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Mapping dead wood distribution in a temperate hardwood forest using high
resolution airborne imagery
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A B S T R A C T

Dead wood, in the form of coarse woody debris and standing dead wood, or snags, is an essential

structural component of forest ecosystems. It plays a key role in nutrient cycling, ecosystem functions

and provision of habitat for a wide variety of species. In order to manage dead wood in a temperate

hardwood forest, an understanding of its availability and spatial distribution is important. This research

evaluates airborne digital camera remote sensing for mapping temperate forest dead wood across an

area within Gatineau Park, Canada. Two approaches were evaluated: (1) direct detection and mapping of

canopy dead wood (dead branches and tall snags) through the combination of three techniques in a

hybrid classification: ISODATA clustering, object-based classification, and spectral unmixing, and (2)

indirect modelling of coarse woody debris and snags using spectral and spatial predictor variables

extracted from the imagery. Indirect modelling did not provide useful results while direct detection was

successful with field validation showing 94% accuracy for detected canopy level dead wood objects (i.e.

94% of validation sites with canopy dead wood were detected correctly) and 90% accuracy for control

sites (i.e. 90% of validation sites with no canopy level dead wood were identified correctly). The

procedures presented in this paper are repeatable and could be used to monitor dead wood over time,

potentially contributing to applications in forest carbon budget estimation, biodiversity management,

and forest inventory.
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1. Introduction and background

The importance of dead wood in a forest is well understood as it
plays an essential role in the health and functioning of the ecosystem
at a variety of scales. Forest dead wood can be in the form of standing
dead trees, commonly referred to as snags, as well as fallen material
on the forest floor, referred to as woody debris, which is a direct
result of dead or dying trees. Researchers and forest managers
understand the benefits of dead wood in a forest in terms of its
importance for nutrient cycling, long term carbon storage, as well as
providing critical habitat for the maintenance of biodiversity (e.g.
Stevens, 1997; McComb and Lindenmayer, 1999; Arsenault, 2002;
Bull, 2002; Harmon, 2002; Tews et al., 2004; Tobin et al., 2007; Depro
et al., 2008). Measures of dead wood are often incorporated in
studies and protocols that monitor the health and biodiversity of
forests, including national forest inventories (e.g. Canada’s National
Forest Inventory (CFIC, 2004)). As a result of the importance to forest
ecosystems, dead wood has the potential to be used as an indicator of
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habitat or biodiversity on its own, as well as contributing to more
comprehensive measures of overall structural complexity (e.g.
McElhinny et al., 2006; Pasher and King, submitted for publication).

Snags can be inventoried through sampling (e.g. Bate et al.,
1999; Kenning et al., 2005) and woody debris can be sampled using
various methods (e.g. Van Wagner, 1964; Valentine et al., 2001;
Stahl et al., 2002; Jordan et al., 2004). The non-uniform distribution
of these structures in the forest (Ducey et al., 2002; Kenning et al.,
2005) requires complex and intensive sampling strategies to
properly survey an entire forest. Field methods are limited to point,
line, or plot based sampling and, as a result, cannot provide
spatially continuous information. Modern harvesting and forest
management regulations often require a certain density or volume
of dead wood to remain (following timber removal) in order to
provide habitat and support ecosystem sustainability (e.g. Franklin
et al., 1997; Holloway et al., 2007). Additionally, forest conserva-
tion in areas not managed for timber production is often concerned
with identification of areas of high biodiversity potential. A
continuous map showing the locations and spatial distribution of
dead wood across a forest could support such management and
conservation goals as well as be useful in habitat modelling and
mapping for individual species.
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1.1. Research objectives

Based on the potential utility of spatially continuous informa-
tion related to the distribution of dead wood across a forest, the
goal of this research was to determine the potential of high
resolution multispectral remote sensing for mapping dead wood
across a temperate hardwood forest. The specific objectives were
to: (1) evaluate direct detection using a hybrid classification
process incorporating pixel, sub-pixel, and object-based informa-
tion, (2) map the spatial distribution of dead wood across the
forest, and (3) evaluate indirect regression-based modelling of
downed and standing dead wood using spectral, spatial, and
object-based image information.

1.2. Direct detection and mapping of dead wood

The direct detection and mapping of snags has shown potential in
coniferous forests, as well as in deciduous forests specifically for the
detection of dying oaks caused by sudden oak death. Butler and
Schlaepfer, 2004 created snag distribution maps from 1:10 000 color
infrared (CIR) air photos for spruce dominated forests within the
sub-alpine zone in Switzerland. While the results were excellent, the
research was carried out in sparse forests with isolated snags, and
more importantly, it relied on manual photo interpretation and
digitizing of dead trees, which is extremely time consuming. Others
have used automated methods, including Haara and Nevalainen
(2002) who developed a method to segment individual trees in
1:5000 CIR air photos of spruce dominated forests in southern
Finland. For three forest stands, the average detection accuracy was
67% for dead and dying trees (61–100% needle loss). Leckie et al.
(2004) used 60 cm resolution airborne multispectral imagery to
detect and assess trees suffering from laminated root rot in Douglas
fir forests in coastal British Columbia, Canada. They were able to
successfully detect snags with fully intact crowns as well as those
with missing branches using classification and automated tree
crown delineation methods (Gougeon, 1995).

Several researchers have had success in mapping dead trees
caused by sudden oak death in Californian hardwood forests. Kelly
et al. (2004) evaluated three classification methods (unsupervised,
supervised, and hybrid) applied to 1 m airborne multispectral
imagery and achieved a best average accuracy of 96.3% using the
hybrid classifier. Guo et al. (2007) developed a hybrid classification
method combining object-based and knowledge-based classifica-
tions. It first segmented 1 m multispectral imagery into homo-
geneous objects and then used a set of rules to decide if each object
was a dead crown (e.g. maximum size associated with known
maximum crown size, compact shape, and adjacency to vegeta-
tion). Their results showed an accuracy of 96.1%, compared to
supervised classification with an accuracy of 86.8%. Finally,
Meentemeyer et al. (2008) were able to detect dead oak trees in
76% of sample field plots in the Big Sur ecoregion using an object-
based classification and airborne color 33 cm pixel imagery.

1.3. Indirect modelling of dead wood

A variety of individual forest structural attributes such as stem
density, diameter at breast height (DBH), basal area, crown
diameter, canopy closure, leaf area index (LAI), etc. have been
modelled using high resolution optical remote sensing spectral and
spatial information (e.g. Wulder et al., 1998; Lévesque and King,
2003; Seed and King, 2003; Cosmopoulos and King, 2004), as well
as other sensors, including airborne synthetic aperture radar (SAR)
(Nelson et al., 2007) and laser/lidar data (Bater et al., 2007; Pesonen
et al., 2008).

Remote sensing can potentially offer cost effective, rapid, and
repeatable methods for inventorying dead wood across a forest.
While woody debris for the most part would not be directly visible
by airborne or satellite sensors, indirect modelling of coarse woody
debris (CWD) can be conducted using image variables related to
different aspects of forest structure that are manifested as image
brightness variations. This is possible as a result of relationships
that exist between dead wood and the surrounding forest
structure, in particular the association of dead and dying trees
with canopy gaps (Bursing, 2005; Kneeshaw and Prevost, 2007) or
the presence of sparse tree crowns, which are visible in high
resolution imagery.

In research carried out in Gatineau Park, Québec, Canada (the
forest of this study) following a major ice storm in 1998, King et al.
(2005) developed a model indirectly predicting the number of
downed branches in fifteen field plots using spectral and spatial
variables extracted from 25 cm resolution color infrared (CIR)
photography (adjusted R2 = 0.71, p < 0.001, standard error = 28.4%
of observed mean (29.5 branches) in 20 m� 20 m plots. In a mixed
boreal forest in Northern Ontario, Canada, Olthof and King (2000)
developed a forest structure index (FSI) using canonical correlation
analysis of linear relations between multiple image parameters and
field-measured forest structural parameters. The index, which
incorporated spectral, textural, and radiometric fraction image
information extracted from 50 cm multispectral imagery, was used
to explain the variance in a set of field variables that included
measurements of fallen dead wood. Cosmopoulos and King (2004)
refined the index methodology and applied it in temporal analysis of
forest structural change. Working in old growth coniferous forests in
Clayoquot Sound, British Columbia, Canada, more recently, Pesonen
et al. (2008) used an airborne laser scanner (ALS) to model woody
debris volume in thirty-three field plots in Finland (adjusted
R2 = 0.61, p < 0.001) based on two predictor variables representing
the intensity of the last laser pulse and height variation extracted
from the first pulse (i.e. top of canopy). While the model showed a
strong R2, it had an RMSE of 51.6% (14.09 m3/ha).

Similarly, little research exists using remote sensing to
indirectly model snags in the forest. Standing dead wood was
also included as a structural variable in the forest structure index
research of Olthof and King (2000) as described above. Bater et al.
(2007) used a set of lidar variables in order to predict the
percentage of dead trees within field plots. In order to overcome
extremely skewed distributions, caused by the plots containing
mostly live trees, they fit lognormal probability density functions
to the frequency distributions of all the trees in the plots (including
living and dead trees nine decay classes), and found the mean of
the resultant distribution to be highly correlated with the
percentage of dead trees (r = 0.88, p < 0.001). Their results showed
good predictability of this parameter using different lidar
variables, with R2 ranging from 0.42 to 0.75. Pesonen et al.
(2008) also modelled standing dead wood (snag) volume (adjusted
R2 = 0.48; RMSE = 78.8% (14.74 m3/ha)) using the same ALS data
mentioned above, leading to the conclusion that air photos were
probably more suitable than laser scanning for indirect detection
of standing dead trees.

2. Methods

2.1. Study area

This research was carried out in Gatineau Park, which extends
from about 20 to 50 km Northwest of the city of Ottawa, Canada.
More than 80% of the park’s approximately 36 000 ha is forested,
with approximately 55% dominated by hardwoods. The forest is
dominated by sugar maple (Acer saccharum Marsh.), with small
patches dominated by American beech (Fagus grandifolia Ehrh.),
trembling aspen (Populus tremuloides Michx.), and red oak (Quercus

rubra L.). Small numbers of red maple (Acer rubrum L.), American



Fig. 1. Location of study area within the southern section of Gatineau Park near Ottawa, Canada (2005 SPOT satellite image in the background courtesy of P. Pellikka,

University of Helsinki).
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basswood (Tilia americana L.), ironwood (Ostrya virginiana (Mill.) K.
Koch), white ash (Fraxinus americana L.), black ash (Fraxinus nigra

Marsh.), white birch (Betula papyrifera Marsh.), and black cherry
(Prunus serotina Ehrh.) are also present. Historical logging of white
pine (Pinus strobus), which occurred in the area during the late
nineteenth and early twentieth centuries, has greatly contributed
to the forest’s current composition (Lopoukhine, 1974; King et al.,
2005; NCC, 2005).

The area of the forest used for this research (Fig. 1)
corresponded to previous research that involved modelling and
mapping ice storm damage in the park using remote sensing (King
et al., 2005), as well as being used for other research associated
with this paper involving modelling and mapping of forest
structural complexity (Pasher and King, submitted for publication).

2.2. Initial field exploration

In order to better understand the types of snags present in the
forest that should be detectable using the airborne imagery, along
with any issues or potential problems that would be faced by this
type of analysis, preliminary field excursions were conducted. It
became evident that snags that were snapped off well below
overstorey tree crowns would not be detectable but would be in
shadows within the imagery. Snags with full or partial crowns
intact, as well as snags without any branches that were close to the
height of surrounding overstorey crowns, were considered to be
potential targets (Fig. 2). It was obvious that CWD was not directly
detectable, other than cases where large intact trunks lay beneath
large gaps in the canopy, and therefore CWD was only investigated
for potential indirect modelling purposes.

2.3. Remotely sensed imagery

Airborne imagery was acquired with 20 cm resolution using a
Duncantech MS4100 CIR digital camera with a Nikon 24 mm lens.
This high resolution imagery theoretically permitted snags or
individual dead branches of approximately 20 cm in diameter to be
detected given their reflectance differed significantly from
surrounding foliage or shadow. The CIR imagery (green 500–
600 nm, red 600–700 nm, near infrared 750–850 nm) was
acquired over the study area on August 21st, 2007 at a flight
altitude of 650 m. Individual images were corrected, in order to
better represent actual surface reflectance, using a net correction
procedure (Pasher and King, submitted for publication), which was
used to remove brightness variations, typically found in airborne
imagery, caused by sun-sensor-surface geometry (bi-directional
reflectance variation (BRV), topographic variations, and lens effects
(Teillet et al., 1982; Meyer et al., 1993; Pickup et al., 1995; Soenen
et al., 2005)). The individual images, which each covered
approximately 200 m � 200 m, were mosaiced together and
georeferenced to two 2004, 25 cm orthophotos of Gatineau Park.
Full details of imagery collection and processing can be found in
Pasher and King (submitted for publication). The mosaic and
georeferencing processes resulted in RMS errors of 2.56 m (X) and
2.29 m (Y), respectively.

2.4. Direct detection of dead wood in imagery

The multispectral imagery allowed clear manual identification of
much of the dead wood in the upper canopy and some dead wood
lower in the canopy or on the ground in large gaps. With respect to
directly detecting dead wood in the imagery, the more general term
‘‘dead wood’’ will hereafter be used rather than snags, which was felt
to be too specific and not representative of the objects that would
possibly be detected. Although in some rare cases, CWD was thought
to be detectable in the imagery, for the most part the objects that
were investigated in this part of the analysis were snags, partially
dead crowns and single dead branches within live crowns, all being
indistinguishable from each other in the imagery. The partially dead
crowns and single dead branches were deemed to indicate varying
degrees of tree decline that would most likely produce CWD or snags
within the next several years.

In the multispectral imagery, dead wood was visually
distinguishable from surrounding live vegetation based mainly
on its higher reflectance in the red band compared and its lower
reflectance in the near-infrared (NIR) band (Jensen, 2006). For the



Fig. 2. Examples of snags thought to be suitable for detection and mapping, including those with fairly intact crowns (A and B) and those with no branches remaining (C and

D), but found in canopy gaps and/or of heights similar to the surrounding live overstorey trees.
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relatively small area of image coverage of this study, manual
digitizing could have been used to delineate occurrences of dead
wood and produce a map of its spatial distribution, however, the
semi-automated methods investigated in this research could be
applied more efficiently than manual interpretation for mapping
much larger areas. As well, this research sought to investigate
partially obscured dead wood within crowns and canopy shadows,
which were not as easily identifiable. Three methods were used in
combination in order to exploit different types of information in
the spectral reflectance characteristics of dead wood compared to
the surrounding foliage and shadows. Using the methods in
combination was expected to increase the confidence in the
detection of the individual objects.

2.4.1. ISODATA unsupervised clustering

Initially, an ISODATA unsupervised clustering algorithm was
used as it is a common technique to automatically group pixels
within an image into clusters using an iterative process based on
the spectral properties of individual pixels (Jensen, 2006).
Clustering techniques such as this were originally developed to
be used at coarser scales for landcover mapping, but in this
research it was used with high resolution imagery to create a
thematic map of exposed wood isolated from the surrounding
vegetation and from within crown shadows. This technique was
used in a similar manner to Kelly et al. (2004) for creating a dead
wood cluster. Twenty clusters were arbitrarily generated, and
these were manually aggregated through comparison with the CIR
imagery in order to produce a map of three classes representing
exposed wood, live vegetation and canopy shadows. This map was
then converted to a binary map representing the detected exposed
wood (1) and everything else (0).

2.4.2. Sub-pixel wood fractions using linear spectral unmixing

As the ISODATA algorithm is a hard classifier, transition pixels
between classes, for example pixels at edges between exposed
wood and surrounding vegetation, are often confused as a result of
their mixed radiance from more than one cover type. These pixels
are assigned to one class based on a given rule such as the
minimum distance of the pixel to each class mean (as in the
ISODATA algorithm) or the probability of belonging to each class
(as in the maximum likelihood classifier), however this can often
result in a poor representation of reality (Settle and Drake, 1993;
Oki et al., 2002). In addition, wood that is smaller than the pixel
size and in shadow may not produce enough radiance to result in a
hard classification as wood but may instead be assigned to the
shadow class. As a result, soft classification techniques, such as
linear spectral unmixing, have been developed that retain more
information from within mixed pixels (Bastin, 1997). Since the
reflectance of a pixel is often made up of more than one type of
object, or scene component, spectral unmixing can be used to
decompose the mixed spectra in order to determine sub-pixel
proportions of each (Peddle et al., 2001). Given the ‘‘linear’’ nature
of the procedure, the reflectance values associated with a mixed
pixel are assumed to be linear combinations of the reflectance of
the constituent classes that are within the bounds of that pixel
(Klein Gebbinck, 1998; Brown, 2001). A constrained least squares
linear unmixing procedure was used in order to produce images
representing the fractional coverage of each class (Holben and
Shimabukuro, 1993; Peddle et al., 2001).

Spectral unmixing relies on the selection of endmembers
representing pure pixels of each of the desired classes to be used as
training data. Endmember data were manually selected by
delineating samples of the purest pixels of sunlit crowns (i.e. live
vegetation), shadows, and exposed wood across the imagery
(Pasher et al., 2007). Pixels were unmixed to created fractional
coverages, including, of particular interest, a wood fraction image,
similar to Lévesque and King (2003) and Pasher et al. (2007), with
values for each pixel representing the fractional coverage ranging
from 0 to 100% in terms of the wood content of that pixel. The wood
fraction image was then converted to a binary image where all
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pixels with wood fractions>50% (i.e. presumed to be made up of at
least 50% wood) were classified as wood. This threshold was
selected following visual interpretation and iterative testing of the
effects of various thresholds on the resultant unmixed layer in
order to best isolate those pixels that were in fact wood objects.

2.4.3. Object-based segmentation and classification

The final method used to isolate exposed wood within the
imagery was a simplified object-based segmentation and classi-
fication method carried out using Definiens 5.0. This method works
by segmenting, or partitioning, an image into multi-pixel objects,
as opposed to an individual pixel based analysis (as for ISODATA
clustering and spectral unmixing) in order to maximize between-
object variance and minimize within-object variance (Flanders
et al., 2003; Yan et al., 2006). Image segmentation was carried out
based on visual assessments using the three segmentation
parameters: scale, colour (spectral information), and shape
(smoothness and compactness), which all contribute to the
definition of objects and object sizes (Laliberte et al., 2004). The
scale parameter is directly related to the resolution of the imagery
and larger values result in larger objects (Benz et al., 2004). A value
of 10 was eventually decided upon for this parameter. The colour
parameter refers to the relative importance of an object’s colour
(reflectance) compared to its shape. For exposed wood in the
imagery the reflectance was quite homogenous within the class,
while the shapes were assumed to be quite heterogeneous. As well,
the spectral differences between exposed wood and other objects
(i.e. foliage and shadows) were extremely important and
consistent as opposed to shape differences between classes, which
may have varied significantly. Consequently, after iterative testing
(Flanders et al., 2003; Yan et al., 2006), a ratio of 0.9:0.1
(colour:shape) was used. Given that the shape parameter was
set to 0.1 (very low), the compactness/smoothness ratio did not
have very much influence on the output objects and was therefore
left at the default of 0.5:0.5, with tests showing little changes when
these values were adjusted.

The resulting segmented objects were visually examined and
found to closely resemble objects that would have been delineated
through manual image interpretation. Following object segmenta-
tion, the objects were classified using a Nearest Neighbour
classification (Definiens, 2006; Laliberte et al., 2006; Mallinis
et al., 2008) based on spectral similarity to a sample of manually
selected segmented wood objects that represented the variety of
wood objects in the imagery. While fuzzy membership values,
based on the Nearest Neighbour distance, were assigned to each
object (Definiens, 2006), the classification was ‘‘hardened’’ by
including all the objects that were assigned to the wood class.
Objects with membership values greater than zero were assigned
to a final classification layer, which resulted in a layer containing
only those objects classified as wood across the imagery. While this
selected membership value threshold could have impacted the
actual number of detected objects in the classification, visual
analysis of the segmented and classified objects showed a clear
difference between wood objects and others in the imagery, a
result of the reflectance characteristics of wood compared to
foliage and shadows.

2.5. Developing a map of detected and delineated wood objects

The binary maps produced by the three dead wood detection
methods were filtered to remove ‘‘salt-and-pepper’’ single pixel
objects classified as wood, which were assumed to be erroneously
detected objects, artifacts of the classification (similar to Guo et al.,
2007), or very small parts of exposed wood, which were
unfortunately impossible to validate in the field since individual
wood objects of that size could not be identified within the canopy
from the ground below. The layers were then generalized to
remove the pixilated appearance and smooth the objects in order
to provide more realistic areal estimates. Objects that were
separated by a single pixel (i.e. only 20 cm apart) were combined
by application of a single pixel buffer around each object. This had
the effect of grouping multiple dead wood objects that were part of
a single dead tree crown.

To produce a map with maximum confidence in terms of
detected wood across the forest, the three layers were combined
using a majority operation on a pixel by pixel basis. In other words,
only those pixels that were classified as wood using at least two of
the three methods were assigned to the wood class in the final
map. While each method had its advantages and limitations in
terms of utilization and results, the intersection of the three
methods was thought to provide a much more robust and
meaningful result. This approach is similar to the use of multiple,
or hybrid classifiers (e.g. Steele, 2000; Kelly et al., 2004; Liu et al.,
2004; Guo et al., 2007), which have shown increased accuracy over
individual classifiers for detecting and mapping dead wood.

2.6. Field validation

Field validation of the map was carried out using sites that were
completely independent of the creation of the map itself; any wood
objects that were used as training data (e.g. for the unmixing
endmembers and object-based classification) were not used in
validation. To test the map accuracy in terms of its identification of
the presence of dead wood, fifty dead wood objects were manually
selected from the map for field validation. They were spatially
distributed within three regions across the forest for accessibility
and to be representative of the whole study area. They were also
selected to represent the range of dead wood object sizes in the
final map. In order to test the map’s accuracy in terms of its
representation of the absence of dead wood, and examine any
errors of commission, a set of thirty sites (hereafter called control
points) were selected in the forest, which according to the map
showed no detected dead wood. Since there was some positional
error caused by image georeferencing and the GPS, a 10 m radius
buffer was used around each control point (i.e. a control point was
selected if no dead wood was present on the map within 10 m).

The locations of all of the test wood objects (n = 50) and control
points (n = 30) were randomized and loaded into a real time
differential GPS that provided approximately 1 m horizontal
accuracy. The identity of each point in terms of whether it was
a delineated wood object or a control point was unknown to the
researchers while they were in the field, with only a random
identification number used to link the points to their known
attributes that could be looked up following a visit to the field. This
created a set of pseudo-independent and unbiased test points that
were visited in the field without any a priori knowledge of whether
the specific location in the field was mapped as a dead tree or with
no significant wood object detected (i.e. control site).

Using the GPS the general location of each point was visited by
researchers and small movements were made within the general
vicinity of the locations in order to match the researchers’ location
with the location of the validation points on the GPS screen. This
was done with the use of a 4 m external antenna, which ensured
that enough satellites were used to maintain a stable signal with a
low signal-to-noise ratio, providing submeter accuracy. Once the
locations remained stable within a couple of meters for several
minutes, the two researchers scanned the forest (in a radius of
about 10 m to account for any image registration and GPS error)
and recorded the presence or absence of any dead trees as well as
other pertinent information about the surroundings that could
potentially aid the interpretation of the results. While no specific
size threshold was used to decide whether a dead tree was present,



Fig. 3. A comparison of the three detection and delineation methods for two large

snags shown with the CIR imagery in the background.
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any small dead trees (i.e. below the overstorey) that were found
were examined and recorded to see if they were within a canopy
gap and could therefore potentially be detected in the imagery.

2.7. Map of dead wood spatial distribution

A final map of the spatial distribution of dead wood across the
forest was produced, similar to the methods presented by
Meentemeyer et al. (2008), by calculating the total number of
wood pixels found within a 400 m2 area. This area was selected to
match the size of study plots used in indirect modelling as
explained in the following section.

2.8. Indirect regression modelling of dead wood

For regression based modelling of dead wood a plot-based
approach was taken. In the summer of 2007 fifty 20 m � 20 m field
plots were established across the study area in order to represent
the range of structural and topographic conditions found across the
forest. These plots were originally established for associated
research by the authors investigating modelling and mapping
forest structural complexity using high resolution remote sensing
(Pasher and King, submitted for publication). Within the plots a
variety of field measurements were taken based on the expected
manifestation of structural conditions in the imagery, either
directly (e.g. through crown sizes, canopy closure, or dead wood) or
indirectly (e.g. the association of large CWD with overstorey gaps).
Amongst these measurements, the number of snags in each plot
was recorded, and volume of CWD was estimated (diameter
>7.5 cm (Stevens, 1997; CFIC, 2004)) with the commonly used Van
Wagner’s (1964) method (e.g. Ter-Mikaelian et al., 2008):

V ¼ p
P

d2

8L
(1)

where V is the volume of CWD per unit area (m3/ha), d is the
diameter (cm) where it intersected the transect line, and L is the
length (m) of the transect. Sampling was carried out along the
diagonals of the plots, resulting in 56 m of transect length per plot.

Forward stepwise multiple regression was carried out in order
to attempt to explain the variance of snag numbers and CWD
volume, as well as the number of pieces observed. A variety of
image predictor variables were input, including spectral, spatial,
and object-based information (which had previously been
untested for this application), as well as topographic information
(elevation, slope, aspect) derived from a digital elevation model
that had been previously derived photogrametrically from 25 cm
pixel leaf-off orthophotos of the park. Variables such as the mean
and standard deviation of spectral band brightness as well as the
Normalized Difference Vegetation Index (NDVI) were calculated
for each plot. As discussed earlier with regards to the direct
detection of dead wood in the imagery, information extracted
specifically from the red and NIR bands was expected to be
representative of the presence and abundance of dead wood in the
plots. Included in this group of image variables, the results from
directly detecting dead wood using the hybrid classification
approach presented previously in this paper were included as a
potential predictor of field based dead wood.

Additionally, following the assumption that heterogeneity in
the canopy caused by canopy gaps and the presence of dead wood
would be detectable in the imagery, image spatial information was
extracted from the imagery for each plot. Variables including
textural measures derived from the gray-level co-occurrence
matrix (Haralick et al., 1973), including Contrast, Entropy, ASM,
Correlation, and Homogeneity, as well as the range and sill
calculated from semivariograms for each spectral band, which
have been shown to be useful for modelling various aspects of
forest structure (Lévesque and King, 2003). Object-based variables
including the number, size, and shape of delineated canopy objects
were also included in the modelling as derived using a tree
delineation algorithm (Pouliot et al., 2005). Complete details of
these variables are given in Pasher and King (submitted for
publication).

3. Results and discussion

3.1. Dead wood detection

Each of the three methods used to detect and delineate wood
within the imagery produced slightly different maps. Fig. 3 shows
an example of two large snags classified by the three methods to
illustrate the delineations at the pixel level, with fully intact live
tree crowns shown in comparison, along with visible shadows/
canopy gaps. The generalization procedure that was carried out
cleaned up the maps, and, as shown in an example of one of the
three classification methods (Fig. 4), combined dead wood objects
that were obviously part of the same snag, as well as removing the
pixilated nature of the objects.

As expected, since it was the most basic method, the ISODATA
clustering resulted in less than half of the area classified as wood
compared to the other two methods (Table 1). The ‘‘hard’’ nature of
the algorithm resulted in clusters that were composed solely of
pure wood pixels. The transition, or mixed pixels between these
wood objects and adjacent vegetation or shadow in the imagery
were inconsistently classified and could not be easily associated
with the pixels that were clearly wood. Even though the imagery
was very high resolution (20 cm pixel size), small objects such as
branches resulted in mixed pixels that were not well classified
with the ISODATA algorithm. This result was also evident in the
maximum size of wood objects, which, in the ISODATA map, was
only 54.93 m2, compared to 86.78 and 84.06 m2 for the spectral
unmixing and object-based methods, respectively.

The object-based segmentation produced a similar number of
objects as unsupervised clustering (4 972 compared to 5 977).
These two methods detected, in semi-automated fashion, only the
most identifiable wood objects, very similar to those that would
have been detected by manual image interpretation. On the other
hand, the spectral unmixing method identified many smaller
objects (resulting in approximately twice as many objects
detected) within what appeared to be thick and healthy tree
crowns as well as within dark shadow areas that were groups of
very mixed pixels and potentially wood objects (Fig. 5).



Fig. 4. An example of processing to group adjacent wood objects and generalize

their boundaries. the object-based method is shown for illustrative purposes; the

same method was also carried out for the other two classifications.

Fig. 5. A typical example of detected wood objects shown with the CIR imagery in

the background. Spectral unmixing detected many small objects that were not

detected by the other two methods.
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The final map of wood objects, a result of the hybrid approach,
contained only those objects with the highest probability of
actually being wood objects in the forest, based on the assumption
that if at least two of the three methods detected that object then
the chance of it actually being a wood object in the forest and not a
false positive was much higher (an example subarea is shown in
Fig. 6). Based on this, many of the small objects previously
discussed that were found by the unmixing method ended up
being discarded, with the final map having only 6344 objects,
ranging from 0.08 m2 (only 1.5 pixels) to 82.52 m2 (a dead crown of
approximately 10 m diameter). While 96% of the objects detected
using the ISODATA method and 88% of those detected using the
object-based method matched in location (not necessarily in size)
with the final objects, only 55% of the objects detected using
spectral unmixing were included in the final classified map. Those
objects not included in the final map (n = 5212) had areas ranging
from 1.08 to 18.24 m2 (x̄2 ¼ 2:06 m2, S.D. = 1.24 m2).

While unmixing detected approximately two times as many
wood objects as the other two methods, most were very small and
impossible to validate in the field. Increasing the fraction threshold
to greater than 50% would reduce the number of wood objects
detected, however, selection of a threshold is arbitrary. Testing of
thresholds from 30% to 70% clearly showed an exponential
decrease in the number of wood objects detected with increasing
thresholds (r2 of trendline = 0.99). The threshold of 50% was
selected because of its ability to detect the significant and obvious
wood objects based on tests done using manual interpretation.
Thresholds smaller than 50% included too many objects that were
interpreted as false positives, and too many pixels around the
edges of known dead wood objects (examples shown in Fig. 7). As
well, at thresholds less than 50% many single dead wood objects
were represented by multiple image objects (examples shown in
Fig. 7). Conversely, in many cases higher thresholds did not
accurately capture the boundaries of obvious dead wood objects as
a result of the mixed nature of the transition pixels. While maps
created from unmixing may show more subtle detail than those
Table 1
Wood object statistics as derived using the three different classification methods and

N Minimum (m2) Maximum (m

ISODATA clustering 4 972 1.12 54.93

Spectral unmixing 11 464 1.09 86.78

Object-based 5 977 1.36 84.06

Final hybrid map 6 344 0.08 82.52
produced from the per pixel methods it is doubtful that all the
small wood objects detected represent significant habitat. As a
result the unmixing method was in fact somewhat redundant for
these purposes, with only 150 objects (out of 6344 objects) added
to the final map that were not objects included as a result of a
match between the ISODATA and object-based classifications.
Given that this research had the goal of producing an accurate map
of the relative dead wood spatial distribution across the forest, the
dead crowns and large dead branches were of most interest, and
not small dead branches within essentially healthy live crowns.
These smaller objects may be useful for inventory purposes (e.g. for
carbon modelling), however, from a validation point of view,
without a close-up view of the top of the canopy (e.g. using a
cherry-picker, ladder, or scaffolding (Barker and Pinard, 2001;
Moorthy et al., 2007)), these objects would not have been visible on
the ground beneath the canopy.

3.2. Map validation

Of the fifty detected wood objects that were used for validation,
forty-one were correctly identified in the field as being snags,
resulting in an accuracy of 82%. Of the 30 control point validation
locations, where no wood object was found in the imagery, twenty-
one were correctly identified in the forest, resulting in an accuracy
of 70%. These control sites, which were selected to be at least 10 m
away from a detected wood object in the imagery, were in fact on
average 20.1 m (S.D. = 3.6 m) away from any wood object in the
field, and therefore there should not have been any confusion
regarding the location of the control site.

3.2.1. Assessment of errors of commission

While the results given above were thought to be successful
overall, further investigation based on the field notes recorded at
each of the eighty locations revealed interesting information that
by intersecting these three preliminary maps into a hybrid classification.

2) Average (m2) Standard deviation (m2) Sum (m2)

3.47 3.70 17 250

3.61 4.32 41 370

6.16 6.29 36 818

4.41 4.98 27 969



Fig. 6. A 100 m � 100 m section of the forest shown as an example of the detection/delineation by the three methods as well as the corresponding area of the final map of

wood objects derived through the intersection of the three preliminary maps. Both images show the objects with the CIR imagery in the background.
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aided explanation of the results and improved the mapping
accuracies. Of the nine validation sites where a wood object was
detected in the imagery but in the field this was found to be
incorrect, two were described in the field notes as having a small
dead crown in the vicinity that was not thought to be visible from
the air. The surface areas of these dead trees, as measured in the
imagery, were 2.95 and 4.14 m2, which were close to the minimum
size of the fifty validation wood objects (range of 1.37–27.10 m2).
These results suggest that some objects detected in the imagery
were smaller than originally thought possible. Three additional
sites initially assessed as incorrect had been noted in the field to
have some dead branches and thin crowns in the canopy that were
not expected to be detectable. However, these dead branches were
probably more visible from above and detected in the imagery.

Given these explanations, the actual accuracy of the wood
objects could in fact be increased from 82% to 92% (46 of 50 rather
than 41 of 50), since at these five locations the dead wood that was
detected in the imagery was actually found in the forest but it was
smaller and less significant than originally thought possible for
detection. The four remaining validation wood objects that were
found to be incorrect had no significant dead wood in the vicinity.
Three of these four errors, when examined in the imagery, were not
obvious dead wood but appeared to be thin crowns that were not
visible from the observer’s position on the forest floor. Portions of
branches in these crowns must have been exposed to the sensor
view. The fourth location was actually one of the largest wood
objects found, with an area of 21.96 m2. Close examination of the
imagery showed it to be above the surrounding overstorey canopy,
and, as a result of shorter understorey trees, that are partially
visible within a shadow in the imagery filling in the adjacent
canopy gap (as seen in Fig. 8), this dead crown was not visible from
the ground. In other words, the image detection procedure was
correct while the field validation was incorrect, increasing the
overall accuracy to 47 of 50, or 94%.

3.2.2. Assessment of errors of omission

When the erroneous control sites (n = 9), where a wood object
was not detected in the imagery but one was found in the field,
were examined in more detail, some interesting findings surfaced.
Of these nine control sites, two had significant ‘‘pole’’ snags
present, i.e., snags with no remaining intact crown or branches.
This suggested that such snags were realistically not visible or
detectable in the airborne imagery, most likely a result of camera
view angles leaving the snag blocked from view by surrounding
live crowns. Similarly, half-dead crowns were found at four of the
other erroneous control sites, again seemingly a result of camera
view angles. When examining the imagery more closely at these
locations there was no sign of any dead wood that might have been
missed by the algorithms. Thus, despite the narrow view angle
(9.58 from nadir in all directions), some partially dead crowns were
not visible to the sensor. These results demonstrate that no matter
how well remote sensing algorithms work in detecting dead wood
in imagery, the method should still only be used as a sampling,
albeit a spatially continuous sampling, of the actual snags found in
the forest, since many snags without any branches intact, as well as
those snapped off below the overstorey, are not regularly
detectable. In order to fully determine the proportion of dead
wood detected in relation to that actually present, an intense
survey of all of the dead trees in the forest would have to be
conducted.

The remaining three erroneous control sites were truly errors of
omission. These sites contained, as discovered and measured in the
field, significant snags (two of them had dead crowns greater than
5 m in diameter as estimated from the ground) that were not
detected in the imagery. These errors of omission were also
potentially due to view angle and differential tree heights in the
forest. This result suggests that potentially 10% of the forested area
where no dead wood was detected could contain significant snags.

3.3. Mapping dead wood spatial distribution

The map of dead wood spatial distribution (Fig. 9) across the
study area was patchy, reflecting the non-uniform distribution of
dead trees that would be expected across a forest (Ducey et al.,
2002; Kenning et al., 2005). The map was based on the number of
detected wood pixels (each 20 cm � 20 cm) within a 400 m2 area
as calculated using a moving window passed across the image and
therefore represented the relative distribution of dead wood across
the forest.

The relative dead wood density was compared to the actual
number of snags that had been counted in the field within the fifty
field plots. A correlation of 0.53 (p < 0.001) was found, however the



Fig. 7. Example 30 m � 30 m sample area showing results of testing to determine a suitable threshold for the ‘hardening’ of the unmixed fraction map. Dead wood object

numbers and sizes vary with the thresholds shown (30–70%).
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relationship was controlled by two field plots with a much greater
number of snags (12 and 19) compared to an average of 4.88
(S.D. = 3.41) found in the fifty plots. While the relation was
therefore not found to be a strong linear one and was in fact quite
scattered, these findings suggest that this type of mapping could be
used to identify areas in the forest with large numbers of snags (e.g.
as in the lower left portion of Fig. 9). It must be noted that the plot
estimates of snags included some snags below the canopy, which
perhaps caused confusion within this relation.

The mapping method presented was able to produce a
continuous and extensive map of the approximate distribution
of dead wood across the study area. Compared to the time required
to carry out field based sampling, processing imagery and
producing a map from remotely sensed imagery is much faster.
The acquisition of high resolution airborne imagery, such as was
used for this analysis, can still be time consuming in terms of
processing the individual images and creating a mosaic, however,
commercially available automated acquisition and processing of
digital aerial images would obviously greatly reduce this effort.
While high resolution satellites do exist that could provide much
greater coverage compared to an airborne imager (e.g. Quickbird
imagery (�60 cm panchromatic and �2.4 m multispectral (Digital
Globe, 2008) or GeoEye-1 (�41 cm panchromatic and �1.65 m
multispectral (GeoEye, 2008)), the spatial resolution of the
multispectral bands of these sensors is not considered to be
appropriate for pixel level detection of dead wood in a temperate
hardwood forest with the accuracy found in this study. Too much
of the multispectral signal would be mixed and only the largest of
snags would be detectable. However, spectral unmixing may
improve on this and warrants further research.

One thing that must be kept in mind was that the dead trees
detected in the study area, for the most part, were completely
defoliated and quite small (average area = 4.41 m2, �1.18 m
diameter using a circular approximation). The size of the dead



Fig. 8. A large dead wood object delineated in the imagery (white outline) that was

not seen during field validation. The adjacent and overlapping area of the imagery

that is outlined in yellow appears to be a live tree crown seen within a shadow in the

canopy.
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wood objects that were detected matched reasonably well with the
measured crown diameters of 1056 live trees in the fifty field plots
(Pasher and King, submitted for publication) which had an average
crown diameter of 3.94 m2 (S.D. = 1.28 m2, min = 1.50 m2,
max = 14.30 m2 (note that testing showed repeated crown
diameter measurements to have a standard deviation of
0.70 m)). Similar research detecting dead trees in hardwood
forests included that of Kelly et al. (2004), Guo et al. (2007), and
Meentemeyer et al. (2008) who used imagery with resolutions of
<1 m, �1 m, and 33 cm, respectively, all carried out in Californian
forests for detection of oak mortality caused by a pathogen.
Statistics were not presented in their research with regard to the
crown size of the mapped dead trees, so the relative success of
these coarser resolution studies may have been due to larger trees
Fig. 9. An example subsection of the map of relative dead wood spatial distribution

found across the forest as derived from the CIR imagery, shown for the

corresponding area. Roads and water bodies were masked out and appear black

on the map.
than those of this study or detection of foliage colour change
typical of sudden oak death (Goheen, 2003). However, to detect
smaller dead wood such as that shown in Fig. 2, higher resolution
imagery is required.

The methods evaluated in this research could be used across
any forest of interest, since the detection relied on the general
spectral differences between exposed dead branches and the
surrounding live vegetation, which to some degree exist in all
forest types. Some study areas or types of forests may have large
canopy gaps within which the bare ground is visible, requiring
processing to differentiate between bare soil, litter or rock and
dead wood when producing a map of detected wood objects
(similarly to Kelly et al., 2004 and Guo et al., 2007).

3.4. Indirect modelling of dead wood

Field measurements in the fifty plots showed a range in the
number of snags of 1–19 (x̄ ¼ 4:88, S.D. = 3.41). The number of
pieces of CWD ranged from 1 to 30 (x̄ ¼ 12:14, S.D. = 6.86) and the
volume of CWD ranged from 3.94 to 199.05 m3/ha
(x̄ ¼ 63:24 m3=ha, S.D. = 47.05 m3/ha), with the two found to be
highly correlated (r = 0.92, p < 0.001). Unfortunately, the results
from indirectly modelling plot based CWD and snags using
variables extracted from the multispectral imagery were not as
useful compared to the results presented from the direct mapping
of canopy dead wood.

The best regression model for CWD volume (Table 2) was highly
significant but only explained 30.3% of the variance and had a
standard error of 39.27 m3/ha, or 62.1% of the mean volume of all
plots, compared to an RMSE of 28.4% found by King et al. (2005),
albeit using the number of pieces rather than a measure of volume.
The regression model derived in this case study for the number of
pieces of CWD included similar variables but was not as strong as
the one produced for CWD volume. Regression results were
disappointing compared the study of King et al. (2005), which was
carried out in the same forest. It is thought that the closeness of
those measurements to the 1998 ice storm was potentially the
reason for the successful indirect modelling of CWD using upper
canopy spectral and spatial measures. Their plots represented a
distinct gradient of damage from none to severe, the latter with
large gaps, shadows and broken crowns (with associated CWD
underneath) manifested as quite different image brightness and
texture than in less damage plots. The plots for the research
presented here were not specifically selected based on overstorey
damage, and therefore it is possible that the same gradient found
by King et al. (2005) did not exist to the same extent. As well, this
research was carried out approximately 10 years following the
storm, and while most of the CWD produced by the ice storm
damage remained (Guo et al., 2006; Beets et al., 2008), the canopy
had recovered relatively quickly (King and Bemrose, 2005). King
et al.’s (2005) model included mean plot NIR brightness, the
standard deviation of the NIR band, and mean plot red brightness
as predictors of the number of downed branches. Similar variables
were tested in the current research, but a poor relationship
resulted due to the different canopy conditions.

The CWD volume model was difficult to interpret, however, the
main predictor variable, which explained more than half of the
variance, suggested that plots with fewer canopy objects had
increasing amounts of CWD. The number of canopy objects,
derived using a tree delineation algorithm (Pouliot et al., 2005),
was significantly positively correlated with the number of over-
storey trees (r = 0.54, p < 0.001). It is potentially indicative of plots
that suffered from recent tree deaths, which contributed to the
CWD that was found. However, the number of snags was not
correlated with the CWD volume (r = �0.05, p = 0.737), which
suggested there may have been a time lag since the trees died.



Table 2
Regression results for indirect modelling of coarse woody debris volume and the number of snags in fifty plots across the forest.

Dependent variable R2 Adjusted R2 SE Independent variables

(contribution of variables shown by +/�)

Partial R2 p

Coarse woody debris volume (m3/ha) 0.346 0.303 39.27 � Number of canopy objects 0.213 <0.001

� Variation of area of canopy objects 0.070 0.021

+ Average NIR crowns 0.063 0.040

Number of snags 0.360 0.332 2.79 + Total area wood 0.285 <0.001

� Number of canopy objects 0.075 0.024
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Interestingly, the third predictor variable included in the model
showed increasing within crown NIR reflectance related to
increasing amounts of CWD, supporting the idea that the CWD
originated from historical fallen trees, and not partially damaged
tree crowns, which would have exhibited lower average NIR
reflectance.

The best model of the number of snags per plot explained
slightly more variance (32.2%) (Table 2), however this model still
had a very high error (SE = 2.79 or 57.2% of the mean number found
in all plots). This model was more easily explained. It included only
two predictor variables, with the first, the amount of dead wood
found through classification (see Section 3.1), contributing 79% of
the explained variance. The other variable included in the model
was also object-based, as opposed to one reflecting spectral or
spatial information in the imagery. The model showed that as the
number of canopy objects found in the imagery decreased, the
number of snags in the forest increased. This relationship was
identical to the one shown in the regression model for CWD,
however, similarly to the results previously discussed for CWD it
was difficult to interpret since the number of snags in the plots was
uncorrelated with the number of overstorey trees (r = 0.10,
p = 0.506).

Relations between the number of snags and image predictor
variables were poorer than expected. A contributing factor to this
was clearly the fact that image variables were extracted over a
40 m2 area, which corresponded to plot-based structural complex-
ity research (Pasher and King, submitted for publication), and was
also used to test indirect modelling in comparison to direct
detection methods, which were carried out at a much finer scale.
Image information extracted across the entire plot contained
information from the vegetation and gaps that surrounded the
snags, however snags made up such a small percentage of each plot
in the imagery (x̄ ¼ 1:4% and maximum was only 9.7%). As a result
the information represented by the predictor variables potentially
contained a large portion of noise, as opposed to information
directly or indirectly associated with the snags. A smaller area
could have been used for this research, possibly an area that
corresponded with the size of crowns in the study area, however
this would have resulted in an analysis almost identical to the
direct detection methods that relied on local spectral and spatial
information in the imagery.

4. Conclusions

This paper presents new research investigating the potential for
semi-automated detection and mapping of dead wood within a
temperate hardwood forest using airborne imagery. High resolu-
tion colour infrared airborne imagery was used along with various
image processing methods in order to detect and delineate wood
objects within the imagery. Validation showed detected dead
wood objects to be accurately mapped (94%), while validation of
sites mapped as non-dead wood had errors of about 10%. Indirect
modelling of CWD and snags using spectral and spatial variables
extracted from the imagery produce statistically significant
models but their standard errors were 62 and 57%, respectively,
leading to the conclusion that direct detection of canopy dead
wood is better for spatially extensive mapping of the relative
distribution of dead wood in a temperate hardwood forest. Further
research using lidar data along with spectral and spatial variables
extracted from airborne multispectral imagery might improve
indirect modelling results, however the acquisition of lidar data
over large areas is currently significantly more expensive
compared to optical imagery.

While the direct detection methods are limited by sensor view
angles and the 3-dimensional structure of a forest canopy,
mapping results were promising for producing a spatially
continuous representation of relative dead wood spatial distribu-
tion. This information has been used successfully as an input into
forest structural complexity modelling and mapping in the context
of habitat and biodiversity modelling, including in other research
by the authors incorporating the information into an overall
structural complexity index, along with a variety of other variables
derived from the airborne imagery. This information could also be
helpful for the management of habitat for individual or groups of
species that rely on snags as keystone structures. As well, the
methods and results could be used for improving forest manage-
ment through the enhancement of forest inventories and possibly
support research involving carbon budget modelling. Perhaps one
of the most important points from this research is that the methods
are highly automated and repeatable, and provide the ability to
monitor changes over time of the presence and patterns of dead
wood across a forest.
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