
through visual inspection, in order to produce a field data set corresponding to areas not 
contaminated by haze, clouds, shadows or other sources of ambiguity.  
 
This screening activity differently reduced the network input dataset for each image, 
with smaller number of ground truth for ETM+ imagery, already affected by missing 
data. 
 
Data derived from Landsat ETM+ produced better results than those obtained from TM 
sensor, as well as those data free from haze contamination or banding artifacts. 
Preliminary result of regression with neural network and ETM+ Landsat data indicate 
that predicted results are positively related to field values (r = 0.65). Generalization of 
the net with input coming from imagery other than those used for net training was 
unsuccessful, showing that a unique net should be build for each image. The use of 
atmospherically corrected imagery does not seem to improve the results obtained with 
calibrated images. 
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Future already planned efforts include the use of Alos Palsar L-band radar data as 
additional neural network input and the use of very high resolution optical imagery for 
forest stratification prior to retrieval in selected reserve sites. 

 
Figure 4. Preliminary results: relationship between field measured biomass and that predicted by SCG 

neural network (Landsat ETM+ Dec. 2006, r=0.65). 
 
Keywords: biomass, neural networks, Landsat, GLAS. 
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ABSTRACT 

Estimating and modelling biomass can be helpful for biomass management. It is also 
interesting to calculate the amount of biomass in a certain area for carbon implications, 
as indicated by the Kyoto protocol. In the past, remote sensing techniques have been 
able to estimate biomass by using reflectance in the both the red and the near infrared 
wavelengths (Rouse et al., 1974 (in: Jensen, 2005); Cho et al., 2007). Nowadays the 
sensors in the digital photogrammetric cameras gather information not only in the 
visible wavelengths but also in the near infrared wavelengths, which provides the 
possibility of using digital photogrammetric data for environmental studies. 
Nevertheless, there are several weaknesses in current processes that are slowing down 
the use of radiometric information provided by these sensors. The optimal use of the 
technological progress requires the calibration and validation of the photogrammetric 
systems (Honkavaara, 2004). In this context, calibration is the process of defining 
quantitatively the response of a sensor to a controlled and known input signal (Cramer, 
2007).  
 
Flight conditions (i.e. atmospheric conditions, exposure characteristics, solar elevation), 
and sensor characteristics, as well as post-processing effects (calibration based on 
radiometric corrections) have an effect on image radiometry (Markelin et al., 2008). As 
a result, the same object generates different digital numbers depending on its location 
(in the same image and in different images). Therefore, to use this information in a 
quantitative approach it is necessary to perform a relative and/or absolute radiometric 
registration. Moreover, the optimal radiometric processing procedure depends on the 
final application and the technique selected to extract the information: (i) classic remote 
sensing (using normalized data from the image) or (i) methods using the characteristics 
of the anisotropic reflectance of the objects (bidirectional reflectance distribution 
function) (Honkavaara and Markelin, 2007). Any application related to extracting 
thematic information requires rigorous processing methods, which are well developed 
for satellite imagery and airborne sensors, but which are still in development for 
photogrammetric sensors. The previous issues indicate the need of developing a 
protocol to process the information in order to be able to use the photogrammetric data 
to extract thematic data by remote sensing techniques.  
 
A comprehensive review of radiometric aspects of digital photogrammetric images and 
calibration experiences can be read in Honkavaara et al. (2009). 
 
The National Plan of Aerial Orthophotography (PNOA) updates the photogrammetric 
information (e.g. orthophotographs) in Spain every two years, but so far none of the 
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data derived from the photogrammetric flights is used to extract thematic or biophysical 
information. Therefore it would be interesting to explore the possibility of establishing a 
relationship between the biomass and the radiometric information captured by the 
digital photogrammetric cameras, as an added value to the PNOA deliverables. The aim 
of this research is determining the suitability of the Ultracam Xp and Ultracam Xp for 
biomass estimation in grasslands.  
 
There are two different study areas in this research. Field A is located in a grassland 
area in Barakaldo (Bizcaia, Spain). Field B is located in a grassland area in Cogollos 
(Burgos, Spain). The aerial photograph of Field A was captured by a digital 
photogrammetric camera Ultracam X with a Ground Sampling Distance (GSD) of 7 cm, 
while Field B was flown as part of the PNOA with a digital photogrammetric camera 
Ultracam Xp and a GSD of 25 cm. The images were calibrated to at-surface reflectance 
using ten portable reflectance targets with nominal reflectance values of 0%, 25%, 50%, 
75% and 100%. An empirical line calibration was performed using the reflectance 
values for the targets and the corresponding Digital Numbers (DNs) in the images.  
Twenty 1 m x 1 m sample plots were placed in each study area to validate the biomass 
estimations obtained from the imagery (Figure 1).  
 

 
Figure 1. Location of the biomass plots (Pi), sub-plots (in green) and the reflectance targets in the data set 

A (Barakaldo). Coordinate reference system: ED50 UTM Zone 30. 
 
Each 1 m x 1 m plot was located on a 2 m x 2 m homogeneous area covered by species of the 
Gramineae family. Each plot was then divided into 4 sub-plots (0.50 x 0.50 m).  All of the 
biomass in each sub-plot was harvested and weighed in the field using a portable scale. 
10% of the biomass of each NW subplot was stored and kept as a representative sample 
to determine the plot biomass in the laboratory. The sample was weighed in the 
laboratory using a precision scale before drying it in an oven. The sample was weighed 
again using the precision scale after the sample was dried in the oven for 24, 36, and 48 
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hours at 65ºC, in order to obtain the dried biomass weight at 24 h, 36 h and 48 h. The 
dried biomass weight was used as surrogate for the aboveground dry biomass in each 
plot.  The data analyses were conducted to study the relationships between the 
radiometric data gathered by the aerial camera and the biomass estimation. The data was 
then analyzed by study area and the results of the study areas were compared, in order 
to study the influence of GSD. 
 
The results showed that it was possible to establish a relationship between the 
radiometric data gathered by the Ultracam and the dried biomass weight in a grassland 
area. The vegetation indices NDVI and Simple Ration (SR) were the best predictors for 
biomass in a grassland area (r2=0.63 and r2=0.66, respectively, at a significance level of 
5%). The quality of the calibration, as well as the GSD of the image has an impact on 
the estimation of the dried biomass. It has been shown that three consecutive images 
gathered with the same camera, during the same flight, and under very similar 
conditions (data set A) had significant differences in the DNs for the same targets. This 
means that each image would need a different equation to be radiometrically corrected. 
In addition, using level 2 imagery instead of level 3 imagery is recommended, so that 
the original DNs are kept. 
 
Keywords: airborne sensors, near-infrared, thematic, Carbon, forestry, National Plan of 
Aerial Orthophotography (PNOA).  
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ABSTRACT 

The present study relates attempts to estimate the density of forest mass employing a 
high resolution image captured by Quickbird satellite using the technique of detecting 
local maxima at digital numbers. The study site is located in Lugo - Spain. 
 
We evaluate which variants of the technique are the most recommendable and the 
reliability of the obtained estimate, given the available image and the characteristics of 
the masses in the study area. We also analyze the relationship that exists between the 
estimation error and the type of mass being studied; the latter defined by two 
parameters: the main arboreal specie and mass density. 
 
The identification of individual trees through the detection of local maxima is a simple 
application technique which is well documented in bibliography (Leckie et al., 1999a 
Wulder et al., 2000 and 2004). The efficiency of this detection is usually high and 
depends, fundamentally, on two characteristics of forest masses: the first is the size of 
the crown that it’s related with the pixel size and the second is the shape of the crown so 
that the best results correspond with trees with cone-shaped crowns. Other factors such 
as the angle of solar elevation also influence the results. One of the principal problems 
with this technique, according to some authors, is the possibility of having a high error 
of commission (false positives) and this seems to be the case in images with a 
particularly high resolution (approximately 20 cm pixel size). For images like 
QuickBird (70 cm / pixel) and in the specific case of estimating mass density, it seems 
more reasonable to assume a greater weight of error omission which would give rise to 
a significant tendency to underestimate. Consequently, instead of applying variants of 
the method directed at reducing the commission error (for example, through increasing 
the size of the search window or employing low pass filters), this study evaluates 
variants of the method related to correcting the tendency to underestimate density. 
 
There have been selected 20 experimental units, with an area between 0,22 and 3,18 
hectares (mean 1,21 hectares) including hardwood and softwood and including masses 
of a certain age and reforested ones. Each location was visited and photographed and 
information was obtained relating to species and density in addition to information on 
lower level vegetation, approximate age and such.  
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Figure 1. Shows an example of one experimental unit, identified in the image and as seen on land. 

 
The detection was carried out using the possibilities of the raster calculation of a 
Geographical Information System by executing the order which compares the digital 
number of each pixel with the surrounding 8 pixel values (3 pixels×3 pixels window as 
proposed by Gougeon et al., 2001)   assigning value “1” if it is greater than all the 
others or “0” if it is smaller. The result is a raster file with two possible values: 1 
(maximum local) and 0 (the rest) which can be seen in figure 2 (projected on the 
original image). 
 
Once the detection of local maxima in the image has been achieved it is necessary to 
know which correspond to the different experimental units. To do this we have a raster 
file which is codified to differentiate the pixels corresponding to each one of them. 
Multiplying this file by the result of the detection of local maxima we obtain a new file 
in which each local maximum has the code value of the experimental unit in which it is 
found. The count of trees is made from here by consulting the number of pixels with a 
fixed value. Figure 3 and 4 demonstrates an experimental unit with the maximum values 
included.  

 

  
Figure 2. Detection of local maxima and      Figure 3. The assigning of local maxima to 

an experimental unit.
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Figure 4. Represents an example of an experimental area with a corresponding mass of Pinus radiata. 

 
The estimated density for each experimental unit is obtained directly by dividing the 
number of hectares corresponding to the area by the number of trees.  
 
The mass density value obtained for each of the experimental units is compared with the 
ground surveyed value to obtain the error committed in each estimation (determined in 
percentage). 
 
Table 1. Density estimated for each experimental unit (estimation 1 and estimation 2) and the committed 

error for each one (error 1 and error 2) 

Exp. unit Density Species Estimation 1 Error 1 Estimation 2 Error 2 

19 1.011 

Pinus radiata 
 

754 -25,45 1.251 23,67 
27 1.044 811 -22,40 1.216 16,40 
21 1.144 718 -37,25 1.150 0,53 
29 1.194 941 -21,15 1.371 14,82 
30 1.260 855 -32,18 1.386 10,03 
18 1.376 789 -42,66 1.284 -6,67 
10 1.442 909 -36,99 1.291 -10,48 
11 1.467 879 -40,07 1.242 -15,38 
4b 1.547 945 -38,90 1.318 -14,81 

2 895 

Eucalyptus nitens 
 

1.097 22,48 1.611 79,92 
9 895 1.120 25,12 1.532 71,14 
7 970 768 -20,77 1.086 11,97 
8 995 829 -16,64 1.171 17,71 

26 1.475 908 -38,48 1.474 -0,08 

25 1.144 

Deciduous 
 

1.066 -6,82 1.504 31,50 
5 1.376 966 -29,80 1.426 3,64 

24 1.509 983 -34,86 1.438 -4,72 
28 1.872 962 -48,59 1.385 -25,99 
16 2.122 1.008 -52,50 1.410 -33,54 
4 2.387 1.076 -54,93 1.527 -36,05 

 
This study uses two variants of the local maxima method to identify mass densities: (1) 
the simplest method uses a 3x3 matrix and requires, on condition, that the central pixel 
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has a digital number greater than those of 8 pixels and (2) a modification of the previous 
method aimed at adjusting upwards the values obtained. The results demonstrate that 
treatment 2 provides more exact global estimations than the simple method or treatment 
1. (see Table 1 and 2). 
 

Table 2. Mean error, confidence interval and standard deviation 

Treatment Mean error and  confidence interval (α=0,05) S (1) 

Treatment 1 -31,21 % ; [ -43,22 % , -19,20 % ] 25,66 % 

Treatment 2 6,67 % ; [ -7,31 % , 20,64 % ] 29,86 % 

 
 

                       (1) 

 
We found correlation between mass density (real) and the error committed in its 
estimation. In the specific case of more precise treatment (2), it was observed that 
significant overestimation had occurred in masses of less that 900 trees/hectare and 
significant underestimation in mass densities of more than 1800 trees/hectare. The first 
case concerns young masses with light areas which produced a high number of false 
positives. The second case involves masses where a high number of trees have not been 
identified as a result of being dominated by higher strata canopy. We have not found 
evidence that the specific composition of the mass has any influence on the error 
committed using either treatment. 
 
Keywords: local maxima method, individual tree, forest density, Quickbird. 
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THE RELATIONSHIP BETWEEN DUAL POLARIZATION 
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ABSTRACT 

The purpose of this study is to investigate the relationship between dual (i.e., HH and 
HV) polarization Phased Array type L-band Synthetic Aperture Radar (PALSAR) data 
and Light Detection And Ranging (LiDAR)-derived above ground biomass (AGB) in a 
low land peat swamp forests adjacent to Palangka Raya city in central Kalimantan in 
Indonesia (lat. 2.35 S, long. 114.04 E). Specifically, two types of forests exist, i.e., 
degraded evergreen broadleaved forests (secondary forests) and open forests (shrub 
land) within LiDAR-surveyed area (approximately 26 km2) (Figure 1). The ground 
water level within the area has been particularly affected by the drainage from a canal 
constructed during the Mega Rice Project initiated between January 1996 and July 
1998. 
  

   (a)         (b) 
Figure 1. The views of secondary forests (a) and shrub lands (b) within the LiDAR-surveyed area. 
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The LiDAR data were used to create a canopy height model (CHM) with a pixel size of 
1 m. We estimated AGB within the LiDAR-surveyed area from the CHM using field 
measured eight plots' AGB data through a simple linear regression model. The 
PALSAR scenes used in this study were acquired on 9th July (in the middle of dry 
season) and 9th October (at the beginning of rainy season) 2007 and 26th May 2008 (at 
the end of rainy season) in dual polarization mode, with an off-nadir angle of 34.3 
degrees for all scenes. The all scenes with a resolution of 12.5 m were converted from 
amplitude data format to sigma-naught (i.e. backscattering coefficient) (σ0: dB). To 
reduce speckle effect on the images, we applied two kinds of filtering with 3 x 3 
window sizes, that is, a focal mean and Lee-sigma filtering to the dual polarization 
images. Then we used the mesh size of 50 m in the analysis. Finally, the relationships 
between backscattering coefficients and LiDAR-derived AGB were investigated by 
nonlinear regression analysis, in which models were fitted to the data using the least-
squares method. The effects of seasonal variation of PALSAR data on the relations 
were also investigated. The following three fitting models were used and the best fitting 
model was determined for each scene by using the Akaike's Information Criterion 
(AIC). 

y=a1-exp[-(b1×x+c1)],    (1) 

y=a2×log(x)+b2,     (2) 

y=n3+(-17.0084 -n3)×exp(-k3×x),   (3) 

where a1, b1, c1, a2, b2 ,n3, and k3 are the parameters estimated by the nonlinear 
regression analysis and -17.0084 is the mean value of the backscattering coefficients in 
the open forest. These three models of Eqs. (1), (2), and (3) were used in the previous 
studies of Balzter et al. (2003), Santos et al. (2003), and Lucas et al. (2006), 
respectively. X and y denote the LiDAR-derived AGB and the value of the 
backscattering coefficients, respectively.  
 

 
 
 
 
 
 
 
 
 
      

   (a)         (b) 
Figure 2. An example of the canopy height model of LiDAR data with a resolution of 1 m (a) and 

PALSAR data with a resolution of 12.5m (b). White meshes denote 50 m-mesh used in the analysis. © 
JAXA, METI. 

 

Figure 3 shows the example of the relationship between LiDAR-derived AGB and 
backscattering coefficients at 50 m-mesh size. The best fitting model was Eq.(1) for HH 
data, whilst Eq.(2) for HV data for all seasonal PALSAR scenes. This figure indicates 
that HV polarization data would be superior to HH polarization data for estimating 
AGB in this study area. As seen from Figures 3 and 4, HV has wider range of 
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backscattering coefficients than that of HH. Some previous research, for example, ESA 
(2008) suggested that P-band gamma-naught of HV would be the most useful 
explanatory variable for estimating AGB. Moreover, Lucas et al. (2006) demonstrated 
that sigma-naught of HV derived from an airborne L-band SAR (AIRSAR) would be 
superior to that of HH as simple explanatory variable for estimating AGB in a 
secondary forest in Queensland, Australia. The residuals of the regression equations 
seem to have an indispensable range of approximately ±2 dB as shown in Figure 3. 
They are considered to be arisen from not only PALSAR data itself but also the errors 
of LiDAR-derived AGB, however, the range of ±2 dB was almost same as the previous 
research (e.g. ESA 2008; Lucas et al., 2006). Therefore, the nonlinear relationships 
between LiDAR-derived AGB and HV polarization data in this study seem to adversely 
indicate that the LiDAR-derived AGB would be appropriate values. For the future, if 
the reasons why and how the residuals occur could be revealed, the findings may make 
us improve the precision of AGB estimates from PALSAR data.  
 

 
Figure 3. An example of the relationship between dual polarization data (3 x 3 focal mean filtered images 

acquired on 9th October 2007) and LiDAR-derived AGB. Green, orange, and purple solid lines are 
regression curves derived from Eqs. (1), (2), and (3) in the text, respectively. 

 

 
Figure 4. The relationships between LiDAR-derived AGB and dual polarization data for all images. 
Original means non-filtering, while Mean and Lee-sigma denote 3 x 3 focal mean and Lee-sigma 

filtering, respectively. Black, red, and blue solid lines are logarithmic regression curves (Eq. (2) in the 
text) derived from the images acquired on 9th July and 9th October 2007 and 26th May 2008, 

respectively. 
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