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Executive Summary 

 
1. Project purpose and management implications 
 
A critical mechanism in the demonstration of sustainable forest management is the use 
of sensitive indicators which provide unambiguous information about the response for 
the forest to management. These indicators need to be quantifiable, technically sound, 
scientifically based and ultimately measurable using cost-effective monitoring systems.  
The BC Ministry of Forests and Range Practices Act  (FRPA) Resource Evaluation 
Program is a long-term commitment by government to identify issues regarding the 
implementation of forest policies, practices and legislation. The program has identified 
eleven key resource value indicators defining a range of values including biodiversity, 
forage, timber, water and wildlife objectives that must be maintained. A common 
characteristic of these indicators is the need to map and monitor aspects of forest 
structure at both fine and landscape scales.  
 
In recent years there have been increases in the use of airborne, small footprint LiDAR 
(Light Distance And Ranging) data and high spatial resolution satellite imagery. These 
technologies offer the potential to significantly enhance the timeliness, scope, and rigor 
of forest measurement information available to decision makers. LiDAR technology, in 
particular, offers a revolutionary and complementary method to assess forest structure 
by measuring the height of the canopy from aircraft, underlying terrain morphology, and 
information on the vertical distribution of foliage. LiDAR data has been shown to be 
highly correlated with structural attributes such as stand diversity, growth stage and 
crown complexity, and high spatial resolution imagery has been successfully applied to 
estimate habitat quality, leaf area and species detection.  

 
The target audience for this project includes BC Ministry of Forests and Range (MOFR), 
research groups and industry (International Forest Products).  Both MOFR and Interfor 
are currently actively investigating technologies to enhance the collection of accurate 
field data for use in forest management activities, including growth and yield, inventory, 
and the monitoring of sustainability indicators and biodiversity targets. The application of 
airborne LiDAR is a key technology that could potentially improve the quality, cost and 
time efficiencies of forest inventories in BC. Initially, through meetings and publication of 
our developed techniques and results, the primary beneficiary from this project will be 
remote sensing users, including the Forest Analyses and Inventory branch of the MOFR 
and licensees that utilize remote sensing data for field operations. The processing steps 
and approaches we develop will be communicated through workshops to forest 
professionals with an interest in remote sensing and forest structure. With these new 
tools, and increased access to data, we believe the results will help managers make 
better decisions in the management of complex structured stands.  

 

Management implications of this project will include  

• a new suite of remote sensing technologies that allows the economic creation of 
forest structure attributes linked into the existing FRPA guidelines,  



• insight into changes in forest structure over both private and public forest lands 
on Vancouver Island, and  

• robust relationship between LiDAR observations and field measured structure 
which can be transferred and applied to other regions as additional LiDAR datasets 
become available.  

 
2. Project start date, length of project, and any former project numbers or funding 
sources that apply. 
 
2 year project.  
Project Commencement: 2006 
Project End: 2008. 
 
3 Methodology overview 
The challenges of managing and maintaining structurally complex stands requires a shift in 
emphasis away from non-spatial forest plots distributed throughout the forest estate, to models 
and technologies that can be applied over larger areas that are spatially-explicit and able to 
provide information on a range of forest attributes. The project is assessing the capacity of 
LiDAR data, used in combination with high spatial resolution satellite imagery, to provide 
detailed information on forest structure. This information will ultimately form a critical 
component of a long term, high quality monitoring system for resource sustainability, with the 
aim of detecting changes in forest structure, vegetation extent and composition.  

 

Our research is being conducted in a key multi-function, multi-use area of coastal BC (Clayoquot 
Sound, on the west coast of Vancouver Island). The area of interest is approximately 15 km from 
Tofino, covers 200 km2, and was chosen because it covers both coastal national park as well as 
actively managed forest (under the tenure of Interfor). The area is classified as Coastal Western 
Hemlock zone, based on a vegetation and climate BEC classification system (Meidinger and 
Pojar 1991). Western hemlock (Tsugaheterophylla) is a dominant or codominant tree species 
throughout; western redcedar (Thuja plicata), amabilis fir (Abies amabilis), yellow-cedar 
(Chamaecyparis nootkatensis), Sitka spruce (Picea sitchensis), Douglas-fir (Pseudotsuga 
menziesii), and red alder (Alnus rubra) also occur under differing conditions. 

 



Figure 1 The study area was stratified using TEM site series and structural stages. 

 



 

Field Data Collection 
In July of 2006, over 700 individual trees were measured from within 625 m2 rectangular plots. 
Plot centres and corners were mapped using a differentially corrected GPS (Trimble GeoXT). The 
following data were then collected for each tree with a diameter at breast height (DBH) greater 
than 10 cm: 
 

• distance and bearing from plot centre 
• species 
• height to bottom of live crown 
• height to top of live crown  
• total height  
• DBH 
• wildlife tree class (or decay class) 
• crown density estimate 
• crown widths for every fifth tree 

 
Finally, a point-quadrat camera method (Warren Wilson 1958; Aber 1979a; Aber 1979b) was 
employed to develop foliage height profiles for each site. Using a manual-focus camera as a 
range-finder, 15 measurements of vegetation height were made at nine locations within each plot, 
resulting in a total of 135 measurements of the forest canopy’s vertical distribution for each site.    
 

Remote sensing, acquisition and modelling: 

Small footprint laser data were acquired by Terra Remote Sensing (Sidney, British Columbia, 
Canada).  Ground and non-ground returns were separated using Terrascan v 4.006 (Terrasolid, 
Helsinki, Finland).  Pulse frequency, flight speed, and altitude were optimized to achieve a 
nominal point spacing of one laser pulse return every 1.5 m2, however ground return posting 
distances were up to 20 m in the dense forest cover classes such as pole/sapling and young forest.   
 
 
4. Project scope and regional applicability; 
Research is taking place at Clayoquot Sound, on the west coast of Vancouver Island. The results 
will be highly applicable to all west-coast coastal forests. 
 
5. Any interim conclusions, inference or information that might be immediately useful to 
forest practitioners and other researchers;  
 
Figure 2 shows some initial plot-scale results, with stand attributes predicted using LiDAR as the 
independent variables, and attributes measured in the field as the dependent variables. Using 
linear regression was effective for predicting tree heights, but less so for DBH or basal area (not 
shown). The poor relationship between height and DBH was especially apparent in structurally 
complex old-growth stands, where trees often had broken tops.    
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Figure 2 Scatter plots of predicted and observed stand attributes for 24 plots located in 
Clayoquot Sound, Vancouver Island.  
 
 
Ongoing research is now ongoing looking at individual tree based relationships of tree wildlife 
cases and LIDAR individual tree hit distribution. 
 
 
Appendices:   

1. Report on 2006 Field Activities 
2. Paper for a peer reviewed International LiDAR remote sensing 
conference. Bater, C.W, Coops, N.C. (2006) Comparing interpolation 
algorithms for deriving digital elevation models from unevenly distributed 
LiDAR ground returns. Silvilaser 2006, Nov. 7-10, 2006 – Matsuyama, 
Ehime (Japan). 



3. Example digital Coverages from LiDAR available on DVD to project 
partners 
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Study Area Stratification 

The field program was carried out using a stratified sampling approach. In order to establish 
a framework, the study area was stratified by species composition and structural stage using 
British Columbia’s Terrestrial Ecosystem Mapping (TEM) system (Figure 1). 
  
Derived from aerial photography (1:20,000 to 1:50,000), the TEM classification system has 
been designed to provide information for a wide range of resource management 
applications, including forest, range, wildlife and biodiversity management (Mitchell et al. 
1989; Demarchi et al. 1990). The TEM classification system used for mapping in this 
research is hierarchical, with broad scale regional and climatic landscape units and finer-scale 
polygons covering major, and then minor physiographic and macroclimatic variation. The 
broad climatic differences result in corresponding differences in vegetation, soil, and 
ecosystem productivity. The differences in vegetation are evident as a specific climax plant 
sub-association on zonal sites. At the finest scale, TEM mapping provides polygons of 
similar potential vegetation composition. 
 
In addition to both over and understorey species composition, the structural stage for each 
TEM mapping unit polygon is also described. Structural stages describe the existing 
dominant stand appearance or physiognomy for the ecosystem unit, and are derived from 
the seral and stand structure classifications recommended by Hamilton (1988), and Oliver 
and Larson (1990). Structural complexity of a stand increases by class number with grass and 
herbaceous communities indicative of structural class 1 and old growth forest, the most 
complex, with structural class 7. The definitions of these seven structural classes were used 
to classify the vegetation structural stages of riparian and forest ecosystems within the study 
area. Generally, class 3 and less have an overstorey tree cover of less than 20%. Early age 
stands, prior to crown closure and self-thinning, represent structural stages 4, with class 5 
being indicative of post self-thinning stands starting to open (Figure 2).  
 



Figure 1 The study area was stratified using TEM site series and structural stages. 

 



  
HS(3): Hemlock/Western Red Cedar – Salal 

(Shrub Herb) 
 

HS(5): Hemlock/Western Red Cedar – Salal 
(Pole/Sapling) 

  
SD(7): Sitka Spruce/Hemlock – Devil’s Club 

(Old Forest) 
LS(7): Lodgepole Pine, Yellow Cedar – Salal 

(Old Forest) 
 

Figure 2 Examples of TEM site series and structural stage combinations sampled in the 
field.  
 



 
 
 
Field Data Collection 

In July of 2006, over 700 individual trees were measured from within 625 m2 rectangular 
plots. Plot centres and corners were mapped using a differentially corrected GPS (Trimble 
GeoXT). The following data were then collected for each tree with a diameter at breast 
height (DBH) greater than 10 cm: 
 

• distance and bearing from plot centre 

• species 

• height to bottom of live crown 

• height to top of live crown  

• total height  

• DBH 

• wildlife tree class (or decay class) 

• crown density estimate 

• crown widths for every fifth tree 
 
Finally, a point-quadrat camera method (Warren Wilson 1958; Aber 1979a; Aber 1979b) was 
employed to develop foliage height profiles for each site. Using a manual-focus camera as a 
range-finder, 15 measurements of vegetation height were made at nine locations within each 
plot, resulting in a total of 135 measurements of the forest canopy’s vertical distribution for 
each site.    
 



Initial Results 
Figure 3 shows some initial plot-scale results, with stand attributes predicted using lidar as 
the independent variables, and attributes measured in the field as the dependent variables. 
Using linear regression was effective for predicting tree heights, but less so for DBH or basal 
area (not shown). The poor relationship between height and DBH was especially apparent in 
structurally complex old-growth stands, where trees often had broken tops.    
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Figure 3 Scatter plots of predicted and observed stand attributes for 24 plots located in 
Clayoquot Sound, Vancouver Island.  
 
 
Research is now ongoing looking at individual tree based relationships of tree wildlife cases 

and LIDAR individual tree hit distribution. 
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Abstract  
 
Light Detection and Ranging (LiDAR) technology is capable of precisely measuring a variety of 
forest metrics, the estimates of which are often based on relative heights above a digital elevation 
model (DEM).  As a result, the development of these elevation models is a critical step when 
processing LiDAR observations. A number of different algorithms exist with which to interpolate 
LiDAR ground hits into a terrain surface, which can potentially result in significant differences in 
terrain height estimation and the subsequent derivation of tree heights and other metrics. In this 
paper we applied a range of interpolation routines, using small footprint LiDAR samples, 
surveyed over dense conifer forests on Vancouver Island, British Columbia, Canada.  The LiDAR 
data, acquired at 1.5m spacing, was randomly subsetted into a prediction dataset and a validation 
dataset.  A suite of DEMs were then generated using inverse distance weighed, regularized spline, 
spline with tension, linear, quintic, and natural neighbor interpolation routines, at spatial 
resolutions of 0.5, 1.0 and 1.5 m.  The Root Mean Square (RMS) error of the residuals between 
the surfaces and the validation points indicated that the 0.5 m DEMs were the most accurate. 
Whilst statistical tests indicated some bias existed for a number of the interpolation routines, the 
mean errors were close to zero, indicating that all of the interpolations were sufficiently unbiased.  
Of the tested approaches, mathematical spline fitting produced the most extreme outliers, often in 
excess of ± 5 m in sloping terrain.  Overall, the natural neighbour algorithm provided the best 
results.   
 

Keywords: Interpolation algorithm, DEM validation, slope, ground 
returns  

  
1. Introduction 
 
Digital elevation models (DEMs) are an increasingly important tool in a variety of disciplines, 
including engineering, soil sciences, geology, hydrology, and meteorology.  Forestry applications 
of DEMs include identifying areas suitable for harvesting and road construction, and risk 
mapping for slopes that may be prone to erosion or are unsuitable for heavy machinery.  Light 
Detection and Ranging (LiDAR) is an emerging technology capable of generating high spatial-
resolution DEMs.  A key advantage is its ability to simultaneously acquire point observations of 
vegetation and terrain, allowing for the accurate measurement of vertical forest profiles.  



Airborne LiDAR surveys are typically designed to have a dense and evenly distributed point 
spacing.  In areas of particularly dense forest canopy, however, the ground may be obscured from 
the sensor’s view, resulting in a dataset containing a large number of vegetation returns and a 
relative paucity of terrain information.  Under such conditions, the selection of an appropriate 
algorithm for DEM interpolation becomes an important decision, especially in uneven terrain.  
Derivation of DEMs remains an important topic (Lloyd and Atkinson 2002; Yanalak 2003; 
Anderson et al. 2005), and interpolation algorithms vary widely in their complexity, ease of use, 
and computational expense.  
 
Interpolation methods can be broadly defined as being deterministic or probabilistic (Maune et al. 
2001).  Deterministic methods are based only on surrounding values, with algorithms applying 
mathematical formulae to determine the influence of immediate neighbor values.  Probabilistic 
geostatistical methods rely on spatial autocorrelation, and account for distance and direction when 
determining the importance of surrounding values (Maune et al. 2001).  In our research we apply 
deterministic approaches including linear, quintic, natural neighbor, regularized spline, spline 
with tension, and inverse distance weighted (IDW) interpolation algorithms.  Geostatistical 
techniques were not tested as they were too computationally expensive.    
 
Of these deterministic approaches, linear, quintic, and natural neighbor methods employ 
triangulated irregular networks (TINs).  A TIN is a vector terrain model using Delaunay triangles 
to join points in three-dimensional space (e.g. LiDAR ground returns).  Linear interpolation 
calculates a surface based only on the coordinates of the triangle within which an unmeasured 
point is located, while the quintic method relies on the geometry of adjacent triangles and a fifth-
degree polynomial to fit a smooth surface (ESRI 2005).  Natural neighbors employ a TIN to 
identify adjacent points, and voronoi (Thiessen) polygons to determine the influence or weighting 
of each point (Maune et al. 2001).  In contrast, IDW and spline algorithms are applied directly to 
a set of measured points, with IDW employing a weight that is an inverse function of distance, so 
that adjacent values decrease in significance with distance.  Splines are conceptually comparable 
to fitting a rubber sheet through a set of measured points, relying on a mathematical function to fit 
a smooth surface through a series of observations (Maune et al. 2001). 
 
The goal of this research was to identify the best algorithm for interpolating irregularly spaced 
ground returns below dense forest canopy, and to determine to what degree sloping terrain 
affected their accuracy.  
 
2. Methods 
 
2.1 Area of Investigation  
 
Our investigation focused on Clayoquot Sound,  Vancouver Island, British Columbia, Canada, 
(49o0’35” N, 125o37’21” W), approximately 15 km south of the town of Tofino.  Clayoquot 
Sound includes both mature first and second growth forest and, although flanked by the 
Vancouver Island Range, the topography is relatively subdued.  Streams are generally incised, 
meandering and alluvial.  The area is classified as Coastal Western Hemlock (CWH) zone, based 
on the Biogeoclimatic Ecosystem Classification (BEC) system (Meidinger and Pojar 1991), and 
has been mapped using the provinces Terrestrial Ecosystem Mapping (TEM) classification 
system, which is derived from 1:20,000 to 1:50,000 scale aerial photography (Mitchell et al. 
1989; Demarchi et al. 1990).  Based on the TEM classification system, the area encompasses the 
full range of forest structural stages from shrub and herb (14% of total area), pole and sapling 
(32%), young forest (4%), and old forest (46%).       



 
2.2 Remotely Sensed Data 
 
Small footprint laser data were acquired in July 2005 by Terra Remote Sensing (Sidney, British 
Columbia, Canada).  Ground and non-ground returns were separated using Terrascan v 4.006 
(Terrasolid, Helsinki, Finland).  Pulse frequency, flight speed, and altitude were optimized to 
achieve a nominal point spacing of one laser pulse return every 1.5 m2, however ground return 
posting distances were up to 20 m in the dense forest cover classes such as pole/sapling and 
young forest.   
 
2.4. Interpolation Algorithm Assessment and Slope Analysis 
 
In order to compare the DEMs derived from the different interpolation routines, the LiDAR 
dataset was randomly subsetted into two, with the first containing 4.5 million points (97% of the 
data) which was used to create the DEMs, and a second with 130,000 points (3%) which was 
used as an independent dataset to validate the surfaces.  The analysis was specially designed to 
investigate the differences between the interpolation algorithms, and not the absolute geodetic 
accuracies of the DEMs.  In order to assess the absolute geodetic accuracies of the surfaces, 
survey-grade data would be required.  
 
In total, 36 DEMs were produced using a range of interpolation routines (listed in Table 1).  For 
each method and parameterization, DEMs were generated with spatial resolutions of 0.5 m, 1.0 m 
and 1.5 m.  Spline and IDW interpolators were parameterized to use the 12 nearest points in the 
vicinity of the location being estimated.  Weights for regularized spline and spline with tension 
were set to 0, 0.1, 1 and 2; for IDW the power was set to 2.   
 
 

Table 1:  Global statistics summarizing validation errors for selected DEMs (n = 131,852).   

Interpolation 
Method (Weight) 

Resolution 
(m) 

Mean 
Error (m) 

Min 
Error 
(m) 

Max 
Error 
(m) 

Range 
(m) 

RMSE 
(m) 

95% 
Accuracy 

(m) 

Linear 0.5 0.0014 -3.26 4.86 8.12 0.18 0.35 

Quintic 0.5 0.0015 -4.49 4.99 9.48 0.17 0.34 

Natural 
Neighbour 

0.5 0.00059 -3.27 4.70 7.96 0.17 0.34 

Spline with 
Tension (2) 

0.5 -0.00030 -4.80 4.76 9.55 0.17 0.34 

Regularized 
Spline (0) 

0.5 -0.00022 -5.67 5.04 10.72 0.18 0.35 

IDW 0.5 -0.0057 -4.57 6.83 11.40 0.21 0.41 
Linear 1.0 -0.00088 -3.53 4.82 8.34 0.19 0.37 
Quintic 1.0 -0.00022 -4.69 4.95 9.64 0.19 0.37 
Natural 

Neighbour 
1.0 -0.0015 -3.55 4.74 8.29 0.19 0.36 

Spline with 
Tension (2) 

1.0 0.00061 -4.80 4.70 9.50 0.19 0.37 

Regularized 
Spline (0) 

1.0 0.00075 -5.75 4.94 10.69 0.19 0.37 

IDW 1.0 -0.0053 -4.73 6.41 11.14 0.21 0.42 
Linear 1.5 0.0016 -3.53 5.12 8.64 0.19 0.38 



Quintic 1.5 0.0026 -4.69 5.21 9.90 0.19 0.38 
Natural 

Neighbour 
1.5 0.0010 -3.55 4.90 8.45 0.19 0.37 

Spline with 
Tension (2) 

1.5 0.0021 -4.87 4.23 9.10 0.21 0.41 

Regularized 
Spline (0.1) 

1.5 0.0051 -6.76 5.09 11.84 0.25 0.49 

IDW 1.5 -0.0050 -4.60 7.69 12.29 0.22 0.43 
Note that for the regularized spline and spline with tension, only the most accurate parameterization is shown for each 
spatial resolution. 
 
 
The validation dataset was then used to compare the DEMs.  For each DEM, vertical errors were 
calculated for every point in the validation data using equation (1), 
 

( ) ( ) ( )i i iE s P s M s= −       (1) 

where E(si) is the error, P(si) is the predicted value of the DEM, and M(si) is the measured value 
from the validation LiDAR data at location si.  Global statistics were calculated to assess the 
overall performance of the interpolation routines.  Mean error is a measure of bias, with positive 
values indicating the interpolation algorithm is overestimating the actual data.  Two-tailed t-tests 
were used to establish if errors differed significantly from zero.  Mean absolute error (MAE), 
root-mean-square (RMS) error and vertical accuracies at the 95% confidence level were 
calculated to measure the accuracies of the surfaces.         
 
To investigate the effects of slope on differences in interpolation, a TIN was generated using all 
ground returns in the dataset (e.g. prior to subsetting the data).  A polygon slope map was then 
calculated from the TIN and classified into nine classes:  0-1, 1-2, 2-5, 5-10, 10-15, 15-20, 20-25, 
25-30, and 30-35 degrees.  Although slopes of up to 85 degrees existed, the majority of ground 
returns were found between 0 and 35 degrees.  A Kruskal-Wallis test was then used to determine 
if slope affected interpolation accuracies.  All analyses were undertaken using ArcGIS 9.1 (ESRI, 
Redlands, USA) and Statistica 7.1 (Statsoft, Tulsa, USA). 
 
3. Results  
 
Global statistics for selected surfaces are summarized in Table 1, and hillshades derived from the 
1 m DEMs are shown in Figure 1.  Two tailed t-tests determined that the 0.5 m DEM produced 
using IDW, the 1 m DEMs produced using IDW and natural neighbors, and all of the 1.5 m 
DEMs had mean errors that significantly differed from 0 at a p < 0.05 rejection threshold.   
 



 
Figure 1:  Hillshades derived from 1 m DEMs showing a meander of Lostshoe Creek.  Note that all the 

DEMs contain interpolation artifacts. 
Kruskal-Wallis tests were used to assess if slope affected interpolation accuracies.  The validation 
data were randomly subsetted so that each slope category had approximately 1,000 points.  The 
results of the Kruskal-Wallis tests indicated that mean absolute errors were not equal between 
slope classes at a p < 0.05 rejection threshold (Figure 2).   
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Figure 2:  Effect of increasing slope on absolute interpolation errors for six DEMs.  Vertical lines indicate 

standard errors of the means. 
 



 
4. Discussion 
 
Visual inspection of the DEMs indicated that all contained interpolation artifacts, particularly 
where point densities were low.  The linear interpolator, and to some degree the quintic and 
natural neighbor algorithms, exhibited faceted surfaces resulting from their derivation from a 
TIN.  The splines produced smooth surfaces, but often contained distortions near escarpments.  
The IDW algorithm tended to produce a dimpled surface in areas where ground returns were few.  
 
T-tests performed on mean errors indicated that many of the DEMs were significantly biased.  As 
Table 1 demonstrates, however, these differences were on a scale of millimeters, indicating that 
whilst statistically significant, their biases would not be a major source of error for operational 
applications of LiDAR observation such as estimating tree heights. 
 
The linear, natural neighbour, quintic and spline algorithms were similar with respect to their 
RMS errors and 95% vertical accuracies. The most obvious differences between DEM accuracies 
were in their overall ranges (Table 1).  The linear and natural neighbor interpolators are the most 
conservative of the algorithms and tended to have the lowest overall range of errors.  The spline 
algorithms will exceed local minima and maxima where unconstrained by measured values and 
had larger ranges.  Though not reported here, accuracies for splines were heavily influenced by 
their parameterization, with errors often exceeding ± 5 m.  Alternatively, IDW methods 
performed poorly, but varying and further tuning additional parameterizations specific to the 
IDW approach may have improved results.  
 
Analysis of the slope classes indicated that increases in slope resulted in decimetre-magnitude 
increases in mean absolute errors for all surfaces.  However, the algorithms estimated heights 
over sloping terrain more accurately when finer spatial resolutions were used, implying that in 
areas of undulating topography the choice of resolution may be more important than the choice of 
interpolation method.  Although the splining and IDW algorithms appear to be more sensitive to 
changes in gradient then the other methods, it is recognized that the splining and IDW routines do 
not involve the initial derivation of a TIN, whereas the other methods do. As a result, comparing a 
slope layer, derived using a TIN, against all the DEM methods may favour the TIN-derived 
DEMs compared to the splining and IDW approaches, and result in increased apparent 
accuracies.  
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