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 Abstract 

This multi year project had the overall goal of determining the usefulness of terrestrial 

LiDAR in exploring how trees compete for light.  Field data for this study were taken from a 20 

x 50 km area centered on Smithers, northwestern British Columbia, Canada (54°35′N, 

126°55′W). We selected 23 plots from sites established by the Bulkley Valley Centre for Natural 

Resources Research and Management across a gradient of below-ground resources (dry and poor 

to wet and rich) and competitive tree canopy neighbourhoods (density and species). All sites 

were scanned by terrestrial LiDAR using either a Riegl LMS360i or a Leica Scanstation or both.  

Part one of the study compared the results of the two scanners to determine the 

comparative capabilities and to determine the interchangability and portability of the datasets 

created by these two very different scanners. Results showed that the scanners had very different 

strengths and weaknesses, but, with limitations, they could be used interchangeably. 

 The second part of the study examined whether these datasets were useful for 

studying tree competition and for improving growth models. Results showed never before 



reported differences in crown density and architecture as below ground resources varied.  These 

changes affected above ground competition for light. Adding LiDAR generated crown 

information to diameter growth predictive models showed a statistically significant, but small 

improvement. 



 

Introduction 

This multi year project had the overall goal of determining the usefulness of terrestrial 

LiDAR in exploring how trees compete for light.  If we better understand competition for light 

our growth and yield estimates for mixed species stands will be enhanced and it will be more 

possible to design better silvicultural treatments to meet forest stand objectives.  To achieve this 

goal we first located mixed species plots which differed in nutrient and moisture status and 

developed a methodology and protocol for scanning these plots with terrestrial LiDAR.  A 

comparison of LiDAR scanners and associated algorithms was then run to determine the 

reliability and portability of LiDAR generated data. The second part of the project was devoted 

to investigating whether these data would be useful to answer some basic stand dynamic 

questions.  To do this we explored the competitive interactions among trees species in complex 

stands, and studied how these interactions vary across resource gradients.  To do this we tried to 

determine how crown dimensions and crown intersections are influenced by resource 

availability.  We specifically investigated lodgepole pine and subalpine fir.  We then had the 

objective to assess whether knowledge of these basic relationships could enhance modeling 

growth and stand development of complex stands.

In the past decade, terrestrial LiDAR systems have shown promise as a tool for 

estimation of standard forest inventory variables (e.g. Thies and Spiecker 2004, Aschoff et al. 

2004, Bienert et al. 2006A, Henning and Radtke 2006) and forest canopy structure and attributes 

(e.g. Henning and Radtke 2006A, Clawges et al. 2007, Moorthy et al. 2008, Hosoi and Omasa 

2009, Zheng and Moskal 2009, Huang and Pretzsch 2010). For standard forest inventory, 

research efforts have focused on automatic detection of individual trees (e.g. Bienert et al. 2006, 



Simonse et al. 2003, Brolly and Kiraly 2009) and the subsequent estimation of parameters such 

as tree diameters and height (e.g. Hopkinson et al. 2004, Aschoff and Spiecker 2004, Bienert et 

al. 2006A, Henning and Radtke 2006B, Strahler et al. 2008) and taper or other stem quality 

attributes (Thies et al. 2004, Henning and Radtke 2006B). For crown structure the research 

efforts have focused on measures such as gap fraction, plant area index, and leaf area index 

(LAI) on the plot level (Henning and Radtke 2006A, Strahler et al.2008, Hosoi and Omasa 2009, 

Zheng and Moskal 2009) or the individual tree level (e.g. Clawges et al. 2007, Moorthy et al. 

2008, Huang and Pretzsch 2010).The effect of scanner setup pattern (single scan mode versus 

multiple scan mode) (Bienert et al. 2006B, Van der Zande et al. 2008) and scanner position in the 

canopy (Van der Zande et al. 2006, Hosoi and Omasa 2007) on the retrieved inventory and 

canopy structure parameters has received some attention in the literature. On the other hand, the 

effect of the actual scanner system on the derived forest attributes has received only minor 

attention. The only published direct comparison of scanner systems for forestry applications has 

related to the practical application in the field (Bienert et al. 2006B). Today, a wide variety of 

commercial terrestrial lidar scanner system exists and the systems applied in forest related 

applications range from 2D systems with low resolution (e.g. Van der Zande et al. 2006, Rossel 

et al. 2009) to 3D systems with much higher resolution (e.g. Henning and Radtke 2006A,B). 

From detailed studies of canopy structure with hemispherical photography it is apparent that 

factors such as resolution may be important for the derived canopy parameters (Englund et al. 

2000, Hale and Edwards 2002, Jonckheere et al. 2004). For terrestrial LiDAR applications, it has 

been suggested  at scanner system specifications might be important for derived forest attributes 

(Clawges et al. 2007, Zheng and Moskal 2009) but the effects have not been formally 

investigated through a field trial.  



 For the first part of the study (determine the reliability and portability of LiDAR 

generated data) the objectives were: 

(1) Identify a suitable subset of the existing research plots for LiDAR measurements 

(2)  Field measure with terrestrial LiDAR 

(3)  Make an initial 3D-analysis of LiDAR dataset  

(4)  Perform a comparison of LiDAR scanners and associated algorithms. 

For the second part of the study (test usefulness of the data) the objectives were: 

(1) To further our understanding of competitive interactions among trees species in 

complex stands, and how these interactions vary across resource gradients 

(2) To study the relationship between neighbourhood composition and crown dimensions 

of individual trees 

(3) To determine how crown dimensions and crown intersections are influenced by 

resource availability 

(4) )To determine how crown efficiency for lodgepole pine and subalpine fir is 

influenced by resource availability 

(5) To create basic relationships for modeling growth and stand development of complex 

stands 



 

 Methods 

Study Area 

Field data for this study were taken from a 20 x 50 km area centered on Smithers, 

northwestern British Columbia, Canada (54°35′N, 126°55′W). The study area has a continental 

climate with cold, snowy winters and temperatures below 0°C for 4-5 months and short, warm 

summers. It has a mean annual temperature of 1.5o C, mean annual precipitation of 575 mm 

(growing season 226 mm and mean annual snow fall of 237 cm), and a frost free period of 116 

days (Banner et al. 1993).  

Forests of the study area are part of the Sub-Boreal Spruce, moist cold subzone (SBSmc2; 

Meidinger and Pojar 1991; Banner et al. 1993). Mature forests in the SBSmc2 are of natural 

orgin. These mature forests generally established after an earlier landscape-level stand destroying 

fire. Managed stands in the area are generally of clearcut origin and less than 40 years old. In 

natural stands, the dominant tree species are lodgepole pine (Pinus contorta var. latifolia 

Engelm.), interior spruce [a complex of white spruce Picea glauca (Moench) Voss and 

Engelmann spruce (P. engelmannii Parry ex Engelm.)], subalpine fir (Abies lasiocarpa (Hook.) 

Nutt.) and trembling aspen (Populus tremuloides Michx.). Paper birch (Betula papyrifera 

Marsh.), black cottonwood (Populus balsamifera ssp. trichocarpa Torr. & Gray) and willow 

(Salix spp.) occur, but are less common.  

The study area has a continental climate with cold, snowy winters and temperatures 

below 0°C for 4-5 months and short, warm summers. It has a mean annual temperature of 1.5o C, 

mean annual precipitation of 575 mm (growing season 226 mm and mean annual snow fall of 

237 cm), and a frost free period of 116 days (Banner et al. 1993).  



 Topographical and geomorphic variation over the landscape result in a range of site 

productivity conditions (Banner et al. 1993). The driest, poorest sites are typically found on 

moisture-shedding slopes with shallow, rocky, coarse-textured soil, an acidic surface soil 

horizon, and a thin forest floor dominated by fungi. The medium sites that best reflect the 

climactic inputs of the region have medium-textured, well-drained soil, with little soil 

acidification, and a thicker forest floor with fungi and soil fauna influences. The richest sites are 

located in moisture-receiving areas with year-round seepage from upper slopes. They tend to 

have finer-textured soils with organic matter incorporated into the mineral soil by active soil 

fauna and quickly decomposing herbaceous flora. 

Lodgepole pine dominated stands are most abundant on the poorer and drier soils in the 

region where coarse texture, steep slopes, and shallow soils limit water availability.  Interior 

spruce and subalpine fir tend to dominate mature forests on moisture receiving sites where finer 

textured soils and higher water availability have led to a herbaceous understorey community and 

higher N availability. Sites intermediate in soil moisture and nutrient availability often support 

mixed forests of all three conifer species. Trembling aspen can be common after disturbance but 

was infrequent in our sampled plots.  

Our study took advantage of a set of stem-mapped plots established by the Bulkley 

Valley Centre for Natural Resources Research and Management (http://www.bvcentre.ca). These 

plots were specifically established across a gradient of below-ground resources (dry and poor to 

wet and rich) and competitive tree canopy neighbourhoods (density and species). Site 

productivity at each sample plot assessed in nearby soil pits according to the British Columbia 

Biogeoclimatic Classification System (Banner et al. 1993) using soil horizons, texture, depth, 

coarse fragment content, slope position, humus form, and indicator plants to determine below-

http://www.bvcentre.ca/


ground resources.  Our goal was to sample lodgepole pine, subalpine fir, and interior spruce trees 

distributed evenly across the resource gradient and across a range of successional stand types 

(tree species density, composition and size).  We selected 23 plots from over 90 stem-mapped 

sites in the study region to obtain this distributed sample.  

 

First part of study (scanner comparison) field sampling 

For the first part of the study (scanner comparison) we selected two mature forest stands 

as a study sites (Table 1) representing a contrast of soil nutrient availability and associated 

species composition and density. Site 1 is a nutrient poor site dominated by pine, with a 

relatively open canopy, and Site 2 is a nutrient rich site dominated by subalpine fir and spruce 

with a denser, more vertically-complex canopy. 

 
 
 
Site Site 1 (1_368 4+ B) Site 2 (50_164) 
Site type Poor site Rich Site 
Basal area 42 59 
Stems/ha 1517 1644 
Species composition 
(Pine, Spruce, Fir) 

51%, 27%, 22% 9%, 28%, 63% 
 

Age   
Top height 25m  35m 
No of scans 5 4 
 
Table 1. Study site characteristics 
 

Laser scanning 
 

We used a Riegl LMS360i and a Leica Scanstation to carry out scans at multiple 

positions in both study sites. The two scanners differ in key characteristics (Table 2) that 

potentially can affect the estimation of key canopy metrics. In each study site, one scan position 



was located in the plot center and the remaining scan positions were distributed around it. The 

edge scan positions were located so that 10 to 20 trees were completely scanned from all sides 

and that crown shape and tree height of the trees immediately adjacent to the plot center could be 

seen from multiple scan points. Both scanners were deployed over identical scan points. 

However, due to differences in tripods and other aspects of scanner ergonomics, height above the 

scan point benchmarks differed between scanners. 

For the Riegl LMS360i the angular distance between two distance measurements was set 

to 0.12 degree which corresponds to a point spacing of approximate 2 cm if the target is 10 m 

from the scanner away. The Riegl LMS360i scanner has a horizontal scan capability of 360 

degrees and a vertical field of view of 85 degrees. To get the total canopy the scanner was tilted 

and a second scan was made in every scan position to get the upper tree sections. 

Before scanning, retroreflective targets were positioned around the scanning area. Each 

target was scanned with the highest resolution of the scanner from each scan position. As a 

postprocessing step, the coregistration of the scanpoints was made by automatically matching the 

centroids of the retroreflective targets. The central scan was always oriented to magnetic north 

by using a compass. Te get a vertically oriented local coordinate system a bubble level was used 

to insure the scanner was positioned upright. 

For the Leica Scanstation, the angular distance between the two distance measurements 

was set to 0.20 degrees which corresponds to a point spacing of approximately 3.5 cm if a target 

is 10 m from the scanner. The Leica has a horizontal scan capability of 360 degrees and a 

vertical field of view of 135 degrees (from 45 degrees below the horizontal, up to the zenith) so 

only a single scan was needed at each scan point. Coregistration of scan points was achieved by 

conducting a closed traverse, using a circular target at the fore- and backsight position for each 



scan point, using the built-in dual-axis tilt compensator of the scanner to ensure vertical 

accuracy. 

Scanner Riegl LMS-Z360i Leica Scanstation 
Scanner type Time of flight Time of flight 
Return Last return/First return*

* First return 
Laser Class 1 3R 
Colour (Wavelength) 1550 nm 532 nm 
Resolution (in this study) 0.12 degrees 0.20 degrees 
Beam divergence 2 mrad** 0.2 mrad 
Beam footprint at 10 m 20mm 6mm 
 

Table 2. Comparison of key scanner specifications 

 
*Site 2 was scanned twice with the Reigl LMS-Z360i in order to obtain datasets with Last and 
First return. 
**The scanner incorporates an integrated beam focusing system, which was set to infinity. 

 

First part of study (scanner comparison) analysis 

Preprocessing 

To ensure differences in key results reflected scanner differences rather than postprocessing 

differences, we employed identical postprocessing procedures for both scanners, with each step 

(except coregistration of points within a site, which was done automatically within the Leica 

software) performed by members of a single research team using data from both scanners. First, all 

data were exported to ASCII files and made accessible to both research teams. Next, all data for each 

scanner at each site were combined into single files that included the [x,y,z] coordinates of all 

contacts, the identity and location of the scanner position associated with that contact, and coordinate 

information for each probe that did not return a contact. These files were translated to a common 

coordinate system for both scanners, and served as the basis for all further analysis. 

 

Visualization 



We used visual comparison of a series of images derived from scanner data as an initial basis 

for comparison, to facilitate better understanding of the quantitative differences that might be 

uncovered later. Visualization is inherently subjective, but the ability of the human visual system to 

perceive pattern in optical data remains unsurpassed by quantitative and computational techniques, 

despite decades of research (Todd 2004, Neumann et al. 2007). Visualization of scanner data thus 

represents an avenue toward understanding what quantitative algorithms might be able to do with 

such data, and discerning what patterns in the data might be important for current algorithms. 

As a first step in scanner comparison, we created range images from the data from each 

scanner at each scanning position. Contacts occurring at a range >25m from each scan point were not 

included in the range image. Range images were constructed by rasterizing the data with 1600 pixel 

resolution in the 360 degree horizontal range, using the closest contact in each pixel. Visual 

inspection of matching images provided an immediate and intuitive basis for understanding the 

differences in quantitative metrics calculated from the data. 

 As a further aid to visual interpretation, we extracted matching slices through the point 

clouds of the combined scan data for each scanner at each site. These included a vertical slice 2m 

wide, passing through the plot center, which was useful for understanding horizontal and vertical 

penetration and subsequent reconstruction of 3-dimensional stand structure; a horizontal slice 0.1m 

thick, centered at breast height (1.3m) above ground surface at the plot center, which was useful for 

understanding differences in reconstructed forest inventory attributes; and a horizontal slice 2m thick, 

centered at mid-canopy height (10m) above ground surface at the plot center, which was useful for 

understanding likely differences in reconstructions of crown size, shape, and position. 

 

Scanner Penetration 

For each scanner, we quantified penetration through the canopy both horizontally and 

vertically. We used the cumulative fraction of contacts within a given distance from each scanner 



position (including only those contacts originating from that position, and excluding probes that did 

not yield a return) as a measure of penetration. Penetration was quantified in terms of horizontal and 

vertical distances because we hypothesized that the anisotropic structure of the forest canopy might 

lead to differences in scanner peformance in each dimension. 

 

Canopy Attributes 

For each scanner position, we calculated canopy gap fraction as the simple proportion of 

probes that failed to return a contact within each of 16 equally-spaced inclination angle classes. The 

resulting canopy gap fractions were then used as input into the leaf area inversion model described 

by Norman and Campbell (1989), using the same 16 leaf angle classes for estimation. Although more 

sophisticated approaches are available with terrestrial LiDAR, as with hemispherical photography 

(e.g. estimating canopy gap fraction in multiple azimuthal regions; cf. Lang and Yuequin 1986; 

estimation of leaf area in voxelized subspaces, Henning and Radtke 2006A, Hosoi and Omasa 2009), 

we focused on this relatively simple procedure as one that would highlight any differences due to 

scanner attributes without miring the analysis in algorithmic complexity. The procedure yielded 

estimates of effective plant area index (PAIeff; cf. Chen et al. 1997) and mean tip angle (MTA) for 

each scanner location, for each scanner. These estimates were tested for statistically significant 

differences using mixed effects ANOVA, with scanner (Leica, Riegl last-return, or Riegl first-return) 

and scanner by site interaction as fixed effects, and with site and position within site as random 

effects. These models were compared to null models that only included the random effects. Models 

were fit using restricted maximum likelihood, even though ANOVA statistics estimated using this 

method are approximate; had any tests been ambiguous, they would have been repeated using 

bootstrapped likelihood ratio statistics. Statistical analysis was conducted using the NLME library 

(Pinheiro et al. 2009) in the R statistical package (R Development Core Team, 2009) 



Second part of the study (test usefulness of the data) field sampling 
 
 In this study a Riegl LMS360i scanner in first target mode was utilized. It measures 

Distance by sending laser impulses towards a target and counts the time until the first echo 

returns. The angular distance between two distance measurements was set to 0.12 degree which 

corresponds to a point spacing of approximate 2 cm if the target is 10 m from the scanner away. 

In each sample plot normally five setups of the scanner were made: one in the centre and four 

around the plot edge. This experimental approach ensured 10 to 20 trees were completely 

scanned from all sides and that crown shape and tree height of trees around plot centre were seen 

from every scan point. The Riegl LMS360i scanner has a horizontal scan capability of 360 

degrees and a vertical field of view of 85 degrees. To get the total canopy the scanner was tilted 

and a second scan was made in every scan position to get the upper tree sections. All scans from 

one plot were put together in a plot relative coordinate system. Out of this point cloud the tree 

objects where separated manually by selecting all points which belong to each tree. 

 

Second part of the study (test usefulness of the data) analysis 
 
 Data obtained with TLS was transformed into individual ASCII files, for every single tree 

on the site, and stored in a database. This information was then analyzed and visualized with the 

help of a computer program written in C++ and the R software environment for statistical 

computing and graphics. Thus, for crowns on fertile sites and on poor sites, the program filters 

tree information belonging to specified cross section areas on the ground, and at 5, 20, 40, 60, 80 

and 100% of the tree height. For every cross section the center of mass (centroids) R is found by: 
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Where . see Honsberger [1995], N is the total number of points and the mass m),,( zyx rrrr = i is 

assumed to be the same for every TLS point as it is still difficult to distinguish for instance 

whether a point represents a wooden section or a leaf. 

 The crown projection, either for the whole tree or one of its cross section at 5, 20, 40, 60, 

80 and 100%  of its heightscan be represented by a closed polygonal chain with k vertices that 

surrounds the set P of points of interest. In order to obtain a representative set of k vertices, for a 

given cross section of a tree, the set P was represented in polar coordinate system with origin in 

 and with a typical element),,( zyx rrr ),( θρ . For a sufficiently small θ∆  the ρ  maximum was 

found and taken as the representative ki vertex of the closed polygon on the interval 

),( θθρ ∆+ii . 

 The crown projection area P, of a given tree or a cross section of it, was computed using 

the coordinates of k vertices of the closed polygon with: 
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Where xk= x1 and yk= y1. and the polygon is planar and non-self-intersecting. see Beyer [1987]. 

The compact index CI of a tree is therefore computed with the PA values for 5%. ... 100% cross 

sections specified in following formula  
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with PA0 the total crown projection and PAi the crown projection at layer i. 

 In order to verify H1 i.e. that the stem map and crown projection pattern at the ground 

resembles the pattern distribution at various stand height and canopy layers, the Donelley 

corrected version of the Clark and Evans (1954) Aggregation index, see Upton and Fingleton 



(1990) : [Rippley (1979a p75) Diggle (1979a p75)], was computed using the centroids of crown 

projections of a site at different layers (5%. 20%. 40%. 60%. 80% and 100% of tree height). 

Thus, the Aggregation index will be used to reveal tendencies of either randomly, clustered or 

regularly distributed patterns of site stem coordinates, see Pretzsch (1997).  

 To corroborate that the aggregation indexes were producing correct values a 

Pearson’s goodness-of-fit test of Complete Spatial Randomness (CSR), using quadrat counts, 

was performed see Baddeley(2008) and Baddeley and Turner (2005), with m x m quadrats (here 

2x2 or 3x3). This is a goodness-of-fit test in which the hypothesis H0 is that the point pattern 

(stem chart) is a realization of a homogeneous Poisson process. As the aggregation index of 

Clark and Evans assumes that the points on the space follow a Poisson distribution function, see 

appendix in Clark and Evans (1954), the Pearson’s is ideal to corroborate the aggregation 

index obtained.  

2χ

2χ

 In this particular case the study area is divided into subregions (‘quadrats’) B1. . . . . Bm 

of equal area, and the number of points falling in each quadrat, nj  = n(x ∩ Bj ) for j = 1. . . . . m 

is counted. Under the null hypothesis of CSR, the nj are i.i.d. Poisson random variables with the 

same expected value.  

 Table 3 presents information relevant to our study case. The regions presented were 

classified with previous information of site, density of plantation and soil conditions. The 

original site information was verified for every site by calculating mean tree-nearest-neighbour 

distance of every site, see Table 4.  



 

Density 
  Low Medium High 
Site             

11_644 4+ 50_165_2 5 50_164 5 
Pi. Bl. Sx C+ Sx. Bl. Pi D+ Bl. sx. Pi D 

    50_166 5 36_125 4+ 
    Bl. Sx. Pi E Pi. Bl. Sx D 
        1_395 5 
        Bl. Sx. Pi D 
        Coates 2 5 
        Pi. Sx. Bl D 

Good 

            
1_392 3+ 1_368 4 1_377 4 

Pi. Bl. Sx B+ Pi. Bl. Sx B+ Pi. Sx. Bl C 
10_642 4- 18_682 4 2_682 4 

Pi. Sx. Bl C- Bl. Pi. Sx C Pi. Bl. Sx C 
11_646 4     18_680_1 4 

Pi. Sx. Bl C     Bl. Sx. Pi C 
        11_648 4 
        Pi. Bl. Sx C 

Medium 

            
1_359 4+ 18_679 3 Coates 3 

Sx. Pl. Bl B Bl. Sx. Pi B+   B+ 
10_640 3     1_373 3+ 

Pi. Sx. Bl B+     Pi. Sx. Bl B+ 
18_681 2         

Pi. Sx. Bl B         
18_683 2         

Poor 

Bl. Sx. Pi B         

 

Table 3.  Attributes of plots used in study 
 

 Low 
Mean nearest 
distance; Sd. 

Medium 
Mean nearest 
distance Sd. 

High 
Mean nearest 
distance; Sd. 

Good 3.8; 1.3 2.3; 1.1 1.1; 1.1  
Medium 1.7; 1.0 1.4; 0.8 0.9; 0.6 
Poor 3.3; 1.4 1.3; 1.0 1.1; 0.7 
Table 4. Verification of site density. by calculating the mean tree-nearest-neighbour distance 



 

Results 
 
First part of study (scanner comparison) 

 
 
Visual differences 

Range images for the two scanners at the plot centers of both sites are shown in Figure1.  





 
 

Figure 1. Range images (in spherical coordinates) from the plot center for both scanners. 
 
Some general attributes of the scans can be discerned from these images, and are consistent 

across the range images from all scan points (not shown). First, as would be anticipated, the finer 

beam of the Leica scanner results in a greater level of apparent detail, even though the angular 

resolution of the scan is lower. For example, the Leica is better able to resolve both dead and foliated 

lower branches of nearby trees than the Riegl in either mode. 

Such features appear thicker and “padded” in the Riegl scans, in comparison with the Leica. 

Visually, the range maps from the Riegl used in last-return mode are more similar to those of the 

Leica than are those from first-return scans, but this is a qualitative difference that is difficult to 

quantify and is open to subjective interpretation. It is also apparent that the Riegl first-return and last-

return scans can differ substantially in their rendering of semi-transparent nearby objects, such as 

foliated branches and small trees, as well as fine-textured objects such as dead branches. Such objects 

are much more opaque and heavily padded in the first-return scans, but can also be nearly transparent 

in the last-return scanning. The range images also clearly show the difference in intensity of scan 

pattern near the zenith, where the Leica provides a very high intensity (a consistent separation in 

spherical coordinates θ and Φ, implying adjacent probes are actually closer together as elevation 

increases toward the zenith) while the Riegl maintains a more uniform separation (which graphs as a 

more dispersed pattern in spherical coordinates).The qualitative characteristics seen in the range 

images carry forward into attributes of the point clouds. Figure 2 shows vertical slices through the 



point clouds. In these images, 

the  

 
Figure 2. Vertical slices through the point cloud, 2m thick, passing through the plot center.  In the 
Leica scans a target tripod approximately 1.8m tall can be seen at the plot center. 

 
finer-beamed Leica scanner is able to resolve finer detail than the Riegl, but the Riegl does a better 

job of describing the tops of tall trees, especially those in Site 2, when it is used in lastreturn mode. 

However, the images share many similarities. In general, the same trees are recognizable with the 

same shapes and in the same positions. That implies that competent, flexible algorithms should be 

able to discriminate and measure gross structural attributes in similar ways using either scanner. 

Figures 3 and 4 show horizontal slices through the point clouds, centered at breast height above the 

plot center.  



 
Figure 3. Horizontal slices through the point cloud, 0.1m thick, centered 1.3m above ground  
surface at the plot center; axes show coordinates in meters. 
 



 
Figure 4. Closeup of the horizontal slice at 1.3m above plot center, showing the differences 
in rendering of individual tree stems within the point cloud. 
 

 Here, the differences are more striking. The fine-beamed Leica scans clearly show individual 

tree trunks, with many stems represented as hollow circles surrounded by a narrow ring of returns. 



This is true even of trees that have branches and foliage surrounding the stem (see, e.g., Figure 4). 

Corresponding tree stems in the coarser beamed Riegl scans remain obvious, though they are not as 

simply rendered. Where the scan interacts with foliage and branches at breast height, there can be a 

characteristic smearing of these structures radially away from the scanner. These artefacts are known 

as intermediate points, and result from multiple reflections within a single impulse. If the reflecting 

surfaces in one laser impulse have smaller distance differences than the length of the laser impulse, 

then it is not possible to separate them and an average distance will be measured. This can lead to 

points appearing in the point cloud that fall between the positions of the physical objects in the scan. 

These features imply that algorithms for identifying and mapping individual tree stems might work 

differently with data from the two scanners, and careful cross-calibration might be needed in an 

inventory context 



 .  

Figure 5. Horizontal slices through the point cloud, 2m thick, centered 10m above ground surface at 
the plot center; axes show coordinates in meters. 
 
Finally, slices through the point clouds at mid-canopy position  (Figure 5) show reasonable 

qualitative agreement between scanners. The Leica does continue to show a greater degree of fine 



detail, such as the characteristic star-shaped branching pattern of some lodgepole pine crowns, while 

the Riegl does not show such detail as readily. That level of detail might be exploited by pattern 

recognition algorithms for automatic identification of trees to species, but otherwise it seems 

relatively unimportant. The positions and sizes of crowns as recorded by the two scanners are 

generally consistent, though the Riegl does show the same slight padding of branches and other fine 

features as in other visualizations, leading to a slight loss of negative space between crowns. 

Otherwise, for gross structural characterization of the canopy, the two systems appear to give similar 

results. 

Scanner Penetration 

The ability of a scanner to penetrate a forest stand will be a critical determinant of multiple aspects of 

performance. Greater penetration should, in principle, allow recovery of stand structure from fewer 

scan positions or from positions placed farther apart. All other things being equal, a scanner with 

greater penetration should be able to map and identify individual trees at a greater distance from the 

scan position. Greater penetration should also allow better reconstruction of attributes of the upper 

canopy, though if that penetration occurs because returns are not being provided for lower canopy 

elements, there may be tradeoffs in resolving different canopy layers. Horizontal and vertical 

penetration by both scanners is shown in Figure 6. For horizontal 



 
Figure 6. Cumulative horizontal and vertical penetration of returns from both scanners at  
both sites, excluding non-contact returns. 
 
penetration, the Leica and the Riegl used in last-return mode showed consistent differences. 

For example, at Site 1 the median horizontal distance to return for the Leica was 2.81m, 

while for the Riegl it was 4.33 m. At Site 2, the corresponding distances were 3.55 and 8.92 

m, respectively. However, the Riegl used in first-return mode had similar penetration to the 

Leica, with a median horizontal distance to return of 3.94 m. 

Vertical penetration showed a different pattern. The Leica and the Riegl in last-return mode 

had similar vertical penetration (3.02 vs. 3.15 m median vertical distance to return at Site 1, 

and 4.15 vs. 4.03 m at Site 2). However, the Riegl in first-return mode showed much less 

vertical penetration (2.34 m at Site 2). We speculate that the differences in pattern between 

horizontal and vertical penetration are caused by differences in the geometric configuration of 



canopy elements and their interaction with scanner properties. For vertical penetration, the 

horizontal sprays of conifer foliage and fine branches, which are relatively efficient for 

capturing sunlight, may also be relatively opaque to the Riegl when used in first-return mode, 

but can be penetrated by the fine beam of the Leica or, with reasonable frequency, by a 

sufficient signal to allow a more distant detection when the Riegl is used in last-return mode. 

Gap fraction and leaf area comparison 

Gap fraction as a function of zenith angle is shown for the two scanners in Figure 7. At Site 

1, the Leica had a higher mean gap fraction for angles near the zenith than the Riegl used in 

 
Figure 7. Canopy gap fraction as a function of angle of inclination at each scan position 612 
(dashed lines) and averaged over all positions (solid line) for both scanners at both sites. 



 
last-return mode, but a lower mean gap fraction for angles greater than 60 degrees from zenith (i.e. 

less than about 30 degrees from horizontal). At Site 2, the pattern was similar. Here, the Leica had 

higher mean gap fraction than the Riegl used in either mode for angles less than 50 degrees from 

zenith, but lower gap fraction for angles more than 50 degrees from zenith. 

The impact of different estimates of gap fraction on effective plant area index and mean tip angle are 

shown in Table 5. The Leica provided consistently higher estimates of plant area index than the 

Riegl. These differences were highly significant (likelihood ratio chi-square 21.73, p<0.0001). 

Differences in mean tip angle, though marginally significant from a statistical perspective (likelihood 

ratio chi-square 6.75, p=0.034) are so small – only a fraction of a degree between scanners and sites -

- as to be practically inconsequential. Both the binning of zenith angles during analysis, and the 

approximate nature of the statistical hypothesis test, argue against any attempt to interpret such trivial 

differences in mean tip angle. 

 
Site 1: 71 manually extracted trees  
Scanner  Potential Positions Correct Matches Trees Not Found 
Leica  80 29 42 
Riegl (first return)  68 21 50 
Site 2: 45 manually extracted trees  
Scanner  Potential Positions Correct Matches Trees Not Found 
Leica  73 25 20 
Riegl (first return)  96 29 16 
Riegl (last return)  72 30 15 
 
Table 5. Estimates of effective plant area index (PAIeff) and mean tip angle (MTA) for each 
scanner and site. 
 
 
Second part of the study (test usefulness of the data) 
 

For different site plots, good to poor nutrient supply and high to low forest density, the 

Clark and Evans aggregation index shows no departure from the value obtained for the lower 

forest layer. i.e. the stem position (figure 8).  



 
 

Figure 8. Clark and Evens index of aggregation for the site Good Nutrients and High Density, the 
index is calculated at different forest layers. 5% to 100% of height 

 
 

That means that if trees of a particular plot show tendency to be randomly distributed on the stem 

map (e.g. the sites with good nutrients and low to high density) they will keep this tendency in 

upper forest layers. The same follows when the pattern distribution tends towards clustering. e.g. 

site with poor nutrients and medium density forest. The Pearson’s goodness-of-fit test of 

Complete Spatial Randomness, shown in Figure 9, does not reject the null hypothesis of a 

homogeneous Poisson process governing the point process distribution.  

2χ



 
Figure 9. Pearson goodness of fit of the point process shown as aggregation index in figure 8. 

 
Trees showed no tendency to change their status, either clustered or random at different 

forest layers so a comparison of whether distances of every tree to all its neighbours follows the 

same distribution at stem and tip level. That could show that either the trees show not significant 

change of distance to neighbours at different forest layers (and therefore the same probability 

distribution governing the distances) or that they do move towards or away from neighbours in 

an optimal fashion that will allow the same distribution in lower and upper layers. Hence, the 

distance of every stem (centroid) to its neighbours was computed and tabulated. Thus, a plot with 

n trees will have a set of  pair of distances calculated. The same procedure was followed for 

the tips chart of every site. The comparison was made using QQ-plots for sample distributions 

between the upper and lower crown tree projections centroid. A departure from a linear trend in 

the QQ plot would suggest different underlying probability distributions for both samples. While 

a linear trend suggesst that both samples come from the same probability distribution, even if the 

distribution is unknown yet. The process was made for every area from Good to Poor nutrients 

and from Low to High forest density. The results for the plot with good nutrients and high 

density are shown in Figure 10, very similar plots were observed for remaining plots. 
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Figure 10. QQ-plots of stem vs. tip map probability distribution. 

 
A more rigorous test is presented along with the QQ-plots. As it is unknown whether 

normality holds for the two sample data (stem chart distances and tip chart distances), the non-

parametric Mann-Whitney-Wilcoxon rank sum test with continuity correction (with Null 

hypothesis: two samples come from same distribution. i.e location shift mu = 0). The test p-

values are shown in table 3. It is then clear, out of the QQ-plots and the p-values, that both 

samples hold the same probability distribution in lower and upper forest layers. 

Despite that the trees show no significant difference on point pattern distributions of 

centroids from the crown-projection-areas at different forest layers, they do seem to adapt 

themselves to different conditions of light (density) and nutrients by showing horizontal 

displacement of the centroids from crown-projection-areas at different forest height layers when 

compared to the position of the centroid of the total crown-projection-area 

 

The behaviour of single trees, and their “optimisation of space related to light and 

nutrients competition”, was studied by measuring horizontal displacements of centroids from 

crown projections at different tree layers with respect to the position of the stem coordinates. The 



assumption is that horizontal displacements of tree centroids from crown projections to its own 

stem is directly related to nutrients and light disposition to which the tree is subject. The 

displacement for a single tree is calculated by measuring the distance between the centroid of the 

tree at trunk level (0.5% of its own hight) and that of its total hight on a 2D Euclidean space. The 

results are shown as Box plots per region with every forest layer explained by a single box, see 

Figure 11, the point within a box represents mean horizontal centroid displacement of a region at 

a given forest layer, also shown in Table 6.  

 

 
Figure 11. Box plots for horizontal displacements  
 

 
 

 Low 
mean (sd) 

Medium 
mean (sd) 

High 
mean (sd) 

Good 0.45(0.29) 0.56(0.38) 0.6(0.49) 
Medium 0.24(0.23) 0.29(0.21) 0.36(0.26) 
Poor 0.26(0.22) 0.27(0.2) 0.28(0.22) 
Table 6 Mean centroid horizontal displacement heights 60 to 100% 



 
 
 

A clear trend is shown with the boxplots, in particular for regions with good nutrients, as they 

show greater horizontal displacement and greater variability (see boxes size) directly 

proportional to higher density forest regions. i.e. under same nutrients conditions the trees show 

more competition for light represented by the horizontal displacemement of its centroids (in 

particular from 60 to 100% forest layer). Areas with poor nutrients show less horizontal tree 

displacement than rich regions but a trend is also clear. When comparing areas with similar 

forest density from Good to Poor nutrient supply a pattern is as well observed, the more 

resources a tree has the greater the horizontal displacement at different layers. Table 6 presents 

the regions total mean horizontal displacement. As the distribution of centroid distances to 

neighbours is the same for different layers (see above discussion) it is possible to compare 

different means at different heights. 

Whether centroids horizontal displacement for an area were realizations of a particular 

probability distribution (this may allow simulation of such data and behaviour by using the 

parameters of a distribution) was also studied. By observation of the histogram, Figure 12, it was 

suspected that a Chi-squared, a Gamma or a Weibull probability distribution could be governing 

the process.  

 



Figure 12 Histogram of centroids horizontal displacement 
 

Using the function fitdistr in R, with the sample data of horizontal displacements of all trees in a 

site, the parameters of the above mentioned distributions were obtained, e.g. shape and scale of a 

Weibull distribution function. In order to test whether the function was the underlying probability 

distribution, the Whitney-Wilcoxon rank sum test with continuity correction was used. With the 

shape and scale parameters obtained from the sample data a synthetic random sample is 

obtained. i.e. a theoretical function distribution function that is compared afterwards with the 

original sample. The test informs us whether the underlying distribution of the synthetic 

(theoretic) and the original sample is the same. A second test was performed using the two 

sample Kolmogorov-Smirnov test to check whether the original sample and the synthetically 

generated one come from the same distribution. Because of the small values of the horizontal 

displacements (Less than 0.2 m. thus the D parameter also produces too small values for use in 

the goodness of fit) this test may produce erroneous p-values. For sake of completeness the 

results of both tests are presented. Table 7 shows Weibull’s shape and scale parameters obtained 

using the Wilcoxon-test p-value and the Kolmogorov’s D and the P-values.  

 
 Low Medium High 
Good Shape 1.4869420 

Scale = 0.4652371 
p-value= 0.723 
D = 0.0371. p-value 
= 0.9935 

Shape 1.33753941 
Scale = 0.43101407 
p-value= 0.834 

Shape 1.07316839 
Scale = 0.43707018 
p-value= 0.7626 
D = 0.0545. p-value 
= 0.06541 

Medium Shape 1.23913561 
Scale = 0.23642418 
p-value=0.8203  
D = 0.0265. p-value 
= 0.9859 

Shape 1.24869953 
Scale = 0.24037771 
p-value=  0.7825 

Shape 1.14615844 
Scale = 0.26209015 
p-value=0.8192  
D = 0.054. p-value = 
0.1448 

Poor Shape = 1.30982228 
Scale =0.24846561 
p-value = 0.8506 
D = 0.1012.  
p-value = 0.09272 

Shape 1.215582232 
Scale = 
0.249907572 
p-value 0.789 
D = 0.0469. p-value 
= 0.1540 

Shape = 1.18071440 
Scale =0.21616373 
p-value = 0.7427 
D = 0.0466.  
p-value = 0.887 

Table 7. Found parameters of a Weibull distribution and corresponding goodness of fit values. 
 
With the shape and rate values obtained a good approximation to the original sample distribution 

can be obtained. 



A compact index 
0
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= =  was designed in order to corroborate the idea that 

horizontal displacements of tree layers are proportional to competition. In this case the index CI 

is inversely proportional, the less the competition the more compact the crowns. Mean compact 

indexes for every plot are shown in Table 8 together with the sample size and the CI standard 

deviation.  

 Low 
Size. mean. sd 

Medium High 

Good 22:  0.31 0.05   43  0.29 0.05 96  0.26 0.08 
Medium 49  0.33 0.05 62  0.33 0.06 75  0.28 0.07 
Poor 25  0.35 0.06 97  0.34 0.05 26  0.32 0.06 
Table 8 Compact index (after Pretzsch) 

 
A converse relationship is observed between the CI and competition situations of nutrients and 

forest density. 

 

In order to estimate changes in DBH∆ (yearly DBH increment of previous 10 years) 

several variables, see Table 9, were fitted in various models. A total of 500 trees were scanned 

and stored in a data base. Laser-scanned variables like CI, KKLLASER, and BVD, were  

 
Variables description Units

1 DBH∆  calculated as the mean of previous 10 years DBH (yearly DBH 
increment) 

mm 

2 DBH  previous year mm 
3 SI Site Index calculated using Species. Age and Height as input 

values and the software Site Tools version 3.3. 
 

4 Density Trees per ha. factor variable with 3 levels: Low. Medium or High  
5 Nutrients factor variable with 3 levels: Poor. Medium or Good  
6 Species factor variable with 3 levels: Pl(Lodgepole Pine). Bl(Subalpine 

fir) or Sx(White Spruce) 
 

7 CI Compact Index. a variable computed out of laser scanner crown 
information. see previous section. With values between 0 (non-
compact crown) and 1 (perfect compact crown) 

 

8 KKLSILVA Competition index of Pretzsch 2009 computed using SILVA 2.3.  
9 KKLLASER Competition index of Pretzsch 2009 computed using laser scan 

plot information 
 

10 BVD Competition index of Biging and Dobbertin (1992) computed 
using laser scan plot information 

 

Table 9. Included variables 
 



computed using this sample. Out of 500 trees only 290 have additional information of ∆DBH, 

DBH, SI, KKLSILVA, Density, Nutrients and Species. A summary of available information is 

presented in Table 10. 

 
 Min 1st Qu. Mean 3rd Qu Max 

DBH∆  0.038 0.331 0.754 0.988 3.237 
DBH  2 9.7 16.89 22.6 56.3 
SI 2.1 8.7 12.58 16.44 30.5 
CI 0.09 0.27 0.32 0.36 0.5 
KKLLASER 0 0.4 10.29 5.78 1200 
KKLSILVA 0 0.34 1.79 2.23 19.0 
BVD 0 2.27 22.65 25.67 160 
Table 10. Summary of variables (sample size 290 trees)  
 
To determine whether including tree laser-scanned information would improve upon the 

knowledge of ∆DBH several linear models were fitted and compared with traditional statistical 

methods, see Table 14. 

 
correlations Ln(DBH) Ln(SI) Ln(CI) Ln(KKLLASER) Ln(KKLSILVA) Ln(BVD)
Ln(DBH) 1.00 0.66 -0.11 -0.59 -0.53 -0.69 
Ln(SI)  1.00 0.16 -0.47 -0.36 -0.49 
Ln(CI)   1.00 -0.08 -0.13 -0.06 
Ln(KKLLASER)    1.00 NA NA 
Ln(KKLSILVA)     1.00 NA 
Ln(BVD)      1.00 
Table 9 Input variables correlation. All variables but factors and DBH∆  are transformed with 
the natural logarithm 
 

Table 9 shows pair-wise correlations between variables in order to determine what 

variables can be put together in the linear models. From Table 10 just correlation  

between pairs of variables with values greater than |+/- 0.5| are recalculated taking into account 

the Factors Nutrients, Species and Density, to se whether a strong correlation between variables 

in a particular plot could affect the model results, see. Thus 

 

correlations Ln(DBH) Ln(SI) Ln(CI) Ln(KKLLASER) Ln(KKLSILVA) Ln(BVD)
Ln(DBH) 1.00 0.74  -0.76 -0.81 -0.85 
 
Table 10 of Correlations taking into account factors: Nutrients. Species and Density 
 



 the variables ln(DBH) and ln(SI) are significantly correlated as well as Ln(DBH) with any of the 

competition indexes KKL or BVD, see table 9 and 10, these variables will not be used together 

for any linear model. The variable Ln(CI), interestingly, shows no correlation with any other 

variable. If this variable brings new information relevant to DBH∆  it can be fit together with 

other values without interfering (overfitting) with the information brought up by other fitted 

variables. 

When analysing the factor variables Density, Species and Nutrients it was thought that  

simplifications of factor levels. e.g from Density (low, medium, high) to density (medium, high), 

could simplify the model without distorting the main results. For this, different levels of every 

factor variable were compared in mean, using a pairwise t-test and the anova F-Test for pairwise 

variances. If two levels of a given factor display similar mean and variance then they could be 

joined into a single factor level. 

 

Regrouping levels of Density 

The factor density does not accept combination of factor levels as means between levels are not 

similar. Method used pairwise comparisons using t-tests with pooled SD and P-value adjustment 

method of Holm. see Table 11. 

 
 

Density Levels H L 
L < 2e-16 - 
M 1.8e-05 3.4e-07 

Table 11: Density Factor levels, similarities in mean, pairwise t-test 



 

Regrouping levels of Species 

The level Sx shows similar mean to either Bl or Pl levels. These similarities in mean can be 

observed in Table 12 as well as in the interactions plots shown in Figure 13.  

 
t-test for mean similarities 

Species Levels Bl Pl 
Pl 0.88 - 
Sx 0.92 0.88 
anova F-test for variance similarities 
Pl 0.003 - 
Sx 0.17 0.2 

Table 12: Species Factor levels, Mean and, Variance similarity test . p-values 
 

 
Figure 13.  Split-plot densities and species on left;  Split-plot densities and nutrients on right 
 

An ANOVA  F test to compare two level variances shows similarities in variance between Sx 

and either Pl or Bl, see table 12. Therefore the levels Bl and Sx of factor Species might be joined 

as they hold similar mean and variance. The new levels of Factor Species can be (BS. Pl) 



 

Regrouping levels of Nutrients 

Levels of factor Nutrients show similar mean see Table: 13 and interaction plot 

t-test for mean similarities 
Nutrients Levels Good Medium 

Medium 1 - 
Poor 1 1 
anova F-test for variance similarities 

Medium 0.065 - 
Poor 0.003 0.245 

 
Table 13: Nutrients Factor levels, Mean and, Variance similarity test . p-values 

 

 (Figure 12). The levels of factor Nutrients show similarities in sample variance between Good 

and Medium level and between Medium and Poor, see Table13. The levels of Factor Nutrients 

might be regrouped from (P.M.G) to (P.GM). The proportions of trees per plot when regrouping 

is observed in table 17. 



 

Fitted Models 

 Out of table 9 and 10, the variables showing no correlation are fitted in various linear 

models, see Table 14. The results of the fitted models are shown, see Table 15, for the total 

sample size of 290 trees with original level of factors Density (L,M,H), Nutrients (P,M,G) and 

Species (Bl,Sx,Pl), for the regrouped sample by Nutrients (P,GM), and for sample regrouped by 

Nutrients (P,GM) along with Species (BS, Pl). In all cases, introducing tree laser-scaned 

information, either as CI, KKLLASER, or BVD improves the overall fit together with lower RMSE 

and AIC. A comparison in terms of RMSE for all models and the different grouping of factors is 

NutrientsSpeciesDensityKKLCISIDBH

NutrientsSpeciesDensityKKLCISIDBH

NutrientsSpeciesDensityKKLCISIDBH

NutrientsSpeciesDensityKKLSIDBH

NutrientsSpeciesDensityKKLSIDBH

NutrientsSpeciesDensityCISIDBH

SpeciesDensityCISIDBH

DensityCISIDBH

DensityCI
NutrientsSpeciesDensityCISIDBH

NutrientsSpeciesDensityCISIDBH

NutrientsSpeciesDensityKKLSIDBH

NutrientsSpeciesDensitySIDBH

NutrientsSpeciesDensityDBHDBH

NutrientsSpeciesDensityDBHDBH

SIDBH

DBHDBH

BVDCISI

LASERCISI

SILVACISI

BVDSI

LASERSI

CISI

CISI

CISI

CI

NSDCISI

NSDCISI

SILVASI

NSDSI

DBH

NSDDBH

SI

DBH

:::)]ln()ln()ln([)16

:::)]ln()ln()ln([)15

:::)]ln()ln()ln([)14

:::)]ln()ln([)13

:::)]ln()ln([)12

:::)]ln()ln([)11

::)]ln()ln([)10

:)]ln()ln([)9

:)ln(
)ln()ln()8

)ln()ln()7

:::)]ln()ln([)6

)ln()5

:::)ln()4

)ln()3

)ln()2

)ln()1

10

10

10

10

10

0

0

0

2

0

0

10

0

0

0

0

0

ββββ

ββββ

ββββ

βββ

βββ

βββ

βββ

βββ

β
ββββββ

ββββββ

βββ

βββββ

ββ

βββββ

ββ

ββ

+++=∆

+++=∆

+++=∆

++=∆

++=∆

++=∆

++=∆

++=∆

+
+++++=∆

+++++=∆

++=∆

++++=∆

+=∆

++++=∆

+=∆

+=∆

 



 
Table 14.  Linear models 

Nutrients(P. M. G) 
Species(Bl. Sx. Pl) 
Density(L. M. H) 

Nutrients (P. GM) 
Species(Bl. Sx. Pl) 
Density(L. M. H) 

Nutrients (P. GM) 
Species (BS. Pl) 
Density(L. M. H) Models 

R2 RMSE AIC R2 RMSE AIC R2 RMSE AIC 
1 ~DBH 0.01 0.53 457 - - - - - - 
2 ~SI 0.21 0.49 417 - - - - - - 
3 ~DBH+D+S+N 0.40 0.43 353 0.39 0.43 354 0.38 0.43 356 
4 ~(DBH):D:S:N 0.61 0.38 309 0.54 0.37 328 0.51 0.39 324 
5 ~SI+D+S+N 0.52 0.39 290 0.50 0.39 297 0.48 0.40 304 C

la
ss

ic
 

6 (SI + KKLSILVA) :D:S:N 0.74 0.28 227 0.67 0.31 254 0.65 0.32 234 
7 ~SI+CI+D+S+N 0.52 0.38 288 0.52 0.38 273 0.50 0.38 280 
8 ~SI+CI+D+S+N+CI:D 0.54 0.37 259 0.54 0.37 265 0.52 0.37 272 
9 ~(SI+CI):D 0.49 0.39 295 - - - - - - 
10 ~(SI+CI):D:S 0.59 0.34 263 - - - 0.57 0.36 264 
11 ~(SI+CI):D:S:N 0.72 0.29 242 0.66 0.31 260 0.63 0.33 253 
12 ~(SI + KKLLASER) :D:S:N 0.74 0.28 225 0.68 0.31 247 0.65 0.32 236 
13 ~(SI + BVD) :D:S:N 0.74 0.28 226 0.67 0.31 254 0.64 0.32 248 
14 ~(SI +CI + KKLSILVA) 

:D:S:N 0.77 0.26 235 0.70 0.30 258 0.69 0.31 231 

15 ~(SI +CI + KKLLASER) 
:D:S:N 0.78 0.26 225 0.71 0.29 250 0.69 0.30 231 

L
A

SE
R

 

16 ~(SI +CI + BVD) :D:S:N 0.78 0.26 228 0.71 0.29 253 0.68 0.31 239 
Table 15: Model results.. All variables but factors are transformed with the natural logarithm 



 

 
Figure 14. RMSE by model. Continuous line: original sample; Dashed line: Nutrients regrouped 

as (P. GM) dotted line: Nutrients regrouped as (P. GM) and Species as (BS.Pl) 
 

shown in Figure 14. It was also intended to analyse the fit of the various models applied, table 

14, in every plot analysed. The results are shown in Figure 10. A similar trend to the one 

obtained for the overall model is here observed. In general, the introduction of laser information 

improves upon the goodness of fit, table 18 shows specific RMSE values per plot and per model. 

 

 

Residuals: 

All residual models were checked for normality. The sample residuals histogram and QQ-plots 

are presented for the case of best fitted model of sample size 290, see Figure 15 model 15 

including Site index (SI), compact index (CI) and competition index BVD.  



 
Figure 15. Residuals of best fitted model for sample size 290 

 

All models including CI information show Gaussian residuals with mean zero and follow normal 

distribution. 

 
Discussion 
  This study had two parts.  The objectives of the first part were to scan a number of plots 

with tow different terrestrial LiDAR scanners and to compare the results of the scanners to 

determine the feasibility of combining data from multiple scanners after fully processing the 

data. 

 

Discussion of study part one results (scanner comparison) 

Although both scanners employed here are relatively high-resolution scanners, capable of 

acquiring point clouds with millions of points in a single hemispheric scan, the differences upon 

visual inspection of range maps as well as scatter plots of slices through the point clouds are 

striking and informative. The scanners differ in numerous design attributes, including laser 

wavelength and power, beam divergence, and data preprocessing. Because the latter occurs 

within the scanner unit and before export, it is difficult to evaluate its full impact. However, at 



least some of most obvious visual differences are attributable to beam diameter, which depends 

on diameter of the beam exiting the instrument and on divergence. Both of the scanners 

employed here have narrower beams at operational distances of 10-20m than the ECHIDNA 

instrument used by Jupp et al. (2005) and Strahler et al. (2008). Differences between effective 

PAI estimates for the two scanners were significantly different, and indeed were larger than the 

estimated differences between the two sites. The similarity in estimated plant area index between 

the two sites was surprising, given the striking differences in soil resources. However, 

remembering that the figures reported are effective PAI (Chen et al. 1997), actual differences 

may be masked by differences in shootlevel clumping between pine (which dominates the 

canopy of the poor Site 1) and spruce and fir (which are dominant at the richer Site 2). The 

greater clumping of spruce and fir needles should lead to a more substantial underestimate of 

LAI and PAI at that site. A potential advantage of terrestrial LiDAR over hemispherical 

photography is that in principle it is unnecessary to set threshold values to calculate gap fraction, 

as must be done for photographs (Jonckheere et al. 2005). Thus, gap fraction estimates and 

derived quantities such as PAI should be more consistent between observers, and should depend 

less on sky conditions. However, the results obtained here suggest that scanner attributes 

including beam size and maximum range may be important for interpreting gap fractions and 

values calculated from them. We share the optimism of Henning and Radtke (2006A) and 

Strahler et al. (2008) that terrestrial laser scanning should be an important tool for describing 

forest canopy structure in the future. 

 

Discussion of study part two results (test usefulness of the data) 

 The usefulness of terrestrial LiDAR scanning to further our understanding of competitive 

interactions among tree species in complex stands was addressed through four specific 

objectives: 

(1)To study the relationship between neighbourhood composition and crown dimensions of 

individual trees 

(2)To determine how crown dimensions and crown intersections are influenced by resource 

availability 

(43To determine how crown efficiency for lodgepole pine and subalpine fir is influenced by 



resource availability 

(4)To create basic relationships for modeling growth and stand development of complex stands. 

These objectives will be discussed individually except (1) and (4) are combined and covered last. 

 

Determine how crown dimensions and crown intersections are influenced by resource 

availability 

 

Hypothesis: On poor stands the trees are limited by site conditions and not by light. Thus the 

crowns should be more compact on poor sites as there is no use for them to “search” for light. 

 

To test this hypothesis we calculated a crown compactness index. Horizontal slices of the point 

cloud of the green crown are projected to a horizontal plane. For all points on each plane the area 

of the 2D convex hull is calculated. The sum of all areas of each crown is normalized with the 

area of the 2D convex hull of the whole horizontal projected green crown (formula 1). Higher 

values represent compact crowns; lower values represent more variable crowns. A cylinder has 

an index of 1.0 and a cone an index of about 0.33 when the number of slices is high enough. 

Formula 1:  NAA
n

i
i

1

1

1
0

−

=

− ∑

A0 is the area of the 2D convex hull of the horizontal projected point cloud of the green crown 

Ai is the area of the 2D convex hull of the horizontal projected point cloud of one horizontal slice 

of the green crown. 

N is the number of slices 

 

The horizontal slices in the crown are computed in two different ways: absolute and quantiles. 

The variant absolute takes slices every 0.3 m starting at the tip of the crown. Variant quantiles 

represents five equally thick slices for each crown. In the quantiles variant longer crowns tend to 

be more compact than shorter crowns as here the larger layer thickness smoothes the crown 

shapes (Figure 16). To prevent this, we used the absolute variant. 
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Figure 16. Crown compactness over crown length. Red dots represent the qunatil variant and 
black circles the absolute variant. 
 
To test if there is a significant influence of stand density or site conditions an analysis of 

variance is computed with all interactions between site condition, stand density and species: 

 
Absolute Variant: 
                                Df  Sum Sq  Mean Sq F value    Pr(>F)     
site_condition                   2 0.22730 0.113652 14.6082 1.048e-06 *** 
density                          2 0.07196 0.035982  4.6250  0.010713 *   
species                          2 0.04461 0.022307  2.8673  0.058844 .   
site_condition:density           3 0.09815 0.032718  4.2054  0.006378 **  
site_condition:species           4 0.06415 0.016038  2.0615  0.086620 .   
density:species                  4 0.03306 0.008266  1.0624  0.375832     
site_condition:density:species   5 0.06815 0.013630  1.7520  0.123640     
Residuals                      235 1.82829 0.007780                       
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 



 
The absolute variant of the compactness shows that the site conditions have a highly significant 

influence on the crown compactness. Tree species is not statistically significant influencing the 

result. There is some interaction between site condition and stand density. To clarify the 

influence of the site condition, a linear regression is calculated: 

 
lm(compactnes_a~site_condition) 
Coefficients: 
                     Estimate Std. Error t value Pr(>|t|)     
(Intercept)           0.26997    0.01182  22.842  < 2e-16 *** 
site_conditionmedium  0.04978    0.01504   3.309  0.00107 **  
site_conditionpoor    0.07761    0.01516   5.118 6.07e-07 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1  
 
Residual standard error: 0.09306 on 255 degrees of freedom 
Multiple R-squared: 0.09332,    Adjusted R-squared: 0.08621  
F-statistic: 13.12 on 2 and 255 DF,  p-value: 3.761e-06  
 
 
The linear model shows the direction of the dummy-coded site conditions. On the basis of good 

site conditions the medium site condition contributes 0.05 to the compactness index and the poor 

site conditions contributes 0.08 to the compactness index. Both contributions are statistical 

significant. With this result the hypothesis can not be rejected. There is a gradient on crown 

compactness. The crowns are getting more compact on poorer site conditions. 

These tests where performed on 258 individual tee objects. As the species had no big influence 

the same test was done by using the 648 tree objects. These include neighbouring trees, extracted 

from the scans, for which the species is not known exactly. 

 
lm(compactnes_a ~ density + site_condition) 
Coefficients: 
                     Estimate Std. Error t value Pr(>|t|)     
(Intercept)          0.243226   0.008327  29.208  < 2e-16 *** 
densitylow           0.059102   0.010842   5.451 7.14e-08 *** 
densitymedium        0.057995   0.010067   5.761 1.30e-08 *** 
site_conditionmedium 0.043036   0.009935   4.332 1.72e-05 *** 
site_conditionpoor   0.031170   0.012077   2.581   0.0101 *   
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1  
 
Residual standard error: 0.09458 on 643 degrees of freedom 
Multiple R-squared: 0.1213,     Adjusted R-squared: 0.1158  
F-statistic: 22.19 on 4 and 643 DF,  p-value: < 2.2e-16 
 



In this extended dataset the difference between poor and medium site conditions and between 

medium and low stand density is not given any more. But against good site condition and high 

stand density the results are significant. This means, that on poor and medium sites the crown 

compactness is significant higher than on good sites. 

 

 
Determine how crown efficiency for lodgepole pine and subalpine fir is influenced by resource 
availability 
  
The crown is the driving factor for the growth of the tree. Normally it is only described by very 

few parameters, assuming rotation symmetric, simple crown geometry. With the laser scan data 

we can describe the crown in very high detail, but is this information really a benefit for 

predicting the growth? For this reason we set up the hypothesis that with additional data from the 

laser scan the diameter increment of the stems can be modelled better than using ordinary data. 

To test this hypothesis, we chose very simple models. These models are not really use full for an 

increment prediction, but they should show if there is a gain in prediction quality if the laser scan 

data is included. The main driver in this model is a competition index which includes the crown 

dimensions of the competitors. This index is normally used with simple crown models, but here 

the 3D convex hull of the trees, generated out of the laser scan data. Exchanging the simple 

index with the laser based index there should be a better prediction possible. The Competion 

index KKL is first calculated in a traditional way, input Variables are the stem postions, Tree 

height, crown base, crown diameter and a simple rotation geometric crown model base on two 

cones. The competition index extended with the laser data KKL_Laser uses the 3D convex hull 

of the crowns directly, for distance computations the centre of gravity of the crown is used. 

When the KKL is using the tip of the crown model to calculate the influence of a competitor, the 

KKL_Laser uses the steepest tangent to the 3D convex hull of the competing crown. 

 

To get an overview we first made stepwise regressions with all available variables for every site 

condition – density pair. As we depend here on increments measured from cores we are limited 

to a smaller number of trees, ranging from 12 to 43 per site condition – density pair. 



 
  site_condition density  N      RMSE      MEAN    RMSE.% 
1           poor     low 37 0.2833835 0.9524324 0.2975366 
2           poor    high 17 0.2515600 0.3335294 0.7542363 
3           poor  medium 11 0.2647772 0.7509091 0.3526089 
4         medium  medium 16 0.1844270 0.5281250 0.3492108 
5         medium    high 43 0.2134766 0.5765116 0.3702902 
6         medium     low 12 0.0000000 1.4033333 0.0000000 
7           good    high 34 0.2184944 0.4652941 0.4695834 
8           good  medium 13 0.2476605 0.7292308 0.3396188 
 
 
[1] id~ compactnes_q + species + kra + compactnes_q:species + compactnes_q:kra                                  
[2] id~ area                                                                                                     
[3] id~ kkl_laser + compactnes_a                                                                                
[4] id~ area + species + dbh                                                                                     
[5] id~ area + species + kkl_laser + area:species + species:kkl_laser                                            
[6] id~ dbh + species + compactnes_a + compactnes_q + area + kkl + kkl_laser + 
compactnes_a:compactnes_q + dbh:area + species:kkl 
[7] id~ dbh + kkl_laser + species                                                                                
[8] id~ area + species   
 

Case 6 is neglected, because here an over parameterization occurred. 

In 4 of 7 cases some kind of laser generated attributes of the reference tree have been included. 

Some compactness index or the kkl_laser. Out of this it is clear that in some circum stands it is 

statistically useful to include laser scan data. To check in which situation this is so, we calculated 

the same regression model for each site condition – density pair. 

The following models have been used: 
a) lm(id ~ dbh+area) 
b) lm(id ~ dbh+area+kkl) 
c) lm(id ~ dbh+area+kkl_laser+compactnes_q) 
 
Formula a uses only data, which is only indirect influenced by competitors and crown shape. 

This is used as the basis model. In addition to this formula b includes a competition index. The 

index integrates simple crown models and neighbour conditions. In formula c the competition 

index is calculated using explicit 3D information from the laser scan. The crowns are represented 

by individual 3D convex hulls. In addition to the kkl_laser the compactnes index of the reference 

tree is included to provide the full information derived of the laser scan.  

For a comparison of the effect of the additional variables the rmse for each model was 

calculated. The advantage of adding is expressed as the rmse of the extended model divided by 

the rmse of the basis model. Table 1 shows the quotients of the rmse of the different models for 

each site condition – density pair: 



 
 
  site_condition density       b/a        c/a            c/b 
1           good    high 0.9987807  0.9594370      0.9606082 
2           good     low 0.9999740  0.9878552      0.9878809 
3           good  medium 0.8684335  0.7296976      0.8402458 
4         medium  medium 0.9950809  0.9472370      0.9519196 
5         medium     low 0.9991812  0.9324495      0.9332136 
6         medium    high 0.9962715  0.9988904      1.0026287 
7           poor     low 0.9879338  0.9479984      0.9595769 
8           poor  medium 0.9543295  0.8573298      0.8983583 
 
 
Adding the KKL to the model (column b/a) improves the estimate only marginally, replacing the 

KKL by laser scan derived variables KKL_Laser and compactness_a (column c/a) the rmse of 

the modells are improved up to 17%. Interesting is, that on good and poor site conditions the 

estimates in high and medium density stands have most benefit of the additional variables. But 

on sites with medium conditions the diameter increment of trees in low density areas are 

estimated more precise. 

 
 
 

 
To study the relationship between neighborhood composition and crown dimensions of 

individual trees and to create basic relationships for modeling growth and stand development of 

complex stands. 

 
The traditional crown measurement is a vertical projection of the ground onto a horizontal plane. 

This projection disregards the vertical structure of the crowns. Crowns which overlap in the 

projection may not even touch in reality. Thus an underestimation of the crown distances may 

occur. To test this, the point clouds of all sampled stand where decomposed in horizontal layers 

of 1 m thickness. For each tree crown the distances to the neighbouring tree crowns have been 

calculated. In order to define the neighbouring a straight line from the tree top of the reference 

tree to the neighbouring tree is drawn. If no crowns of other trees are touching a buffer area of 

0.5 m left and right of the line the tree is considered as a neighbour. This is done for each layer 

separately (Figure 17). 

 



 
Figure17.  Distances to neighbouring trees.  Refernce tree crown is drawn black, neighbours in 
green and intermediate trees in red. Each stripe has a width of 1 m. Here all layers are displayed 
at once. 
 
To restrict the computing time the maximum distance to a neighbour was set to 15 m and the 

maximum number of neighbours in the search to 15 as well. In each layer the laser scan points of 

each crown slice where projected to a horizontal plane and the 2D convex hull of these was used 

to describe the crown circumference. A total of 140868 distances was calculated on 13 plots with 

a total of 648 tree objects. 

It was assumed that distances between crown borders which are more than 6.0 m have no 

influence any more. Thus for the following statistics the maximum distance between crowns was 

set to 6.0 m. This limited the dataset to 21775 samples. 
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Figure 18. Distances from the reference tree to the neighbours in the layers. The facet rows 
define different site conditions (good, medium, poor) and the rows the density of the stand (high, 
low, medium). In each facet the distances are plotted over the species as a box-whisker-plot. 
Distances of 0 means that the crowns are touching, negative values represent an overlap in a 
crown layer. (bl = balsam fir, pl = lodge pole pine, sx = spruce) 
 
As seen in Figure 18 the distances change according to the stand density (lower density results in 

higher distances). But the distances also change according to the site conditions. The poorer the 

sites, the shorter distances are observed. 

 



Looking on the differences between the real distances in the layers and the distances of the 

crown projection Figure 19 shows that there is nearly always an underestimation of the distances 

between the crowns, especially for pine. 
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Figure 19. Differences between distances measured in the layer and the distance measured in the 
crown projections. The differences are over all around 1.05 m with a tendency that on good site 
conditions the underestimation is higher than on poorer sites. The difference in the species of the 
reference tree seems not to have a special tendency. 
 
Using a linear model to test if the neighbouring species have a significant influence on the 

distances in the layers we get the following results: 



 
lm(abstand ~ species_z * species_n + density + site_condition) 
Coefficients: 
                         Estimate Std. Error t value Pr(>|t|)     
(Intercept)              3.104879   0.032795  94.677  < 2e-16 *** 
species_zpl             -0.885009   0.049622 -17.835  < 2e-16 *** 
species_zsx             -0.178239   0.053085  -3.358 0.000787 *** 
species_npl             -0.865746   0.048435 -17.875  < 2e-16 *** 
species_nsx             -0.164815   0.052352  -3.148 0.001645 **  
densitylow               0.861721   0.033006  26.108  < 2e-16 *** 
densitymedium           -0.037628   0.029861  -1.260 0.207636     
site_conditionmedium     0.113487   0.033268   3.411 0.000648 *** 
site_conditionpoor      -0.225179   0.038127  -5.906 3.56e-09 *** 
species_zpl:species_npl  0.763686   0.062596  12.200  < 2e-16 *** 
species_zsx:species_npl  0.216485   0.069318   3.123 0.001792 **  
species_zpl:species_nsx  0.205294   0.069673   2.947 0.003217 **  
species_zsx:species_nsx  0.001613   0.076850   0.021 0.983253     
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1  
 
Residual standard error: 1.541 on 21762 degrees of freedom 
Multiple R-squared: 0.08945,    Adjusted R-squared: 0.08894  
F-statistic: 178.1 on 12 and 21762 DF,  p-value: < 2.2e-16 
 
abstand is the distance between the crowns in each layer. 

species_z and species_n are the species of the reference and neighbour tree with pl = pine, 

sx=spruce, bl = balsam fir; reference is balsam fir 

density is the density of the stand (high, medium, low); reference is high 

site_condition is the site condition (good, medium, poor); reference is good 

 

Here we see that on poor site conditions the crown distances are shorter than on the good sites. 

The species seem to have a much bigger influence on the crown distances. If one species is not a 

balsam fir but a pine the distances are about 0.9 m less. The same occurs if both trees are pines. 

This shows that in this dataset the pine crowns can grow tighter together than balsam fir. For 

spruce it’s the same trend but the value is about 0.17 m. 

 

Up to now the complete crowns of both trees have been included in the computations. So here 

are also crown pairs include, which belongs to very different high trees. In the next step only 

crown pairs of trees which have nearly the same height are used. When using a maximum height 

difference of 2.0 m the dataset is reduced to 535 crown pairs with a total of 4188 distance values. 

As shown in Figure 20 the dataset is now limited to the medium density stands. 
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Figure 20. Distances between the crowns of equally high neighbouring trees. For some species 
there is now a limitation in the medium density row. 
 
Using a linear regression model again on this data, the results are similar to the prior ones, but 

the distances are smaller.  

 
lm(abstand ~ species_z * species_n + density + site_condition) 
Coefficients: 
                        Estimate Std. Error t value Pr(>|t|)     
(Intercept)              3.23337    0.07663  42.194  < 2e-16 *** 
species_zpl             -0.56776    0.15016  -3.781 0.000158 *** 
species_zsx             -0.58540    0.14048  -4.167 3.15e-05 *** 
species_npl             -0.61864    0.14845  -4.167 3.14e-05 *** 
species_nsx             -0.56354    0.13886  -4.058 5.03e-05 *** 



densitylow               0.16926    0.08420   2.010 0.044466 *   
densitymedium           -0.25631    0.06451  -3.973 7.22e-05 *** 
site_conditionmedium    -0.05964    0.07736  -0.771 0.440796     
site_conditionpoor      -0.24395    0.09136  -2.670 0.007609 **  
species_zpl:species_npl  0.31287    0.19722   1.586 0.112726     
species_zsx:species_npl  0.53339    0.20156   2.646 0.008167 **  
species_zpl:species_nsx  0.45205    0.20146   2.244 0.024891 *   
species_zsx:species_nsx  0.96003    0.20485   4.686 2.87e-06 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1  
 
Residual standard error: 1.578 on 4175 degrees of freedom 
Multiple R-squared: 0.04364,    Adjusted R-squared: 0.04089  
F-statistic: 15.88 on 12 and 4175 DF,  p-value: < 2.2e-16 
 
The regression model shows significant species trends and also the shorter distances on poor 
stands. 
 

 

 Conclusions and Management Implications 

 Terrestrial LiDAR scanners show real promise for increasing the efficiency and 

effectiveness of collecting plot data for research and growth model construction and calibration.  

There are significant limitations, however.  Our comparison of two types of scanners (the Riegl 

LMS360i and the Leica Scanstation) showed that neither was capable of accurately determining 

entire branch mapping because of foliage obstruction.  Finer beam widths had much greater 

penetrating ability and scanners are steadily improving in this area.  Likewise, some small tree 

stems were missed completely in dense stands. Upper stem diameter measures lacked the 

precision to provide immediate assistance to taper equation and volume equation development. 

 An additional limitation is the current lack of fully automated algorithms to turn the laser 

generated data into useful stem and crown maps.  Processing was time consuming and tedious. 

Major advances have been achieved very recently in this rapidly evolving field.  Since this was 

the major limitation identified in our study LiDAR should be much more useful in the near term. 

We did show that the processed data, even from scanners with very different technology, could 



be combined.  In fact, given the different strengths and weakness of the different technologies, 

one should not depend on one scanner for all types of data generation and uses. 

 In spite of these limitations, the second part of the study showed that the ability to 

measure many crowns at differing heights brings major new insights into how trees compete for 

light. Nutrient and moisture availability affect the compactness and the plasticity of the crowns.  

On poor sites lodgepole pine crowns become more compact (shorter crown radii), however this 

is much less true on subalpine fir.  The change in crown diameter is not just density related. 

 We also found that including upper crown dimensions of size and compactness increased 

the predictability of diameter growth.  This is a direct indication that the changes described 

above are affecting tree growth and are somewhat obscured by the general variability of our 

volume growth and yield equations. 

 In conclusion, if we decide to move more in the direction of ‘precision forestry’ 

following many of our timber producing competitors, the added precision of being able to 

measure upper crown dimensions will become very important.  However, the added information 

may not be useful enough to warrant additional precision if we choose a route of more general 

volume production.  Usefulness of terrestrial laser scanners even 4-5 years old is limited for 

general inventory purposes, but advances in technology since we began our study indicate that 

the major limitations we found may be rapidly disappearing. 
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