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Abstract 
In light of an anticipated shift in timber extraction that focuses on non-pine forest types in 
the Northern Interior forest region, the evaluation of new remote sensing tools in these 
areas provide an important opportunity to examine methods, models and processes for 
improved inventories and resource analyses. This report summarizes the application of 
the LiDAR system to estimate understory vegetation and secondary structure. Airborne 
LiDAR data collections were gathered at the Aleza Lake Research Forest in the SBS wk1 
mixed spruce subalpine fir forests east of Prince George, BC on August 30th , 2006. 
LiDAR analyses incorporated the use of customized algorithms and field data to assess 
its accuracy in quantifying understory vegetation biomass and secondary forest structure. 
Three models were developed to describe secondary structure, one model describing all 
secondary structure (r2 = 0.49), another describing coniferous secondary structure (r2 = 
0.52), and the final model describing deciduous secondary structure (r2 = 0.23). The 
effect of overstory on LiDAR accuracy was also tested with the results indicating no 
significant impact. The LiDAR data produced very good results for high biomass areas as 
well as for describing understory vegetation, in both open and closed canopy conditions. 
Further work could be done to incorporate predictive ecosystem mapping with finer 
detailed LiDAR secondary structure mapping to produce operational maps of secondary 
structure in areas requiring rehabilitation, such as the Mountain Pine Beetle affected areas 
in the Interior, and to improve inventories for mid-term timber supply estimates in non-
pine forest types. This and other research increasingly suggests that the high cost of 
LiDAR could be offset by the range of forest values that can be accurately inventoried 
and modeled from the LiDAR data. 
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Introduction 
 
This study uses airborne LiDAR data (Aug., 2006) and large scale digital photography 
(Oct., 2006) for a ~1250 ha section of the Aleza Lake Research Forest (ALRF). This area 
is located 60 km east of Prince George, BC within the SBS wk1 biogeoclimatic zone 
dominated primarily by mixed spruce/sub-alpine fir forests with scattered hemlock, 
interior Douglas fir, and paper birch. This site was specifically located for its:  
 

1) topographic and vegetative diversity;  
2) overlap with two sets of recently measured sample plots - one describing forest 
carbon stocks the other, forest growth and yield;  
4) diversity of management regimes including unharvested old forest,  partial 
cuts, and clearcuts; and  
5) overlap with areas targeted for harvest.  

 
In light of an anticipated shift in timber extraction that focuses on non-pine forest types in 
the Northern Interior forest region, the evaluation of new remote sensing tools in these 
areas provide an important opportunity to examine methods, models and processes for 
improved inventories and resource analyses. The forest resource values examined in this 
project: current timber volume, secondary structure, and carbon, allow for further 
understanding of the strengths and weakness of using remote sensing technologies to 
identify and sustainably manage the increasingly diverse forest resources in the near and 
long-term. This report summarizes the findings from year 2 of the project which 
examines the application of the LiDAR system to estimate understory vegetation and 
secondary structure.  
 
 
Methods 
 
LiDAR Acquisition 
Airborne LiDAR data collections were funded by the Aleza Lake Research Forest 
Society and coordinated by the Applied Geomatics Group. A 1200 ha area of the Aleza 
Lake Research Forest was flown on August 30th , 2006, and was strategically located to 
take advantage of existing plot data and planned harvest blocks. The LiDAR survey was 
conducted with an Optech ALTM 3100 sensor. The data set was processed in Optech’s 
Realm software and saved in LAS binary format. The ‘all hits’ data were classified into 
ground and non ground returns. The LiDAR data sets are relatively large and need to be 
broken down into more manageable sections. Each survey was broken down into 1 km 
tiles. The tiles were processed in a number of different software environments before 
reaching the final output. This report outlines the data acquisitions specifications and the 
steps taken to convert the raw LAS output files into raster grids in Surfer and Arc 
formats.   
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LiDAR Processing 
The LiDAR data for this project were processed primarily with custom designed 
algorithms produced in the JAVA programming language.  These algorithms were used 
to produce the following datasets (see descriptions in appendix 2) 

• 5mCell_Bins 
• CHM      
• Contours     
• CSM      
• DEMs      
• Hillshade      
• SlopePercent      
• Trees 

o P90_TH10_TC75_TTC90_Ry      
o FRW_TH10_TC75_TTC90_Ry      

 
Field Data  
This project was supported by an existing series of field campaigns detailing ecosystem 
carbon (C) stocks for large trees, small trees, shrubs, herbs, woody debris, forest floor 
and soil.  The data were collected in the summers of 2003, 2004, and 2005 throughout the 
ALRF.  In total 152 plots were collected, 51 which coincided by the area for which 
LiDAR data and digital photography were collected.   
 
The sampling methods and plot design were based on the protocol proposed by the 
National Forest Inventory Committee (NFISG; Canadian Forest Inventory Committee 
2002) and have been previously described as modified in Fredeen et al. (2005).  In brief, 
the plot layout (fig. 1) specified zones for the measurement of several forest C stocks.  
Large tree diameters at breast height (trees ≥ 9.0 cm dbh) were assessed within an 11.28 
m radius plot (~400 m2) and small tree diameters (trees ≥ 1.3 m in height and < 9.0 cm 
dbh) within a 3.99 m radius plot (~50 m2) around the plot center.  For large trees and 
small trees, volumes were derived from allometric growth and yield data (Standish et al. 
1985; Penner et al. 1997; Jenkins et al. 2003; Li et al. 2003).  Biomass measurements 
were derived from volumes using known wood densities (J. Parminter, Ministry of 
Forests, Victoria, British Columbia, unpublished data) and tree C contents were taken 
from Lamlom and Savidge (2003).  Shrubs, herbs, and fine woody debris were 
destructively sampled in 4 x 1 m2 microplots.  Samples for these three components were 
ground to fine powder and analyzed with the Dumas combustion method (Kirsten 1983) 
using an NA 1500 elemental analyzer (Fisons Instruments SP, Milano, Italy). 
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Figure 1.  Plot sampling design based on National Forest Inventory. 
 
An additional field campaign was performed to produce measurements of secondary 
structure.  For this project secondary structure was defined as those trees that are not yet 
merchantable, but can be expected to be merchantable in the next 15 to 50 years.  Using 
growth models developed within the ALRF (e.g.,  Farnden, 1998), this translated to those 
trees that are > 2cm dbh and < 9cm dbh.  All trees > 1.3m in height were measured in an 
11.28m radius plot (400 m2).  A total of 28 plots were established in  40-50 year partial 
cut and natural old growth stands with tree counts ranging from 1050 stems/ha – 10900 
stems/ha.  
 
Modelling Analysis 
Integration and correlation of forest cover information, existing sample plot data and 
LiDAR and photography measurements detailing forest structure were derived using 
regression modelling. Plot measurements of forest ecosystem C were spatially 
interpolated using forest structural attributes derived from a discrete multi-return LiDAR 
system.  The interpolation was performed in a gridded environment with cell resolutions 
of 20 metres by 20 metres.  Monte Carlo uncertainty analysis was used to describe 
uncertainty in singular model predictions and spatial autocorrelation approximation 
formulae were used to scale the uncertainty in singular predications to uncertainties for 
landscape level predictions.  
 
In the first year of this project models were created to estimate total biomass C, large tree 
C, small tree C, herb C and woody debris C.  Although the LiDAR data was not able to 
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develop quality models to describe shrub C and woody debris C, models were developed 
to describe total biomass C, large tree C, small tree C, and herb C with r2 values of 0.792, 
0.782, 0.361 and 0.749 respectively.  The small tree and herb C models were also tested 
for their efficacy at describing the relevant stocks whether underneath overstory 
vegetation or not and the difference in r2 values was negligible, indicating no effect of 
overstory vegetation on model accuracy. 
 
In the second year of this project three further models were developed to describe 
secondary structure, one model describing all secondary structure (r2 = 0.49), another 
describing coniferous secondary structure (r2 = 0.52), and the final model describing 
deciduous secondary structure (r2 = 0.23).  As in the first year of modelling analysis, it 
was determined that the presence or absence of overstory vegetation had no effect on 
model accuracy. 
 
 
Results 
 
Spatial analysis was used to determine the feasibility of conducting forest C stock 
estimations with LiDAR data and supporting field data.  Regression models were built to 
describe total ecosystem C, large tree C, secondary structure C, and herb C.  Regression 
models were attempted for other ecosystem components of C but were not able to 
accurately depict these other components.  The results of the analysis are currently in 
review for peer-reviewed publication.   
 
To our knowledge, the accuracy of automated spatial modelling of secondary structure 
far exceeds that of all other methods which has been explored to date.  Predictive 
ecosystem mapping and Landsat TM and ETM+ satellite imagery have been tested and 
produced poorly fit models with r2 values ranging from 0.15 to 0.27 (MoF Research 
Branch, unpublished data). 
 
The secondary structure and herb C models were also tested for their efficacy at 
describing the relevant stocks whether underneath overstory vegetation, or not, and 
the difference in r2 values was negligible, indicating no effect of overstory 
vegetation on model accuracy.  This is significant as no other remote sensing 
system has shown the capability to reliably estimate secondary structure underneath 
mature canopies.  These estimations may prove critical in maintaining a mid-term 
timber supply in the wake of the Mountain Pine Beetle epidemic in Western 
Canada. 
 
 
Conclusions 
 
The LiDAR data produced very good results for high biomass areas as well as for 
describing understory vegetation, in both open and closed canopy conditions. The model 
predictions for C stocks within 40 to 60 year old partial cuts were very interesting in that 
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these types of stands were outperforming clearcuts on the long-term in terms of C 
sequestration.   
 
We have established that LiDAR data has high utility to understory vegetation and 
secondary structure through its capability to penetrate dense overstory canopies.  To our 
knowledge the models described by this research are the best spatially explicit models 
produced to date for describing understory vegetation and secondary structure in forested 
environments.  It is our belief that with a concerted effort, further work could be done to 
incorporate predictive ecosystem mapping with finer detailed LiDAR secondary structure 
mapping to produce operational maps of secondary structure across the wake of the 
mountain pine beetle epidemic, which would greatly enhance efforts to mitigate the 
expected mid-term timber supply falldown. 
 
Although the capabilities of LiDAR to describe overstory and understory forest C 
exceeded that of optical remote sensing systems, there is no doubt that the data 
acquisition costs for LiDAR are many orders of magnitude greater than conventional 
remote sensing systems, and consequently will limit extensive LiDAR surveys in BC in 
the short-term . However, the present research and other ongoing investigations (e.g. 
Lim, 2008, Coops, 2008) are incrementally demonstrating that these costs could be offset 
by the range of forest values that can be accurately inventoried and modeled from LiDAR 
data.   
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Appendix 1 – Processed Product Descriptions 
 
 5mCell_Bins   -   The volume of LiDAR data was simplified into a dataset 
detailing the amount of hits at varying elevation ‘BIN’s for given cell sizes.  The 
generated attribute data was attached to points detailing the centroid of each cell.  Each 
point thus acts as a histogram detailing the number of hits at each elevation range.  The 
data were generated by pre-processing the LAS file into an ASCII X,Y,Z table using 
FUSION/LDV and then using Python programming to generate the final data product.  
These bins can be recalculated for any desired resolution.  In the Kennedy Siding study 
area, very high elevation points needed to be removed beforehand (see the entry for the 
CSM for details on this).  Two datasets were produced for each study area, one detailing 
hits within four metre elevation ranges with a total range of 0 – 52 metres, and the other 
detailing one metre elevation ranges with a total range of 0 – 13 metres.  For the dataset 
detailing 0 – 13 metres anything higher than 13 metres is put into the attribute e13_14 so 
as to maintain a correct proportional total for other step classes.  Consider the attached 
screenshot showcasing 5mCell_Bins: 

 
Fig 1. 5mCell_Bin example data.  Each point in this image summarizes all of the LiDAR returns within a 
five metre square surrounding that point.  The attributes for each point are shown in the window.  X and Y 
detail the x and y coordinate of the point.  E0_4 details the number of returned points within zero to four 
metres of the ground surface, whilst E20_24 would detail the number of returned points within 20 to 24 
metres of the ground surface.  Total details the total number of returns.  P0_4 details the percentage of the 
total returns that were within zero to four metres of the ground surface etc.  MaxHt details the maximum 
bin height for which returned values were observed, thus if the maximum EXX_XX was E20_24, then the 
MaxHt value is 22.  PMaxHt details the corresponding percentage of returns that were of MaxHt.  
SubMaxHt1 and PSubMaxHt1 detail the second highest return bin and corresponding percentage, whilst 
SubMaxHt2 and PSubMaxHt2 detail the third highest return bin and corresponding percentage. 
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 Carbon    -    Carbon models were developed to describe total biomass carbon (r2 
= 0.792), large tree carbon (r2 = 0.782), secondary structure carbon, and herbaceous 
carbon (r2 = 0.749).  Due to the importance of secondary structure in mitigating a mid-
term timber supply, this model was broken down into three groups: all secondary 
structure (r2 = 0.490), coniferous secondary structure (r2 = 0.523), and deciduous 
secondary structure (r2 = 0.234).  The cellsize for these models is 20m x 20m (400m2). 
 
 CHM    -    A Canopy Height Model was derived from the CSM and DEMs 
(detailed separately in this dictionary).  An interim dataset detailing the value of the CSM 
minus the DEM was created.  As the DEM was created from interpolation methods by the 
LiDAR Service Provider there were some cells with negative values (< 0.1% of the study 
areas).  Thus the interim product was reclassified with negative values being assigned a 
value of zero and positive values being assigned a value of 1.  This reclassification was 
multiplied with the original interim product to create the CHM’s.  The canopy height 
model details the highest height from the interpolated ground surface where sufficient 
LiDAR energy was returned for the LiDAR sensor to record a ‘hit’.  The CHM was 
developed using the Spatial Analyst extension of ArcGIS. 
 
 Contours   -   Contours were developed with one metre intervals from the DEMs 
provided by the LiDAR service provider.  Contours were developed with the 3D Analyst 
extension of ArcGIS 9.2. 
 
 CSM   -   Canopy Surface Models were derived from the .LAS files using 
FUSION/LDV.  For each study area the highest detail resolutions possible were slightly 
less than one metre, ranging from 0.71 to 0.85.  For simplicity sake the resolution was 
assigned to one metre.  For the Kennedy Siding study area it was necessary to convert the 
.LAS file to ASCII (using FUSION/LDV) and remove points with Z values greater than 
1500m as it appeared that some flight lines within the study area encountered some wispy 
clouds.  Second, third, and fourth returns were nevertheless recorded in these areas.  The 
high elevation points were removed with a simple Python searching script, the resulting 
ASCII file was converted back to a .LAS file using FUSION/LDV. 
 
 DEMs   -   Digital Elevation Models were provided in a tiled form by the LiDAR 
Service Provider.  These tiles were mosaiced together using Python geoprocessing scripts 
in the ArcGIS environment. 
 
 HillShade   -   Hillshade models were created using the 3D Analyst extension of 
ArcGIS 9.2.  The default values for sun position were used. 
 
 SlopePercent   -   Slope models were created using the 3D Analyst extension of 
ArcGIS 9.2.  Slope values are expressed as percents. 
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 Trees   -   Two tree finding algorithms were used to generate tree locations.  The 
characteristics of the algorithm are identical except in how tree apexes are found.  Both 
algorithms are custom designed using characteristics of the CHM.  The first approach 
used a fixed radius filter to search for absolute apexes.  The second approach used a 
relative probability filter and a minimum probability threshold for derived apexes. Once 
apexes are found, crown diameters, crown shapes, and crown centroids are calculated 
using the characteristics of radial lines extending from the tree apex.  The tree finding 
algorithms were created with Python.  The fixed radius window derived trees are in the 
directory “FRW_TH10_TC75_TTC90_Ry”, whilst the probability map derived trees are 
in the directory “P90_TH10_TC75_TTC90_Ry”.  This tree finding algorithm is currently 
in its beta version.  Trees with heights less than 10 metres have not been included in this 
data but can be if desired. 
 
**The python/java scripts used to derive the data in ‘5mCell_Bins’ and ‘Trees’ were 
developed by Bluewater Business Solutions and were used with permission for this 
project. 


