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Abstract: CWD (coarse woody debris) plays an important role in nutrient cycling, habitat for species and more recently carbon 
accounting in forest ecosystems. LiDAR (light detection and ranging) technology has demonstrated utility in capturing forest 
structure information. This paper proposes an indirect method of assessing downed CWD using LiDAR derived forest structure 
variables. Fieldwork was conducted to measure CWD volume in an Eucalyptus forest in Tasmania. A GLM (generalized linear 
model) to statistically estimate CWD volume in the Eucalyptus forest was developed using a LiDAR derived FCS (forest 
characterisation scheme): the openings above the ground, low and medium vegetation, canopy cover, presence of understorey and 
mid-storey vegetation and high trees, and the vertical canopy density of high trees. Five structural variables were selected for the best 
model based on AIC (Akaike’s Information Criterion) by stepwise selection. The applicability of the model was then compared to the 
outcome of model using field derived variables such as diameter at breast height of trees. The results show that the model using 
LiDAR derived variables better estimated the amount of CWD. It is concluded that LiDAR derived forest structural variables has the 
potential to predict the amount of downed CWD in Eucalyptus forest. 
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1. Introduction  

CWD (Coarse woody debris) is defined as standing 
dead trees and downed wood. CWD plays an 
important role in nutrient cycling, habitat for species 
and more recently carbon accounting in forest 
ecosystems [1, 2]. However, the reduction of CWD is 
widely reported [3, 4] and recognized as one of the 
threats to biodiversity. Therefore, assessment of CWD 
is critical in the monitoring of forest ecosystems. The 
amount of CWD is generally estimated based on 
various field sampling techniques such as the 
line-intersect method [5]. These field sampling 
methods often require intensive and costly fieldwork, 
however, only cover a small sample fraction of the 
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system studied. 
Remote sensing data derived from satellite and 

airborne sensors are superior to field survey data in 
terms of high-spatial coverage, near simultaneous 
acquisition, repeated regional accounting and cost. 
LiDAR (light detection and ranging) is an active 
sensing technology that emits laser pulses and 
measures the range distance between sensor and the 
illuminated target, providing 3-dimensional 
information. Numerous papers have documented the 
utility of LiDAR for the estimation of forest attributes 
in forestry [6-8]. CWD is associated with stand 
composition, structure and dynamics as its quality and 
quantity rely on the stand characteristics [9], therefore, 
structural attributes derived from LiDAR should be 
useful in estimation of CWD. However, small number 
of studies have been published to estimate the amount 
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of CWD using LiDAR [10, 11]. In the study of fuel 
models in the closed-canopy conifer forests of the 
western United States, Seielstad and Queen [11] 
showed the possibility of estimating CWD loads using 
a surface roughness metric and obstacle density, 
which was defined as the number of non-ground 
points less than 6 feet in height per square meter, 
normalized by the total number of ground and points 
greater than 6 feet. This “direct” method to assess 
CWD using laser points may be susceptible to site 
condition such as closeness of canopy, existence of 
understory vegetation and decay stage of CWD. On 
the other hand, Pesonen et al. [10] “indirectly” 
estimated downed dead wood volume using the 
predictive variables of canopy height distribution, 
cumulative proportional canopy densities, the laser 
pulse intensities accumulating in percentiles, the 
average intensity value of above-ground hits, the 
proportion of ground hits versus canopy hits and the 
average height and standard deviation of the 
above-ground hits derived from first and last laser 
returns respectively. These authors found that the 
standard deviation of first return laser heights was the 
most significant variable in the models, and achieved 
the adjusted multiple correlation coefficient of 0.6099 
with the combination of the standard deviation of first 
return laser heights and last return laser pulse intensity 
accumulating in 10th percentile as predictors.  

In this paper, an indirect method of assessing 
downed CWD is proposed using LiDAR derived 
forest structure variables since the amount of CWD 
may be explained by the forest structure at the site as 
Bobiec [9] suggested. A GLM (generalized linear 
model) to statistically estimate CWD volume in an 
Eucalyptus forest was developed using previously 
proposed LiDAR derived FCS (forest characterisation 
scheme) [12] the openings above the ground, low and 
medium vegetation, canopy cover, presence of 
understorey and mid-storey vegetation and high trees, 
and the vertical canopy density of high trees. The 
applicability of the model is then compared to the 

outcome of model using field derived variables which 
are commonly collected in the fieldwork for natural 
resource management. 

2. Material and Methods 

2.1 Study Area 

The study area (upper left S 41.12°, E 146.45°; 
lower right S 41.32°, E 146.58°) locates in the 
Rubicon catchment of the Cradle Coast Region of 
Tasmania, Australia, and covers approximately 20,000 
ha. The area is classified as Eucalyptus amygdalina 
coastal forest and woodland. The forests are dry 
sclerophyll communities dominated by E. amygdalina 
and have heathy, sedgy and shrubby understorey 
variants [13]. In this area, the human population is 
growing in coastal towns such as Devonport which is 
one of the two major centres in this region. Most 
people are employed in primary industries 
(agriculture, mining, forestry and fishing), 
manufacturing, retail and tourism. As the population 
grows, change in land use such as land clearing for 
grazing, and conversion of native forest to plantation 
is causing terrestrial habitat loss or modification. 
Subdivision for urban or industrial development in 
areas of high vegetation conservation is the major 
threat to biodiversity in this area [14]. 

2.2 LiDAR Data 

LiDAR data were acquired over the study area 
using a RIEGL LMS-Q560 sensor in February 2007. 
This is a full waveform system. The data provided 
were decomposed in up to six returns for this study. 
The scan angle for this mission was set to ± 22.5º. The 
flying height was 500 m above the ground, yielding an 
individual return footprint of approximately 20 cm in 
diameter. For this study, the pulse repetition frequency 
was 100 kHz and the wavelength of interaction was 
1550 nm. Using this data, the authors previously 
proposed a FCS to assess forest ecological structure, 
which consists of 8 categories: opening above the 
ground (OG), low vegetation (OL) and medium 
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vegetation (OM), presence of understorey vegetation 
(VL), medium vegetation (VM) and high vegetation 
(VH), canopy cover (CC) and vertically dense canopy 
of high trees (DH). Table 1 summarises the FCS. 
The detail of the method can be found in Miura and 
Jones [12]. These LiDAR derived forest structure 
variables was used to develop a model to estimate the 
amount of CWD. 

2.3 Field Data 

Fieldwork was conducted in Feb.2008. It was 
conducted in an anniversary (one year) of the data 
capture. It was unfortunate to have one year time 
difference between LiDAR data acquisition and 
fieldwork. However, no major logging or bush fires 
were confirmed by the research team during this 
period and the forest condition was similar. Fourteen 
plots were established and surveyed in the study area. 
The forest structure varies among these plots. The plot 
locations were selected by Landscape Logic project 
team scientists in terms of the plant community and 
the degree of human disturbance. All plots were 
established in natural forests/remnant forest patches of 
Eucalyptus amygdalina coastal forest and woodland, 
and without any silvicultural practice. They are the 
representative of the plant community in this region. 
At each site a 25 m radius circular plot (0.2 ha) was 
established by defining a centre point and taking a 
GPS (eTrex of GARMIN Corporation) measurement. 
Five transects, running from East to West, parallel to 
each other were deployed in each plot. Assessment 
points were located every 7 m along each transect 

comprising 27 assessment points in a plot. These 
assessment points were used for ground cover 
assessment. CWD on the ground (defined as woody 
components ≥ 10 cm in diameter) was recorded noting 
diameter and length of every woody element on each 
transect within a plot. The values of diameter and 
length are used later for total volume calculation of 
CWD in each plot. Canopy and bare ground covers 
were recorded visually as a percentage within a 3.5 m 
radius of each assessment point. These values from 
each assessment point were summed for each plot and 
presented as a mean. The number of trees, tree top 
height and DBH (diameter at breast height) were also 
recorded for each plot. A mean value was computed 
for the tree top height and DBH in each plot. 

2.4 Generalized Linear Model 

In order to estimate the CWD volume, a GLM 
(generalized linear model) was developed using the 
LiDAR derived FCS categories: OG, OL, VL, CC, 
OM, VM, VH and DH as independent variables. 
Logarithmic transformation was applied to the CWD 
volume in each plot for its normalization. Model 
selection in the GLM was performed based on AIC 
(Akaike’s Information Criterion) [15] in a stepwise 
procedure. The applicability of the model was then 
compared to the outcome of model using field derived 
variables: F_CC (canopy cover), F_Bare_G (bare 
ground cover), F_Num_T (the number of trees), 
F_T_TOP (tree top height) and F_DBH (DBH). All 
statistical analysis was performed with the software R 
version 2.15.0 [16]. 

 

Table 1  FCS (Forest characterisation scheme). 

Category Description 
1 OG Opening above the ground 
2 OL Opening above low vegetation 
3 VL Presence of understorey vegetation 
4 CC Canopy cover 
5 OM Opening above medium vegetation 
6 VM Presence of mid-storey vegetation 
7 VH Presence of high trees 
8 DH Vertically dense canopy of high trees 
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Table 2  Selected variables in GLM for estimation of CWD volume. 

 Estimate Standard Error 
LiDAR based model 
(Intercept) -1.21294 2.52168 
OG 0.15065 0.05076 
CC 0.23414     0.04698 
VM -0.26414 0.09149 
VH -0.41426 0.08807 
DH 0.75923 0.11876 
AIC: 24.511 
Field based model 
(Intercept) -1.2024 0.6880 
F_DBH -10.0497 5.4751 
F_T_TOP 0.4152 0.1701 
AIC: 56.632 
 

    
Fig. 1  Goodness of fits obtained for the estimated CWD volume by LiDAR based model and field based model. 
 

3. Results 

As a result of GLM model selection, OG, CC, VM, 
VH and DH were selected as independent variables for 
LiDAR based model, and F_DBH and F_T_TOP for 
field based model (Table 2). The goodness of fits 
obtained for the estimated CWD volumes was 
presented in Fig. 1. The R-squire values between 
measured and estimated CWD volumes were 0.89 for 
LiDAR based model and 0.29 for field based model. 

4. Discussion 

Of the eight candidate variables of LiDAR derived 
FCS categories, five structural variables (OG; opening 
above the ground, CC; canopy cover, VM; presence of 
mid-storey vegetation, VH; presence of high trees and 
DH; vertically dense canopy of high trees) were 

selected for the model of CWD volume estimation 
(Table 2). OG represents the total gap, that is to say, 
opening from the ground to canopy, and the rest of 
selected variables characterise the amount of foliage 
in higher layers than mid-storey vegetation. This 
suggests that in a forest where large amount of CWD 
is found, large trees with horizontally and/or vertically 
dense canopies and gaps from the ground to canopy 
are present. This is considered logical in natural 
forests since when a mature tree dies and falls, and it 
will create a gap in this area. The relationship between 
CWD volume and the canopy gap also fits with the 
findings of Pesonen et al. [10]. These authors found 
that the standard deviation in height pulses was the 
most significant predictor for CWD volume, and 
explained that higher variations in height distribution 
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would result from gaps, that is to say, tree falls. In this 
study, all the structural variables of FCS represent 
different structural components of the forest in each 
plot, and the combination of these components may 
play a key role to predict the amount of CWD in the 
study area.  

In the comparison with the outcome of field derived 
model, LiDAR derived model outperformed, 
achieving R-square value of 0.89 between measured 
and estimated CWD volumes, while field derived 
model presented R-square value of 0.29 (Fig. 1). The 
result indicates that the field variables, which are 
commonly surveyed in natural resource management, 
may not be sufficient to characterise the state of forest 
stands where more CWD is found. The two field 
variables (DBH and tree top height) selected in the 
best field based model (Table 2) could show the 
presence of large trees in the forest stand, however, 
could not represent the presence of gap nor 
3-dimentional distribution of foliage as LiDAR 
derived model is capable of. This shows the great 
potential of LiDAR derived structural variables in the 
estimation of CWD volume. 

Proposed indirect method of assessing downed 
CWD using LiDAR derived forest structure variables 
was promising in the Eucalyptus forest. Next step 
would be an investigation of the applicability of the 
model in various forested landscape. 

5. Conclusions 

This paper proposed an indirect method of 
assessing downed CWD using LiDAR derived forest 
structure variables. As a result of model selection with 
stepwise procedure, five variables (OG; opening 
above the ground, CC; canopy cover, VM; presence of 
mid-storey vegetation, VH; presence of high trees and 
DH; vertically dense canopy of high trees) were found 
to be good predictor for estimation of downed CWD 
volume. The comparison with outcome of field 
derived model showed that the LiDAR derived model 
was a better model. It is concluded that LiDAR 

derived forest structural variables has the potential to 
predict the amount of downed CWD in Eucalyptus 
forest. 
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