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Abstract: Species richness in forest ecosystems largely depends on habitat structure and composition.
These attributes can be assessed in field surveys, however, such data often lacks in spatial extent. Remote
sensing technologies such as light detection and ranging (LiDAR) provide alternative tools to quantify
structural elements across relatively broad areas at a fine resolution. To study the habitat requirements
of hazel grouse (Bonasa bonasia), an indicator species of structurally rich forest stands, we assessed the
structure and composition of Swiss mountain forests over three biogeographical regions. We designed a
sample based field survey of forest structure and composition and a LiDAR based assessment of vertical
and horizontal forest structures using a nationwide LiDAR dataset with a mean point density of 1.4
m2. The dependent variable consisted of hazel grouse presence/absence data at a resolution of 1 km2.
Species distribution models were computed for both variable sets separately and in combination, using
boosted regression trees, a statistical machine learning technique. Model performance assessment based
on explained deviance and AUC showed that the combined model performed best, with over 55% explained
deviance in the observed data, followed by the field and LiDAR models. The field model revealed that
hazel grouse favored evenly distributed, rich ground vegetation, optimally with a substantial portion of
bilberry (Vaccinium myrtillus). The abundance of tall rowans (Sorbus aucuparia), basal branched trees
and a high percentage of resource trees in the shrub layer were found to be further essential habitat
elements. LiDAR was powerful in detecting important structural features, whereby the horizontal forest
structure explained more of the deviance than the vertical forest structure. The most influential LiDAR
variable was a measure of canopy height heterogeneity. Apart from indicating structurally rich forest
stands, it probably also served as a proxy of compositional aspects such as the abundance of light
demanding resource trees and shrubs or of a well developed ground vegetation. To support habitat
management, we derived variable thresholds at a relevant spatial scale (1 km2) for forest management.
Our study showed that LiDAR provides adequate means to assess structural habitat elements area-
wide, thus overcoming the difficulties associated with sample based field assessments. The best model
fit, however, was obtained by combining LiDAR variables with compositional variables from the field
survey. Hence, we successfully bridged the gap between different ecologically relevant scales, such as
habitat configuration and structure at the regional scale and the abundance of habitat elements at the
local scale. The methods applied in this study can also be used to identify hotspots of forest structural
richness, a matter of interest in the light of emerging attempts to conserve biodiversity in forests.
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Paper Number:  SL2012-020 
 
Abstract  
 
The quantification of forest structure is important for a variety of disciplines, including ecology 
and management, as vegetation structure is related to a wide variety of ecosystem processes. This 
research investigates the estimation of forest structural variables from small-footprint airborne 
LiDAR capturing both discrete return (DR) and full waveform (FW) data. The study site is in 
southern England and contains a variety of forest structural types. The DR and FW LiDAR data 
were acquired simultaneously using a Leica ALS50-II system, under both leaf-on and leaf-off 
conditions. The DR data had up to four discrete returns per laser pulse, with an average of ~4 
pulses (i.e. first/only returns) per sq. metre. The FW data were acquired at a rate of ~2.5 pulses (i.e. 
full waveform) per sq. metre. Point data were generated from each waveform through Gaussian 
decomposition, yielding 1-11 returns per pulse (mode = 5). Metrics derived from each return 
point included: x-, y- and z-coordinates, plus intensity (DR only), or amplitude and width (FW 
only). Field data collection was conducted in 21 field plots (30 x 30m in size), located across a 
stratification of forest structural properties within the study site. A number of forest inventory 
metrics were recorded per plot, including: (i) tree height; (ii) tree stem count; (iii) tree diameter at 
breast height (DBH); (iv) tree crown base height; (v) canopy cover; (vi) standing deadwood 
(snag) volume; and (vii) seedling number. This dataset formed the basis for ‘training’ subsequent 
statistical models. For each field plot area several hundred metrics were extracted from both the 
DR and FW LiDAR data, using both individual tree crown and area-based approaches. These 
LiDAR metrics were used for direct comparison with field data and in least-squares stepwise 
linear regression analysis to model forest structure. Compared with field data, dominant height 
and canopy cover were derived from the airborne LiDAR data with an RMSE of 1.31m and 10% 
(FW) and 1.32m and 13% (DR) respectively. Of the ten field variables modelled with regression 
analysis, five were modelled with a higher R2 value using FW LiDAR data, two were modelled 
with a higher R2 value using DR LiDAR data, and three were modelled with very similar R2 
values (i.e. within 0.05) using both LiDAR datasets. Although further analysis and validation is 
still required, these results suggest that full waveform LiDAR data describe the structural 
components of woodland to an equal (or better) level of accuracy than discrete return data, in spite 
of a considerably lower spatial sampling rate due to the waveform digitisation process. 
 
1. Introduction  
 
The quantification of forest structure is important for a variety of disciplines, including ecology 
and management, as vegetation structure is related to a wide variety of ecosystem processes. Due 
to the spatially heterogeneous nature of landscapes, woodland inventory can be applied at a 
variety of scales, from the individual tree to the landscape-scale. Airborne LiDAR systems can 
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capture information which may be used to estimate forest structural metrics over wide areas 
(Anderson et al 2008; Coops et al 2004), and can provide a means to characterise woodlands in a 
manner previously impossible through fieldwork alone. LiDAR data can be used to describe 
vegetation structure and to a certain extent to derive information on the height and density of 
different elements of forest strata. Excellent recent reviews of the application of LiDAR data for 
forest assessment have been provided by Hudak et al (2009) and Wulder et al (2012). 
 
Most commercial LiDAR systems used in forest inventory over the past decade deliver discrete 
return (DR) point data. Due to limitations in the electronics of many airborne laser scanning 
systems, only surfaces that are sufficiently spaced apart (typically >2.5m) can be distinguished in 
separate returns. Recently full-waveform (FW) LiDAR has become available which records the 
whole of the returned laser waveform, potentially allowing for more detailed processing (Persson 
et al 2005) and a more advanced understanding of the factors influencing the return signal over 
forested areas (Wagner et al 2008; Lin et al 2010). The potential of small-footprint FW LiDAR 
systems has already been investigated for tree species classification (Heinzel and Koch 2011; 
Vaughn et al 2011), single tree segmentation (Reitberger et al 2009) and above ground biomass 
estimation (Kronseder et al 2012). Pirotti (2011) reviewed DR and FW LiDAR systems for forest 
inventory based on the published scientific literature. Whilst an extremely useful overview, this 
did not draw conclusions from directly comparable systems or experimental set-ups. To date then, 
few studies have approached the issue of directly comparing the capabilities of small-footprint 
FW and DR LiDAR data for forest inventory. Chauve et al (2009) compared the size of point 
clouds and the resulting quality of Digital Terrain Models (DTMs) and Canopy Height Models 
(CHMs) from DR and FW LiDAR; whilst Lindberg et al (2012) compared the ability of 
small-footprint DR and FW LiDAR data for forest volume estimation, concluding that FW data 
characterised volumes to a somewhat better degree than DR data.   
 
This paper compares the estimation of common forest structural variables from small-footprint 
airborne LiDAR which simultaneously captured both discrete return (DR) and full waveform 
(FW) data. The study area in southern England contains a variety of forest structural types, 
including managed plantation, semi-ancient coniferous and deciduous woodland. 
 
2. Field Site 
 
The study site is located within the New Forest National Park in southern England. The New 
Forest lies to the west of Southampton, and covers 37,677 hectares (Forestry-Commission 2011). 
The New Forest is recognised as being of international importance to nature conservation for its 
extensive tracts of semi-natural vegetation and ecologically valuable habitats. This research is 
focused on a 3x6 km area with the central coordinates of 50° 49’ 33” N, 1° 30’ 3” W. This area 
includes the Frame-Heath, Hawkhill, Denny, Denny-Lodge and Stockley Incolsures. These 
woodlands are actively managed by the Forestry Commission and are typically fenced and subject 
to felling. In addition Tantany, Frame, and Denny Woods are semi-ancient woodland, which are 
unenclosed and are not subject to felling operations.   
 
The study area contains several types of semi-natural and plantation coniferous and deciduous 
forests. Broadleaf species include: Oaks (Quercus robur and Quercus petrea), Beech (Fagus 
sylvatica) and Holly (Ilex aquifolium), while coniferous species include: Corsican Pine (Pinus 
nigra var maritime), Scots Pine (Pinus sylvestris), Douglas Fir (Pseudotsuga menziesii) and 
Norway Spruce (Picea abies) (Koukoulas and Blackburn 2004; Newton et al 2010). This array of 
forest types within close proximity of each other, presents a wide range of available structural 
variables of interest, such as canopy gaps and the presence of deadwood.  
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3. Data 
 
Ground survey work was completed between June and September 2010, using 21 square plots 
located throughout Frame-Heath and Hawkhill Inclosues, in addition to Frame and Tantany 
Woods, as indicated in Figure 1. Plot locations were established though a random stratification of 
a Normalised Difference Vegetation Index (NDVI) image, produced from 2007 CASI-2 data. 
According to Gamon et al (1995) and Kalacska et al (2004), NDVI values correlate with different 
forest canopy structural types. The plot size was established as 30m x 30m, with a 10m x 10m 
subplot located in the south-west corner. A differential GPS (dGPS) system, the Leica GPS 500 
(Leica Geosystems) and a Sokkia 6F total station (Sokkia Topcon Co. Ltd.) were then utilised to 
reference each of the plot corners beneath the canopy, recording each in British National Grid 
(BNG) coordinates with an accuracy of better than 0.5m. Table 1 summarises the field metrics 
recorded. In addition, various extra measures were calculated from the field plot data, e.g. tree 
diameter at breast height (DBH) was derived from the girth measurements. For validation 
purposes, 20 additional field plots were surveyed in summer 2012. These newer plot locations 
were identified again by a random stratification of the NDVI image, and recorded the same 
information as the previous work. The validation plots were located in Denny, Denny-Lodge and 
Stockly Inclosures, in addition to Denny Wood.   
 

Table 1: Field plot attributes 

Tree species metrics 

Leaf Area Index, Canopy Openness. 
Estimate of Canopy Layers 
Tree X- Y- Coordinates, Tree Species, Girth (m) (circumference at 1.3m height), Tree Height (m), Height 
of First Live Branch (m) (canopy base), Tree Crown Horizontal Extent (m) and assessment of Canopy 
Health: [1-4]. [For trees with circumference >1.3m] 
Number of Saplings and Species (height > 1.3m and circumference <8cm) 
Number of Seedlings and Species (height < 1.3m) 
Ground vegetation metrics 

Species, Height, and Horizontal Extent of Shrub Vegetation (if >1m height) 
Vascular Plants Percentage Cover, Estimate of Percentage Bare Soil  
Estimate of Percentage Cover of Moss on Trees and Ground  
Deadwood metrics 

Height of Snags (m), Girth of Snag (m), Snag Decay Class: [Light (1) - Heavy (3)] 
Fallen Tree Length (m), Fallen Tree Girth (m), Fallen Tree Decay Class: [Light (1) - Heavy (3)].  
Fallen Branch Length (m), Fallen Branch Girth (m), Fallen Branch Decay Class: [Light (1) - Heavy (3)] 

 
 
Airborne LiDAR data were acquired using a Leica ALS50-II system on two dates, 8th April and 
6th July 2010, in order to collect data under leaf-off and leaf-on conditions respectively. Both 
discrete return (DR) and full-waveform (FW) small-footprint LiDAR data were captured 
simultaneously using the same scanner for both dates. The data capture specifications are 
summarised in Table 2. The DR data had up to four discrete returns per laser pulse, with an 
average of 4 pulses (i.e. first/only returns) per sq. metre. The FW data were acquired at an average 
rate of 1 pulse (i.e. full waveform) per sq. metre. For the DR data, x-, y- and z-coordinates, 
intensity, and return number were supplied for the first, intermediate, and last significant return 
per pulse. For the FW data, 256 return signal amplitude values (sampled every two nanoseconds 
for the April data and every one nanosecond for the July data) were supplied for each pulse. 
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Table 2: LiDAR data acquisition specifications 

 Discrete Return 

LiDAR 

(leaf-off) 

Discrete Return 

LiDAR 

(leaf-on) 

Full Waveform 

LiDAR 

(leaf-off) 

Full Waveform 

LiDAR 

(leaf-on) 

Flying altitude (m) 1595 1602 1595 1602 
Swath width (m) 551.2 556.0 551.2 556.0 
Scan half angle 9.80° 9.84° 9.80° 9.84° 
Beam divergence (mr) 0.22 0.22 0.22 0.22 
Ground sample rate ~4 pulse returns 

per m2 
~4 pulse returns 

per m2 
~2.5 pulse 

returns per m2 
~2.5 pulse 

returns per m2 

 

4. LiDAR data processing and analysis 
 
The DR LiDAR point cloud data required filtering to separate the ground and vegetation hits so 
that ground elevation could be determined and used to derive the above-ground height of the 
vegetation within the study area. To that end, the RSCLAS Tools (Armston 2012) software was 
used which employs a progressive morphological filter, as outlined in Zhang et al (2003). Ground 
elevation values were then removed from the DR LiDAR dataset to yield vegetation height. 30 x 
30m polygons were created corresponding to the field plot locations and area statistics were 
produced for each plot including: maximum, minimum, mean, skewness, kurtosis, etc, as in 
Falkowski et al (2009) and Hudak et al (2008). These LiDAR metrics were extracted separately 
for both the leaf-on and leaf-off datasets, and for the points separated into ground and vegetation 
returns or all returns combined. This totalled 172 metrics from the DR LiDAR data for each 30 x 
30m field plot area. 
 
The FW LiDAR data required a number of additional steps in order to derive a point cloud from 
the recorded waveforms. The FW data were processed utilising Gaussian decomposition (Wagner 
et al 2006) in SPDlib software (http://sourceforge.net/projects/spdlib/). This yielded between 1 
and 11 returns per pulse (mode = 5), supplying x-, y- and z- coordinates, amplitude and width per 
pulse (Bunting et al.2011a; 2011b). SPDlib also provided tools for vegetation filtering and 
normalisation, again using the progressive morphological filter as outlined in Zhang et al (2003). 
As with the DR data, area-based LiDAR metrics were extracted for the field plot areas separately 
for both the leaf-on and leaf-off datasets, and for the derived points separated into ground and 
vegetation returns or all returns combined. This totalled 270 metrics from the FW LiDAR data for 
each 30 x 30m field plot area. The area-based statistics extracted from both DR and FW LiDAR 
data are summarised in Table 3. 
 
In addition, TIFFS software (http://www.globalidar.com/) was used to delineate individual tree 
crowns (ITC) in the overstorey using leaf-on LiDAR data (DR and FW separately) and 
subsequently to calculate their 3D position, height (m), crown horizontal area (m2) and crown 
volume (m3). The extraction technique in TIFFS software is based upon that presented in Chen et 

al (2007). This resulted in a GIS database of individual tree locations and other attributes. These 
ITC metrics were then summarised and/or totalled from the individual tree to the plot level (30 x 
30m), yielding a single summary value for the number of trees within each 30 x 30m area, average 
tree height, the mean/total horizontal extent and the mean/total volume of the tree crowns. The 
average and standard deviation of ITC spacing was also estimated and summarised at the 30 x 
30m level using R software (http://cran.r-project.org/).   
 
For each field plot, hundreds of metrics were extracted from both the DR and FW LiDAR data, 
using both individual tree crown and area-based approaches. These LiDAR metrics were used for 
direct comparison with field data and in least-squares stepwise linear regression to model forest 
structure. This approach was utilised to test every possible permutation of LiDAR metrics in 
order to estimate the plot-level forest variables. 
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Table 3: Summary of extracted LiDAR metrics for both DR and FW data (including variable codes*) 

ITC metrics Normalised Height: Intensity/pulse 

amplitude: 

Pulse width: 

Mean tree heights 
(ITC_ht) 

- Minimum  
(min_amp) 

Minimum  
(min_wid) 

Mean crown area (m2) 
(ITC_mean_area) 

Maximum  
(max_ht) 

Maximum  
(max_amp) 

Maximum  
(max_wid) 

Total crown area (m2) 
(ITC_tot_area) 

Mean  
(mean_ht) 

Mean  
(mean_amp) 

Mean  
(mean_wid) 

Mean Geometric 
Canopy Volume (m3) 

(ITC_mean_vol) 

Median  
(med_ht) 

Median  
(med_amp) 

Median  
(med_wid) 

Total Geometric 
Canopy Volume (m3) 

(ITC_tot_vol) 

Standard Deviation 
(STD_ht) 

Standard Deviation 
(STD_amp) 

Standard Deviation 
(STD_wid) 

Average distance 
between trees (m) 

(ITC_dist) 

Variance  
(var_ht) 

Variance  
(var_amp) 

Variance  
(var_wid) 

Standard deviation of 
tree distance (m) 

(ITC_STD) 

Absolute deviation 
(AD_ht) 

Absolute deviation 
(AD_amp) 

Absolute deviation 
(AD_wid) 

Number of tree 
crowns in plot  
(ITC_tree_no) 

Skewness  
(skw_ht) 

Skewness  
(skw_amp) 

Skewness  
(skw_wid) 

- Kurtosis  
(kur_ht) 

Kurtosis  
(kur_amp) 

Kurtosis  
(kur_wid) 

- Percentiles at 5% 
intervals 

(p5,p10…p90,p95) 

Percentiles at 5% 
intervals 

(amp5,amp10…amp95) 

Percentiles at 5% 
intervals 

(wd5,wd10…wd90,wd95) 

DTM metrics Canopy depth (m) 
(can_depth) 

- - 

Ground slope 
(Dem_slope) 

Canopy cover  
(can_cov) 

- - 

Ground roughness 
(Dem_rough) 

Largest gap between 
canopy layers (m)  
(max_vert_gap) 

- - 

*An additional suffix is added to each code (apart from the ITC codes) to show leaf-off (.._loff) or leaf-on 
(.._lon) and whether the data have been separated into ground returns (.._g) and vegetation returns (.._v) or 
kept combined (.._all).  

 

 

5. Initial results 
 
Compared with field data, dominant height and canopy cover were derived from the airborne 
LiDAR data with an RMSE of 1.31m and 10% (FW) and 1.32m and 13% (DR) respectively. For 
the modelling, only the results from the least-squares stepwise linear regression for ten field 
measures are reported here (Table 4). It should be noted that all the models shown in Table 4 and 
all the individual LiDAR metrics forming an input to the models were significant at p < 0.05. 
Eleven of the models shown in Table 4 had an R2 value >0.80, and were produced from a mixture 
of DR and FW data. This included: the number of trees per plot (FW), canopy base height (DR, 
FW), crown area (FW), mean DBH (FW), standing deadwood volume (DR, FW), the number of 
saplings per plot (DR, FW), the number of seedlings per plot (DR), and the percentage of the plot 
with no ground cover (FW). This only left the two forest variables of average tree spacing and 
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downed deadwood volume for which neither DR nor FW data were able to generate models with 
an R2 >0.80. Note that a statistically significant model could not be produced for downed 
deadwood using the DR LiDAR data. 
 
Of the ten field variables examined, five were modelled with a higher R2 value using FW LiDAR 
data (the number of trees per plot, crown area, mean DBH per plot, downed deadwood volume, 
and the percentage of the plot with no ground cover), three were modelled with a higher R2 value 
using DR LiDAR data (average tree spacing, standing deadwood volume, and the number of 
seedlings per plot), and two were modelled with very similar R2 values (i.e. within 0.05) using 
both DR and FW LiDAR data (canopy base height, and the number of saplings).  
 

Table 4 – A sample of the regression results from regression analysis 

 DR FW 

Field Measure  R
2
 Variables in model *

3
 R

2
 Variables in model *

3
 

No. Trees 0.695 “ITC_dist” + 
“kur_ht_lon_all” 

0.803 “ITC_tree_no” + 
“kur_ht_loff_all” + 

“kur_ht_lon_v” 
Tree Spacing (m) 0.640 “ITC_dist” +  

“can_depth_lon_all” 
0.539 “ITC_dist” 

Canopy Base 
Height (m) 

0.896 “var_ht_lon_all” +  
“ITC_dist” +  

“ITC_mean_vol” 

0.928 “max_ver_gap_loff_all” + 
“ITC_dist” +  

“ITC_tot_vol” 
Crown Area (m2) 0.748 “ske_ht_lon_all” + 

“ITC_dist” + 
“Ske_ht_loff_all” 

0.877 “ITC_mean_area” +   
“kur_ht_lon_v” +  

“ITC_STD” 
Mean DBH (m) 0.663 “ITC_dist” + 

“ITC_mean_vol” 
0.911 “ITC_mean_area” + 

“skw_ht_lon_v” + 
“AD_amp_loff_all” + 

“kur_wid_lon_v” 
SDW*1 Volume 

(m3) 
0.920 “ITC_STD” + 

“kur_amp_loff_v”+ 
“kur_amp_lon_g” 

0.831 “skw_amp_loff_v” +  
“std_amp_loff_all”+ 
“kur_amp_loff_g” 

DDW*2 Volume 
(m3) 

- - 0.550 “kur_ht_loff_v” + 
“amp95_loff_all” 

No. Saplings 0.965 “amp60_lon_all”+ 
“ITC_ht” + 

“amp45_lon_all” + 
“var_amp_loff_v” 

0.939 “AD_ht_lon_v” + 
“kur_ht_lon_all” 

No. Seedlings 0.821 “DEM_slope_loff_all”+ 
“kur_amp_loff_g” + 
“var_amp_loff_v” +  

“amp15_lon_all” 

0.460 “AD_ht_lon_v” + 
“kur_amp_loff_all” 

Percentage bare 
earth 

0.761 “amp20_lon_all” 0.850 “p05_lon_all” + 
“can_depth_loff_all” + 

“ITC_STD” 
*1SDW = Standing Dead Wood; *2DDW = Downed dead wood; *3See Table 3 for explanation of codes. 

 

6. Discussion and conclusions 
 
In agreement with numerous published studies (see Wulder et al 2012), this work has shown that 
the estimation of forest structural properties from airborne LiDAR data is feasible and may be 
used to derive estimations of forest vegetation structure over large areas after training with 
measurements from field plot information. When estimating plot-level metrics from LiDAR data 
it has been shown that significant correlations (p < 0.05) are possible using either DR or FW data. 
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However, even with the obvious shortcoming of a reduced pulse density, models produced from 
FW data overall produced results which accounted for more variance in the field data than models 
produced with DR data. Although the differences in explanatory power between the models 
produced for DR and FW were often small, they suggest that the acquisition of FW data may 
improve the accuracy of estimations of some forest variables (agreeing with the findings of 
Lindberg et al 2011) and enable the estimation of certain metrics which cannot be predicted with 
DR data alone. 
 
A preliminary examination into the point clouds obtained over forested areas from the DR and 
FW datasets showed that the FW-derived point cloud had a greater overall number of returns per 
unit area, with a higher proportion in the mid-canopy and understorey. This agreed entirely with 
the findings of Chauve et al (2009) in black pine (Pinus nigra) forest, who generated 40-60% 
additional points from waveform decomposition, mainly located in the lower part of the canopy 
and in low sub-canopy vegetation. As with the current study, Chauve et al (2009) reported a 
negligible difference between FW and DR point cloud data for estimating canopy height, but an 
overall improvement in characterising the detailed vertical structure of forest stands in FW data. 
 
Although validation with independent field data is still required, and taking into account the 
limited size of the training data (i.e. 21 field plots), these results suggest that full waveform 
LiDAR data describe the structural components of woodland to an equal (or better) level of 
accuracy than discrete return data, in spite of a lower spatial sampling rate due to the waveform 
digitisation process. As would be expected, the increased vertical profile information in full 
waveform LiDAR data enables a more accurate retrieval of within and sub-canopy structural 
components. Further study will examine the estimation of additional facets of vegetation structure, 
including the number of canopy layers and shrub layer characteristics, key information for 
assessing woodland condition and habitat quality. 
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1. Introduction  
 

Natura2000 is a European cross-border network for the monitoring of endangered and protected 
animal and plant species (European Commission 2012a). It is a part of the European Union’s 
(EU) so-called Flora-Fauna-Habitat (FFH) directive, which was established in 1992 in order to 
conserve and protect wildlife and nature (European Commission 2012b). The FFH directive 
prescribes a regular monitoring cycle of six years for all Natura2000 regions, an area that in 
total currently covers approximately 778 000 km² (18%) of the EU’s land surface. A number of 
ecologically relevant indicators for the monitoring were defined by the European Commission 
and expert consortia of the member states, which are to be used for the assessment of the 
condition of ecosystems. These indicators include the abundance of dead wood in forest 
ecosystems, which was identified as an important indicator for habitat condition (European 
Commission 2012c). It offers nutrition, shelter and housing for a number of animal species, and 
it is of major importance for carbon storage and forest productivity. The assessment of standing 
and fallen dead trees is therefore part of ecological monitoring and sustainable forest 
management. However, manual quantification of dead wood in forests is challenging, because 
extensive fieldwork in sometimes remote and rather inaccessible areas is required. Also, in 
terms of Natura2000 monitoring, the sheer extent of the areas makes it impossible to carry out 
the desired monitoring intervals using solely conventional ground-based mapping methods 
while still being cost-effective.  
The EU-funded research project Changehabitats2 (ChangeHabitats2 2012) aims to develop a 
monitoring methodology designed for the Natura2000 network, based mainly on remote sensing 
technologies. Methods of active and passive remote sensing shall be employed in order to 
support the conventional assessment process and, if possible, replace it partly. For this purpose 
airborne laser scanning (ALS) and hyper spectral (HS) image acquisition campaigns took place 
in selected areas in Germany and Hungary in 2011 and 2012. However, for this study we only 
involve the ALS data, as we want to test the ability of solely ALS to identify dead wood in 
forested areas. Also, we mainly concentrate on downed and standing dead trees that were partly 
or completely overgrown by surrounding trees. Their detection with HS data would anyway be 
difficult if not impossible, as HS imagery depicts the top most canopy and where it can 
penetrate it, it is highly influenced by object shadows. In several studies (Hyyppä et al. 2004; 
Næsset et al. 2004; Wagner et al. 2008; Wulder et al. 2012) it was shown that ALS data 
accurately depict the three-dimensional forest structure down to sub-canopy strata and the forest 
terrain, and can be employed to derive relevant metrics for quantitative and qualitative 
description of vegetation. Research has also shown that ALS data provide an excellent basis for 
the estimation of live and dead biomass in forests. For example, Vehmas et al. (2011) used ALS 
derived height metrics for the identification of canopy gaps with significant amounts of coarse 
woody debris (CWD). Bater et al. (2009) identified the coefficient of variation of ALS echo 
heights as the best variable for prediction of dead tree proportion. Kim et al. (2009) investigated 
the capability of ALS for the discrimination of live and dead standing tree biomass and found 
the echo intensity (often also referred to as echo amplitude) to be the most critical measure for 



SilviLaser 2012, Sept. 16-19 September 2012 –Vancouver, Canada 

 

 

 

2 

accurate estimation. Also Pesonen et al. (2008) derived ALS height density metrics for the 
prediction of standing and downed dead wood volume. All of the before mentioned examples 
have in common that they rely on statistical modeling and most often regression analysis for the 
identification of relevant ALS parameters, correlation analysis and prediction of downed and 
standing dead wood amounts. To our knowledge only one study exists that investigates the 
capability of ALS for direct mapping of fallen trees. Blanchard et al. (2011) used methods of 
object-based image analysis for the mapping of downed logs in gridded ALS data.  
Considerable parts of this study are embedded in the on-going research in the ChangeHabitats2 
project, which has a lifetime till the end of 2014. Identification of downed and standing dead 
trees is a core product of the project. The presented approach for the detection of downed stems 
has some conceptual similarities to the method described by Blanchard et al. (2011), however 
we use different input parameters derived from full-waveform (FWF) ALS data. A stepwise 
process for the detection of fallen trees is proposed, which is based on the combination of point 
cloud filtering, morphological image processing and map algebra. As opposed to that, our 
efforts taken for the direct and automatic estimation of standing dead wood in the point cloud 
were inconclusive up to now. Nevertheless, we present the results of hitherto existing 
explorative point cloud analysis and give an outlook on future research on this topic within the 
project. 
The following section 2 gives an introduction to the study area, the collected ground truth data 
and ALS data acquired for the project. Section 3 describes the workflow for the detection of 
fallen stems and the analysis of the ALS point cloud for the identification of the standing dead 
trees. All data analysis and processing was conducted using Mathworks Matlab and OPALS 
software packages (OPALS 2012). Section 4 shows and discusses the results, and section 5 
concludes and gives an outlook on future related work. 
 

2. Study area and data 
 

The Uckermark is a landscape in north-eastern Germany, its biggest part being situated in the 
federal state of Brandenburg, the remaining parts in Mecklenburg-Vorpommern. The region is 
highly fertile, characterized by a number of bigger lakes (the so-called Naturpark 

Uckermärkische Seen) and by various rivers, which are often found together with 
alder-dominated riparian forests. Apart from that, beech forests, extensive pastures and wet 
meadows mostly dominate the Uckermark. The test site selected for this study is a beech stand 
(fagus sylvatica) with only few other individual species (quercus robur, picea abies, fraxinus 

excelsior and carpinus betulus). The structural characteristics of the stand vary from a hall-like 
appearance (old trees of 30 m and larger with only few to no understory) to successional 
younger parts (very dense or lots of shrub vegetation). There is only little variation in its relief 
and a few footpaths and driveways cross the area. Its extents are approximately 1200 x 900 m. 
In 2011 and 2012 field-mapping campaigns for the purpose of Natura2000 mapping took place 
there. During the mapping a significant amount of dead trees (downed and standing) was found. 
The start- and endpoints of the downed stems (coarse woody debris) with a diameter bigger than 
30 cm were measured with a differential GPS (dGPS), additionally their diameter and length 
were noted. The locations of the standing dead trees with a diameter at breast height (DBH) 
bigger than 30 cm and higher than 3 m were also measured with dGPS, also additionally their 
DBH and height were noted. Most of the standing dead trees were broken or decayed to a 
degree were crown-forming branches were no longer present. Terrestrial photographs were 
taken of all dead trees found in the area and stored together with the cardinal direction of the 
image acquisition. In total, 29 downed and 40 standing dead trees were mapped in the study site. 
Tree stumps and occasional piles of fine woody debris were not considered.  
The ALS data were collected in spring 2011 (May 5th and 6th, leaf-on) and in early spring 2012 
(March 22nd, leaf-off) using a Riegl LMS Q680i full-waveform system (RIEGL 2012a) mounted 
on a helicopter. A maximum deflection angle of ± 30°, a minimum lengthwise strip overlap of 
50% and a pulse repetition rate of 400 kHz at an average flying height of 500 m a.g.l. resulted in 
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an average point density of 21.8 echoes/m² for the leaf-on and 16.9 echoes/m² for the leaf-off 
flight (considering all echoes). Echo (i.e. return) extraction from the raw full-waveform data 
was achieved by Gaussian decomposition (Wagner 2006) implemented in the software package 
RiPROCESS (RIEGL 2012b). A highly detailed digital terrain model (DTM, grid size 0.25 m) 
could be created from the last echoes of the leaf-off data using hierarchical robust filtering 
(Kraus and Pfeifer 1998) and subsequently the ALS point cloud was augmented with the 
normalized point heights (i.e. the height of the echoes above the terrain). The final point data set 
included the 3D coordinates of each echo, its amplitude and echo width (i.e. the width of the 
reflected pulse from full-waveform processing), the echo number, the total number of echoes 
per emitted pulse and the normalized point height. 
 

3. Methods 
 

3.1 Delineation of downed trees 
 

The high-density point cloud available for this study provides good characterization of downed 
trees and made a direct identification of the stems possible. The proposed stepwise process (see 
Figure 1) begins with the selection of the ALS echoes with normalized heights less than 2 m and 
echo widths smaller than 4.5 ns. The 2 m height threshold is motivated by the fact that the 
biggest uprooted stems and their vertical root plates are commonly smaller than that. However, 
shrub vegetation would still be included in this subset and needs to be removed. For this the 
discriminative power of the echo width is exploited, which was investigated by recent research 
papers (Doneus et al. 2008; Hollaus et al. 2011; Mücke 2008). The echo width relates to small 
height variations of scattering elements within the footprint of the laser beam (Wagner 2005). It 
is therefore a measure of surface roughness and can be used to differentiate between rather 
smooth (in this case the bare forest ground or the downed stems, which appear also as a smooth 
surface in relation to the footprint size) and rather rough areas (here the shrub vegetation). In the 
proposed approach it is used in two ways: (1) directly as a threshold filter for the point cloud in 
the initial step of the process and (2) as a 0.5 x 0.5 m grid model of the echo width variance of 
the echoes in between 0.1 and 3 m distance to the DTM (referred to as EWvar) for classification 
purposes in the last step.  
 

 

Figure 1: Schematic depiction of the identification workflow for downed stems. 
 

The height and echo width threshold applied together on the point cloud significantly reduced 
the amount of data, while still including the echoes relevant for stem detection. A highly 
detailed digital height model is created from the remaining echoes by moving least squares 
interpolation (further referred to as DHM depicting the stem candidates, DHMcand, grid size 
0.25 m). It clearly shows the locations of the downed stems as elongated features (see Figure 
2a). Then a difference model is calculated (normalized DHMcand, nDHMcand = DHMcand - DTM), 
to which a height threshold of 10 cm is applied to separate the downed stems as off-terrain 
features. The resulting model is binarized (1 if nDHMcand > 0.1 m else 0) and morphological 
closing is applied to connect stem areas that have been separated by the height thresholding and 
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to fill holes. The remaining image includes elongated areas representing the downed wood and 
spot-like features which are supposed to result from the stems of standing trees (see Figure 2b). 
To eliminate the spot-like areas we make use of the obvious fact that the stem of a standing tree 
continues above the initial 2 m height threshold and, due to the high point density, is 
represented by ALS echoes. A grid mask is created from the ALS echoes above 2 m and below 
7 m including the point count per 1 x 1 m grid cell, which is then binarized (1 if the model 
exists, else 0) (referred to as MASKbin). Using map algebra the grid models nDHMcand and 
MASKbin are combined and the resulting binary image is converted to vector format (ESRI 
shape), a process during which all polygons smaller than 3 m² are omitted because the chance 
for them being a stem is highly unlikely. The resulting vector map is spatially joined with the 
EWvar raster map and only the polygons featuring a small echo width variance (standard 
deviation of EWvar per polygon < 0.075) are selected. This final step further eliminates wrongly 
classified areas that are identified as near-ground vegetation due to higher surface roughness. 
The final vector map represents the outlines of the identified downed stems (see Figure 2c). 
Visual comparison of the field-measured locations of the downed stems and the DHMcand 
revealed that the positional accuracy of the stems mapped with dGPS was after all not good 
enough. Although every field-measured tree could be assigned a corresponding one in the 
DHMcand, deviations of 1-3 m were observed, which made a direct automatic comparison with 
the automatic identification result (e.g. on pixel or object level) impossible. In fact, we found 
even more downed trees in the area through examination of the DHMcand. To create a complete 
evaluation data set, the fallen stems that could be visually identified on the basis of the DHMcand 

were manually digitized. The so created data set was then used for manual accuracy assessment 
of the automated method and concentrated only on the fact whether a stem was found 
(lengthwise overlap of reference and ALS-derived outlines > 75%), partly found (lengthwise 
overlap < 75%) or not found (no overlap).  
 

3.2 Point cloud analysis for identification of standing dead trees 
 

To investigate the representation of standing dead trees in the ALS point cloud, first sample 
trees had to be located in the study area. It was expected that the dGPS measured locations of 
the standing trees were prone to the same errors as the ones of the downed stems. Therefore, 
these locations were only used as initial positions for manually browsing the point cloud. From 
the data collected in the field, the height and diameter of the tree, as well as the information 
whether it still had a crown, was known and useful for identification of the trees. Twelve 
standing dead trees that distinguished themselves clearly (two of which still had a crown) could 
be selected. Their dGPS locations were subsequently corrected. Additionally, also twelve live 
trees were selected for comparison. The locations were used as centre points for a cylindrical 
extraction with a radius of 2.5 m of the ALS data. For the extracted 24 data sets explorative 
point cloud analysis was carried out. The different representations of live and dead standing 
trees concerning the point distribution (i.e. number of echoes in a certain height interval), the 
FWF attributes echo width and amplitude were investigated per sample tree. The investigations 
were carried out for the leaf-off and the leaf-on data set, likewise. For visualization purposes 
boxplots were created, showing the distribution of the tested echo attributes with respect to the 
corresponding normalized point height (see Figure 3 and Figure 4Error! Reference source not 

found.).  
 

4. Results and discussion 
 

4.1 Delineation of downed trees  
 

The results of the stepwise identification process are shown in Figure 2. The shading of the 
DHMcand (Figure 2a) clearly shows a number of downed trees in this part of the study area, some 
of them have a vertical root plate. They are further highlighted by the binarized nDHMcand 
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(elongated shapes in Figure 2b). This image also shows the spot-like areas that are supposed to 
represent stems of standing trees and remaining areas of near-ground vegetation, which were not 
removed entirely by the echo width filter applied to the point cloud. Figure 2c shows the final 
outlines of the automatically identified downed stems. In this part of the study area all but 2 
stems were detected, 3 stems were only partly found. For the whole study area, out of a total of 
193 manually digitized stems, 72 stems were fully detected (37.3%), 64 partly (33.2%) and 57 
were not found (29.5%).  
 

 

Figure 2: a) Shading of DHMcand overlaid with manually digitized water bodies; b) binarized nDHMcand;  

c) DHMcand overlaid with identified downed stems (given coordinates are ETRS89 / UTM33 N). 
 

The quality of the result is highly dependent on the DTM. On the one hand, the terrain 
modelling process (also referred to as filtering) has to be rather rigorous, as the initial echo 
selection is based on normalized point heights. Consequently, if the downed trees have a 
diameter smaller than 10 cm or are in an advanced state of decay, the height threshold applied to 
the nDHMcand excludes them. On the other hand, if the filtering is too rigorous, also small 
terrain bumps are filtered, which exhibit the same characteristics as downed stems (rather 
smooth areas in comparison to the laser beam and impenetrable, also often bigger than 3 m²). 
They therefore appear as spot-like polygons in the final result and are false positives (meaning 
polygons that were automatically classified as downed stems, but were not represented in the 
reference data), and cannot be excluded by FWF-ALS criteria. Some of the spot-like polygons 
in the final vector map (e.g. inside white rectangles in Figure 2c) were identified by the 
photographs taken in the field as (1) near-ground vegetation (shrubs and creepers), (2) piles of 
twigs or fine woody debris, and (3) vertical root plates of nearly fully decayed downed trees. 
We assume that (1) and (2) were too densely intertwined and hence featured comparable surface 
roughness to the downed stems. While case (1) is problematic, cases (2) and (3) are of course 
correct and a desirable result, but up to now our efforts to distinguish them were unsuccessful. 
Using additional geometric criteria, e.g. like perimeter-area ratio, might bring improvement, but 
evidently it would also delete objects that were identified correctly. Undoubtedly, this is the 
trade-off between completeness and correctness of the result, which has to be accepted using the 
proposed method. 
 

4.2 Point cloud analysis for the identification of standing dead trees 
 

For the explorative point cloud analysis, the ALS data were divided into subsets holding only 
first, last, single and all echoes, in order to investigate the influence of the different return types. 
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In concurrence with other existing studies we found the echo distribution and the echo 
amplitudes to be the strongest indicators for discrimination between standing live and dead trees. 
However, significant differences between the different return types were not observed. On the 
contrary, the more echoes were included in the analysis, the better the discriminatory power 
turned out to be. The boxplot given in Figure 3 shows that the echoes from dead trees are at 
both acquisition times more equally distributed than the ones for live trees. This is partly due to 
the high number of dead sample trees without a crown in our study area, but nevertheless it 
serves as an indicator for trees at this stage of decay.  
 

 

Figure 3: Boxplots showing the point distribution of all ALS echoes from the leaf-off and leaf-on data for 
the selected standing live and dead trees (red mark = median, blue box = 0.25 to 0.75 quantile, black line 

= data range without outliers). 
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Figure 4: Boxplots showing the echo amplitudes of all ALS echoes from the leaf-off and leaf-on data for 
the selected standing live and dead trees (red mark = median, blue box = 0.25 to 0.75 quantile, black line 

= data range without outliers). 
A relevant difference between leaf-off and leaf-on data could not be observed, although this is 
assumed to be a critical indicator for identifying standing dead trees that still have 
crown-forming branches, as it directly refers to vegetation phenology. Unfortunately, the subset 
of this tree type in our study area was too small to further elaborate on that matter.  
In contrast, the echo amplitudes feature significant differences for leaf-off and leaf-on data, 
which can be seen in Figure 4Error! Reference source not found.. While again the 
distribution for the dead trees is rather equal for leaf-off and leaf-on, the trend for the live trees 
behaves contrarily. It shows significantly higher amplitudes in the top 30% of the echoes in the 
leaf-on than in the leaf-off, which is most likely caused by green foliage and its high reflectivity 
in the near infrared. This is also the strongest discriminator if employed for identification of 
dead trees during leaf-off season and live trees during leaf-on season using only the echoes in 
the top 30% of the tree heights. The high amplitudes in the leaf-on data set in the top most parts 
of the dead trees are most likely caused by branches of surrounding live trees, 
partly-overgrowing or growing into the dead tree.  
 

5. Conclusion and outlook 
 

This study investigates the capability of ALS for the identification of individual dead trees in 
forest ecosystems. The proposed workflow produces a vector map containing the outlines of the 
downed wood, which can further be used for clipping the ALS point cloud and selecting only 
echoes from downed trees. Also the vertical root plates are picked up in the data set of a density 
of approx. 20 echoes per m². Subsequently, cylinder fitting could be carried out in the 3D data 
to derive the dimensions of the stems. Based on the explorative point cloud analysis we envision 
a penetration index map on a grid basis for area wide identification of standing dead trees. It 
comprises the number of echoes in certain height intervals compared to all echoes and is 
therefore a measure of point distribution and penetration depth. Also, a map incorporating the 
ratio of amplitudes from the top 30% of all echoes (referring to the normalized echo height) 
from leaf-off and leaf-on ALS data can be conceived. Both maps will be subject in further 
studies and will be tested for their significance in identifying standing dead trees.  
The information provided by the results of this study can be used to directly assess the state of 
ecosystems or, multi-temporal data acquisition assumed, highlight the ones where significant 
changes took place (so-called hot spots). Experts in FFH-mapping are then able to precisely 
select the Natura2000 habitats where they need to go and others, less affected or changed areas, 
can be treated with lower priority, thus improving the entire time- and cost-efficiency. 
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Abstract  

Carbon storage in forest aboveground biomass is a critical, yet difficult, component of the global 

carbon cycle to estimate. Recent attempts to measure forest height, an indicator of site carbon 

storage, over large areas have relied on empirical relationships between globally available spatial 

layers and field measured heights. At the global level, moderate spatial resolution optical imagery 

(pixels > 100m) often can provide the spectral and spatial coverage to extrapolate canopy heights, 

while estimates of canopy heights themselves can be derived from the Geoscience Laser Altimeter 

System (GLAS) aboard the Ice, Cloud and land Elevation Satellite (ICESat). In this paper, we 

investigate the nature of differences between two published ICESat-derived products that estimate 

canopy height globally by comparing these products to measurements of height from small-

footprint airborne Light Detection and Ranging (Lidar) data across Canada’s forested ecozones. The 

first map of forest height, produced by Lefsky (2010), extrapolates GLAS derived heights using 

spectral data from the MODerate resolution Imaging Spectrometer (MODIS), while the second 

map, produced by Simard et al. (2011), extrapolates GLAS derived heights using climatic and 

additional ancillary variables. In 2010, the Canadian Forest Service (CFS) collected transects 

totaling over 25,000 km of small-footprint discrete return LiDAR data across boreal Canada, 

providing an opportunity to explore the patterns of differences. Results suggest that Lidar derived 

stand heights (95th height percentile) are more strongly correlated to forest height estimates from 

Simard et al. (2011, R
2
 = 0.49) than to those from Lefsky (2010, R

2
 = 0.14) at the ecodistrict level 

in Canada. Lefsky (2010) predicted taller canopy heights in most Boreal Cordillera ecodistricts than 

the small-footprint LiDAR while Simard et al. (2011) did not capture the spatial variations in height 

within the Taiga Plains. Discrepancies between the published heights maps in the Boreal Cordillera, 

Pacific Maritime and the Montane Cordillera reveal the influence that processing and extrapolation 

techniques can have on height estimates. Both heights maps appeared less able to predict height 

over sloped terrain. Investigating the relationship between small-footprint Lidar data and published 

forest height products can identify approaches that lead to more accurate estimates of aboveground 

biomass and can help determine why discrepancies exists in forest height estimates between various 

approaches, data, modeling, and underlying environmental conditions.  
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1 Introduction 

Forests are an integral component of the global carbon (C) cycle, with terrestrial C uptake estimated 

at 1.0 ± 0.6 Gt yr
-1 

during the 1990’s and 0.9 ± 0.6 Gt yr
-1 

between 2000-2005 (Denman et al. 2007). 

Projected changes in forest productivity (Boisvenue and Running 2006), disturbance regimes 

(Flannigan et al. 2005) and land conversion are expected to have a significant impact on carbon 

sequestration and storage in forest ecosystems (Le Quéré et al. 2009). As forests currently represent 

a large sink of anthropogenic carbon dioxide emissions (Denman et al. 2007), modeling changes in 

forest C dynamics is a critical component to forecasting future climate (Houghton et al. 2009). 

Modeling forest C dynamics into the future requires an accurate characterization of current 

carbon storage in forest ecosystems. As changes in carbon storage will not be uniform globally an 

understanding of the spatial patterns of above-ground biomass (AGB) in forests is necessary to 

accurately parameterize carbon models (Houghton et al. 2009).  The cost and time constraints of 

field-based measurements prevent the characterization of AGB over large areas through field 

studies alone (Gillis et al. 2005; Wulder et al. 2007; Masek et al. 2011). While capable of 

monitoring vegetation over continental to global scales, optical remote sensing is not well suited for 

capturing the vertical structure of vegetation, limiting its utility for characterizing AGB (Goetz and 

Dubayah 2011). Light Detection and Ranging (Lidar), on the other hand, can measure vertical 

structure of vegetation (Lefsky et al. 1999; Dubayah and Drake 2000), but cannot achieve the 

continental and global coverage of optical sensors. 

 The Geoscience Laser Altimeter System (GLAS) aboard the Ice, Cloud and land Elevation 

Satellite (ICESat) collected waveform Lidar data globally from 2003 to 2009.  GLAS laser 

footprints are ~65 m in diameter and separated by 172 m along track with an 8- or 91-day repeat 

cycle (Zwally et al. 2002), providing a sample of forest structure over the globe during the 7 year 

mission. Two recent programs to provide wall-to-wall estimates of canopy height, a key indicator of 

AGB, have relied on extrapolating GLAS derived canopy heights through empirical relationships 

with globally available spatial layers (Lefsky 2010; Simard et al. 2011). Lefsky (2010) extrapolated 

GLAS derived heights using segmented spectral data and land cover classifications from the 

Moderate Resolution Imaging Spectrometer (MODIS), with segments ranging in size from 1 to 900 

pixels (0.25-225 km
2
). Simard et al. (2011) extrapolated GLAS derived heights using climate, 

elevation, MODIS tree cover and protection status layers at a consistent spatial resolution of 1-km. 

As GLAS derived height products can complement field-based inventories and provide valuable 

information on carbon storage in forests, the accuracy of these products and the errors they will 

introduce to carbon models must be further assessed and better understood.   

In this analysis, we compare and contrast the GLAS derived height maps produced by 

Lefsky (2010) and Simard et al. (2011) over the forested ecozones of Canada. We compare the 

height maps against airborne Lidar data collected by the Canadian Forest Service (CFS) in 2010 in 

order to investigate map accuracy and gain an improved understanding of the conditions that lead to 

agreement and disagreement between the GLAS derived products. The findings are intended to 

inform the interpretations of information generated from these height products as well as providing 

insights for the generation of future large area height products with lidar, models, and remotely 

sensed data.  

2 Methods  

2.1 Study Area 

Canada’s forests occupy an area of approximately 400 million hectares that represents over 53% of 

the land area of Canada (Natural Resources Canada 2011) and forms ~10% of the world’s total 
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forested area. Canadian forests occupy a wide range of climatic, topographic and soil conditions, 

ranging from highly productive temperate rainforests forests in British Columbia to smaller trees in 

slower growing forests in the more northern boreal (Ecological Stratitification Working Group 

1995). The ability to characterize spatial variations in forest height across this range of conditions is 

critical to accurate predict current carbon storage in AGB. Figure 1 displays the forested ecozones 

of Canada, as defined by the Ecological Stratification Working Group (1995). The ecozones are 

further divided into ecoregions and ecodistricts, with ecodistricts representing the finest scale 

division of geomorphology, soil, vegetation and climate characteristics (Ecological Stratitification 

Working Group 1995). As we are interested in the ability of GLAS derived height products to 

capture spatial variations in canopy height, we compare and contrast height estimates at the 

ecodistrict and ecozone level across Canada.  

2.2 Data 

The global GLAS derived height maps produced by Lefsky (2010) and Simard et al. (2011) 

are both freely available online at a spatial resolution of 500 m and 1 km, respectively. Both height 

maps were averaged from the pixel to the ecodistrict level across Canada. Ecodistricts containing 

fewer than 1,000 ha of height estimates for each map (10 pixels for Simard et al., 40 pixels for 

Lefsky), were removed.  

To investigate map accuracy and the conditions that lead to agreement and disagreement 

between these heights products, several additional data sources were acquired. In the summer of 

2010, 34 transects of small-footprint airborne Lidar data were collected by the CFS, totaling nearly 

25,000 km in length and spanning from Newfoundland in the east to the Yukon in the west (Figure 

1). The data were collected between the altitudes of 450 and 1900 m using an Optech ALTM 3100 

discrete return sensor, with a pulse repetition frequency of 70 kHz and a fixed scan angle of 15° for 

the majority of transects (Wulder et al. in press). The transects were partitioned into 25 by 25 m 

plots and a suite of forest relevant metrics was generated for each plot using FUSION, a freely 

available software package for Lidar data processing developed by the USDA Forest Service  

(McGaughey, 2012). By summarizing the distribution and density of Lidar returns, these metrics 

provide a set of variables describing the three-dimensional structure of each plot. Height 

percentiles, which describe the cumulative distribution of Lidar returns, are strong predictors of 

forest attributes such as mean or dominant tree height. As physical or atmospheric anomalies can 

influence the 99
th

 height percentile or maximum return height (Magnussen and Boudewyn 1998; 

Kane et al. 2010), the 95
th

 height percentile was selected as an estimate of canopy height to 

compare against the GLAS derived height products in this analysis. The CFS assigned each Lidar 

plot with a land cover class, according to the 25-m resolution Earth Observation for Sustainable 

Development of Forests (EOSD) land cover classification (Wulder et al. 2008). Lidar metrics for all 

plots classified as forest by the EOSD were selected and averaged to the ecodistrict level for 

comparison against the GLAS derived height products.   

As the accuracy of GLAS derived heights has been shown to be less reliable on sloped terrain 

(Duncanson et al. 2010; Xing et al. 2010; Pang et al. 2011), we assessed the effect of terrain on 

height estimates using data from the Shuttle Radar Topography Mission (SRTM) digital elevation 

model, which was produced near-globally at 90 m spatial resolution (Rabus et al. 2003). Terrain 

roughness was calculated for each ecodistrict as the standard deviation of all 90m SRTM pixels 

within the ecodistrict. 

2.3 Comparison of GLAS derived height products 

To investigate the agreement between the Lefsky (2010) and Simard et al. (2011) height products, 

the ecodistrict average heights were grouped according to ecozone and displayed as boxplots. Large 
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discrepancies at the ecozone level could signify a misrepresentation of certain forest conditions 

within the canopy height products. A linear regression was also performed between the height 

products at the ecodistrict level.  

 The height products were then compared against the 95
th

 height percentile from the airborne 

Lidar data. To allow ecodistrict averages to correspond to the Lidar coverage, pixels that intersected 

the Lidar transects were identified for each height map and used to recalculate the ecodistrict 

averages. Linear regressions were then performed between the 95
th

 height percentile and the height 

predictions at the ecodistrict level. Ecodistrict height difference was also calculated for each 

ecodistrict as: 

 

!!!!!!!!"#$ℎ!!!"##$%$&'$! = !"!"#!
− !"#$%!"!!!

      (1) 

 

where !"!"#!  is the height prediction and !"#$%!"!!! is the 95
th

 height percentile for the i
th

 

ecodistrict. The ecodistrict height differences were grouped into terrain roughness classes (i.e., 

standard deviation of elevation) to investigate the effect of slope on the accuracy of GLAS derived 

 
Figure 1:  Map displaying the 10 forested ecozones of Canada and the ecodistrict subdivisions, along with 

 flight path of the CFS Lidar transects!
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height predictions. Boxplots were produced to display the height differences for each map product 

across the terrain roughness groups.   

2.4 Investigating differences in biomass estimates  

To explore the translation of differences in the GLAS derived height products to differences in 

carbon storage estimates, we calculated estimates of AGB for Picea glauca (white spruce), a 

common boreal species in Canada, from the ecodistrict height predictions. AGB can be estimated 

from tree height and diameter at breast height (DBH) using species-specific allometric equations. 

DBH was estimated for each ecodistrict using a Chapman-Richards model developed by Peng et al. 

(2001) that relates height and DBH for white spruce in Ontario boreal forests:  

 

!!!!!!!!!"#! = −

!"! !!
!!!!.!

!

!

!
!

!!!!!!!!!! = 27.3476

!!!!!!! = 0.0469

!!!!!!! = 1.4360

     (2) 

 

where DBHi and Hi are the DBH and height estimates for the i
th

 ecodistrict. Height values were 

again averaged to the ecodistrict level using only pixels that intersected the Lidar transects. The 

Lefsky (2010) height estimate for a Boreal Cordillera ecodistrict (32.9 m) was outside of the 

predictable range of the DBH/height model and was set to a height of 30.78 m and a DBH of 56.30 

cm, the maximum white spruce dimensions used by Peng et al. (2001) in model development. The 

estimated DBH for an additional Lefsky (2010) ecodistrict in the Boreal Cordillera was outside of 

this range (65.30 cm) and was also set to 56.30 cm. Once DBH was derived for each ecodistrict, 

biomass components were calculated from the height and DBH values using allometric equations 

developed by Ung et al. ( 2008) for white spruce in Canada. Wood, bark, branch and foliage 

biomass components were summed for each ecodistrict to derive tree-level AGB estimates for white 

spruce. The same processing routine was applied to derive an AGB estimate from the 95
th

 height 

percentile, and the following equation was applied to calculate the percent differences in AGB for 

each ecodistrict: 

 

!"#$"%&!!"##$%$&'$! = !
!!"!"#!

!!"#!!"#$%!!
!

!!"#!"#$%!

∗ 100    (3) 

 

where !"#!"#! is the AGB estimate derived from each height map and !"#!!"#$%!! is the AGB 

estimate derived from the airborne Lidar data for the ith ecodistrict .  The percent difference for 

each ecodistrict was grouped according to ecozone and displayed as a boxplot to investigate how 

height prediction differences could influence AGB estimates across ecozones.   

3 Results 

Figure 2 compares ecodistrict averages for the GLAS derived height products grouped according to 

ecozone. The height maps strongly agree in the Taiga Plains, Taiga Shield East, Boreal Shield East 

and West, Boreal Plains and Hudson Plains. Simard et al. (2011) had markedly higher height 

estimates in the Atlantic Maritime and Taiga Cordillera, while Lefsky (2010) had higher estimates 

in the Taiga Shield West, Boreal Cordillera, Pacific Maritime and Montane Cordillera. Height 

predictions for both maps were highest in the Pacific Maritime and Montane Cordillera and lowest 

in the Hudson Plains. Figure 3 displays the correlation at the ecodistrict level between a) the height 

products b) Lefsky (2010) and Lidar derived 95
th

 height percentile and c) Simard et al. (2011) and 

Lidar derived 95
th

 height percentile. The strongest correlation occurred between the height products  
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!

Figure 2:  Ecodistrict average heights for Lefsky (2010) and Simard et al. (2011), grouped according to  

Ecozone. The number above each bin corresponds to the number of sampled ecodistricts with each ecozone. 

!

           Figure 3: Relationships between a) Lefsky (2010) and Simard et al. (2011) b) Lefsky (2010) and the 95
th

 height 

        percentile from airborne Lidar c) Simard et al. (2011) and the 95
th

 height percentile from airborne Lidar 

!
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 (R
2
 = 0.51), with the higher predictions for Lefsky (2010) apparent in the Boreal Cordillera, 

Montane Cordillera and the Pacific Maritime. Simard et al. (2011) had a stronger correlation to the 

95
th

 Lidar height percentile (R
2
 = 0.49) than Lefsky (2010, R

2
 = 0.14). The Lefsky (2010) map did 

predict taller canopies in most Boreal Cordillera ecodistricts when compared to the airborne Lidar 

data. Simard et al. (2011) also predicted taller canopies in most Boreal Cordillera ecodistricts, but to 

a lesser degree than Lefsky (2010). Simard et al. (2011) was less able to predict variation in height 

within the Taiga Plains than Lefsky (2010).  
 The height differences in relation to the 95

th
 height percentile are displayed in Figure 4, 

with ecodistricts grouped according to terrain roughness (i.e., the standard deviation of elevation). 

The maps agree well with the airborne Lidar data when the standard deviation of elevation is low. 

When the standard deviation of elevation increases (i.e., more sloped terrain), both maps predict 

taller canopies than are predicted with airborne Lidar. The effect of terrain on height predictions 

appears to be greatest in the Lefsky (2010) map. 

Figure 5 displays the percent difference for estimating white spruce AGB from each height 

product in comparison to estimates derived from the 95
th

 height percentile. Only ecozones that 

contain more than 10 sampled ecodistricts were included in this analysis. AGB estimates had the 

strongest agreement in the Boreal Shield West and the Boreal Plains, while AGB estimates were 

higher in the Boreal Cordillera, most significantly by Lefsky (2010). For Lefsky (2010), the two 

ecodistricts in the Boreal Cordillera that were outside of the predictable range for the height/DBH 

relationships had > 30% difference for predicting AGB. Lefsky (2010) also predicted higher AGB 

in the Boreal Shield East while Simard et al. (2011) predicted higher AGB in the Taiga Plains. With 

the exception of the Lefsky (2010) AGB estimates for the Boreal Cordillera, the mean percent 

difference for AGB predictions was < 2% for all ecozones.  

!

       Figure 4:  Ecodistrict height difference for a) Lefsky (2010) and b) Simard et al. (2011). Ecodistricts are grouped 

by the standard deviation of elevation within each ecodistrict 



SilviLaser 2012, Sept. 16-19 September 2012- Vancouver, Canada 

8 
!

 

4 Discussion 

Comparing GLAS derived canopy height products to height measurements from airborne Lidar data 

allows the assessment of the usefulness of GLAS data for predicting canopy height at the ecozone 

and ecodistrict level in Canada. While globally distributed, GLAS does not provide spatially 

exhaustive coverage, as such accurate methods of extrapolation are necessary to produce wall-to-

wall global height maps from GLAS data. Large discrepancies between the Lefsky (2010) and 

Simard et al. (2011) height maps in the Pacific Maritime, Montane Cordillera and Boreal Cordillera 

highlight the influence that processing and extrapolation techniques can have on GLAS derived 

height predictions and carbon storage estimates. The stronger relationship between Simard et al. 

(2011) and Lidar derived heights as compared to Lefsky (2010) suggests that climate and ancillary 

indicators have some added value for extrapolating GLAS data across Canada. Alternatively, 

MODIS spectral data does appear more sensitive to variations in height in the Taiga Plains than the 

indicators used by Simard et al. (2011), as the Simard et al. (2011) height predictions do not capture 

the height variability observed with airborne Lidar. As differences in the methodologies used by 

Lefsky (2010) and Simard et al. (2011) extend beyond the chosen indicators, differences in 

accuracy should not be entirely attributed to the suitability of these indicators. The segment based 

!

Figure 5: Ecodistrict percent difference for predicting AGB with height estimates for Lefsky (2010) and 

Simard et al. (2011), grouped by ecozone 
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approach applied by Lefsky will also result in an amplification of particular values, as the same 

height will be applied to a particular segment, with greater opportunity for variation in pixel-based 

products, such as from Simard.  

Research shows that the ability to estimate forest height with GLAS decreases as terrain 

slope within the laser footprint increases (Duncanson et al. 2010; Xing et al. 2010; Pang et al. 

2011). As the slope within a laser footprint increases, the vertical range of the Lidar waveform 

increases, which can cause an overestimation of canopy height from the waveform (Lefsky et al. 

2005). This provides an explanation for why both height maps predicted taller canopies when the 

standard deviation of elevation is large within an ecodistrict. The larger effect of slope on Lefsky 

(2010) height predictions is likely the reason for the discrepancies between the Lefsky (2010) and 

Simard et al. (2011) in the mountainous regions of the Pacific Maritime, the Boreal Cordillera and 

the Montane Cordillera. 

The translation of error from GLAS derived height products to estimates of AGB is of 

particular interest for carbon modeling activities. Carbon storage in forest AGB is a product of three 

fundamental forest attributes: tree height, DBH, and stem density. The Lefsky (2010) and Simard et 

al. (2011) height maps predict only one of these fundamental attributes, but represent a potential 

large source of error for estimating carbon budgets. We have shown that the height differences in 

the GLAS derived products translate to small differences in AGB at the ecozone scale, with the 

exception of the Boreal Cordillera. The taller canopies that were predicted using the Lefsky (2010) 

product in the Boreal Cordillera in relation to the airborne Lidar data could lead to an AGB 

difference of ~5%  across the ecozone.  

5 Conclusion 

The GLAS derived height products were able to characterize forest height within most Canadian 

ecozones while they had variable success at the finer scale ecodistrict level.!The Simard et al. 

(2011) height product had a stronger correlation to the 95
th

 height percentile from airborne Lidar at 

the ecodistrict level, while Lefsky (2010) predicted taller canopies than airborne Lidar in most 

Boreal Cordillera ecodistricts. From the stand point of carbon modeling, we must determine if 

accurate estimates of height and AGB at the ecozone scale are sufficient for modeling activities or if 

finer scale variations are required. For instance, if management activities vary spatially within an 

ecozone (i.e. more management in the south portion of the ecozone), understanding the within 

ecozone variations in height and AGB may be necessary to accurately model forest C dynamics. 

Large discrepancies between the two GLAS derived height products in the Boreal Cordillera, 

Pacific Maritime and Montane Cordillera reveal the impact that processing and extrapolation 

techniques have on the final height estimates, which would translate to potentially large differences 

in AGB estimates for carbon models. Despite differences in processing techniques, both GLAS 

derived height predictions predict taller canopies than airborne Lidar over sloped terrain. While 

these current analyses are constrained to the ecozone level, we plan future work at spatial resolution 

of each global height product, through custom generalization of the lidar data.   
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Abstract 
 

The classification of data points in a laser scan recorded in a forest environment may help to 

distinguish object types such as the ground surface, woody components and foliage, from which 

terrain models, stem characteristics and foliage profiles can be derived. Phase-shift laser scanner 

data presents a particularly challenging problem in forest environments because of inherently 

noisy return ranges and the lack of unambiguous response to non-interceptions of the beam. In 

this case the basic challenge is to distinguish true gaps in the canopy from those returns 

emanating from solid objects such as vegetation components and the surrounding terrain surface. 

Here we present a non-parametric framework for classifying phase-shift laser scanner data into 

gaps and solid object types relevant for the assessment of vegetation structure. The method is 

applied to a laser scan recorded in a Eucalyptus forest in Brisbane Australia. We show that the 

differentiation of grass, woody material, foliage, sky and sun sensor artefacts can be achieved, 

although some confusion between object classes is apparent. 

 

 

1. Introduction 
 

Phase-shift laser scanners employ a constant beam with intensity modulated at a series of 

frequencies. The shifts in phase of any returned signal for each frequency are used to determine 

the range of the target. The main benefit of phase-shift scanners is that they can determine range 

more rapidly than time-of-flight instruments; in the order of 1 million points per second. Current 

systems are also generally lighter and cheaper than “equivalent” time-of-flight instruments. This 

comes at the cost of effective range, which is generally limited to less than 100m depending on 

the laser pulse peak energy, wavelength and target reflectance characteristics. 

 

Phase-shift scanners have been applied to measurement of canopy structure (Antonarakis, 2011; 

Balduzzi et al., 2011; Park et al., 2010) and the assessment of woody vegetation components 

(Bienert et al., 2007; Liang et al., 2008; Park et al., 2010). However, the phase-shift ranging 

method is subject to ambiguity where a single outgoing beam is intercepted by multiple targets 

or where the beam is not intercepted within a range limit, dictated by signal to noise ratio. Often 

a laser pulse into a clear beam path will result in random ranges being returned. This is 

generally addressed in firmware or through post-processing, with points removed based on the 
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smoothness, or surface roughness with respect to neighbouring laser pulses.  

 

In traditional applications of TLS for built environments such as engineering and architecture, 

multiple interceptions and non-interceptions can be dealt with by removing points from the 

point cloud. In vegetation structural analysis, these two cases need to be dealt with differently, 

since the removal of points that indicate multiple hits would overly inflate gap probability 

estimates and consequently decrease apparent stem size, foliage cover and leaf area index (LAI). 

Sky points on the other hand need to be removed reliably so that true gaps can be identified. 

 

Phase-shift scanner systems generally include a number of filters to deal with spurious points 

which are implemented in firmware or post-processing software. These include simple threshold 

filters for range and intensity and textural filters that specify the minimum proportion of 

neighbouring points that must fall within a given distance from each point. However, these 

filters are designed to remove both points resulting from multiple interceptions and points 

resulting from non-interceptions. In this paper we demonstrate a non-parametric point 

classification method used to discriminate between laser returns from complex vegetation 

canopy media and non-interceptions within canopy gaps. 

 

 

2. Methods 
 

The data used in this study were recorded in a forest plot (100 m x 50 m) in the D’Aguilar 

National Park, near Brisbane Australia on the 8th of November 2011. The site is a Eucalyptus 

woodland with very little understorey and a ground layer of grass and woody debris. The tree 

heights within the plot have a mean height and diameter at breast height (DBH) of 13.8 m and 

0.18 m respectively. The maximum height within the plot was 37 m and the maximum DBH 

was 1.05 m. 

 
A laser scan was recorded using a FARO Focus 3D 120 phase-shift scanner. The FARO uses a 

905 nm laser with beam divergence of 0.16 mrad, which scans at a rate of 976000 pulses per 

second. The nominal maximum range for the instrument is 120 m. In addition to range, the 

instrument records the laser return intensity, and measures of red, green and blue passive 

reflectance using an integrated camera system. In addition to these data, a measure of surface 

roughness t was computed from the raw range information r by taking the natural log of the sum 

of differences in range to adjacent laser returns as follows: 
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where dθ and dϕ indicate scan increments in the zenith and azimuth directions respectively. Let 

the data associated with each return in the resulting point cloud be denoted by the vector y = 

(range, intensity, surface roughness) and the discrete variable u range over the possibilities of 

the objects encountered in the direction of the beam, so u ∈ X where X = {Vegetation, Canopy 

Gaps, ... }. Using Bayes’ theorem, the probability of the object being of type u given the data y 

is given by: 
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In this case p(u) is the prior probability of the return being from target type u and p(y | u) is the 

conditional probability of the value y given the object being of type u. We can estimate the 
probability of the object being of type u given n input variables by applying Bayes’ 
theorem sequentially. We first estimate prior probabilities and then generate posterior 
probabilities based on the information from the first point data variable y1 (e.g. range). 
These posterior probabilities can then be used as prior probabilities for a subsequent 
estimate based on the next data variable (e.g. intensity). Let p1(u|y1) be the posterior 
probability of the point being of type u  given the first variable y1. Then 
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Now we use p(u|y1) as the prior probability to estimate p(u|y1, y2) based on the data 
distribution of the second variable y2 as follows. 
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Extended to the case of n variables, the estimate of the probability of the point being of 
type u can be calculated by taking the product of the data distribution probabilities as 
follows 
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In this study, the objects u which form the set X were based on the major elements of the forest 

plot and included grass, woody material, foliage, canopy gaps and the sun sensor. Bare ground 

was not included in X due to the high level of grass cover. The sun sensor was included because 

the instrument has a detector protective mechanism where ambient light exceeds a certain 

threshold. This causes unexpected range and intensity data when sampling in the direction of the 

sun. This region also needs to be treated differently to canopy gaps in the analysis of vegetation 
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structure as effectively there is no measurement within this region and it needs to be ignored in 

the calculation of structural metrics such as LAI. 

 

Prior probabilities for each u were considered equivalent for each object type such that: 
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Final classification was based on the maximum probability over all possible object types (u). 

The accuracy of the classification was assessed in terms of individual accuracies for each class, 

the total percentage of the training set correctly classified and the kappa statistic (Cohen, 1960), 

which is a more conservative estimate of accuracy taking into consideration agreement that can 

occur by chance. 

 

 

3. Results 
 

The laser scan was recorded at an angular sample spacing of 3 mrad resulting in approximately 

1.7 million pulses across the full hemispherical scan. Estimates of p(y | u) were based on 

subjective selection of training regions within a Plate Carrée projection of the laser scan (see 

Figure 2). A total of 3.5% of the scan was selected as training data, divided into each of the 

object categories as detailed in Table 1. 

 

 
Table 1: Number of laser pulses used in each training set 

 

Class Grass Woody Foliage Sky Sun Sensor 

Pixels 20497 20687 9566 7794 4268 

Percentage 1.2 1.2 0.5 0.4 0.2 

 

 

 

Marginal probabilities for range (Figure 1a) highlight the difficulty selecting angular regions of 

vegetation components at ranges greater than 25 m. Grass was generally selected within 10 m 

from the instrument, woody material was generally selected within 10 m and foliage in the tree 

crowns within 25 m. The canopy gaps and solar disk training regions showed some local peaks 

but were generally more evenly distributed out to the maximum recorded range of 153 m. The 

non-normal characteristics of these data provide good examples of why parametric methods 

struggle to adequately characterise these distributions. 
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Figure 1: Marginal probabilities p(y | u) for each of the object types recorded in the laser scan, where u is 

equal to a) range from the scanner, b) laser return intensity and c) a surface roughness parameter. 

 

The intensity of the laser return pulse is dependent on the range to the intercepting object, its 

reflectance at 905 nm and the proportion of the beam intercepted. The marginal probabilities for 

intensity (Figure 1b) show a clear distinction between the solar disk and other objects within the 

scan. However, the intensity for canopy gaps (sky) is more difficult to discriminate from both 

woody and non-woody vegetation components. Of the vegetation components, woody 

vegetation showed the highest intensities, while crown foliage showed the lowest intensities. 

 

Surface roughness showed clear distinctions between vegetation components and the canopy 

gaps and solar disk (Figure 1c). The near random ranges for these non-vegetation classes 

produced high measures of roughness, even when a logarithmic transform is applied. The lowest 

measures of roughness were associated with the woody vegetation components due to generally 

smooth surfaces on trunks and branches. 

 

The application of Eq. 6 over the complete laser scan produced a realistic classification of the 

data (Figure 2). Confusion between classes can be seen at the edge of woody material, which are 

often classified as grass. This is highlighted by an 8% misclassification in the confusion matrix 

shown in Table 2. There are also laser returns within the ground cover layer classified as woody 

material (6% in Table 2), although it is possible some of these may be associated with woody 

debris and bare ground. In the far field both trunks and grass often appear to be classified as 

foliage. Some misclassification of sky as the sun sensor class is also apparent and supported by 

a 3% misclassification shown in Table 2.  
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Figure 2: Phase-shift laser scanner classified as grass (light green), woody material (brown), foliage (dark 

green), sky (white) and solar disk (yellow). 
 
 

Overall percentage of the training data for all classes classified correctly was 94% and the kappa 

statistic was 0.78. This compares favourably to a simple Gaussian minimum distance classifier 

which produced an accuracy of 91% and a kappa statistic of 0.65. 

 

 
Table 2: Confusion matrix for the non-parametric classifier 

 

Class Grass Woody Foliage Sky Sun Sensor 

Grass 94 8 0 1 0 

Woody 6 90 0 1 0 

Foliage 0 2 99 1 3 

Sky 0 0 0 94 19 

Sun Sensor 0 0 0 3 78 

Total 100 100 100 100 100 

 

 

4. Discussion and Conclusions 
 

The advantage of the Bayesian classification method described in the paper is that is can deal 

with any distribution of input data. This has advantages in the case of phase-shift laser scanning 

data, where non-interceptions of the laser can result in unusual distributions of both range and 

intensity. The method described also has the advantage that it can be used to produce posterior 

probabilities for input parameters which may be used in the classification of further scans 

recorded using the same scanner type. The method may be extended to include a second 

iteration in the calculation of the posterior probability which includes a prior-probability for 

spatial context. In the simplest case this probability could be based on the probabilities assigned 

to adjacent pixels, but might also include more complex morphological filters that consider 

known structural forms such as the near form of trunks and the connectivity of branches. 
 

There are a number of limitations of the current implementation of the methods. Input data used 

in this study was not necessarily ideal given our knowledge of the objects being classified. For 

example, the intensity expected from a given vegetation component type (woody, non-woody) is 
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a function of range and it may be useful to incorporate an input variable such as apparent 

reflectance (Jupp et al., 2008) as a substitute. Given the objects selected in this study, an input 

variable that describes height above the ground surface may also be valuable.  

 

The method described uses the product of marginal probabilities for estimation of the posterior 

probability for a given object class. A further refinement of the methods would be to construct a 

full joint probability distribution for variables known prior to the first iteration of the Bayesian 

computation. This is likely to account for interdependences between variables more effectively. 

Further developments will also need to include validation of the method using independent data. 

 

The objective of this study was the filtering of phase-shift laser scanning data, where it is often 

difficult to distinguish between vegetation and gaps using traditional rule based approaches. 

However, as demonstrated, the method has broader application in classification of laser scanner 

point clouds, such as the discrimination of woody and non-woody vegetation components. This 

is generally being tackled using deterministic methods (Bienert et al., 2007; Liang et al., 2008; 

Park et al., 2010). However, incorporating these deterministic methods as input to a probabilistic 

framework, such as that described here, may be a powerful solution that not only allows 

discrimination of vegetation component types within laser scanner data, but also assigns 

confidence to the classified data. 
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Abstract 
 

Time-of-flight terrestrial laser scanners are often designed specifically for long range outdoor 

use, while phase-shift scanner design has generally focussed on high speed indoor and short 

range use. Applications of laser scanners for vegetation structural assessment have included 

both these ranging technologies. We tested two time-of-flight and two phase-shift scanners for 

use in the assessment of local topography and the vertical distribution of plant material in a 

Eucalyptus forest environment in Australia. Plant area index was generally higher when derived 

using the time-of-flight scanners. The phase-shift scanners also showed less plant area towards 

the top of the profiles. However, there was a large difference between the plant area derived 

from the two phase-shift scanner tested, indicating that the ranging technology may not be the 

primary limitation of such instruments. 

 

1. Introduction 
 

Time-of-flight and phase-shift represent two distinct laser ranging techniques. Time-of-flight 

ranging employs short pulses of laser energy. Range is determined by measuring the duration 

between the instrument emitting a pulse and any detected returns. Phase-shift ranging employs 

constant wave lasers, where the intensity is modulated in a sinusoidal pattern. In this case the 

phase of any return pulse is used to determine the range of the intercepted object. Both ranging 

methods have been incorporated into commercial terrestrial laser scanners. In general, 

time-of-flight scanners have been more commonly employed in vegetation assessment (Cote et 

al., 2009; Watt and Donoghue, 2005). A number of examples of the application of phase-shift 

scanners also exist (Antonarakis, 2011; Balduzzi et al., 2011; Park et al., 2010). However 

limitations introduced by ranging methods used for measuring the vertical distribution of plant 

area are not well understood.  

 

In this study, four commercially available Terrestrial Laser Scanners (TLS) were evaluated for 

the derivation of terrain digital elevation models (DEM), the assessment of plant area index 

(PAI) and vertical profiles of plant area volume density (PAVD). The scanners, listed in Table 1, 

include two examples of time-of-flight ranging and two that use the phase-shift method. 

 



SilviLaser 2012, Sept. 16-19 September 2012 –Vancouver, Canada 

 2

 

 
Table 1: Detail of the laser scanners used in the trial. 

 
Instrument Faro Focus 3D 120 Leica HDS7000 Leica C10 Riegl VZ1000 

Ranging method Phase Phase Time-of-flight Time-of-flight 

Wavelength 905nm 1500nm 532nm 1550nm 

Samples/sec 976000 1016000 50000 122000 

Beam divergence 0.16 mrad 0.3 mrad 0.1 mrad 0.3 mrad 

Nominal max range 120m 187m 300m 1400m 
 

 

 

2. Methods 
 

The scanner comparison was undertaken at a research site known as Landers Hut, in the 

D’Aguilar National Park, Queensland, Australia in November 2011. The site is a Eucalyptus 

woodland with very little understorey and a ground layer of grass and woody debris. The tree 

heights were measured within a 50 m by 50 m plot and had a mean height of 13.8 m and mean 

diameter at breast height (DBH) of 0.18 m. The maximum height within the plot was 37 m and 

the maximum DBH was 1.05 m. 

 

For each scanner, sampling resolutions were varied to determine if this had an impact on PAI. In 

addition, range quality, which is associated with measurement integration time, was also varied 

for the phase-shift scanners. Individual scan details are listed in Table 2. The nominal low 

resolution equates to the lowest resolution achievable for each instrument and high resolution is 

the finest angular spacing that could be achieved within 15 minutes of scanning. 

 

 
Table 2: Angular sampling resolution and phase based scanner range quality setting used 

in the laser scanner trial. 

 
 

Scanner 

Nominal 

Resolution 

Sampling 

(mrad) 

Pulses 

(x 10
6
) Quality 

FARO Focus 3D High 0.3 178 Low 

FARO Focus 3D Low 3.1 2 High 

FARO Focus 3D Low 3.1 2 Low 

Leica HDS 7000 Low 1.2 11 Low 

Leica HDS 7000 Low 1.2 11 High 

Leica HDS 7000 High 0.3 180 Low 

Leica C10 High 0.7 35 NA 

Leica C10 Low 1.2 10 NA 

Riegl VZ1000 High 0.3 111 NA 

Riegl VZ1000 Low 1.2 7 NA 

 

 

 

Access to terrain height information is important for TLS data processing as it allows vegetation 

structure to be analysed in terms of height relative to the ground surface, rather than relative to 

the origin of the sensor coordinate system. A DEM was generated from each scan using 

minimum elevation points within a 1m by 1m grid. A progressive morphological filter 
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(Zhang et al., 2003) was then applied to these points to determine ground returns. Classified 

ground returns were then used to generate a continuous DEM at a spatial resolution of 1m using 

the natural neighbour algorithm. Due to the radial sampling of TLS instruments, DEM radius 

was restricted to 100m from the scan locations. 

 

Each DEM was compared to a DEM generated using Airborne Laser Scanning (ALS) acquired 

using a Leica ALS50-II sensor with a flying elevation of 1800 m, and recording at a maximum 

scan angle of 18 degrees off nadir. Pulse repetition frequency of 126.2 kHz produced an average 

pulse density of 2.8 m
-2

 pulses. The airborne DEM was generated using only returns classified 

as ground points by the data provider. To be consistent with the TLS data, the airborne DEM 

was produced at a spatial resolution of 1 m using the natural neighbour algorithm. 

 

Plant density profiles were produced using estimates of canopy gap probability (Pgap) in five 

degree zenith increments between 30 and 70 degrees. Plant density vertical profiles (PAI and 

PAVD) were calculated from Pgap using a linear model described by Jupp et al. (2008). The 

equation is: 

 

- log(Pgap(z,θ)) × cos(θ) = PAIh(z) + PAIv(z) × 2 × tan(θ) / π 
 

where z is the height to which PAI is assessed, θ is the zenith angle and PAIh and PAIv are the 

horizontal and vertical projections of the total plant area. Total PAI is then the sum of these 

horizontal and vertical projections, while the PAVD is the derivative of the PAI profile as 

follows: 

 

PAVD(z) = δPAI / δz 
 

 

3. Results 
 

The comparison of TLS DEM surfaces to the DEM derived from the airborne lidar data 

revealed different characteristics between the TLS instruments. While the two Leica and the 

Riegl scanners showed a gradual positive bias in terrain height relative to the airborne DEM 

with increasing range from the scanner, the FARO scanner showed significantly lower DEM 

heights (Figure 1).  
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Figure 1: Comparison of Airborne and TLS DEM surfaces along a north-south transect through the 

Landers Hut site. Airborne Dem is shown in black 
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Vertical PAVD profiles for the four instruments showed similar characteristics in terms of 

canopy layering. However, the magnitude of plant density varied considerably, particularly 

towards the top of the canopy (see Figure 2). The profiles consistently indicated three layers of 

higher plant area density. While the two Leica and the Riegl scanner showed very stable 

estimates of PAVD between different scanner settings, the PAVD profiles derived from the 

FARO data varied considerably depending on the angular sampling resolution and range quality 

setting used (see Table 2 for details of scan settings used). 

 

 

  

  
 
Figure 2: Plant area volume density (PAVD) profiles produced using different setting for each of the four 

instruments in the south sub-plot. Riegl profiles shown include only first returns in the calculation of Pgap. 

Profiles are not corrected for topography. 

 

 

The Riegl scanner indicated consistently greater plant density than the other three instruments in 

the trial. This was particularly true in the dominant overstorey peak at 20m height in the South 

sub-plot (Figure 2). Although the Leica C10 and Leica HDS 7000 use different ranging 

technologies, the plant density profiles were remarkably similar, with the HDS indicating 

slightly higher plant area index. Profiles produced using the FARO Focus 3D showed a high 

degree of sensitivity to sampling resolution and range measurement integration time. 

 

Total PAI derived from each TLS scan are shown in Table 3 and varied from 0.43 to 2.01. The 

two Leica instrument were relatively consistent in their estimate of PAI with values varying 

from 1.70 to 1.82. The Riegl scanner indicated a slightly higher PAI at 1.99 for the high 

resolution scan and 2.01 for the low resolution scan. The FARO Focus 3D produced the lowest 

estimates of PAI, varying between 0.43 and 1.15. 
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Table 3: Plant area index (PAI) derived from each TLS scan recorded at the Landers Hut site. 

 

Scanner Resolution Quality PAI 

FARO Focus 3D High Mid 1.15 

FARO Focus 3D Mid High 0.43 

FARO Focus 3D Mid Mid 0.98 

Leica HDS7000 High Mid 1.82 

Leica HDS7000 Mid High 1.81 

Leica HDS7000 Mid Mid 1.81 

Leica C10 High NA 1.70 

Leica C10 Low NA 1.72 

Riegl VZ1000 High NA 1.99 

Riegl VZ1000 Low NA 2.01 

 

 

 

4. Discussion and Conclusions 
 

Our results suggest that inferences about surface topography and vegetation structure derived 

from terrestrial laser scanners are highly dependent on the scanner employed. Although ranging 

method (phase-shift verses time-of-flight) may have an impact on data quality, the relatively 

consistent results achieved using the two Leica instruments suggest this may not be the primary 

concern. 

 

For the DEM surfaces derived using the TLS instrument in this study, a positive bias relative to 

the airborne lidar DEM can be explained by the perspective from which a TLS instrument 

records ranges. Due to the radial sampling pattern there is a gradual increase in occlusion as the 

ground surface is hidden by near field objects such as trees, woody debris, undergrowth and 

even the near field terrain its self. The negative bias shown by the FARO instrument is not an 

artefact of occlusion but is likely due to spurious low points (noise) in the data. This produces 

depressions in the DEM surface, which are not apparent in the DEM surfaces derived from the 

other scanners. 

 

Although no validation of the PAVD profiles is provided, the consistency of the PAI produced 

using the Leica and Riegl scans indicates that the FARO instrument significantly overestimates 

Pgap. The PAVD for the FARO was not only low but was also more biased towards the lower 

parts of the canopy. Although the nominal range for this instrument is 120 metres, the effective 

range in a forest environment, where targets are not ideal reflecting surfaces and solar radiant 

flux is often high, is likely to be much less than that required for characterising the distribution 

of plant material in the upper parts of a forest canopy. 
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Abstract 

 
LiDAR sampling or full-area coverage is deemed as favorable means to achieve timely and 

robust characterizations of vertically distributed forest attributes. So far, two main strategies on 

the use of LiDAR data in forestry are reported: area-based method (ABA) and individual tree 

method (ITC). Recently, a novel 3D segmentation approach has been developed for extracting 

single trees from LIDAR data. It is an integrated approach, which delineates tree crowns by 

using the watershed algorithm and stem detection followed by applying 3D normalized cuts 

segmentation. However, all the parameters for the modules used in the whole strategy including 

watershed and normalized cut segmentations are empirically determined and the key parameter 

settings are to be optimized. Additionally, the robustness of the 3D tree segmentation approach 

needs to be examined in order to give a better understanding of the algorithm mechanism. 

 

This paper highlights a study for sensitivity analysis of 3D single tree detection from 

small-footprint airborne LiDAR data by varying key parameters used in the segmentation 

procedure, such as segmentation threshold, minimal number of voxels allowed in a segment, 

voxel size, merged size of watershed segments, etc. The aim of the study is to find out the 

optimal combinations of key parameter values towards the performance of single tree detection 

via sensitivity analysis. It could help us to gain more insights into different models used in the 

whole procedure and is also of benefit to the further improvement and development in such 

models. Test data used in this work were captured with the Riegl LMS-Q680i scanner at 

four-fold point densities of 5pts/m2, 10pts/m2 15pts/m2 and 20pts/m2 under leaf-off condition. 

The study results proved the robustness and efficiency of the 3D segmentation approach in 

different airborne LiDAR data with respect to the single tree detection. Datasets whose point 

density is larger than 10 pts/m2 seem to hardly much contribute to the improvement to the 

performance of 3D tree detection. The performance of the approach might be further revealed 

and improved by optimizing the determination of key parameters’ values with respect to 

different data properties. 

 

1. Introduction  
 

Airborne laser scanning (ALS) or LiDAR has been widely used in mapping the Earth’s surface 

and especially for forestry applications. Recent advances in LIDAR technology have 

demonstrated that new full waveform scanners can provide a higher spatial point density and 

additional information about the reflectional characteristics and vertical structure of trees (Stilla 

et al., 2007; Reitberger et al., 2008; Yao and Stilla, 2010 and Yao et al., 2010). As LiDAR 

instrument technology continues to improve and acquisition costs decrease, the wall-to-wall 
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characterization of large forested areas will become more common. Therefore, LiDAR sampling 

or full-area coverage is deemed as favorable means to achieve timely and robust large-area 

characterizations of vertically and horizontal distributed forest structures.  

 

Two main strategies on the use of LiDAR data in forestry are reported: area-based method 

(ABA) and individual tree method (ITC). In the ABA, ALS point cloud data are aggregated at 

the inventory plot level by describing them based on the height distribution and canopy density 

metrics (Næsset, 2002), such as echo ratio, height percentiles and canopy cover percentiles. 

These metrics can be imported into regression models as independent variables. In this way, the 

response is an aggregation of single tree measurements on sample plots and could be as in the 

case of mean tree height, stem volume, biomass or forest fuel parameters (Nelson et al., 1988, 

Andersen et al., 2005 and Heurich and Thoma, 2008). In the ITC approach, either canopy height 

model (CHM) (e.g. Persson et al.,2002;Yu et al., 2011) or the ALS raw data points clouds 

(Reitberger et al., 2009; Vauhkonen et al., 2012; Yao et al., 2012) are used to be segmented into 

single tree objects. Properties at single tree level can subsequently be estimated using the tree 

segments, such as tree height, crown diameter, tree species, crown base height and stem volume. 

The ITC method is more intuitive than ABA since the derived parameters refer to the single tree, 

which is the smallest unit in forest management. 

 

Novel methods for ITC approach tackle conceptually the segmentation problem with a 3D 

approach instead of using only the CHM. In combination with full waveform data Reitberger et 

al. (2009) successfully demonstrated that the overall detection rate of single trees could be 

significantly improved, especially in heterogeneous forest types. The improvement happened 

mostly to the lower forest layers with 20%. The fusion of 3D techniques with full waveform 

data pushed the single tree approach to a new level of completeness. Meanwhile, the estimation 

of tree shape parameters benefits from 3D tree segments. Moreover, the tree reflectional 

characteristics gain more insight into tree structure which are significant for tree species 

classification and growth condition identification. Therefore, unbiased species-specific models 

can be used to accurately determine forest biophysical parameters even at single tree level 

(Korpela et al., 2010 and Yao et al., 2012). 

 

So far, little attention has been paid to the sensitivity analysis of detecting 3D individual trees 

from heterogeneous forest areas using LiDAR data. A fully automated method for tree detection 

is always desirable; a sensitivity analysis can be performed to characterize and quantify the 

uncertainty sources of the algorithm and enables to help optimize the selection of control 

parameters towards the best performance. Therefore, a detailed understanding of the uncertainty 

of the key control parameters on the performance of individual tree detection is required. In our 

former works of Reitberger et al. (2009), the smoothing factor and segmentation threshold were 

already investigated in a preliminary configuration with limited point density and value domain. 
In the past several years there are few authors dealing with the similar topics. In Gonzalez et al. 

(2010) and Lu et al. (2012), an uncertainty analysis is performed for estimating forest carbon 

stock and biomass from satellite imagery and LiDAR data. The dominate sources of uncertainty 

are the variation of input sample plot data and data saturation problem related to optical sensors. 

Monnet et al. (2010) conducted a sensitivity analysis of a treetop detection algorithm in the 

French Alps by automated evaluation of detection performance for several parameter 

combinations. The optimization of parameters may depend on both the laser data, mainly point 

density, and on the forest structure and species. Palleja et al. (2010) investigated the sensitivity 

of the tree volume estimates relative to different error sources in the spatial trajectory of a 

mobile terrestrial LIDAR and found out that the volume estimation is very sensitive to both 

errors in the determination of the distance from the LIDAR to the center of the trees and in the 

determination of the orientation angle of LIDAR. In Mutlu et al. (2008), fuel model maps 

obtained based on QuickBird image and LIDAR-derived variables were used to perform a 
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sensitivity analysis of fire behavior modeling. The study showed that the accuracy of fuel 

mapping can be improved by at least 13%. 
 

The full waveform LiDAR systems have the possibility to overcome drawbacks of conventional 

laser scanners since they detect significantly more reflections for trees in the lower forest layer, 

and provide the intensity and the echo width as reflectional properties. The objectives of this 

work are (i) examine the influence of control parameters’s uncertainty on the performance of 

tree detection in a mixed strand forest from airborne full-waveform LiDAR, (ii) exploit the 

feasibility towards optimizing control parameters for 3D single tree detection, and (iii) provide a 

preliminary result on sensitivity analysis of 3D tree detection in airborne LiDAR data. 

 

The paper is divided into five sections. Section 2 focuses on the methodology of 3D 

segmentation of single trees and introduces key control parameters to undergo sensitivity 

analysis. Section 3 presents the experimental results which are obtained from full-waveform 

LiDAR data of four-fold point densities in Austrian floodplain forest. Finally, the results are 

discussed and concluded in the last two sections. 
 

2. Method 

 
2.1 Waveform decomposition 

 

We assume that full waveform LIDAR data have been captured in a region of interest (ROI). A 

single waveform is decomposed by fitting mixed Gaussian pulse models to the waveform which 

contains NR reflections (Figure 1).  

 
Figure 1: 3D points and attributes derived from a waveform (Reitberger et al., 2009) 

 

The vector ( , , , , )( 1,..., )
T

i i i i i i R
x y z W I i NX  is provided for each reflection i with ),,( iii zyx  as the 

3D coordinates of the echo. Additionally, the points iX  are given the width 2
i i

W  and the 

intensity 2
i i i

I A  of the echo pulse with i  as the standard deviation and Ai as the 

amplitude of the reflection i (Reitberger et al., 2008). Note that basically each reflection in the 

travel path of the laser beam can be detected by the waveform decomposition. This is 

remarkable since some conventional first/last pulse LIDAR systems have a dead zone of about 3 

m which makes these systems effectively blind after triggering a reflection. 

 

The LiDAR data are corrected by referencing Wi and Ii to the pulse width eW and the intensity 
eI of the emitted Gaussian pulse and correcting the intensity with respect to the run length si of 

the laser beam and a nominal distance s0.  

 

    e
i

c
i WWW                 (1) 

    0( ) ( )c k e k

i i iI I s I s                 (2) 
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2.2 Single tree detection  

 

The hybrid approach for single tree detection consists of two steps (Reitberger et al., 2009): 

watershed transformation with stem detection and normalized cut segmentation within merged 

watershed segments. 
 

The coarse detection of single trees is achieved from the CHM by a watershed transformation. 

The CHM is derived by subdividing the ROI into a grid having a cell spacing of cp and NC cells. 

Within each grid cell, the highest 3D point is selected and adapted with respect to the ground 

level ground
jz , i.e.  ),...,1( C

ground

jj

CHM

j Njzzz . The ground level ground

jz  is estimated from a given 

digital terrain model (DTM) by bilinear interpolation. In the next step, all the highest 3D points 

),...,1)(,,( C

CHM

jjj

T

j NjzyxX  of all NC cells are robustly interpolated in a grid that has NX and NY 

grid lines and a grid size gw. For this purpose an algorithm called ‘gridfit’ (D’Errico, 2006) is 

adopted which smoothens the surface by maintaining the surface gradients as small as possible. 

The trade-off between interpolation and regularization is determined by the adjustable 

smoothing factor. Both steps are carried out simultaneously in a least squares adjustment. The 

result is a smoothed CHM having equally spaced cells. The watershed segments derived on this 

CHM act as candidate regions where single trees could be contained. The results can also be 

improved by an additional stem detection method to further detect small trees which are not 

represented by local maximums. 

 

Within every watershed segments the 3D segmentation technique using normalized cuts (Shi 

and Malik, 2000) is used to detect point clouds associated to single trees (Figure 2). This makes 

it possible to detect also smaller understory trees which cannot be indicated by local maxima in 

the CHM. This segmentation uses the positions (xi, yi, zi) of the laser reflections and the pulse 

width Wi and the intensity Ii of the waveform decomposition. Additionally, stem positions or 

local maximums derived by the watershed segmentation of CHM are used as a-prior knowledge. 

The normalized cut segmentation applied to the voxel structure of a (merged) watershed 

segment is based on a graph G describing the adjacent topology between each voxel. The two 

disjoint segments A and B of the graph are found by minimizing the cost function: 

 

( , ) ( , )
( , )

( , ) ( , )

Cut A B Cut A B
NCut A B

Assoc A V Assoc B V
              (3) 

 

with 
,

( , ) ij

i A j B

Cut A B w as the total sum of weights between the segments A and B and 

,

( , )
ij

i A j V

Assoc A V w  as the sum of the weights of all edges ending in the segment A. The weights 

wij specify the similarity between the voxels and are a function of the LiDAR point distribution 

and various features. The segmentation is realized by maximizing the similarity within the 

segment voxels and minimizing the similarity between the segments A and B. It turned out that 

the spatial distribution of the LiDAR points mainly influences the weighting function. The 

features derived from the LiDAR points attributes of Wi and Ii only support in second instance 

the segmentation result. Note that the 3D segmentation approach is not limited to full waveform 

LiDAR data. It can also successfully be applied to conventional LiDAR data just providing 3D 

point coordinates. 

 

2.3 Key control parameters for sensitivity analysis 

 

Several key control parameters for 3D tree extraction algorithm from airborne LiDAR data are 

selected here to perform the sensitivity analysis. 
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2.3.1 Threshold for normalized cut value NCutThres 

 

The minimization of NCut(A,B) is solved by the corresponding generalized eigenvalue problem 

( )D W y Dy , where the minimum solution y1 corresponds to the second smallest eigenvalue 1. 

Since y1 is real-valued, but may only have two distinct indicator values (+1,-1) we need to 

binarize it by introducing a threshold into the histogram of y1. Using simply the values 0 or 

median(y1) leads to proper results. The results can be improved by testing several possible 

values with respect to the resulting value of NCut and choosing the value causing the smallest 

NCut value. We find the optimal value by stepwise testing all values within the range of y1 in a 

small interval. Thus, the graph G is subdivided into two disjoint segments G1and G2. After that, 

the abovementioned steps of solving the eigenvalue problem and binarization of y1 are to be 

performed iteratively on the sub-graphs G1and G2 until the value for NCut reaches or exceeds 

the threshold NCutThres. 

 

2.3.2 Minimal number of voxels in a segment NSeg_Min 

 

Likewise, the control parameter _Seg MinN  is also used to terminate the iteration of the subdivision 

of the graph G, if the number of voxels in one of divided sub-graphs is smaller than the certain 

minimal number _Seg MinN . 

 

2.3.3 Voxel size SizeV  

 

To enable a 3D tree segmentation in LiDAR point clouds based on normalized cuts the ROI 

delineated by the watershed segmentation is subdivided into a voxel structure with a voxel 

spacing of SizeV  and x y z

v v v vN N N N  voxels (Figure 2). Within each voxel of size SizeV we 

collect N reflections ( , , , , ) ( 1.... )T

i i i i i iX x y z W I i N , where only voxels comprising at least one 

reflection are used in the segmentation. The voxel structure is represented as a region adjacency 

graph G={V,E} with V as the voxels representing the nodes and E as the edges formed between 

every pair of nodes. The similarity between two nodes {i,j} V is described by the weights wij 

which are computed from features associated with the voxels. Basically, the similarity between 

voxels decreases with increasing distance between two voxels and drops down to zero beyond 

the threshold rXY for the mutual distance in order to keep the graph G at a reasonable size for 

computation. The goal of normalized cut segmentation is to divide the graph G into disjoint 

voxel segments A and B (Figure 2) by maximizing the similarity within the segment members 

and minimizing the similarity between the segments A and B. 

 

 

Figure 2: (a) Subdivision of the ROI into a voxel structure and (b) division into two tree segments. 

(Reitberger et al., 2009a) 
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2.3.4 Merged size of watershed segments _Seg MergS  

 

The watershed transformation is performed at the first step to segment the CHM and delineate 

2D crowns of dominate trees. The watershed segments can be viewed as candidate areas for 3D 

tree segmentation under the CHM. To overcome the oversegmentation and maintain the 

computational efficiency of the algorithm on the large-area forest, the adjacent watershed 

segments are usually merged to build a larger area to undergo the normalized cuts segmentation 

in 3D. The parameter _Seg MergS  controls the maximal size of the merged watershed segments. 

The merging process of adjacent watershed segments will be terminated until the size of merged 

segments reaches this threshold. It is expected to see which kind of impact on the performance 

of 3D tree detection the merged sized could have. An illustrative example for merging 

watershed segments can be found in Figure 3.  

 

 
Figure 3: Left: original watershed segments; Right: merged watershed segments. 

 

3. Experiment 
 

3.1 Material  

 

Experiments were conducted in the Austrian floodplain forest, which is located in western 

Austria along the border to the Germany (47o 58’ 19” N, 12o 55’ 9” E). Twenty seven sample 

plots with an area size between 200 m2 and 500 m2t. The forest comprises alluvial forest, spruce 

monocropping, deciduous mixed forest with partial pinewood. Practically, all age classes are to 

be found. Furthermore, the trees are subdivided into three layers with respect to the top height 

htop of the plot, where htop is defined as the average height of the 100 highest trees per ha. The 

lower layer contains all trees below 50% of htop, the intermediate layer refers to all trees 

between 50% and 80% of htop, and finally, the upper layer contains the rest of the trees. The 

plots comprise forest in the early and the late pole phase. Table 1 summarizes the characteristics 

of the individual sample plots. 
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Table 1: Characteristics of sample plots 

 

Plot Size [ha] Altitude [m] Trees/ha Deciduous [%] 
N lower 

layer  

N interm. 

layer  
N upper layer

I 0.05 441 448 0 0 0 12 

II 0.04 441 483 0 0 0 9 

III 0.05 441 417 100 0 2 11 

IV 0.04 441 349 100 0 1 7 

V 0.05 441 490 0 0 0 13 

VI 0.04 440 261 100 0 2 2 

VII 0.04 440 202 100 0 1 4 

VIII 0.03 441 560 75 0 6 2 

IX 0.05 441 453 0 0 0 14 

X 0.05 440 441 0 0 0 13 

XI 0.04 440 272 100 0 0 5 

XII 0.05 439 196 100 0 0 6 

XIII 0.05 439 487 0 0 0 14 

XIV 0.05 439 490 0 0 0 13 

XV 0.06 439 679 0 0 0 23 

XVI 0.04 440 371 100 0 2 7 

XVII 0.05 439 698 0 0 0 18 

XVIII 0.05 482 576 0 0 0 16 

XIX 0.05 483 633 12 0 0 6 

XX 0.05 468 631 94 9 4 3 

XXI 0.05 464 405 90 4 2 3 

XXII 0.05 464 690 0 0 0 17 

XXIII 0.04 448 330 0 0 0 5 

XXIV 0.05 447 471 83 1 2 6 

XXV 0.05 456 692 0 0 0 19 

XXVI 0.04 442 340 0 0 2 6 

XXVII 0.04 442 411 0 0 1 7 

 

 

Full waveform data have been collected by Forest Mapping Management GmbH in Salzburg 

with the Riegl LMS-Q680i in March 2011 after snowmelt but prior to foliation with four-fold 

average point density of 5-20 points/m2 (Table 2). The laser pulse repetition rate was 240 kHz, 

the pulse width at half maximum reached 4 ns and the laser wavelength was 1550 nm. The 

flying altitude of 700 m resulted in a footprint size of ca.30 cm. 
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Table 2: Configurations of airborne LiDAR campaign 

 

Time of flight March 2011 

Foliage Leaf-off 

Scanner Riegl LMS-Q680i

Point density: Pts/m2 5,10,15,20 

AGL [m] 700 

Beam divergence(mrad) <= 0.5 

Scan angle 22.5° 

 

 

3.2 Calibration 

 

Unfortunately, there were no special calibration flights performed in this data acquisition 

campaign to determine the calibration of the Riegl full waveform system, where several tracks 

were flown at different flying heights along and across the airfield. Therefore, in this work the 

mean intensity Ii was calculated by the correction only with respect to the emitted intensity Ie, 

and the mean run length si for each track according to Eq. (2), assuming simply the coefficient k 

= 2 for all flights. 

 

3.3 Field data and evaluation 

 

We applied the strategy to the sample plots acquired under leaf-off condition and validate the 

results by the method of single-tree based evaluation. Reference data for all 327 trees with DBH 

larger than 15 cm were collected for 218 Norway spruces (Picea abies), 14 Scots pines (Pinus 

sylvestris), 12 Canadian poplars (Populus×Canadensis), 26 Oaks (Quercus),  2 European 

beeches (Fagus sylvatica), 22 European ashes (Fraxinus excelsior), 5 Black Alders (Alnus 

glutinosa), 27 Sycamore maples (Acer pseudoplatanus), and 1 lime tree (Tilia Europaea). Tree 

parameters including the DBH, total tree height, stem position and tree species were measured and 

determined by GPS, tachometry and the ’Vertex III hypsometer’ system. Additionally, a DTM with 

a grid size of 1 m and an absolute accuracy of 25 cm was available for the test sites.  

 

The single tree based evaluation is performed based on single-tree level by finding matched tree 

segments in the reference. The tree detection results are evaluated by comparison with reference 

data using two criterions: i) the distance of detected trees should be smaller than 60% of the 

mean tree spacing of the plot; ii) the height difference between detected and reference trees 

should be smaller than 15% of htop. If a reference tree is assigned to more than one tree position, 

the tree position with the minimum distance to the reference is selected. Detected trees that are 

liked to one tree position are so-called “true positives” and detected trees without any link to a 

tree position are treated as “false positives”. We used the measures Completeness and 

Correctness, to characterize the performance of the individual tree detection, which are defined 

in equations (4 and (5), respectively. The descriptive statistics of the field trees are summarized 

in Table 3. 

treesreference

positivestrue

Number

Number
ssCompletene     (4) 

treesdetected

positivestrue

Number

Number
sCorrectnes     (5) 
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Table 3: Field data for single tree based evaluation 

 

Time of acquisition Mar. 2011 

 Tree height(m) DBH(cm) 

Min 1.0 2.0 

Max 44.0 50.0 

Mean 21.2 22.8 

Standard deviation 8.7 10.1 

 

3.4 Results 

 

The procedures for 3D single tree detection were applied to the test plots in a batch procedure 

without any manual interaction. The experimental results describing the impact of each selected 

control parameter on the performance of tree detection are illustrated in Figures 4-7.  

Parameters that were maintained as constant values during the sensitivity analysis included the 

following: NCutThre = 0.2, _Seg MinN =16 , SizeV =0.5, _Seg MergS = 1000.  

 

 

 

Figure 4: Sensitivity analysis with respect to the parameter NCutThres, left: completeness; right: 

correctness  

 

 

Figure 5: Sensitivity analysis with respect to the parameter _Seg MinN , left: completeness; right: correctness  
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Figure 6: Sensitivity analysis with respect to the parameter SizeV , left: completeness; right: correctness  

 
 

 
 

Figure 7: Sensitivity analysis with respect to the parameter _Seg MergS , left: completeness; right: correctness  

 

4. Discussion  
 

The experimental results of the sensitivity analysis of the new 3D tree detection strategy on 

airborne LiDAR data with four-fold point density demonstrate that the threshold for normalized 

cuts segmentation NCutThres plays the most significant role in the determination of overall 

performance of 3D tree detection from airborne point clouds. 

 

The larger NCutThres values lead to more tree segments with a higher completeness but lower 

correctness (oversegmentation), since the NCutThres value defines the threshold for the evaluating 

the dissimilarity measure between sub-graphs. It can also be seen that the low point density 

dataset such as one-fold (5pts/m2) or two-fold (10pts/m2) point density data could even produce 

a descending trend upon the completeness when NCutThres value is larger than 0.4. Such low 

point density data set has reached their oversegmentation limit and will not produce any more 

new segments by using bipartition cuts. However, the performances of 3D tree segmentation for 

the data sets of four different point densities are almost identical if the NCutThres value being 

smaller than 0.25 is selected. When viewing the results of impact of variation of _Seg MinN on the 

performance of 3D tree detection, we attain the conclusion that the parameter
_Seg MinN has hardly 
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distinct influence on the results if the three-fold and four-fold point density LiDAR data are 

used to segment individual trees. Only a slight increased correctness is observed. On the other 

side, for both the one-fold and two-fold point density data, the completeness of the results has 

degraded gradually with respect to the increased 
_Seg MinN  value while the correctness has 

increased, which is actually an undersegmentation effect. The results from the variation of the 

voxel size SizeV seems to show that there is only a slight consistent impact of SizeV on the 

performance of the 3D tree detection leading to a slightly degraded performance when 

SizeV increases, since the progress of completeness and correctness curves follow a fluctuant 

distribution around the same value. The higher point density cannot guarantee a better 

performance or stable results for tree detection if the voxel size varies. Moreover, if the voxel 

size increased to be more than 0.8m an undersegmentation happened to the one/two-fold point 

density dataset. It could be due to the reason that the large voxel size reduced the dimension of 

the adjacency graph and some small trees have been unified into one graph node. For the 

parameter of merged size _Seg MergS , the experimental results of sensitivity analysis also showed 

that it has no significant impact on the results of the algorithm. The progress of performance 

curves (Figure 7) more or less looks like stochastic fluctuation around a constant value. The 

point density of the LiDAR data also seems not to play a role at this stage. In this case, it is 

difficult to state that whether the high point density can really be helpful to improving the 

performance of tree detection algorithm, at least for the data with a point density being larger 

than 10 pts/m2. Overall, the optimal value for NCutThres can be selected as between 0.16 and 0.23 

in order to achieve the trade-off between completeness and correctness. Generally, datasets 

whose point density is larger than 10 pts/m2 can hardly contribute to a significant improvement 

to the performance of 3D tree detection. Moreover, all other control parameters except NCutThres 

are almost insensitive w.r.t. correctness and completeness if the point density is larger than 5 

pts/m2. 

 

 

5. Conclusion and outlook 
 

It is necessary to quantize the influence of uncertainty associated with various control 

parameters of the single tree detection based on normalized cuts, since the performance of the 

forest characterization is directly related to the accuracy of tree detection algorithm. The 

parameter setting of 3D normalized cuts segmentation for tree detection needs to be optimized 

towards different data properties and forest structures, such as point density, forest type and tree 

growth phase. The experimental results of this works showed that the threshold for normalized 

cut value NCutThres is the most important control parameter in the whole algorithm which is most 

sensible to the performance of tree detection and needs to be carefully adjusted. Future works 

could be focussed on the simultaneous optimization of various control parameters and the 

extension to the sensitivity analysis for tree species classification and forest parameter 

estimation. Finally, for comparison purpose we will conduct a sensitivity analysis on LiDAR 

data acquired in other forest types with different stem densities. 
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2.2 Validation of the simulator 
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2.3 Generation of series of simulations for forest structure analysis 
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Abstract 
 
Tree species identification has been a key research topic to date, while the performance of 
identification is limited. With the aid of remote sensing technology and multiple space-borne 
and airborne data, species identification could be improved by using the information fusion 
technique. This paper proposed an information fusion approach for forest species identification 
using multi-scale segmentation methods and Dempster-Shafer theory. The principal objective of 
this paper is to develop a framework of species classification using information derived from 
combined raster images and LiDAR data based on the Dempster-Shafer theory. We tested the 
approach for the dominant species in north Ontario forests at tree-group scale and our result 
demonstrated the usefulness of LiDAR data and Dempster-Shafer theory in the species 
classification application. An overall accuracy of around 80% was obtained using independent 
training and testing samples. 
 
1. Introduction 
 
Accurate identification of forest species is critical for forest inventory and sustainable forest 
management. For example, the estimation of biomass, carbon content, and species diversity 
requires precise species information. Because of the complexity of forest structures, species 
identification using optical images has not been completely developed. The emergence of new 
generation remote sensing systems, especially the very high-resolution digital camera sensors 
and small-footprint light detection and ranging (LiDAR) systems, can provide more accurate 
and efficient characterization of forest structures (Wulder et al., 2012). Studies on identifying 
species of forest stands or individual trees have been successfully conducted using either 
airborne/satellite images (Leckie et al. 2003; Mora et al. 2010; Franklin et al., 2000) or LiDAR 
data (Holmgren and Persson, 2004; Korpela et al., 2010). However, remote sensing data 
acquired over the same forest area by different sensors are generally redundant but 
complementary, because different sensors measure different physical properties of forests/trees 
at different spatial scales. Fusion of complementary data provides complete description of a 
complex forest scene, while there are also conflicts due to differences in resolution, feature 
distribution, and object scales, which bring us a substantial difficulty for the information fusion. 
It is extremely important to develop methods to accurately characterize forest scenes and 
improve species classification accuracy using multi-source information.      
 
Object-oriented methods have been widely developed in remote sensing and forestry 
applications (e.g., Chen et al., 2012; Blaschke 2010). In multi-sensor data fusion analysis (e.g., 
Heinzel and Koch, 2012; Waser et al., 2011), images from multi-sensors are resampled and 
interpolated based on the highest resolution such that each object covers exactly the same 
number of pixels on the resampled image. In their ways, single-scale segmentation on the image 
which has the highest spatial resolution is sufficient for the complete dataset. However, 
resampling methods normally alter the original spectral features that can be derived from low 
resolution images, and the representation of small objects such as individual trees is 
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meaningless. For instance, one pixel on an Advanced Spaceborne Thermal Emission and 
Reflection (ASTER) image characterizes the compound reflectivity of several trees. Using the 
gray value of the pixel as a feature of a single tree would increase the complexity for 
classification and interpretation. It is generally understood that low resolution remote sensing 
image can characterize forest canopy structures such as homogeneity at large spatial scale, while 
high resolution image and LiDAR data can characterize crown structures at individual-tree or 
tree-group scale. To effectively apply the information, multi-scale segmentation is one of the 
best ways to handle multiple datasets from different sources.  
 
The Dempster-Shafer theory (DST) was initially proposed by Dempster (1968) and Shafer 
(1976) as a Bayesian framework allowing fusion of information from independent sources. For 
an object, the theory does not require direct features derived from different data as other 
hard-classification, and allows the consideration of uncertainty and vagueness based on 
knowledge. As a mean of converting feature values to probabilities, DST is an appropriate 
methodology for the information fusion scenario in our classification theme. Previous studies 
have demonstrated strong potentials of DST in classification applications (Rottensteiner et al., 
2005). It is also applied in forest applications such as mapping stand healthy of mature 
deciduous forests (Mora et al., 2012), classifying landscape objects (Cayuela, et al., 2006), and 
mapping regenerating stands (Mora et al., 2011), but it is rarely used for individual species 
classification. Objective of this study is to classify the dominant species in north Ontario forests 
based on tree-group scale (i.e., 5-20 grouped trees) using information derived from combined 
raster images and LiDAR data, and to test the usefulness of DST in the forest species 
classification application.  
 

2. Methods 
 

2.1 Materials  

 
Located in the Great Lakes-St. Lawrence forest region near Sault Ste. Marie, Ontario, Canada, 
our study area (Figure 1) included four forest sites (S1, S2, S3 and S4) with areas ranging from 
about 50 to 225 ha. These sites were selected based on road access, various species and stand 
structural conditions represented. The dominant species at these sites are eastern white pine 
(Pinus strobes L.), jack pine (Pinus banksiana Lamb.), trembling aspen (Populus tremuloides 

Michx.), and sugar maple (Acer saccharum Marsh.). Occasionally, white birch and black spruce 
trees can be found mixed with the dominant species. The species in the largest site S1 is 
consisted of eastern white pine, jack pine, and deciduous trees. The jack pine trees in this site 
are mostly homogenous plantations that formed with even-aged stand structure. S2 is dominated 
by white pine (about 90% stocking) and S3 is dominated by sugar maple (about 40% stocking) 
and co-dominated by trembling aspen (about 35% stocking). The tree species in the three sites 
S1-S3 are evenly distributed and generally not mixed with each other, while maple, aspen, and a 
few coniferous trees are seriously mixed in the last site S4. Forest disturbances in the study area 
are likely due to harvesting, insects, and scientific research. The forests can be characterized by 
different homogeneous and inhomogeneous stands according to the tree age, species 
composition, and vertical structure. 
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Figure 1: Location (left) and QuickBird image (right) of study area, and relative location of four study 

sites (S1-S4). 
 

Several remote sensing datasets are available for the four study sites including: ASTER, 
high-resolution QuickBird image, very high-resolution aerial images obtained from digital 
cameras, and discrete LiDAR point cloud. Detail technical characteristics for these datasets are 
given in Table 1. In this study, we used the green, red and near infra-red bands of the ASTER 
imagery. Except the dataset presented in Table 1, another 0.15 m resolution digital images are 
captured simultaneously with the LiDAR data and they are used together with field data as 
references to interpret species for classification validation. To keep the original spectral 
information, none of the images is resampled and filtered. The discrete LiDAR data are 
classified into ground points and non-ground points and they are used to create a digital terrain 
model (DTM) and a digital surface model (DSM). A raster format canopy height model (CHM) 
is calculated as the difference between DSM and DTM. The CHM is smoothed using a low pass 
filter and post-processed to remove abnormal height pixels.  
 

Table 1: Summary of characteristics of the image and LiDAR data used for species classification 
 

Data ASTER QuickBird Aerial image LiDAR 

Acquisition time 2007/07 2008/06 2008/09 2009/08 

Spectral band G, R, NIR R, G, B, NI R, G, B, NI - 

Pixel resolution 15 m 2.4 m 0.4 m - 
Radiometric 
resolution 

8 bit 8 bit 14 bit - 

Point density - - - about 40 points m-2 
Number of echo 
types 

- - - 4 

  
Field data over the four study sites were collected during August 2009 and the sites were 
revisited in August 2011. During the field campaigns, the dominant and co-dominant species 
and stand structure information of each site were recorded and overlapped with the 0.15 m 
high-resolution camera image. Besides the species at stand level, several individual trees in each 
site were also selected representatively as sample trees for each species type and their location, 
height, and diameter at breath height were measured.  
 

S3 

S2 

S1 

S4 

2km 
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2.2 Dempster-Shafer theory 
 
The DST firstly defines a frame   of   discernment   Θ   that   contains   all   the   θi classes under 

consideration: 1[ , ,..., ]
i N

   . A power set 2Θ is  then  defined  including  all  the  subset  of  Θ  
and the empty set  . For example, if N=2, the power set is: 

 

1 2 1 22 [ , , , ]      .                                            (1)  

 
DST utilizes mass functions characterizing the confidence of a evidence belong to each focal 

element (e.g., 1 ). The mass function ( )m A are in a form of probabilities such that 

0 ( ) 1, ( ) 0m A m    , and 
2

( ) 1
A

m A
 , where 2A  . Let n defines the number of 

evidences, probability masses ( )i jm B  can be defined for all classes 2jB
 . DST allows the 

combination of these probabilities from multiple evidences to calculate a combined mass for 

each class 2A  : 
 

1

1

1
...

1
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i n

i n

i ji n
B B B A

i ji n
B B B

m B
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 .                              (2) 

 

Two decision rules supporting credibility and plausibility can be defined for all 2A  :    
 

( ) ( )
i

i

B A

Cr A m B


  ,                                               (3) 

2 ,

( ) ( )
i i

i

B A B

Pl A m B
 

  .                                                (4)    

 
For each decision rule, the hypothesis which maximizing the decision statistics is adopted as the 
most credible or plausible decision (More et al., 2011). In this study, we used the maximum 
credibility. 
   
2.2 Pre-process and segmentation  

 
Generally, object-oriented fusion of remote sensing data can be performed at one of the three 
stages: data processing stage, segmentation stage, and classification stage. In this study, we put 
the fusion method in the last stage (i.e., classification). Figure 2 shows a workflow of the 
methodology implemented. For each study site, the 15 m resolution ASTER image (G, R, and 
NIR bands), the 2.4 m resolution QuickBird image (RGB and NI bands), the 0.4 m resolution 
aerial image (RGB and NI bands), and the 1 m resolution CHM image were first geometrically 
co-registered together to ensure that the error due to mismatching was within 1 pixel. Next, the 
CHM was resampled to 2.4 m to geographically overlap with the QuickBird and aerial images.  
 



SilviLaser 2012, Sept. 16-19 September 2012 –Vancouver, Canada 

 5 

 
 

Figure 2: Workflow of forest species classification based on Dempster-Shafer theory. 
 
Two segmentation algorithms were applied to delineate images into meaningful objects at 
multi-scale. The first algorithm used is Region Growing implemented by the SPRING 5.2 
software (SPRING - DPI/INPE, 2012). We used the segmentation module in SPRING 5.2 to 
process the ASTER and QuickBird images. For each of the two datasets, three spectral bands G, 
R, and NIR for ASTER, and R, G, B for QuickBird images were used as input raster layers. The 
two parameters, similarity and area (pixels) in the region growing algorithm were determined 
empirically based on trial-and-error. The best parameter combination for ASTER and QuickBird 
images are: [Similarity=2, Area=10] and [Similarity=1, Area=100], respectively. The second 
algorithm used is a multi-scale individual tree crown (ITC) segmentation method derived in our 
previous study (Jing et al., 2012). Although this algorithm was developed for delineating 
individual tree crowns, boundary of tree-groups can be still obtained by changing the scale 
parameters of crowns to larger values (Jing et al., 2012). The scale parameter used to segment 
aerial image based on the ITC algorithm (Jing et al., 2012) was [23, 33, 43], where 33 
represents the dominant segment size (diameter in pixels). 
 
In this way, forests were segmented at a coarse level based on ASTER image, at a middle level 
based on Quickbird image, and at a fine level based on aerial image. The segments in ASTER 
image represent large areas (canopy) with relative homogenous forest; the segments in 
QuickBird image represent middle area (stand) homogenous forests; and the segments in aerial 
image represent small area homogenous tree-groups.  
 
Besides the original RGB and NI image layers, following raster layers were also created for all 
data sources using ENVI software: (1) NDVI for QuickBird and arieal data, (2) gray level 
co-occurrence matrix (GLCM) based homogeneity feature derived based on the green band of 
each data source using ENVI software, and (3) slope using CHM.   
 
2.3 Selection of species categories  

 

In this study, classification of forest species was tested at tree-group scale. Objects were defined 
as the obtained segments on aerial image using ITC algorithm and large scale parameters. An 
individual objects normally covered a group of 5-20 individual trees depending on the spatial 

ASTER QuickBird Aerial 
image 

LiDAR 

Region Growth  
Segmentation 
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Segmentation 

Geometric co-registration 
CHM 

Object Scale 1 Object Scale 2 Object Scale 3 

Variables (mean values) calculation 
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Slope 

Knowledge-based 
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Demster-Shafer Theory 
classification  

Posterior 
Probability   
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distribution and size of trees. The species classes to be evaluated in this study are: white pine 
(Pw), jack pine plantation (PjP), sugar maple (Ms), trembling aspen (Pt), and mixedwood 
(Wm).  
 

2.4 Dempster-Shafer classification 

 
The DST is a generalization of Bayesian theory of probability that handles the combination of 
multiple independent evidences derived from various sources. Using DST, the degree of belief 
for different classes or grouped classes can be obtained. For the details of the DST, especially in 
the forest applications, see Mora et al. (2011). Here, we mainly present the construction of 
probability masses. 
 
Segments obtained based on aerial image have unique object identities (single integers). Given 
an object, we calculated the mean values of the RGB and NI bands from the aerial image. A 
Navie Bayes classification algorithm (Mitchell, 1997) was then used to calculate the posterior 
probabilities for the given object belonging to each class. The Navie Bayes classifier assumes 
that the presence of a particular feature of a class is unrelated to the presence of any other 
features, and all the features independently contribute to the probability distribution for a given 
class. The posterior probabilities were then used as one of the mass functions for the aerial 
image.  
 
For the ASTER, QuickBird, and CHM data, mass functions were assigned manually, and were 
based on expert knowledge. They are used to support singleton or compound hypotheses (Table 
2). The evidences were designed based on: (1) canopy spectral feature at red band, (2) canopy 
homogeneity, (3) stand homogeneity, (4) stand forest cover - NDVI, and (5) stand surface slope. 
They are summarized in the following descriptions.  
      

1. Canopy spectral feature at red band refers to the mean value of all pixels belong to the 
object. It is obvious based on ASTER data that coniferous trees generally has lower 
green pixel value than deciduous trees, and a threshold of DN=45 was used to easily 
separate coniferous and deciduous trees in our study area. This evidence supports class 

group: [Pw, PjP]. For each object, we assigned the probability mass 1

0.7, 45

0.3, 45

x
P

x


  

, 

where x is the mean value of pixels of the red band. 
2. Canopy homogeneity refers to the mean value of GLCM homogeneity features belong 

to the object. It is calculated based on ASTER data. This evidence supports the jack 
pine plantation and deciduous trees [PjP, Ms, Pt]. The object with evidence value close 
to 1 represents homogenous canopy. We assigned the probability mass 

2

0.7, 0.7

0.3, 0.7

x
P

x


  

, where x is the mean value of GLCM homogeneity features of the 

object.  
3. Stand homogeneity has the similar meaning as canopy homogeneity, except that the 

stand homogeneity is derived from QuickBird data. Similarly, we assigned the 

probability mass 3

0.7, 0.7

0.3, 0.7

x
P

x


  

, where x is the mean value of GLCM 

homogeneity features of the object. 
4. NDVI is often used for separating vegetation and non-vegetation objects, while in this 

study we found that it is useful for classifying coniferous and deciduous trees. 
Coniferous trees exhibit lower NDVI values than deciduous trees. This evidence 
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supports class group [Pw, PjP]. We assigned the probability mass 4

0.7, 0.7

0.3, 0.7

x
P

x


  

, 

where x is the mean NDVI value of the objects derived from QuickBird data. 
5. Stand surface slope refers to the slope variation of crown tops in the stand. White pine 

and mixedwood stands have larger slope than the other species types. Due to the 
even-aged condition, jack pine plantation tends to have similar variation as other 
deciduous trees. This evidence supports the classes group: [Pw, Wm]. We assigned the 

probability mass 5

0.7, 35

0.3, 35

x
P

x


  

, where x is the mean slope value of objects from 

the slope raster layer derived from CHM.  
 
Many decision rules have been proposed for choosing the best hypothesis (classes) after the 
combination of evidences. In this study, we applied the most common decision rules defined by 
Shafer (1976): the maximum credibility and maximum plausibility.   
 
Table 2: Evidences in support of different class groups used in the species classification using DST. Pw: 

white pine; PjP: jack pine plantation; Ms: sugar maple; Pt: trembling aspen; Wm: mixedwood. 
 

Data source Evidence 
Supported class 

group 
Mass function 

type 
Probability 

range 

ASTER: Red 
Canopy spectral feature 

at green band 
[Pw, PjP] Fixed probability 0.3/0.7 

ASTER: Texture Canopy homogeneity [PjP, Ms, Pt] Fixed probability 0.3/0.7 

Aerial image: RGB+NI 
Native Bayesian 

posterior probability 
[Pw], [PjP], [Ms], 

[Pt], [Wm] 
Posterior 

probability 
0.0-1.0 

LiDAR: Slope Stand surface slope [Pw, Wm] Fixed probability 0.3/0.7 
QuickBird: NDVI Stand forest Cover [Pw, PjP] Fixed probability 0.3/0.7 

QuickBird: Texture Stand homogeneity [PjP, Ms, Pt] Fixed probability 0.3/0.7 

 
3. Results and discussion  
 
The amount of segments derived for the four study sites S1-S4 were: 2266, 265, 579, and 239, 
respectively. As an example, the segmentation result of site S2 is shown in Figure 3. Among 
those segments (objects), we selected 322 samples covering the five species categories as 
training and testing dataset. For each species, we selected the samples to ensure that any of the 
training samples and any of the testing samples are not located within a unique object in the 
large scale segmentation map derived from ASTER. As a result, 161 samples were selected for 
training and another 161 samples for testing. The overall accuracy of classification based on 
Navie Bayesian using only the RGB and NI bands of aerial image was 72.1%. Using the DST, 
the overall accuracy was increased to 80.8%. The number of correctly identify tree-groups were 
increased mainly for white pine and mixedwood (Table 3 and Table 4), and the user’s  accuracies  
for individual species were also improved. The jack pine plantation was always identified with 
100% accuracy, which is not surprising for us because their spectral signatures and canopy 
shape are extremely homogeneous and unique. Table 3 and Table 4 also indicate that sugar 
maple is the most difficult species to be identified, likely due to the varied range of ages and 
non-homogenous crowns. The sugar maple trees in our study area sometimes are growing mixed 
with oak trees, resulting in various spectral signatures. We also compared the classification 
accuracy using all datasets to the accuracy without LiDAR data. Our results indicate that DS 
classification using combined LiDAR and optical data can be improved with about 3% overall 
accuracy, especially for the separation of white pine and other species.  
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Figure 3: Segmentation result at tree-group scale on study site 2 (left) and a subset demonstration (right). 

 
Table 3: Error matrix of Navie Bayesian classification at tree-group scale using only aerial image. Pw: 

white pine; PjP: jack pine plantation; Ms: sugar maple; Pt: trembling aspen; Wm: mixedwood.   
 

 Reference   

 Pw PjP Ms Pt Wm User’s accuracy 

Pw 54 0 2 0 5 88.5% 

PjP 0 32 1 0 0 100.0% 

Ms 5 0 12 2 14 36.4% 

Pt 0 0 2 6 0 75.0% 

Wm 1 0 9 4 12 46.1% 

Total 60 32 26 12 31  
Producer’s  
accuracy 

90% 100% 46.2% 50% 38.7%  

Overall 
accuracy 

72.1%      

 
 
4. Conclusions 
 
In this paper we proposed a Demster-Shafer theory based classification method using 
multi-source remote sensing data to classify dominant species of tree-groups. Throughout the 
proposed method, spectral information from different sensors was naturally combined together 
in a form of mass probability. Multi-scale segmentation algorithms provide the feasibility of 
geographic link of an object among different spatial resolutions without resample original 
datasets. About 80% overall accuracy of species classification can be obtained in our study area 
using the proposed method. Combining imagery and LiDAR data is also proved effective to 
increase species classification accuracy. However, the methodology still needs to be refined and 
tested on large forest area before it can be applied to large forests operationally. In the future, 
more efforts should be made on the assignment of mass functions as well as a set of sensitivity 
analysis.  
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Table 4: Error matrix of Damster-Shafer classification at tree-group scale using combined image and 
LiDAR datasets. Pw: white pine; PjP: jack pine plantation; Ms: sugar maple; Pt: trembling aspen; Wm: 

mixedwood. 
 

 Reference  

 
Pw PjP Ms Pt Wm 

User’s  
accuracy 

Pw 59 0 1 0 4 92.1% 

PjP 0 32 0 0 0 100% 

Ms 1 0 16 2 11 53.3% 

Pt 0 0 1 7 0 87.5% 

Wm 0 0 8 3 16 59.3% 

Total 60 32 26 12 31  
Producer’s  
accuracy 

98% 100% 61.5% 58.3% 51.6%  

Overall 
accuracy 

80.8%  
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Abstract 

 

Plans are underway at NASA to launch the ICESat-2 (Ice, Cloud, and land Elevation Satellite) laser 

altimeter in 2016. While ICESat-2 is primarily designed to monitor changes in the cryosphere, it will also 

collect data over much of the Earth’s vegetated surfaces.  ICESat-2 will be a 532 nm photon-counting, 

multi-beam profiling, laser ranging system that requires not only new technology to collect the 

measurements but also new analysis techniques to extract information from the data. The combination of 

the laser repetition rate and satellite velocity will result in one outgoing laser pulse approximately every 

70 cm on the Earth’s surface. This laser repetition rate will allow detected photons to be accumulated in 

the along-track direction to recover surface elevation. Each outgoing laser beam is split into three pairs 

approximately 3 km apart on the Earth’s surface (6 km total); each beam footprint on the surface is 10 m 

in diameter. To compensate for varying surface reflectance, each bear pair will consist of a strong beam 

(100 µJ) and a weak beam (25 µJ). The beam configuration as proposed for ICESat-2 is beneficial for 

terrestrial ecosystems as it enables a dense spatial sampling over the mid-latitudes (approximately 60°S – 

65°N). To achieve a spatial sampling goal of no more than 2 km between equatorial ground tracks, 

ICESat-2 will be off-nadir pointed a maximum of 1.8 degrees from the reference ground track. 

Within any one of the individual 10 m laser footprint, photons are detected directly before, during, and 

after the expected pulse returns (equivalent to above, within, and below the expected elevation of the 

pulse return) to capture all possible surface returns. For vegetated surfaces, the number of detected 

photons per strong beam laser shot is estimated to range between 0 to 4 photons, however more photons 

could be returned from tall vegetation. Solar background noise will be a significant challenge in the 

analysis of photon counting laser data as there is no way to distinguish green photons emitted by ICESat-

2 (i.e. signal photons) from green photons returned from the atmosphere or scattered from adjacent targets 

(i.e. noise photons). New algorithms are being developed by the ICESat-2 Science Definition Team which 

will attempt to recover the ground and canopy surfaces for a direct retrieval of canopy height. Although 

the number of signal photons over vegetation is not expected to be high, there is potential for new, global 

digital elevation and canopy height models. 
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Paper Number : SL2012-033 

Abstract 

Airborne LiDAR-derived 400-m
2
 rasters of forest inventory attributes (heights, basal area, 

gross total volume, gross merchantable volume, DBHq, and biomass) were produced for a 

630,000 ha active forest management unit near Timmins, Ontario, Canada, as supplements 

to the existing basic forest resource inventory. The LiDAR data set was wall-to-wall, at an 

average of 0.5 pulses per m
2 

(Woods et al., 2011). A retrospective cost-benefit analysis 

was conducted on an annual harvest schedule to quantify the savings associated with the 

use of these LiDAR-derived inventory supplements.  The real costs of more than 30 

activities related to inventory acquisition and processing, forest operations, and mill 

processing, born from traditional knowledge, were compared to known industrial 

experience and/or model-estimated costs from FPInterface (FPInnovations) software, 

based on the supplemental knowledge provided by the LiDAR rasters.  Included in this 

comparison, were cost savings associated with factors such as harvest block design, road 

construction, and differences in harvest volumes. This study, unique to Ontario, indicated 

that improved decision making based on the detailed spatial quantifications derived from 

LiDAR can result in substantial financial savings in planning and operational aspects of 

forest operations, to the extent that LiDAR costs may be recovered in less than two years.  

The study also suggested that such improved decision making may contribute to better 

stewardship of the landbase through a reduced environmental footprint of forest 

operations and the maximization value of the resource for the people of Ontario and for 

the industry involved. 
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Abstract 
 

The main goal of the federal funded project ‘LiDAR based biomass assessment’ is the 

nationwide investigation of the biomass potential coming from landscaping activities of 

non-forest trees in Germany. Recent studies predict a great energetic potential of the harvested 

organic material which was more or less unused in the past. This paper is reporting about two 

methods to estimate the above-ground biomass (AGB) of non-forest trees from LiDAR data and 

aerial imagery. 

First of all, mandatory field calibrations are performed for pre-defined grove types (e.g. ‘hedge 

with trees’, ‘forest island’). For this purpose, selected reference groves are captured by airborne 

(ALS) and terrestrial laserscanning (TLS) in leaf-off and leaf-on conditions. The first method 

covers the determination of volume-to-biomass conversion factors (V2BCF) for each grove type 

which relate the reference AGB estimated from allometric functions with the vegetation volume 

using normalized digital surface models (nDSM). The second method is focused on a novel 3D 

Normalized Cut tree segmentation adopted for non-forest trees and the follow-on biomass 

calculation. The 3D segmentation provides for each tree segmented laser points from which a 

3D tree model is derived using alpha shapes. A subsequent linear regression estimates the 

biomass using tree features calculated from the alpha shapes. The robustness of model is 

evaluated by a 5-fold cross-validation. 

The methods are applied both to the LiDAR data (first/last pulse data (F+L) with 1 pt/m
2
, full 

waveform data (FWF) with 10 pts/m
2
) and to high-resolution aerial images (20 cm GSD). The 

investigations are applied on several reference groves of type ‘hedge with trees’ and ‘forest 

island’. The V2BCF which is derived by the first nDSM-based method for five sample groves 

of type ‘hedge with trees’ results in a value of 0.0053 for FWF data and 0.0221 for F+L data. 

The V2BCF value for FWF corresponds well with the V2BCF of 0.0054 which was acquired 

from destructive sampling of six reference groves in Southern Germany (Baden-Württemberg). 

In this case, the reference (resp. the true) AGB could be determined exactly on-site and thus 

approves that the estimation of the reference AGB using allometric functions is appropriate. The 

ratio between the reference AGB and the segmentation-derived AGB by means of the second 

method leads to a value of 1.0430 for FWF data and 1.0590 for F+L data. The relative errors 

resulting from both methods indicate that the first method seems to be more suitable for high 

density LiDAR point clouds like FWF, and that the second method is superior in case of rather 

average point densities like for F+L data. Moreover, the different foliage conditions (FWF: 

leaf-on, F+L: leaf-off) have an impact on the results. 

The second focus of our paper is on comparing the findings from LiDAR-based AGB estimates 

with the outcomes of dense stereo matching. For this purpose, the high-resolution aerial images 

- recorded in leaf-on conditions - are processed with a novel, commercial dense matching 

algorithm adopted from semi global matching. 
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Abstract 
 

Scientists at NASA’s Goddard Space Flight Center have developed an ultra-portable, low-cost, 

multi-sensor remote sensing system for studying the form and function of terrestrial ecosystems.  
G-LiHT integrates two LIDARs, a 905 nm single beam profiler and 1550 nm scanner, with a 

narrowband (1.5 nm) VNIR imaging spectrometer and a broadband (8-14 µm) thermal imager.  

The small footprint (~12cm) LIDAR data and ~1 m ground resolution imagery are 
advantageous for high resolution applications such as the delineation of canopy crowns, 

characterization of canopy gaps, and the identification of sparse, low-stature vegetation, which 

is difficult to detect from space-based instruments and large-footprint LiDAR. The 
hyperspectral and thermal imagery can be used to characterize species composition, variations 

in biophysical variables (e.g., photosynthetic pigments), surface temperature, and responses to 

environmental stressors (e.g., heat, moisture loss).  Additionally, the combination of LIDAR, 

optical, and thermal data from G-LiHT is being used to assess forest health by sensing 
differences in foliage density, photosynthetic pigments, and transpiration.  Low operating costs 

(~$1 ha) have allowed us to evaluate seasonal differences in LiDAR, passive optical and 

thermal data, which provides insight into year-round observations from space.  Canopy 
characteristics and tree allometry (e.g., crown height:width, canopy:ground reflectance) derived 

from G-LiHT data are being used to generate realistic scenes for radiative transfer models, 

which in turn are being used to improve instrument design and ensure continuity between 
LiDAR instruments.  G-LiHT has been installed and tested in aircraft with fuselage viewports 

and in a custom wing-mounted pod that allows G-LiHT to be flown on any Cessna 206, a 

common aircraft in use throughout the world.  G-LiHT is currently being used for forest 

biomass and growth estimation in the CONUS and Mexico in support of NASA’s Carbon 
Monitoring System (CMS) and AMIGA-Carb (AMerican Icesat Glas Assessment of Carbon).  

For NASA’s CMS, wall-to-wall G-LiHT data have been acquired over intensive study sites with 

historic LiDAR datasets, dense inventory data, stem maps and flux tower observations.  For 
AMIGA-Carb, G-LiHT transects have been acquired over ICESat tracks and USDA-FS 

inventory plots throughout the CONUS, and similar data will be acquired in Mexico during 

2013.  This talk will highlight recent science results from continental-scale transects 

landscape-scale deployments of G-LiHT, as well as seasonal forest dynamics from repeat pass 
G-LiHT acquisitions.    
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Paper Number: #SL2012-056 

Abstract 
 

Fire suppression over the last century has transformed many western U.S. conifer forests from 

open, patchy forests to more homogenous stands with continuous vertical and horizontal 

canopies.  Managers often seek to reintroduce fire to these forests to reduce fuel loads and 

restore pre-suppression structure.  However, they frequently lack information both on the 

present distribution of forest structures and how fire likely will change those structures.  The 

high resolution and landscape coverage of airborne LiDAR could be an important tool for these 

managers, but frequently there are no corresponding field datasets with which to interpret the 

data.  We have developed methods for using the LiDAR data itself to define forest structure 

classes that are ecologically meaningful and relevant to local conditions and goals of forest 

managers.  We illustrate these methods through results from a recently completed study in 

Yosemite National Park.  The Yosemite study area covered an area of 167 km
2
 that 

experienced widespread mixed severity fires during our study period (1984-2010) but also 

retained substantial areas of unburned forest for comparison.  We used a unique fusion of 

Landsat and airborne LiDAR data.  Landsat measurements of the differenced Normalized Burn 

Ratio (dNBR) provided the history of fire severity over the 26 year period.  From the LiDAR 

data, we measured the physical structure of forests in unburned patches and in patches that 

experienced different fire severities.  Hierarchical cluster analysis was used to examine the 

LiDAR data and define five forest structural classes that differed in height, openness, and 

vertical fuel laddering.  Random forest imputation was used to map these classes across the 

study area. We used the comparison of structure in unburned and burned patches to model how 

different fire severities changed structure across three forest types. 

 

Using our structural metrics, we identified five statistically distinct vertical structure classes: 

open, spare, shorter, multistory, and top story.  We also found three patterns of canopy patches 

and gaps associated with different fire severities:  Canopy/gap patterns have gaps as small 

breaks in otherwise continuous canopy;  Patch/gap patterns have similar proportions of 

interspersed canopy and gap;  Open/patch patterns are open space with interspersed with small 

patches of canopy that are single trees or small tree clumps.  Compared to stands outside fire 

perimeters, increasing fire severity resulted first in loss of canopy cover in lower height strata 

and increased number and size of gaps, then in loss of canopy cover in higher height strata with 

a canopy gap structure, and eventually to open areas with few or no trees.  However, the fire 

severities at which these transitions occurred differed for each forest type. Our fusion of Landsat 

fire severity and LiDAR forest structure measurements allowed us to relate process (fire) to 

resulting change (forest structure).  The results quantified the type and proportion of change 

that occurred with increasing levels of fire severity.  LiDAR data collected over a large study 

area allowed us to clearly distinguish dominant patterns of change between forest types using 

LiDAR data as a primary measurement of forest structure.  
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Abstract 

The encroachment of woody plants on grasslands causes the area of grasslands and croplands to 

shrink and reduce the yield of forage crops and agriculture products. Nevertheless, the woody 

plants provide avian and small mammal habitats and enriche biodiversity on grasslands. In 

Texas, honey mesquite (Prosopis glandulosa Torr.) is one of the main species of woody plants 

in the woodland ecosystem. The objective of this study are 1) to use airborne lidar and 

multispectral remote sensing data to assess regional scale honey mesquite biomass, 2) to 

evaluate the differences of the projected available biomass between those two remote sensing 

data. The normalized difference vegetation index (NDVI) was derived from high spatial 

resolution multispectral remote sensing data and the ground reference data were used with 

cokriging interpolation methods to estimate local and regional scale honey mesquite biomass in 

a rangeland area and create a biomass map. Additionally, the height of vegetation has been 

found to have a strong relationship with the vegetation biomass. The height bin data was 

acquired from the lidar point cloud data. The point density of each bin represented the quantity 

of biomass. Thus, airborne lidar data of the same area was used with the ground reference data 

to estimate biomass and create a biomass map. 
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Combining LiDAR and hyperspectral remote sensing data to improve 

information extraction for forestry 

Abstract 
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Abstract 

 
The demand for efficient collection of information about forest resources and its allocation has 

been the driving force for research being conducted on remote sensing techniques in forest 

inventory in the last years. Remote sensing data are usually analyzed on plot level (area based) or 

on single tree level (object based). In contrast to the object based approach the area based approach 

has reached operational status in some countries. However, for an accurate forest resource 

estimation knowledge of tree types and their composition is essential but cannot be derived from 

data collected on plot level. 

We present an approach for an object based classification of forest inventory plots into broadleaf, 

coniferous and mixed ones using remote sensing data. The data set consists of countrywide 

airborne laser scanner (ALS) data (0.5 points/m
2
), countrywide color infrared (CIR) images (near 

infrared, red and green band), national forest inventory (NFI) data and field data from a species 

trial in Denmark. The ALS data were collected during leaf-off season in 2006/07. The NFI data and 

the data from the species trial were collected in the same period. The CIR images were taken 

during leaf-on season between middle of May and middle of July 2010. 

Model development is conducted on the plots of the species trial where the species of each tree is 

precisely known. The model is applied on NFI plots. In the first step a segmentation of single trees 

or tree groups of the same type is conducted using segmentation tools of the Trimble eCognition 

software. In the second step the classification of each object is performed. The segmentation is 

based on the spectral information of the CIR images and the raw ALS points. Each segment is 

separated into sub-objects of sunlit and shadowed part. For each whole segment ALS based 

variables and for each sunlit part of each segment CIR based variables are derived. ALS based 

variables include the proportion of last pulse hits on vegetation and on the ground and height 

percentiles and density metrics of all pulses. CIR based variables include minimum, mean and 

maximum band values and HSI (hue, intensity, saturation) transformation values of the 

multispectral data. An unsupervised fuzzy classification of each segment into broadleaf or conifer 

is performed. Finally each plot is assigned to one of three categories broadleaf, conifer or mixed 

depending on the fraction of area covered by broadleaf and conifer segments. 

Preliminary classification results on the species trial based on a limited set of variables showed an 

overall accuracy of 80% and a kappa coefficient of 0.5. This pre-stratification into broadleaf, 

conifer or mixed plots allows for the selection of an appropriate model to estimate forest resources 

of pure or mixed stands. 
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Small area estimation using ALS data 

Abstract 
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TLS-inventory and variable radius sample design for orest inventory 

in Germany 

Abstract  
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Quantification of biomass change in young forest using airborne laser 

scanner data 

Abstract  
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Bergvik Skog AB owns 1.9 million hectares of productive forest land in Sweden, corresponding to 8% 

of all Swedish productive forest land. The annual felling amounts to more than 6 million m3. Stand-

level forest information is stored in a GIS-based stand register comprising 245,000 stands. The stand 

register information is used for various forest planning activities at the strategical, tactical and 

operational levels, representing different time horizons and complexity of decision problems. The 

information has been acquired over 20-30 years and using different field inventory and remote sensing 

methods, and hence the accuracy of the information is varying, but generally poor. For example, the 

standard error for stand-level standing volume per hectare in the stand register is 25-40%. Until 

recently, field-based sample-plot inventories were done following all forest management activities, to 

update the stand register with information to serve as a basis for following planning activities. The 

inventory cost of such sample-plot inventories ranges from $5 to $30 per hectare, and the expected 

standard error for e.g. standing volume varies around 10-15%. 

Estimating forest variables from LiDAR data using the area-based method renders similar or higher 

accuracy than that of sample-plot inventories for forest variables such as standing volume and mean 

height. When also considering the fairly low price for such data, ranging from $2 to $4 per hectare, 

LiDAR-based forest inventories stand out as very competitive compared to sample-plot inventories. 

Hence Bergvik Skog AB has decided to describe all of its forest land using the area-based method, 

and this presentation will briefly summarize how we incorporate and utilize the new data in our 

planning activities. 

The new datasets obtained from the LiDAR inventory includes a vector data 15×15 m square grid 

dataset containing forest variables, an automatically updated stand delineation based on a vegetation 

height raster, a new digital terrain model and some derived terrain layers. The new stand delineation 

and stand mean variables usually replaces the old information in the stand register. However, stand 

information which has been acquired and updated post-scanning (due to e.g. harvesting activities) is 

generally preserved. This poses a challenge, since we want to replace novel but poor as far as 

possible, to avoid discarding high-quality LiDAR-based forest data which in fact are more accurate, 

although older.  

This updated stand register information serves as a base for improved forest- and stand-level strategic 

and tactical planning. For tactical and operational aspects – such as identifying dense areas for 

thinning, regardless of stand delineation – processed versions of the grid are used in new work 

routines. Replacing old, poor stand-level information with high-accuracy, spatially comprehensive 

information poses a great challenge both technically and organizationally. To make the most out of 

our investment in new information, and to identify and fully realize its potentials, much more work 

still remains.!
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Paper Number: SL2012-107 

 

Abstract  
 

A new method for retrieval of leaf area index (LAI; m^2) and foliage area volume density 

(FAVD; m^2 LAI/m^3 volume) of forest stands uses voxels derived from a three-dimensional 

point cloud of scattering events observed in registered forest scans using a full-waveform, 

ground-based lidar, the Echidna® Validation Instrument (EVI). The voxelization process uses 

the attributes of scattering events, including the gap probability to the event, its apparent 

reflectance, and the volume associated with the return of the laser pulse, to produce the 

volumetric dataset. Classification procedures(Yang et al. 2012), based on the shape of the laser 

pulse returned to the instrument, separate trunk from foliage scattering events. Measurements or 

estimates of leaf reflectance, leaf-to-fine-branch ratio, and clumping at the scale of the pulse 

width or finer are required. Leaf angle distribution is accommodated with a simple model based 

on gap probability with zenith angle as observed in individual scans of the stand. An important 

advantage of the method is that coarse-scale (between-crown) clumping is observed directly and 

does not require parametric correction. For validation, we compare LAI and FAVD profiles 

retrieved directly from the voxelized 3-D forest reconstructions with those observed in airborne 

and field measurements.  

Previous studies on single EVI scans using azimuth-averaged gap probability with zenith 
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angle (Jupp et al. 2009; Zhao et al. 2011) have shown LAI and FAVD estimations to agree well 

with those of traditional hemispherical photos and LAI-2000 measurements. By merging point 

clouds constructed from overlapping EVI scans, vegetation stands are reconstructed in 3-D 

space (Strahler et al. 2008; Yang et al. 2012), allowing virtual direct representation of biomass 

distribution. 

Voxelized 3-D forest reconstructions derived from EVI point clouds provide a pathway to 

estimate “ground truth” FAVD, LAI, and biomass without destructive sampling. They can be 

used to validate large-footprint spaceborne and airborne lidar systems, thus facilitating 

large-area inventories. The enhanced characterization of leaf area distribution is of interest to 

both land biogeoscientists who require bulk vegetation biomass measures and to atmospheric 

biogeoscientists, who require information on surface roughness, photosynthesis, and respiration 

processes. Moreover, the EVI can be deployed to monitor disturbance and deforestation 

detected by optical sensors, such as MODIS or Landsat, to provide better calibration of the type 

and nature of change. 
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Paper Number: SL2012-108 

 

Abstract  
 

The nature of forest structure (e.g., canopy cover, distribution of overstory and understory, 

foliage density, forest gaps, stand-scale variability, forest fragmentation, availability of standing 

deadwood, and forestry practices) is an important contributor to the maintenance of successful 

bat populations. In order to study bat foraging behavior with respect to forest structure, we 

combined thermal imaging technology with a ground-based lidar system to reconstruct 

Eptesicus fuscus (big brown bats) flight trajectories in three-dimensional space.  

Flight trajectories of bats were reconstructed using imaging data from FLIR ThermoVision
®
 

SC8000 cameras at a bat roosting and maternity site in Petersham, MA, and co-registered to a 

three-dimensional forest reconstruction built from nine Echidna
®
 Validation Instrument (EVI) 

scans at the site. Patterns of flight trajectories during first five seconds of emergence from the 

roosting barn showed the bats chose different flight routes to forage along the edge of a forest 

and into the understory.  

Study of the flight velocity and height categorized the 24 identified flight trajectories of bats 

into different behavior groups. Results of the five second period immediately after they emerged 

from the barn showed that during the first second, bats speeded up and dropped height. In the 

2nd second, they slowed down and adjusted flight direction. In the third second, some bats 

slowed down further while others speeded up as they all continued to drop in height. They 

spread into forest following the fourth second of flight. Although all bats were guided by 

echolocation, different groups of bats were traced along different flying routes to avoid hitting a 

tree that was in their flight path. 
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This study is an initial demonstration that breaks new ground for future ecological studies in 

which flight trajectories of bats are coupled with the canopy reconstructions to better establish 

their responses to different habitat characteristics.  
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Using terrestrial lidar to quantify gap fraction in boreal forests 
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Parameterizing Climate Sensitive Forest Growth Models via LiDAR 

and Satellite Remote Sensing Data 

Abstract 

 
A detailed understanding of how forest composition, structure, and function will be impacted by 

projected climate change and related adaptive forest management activities are particularly 

lacking at local scales, where on-the-ground management activities are implemented. Climate 

sensitive forest growth models may prove to be effective tools for developing a comprehensive 

understanding. However, to be applicable to both regional forest planning and operational forest 

management, modeling approaches must be capable of simulating forest dynamics across large 

spatial extents (required for regional planning) while maintaining a high-level of spatial detail 

(required for operational management). LiDAR remote sensing has shown great utility for 

operational forest management, including forest growth modeling, albeit across relatively small 

spatial extents. We present a geospatial modeling approach to spatially initialize two separate 

climate-sensitive forest growth models (Climate-FVS and LANDIS-II) across unique 

ecoregions (in terms of forest structure and composition) in the Pacific Northwest of the US via 

an integration of sub-orbital LiDAR data with satellite remote sensing data. The system 

provides detailed forest inventory information - at both the landscape and ecoregion level - that 

is subsequently employed to demonstrate how climate sensitive growth and yield models can be 

used to 1) investigate the potential impacts of climate change on future forest composition and 

structure, and 2) assess how various forest management practices may either enhance or degrade 

forest resilience to changing climate and disturbance regimes. 
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Paper Number:  SL2012-143 

 

Abstract 
 

We propose a new method to estimate Leaf Area Index (LAI) and Plant Area Index (PAI) from 

LiDAR data using, as a baseline, methods developed for digital hemispherical photography 

(DHP). We combined a canopy architecture model with three remote sensing techniques: DHP 

and terrestrial and airborne laser scanning (ALS and TLS). The architectural model created 3D 

virtual forest environments based on statistical distributions of canopy components. Trees stems 

were distributed in rows (plantations), random, or clumped in groups. The foliage was simulated 

with random, erectophile or planophile leaf distributions, and the leaves were either clumped on 

branch structures or randomly distributed in crown shapes, such as spheres, cones, or cylinders. 

The 3D simulations were made using the freeware ray tracer POV-RAY that produces 

photorealistic renditions of complex scenes. The LiDAR data was simulated with the ground, 

leaves, and woody material in the scene colour-coded with height (z) and the known view 

geometry was used to get the horizontal coordinates (x-y). Simulations were made using the 

beam density, sampling configuration, and post-processing of different TLS and ALS sensors. 

 

We used the LAI retrieval from DHP methods as our baseline. Since the foliage is not always 

separable from the wood, the PAI was retrieved first. A new PAI/LAI algorithm was developed 

for TLS data using a technique similar to the DHP method CLX, but for which the canopy 

element height information is used. The new algorithm was tested using both TLS and ALS. 

Seventy-five virtual forest sites were created, each with ten DHP, ten TLS scans, and ALS 

simulations for twelve view angles covering an area of 30 × 40 m
2
 each. DHP and TLS scans 

were simulated at exactly the same position and with compatible resolutions. The new TLS 

algorithm was used to estimate PAI for ten height levels using the foliage clumping index at 

each level. For the DHP simulations, we observed that estimating PAI/LAI using the CLX 

clumping algorithm gave the most consistent results with R
2
 of 0.7 and RMSE of 1.0 LAI units. 

The new LiDAR algorithm gives an R
2
 of 0.8 and RMSE of 0.7 LAI units. Using the TLS 

method with airborne simulations at a view zenith angle of 20 degrees gave better results by 

about 25% compared with those at near nadir. Furthermore, LAI/PAI estimates at 50 degrees 

gave better results by almost 50% compared with those at near nadir. The simulation results also 

showed that resolution and spacing needs to be considered when adapting the hemi-LiDAR 

algorithm to sparser and coarser airborne LiDAR data. There is a high correlation between ALS 

PAI at large view angles and DHP PAI with a R
2
 of 0.9, indicating that all techniques may 

suffer from the same errors that can largely be attributed to very dense tree crowns. 
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Counting Instruments 
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Simulation of micro-pulse photon counting lidar using the FLIGHT 

radiative transfer model for SIMPL and ICESat-2 
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Individual snag detection using airborne lidar data and 3D local-area point-

based intensity filtration. 
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Paper Number:  SL2012-179 

 

Abstract 
 

Tropical forests ecosystems respond dynamically to climate variability and disturbances on time 

scales of minutes to millennia. To date, our knowledge of disturbance and recovery processes in 

tropical forests is derived almost exclusively from networks of forest inventory plots. These 

plots typically sample small areas (≤1 ha) in conservation units that are protected from logging 

and fire. Amazon forests with frequent disturbances from human activity remain under-studied. 

Ongoing negotiations on REDD+ (Reducing Emissions from Deforestation and Forest 

Degradation plus enhancing forest carbon stocks) have placed additional emphasis on 

identifying degraded forests and quantifying changing carbon stocks in both degraded and intact 

tropical forests. We evaluated patterns of forest disturbance and recovery at four ~1000 ha sites 

in the Brazilian Amazon using small footprint LiDAR data and coincident field measurements. 

Large area coverage with airborne LiDAR data in 2011-2012 included logged and unmanaged 

areas in Cotriguaçu (Mato Grosso), Flona do Jamari (Rondônia), and Floresta Estadual do 

Antimary (Acre), and unmanaged forest within Reserva Ducke (Amazonas). Logging 

infrastructure (skid trails, log decks, and roads) was identified using LiDAR returns from 

understory vegetation and validated based on field data. At each logged site, canopy gaps from 

logging activity and LiDAR metrics of canopy heights were used to quantify differences in 

forest structure between logged and unlogged areas. Contrasting patterns of harvesting 

operations and canopy damages at the three logged sites reflect different levels of pre-harvest 

planning (i.e., informal logging compared to state or national logging concessions), harvest 

intensity, and site conditions. Finally, we used multi-temporal LiDAR data from two sites, 

Reserva Ducke (2009, 2012) and Antimary (2010, 2011), to evaluate gap phase dynamics in 

unmanaged forest areas. The rates and patterns of canopy gap formation at these sites illustrate 

potential issues for separating logging damages from natural forest disturbances over longer 

time scales. Multi-temporal airborne LiDAR data and coincident field measurements provide 

complementary perspectives on disturbance and recovery processes in intact and degraded 

Amazon forests. Compared to forest inventory plots, the large size of each individual site 

permitted analyses of landscape-scale processes that would require extremely high investments 

to study using traditional forest inventory methods.  
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Paper Number:  SL2012-182 

Abstract 

Individual tree crown (ITC) delineation is a very important step in facilitating aspects of 

sustainable forest management. ITCs serve as the basic unit for species identification, gap 

analysis, and volume or biomass estimation, etc. In recent decades, various methods of ITC 

delineation using either very high spatial resolution (passive) optical imagery or LiDAR (Light 

Detection And Ranging) data have been developed. Even though some promising results have 

been reported in the literature for simple structured un-natural or coniferous forests, the 

delineation accuracy remains low for natural deciduous or mixed forests. With optical imagery, 

tree crown delineation is negatively affected by the anisotropic reflectance properties of tree 

canopies, which is especially significant for the open canopies. In addition, understory 

vegetation can be falsely accounted as trees. On the other hand, a tree crown tends to have 

distinct boundaries in the 3-dimension (3D) data clouds collected by a LiDAR instrument. 

However, for close canopies, trees grow together, which makes the distinction between crowns 

in the LiDAR data less evident. In this study, the spectral information derived from optical 

imagery, and height and architectural (such as stem) information from LiDAR data clouds were 

employed intelligently to improve ITC delineation for natural forests. 

 

With the developed method, individual tree tops were first located from the optical imagery and 

LiDAR data separately using a novel multi-scale CSI (Crown Slice from Imagery) method 

proposed in a previous study of ours (Jing et al., 2012). The detected tree tops were then 

integrated together. Using the detected tree tops, the marker-control watershed segmentation 

method was used to delineate individual tree crowns from optical imagery data. For each 

resulting segment, a tree stem(s) was detected from the LIDAR points within this segment. A 

segment could be kept as it was, split, or merged depending on the number of stems was 

detected. 

In an experiment on natural forests in Ontario, Canada, the proposed method yielded crown 

maps having a good consistency with manual and visual interpretation. 
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Paper Number:  SL2012-202 

 

Abstract 
 

Although significant efforts have been devoted to deriving forest structure and biomass using 

optical remote sensing data, relationships between spectral data and forest structure were often 

very weak, because the former is typically not very sensitive to changes in forest structure. 

However, optical remote sensing images, especially those produced through a series of 6 

Landsat instruments, have been available since 1972. This imagery record makes it possible to 

detect forest disturbance and calculate age since disturbance for up to four decades. Because 

forest age is often a good predictor of forest growth and yield, the age since disturbance 

information derived using time series Landsat observations has been found highly valuable for 

predicting forest height growth. For forests where no disturbance was observed by the Landsat 

systems since the 1970s, a spectral record of their growth in multiple decades with the 

knowledge that they are likely older than 40 years will allow better estimation of their structure. 

In this study, we develop an approach for mapping forest structure and biomass using time 

series Landsat observations. In this approach, forests are first divided into “young” forests that 

generated following disturbances recorded by the Landsat and “old” forests that did not 

experience stand-replacement disturbance event since the first available Landsat observation. 

Height and biomass for these two types of forest are modelled separately using empirical 

methods trained using lidar or field plot data. This approach is used to develop forest structure 

and biomass products over North Carolina.  
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Challenges for Measuring and Monitoring Global Forest Carbon 

Stocks and Change Using Lidar Remote Sensing  
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The potential of terrestrial laser scanning for the estimation of biomass 
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Influence of LiDAR data projection in DTM generation 
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Paper Number:  SL2012-037 

 

Abstract  
 

The introduction of terrestrial LiDAR (Light Detection And Ranging) allows for measuring 

forest structure with high detail and accuracy. Terrestrial laser scanning could be used for the 

calibration in broad scale biomass mapping. Earlier work on the use of terrestrial LiDAR in 

Australian forests (Lovell et al., 2003) showed the potential of terrestrial LiDAR to measure gap 

probability and plant density profiles but the value of these parameters in biomass estimation 

has not been fully explored. It is still unclear if parameters inferred from LiDAR scans, such as 

canopy cover and tree height, are required for accurate biomass estimation or if there is a link to 

directly inferred parameters (e.g. gap probability and plant density profiles) from LiDAR scans. 

 

Terrestrial LiDAR data has been acquired in different Australian forest types during the period 

March – June 2012. The forest types are: open woodland, Eucalypt open forest and sub-tropical 

rainforest. Data was collected in 14 plots, covering a wide range of plot biomass. Each plot 

consisted of 5 scan locations. The terrestrial LiDAR data has been acquired with the RIEGL 

VZ-400 3D terrestrial scanner. The scanner settings were the same for all the data collection and 

a similar plot setup was used across the different forest types. The RIEGL VZ-400 scanner 

collects multiple return LiDAR data (up to four returns per emitted pulse) as well as additional 

waveform data. 

 

Here, we compare and contrast plant density profiles from terrestrial LiDAR data for different 

forest types in Australia. Metrics derived from these profiles are then used to estimate biomass. 

Reference biomass data from field measurements is available for all the forest types and is used 

to validate the biomass inferred from the terrestrial LiDAR data. The inferred biomass will also 

be compared to estimates derived from established allometric equations. 
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Canopy density (CD) is described as the percentage of terrain area overgrown by tree crowns or 

vegetation, in general. It is an indicator for important bio-physical parameters, such as light 

transmittance or interception. Usually it does not account for the stratification of plants below the 

canopy. However, research has shown that structural diversity in forests, both in horizontal and 

vertical direction, is a key indicator for various forest functions. These include productivity, habitat 

quality and protection against natural hazards, such as landslides, avalanches or rock fall. Thus, 

acquisition of vegetation layer structure and CD is part of modern field inventory in forestry, 

although most often only in the form of random or regular sampling within the inventory plots.  

 

Within this study a method for area-wide estimation of forest layer structure and canopy density is 

described. It follows the applicable definition in the Austrian forest inventory, which states a 

classification into three vegetation layers (canopy and two sub-canopies) at fixed height intervals. 

The study site is located in the Stand Montafon of the federal state of Vorarlberg in the western part 

of Austria and is dominated by coniferous tree species. A medium density airborne laser scanning 

(ALS) point cloud (~4 echoes per m²) acquired under leaf-off conditions is used for the analysis. The 

proposed methodology exploits the fact that ALS can pass through small gaps in the foliage or 

intertwined branches and can directly map sub-canopy vegetation in 3D. The vertical distribution of 

the laser echoes allows drawing conclusions on the structural complexity of the vegetation and, 

moreover, the occurrence of multiple sub-canopy layers overgrowing each other. Additionally, it has 

to be assumed that occlusion by upper layers reduces the probability for lower ones to be reached by 

the laser pulses. A point cloud based, but nevertheless computationally fast approach for the 

characterization of the canopy and sub-canopy layers is proposed. The method accounts for the 

above mentioned occlusion effect by considering the dependency between overlapping layers in a 

multiple linear regression model for the prediction of the vegetation layer coverage. Raster maps 

describing the coverage for each of the three canopy layers are created. CD is subsequently derived 

on a raster basis as the aggregation of the derived canopy layer maps. 

 

For training and evaluation purposes two data sets, namely 488 inventory plots and a more detailed 

500 x 50 m transect of manually collected forestry data including crown radii and vegetation layer 

coverage, are used. Results show that the method works reliably for the top most layer (R² = 0,82) 

and CD (R² = 0,72), whereas it tends to underestimate the coverage of the two sub-canopies 

(R² = 0,68 and 0,53). This drawback can be overcome using full-waveform ALS data, which tends to 

produce more echoes in general and depicts lower layers with higher detail. The presented method 

incorporates operative forest inventory data and district-wide ALS-data, thus it is operationally 

applicable for area-wide estimation of forest layer structure. 
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Abstract 
 

Airborne laser scanning (ALS) is widely used for the acquisition of urban and rural areas. 

Nowadays a wide range of ALS sensors with different technical specifications can be found. 

One key parameter is the laser wavelength which determines the instrument’s relative ranging 

capabilities due to the wavelength-dependent backscatter characteristic of the sensed surfaces. 

Next to the geometric information (i.e. the location in space) current ALS sensors usually record 

amplitude information for each echo. In order to utilize this information for the study of the 

backscatter characteristics of the sensed surface, radiometric calibration is essential. This paper 

focuses on the radiometric calibration of multi-wavelength ALS data as opposed to 

conventional monochromatic (single-wavelength) ALS data. After a short introduction theory 

and practice of the radiometric calibration of ALS data based on in-situ reference surfaces is 

presented. Based on individual monochromatic radiometric reflectance readings a calibrated 

multi-wavelength reflectance image can be generated. It is important to note that this image is 

not influenced by shadows (due to the active illumination of the sensed surface) and from a 

geometric viewpoint the position of the objects on top of the terrain surface is not altered (true 

orthophoto). Within this paper the approach is demonstrated for two projects both comprising 

three different single-wavelength ALS data acquisitions (532nm, 1064nm, and 1550nm). One 

project covers the area of the city of Horn in Austria and the other covers a rural area near Horn 

containing woods, fields, open grass land, a small lake, and a small village.  

The practical results presented here show the applicability of calibrating multi-wavelength 

radiometric imagery from ALS data and provide an insight into the challenges of radiometric 

processing and exploitation of multi-wavelength ALS data. Based on the resulting 

multi-wavelength reflectance information spectral analysis of the radiometric behavior of the 

sensed surfaces at the three different wavelengths is possible. Furthermore, the analysis of the 

ALS data focuses on the point clouds obtained with the three different laser scanners with 

respect to point density, multi-target resolution, scan alignment, vegetation penetration, and 

water surface and ground caption. 
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Abstract  
 

When the vegetation was illuminated by laser in daytime, the sensor usually received two types 

of light intensity in the spectrum range: sun and laser itself. In this situation, the conventional 

bidirectional intensity distribution would vary with two incidences light. Theoretically, this 

would supply more canopy information if the reflection principle was carefully clarified. So, in 

this paper, Solar-Laser Double Source Canopy Model (DSCM) were constructed and analysed. 

Firstly, the Li-Strahler Geometric Optical (GO) model was modified by adding another input 

light source to simulate the intensity distribution. Then, the Radiative Transfer (RT) model was 

incorporated to express the canopy reflectance change with different incidence angle. So, the 

GO-RT mixed model was constructed with two incidents light. Based on the model, the 

reflectance phenomenon was simulated refer to the forest in the monochromatic light. It 

revealed that, by adding another incident light (laser), two “hotspot” was constructed and that 

was influenced by both incident light intensity and incident angle, also it was affected by the 

forest canopy structure. After the simulation, the experiment was carried out for the ideal forest 

condition constructed with plastic ball illuminated by sun and laser (808nm) in daytime. Then in 

night, the experiment was repeated. With the variation of light source and “forest” destiny, 

bidirectional reflectance distribution function (BRDF) of sun, laser and double source were 

observed respectively. And the experiment results were basically accordance to the DSCM 

simulation, especially for the hotspot phenomenon. So, it was convinced that DSCM could be 

applied for the vegetation biophysical and biochemical parameters retrieval study with 

multi-spectral laser became mature. 
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Abstract 
 
Within the AutoProbaDTM project (sites.google.com/site/autoprobadtm/), we plan to develop fast 
and fully automated techniques to derive topographic maps and error maps, from full-waveform 
airborne LiDAR data. A probabilistic approach is used in order to modelling surfaces and data 
acquisition, solving inverse problems and handling uncertainty. Bayesian inference provides a 
rigorous framework for unsupervised reconstruction of the DEM and error propagation from the 
data to the end result, treating all quantities as random variables. Automatic sensor calibration 
plays a major role in this project. In fact, the overall positional accuracy and uncertainty 
obtained from the LiDAR technology depends on the assembly and calibration of the three 
system components: the GPS (Global Positioning System), the IMU (Inertial Measurement 
Unity) and the laser-scanner device. In this poster we propose a novel method based on the 
Bayesian inference to address this problem as well. Because this method does not use planar 
surfaces it is well suitable for forest areas with poor geometric planar features such as building 
roofs. The first contribution is to use not only the 3D points extracted from the raw waveforms 
but their uncertainty as well, and to apply a probabilistic surface matching with spatially 
variable point accuracy in order to obtain the attitude corrections. The second contribution 
consists of using all the flight lines, where most methods only use the calibration cross. In this 
way we can also estimate the attitude drift of the sensor platform and correct the LiDAR data 
for temporal attitude variations.  

Figure 1: Hi-frequency IMU errors Figure 2: Low-frequency IMU errors 

Figure 1 shows the corduroy effect (high-frequency IMU errors), visible as stripes on slopes 
parallel to flight lines, for 3 overlapping strips with different scan angles. Figure 2 shows the 
low-frequency IMU errors (due to temporal correlation) after (a) and before (b) correction by 
optimal shifting on a small area.  
Finally, we use the probabilistic framework for error propagation and we propose a probability 
distribution of the estimated boresight angles.  

a) 

b) 
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Abstract  
Forest biomass quantity and its changes are difficult and time-consuming to measure accurately. 

Accurate biomass mapping has numerous applications in cases of forest-bound carbon, 

bioenergy, -fuel and forest hazard monitoring. A major proportion of the total forest carbon 

storage consists of the growing stock’s carbon reserves. Determination of individual tree-level 

(ITL) biomass requires accurate measurements of tree trunk, branches and needles. Accurate 

field measurements can be done only in a destructive manner and therefore non-destructive and 

more cost-efficient methods are needed. Fixed-position (mounted on a tripod) terrestrial laser 

scanners offer a great potential for three-dimensional (3D) mapping of smaller areas with high 

detail. Terrestrial laser scanning (TLS) is an efficient and objective option for acquiring accurate 

field data. TLS measurements provide dense point clouds in which features describing biomass 

can be extracted from trunk and canopy dimensions. In Finland biomass models have been 

developed but the models do not fully utilize canopy size information. Models are mostly based 

on easily measurable parameters on field such as tree species, diameter-at-breast-height (DBH), 

height and crown length. We hypothesized that TLS measurements would increase the 

estimation accuracy of ITL crown biomass. The main objective of this study was to estimate 

ITL crown biomass, based on models developed using TLS data, for Scots pine and Norway 

spruce. Describing features were extracted from individual tree point clouds and used in 

biomass model development. The modelling dataset included 64 laboratory-measured trees. 

Models were developed for living branch and dead branch biomass and the results were 

compared with existing biomass models. 

 

The results showed that crown biomass estimation accuracies were improved, compared with 

those of existing models. Root mean square errors (RMSEs) for living branch biomass were 

23.36% for pine and 38.13% for spruce using models developed from TLS. Relative RMSE for 

dead branches was higher because the amount of dead branches is low and good describing 

features are difficult to find. Development of robust TLS-based biomass models is challenging, 

because it would require large treewise laboratory-measured reference datasets and the laser 

features used as explanatory variables should be nondependent on the scanning parameters. We 

suggest the use of automatically extracted crown size measurements from TLS as a basis for 

allometric crown biomass models. In the current state, operational TLS measurements are not 

fully applicable under various forest conditions but if TLS processing becomes more automatic 

and reference data could be collected even with the use of mobile platforms, it could also 

provide savings in reduced fieldwork. However, feasible measuring of crown and stem 

characteristics, that are laborious to measure by traditional means accurately, is the strength of 

TLS. 
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Abstracts 
 

Light Detection and Ranging (LiDAR) is becoming an important tool in forestry around the world due to 

its ability to accurately estimate forest structure variables and biophysical properties. In this study, we 

demonstrate the application of airborne LiDAR technology, using regression models, to estimate forest 

structural metrics and biomass components for a forest farm in Jiangsu province, China.  

In June - July, 2012, 45, 30 x 30m plots in Yushan forest farm, Jiangsu province, China were established, 

which is a typical Northern sub-tropical hilly secondary forest in the Middle-lower Yangtze plain. The 

plots are located in homogeneous forest stands of Masson pine(Pinus massoniana), Chinese 

fir(Cunninghamia lanceolata), Sweetgum(Liquidambar formosana), German oak(Quercus acutissima), 

and so on, resulting in three broad vegetation types: coniferous (10 plots), broadleaf (13 plots) and mixed 

(22 plots). At each plot  DBH and tree height were measured and plot-level summaries such as basal area, 

Lorey's mean height, as well as biomass components (including stem, branch and foliage biomass) 

calculated using local algometric equations. 

A suite of statistical models based on LiDAR-derived percentiles were developed to predict the  biomass 

components; and tests undertaken to assess the accuracy and improvement of LiDAR-derived biomass 

model compared with ground-survey based empirical biomass model. 
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Abstract 
 

Numerous methods have been proposed for the detection of single trees in airborne laser 

scanning (ALS) data. Most of them are highly dependent on the initial settings of the algorithm, 

as parameters (e.g. smoothing of the digital canopy height model) will affect the overall 

detection performance, and more particularly the trade-off between omission and commission 

errors. To tackle this issue, the use of prior information about the forest stand is possible when 

ground truth for the area is available. Alternatively, adaptive parametrization in the course of the 

detection procedure requires more complex algorithms which might have trouble when 

processing large areas.  

 

In this article a procedure for automated parametrization is presented. It is based on the 

unsupervised training of the detection algorithm with reference forest plots including 

coregistered field and ALS data. The local maxima filtering algorithm is adopted as it is simple 

and fast. The training step consists in evaluating the detection performance of the algorithm on 

the reference plots for several parameter combinations. Detection quality is evaluated as a 

trade-off between the number of correctly detected trees and the number of false detections. 

When trees are to be detected in a newly surveyed area, two possibilities for algorithm 

parametrization are compared. The first option is to use the parameter combination that is the 

more robust when used on the training set (“average” setting). The second option is to use the 

combination that yields the best detection on the ALS point cloud from the training set that best 

resembles the new data. The matching criterion is based on the Fourier spectrum of the canopy 

height model computed from the point cloud.  

 

26 forest plots located in seven different ALS surveys of mountainous areas are used to test the 

workflow. Plots have a minimum area of 0.25 ha and represent various stand structures and tree 

species. To compare the two parametrization options and evaluate their sensitivity to the 

training set size (number of reference plots), a cross validation procedure based on repetitive 

sampling of the training set among the available 26 plots is performed. Results show that for 

training sets with less than 15 plots, the “average” setting performs better, whereas with training 

sets larger than 20, the matching procedure yields better detection performance. 

 

This method for unsupervised training is quite flexible as it can be used with any detection 

algorithm that requires initial parametrization. Moreover, the detection performance criterion 

can be modified in order to reflect the end-user preference regarding detection results. This 

study is an example of how single tree methods can benefit from an area-based analysis. Further 

work should investigate whether metrics usually computed for area-based methods (e.g. height 

quantiles) could also improve the point cloud matching. 
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Abstract 
 

Trees act as an important link in the forest water balance as they effectively intercept, store and 

transfer water in the canopy-soil interface. Precipitation is intercepted by tree crowns and is 

evaporated directly back to the atmosphere or is transferred to the ground by canopy throughfall or 

stemflow. These water fluxes are important as they influence ground water regeneration. However, 

ground surveys of forest water balance are costly and cover mostly limited plot sizes. At larger 

scale studies of the forest water balance it is thus desired to integrate forest vegetation composition 

and retain a detailed physical description of the trees as this has a pronounced impact on the forest 

water fluxes. 

In this study we investigate how canopy structural properties derived from airborne laser scanner 

(ALS) data are related to canopy throughfall in mono conifer and broadleaf forests. We use ALS 

data collected for Denmark in 2006/2007 and simultaneous manual canopy throughfall 

measurements at selected tree species trial sites. The sites we investigate are distributed all over the 

country and encompass three conifer and five broadleaf tree species. With these data we capture a 

broad range of growing conditions and the effect of different tree species as they can have different 

canopy and leaf structures. 

From the 3D point cloud of the ALS data we derive height and density metrics. These metrics 

include height percentiles, maximum and mean height, the proportion of ground hits and the 

proportion of hits in different height layers of first and last pulse data. These metrics are used to 

assess the vertical structure of canopies as canopy base height and crown length. Combining the 

field measurements of canopy throughfall as a proportion of bulk precipitation and independent 

ALS metrics we derive a linear regression model that best predicts the observations. Our results 

point to that using simple ALS metrics a realistic estimate of canopy throughfall can be assessed 

given that the total precipitation is known. These findings open up for more detailed applications in 

remote sensing and water resource management as the effects of forest types and tree species 

composition on water balances in a catchment scale context can be derived without costly ground 

surveys. 



SilviLaser 2012, Sept. 16-19 September 2012 –Vancouver, Canada 

 1

Analyzing changes in the forest structural parameters using 

multi-temporal terrestrial lidar datasets 
 

Shruthi Srinivasan
1
, Sorin C. Popescu

1
, Ryan D. Sheridan

1
 & Nian-Wei Ku

1 
 

 
1
 Spatial Science Laboratory, Department of Ecosystem Science and Management, 

Texas A&M University, 1500 Research Parkway Suite B 217, College Station,      

TX, 77845, USA and shruthi1389@tamu.edu 

 
Paper Number: #SL2012-120 

 

Abstract  
 

Accurate measures of the forest structural parameters and monitoring their changes over time is 

essential to forest inventory, managing wildfires and modelling of carbon cycle. Several studies 

have showed that terrestrial scanning lidar (light detection and ranging) has proved to be 

accurate in estimating a suite of forest structural parameters such as tree height, crown width, 

and diameter at breast height (DBH). However, the potential of this technology to monitor 

forest growth with multi-temporal datasets remains untested. The overall aim of this study was 

to develop the methodology for analysing multitemporal lidar data sets acquired using a 

terrestrial lidar scanner for a plot of post oak trees at the Ecosystem Science and Management 

(ESSM) range area, College Station, Texas. Leaf-on and leaf-off scans were conducted using 

Leica Scanstation-2 3D laser scanner in 2010 and 2012 respectively, from either sides of the 

plot of post oak trees. Specific objectives were to: co-register multitemporal scans together; 

extract individual tree measurements such as tree height and DBH; analyse differences observed 

for the DBH; analyse differences between scans using a height bins and a voxel method; 

compare differences in the vertical structure and tree height at plot-level and individual tree 

level. In additional to comparing the multi-temporal lidar datasets, the method for extracting 

tree height and DBH was tested on one time terrestrial lidar datasets for nine plots of loblolly 

pines in Huntsville, TX. Plot-level minimum height, maximum height, mean height, standard 

deviation and percentiles were calculated and compared between the years. Cylinders were 

fitted to the 1.2-1.4 m height bin to retrieve DBH. Range rings were created for each stem; and a 

z polygon was traced to find the highest point, which resulted in the tree height for individual 

trees. The DBH estimated from lidar data for post oak trees ranged from 0.3-0.6 m, which were 

consistent with the results from USDA Forest Service. The average tree height decreased from   

6.162 m in 2010 to 6.105 m in 2012. Lidar measurements were also validated against the field 

measurements using regression. The overall results of this study indicate that terrestrial 

scanning lidar is a promising technology for monitoring forest growth at individual tree level.  

 

Keywords: terrestrial scanning lidar, multi-temporal, co-register, DBH, height bins, tree height 

 

  



 

 

Comparing Forest Inventory and Analysis Plot-Level Biomass Estimates 

Derived From Airborne Lidar Metrics, National- and Regional-Level 

Aboveground Biomass Equations, and Forest Vegetation Growth 

Modeling 
 

 

 

Abstract

 

 

 



Linking Landsat spectral trajectories and LiDAR to characterize forest 

structure 

 

Abstract 

 



SilviLaser 2012, Sept. 16-19 September 2012 –Vancouver, Canada 

 1

Further Studies of Echidna
®
 Lidar Scanning in California Conifer 

Stands and New England Hardwood and Softwood Stands 
 

Tian Yao
1
, Feng Zhao

2
, Alan Strahler

3
,
 
Crystal Schaaf

4
, Xiaoyuan Yang

5
, Zhuosen 

Wang
6
, Zhan Li

7
, Curtis Woodcook

8
, Darius Culvenor

9
, David Jupp

10
, Glenn 

Newnham
11

, & Jenny Lovell
12

 
 

1
Montclair State University, Montclair, NJ, US, yaot@mail.montclair.edu 
2
University of Maryland, College Park, MD, US, fengbjfu@gmail.com 

3
Boston University, Boston, MA, US, alan@bu.edu 

4
University of Massachusetts Boston, Boston, MA, US, schaaf@bu.edu 

5
University of Massachusetts Boston, Boston, MA, US Xiaoyuan.Yang@umb.edu 

6
University of Massachusetts Boston, Boston, MA, US, Zhuosen.Wang@umb.edu 

7
Boston University, Boston, MA, US, zhanli86@bu.edu 
8
Boston University, Boston, MA, US, curtis@bu.edu 

9
CSIRO Land and Water, Melbourne, VIC, AS, Darius.Culvenor@csiro.au 

10
CSIRO Marine and Atmospheric Research, Canberra, ACT, AS, David.Jupp@csiro.au 

11
CSIRO Land and Water, Melbourne, VIC, AS, Glenn.Newnham@csiro.au 

12
CSIRO Marine and Atmospheric Research, Hobart, TAS, AS, Jenny.Lovell@csiro.au 

 

Paper Number:  SL2012-125 

 

Abstract 
 

Ongoing work with the Echidna® Validation Instrument (EVI), a full-waveform, ground-based 

scanning lidar (1064 nm) developed by AStralia’s CSIRO and deployed by Boston University in 

California conifers (2008) and New England hardwood and softwood (conifer) stands (2007, 

2009, 2010), confirms the importance of slope correction in forest structural parameter retrieval; 

detects growth and disturbance over periods of 2–3 years; provides a new way to measure the 

between-element clumping factor in leaf area index retrieval using lidar range; and retrieves 

foliage profiles with more lower-canopy detail than a large-footprint aircraft scanner (LVIS), 

while simulating LVIS foliage profiles accurately from a nadir viewpoint using a 3-D point 

cloud. Topographic slope can induce errors in retrievals of forest structural parameters becASe 

the horizontal plane of the instrument scan, which is used to identify, measure, and count tree 

trunks, will intersect trunks below breast height in the uphill direction and above breast height in 

the downhill direction. A test of three methods at southern Sierra Nevada conifer sites improved 

the range of correlations of EVI-retrieved structural parameters with field measurements from 

0.53–0.68 to 0.85–0.93 for the best method. To test change detection, we scanned three New 

England forest sites at periods of two to three years. A shelterwood stand at the Howland Ex-

perimental Forest, Howland, Maine, showed increased mean DBH, above-ground biomass, and 

leaf area index between 2007 and 2009. Two stands at the Harvard Forest, Petersham, Massa-

chusetts, suffered reduced leaf area index and reduced stem count density as the result of an ice 

storm that damaged the stands. A new method for retrieval of the forest canopy between-ele-

ment clumping index from angular gaps in hemispherically-projected EVI data traces gaps as 

they narrow with range from the instrument, thus providing the approximate physical size, ra-

ther than angular size, of the gaps. Applied to a range of sites in the southern Sierra Nevada, 

element clumping index values are lower (more clumping effect) in more open stands, providing 

improved results. Foliage profiles retrieved from EVI scans at five Sierra Nevada sites are 

closely correlated with those of the airborne Lidar Vegetation Imaging Sensor (LVIS) when av-

eraged over a diameter of 100 m. At smaller diameters, the EVI scans have more detail in lower 

canopy layers. Foliage profiles derived from processing 3-D site point clouds with a nadir view 

match the LVIS foliage profiles more closely than EVI profiles in scan mode.  
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Abstract  
 

The three-dimensional (3D) datasets provided by terrestrial laser scanners (TLS) play an 

important role in expanding and improving our understanding of ecological processes. Besides 

providing 3D information, laser return intensity of a green (532 nm) scanning laser may provide 

information about photosynthetic light use efficiency.  During times when leaves are under 

some environmental stress, excess energy is dissipated via the xanthophyll cycle in order to 

protect the photosynthetic apparatus of the leaf – a process referred to as non-photochemical 

quenching (NPQ). Importantly, with decreasing photosynthetic efficiency, the relative 

concentration of xanthophyll pigments change, which leads to a decreasing reflectance at 

around 531 nm. However, detecting these changes from passive sensors can be difficult because 

of variable atmospheric conditions, canopy heterogeneity, and confounding background effects. 

Here we test if the laser return intensity of a green scanning laser can track changes in 

xanthophyll pigment activity and NPQ. We imposed four different light intensities on bur oak 

(Quercus macrocarpa), sugar maple (Acer saccharum), and aspen saplings (Populus 

tremuloides), and measured laser return intensity, spectral reflectance, and chlorophyll 

fluorescence, before taking destructive pigment samples. Our results suggest strong 

relationships between laser return intensity and NPQ (0.80 > r
2
 >.50). There was no significant 

difference (p<.05) between the ability of the TLS and the PRI to predict NPQ under all species. 

Our results suggest that the return intensity of green scanning TLS are suitable for detecting 

changes in photosynthetic efficiency at the leaf scale. Future research is needed to test if these 

relationships hold true at the canopy scale.  
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Abstract 
 

High spatial resolution measurements of vegetation structure in three-dimensions (3D) facilitate 

estimates of vegetation biomass, carbon, community structure, fire hazards and other attributes 

across landscapes for a wide range of management and scientific applications. LIDAR remote 

sensing (Light Detection and Ranging) from manned aircraft is currently the most popular 

method for obtaining these measurements. Here we demonstrate a low-altitude unmanned aerial 

remote sensing system that produces high spatial resolution 3D point clouds similar in quality 

for vegetation measurements as those obtained from LIDAR, but also including spectral 

information for each point. This 'Ecosynth' methodology applies photogrammetric 'Structure 

from Motion' computer vision algorithms to large sets of highly overlapping low altitude 

(<130m) aerial photographs acquired using off the shelf digital cameras mounted on lightweight 

(<2 kg) hobbyist-grade unmanned aircraft systems (UAS). 3D point cloud datasets with RGB 

spectral attributes were produced automatically from digital photographs acquired by a UAS 

deployed over three 6.25 ha deciduous forest sites in Maryland USA under leaf-on and leaf-off 

conditions by processing them using a commercial computer vision software package. Point 

clouds were geocorrected to a horizontal precision of 1.2 - 4.3 m (radial root mean square error; 

RMSEr) with vertical precisions from 0.4 - 1.3 m RMSE based on ground control point (GCP) 

marker locations assessed using mapping grade GPS. Understory digital terrain models (DTMs) 

were generated from computer vision point clouds using an algorithm commonly used for 

discrete-return LIDAR, with errors ranging from 1.2 - 3.5 m RMSE. Tree canopy height models 

(CHMs) produced using Ecosynth methods agreed well with field-measured tree heights (R
2
 

0.64 - 0.78), with similar accuracy as those from LIDAR (R
2
 0.61 - 0.77). Plot-level tree height 

statistics from Ecosynth were more strongly related to LIDAR height estimates (R
2
 > 0.9) than 

to field measurements, suggesting that field measurement errors may have been larger than 

those from point cloud generation and georeferencing. These results demonstrate that Ecosynth 

methods can serve as an inexpensive and convenient alternative to LIDAR-based methods for 

acquiring 3D vegetation measurements across landscapes at the 1 km
2
 scale and below. This 

represents a transformative step forward for the remote sensing of vegetation structure, enabling 

inexpensive mapping on demand by end users of these data, including community foresters and 

conservation groups. User-deployed 3D vegetation scanning methodologies can also 

complement existing aerial LIDAR applications, by enabling high-temporal resolution 

measurements between LIDAR acquisitions and for validation of vegetation structural and 

spectral traits for future satellite LIDAR/fusion missions. 
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Paper Number: SL2012-138 
 

Among remote sensing tools available for forest research purposes the active methods of LiDAR and 

RaDAR possess the potential to provide faster and more valuable information than many other methods 

available. One of their major downfalls is the survey cost incurred, particularly in scientific research 

where many instances require coverage by both sensors, which can prove very costly. Identifying 

synergies between these methods could potentially reduce the need for forest coverage by both sensors 

therefore allowing costs to be reduced while crucially providing more information than any one sensor 

could provide alone. Additional information could even be added to that offered by historical studies. 

Here the authors present a comparison of interferometric coherence between measurements provided by 

radar interferometry, acquired by L-Band UAVSAR, and predictions of this coherence obtained through 

canopy LiDAR extinction estimates and vertical foliage profile generation made from LVIS waveforms, 

all acquired from the Laruentides forest, Quebec. These extinction and profile estimates have been 

obtained from canopy height profiles created from waveforms by accounting for the amount of energy 

transmitted through to locations deeper in the canopy using the McArthur-Horn transform and the amount 

of biomass distributed within the vertical profile interpreted by intensity of backscatter. Extinction values 

are quantified using Legendre Polynomial decomposition and express the potential in forming extinction 

look up tables for individual forest classes which can be used to better predict forest height metrics using 

radar interferometry. 
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Forest density is a key parameter for sustainable forest management and planning of 

silvicultural operations (e.g. thinning, regeneration), biomass energy estimation, or 

biodiversity and ecological monitoring. The vertical distribution of vegetation material inside 

forest canopies is poorly known due to a lack of field measurements, which are difficult to 

acquire. The development of Airborne Laser Scanning (ALS) provides new metrics for 

characterizing forest 3D structure. However, ALS has limited capabilities for assessing the 

understory layer, especially in dense canopies. The ability to identify the vertical profile of 

vegetation is affected by object occlusion as the ALS signal penetrates deeper into the canopy. 

Interestingly, Terrestrial Laser Scanning (TLS) provides complementary and detailed 

information about the vertical distribution of woody and leafy components in the lower 

canopy. The aim of this study is to compare ALS and TLS vertical profiles of forest density at 

plot level, in order to quantify the importance of occlusion effect from ALS and to propose a 

correction model. The study site is in Malahat located in southern Vancouver Island (B.C.), 

Canada, and is a 0.4 ha retention block of a coniferous stand composed of douglas fir 

(Pseudotsuga menziesii), western red cedar (Thuja plicata), and western hemlock (Tsuga 

heterophylla). The methodology can be summarized by a 5-step procedure: (i) extraction of 

ALS vegetation and single returns probability density function according to height, (ii) use of 

voxel geometry to transform georeferenced multiple TLS scans into normalized forest density 

index values, then aggregated into vertical profiles, (iii) comparison of ALS and TLS forest 

density vertical profiles, (iv) validation with a normalized surface index from a tree 

architecture model, (v) fitting of a correction model between ALS returns and TLS density 

voxels. Preliminary results show that ALS and TLS forest density vertical profiles can be 

approximated by a Weibull function. As expected, the ALS function shows a narrow peak of 

forest density in the upper part of the canopy. The TLS function reveals a higher degree of 

skewness and kurtosis, which seems to confirm that TLS detects a higher range of forest 

density among the height strata, especially in the lower canopy. The fitting of the TLS 

function to the ALS data allowed us to identify the equation parameters that need to be 

corrected in order to overcome the occlusion effect in the ALS signal. However, it remains to 

be determined whether the differences observed between the ALS and TLS are site-dependent 

or whether they are predictable characteristics specific to each LiDAR system. The 

applicability of this method to various forest environments, such as deciduous and mixed 

heterogeneous stands, is currently being investigated. 

 

Keywords: Forest Density, Vertical Profile, LiDAR, Airborne Laser Scanning, Terrestrial 

Laser Scanning, Voxel 
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Paper Number: SL2012-144 

 

Abstract 

 
The ability to derive individual tree information from LiDAR data should greatly improve forest 

aboveground biomass estimates, and add more detailed information to ecological studies linked to 

forest structure. Several canopy delineation algorithms have been developed to extract individual 

tree information from LiDAR point clouds or rasterized Canopy Height Models (CHM). These 

algorithms generally have difficulty discriminating between overlapping canopies, and fail to 

detect understory trees. Our novel algorithm uses a watershed-based delineation of a CHM, which 

is subsequently refined using the LiDAR point cloud. Pseudo waveforms are generated for each 

preliminary tree polygon, and significant troughs in the pseudo waveforms are assumed to be 

disparate crowns. The points below a detected trough are extracted from the point cloud and re-

processed to generate an understory CHM. Finally, the understory CHM is segmented into 

understory canopies. Our algorithm is tested using both Echidna and stem mapped field data from 

the Sierra Nevada, California, and SERC, Maryland.  Validation in both a mixed broadleaf 

system and a conifer system allows for a quantitative comparison of delineation accuracy 

between the two forest types. 
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Abstract  

The recent development of physics-based numerical wildland fire simulation models is 

focusing attention on ways to improve characterization of fine-grained fuel properties in 

three-dimensions. At tree scale, current studies distribute crown biomass uniformly 

through simple volumes described by cones and frustums. Fuel characteristics such as 

crown bulk density are determined from small samples in the laboratory or estimated 

from allometric biomass equations and are homogenized across the modeled crowns. In 

this poster, we describe a novel technique for characterizing the denominator of fuel 

density, (i.e. the geometric space of tree crowns) using terrestrial laser scanner data and 

apply it to Douglas-fir trees from across the northern Rocky Mountains, USA. The 

technique exploits the capacity of laser scanning for making many precise 

measurements, which are used to delineate the occupied crown space. We automate tree 

selection and canopy delineation in side-lateral scans and percentile-normalize canopy 

points as a function of height above ground and distance from the center of tree boles. 

The resulting percentile height-width profiles facilitate direct comparison of trees of 

varied size and shape and allow for aggregation of data from many trees. Critical 

percentile hulls are identified and fit with smoothing curves, and crown base heights are 

objectively determined through analysis of the interaction between percentile crown 

widths. We compare percentile metrics with actual crown shapes, examine between tree 

variability, and contrast laser-derived geometry with simple cones and frustums. This 

study is one component of a larger effort to develop universal models that realistically 

distribute fuel mass within tree crowns for common conifer species in the northern 

Rocky Mountains, USA.  
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A mobile terrestrial laser scanning application for characterizing 
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LiDAR remote sensing is a valuable tool for forest inventory and assessment and is beginning to be 

integrated into operational forest management systems. Techniques that spatially extend traditional forest 

inventories with LiDAR data typically leverage a fixed radius plot design for the collection of field data. 

However, numerous efficiencies associated with time and funding could be gained by coupling LiDAR 

data with variable radius plot (VRP) inventory. The goal of this study is to develop an effective 

methodology for integrating LiDAR and VRP data to perform a large area forest inventory. This study, 

which is conducted in the Malheur National Forest in Eastern Oregon, USA, employs a multi-scale, 

stand-level imputation strategy for generating a spatially explicit forest inventory data. A total of 641 

VRPs from 88 stands were used and 37 lidar predictor metrics were extracted at various spatial scales 

around the VRP centers for model building and identification of optimal lidar grid size for imputation.  

Accuracy is assessed by comparing the imputed results with independent field data.  
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Poster Number:  SL2012-162 

 

Abstract 
 

Information about the location and extent of water features is required for many applications 

including various aspects of environmental planning and management. Accurate generation of 

water feature information can be costly and time consuming as this often requires production of 

stereo and/or orthophotos and typically involves labour intensive manual analysis and photo 

interpretation. This poster will demonstrate two highly automated lidar based approaches for 

delineation and mapping of water features and riparian wet areas.  

 

In the first example, standing water is detected and delineated using lidar data collected with the 

FUGRO FLI-MAP system. The FLI-MAP is an airborne sensor designed primarily for 

collecting lidar data, but contains an additional line scan camera which provides true colour 

values to each lidar point. An automated object-based analysis procedure was developed to take 

advantage of unique aspects of the colourized lidar data enabling highly detailed delineation of 

water features present on the landscape at the time of data collection. The result is a timely, 

accurate, low cost solution for extracting water features from FLI-MAP colourized lidar data. 

 

In the second example, lidar data were used to produce a riparian wet areas map. In this case, 

riparian wet areas were modelled using available lidar data in conjunction with known water 

locations from an existing base features hydropolygon map. A detailed digital elevation model 

(DEM) was constructed from the original lidar point data. A flow accumulation model was 

employed to generate a single line water layer connecting surface water polygons. Riparian wet 

areas were then identified through an automated iterative process where known water locations 

were used as “seeds” from which the wet areas were “grown” based on DEM derived criteria. 

The resulting map provides a spatially explicit, detailed, and accurate depiction of critical 

riparian wet area locations within the project area 

 

The lidar-only approaches demonstrated in this poster eliminate the need for costly 

orthophotography and feature very short turnaround times due to the almost fully automated 

nature of the procedures. 
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Abstract 

 

Landscape structure and heterogeneity play a potentially important, but little understood role in 

predator-prey dynamics. For example, prey may strategically take advantage of biophysical 

structure of their surroundings as a defensive mechanism, and different gender or age classes of 

prey may be more or less prone to predation in certain landscape conditions.  

 

In this study, we examine whether small-footprint discrete return LiDAR data could be used to 

assess the influence of landscape and forest structure variables on the location of moose kills  by 

wolves and moose deaths due to starvation. The study covers winter kill sites on Isle Royale 

National Park over the period 2004-2010, as well as moose malnutrition related death sites from 

1996-2010. Wolf-killed moose sites, moose starvation death sites, and random sites are 

identified and used with a set of Random Forest classification procedures supported by 

conditional density plot analysis to identify potential predictor variables relevant for each 

mortality class. Analysis is performed on a island wide approach, as well as in a partition of the 

island into two strata defined by the winter territories of 3 wolf packs for comparative 

assessments. The predictor variables, extracted from a set of LiDAR metrics, represent 

ecological and physiographic characteristics potentially important to kill site locations. These 

parameters are then integrated in logistic regression models to access, quantify and predict 

landscape level variables associated with wolf predation of moose as well as infer on starvation 

site selection factors of moose. Implications for the understanding of top predator-prey 

interactions at the landscape level, and habitat relations on moose malnutrition mortality sites, 

are discussed.  
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Co-registration of ALS data and field plots - sensitivity to plot size and 

other factors 

Abstract 

The calibration of ALS-based forest inventory prediction equations is often based on 
fixed-area plot data. Stem-mapped field plots are typically used for individual crown 
prediction methods and are sometimes used for area-based methods. In production 
inventories, plot locations are usually GPS determined, often with positional errors of 
up to 10 m. Various methods to co-locate the stem map and the ALS data are available. 
One simple method uses first returns to identify a set of a dispersed tree tops attributed 
with heights and (x,y) coordinates. An optimization procedure is used to find the 
presumptive location of the plot center and presumptive error in bearing.  The 
procedure minimizes a weighted score of squared errors in planar location and squared 
residuals in tree height predictions. The data set used to evaluate positional errors 
consists of eighty-four cadastral-surveyed 0.08 ha stem-mapped plots with measured 
tree heights in coniferous and mixed conifer-hardwood stands from Panther Creek, 
Oregon. Three leaf-on and five leaf-off ALS data sets acquired over a five year period 
are used for evaluation.  Lidar density is about eight first-returns per square meter. 
Positional accuracy is displayed as a function of simulated plot size up to 0.08 ha and to 
metrics related to homogeneity of tree top positions within the plots. A second problem 
is the determination of errors in bearing for terrestrial lidar acquired at a subset of the 
fixed-area plots. Though the stem-mapped plots and the TLS plots have common 
monumented center points, the two data sets lacked common references for true north. 
A simple search algorithm identifies the angular offset that results in the best match 
between a TLS generated stem map and the field-crew generated stem map.   



Improving plot-based prediction of live above ground biomass using point-

filtered airborne lidar data. 
 

 

Abstract 
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Abstract 

 
Aboveground biomass (AGB) estimates are required to improve our knowledge on carbon cycle 

and for ecosystem modelling. Suitable mapping of AGB also supports the implementation of 

sustainable management strategies and practices that will contribute to forest ecosystem 

preservation and climate change mitigation. The potential of Lidar to assess AGB at plot level is 

widely acknowledge [Nelson et al. 1988, Næsset 2004, Van Leeuwen and Nieuwenhuis 2010]. 

In most studies, biomass estimation are estimated from statistical relationships linking biomass 

values measured in field inventory, to Lidar metrics extracted from the point cloud data. In 

general, several height percentiles are selected to describe tree height distribution, and only a 

few of them remain in the final model. In such approaches, biomass estimations do not take into 

account horizontal heterogeneity of canopy. The aim of this study is to improve AGB estimation 

for mono-layer stands by including indicators of the spatial heterogeneity of tree height 

distribution derived from Airborne Laser Scanning (ALS) data.  

As part of the FORESEE project (www.fcba.fr/foresee/), a 70 km
2
 area covered mainly by 

Maritime Pine (Pinus pinaster) in the Landes forest (South-Western France) was sampled by an 

ALS system. This ALS has a small footprint and a full-waveform signal. Sixty circular plots 

(0.1 ha or 0.7 ha each depending on tree heights) were inventoried by traditional field 

measurements and/or using a terrestrial laser scanner (TLS). Reference biomasses were derived 

from tree height and diameter at breast height (DBH) measurements using allometric equations. 

The current estimates of AGB from statistical relationships do not provide satisfactory results. It 

is hypothesized that spatial metrics describing local heterogeneity will allow improving AGB in 

mono-layer stands. Therefore, we investigated field data in order to determine key parameters 

that could complement those usually derived from Lidar. We identified new parameters 

allowing to correct the bias due to the extrapolation at plot-level of allometric equations that are 

valid for individual trees. Combining local stand density with tree mean height was insufficient 

to correct this bias primarily due to heterogeneity in tree heights. Conversely, adding the 

kurtosis and the skewness of the tree height distribution to the mean height values turned out 

useful to correct this bias. Consequently we defined new Lidar metrics aiming at quantifying 

spatial heterogeneity and skewness of tree height distribution. These metrics were then used to 

build a new AGB estimation model. The obtained model is compared to biomass estimation 

calculated from reference measurements. This model reduces error significantly (6%) compared 

to model based only on mean height. Further studies will be required to investigate the capacity 

of such kind of model to predict AGB in complex forest stands, especially in multi-layered 

forests. Full-waveforms data should also be analyzed to improve estimations.  
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Abstract 

!

Various methods have been used to estimate the amount of above ground forest biomass across 

landscapes and to create biomass maps for specific stands or pixel across ownership or project areas. 

Without an accurate estimation method, land managers might end up with incorrect biomass estimate 

maps, which could lead them to make poorer decisions in their future management plans. 

Previous research has shown that nearest-neighbor imputation methods can accurately estimate 

forest volume across a landscape by relating variables of interest to ground data, satellite imagery, and 

light detection and ranging (LiDAR) data. Alternatively, parametric models, such as linear and non-linear 

regression and geographic weighted regression (GWR), have been used to estimate net primary 

production and tree diameter. 

The goal of this study was to compare various imputation methods to predict forest biomass, at a 

project planning scale (<20,000 acres) on the Malheur National Forest, located in eastern Oregon, USA.  

This study compared the accuracy of linear regression, GWR, gradient nearest neighbor (GNN), most 

similar neighbor (MSN), random forest imputation, and k-nearest neighbor (k-nn) to estimate biomass 

(tons/acre) and basal area (sq. feet per acre) across 19,000 acres on the Malheur National Forest.  

To test these imputation methods a combination of ground inventory plots, LiDAR data, satellite 

imagery, and climate data were analyzed, and their root mean square error (RMSE) and bias were 

calculated. For biomass prediction, the k-nn,(k=5) had the lowest RMSE and least amount of bias. The 

second most accurate method consisted of the k-nn  (k=3), followed by the GWR model, and the random 

forest imputation. The GNN method was the least accurate. For basal area prediction, the GWR model 

had the lowest RMSE and least amount of bias. The second most accurate method was k-nn (k=5), 

followed by k-nn (k=3), and the random forest method. The GNN method, again, was the least accurate. 

Further analysis is being done to compare the two best performing methods: k-nn (k=5) and 

GWR, to MSN (the current method used for forest planning purposes on the Malheur National Forest) to 

examine their predictive abilities at varying geographic scales on the Malheur National Forest. 
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Abstract  
 

Wetland forest ecosystems, such as the Everglades National Park (ENP) have greater carbon 

storage and sequestration capabilities than tropical and temperate forests, especially in their 

mangrove ecosystems. Mangrove ecosystems form an essential link between terrestrial and 

aquatic ecosystems providing refuge and food for various animal species and reducing the 

devastating effects of tropical storms. However, mangrove environments are being threatened 

by accelerated climate change, sea level rise and coastal projects. Carbon/biomass losses due to 

natural or human intervention can affect global warming. Thus, it is important to monitor 

biomass fluctuations in large wetland forests similar to the ENP. Tree volume and tree wood 

specific density are two important measurements for the estimation of vegetation above-ground 

biomass (mass = volume * density). Wood specific density is acquired in the laboratory by 

analyzing stem cores acquired in the field. However, tree volume is a challenging task because 

trees resemble tapered surfaces. The majority of published studies estimate tree volume and 

biomass using allometric equations, which describe the size, shape, volume or biomass of a 

given population of trees. However, the equations can be extremely general and might not give 

a representative value of volume or biomass for a specific tree species. In order to have precise 

biomass estimations, other methodologies for tree volume estimation are needed. To overcome 

this problem, we use a ground-based Light Detection and Ranging (LiDAR) a.k.a Terrestrial 

Laser Scanner (TLS), which can be used to precisely measure tree volume from its 3-D point 

cloud. The 3-D point cloud revealed that trees could be modeled as a combination of tapered 

geometric surfaces called frustums. The volume of the various geometric frustums can be 

estimated using specific mathematical formulas. We surveyed three mangrove communities: 

(Rhizophora mangle, Laguncuria racemosa and Avicennia germinans) in three different sites 

along Shark River Slough (SRS), which is the primary source of water to the ENP. Our sites 

were located in the Southwestern portion of the SRS that resembles the spatial distribution of 

mangrove size and shape of the coastal ENP and includes small-, intermediate- and tall- size 

mangroves. Our ground measurements included both: traditional forestry surveys and 

state-of-the-art TLS surveys for tree attributes (height, diameter at breast height (DBH), canopy 

cover) comparison. Traditionally, these attributes are used as input to allometric equations for 

the estimation of tree volume or biomass. The TLS surveys provided centimeter resolution 3-D 

point clouds of the below-canopy vegetation. A total of 25 scans were collected in 2011 with a 

Leica ScanStation C10 TLS, which utilizes a narrow, green (532 nm) laser beam. In this study, 

we compare our TLS-based tree volume/biomass versus allometric equation-based tree 

volume/biomass for our vegetation sites. Preliminary results yielded a good agreement between 

the TLS-based and the allometric-based measurements. This investigation contributes with the 

Reducing Emissions from Deforestation and Forest Degradation (REDD) project goals, in 

which large-scale biomass, carbon stock and vegetation structure monitoring are needed. 
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Abstract 
 

A forest type map is a basic data for forest management. It has been classified by aerial 

photograph and satellite image. However, there are some places where visual interpretation 

becomes difficult to classify the forest type by influence of shadow. In addition, it is difficult to 

identify the difference in composition of tree species in the limited color value of these images. 

This study introduces new type of image which made from LiDAR data to classify forest types 

at tree species level. 

This study was carried out in national forest of Miyazaki prefecture, Japan, which covers 

approximately 15 km
2
. The study area is covered by broad-leaved secondary forest, plantation 

of Japanese cedar (Cryptomeria japonica), and Japanese cypress (Chamaecyparis obtusa) for 

the most parts. LiDAR data was acquired at 4 points/m
2
 density in October, 2011 by ALS50  

(Lica Geosystems). 

Three types of data are generated from LiDAR data. They are (1) DCHM (Digital Canopy 

Height Model) image, (2) canopy texture image that is created from DCHM data, and (3) DIM 

(Digital Intensity Model) image that is derived from intensity data of laser pulse. DCHM image 

shows tree height. Canopy texture image represents canopy shape and canopy pattern. DIM 

image indicates intensity of laser pulse reflection. In the field survey, it was found that the 

difference in the intensity of laser pulse reflection is related to the size of leave area and vertical 

structure of canopy.  

Those images are combined into one image and adjusted color tone. The image named “Laser 

Forest Type Image”. It can be identified stand height and composition of tree species by color 

patterns and texture without influence of the shadow.  

The forest of study area is classified by visual interpretation using the Laser Forest Type Image, 

and the result of interpretation is mapped as a forest type map below 7 classes; (1) Broad-leaved 

forests dominated with pioneer-shrub, (2) Tall secondary forest dominated with wind-dispersed 

species, (3) Tall secondary forest dominated with high sprouting capacity species, (4) Various 

species composed mature forest, (5) Plantation of Japanese cedar, (6) Plantation of Japanese 

cypress, and (7) others (bare ground etc.).  

Moreover, it became possible to understand the relation between forest type and terrain by 

combining Laser Forest Type Map and Terrain Relief Image that is made from DTM (Digital 

Terrain Model). 

Laser Forest Type Image is an effective image which like an aerial photograph and a satellite 

image for mapping the forest type. 
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Abstract  
 

One of the main products derived from classifying and filtering the LiDAR data are digital 

terrain models (DTM). Until recently, DTMs were derived from photogrammetric techniques. 

The purpose of this article is to make a comparison between both types of DTM in a forest area 

of the Island of Tenerife (Spain). 

 

The study area is located in the northwest of the Island of Tenerife - Spain (28° 25' 32' N, 16º 

24' 40' W). It is an area of steep slopes and covered by different plant species: chestnut 

(Castanea sativa), eucalyptus (Eucaliptus globulus), pines (Pinus radiata, Pinus canariensis) 

and a very common plant association on the island, the fayal-brezal (Myrica faya-Erica arborea).  

 

The LiDAR data was acquired with a discrete return system in summer 2010 with a density of 

0.8 points/m2. 

 

The first step was to obtain a DTM derived from LiDAR data using the LAStools software suite. 

After this, we compared the resulting DTM with an existing photogrammetric DTM and 

computed a disagreement model. This disagreement model showed elevation differences 

ranging from 30.32 m to -19.93 m. 

 

To verify which of the two DTM was more in line with reality, we took measures of three 

elevation profiles using total station techniques,in the areas of greatest disagreement. For each 

of the three profiles, the results were three lines modeling the ground (topographic 

measurements-real ground, ground LiDAR, ground photogrammetry). 

 

Analyzing the three profiles demonstrated that LiDAR is able to define in a more realistic 

manner the ground surface in areas of dense vegetation where the ground is invisible 

photogrammetric operators. 

 

Our findings are now being used to correct the contour lines in dense forest areas in all the 

official topographic maps of the Canary island with ground information from the LiDAR DTM. 
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Abstract 
 

The National Ecological Observatory Network (NEON) is a continental-scale research platform 

that will collect information on ecosystems across the United States to advance our 

understanding and ability to forecast environmental change at the continental-scale. The 

Airborne Observation Platform (AOP) will fly an instrument suite consisting of a 

visible-to-shortwave infrared imaging spectrometer, a full waveform LiDAR, and a 

high-resolution digital camera. NEON AOP will focus on several of the terrestrial Essential 

Climate Variables (ECV) including bioclimate, biodiversity, biogeochemistry, and land use 

products. These variables are collected throughout a network of 60 sites across the Continental 

United States, Alaska, Hawaii and Puerto Rico via ground-based and airborne measurements. 

 

A series of AOP test flights were conducted during the first year of NEON construction with the 

goal to test out instrument functionality and performance, exercise our remote sensing collection 

protocols, and provide data for algorithm and product validation. These test flights will attempt 

to address the following questions: What is the optimal remote sensing data collection protocol 

to meet NEON science requirements? How do aircraft altitude, spatial sampling, spatial 

resolution, and LiDAR instrument configuration affect data retrievals? What are appropriate 

algorithms to derive ECVs from AOP data? What methodology should be followed to validate 

AOP remote sensing products and how should ground truth data be collected? Early test flights 

around Grand Junction, CO and Ivanpah, CA in May 2012 were focused on radiometric and 

geometric calibration as well as processing from raw data to Level-1 products. Next, flights 

were conducted in the Northeast at Harvard and Bartlett Forests in August 2012 with a focus on 

vegetation chemistry and structure measurements. Vegetation field sampling measurements 

were performed in coordination with the test flights, including ground LiDAR measurements to 

validate the airborne LiDAR instrument. An overview of the test flights and ground campaigns 

will be provided along with any preliminary results that are available. 
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