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Abstract. An extreme ice storm in January 1998 deposited up to 100 mm of ice and resulted in
signiﬁcant forest damage across eastern North America. Average crown loss of over 75% was
recorded in large areas of eastern Ontario and southern Quebec. A primary question that
arose following the storm was: can forest damage be eﬀectively assessed using remote sensing
and other available environmental data? This paper presents two contrasting studies to
address this question. The ﬁrst involves damage modelling at a local scale in an unmanaged
forest using spectral and spatial information in high-resolution airborne imagery. Results of
ﬁeld data analyses are also given that show relations between damage and forest structure and
composition as well as changes in forest structure that occurred in the years following the
storm. The second study involves regional scale damage mapping in managed and unmanaged
forests of eastern Ontario using medium resolution satellite imagery and other environmental
data. In comparison of several image classiﬁcation and data interpolation methods, the best
damage map was produced using a neural network classiﬁer and a mix of Landsat and
environmental data. The methods and results presented in this paper form the basis for
ongoing long-term temporal study of damage impacts on forest condition.
Keywords: ice storm, forest damage, remote sensing and environmental data, spectral and
spatial image analysis

1. Introduction
Forest ecosystems worldwide are undergoing signiﬁcant changes from natural and anthropogenic disturbances. Impacts are evident at a wide range of
scales from the biome level (Canadian Institute of Forestry, 2000) to individual stands and trees (Mageau et al., 1995). Forest disturbance (including
management eﬀects) is increasing in frequency and magnitude due to factors
such as climate change, increasing demand for forest products, and land
w
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conversion to urban or agricultural uses. This impacts forest ecology, forest
management (Parker et al., 2000) and ﬂoral and faunal habitat (Ehrlich,
1995). Eﬀorts are being made to develop methods for sustainable management of forests to reduce adverse impacts while maintaining adequate productivity for human use. Measurement and monitoring components of these
eﬀorts include the system of ‘‘Criteria and Indicators’’ as stipulated in the
Montreal Process (Canadian Council of Forest Ministers, 1995), many of
these being suitable for measurement using geo-spatial data and analytical
techniques (Goodenough et al., 1998). Franklin (2000) summarizes them
within a detailed treatment of the context and methods of remote sensing in
sustainable forestry. Disturbance assessment and monitoring are signiﬁcant
aspects of sustainable management and of eﬀorts to improve our knowledge
of ecological processes. Robust methods are needed to quantify and map
impacts resulting from various disturbance types including long-term stress,
sudden high impact stress, or forest management operations. The research
programme at Carleton University (King, 2002) addresses each of these using
multi-scale remote sensing and environmental data analysis. For the purposes of this special issue, this paper focuses on the high impact forest disturbance that resulted from the 1998 ice storm of eastern North America.
1.1. THE 1998 ICE STORM
Ice storms typically result when a moist warm air mass overrides a colder air
mass that is situated over a frozen ground surface (Oliver and Larson, 1996).
Rainfall freezes on impact causing ice accretion on surfaces. Ice storms
generally occur with high frequency (every 20–100 years) in the eastern
United States and the region from eastern Ontario to the Atlantic Provinces
of Canada (Smith, 1998). Most storms only cover small areas within these
regions, but local accumulation of ice can be signiﬁcant, causing downed
hydro lines and breakage of tree branches or trunks. They are one of the few
recurring regional scale natural phenomena in eastern temperate forests that
are responsible for damaging trees. However, forest response and adaptation
to such damage has not been rigorously studied over the long-term (Stabb,
1998). Irland (1998) states that survival chances vary from good for crown
loss of less than 50%, to unlikely for crown loss greater than 75%. At higher
levels of damage, growth suppression and wood degradation are also
expected. When trees lose branches, energy is focused on the development of
dormant buds and new branches. This may cause a reduction in root
development, diameter growth and defensive compound synthesis, which in
turn may cause soil moisture stress and an increased susceptibility to disease
and insect infestation (Irland, 1998; Coons, 1999; Boulet et al., 2000). For
managed forests, there is signiﬁcant possibility of further decline in forest
value as insects or fungi invade large wounds (Smith, 1998). Changes in
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successional dynamics may also occur in the understory layers in response to
increased light penetration resulting in increased competition for nutrients
and moisture (Aber and Mollillo, 1991).
Between January 4th and 9th, 1998 up to 100 mm of freezing rain fell in
eastern Canada and the north eastern United States. The area of ice accumulation was approximately 10 million hectares, although forest damage was
highly variable and patchy. Forest biomass loss in severely aﬀected areas was
greater than that measured in several recent hurricanes (Hooper et al., 2001).
A storm of such magnitude and spatial extent is estimated to have a return
period of at least 500 years (Smith, 1998). Ontario Ministry of Natural
Resources (OMNR) sketch mapping of damage by helicopter found it to be
most consistently severe in the central portion of eastern Ontario (Figure 1,
http://www.eomf.on.ca/ISFRATT/maps.htm).
In some small areas, all tree trunks had been snapped, while in others,
trees were bent in an arc with their crowns frozen at ground level or held by
other tree crowns. Over large areas, damage consisted more of broken
branches (Figure 2) and tree bending or lean. Due to the magnitude of
damage, both ecologically and economically, questions arose whether ice
storm damage could be assessed and mapped more objectively using remote
sensing, and other available environmental data.

Figure 1. Sketch map of forest damage in eastern Ontario produced from low altitude
airborne survey following the ice storm.
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Figure 2. Moderate to severe damage in a sugar maple forest, May 1998.

1.2. MODELLING AND MAPPING OF FOREST CHANGE USING REMOTE
SENSING

Remote sensing for assessment of forest damage from insects and disease,
and modelling of forest structure variations in natural and managed conditions have been well researched. Traditional approaches to vegetation damage assessment with remote sensing have included either visual analysis of
aerial photography (e.g., Hall et al., 1993) or multispectral analysis of digital
imagery (e.g., Leckie et al., 1992). Spectral analysis techniques have advanced signiﬁcantly, and capabilities for detection of physiological indicators of
stress (e.g., OMNR, 1997; Sampson et al., 2000) are being developed.
However, analysis of spectral symptoms alone does not capture the variability in forest structure caused by disturbance. Forest structure assessment
using remote sensing is best conducted with both spectral and spatial image
information, although the latter has not received as much attention in the
literature as the former. Image spatial measures such as texture (e.g., Wulder
et al., 1998; Olthof and King, 2000), semivariance parameters (e.g., Bowers
et al., 1994; Lévesque and King, 1999; Sampson et al., 2001), and image
fractions (e.g., Peddle et al., 1999; Lévesque and King, 2003) have been found
to be useful for forest structure modelling and, in some cases, forest damage.
Most of these studies, though, have been concerned with prediction of single
forest variables. Some recent work has integrated concepts of multivariate
representation of forest structure condition as a score or index composed of
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several forest variables. This integrated approach to quantitative forest
assessment is more ecologically relevant and is gaining increased attention in
the research community (e.g., Jakubauskas (1996) for forest structure; Olthof
and King (2000), Cosmopoulos and King (2004) for forest health in a contaminated and windblown environment; Coops et al. (2001) for Australian
forest condition).

2. Objectives
This paper presents remote sensing and environmental data modelling and
mapping of ice storm forest damage. They are part of a long-term programme to monitor forest response to the ice storm of 1998 and to aid in
development of understanding of the types, magnitude, and spatial patterns
of change that result from such events. Two studies that contrast in goals,
scales, data and methods are described. Study 1, in a protected park in
southern Quebec, is a local scale analysis of damage modelling using highresolution airborne imagery. Study 2, in eastern Ontario, is a regional scale
analysis of damage mapping in managed and unmanaged forests that compares classiﬁcation of geo-spatial data with interpolation from a dense network of ﬁeld damage estimates.
For the purpose of this special issue, the paper focuses on the questions:
What are ice storm impacts on forests and how can we model or map these
using remote sensing and environmental data? For the latter, two of the
primary methodologies that are used in remote sensing, biophysical modelling and classiﬁcation, are summarized. These methodologies are also
applicable to forest structure mapping in other disturbance conditions or in
undisturbed conditions when it is desired to quantify forest structure variation for some other purpose (e.g. forest management). Speciﬁc aspects of this
research such as the use of low cost high-resolution imagery and the integration of image spectral and spatial information, landscape metrics and
environmental data are less common in the literature as they are still relatively recent.

3. Study 1: Local Scale Analysis of Forest Ice Storm Damage
Forests that are not managed for extractive purposes present an opportunity
to study and monitor short and long-term impacts of a disturbance such as the
1998 ice storm. The study site is centred at 4530’N, 7552’W in the Gatineau
Park, a temperate hardwood forest of about 10 · 50 km northwest of Ottawa
(Figure 3). The dominant overstory species in the park is sugar maple
(Acer saccharum Marsh.), but there are small patches dominated by American beech (Fagus grandifolia Ehrh.), trembling aspen (Populus tremuloides
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Figure 3. Portion of a Landsat image (colour infrared composite) showing the Gatineau
Park and the two transects on which plots were located for Study 1.

Michx.), and red oak (Quercus rubra L.). Small numbers of red maple (Acer
rubrum L.), American 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. The Gatineau Park was on
the northern edge of the ice storm aﬀected area, receiving up to 60 mm of
freezing rain. Damage was patchy ranging from non-existent to large gaps
left by multiple fallen trees and broken branches. As such, the park serves as
a good site for remote sensing modelling because a wide range of damage is
present and undamaged areas indicate pre-ice storm conditions. The objectives to-date have been to: (1) ﬁeld measure and monitor forest damage and
structural change over the next 10–20 years, and (2) determine the capability
of high-resolution remote sensing in modelling of damage and structure.
High-resolution imaging for this study has been conducted primarily with
low cost digital cameras (King, 1995) and aerial photography.
3.1. METHODS
Seventy plots of 20 · 20 m were installed along two north–south transects
(Figure 3) in areas of damage that ranged from none to severe. Suitable plot
size was determined by experience in previous studies and by a semivariance
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analysis conducted on ﬁeld and remote sensing data of two Quebec Ministry
of Natural Resources (QMNR) permanent sample plots (Butson and King,
1999). The number of plots was selected to provide adequate statistical power
and capability to stratify the data based on forest or site characteristics. The
transects and plot edges were oriented north–south to aid in ﬂight navigation
and minimize costs of data acquisition. Plot corners were surveyed using
diﬀerential GPS to provide positional accuracy on the order of 0.5–1 m. This
level of accuracy is critical for airborne remote sensing where image pixel
sizes are small.

3.1.1. Field Data Acquisition
Field data were collected for dominant, intermediate and ground vegetation
in 1998, 2000, and 2003. Three measures of damage were assessed. Visual
health was assessed using a scoring system: 0 – healthy; 1 – slight damage
such as one or two dead or broken branches; 2 – signiﬁcant damage with
up to half the crown broken or dead; 3 – severe damage with only one or
two remaining live branches; and 4 – dead. Tree lean and spectral stress
symptoms that cause leaf discolouration were incorporated as additional
half point scores. This assessment procedure is subjective but generally
repeatable within 10–20% (Lévesque and King, 1999). The number of
broken stems (zero order) and 1st and 2nd order wounds where branches
had broken were counted for about 1800 dominant trees in 1998. The
amount of downed woody debris was assessed in 15 plots in 2000 using line
intercept methods adapted from Canﬁeld (1941). Two measures were estimated: the number of fallen branches and the total cross-sectional branch
area. These two measures were tested in damage modelling subsequent to
the other two measures to see if model improvements could be achieved.
Other forest structure measurements included eﬀective leaf area index
(LAIe), diameter at breast height (DBH), tree height, stem density, basal
area, and ground vegetation cover. LAIe was measured using hemispheric
photographs (Rich, 1990) taken skyward under diﬀuse illumination of
uniform cloud or at dusk and dawn. The photos were converted to binary
format with vegetative matter, including leaves, branches, and trunks, as
black and sky as white. Per cent cover and the gap size distribution were
then derived from the image, the latter being converted to an estimate of
LAI (ter Steege, 1993). This method does not account for clumping of
vegetation that produces a non-random gap size distribution and often
results in an underestimate of LAI. Hence, it is commonly referred to as
‘‘eﬀective LAI’’ (LAIe). Ground vegetation abundance was measured using
line intercept methods similar to those for downed woody debris (Canﬁeld,
1941).
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3.1.2. Image Data Acquisition and Processing
Image data consisted of colour infrared (CIR) airborne digital camera
imagery acquired in 1998 with a Kodak DCS 460 CIR camera
(3060 · 2036 · 12-bit format), and 70 mm CIR photography, scanned to
4096 · 4096 pixel format. Ground pixel spacing was 60 cm for the former
and 25 cm for the latter. Each sensor produced three spectral bands of about
100 nm bandwidth in the green, red, and near infrared (NIR) portions of the
spectrum. For analyses completed to-date, the photographs were used
because the digital camera imagery suﬀered from saturation in the tree
crowns. Figure 4 is a portion of one of the scanned photos showing plot
locations on one transect.
To accurately locate the study plots in the imagery, the images were georeferenced as follows. White targets placed in the ﬁeld before image acquisition
and additional points of high contrast such as path or road intersections were
diﬀerentially surveyed with a GPS. The image pixels corresponding to these
targets and features were used as control points in a polynomial transformation to align the imagery with a UTM projection. First order polynomials were
used in all cases to avoid diﬀerential scale change and warping across the
image. Root mean square errors (RMSE) in this process were typically less
than one pixel in magnitude. The images were then processed to reduce
brightness variations caused by the bi-directional reﬂectance distribution
function (BRDF) (Pellikka et al., 2000a) and optical eﬀects (King, 1992).
Following image and ﬁeld data processing, plot subscenes were extracted
at their known geo-referenced locations in the imagery. Spectral and spatial

Figure 4. Portion of an airborne colour infrared 70 mm digitized photograph taken at
the bottom end of the left transect in Figure 3. Plot locations on this portion of the
transect are shown as Xs.
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information was then generated for each plot. Spectral information included:
mean brightness in digital numbers (DN) in the green, red and NIR bands
and the normalized diﬀerence vegetation index {NDVI = (NIR  R)/
(NIR+R)}. Spatial information included image texture and image structure
measures. The texture measures were the standard deviation of the data in a
given window and the co-occurrence matrix measure Contrast (Haralick
et al., 1973). Window sizes were 3 · 3 pixels for these measures to capture
within crown textures. Image structure measures included the fractions of
shadow and sunlit crowns. They were determined using unsupervised ISODATA spectral cluster analysis (Jensen, 1996), a modiﬁcation of the standard
k-means statistical clustering algorithm. These spatial measures had been
found in previous work to be well related to LAIe and damage in the boreal
forest (Olthof and King, 1997; Olthof and King, 2000).
3.1.3. Image Modelling of Forest Damage
Regression modelling of damage was then conducted in the following steps.
(1) Linearity between ﬁeld (y) and image (x) variables was checked. In health
score modelling the shadow variable had to be logarithmically transformed.
(2) Correlations between all image and damage variable pairs were produced
to evaluate the image variables with highest potential for damage prediction.
(3) Stepwise regression was implemented to determine the best models of a
given damage variable using the set of available image variables. The signiﬁcance of the F value to enter a variable in a model was set at 0.05. The
parameters of interest are: R2, the amount of variance in the ﬁeld variable
accounted for by the model; Adjusted R2 (R2adj), which accounts for the
reduced degrees of freedom when x variables are added to the model and is a
good means for comparison of models with diﬀerent numbers of x variables;
the signiﬁcance of the model (p) and of each variable in the model; the
standard error of estimate (Se), which measures the dispersion of measured
values from the predicted model in the units of the y variable. Model
residuals, were checked for normality and uniformity when plotted against y.
Multicollinearity amongst independent (x) variables was checked by specifying a maximum variance inﬂation factor of 10 (Hocking, 1996) and by
analysing paired correlations to ensure that no two x variables in the model
had linear correlations (r) of greater than 0.85.
3.2. RESULTS
3.2.1. Field Data Analysis
Table I summarizes the signiﬁcant relations between the two primary damage
measures and forest structure measures. The ﬁrst two columns are post-storm
canopy measures indicating that greater damage was associated with reduced
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Table I. Signiﬁcant Pearson correlations between two of the primary damage measures and
forest structure
LAIe

Crown closure (%) DBH (cm) Crown diameter (m)

Total broken stems,
)0.50**
1st and 2nd order wounds
Visual health score
)0.28* )0.65**

0.68**

0.29*

0.27*

Broken stems and wounds are the plot averages per dominant tree to remove eﬀects of varied
stem density between plots.

LAIe and crown closure. The third and fourth columns essentially represent
pre-storm data as DBH was not aﬀected by the storm, and crown diameter
was measurably reduced only for the most severely damaged trees. These
data show that larger trees were more susceptible to damage and agree with
results of Rhoads et al. (2002). However, relations between damage and tree
height were non-signiﬁcant. Figure 5 shows the scatter plot for DBH and the
total number of broken stems, 1st and 2nd order wounds.
Other results obtained from the 1998 ﬁeld data show that the visual
damage score increased with increasing elevation (r ¼ 0.28, p < 0.05) and
that damage was greater on slope aspects facing east through to southwest
than on northern slopes (t-test, p < 0.01). This agrees with Rhoads et al.
(2002) who found greater damage on south facing slopes and at higher elevations, although their study elevations were higher than those of the Gatineau Park. Damage also varied according to species. For example, species
such as sugar maple and red oak, with average scores of 1.79 and 1.82,
respectively, were signiﬁcantly less damaged (t-test, p < 0.01) than species

Figure 5. Relation of plot average number of broken stems, 1st order and 2nd order
wounds with average tree diameter at breast height (DBH).
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such as basswood and black cherry with average scores of 2.64 and 2.76,
respectively. Again these results agree with those of other studies (e.g.,
Rhoads et al., 2002). In 2000, repeat assessment of 830 dominant trees and
1142 intermediate trees found that the average score had improved signiﬁcantly by 0.52 and 0.26, respectively (p < 0.01). Thus, most damaged trees
had produced signiﬁcant foliage using resources within the tree and the
additional available light. The new crowns of highly damaged trees, however,
were typically narrow and vertically thick in 2000. Initial analysis of the 2003
data has shown that a number of trees that had scores of 2 and 3 in 1998 had
died. Also, the average relative diameter growth between 1998 and 2003
decreased with increasing damage. Trees with moderate and severe damage
averaged only 5.05 and 3.1% growth in DBH, respectively, while trees that
were slightly damaged or not damaged averaged DBH growth of 6.6 and
6.4%. It remains to be seen whether this trend will continue and result in
more widespread premature decline and mortality.
3.2.2. Image Modelling of Forest Damage
Stepwise regression image modelling was conducted using the following four
damage variables: the visual crown condition score, the total number of
broken stems and broken branch wounds, downed wood area, and downed
branch counts. Table II shows the signiﬁcant model results. Downed branch
Table II. Signiﬁcant multiple regressions between damage measures and airborne image
variables
Model

# Downed branches per plot
NIR
ST. DEV. NIR
RED
Health score (0–4)
LG-SHADOWT
NDVI
NIRTEX
GREEN
GREENTEX

R2

Adjusted R2

SE

Predictor
signiﬁcance

Overall
signiﬁcance

0.77

0.71

29.5

0.03
0.02
0.03

0.00

0.60

0.51

0.26

0.15
0.00
0.24
0.00
0.02

0.00

Health score model is reproduced from Pellikka et al. (2000b). GREEN, RED,
NIR = brightness in these spectral bands; ST. DEV. = standard deviation in a 3 · 3
window for the given band; LG = logarithmic transform of the given data; SHADOWT =
transitional shadow on crown edges; NDVI = normalized diﬀerence vegetation index as
deﬁned in text; TEX = texture of the given spectral band.
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count was modelled using mean plot NIR brightness, the standard deviation
of the NIR band in a 3 · 3 window and mean red brightness. The model was
highly signiﬁcant but the standard error was 28.4% of the mean number of
fallen branches per plot of 103.9 (range was 57–290). The health score was
signiﬁcantly modelled using mean NDVI, mean green brightness, the shadow
fraction and texture in the NIR and green bands (this model is reproduced
from Pellikka et al., (2000b)). The standard error was 12.7% of the mean
health score of 2.05 (health score range ¼ 1.19–2.82). Signiﬁcant models were
not produced for broken stem and branch wound counts, nor for downed
wood area.

4. Study 2: Regional Scale Mapping of Forest Ice Storm Damage
The ice storm had a signiﬁcant impact on maple syrup producers as production declined markedly in 1998 (Kidon et al., 2001), prompting the
OMNR to initiate a study of treatment eﬀects on maple health and production (Lautenschlager and Nielsen, 1999). Thirty-eight study blocks were
installed and GPS surveyed in sugar maple forests of varying management
and damage conditions in eastern Ontario. Figure 6 shows the block locations on a Landsat mosaic of eastern Ontario. The blocks were 100 · 100 m,
consisting of four plots each of 50 · 50 m. In 35 blocks, each plot had been
treated with fertilizer, lime, fertilizer and lime, or nothing (control). In the
remaining three blocks herbicide was applied in three of the plots. Visual
estimation of per cent crown loss was conducted by the OMNR in 34 blocks

Figure 6. Natural colour Landsat imagery of eastern Ontario showing the OMNR
sugar maple experiment blocks used in Study 2.
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for 6 focus trees per plot in 1999. The study also included assessment of root
starch, sap, light conditions, soils, and ground vegetation abundance
(Lautenschlager and Nielsen, 1999).
As a component of this sugar maple study, the OMNR wished to determine if a better ice storm forest damage map of eastern Ontario could be
produced than the sketch map that resulted from airborne surveys immediately following the storm (Figure 1). A project was designed to integrate pre
and post storm Landsat data with existing provincial or federal environmental data in modelling and classiﬁcation of crown loss. The objectives of
this study were to: (1) determine suitable remote sensing and environmental
variables for damage analysis, (2) conduct modelling and classiﬁcation of
damage for eastern Ontario, and (3) compare four classiﬁers to determine the
most appropriate one given data and processing requirements.
In addition, the OMNR had visual crown loss estimates for almost 2000
non-geo-referenced temporary sample plots (TSPs) across the region. These
were used in assessment of damage mapping using interpolation techniques.
4.1. METHODS
4.1.1. Data Acquisition and Processing
Cloud-free summer Landsat Thematic Mapper (TM) imagery covering all of
eastern Ontario was obtained by combining four scenes for the periods before
(pre) and after (post) the storm. The pre-storm data consisted of two July 18,
1996 scenes and two July 30, 1997 scenes. The post-storm data were comprised of two August 2, 1998 scenes, one September 10, 1998 scene and one
July 3, 1999 scene. Each scene was ﬁrst geo-referenced using GPS data collected in 1999. Three scenes for each period (pre and post storm) were
radiometrically matched to a master scene by applying linear functions
relating stable land features in image overlap areas. A mosaic for each data
set was then produced as shown in Figure 6. Each mosaic was atmospherically corrected with the 6S algorithm (Vermote et al., 1997) using aerosol
optical depth data from the nearest Aerocan sun tracking photometer station
and sensor gain and oﬀset from the master image. This converted pixel
radiance into surface reﬂectance for each of the six TM bands (TM 1–5
and 7). The post storm mosaic was then aligned to the pre storm mosaic.
The reﬂectance data were stratiﬁed into deciduous and coniferous forest
types using both an OMNR WoodArea GIS polygon layer, which had been
interpreted from 1 : 10,000 photography, and an unsupervised cluster map of
water, open, cropland, deciduous and coniferous forest generated from the
Landsat data using the ISODATA algorithm (Jensen, 1996). An additional
variable, distance to forest edge was extracted from this thematic map, as
aerial and ﬁeld observation had shown more severely bent trees at forest
edges than in forest interiors. A digital elevation model (50 m grid) obtained
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from the provincial 1 : 10,000 database was transformed to derive slope and
aspect surfaces. Accuracy of spot heights in the DEM was 0.1 m horizontally
and 1.25 m vertically. Freezing rain amounts were obtained for 284 stations
from Environment Canada. A map of freezing rain was interpolated using
kriging with 30 m pixels to match the Landsat pixel spacing.
For parametric classiﬁers, data must be normally distributed. Input data
consisting of the individual spectral bands, NDVI, pre/post storm ratios of
individual bands and NDVI, elevation, and precipitation were determined to
be suﬃciently normal, while proximity to forest edge had to be logarithmically transformed. Aspect was not included in these classiﬁers because of its
circular nature. Slope was also not included as it was highly related to
elevation in the study area and could not be transformed to a normal
distribution.
4.1.2. Damage Modelling and Classiﬁcation
The goal of this study was to produce a damage map for eastern Ontario.
Initially, regression modelling of crown loss as a continuous variable was
conducted as in Study 1 with the intention of applying a model derived from
sample locations to all deciduous forests in the area of data coverage. Subsequently, classiﬁcation of damage as an ordinal variable was conducted. In
classiﬁcation, crown loss was considered as three classes: none to slight
damage (0–25% crown loss), moderate damage (26–50%), and high damage
(>50% crown loss). They were selected to divide the data into classes of
approximately equal sample size, and because they had been used in other
studies of the OMNR ice storm project. The high damage class has been
associated with expected growth suppression and mortality as described
earlier.
Classiﬁcation to produce damage maps was conducted using a common
supervised data preparation procedure described in texts (e.g., Jensen, 1996).
It included extraction of one training pixel from each plot, processing to
determine training class statistics for parametric classiﬁers or to train the
neural network classiﬁer, and application of the classiﬁers to produce damage
maps. Four classiﬁcation techniques were evaluated and compared: multiple
regression followed by aggregation of the predicted damage values into the
three damage classes, discriminant analysis, maximum likelihood, and neural
networks. Discriminant analysis seeks k)1 discriminant functions, where k is
the number of classes to diﬀerentiate. These functions are linear combinations of the predictor variables that give the greatest amount of squared
diﬀerence between groups relative to the variance within groups (Lachenbruch, 1975). All available normally distributed variables were input to the
regression and discriminant analyses. The maximum likelihood classiﬁer
determines the probability density functions of each class in n dimensional
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space from a set of training data, where n is the number of discriminating
variables. In the classiﬁcation stage, each pixel is assigned to the most likely
class based on the probability density functions (Jensen, 1996). As this
classiﬁer can produce reduced accuracies when the number of input variables
is high (Piper, 1992), a subset was selected that included: post storm band 3;
pre/post storm ratios of bands 3 and 5; freezing precipitation; and distance to
forest edge. These ﬁve variables had been identiﬁed as being the most signiﬁcant contributors to the primary principal components of the data and to
the multiple regression models produced prior to this analysis. A back
propagation neural network (Maren et al., 1980) consisting of an input layer,
one hidden layer and an output layer was used. Each layer in a neural network consists of a series of nodes connected to all nodes of the layers on
either side. The input training data are fed through the network and modiﬁed
by sigmoid functions whose initial weights are assigned randomly. As the
outputs do not match the actual classes using such weights, the error is fed
back through the network and used to modify the weights. This process is
repeated in many iterations until the error in output classes is below a user
input tolerance. Once the network has been trained in this manner, it is used
to classify the whole scene. In this study the number of iterations was 1000.
Each classiﬁer was repetitively run 10 times using random subsets of
training and test data from the total set of reference pixels in a ratio of
80 : 20. This allowed error variation to be assessed and the best classiﬁer to
be selected for production of the ﬁnal damage map. This bootstrapping
methodology for classiﬁcation and accuracy assessment is described in detail
in Olthof et al. (2004).
4.1.3. Damage Interpolation from a Set of Non-Geo-referenced Temporary
Sample Plot Data
Visual estimation by OMNR staﬀ in the nearly 2000 TSPs was very labour
intensive in comparison to the data intensive procedures associated with
acquisition and processing of the geo-spatial data described above. These
damage estimates had potential to be used in the modelling and classiﬁcation
procedures but TSP locations were only approximately known from air
photos or with respect to nearby roads. Consequently, extraction of geospatial data corresponding to the exact TSP locations was impossible and
correlations between TSP damage and each of the geo-spatial variables were
very poor. This highlights the necessity for ﬁeld data location accuracy and
spatial data geo referencing accuracy to be at least on the order of the pixel
size of the spatial data.
As an alternative, the TSP data were used in interpolation to produce a
damage map of eastern Ontario. Three interpolators were tested: nearest
neighbour, inverse weighted distance (IDW) using an exponent of 2, and
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kriging using a spherical variogram. The interpolated surfaces were evaluated
for accuracy by setting aside 30 randomly selected TSP plots in three repetitions of each interpolator. RMS error was calculated for damage as a
continuous variable and as a class variable.
4.2. RESULTS
Table III shows the results of stepwise regression modelling. The signiﬁcant
variables entered were distance to edge (), in combination with post storm
Landsat Band 7 (+), pre storm Band 1 (), post storm Band 3 (+), and
elevation (+). Distance to edge and post storm band 7 contributed equally to
the adjusted R2 (0.16 each), while the remaining three variables contributed
much less (0.05, 0.02, 0.02, respectively). The model shows that damage
increases closer to forest edges and at higher elevations, both trends having
been observed in the ﬁeld. Landsat Band 7 reﬂectance (mid infrared) is
known to respond to variations in moisture content (Lillesand and Kiefer,
1999). It typically increases as moisture decreases, thus the positive post
storm relation here shows lower biomass and/or water stress. However,
interpretation is not simple as atmospheric moisture and other factors can
inﬂuence the signal. Band 3 (red) responds to chlorophyll absorption and
increases with reduced chlorophyll content. The positive relation of post
storm red reﬂectance with damage in this model conﬁrms this. Band 1 (blue)
normally responds to pigments in foliage and is typically lower for healthier
vegetation. In this model, its negative relation with damage is diﬃcult to
interpret.
Despite some straightforward relations with distance to forest edge and
elevation, the model incorporates only a small amount of variance from one
pre storm spectral band. Thus, the contribution of the temporal Landsat
dataset to modelling damage seems limited. Post-storm spectral bands
showing spatial variations in vegetation related to the spatial distribution of
Table III. Signiﬁcant multiple regression model between damage and Landsat/environmental
variables
Model

R2

Adjusted R2 SE (%) Predictor signiﬁcance Overall signiﬁcance

Per cent crown loss
Dist to Edge
0.44 0.41
Post B7
Pre B1
Post B3
Elev

14.9

0.00
0.00
0.00
0.00
0.00

0.00

Dist to Edge = distance of the pixel to a forest edge; Pre = Pre storm; Post = Post storm;
B7, B1, B3 = bands 7, 1, 3 of Landsat TM; Elev = elevation.
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damage (amongst other factors) are all that are needed. Consequently, it was
concluded that model quality, interpretation, and potential reproducibility
were not adequate for mapping, so a classiﬁcation approach was implemented giving the results described below.
4.2.1. Damage Classiﬁcation
For purposes of damage mapping, the OMNR required a map of three
damage classes. In each of the 10 runs of each classiﬁer, the training and test
data were assessed for accuracy. The average and range of accuracies are
listed in Table IV.
The neural network classiﬁer outperformed all other classiﬁers in average
accuracy and in almost every individual classiﬁcation run. However, its
accuracies were more variable than those of the other classiﬁers. This is most
likely due to the diﬀerent training samples used in each run, and to the initial
random weights of the network as additional runs with the same training
data gave diﬀerent classiﬁcations. Given that it was obviously the best
classiﬁer and that it varied signiﬁcantly from run to run, it was decided to
generate the ﬁnal damage map from the mode of the 10 neural network
classiﬁcations. The mode map error matrix for test plots not used in the
training process is given in Table V. Overall accuracy was 77%, producer’s
Table IV. Average and range of damage classiﬁcation accuracies of the training and test data
for four classiﬁers

Regression
Maximum likelihood
Discriminant analysis
Neural network

Training data accuracy (%)
(Mean/range)

Test data accuracy (%)
(Mean/range)

55/10
72/10
62/19
94/25

51/31
55/17
52/26
65/35

Table V. Error matrix for the mode of the ten neural network classiﬁcations
Neural network damage class mode

1
2
3
Total
Producer’s accuracy (%)

Field damage class
1

2

3

Total

User’s accuracy (%)

5
4
1
10
50

0
8
2
10
80

0
0
10
10
100

5
12
13
30

100%
67
77
77
77
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accuracy (100% – %errors of commission) varied between 50 and 100%, and
the user’s accuracy (100% – %errors of commission) varied between 67 and
100%. The low producer’s accuracy for damage class 1 may be due to the low
number of training plots that were available for this class (5–8) as 10 plots
had been set aside to provide equivalent test sample size to the other two
classes.
4.2.2. Interpolated Damage Map from Temporary Sample Plot Data
The three interpolators applied to the TSP data performed approximately
equally. RMS error in per cent crown loss was similar amongst the methods,
being between 15.5 and 15.6%. When the data were aggregated to the three
damage classes, overall classiﬁcation accuracies were: 57% – IDW; 54% –
kriging; 52% – nearest neighbour. None of the producer’s or user’s accuracies was better than the corresponding accuracies of the neural network
classiﬁcation. Thus, in one-time assessment, this labour intensive procedure is
probably adequate to provide a coarse estimate of crown loss and spatial
representation of damage in the weeks immediately following the storm.
However, to develop understanding of factors aﬀecting damage, and to
provide capability for longer-term GIS database analysis, the geo-spatial
methods presented here should be more eﬀective.

5. Summary Discussion
Two research studies have been implemented to model and map temperate
forest damage following a severe ice storm. Deﬁning a robust, objective and
repeatable measure of damage is diﬃcult. Most studies use visible crown loss
or a crown condition score as subjective measures. In this research, they were
used in addition to more objective measures of broken branch wounds, fallen
woody debris counts and cross-sectional area.
Multiple regression modelling of damage with high-resolution airborne
imagery has produced models of high signiﬁcance, moderate standard error,
but low to moderate variance accounted for. These models aided in identifying image parameters that respond to structural variations. For example,
the integrated response of ground and understory vegetation to opening of
the overstory canopy aﬀects the remote sensing signal. As greater light
penetrates damaged canopies, shadow brightness increases, the proportion of
deep shadow decreases (Seed and King, 2003), textures typically increase and
spectral brightness changes. These eﬀects are currently being studied through
analysis of vertical proﬁles of LAIe and closure derived from hemispheric
photography taken at heights up to 12 m in the canopy. This local scale
study, being in an unmanaged forest, can also be used to study long-term
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impacts. There is very little conclusive research on these, but expert opinion
amongst the practitioners in the OMNR and QMNR suggests that strong
foliage production in the ﬁrst years after the storm may be followed by
decline or mortality at younger than normal tree ages. Initial analysis of
2003 ﬁeld data is conﬁrming this trend. Future research will include a
temporal image analysis to determine if measured canopy changes can be
estimated, and continued data acquisition to reﬁne the image models of
damage and structure and to develop understanding of the long-term
response of this forest to the ice storm. In addition, a canonical correlation
damage modelling procedure applied by Olthof and King (2000) in the boreal
forest will be adapted to attempt to assess forest structure condition in
a multivariate integrated score representing various forest structure
parameters.
In the regional scale study, modelling with a variety of remote sensing and
environmental data types was not as fruitful but did demonstrate (expected)
associations of damage with Landsat red and mid IR reﬂectance, distance to
forest edge, and elevation. Relations of damage with the variety of forest
management practices and intensities of this study have not yet been evaluated explicitly, but there is some initial evidence that intense maple syrup or
other management that retains large trees and high spacing is more susceptible to damage (e.g., the DBH-damage relation (Figure 5) from the local
scale study of this paper). Mapping of forest structure and damage at a
regional scale may therefore provide spatial information that could aid in
development of management guidelines. Average accuracy of over 75% was
achieved using the mode of multiple neural networks. This was much better
than the 55% average accuracy achieved using interpolation from damage
estimates that had been made in a large network of TSPs across the region.
The geo-spatial damage mapping methods are also more objective, repeatable, and of greater expected accuracy than the airborne sketch mapping
procedure that was implemented by the OMNR immediately following the
ice storm. In particular, the geo-spatial methods have the potential to be
further reﬁned and provide an archived spatial database from which greater
understanding of spatial patterns and factors aﬀecting damage can be
developed.
In concurrent research to this study, forest productivity response measured
by the change in LAIe in the four summers following the storm has been found
to be highly related to the damage sustained (Olthof et al., 2002). In addition,
as damage visually appeared to have been greater in agricultural areas than in
regions of more continuous forest, evaluation of relations of landscape fragmentation to damage is being conducted. Initial tests of several fragmentation
metrics have thus far shown damage to be related to patch isolation.
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