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Forest disturbance
ountain pine beetle (Dendroctonus ponderosae) in western Canada has been
increasing over the past decade and is currently estimated to be impacting 9.2 million hectares, with varying
levels of severity. Large area insect monitoring is typically undertaken using manual aerial overview sketch
mapping, whereby an interpreter depicts areas of homogenous insect attack conditions onto 1:250,000 or
1:100,000 scale maps. These surveys provide valuable strategic data for management at the provincial scale.
The coarse spatial and attribute resolution of these data however, make them inappropriate for fine-scale
monitoring and operational planning. For instance, it is not possible to estimate the initial timing of attack
and year of stand death. In this study, we utilise eight Landsat scenes collected over a 14 year period in north-
central British Columbia, Canada, where the infestation has gradually developed both spatially and
temporally. After pre-processing and normalising the eight scenes using a relative normalisation procedure,
decision tree analysis was applied to classify spectral trajectories of the Normalised Difference Moisture
Index (NDMI). From the classified temporal sequence of images, key parameters were extracted including the
presence of beetle disturbance and timing of stand decline. The accuracy of discriminating beetle attack from
healthy forest stands was assessed both spatially and temporally using three years of aerial survey data
(1996, 2003, and 2004) with results indicating overall classification accuracies varying between 71 and 86%.
As expected, the earliest and least severe attack year (1996), recorded the lowest overall accuracy. The
relationship between the timing of stand attack (i.e. moderate to severe beetle infestation) and NDMI (initial
year of detected disturbance) was also explored. The results suggest that there is potential for deriving
regional estimates of the year of stand death using Landsat data and decision tree analysis however, a higher
temporal frequency of images is required to quantify the timing of mountain pine beetle attack.

© 2008 Elsevier Inc. All rights reserved.
1. Introduction

The current mountain pine beetle (Dendroctonus ponderosae Hop-
kins) infestation in western Canada is of previously unrecorded
proportions impacting an estimated 9.2 million hectares in 2007
(Westfall, 2007). To minimise the economic impacts of the infestation
on the forest industry and communities dependent on forestry
operations, as well as reduce the ecological impacts of the infestation,
it is important to identify the location and severity of beetle attack.
Assessments of the current state of the forest resource are also needed
for operational planning purposes, including the location of standing
dead timber, year of beetle attack, and anticipated stand regeneration
patterns.

The use of moderate-scale optical remote sensing imagery such as
Landsat Thematic Mapper (TM) or Enhanced Thematic Mapper +
(ETM+), with a spatial resolution of 30 m over a 185×185 km scene
1 604 822 9106.
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area, has been previously examined for its ability to discriminate
spectral changes associated with beetle attack (Wulder et al., 2006a).
When the intensity of mountain pine beetle attack is low, canopy
cover declines gradually over time yielding subtle spectral changes
which are often difficult to distinguish from healthy forests at various
stages of succession (White et al., 2007). For example, Jakubauskas
(1996) found that the spectral characteristics of beetle affected
lodgepole pine (Pinus contorta) stands exhibit similar spectral
responses as post-fire areas within Landsat imagery. The spectral
separation of non-attack forest from stands with low intensity beetle
attack was limited even with hyperspectral data from the Hyperion
sensor (30 m resolution). This resulted in the recommendation that
masking or stratifying regions of non-attack forest may be needed to
minimise spectral variability unrelated to beetle attack (White et al.,
2007). As directing image analysis to areas likely to contain beetle
attack is expected to increase the disturbance map accuracy by
reducing errors of commission (Rogan & Miller, 2007).

The examination of a temporal sequence of satellite images allows
changes in reflectance associated with disturbance to be quantified and
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Fig. 1. Location of Morice timber supply area (TSA).

Table 1
Field survey data characteristics

Attribute Mean (SD)

Number of severely infested plotsa 47
Average pine height (m) 26.32 (4.20)
Average pine diameter at breast height (m) 0.35 (0.08)
Number of green attack trees 225 (290)
Number of red attack trees 4 (9)
Number of grey attack trees 11 (17)

a N30 m away from non-forested locations (e.g. roads).
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has been found tobe effective at characterisingdisturbance events suchas
clear fell logging, selective logging,fire and insect outbreaks (Adams et al.,
1995; Coppin et al., 2004; Coppin & Bauer, 1994; Fraser & Li, 2002;
Kennedy et al., 2007; Roder et al., 2007; Wulder et al., 2005a). The key
advantage of analysingmultiple images, rather than a single image, is that
a record of spectral reflectance change can be extracted to both charac-
terise the magnitude and direction of physiological processes or
disturbance events (Hostert et al., 2003) rather than seeking only the
contrast between features of a single date of imagery. Change detection
based on two image dates (surface reflectance or derived metric) have
been used to characterise both the change direction and magnitude of a
forest disturbance (Wulder et al., 2005a). For example, the Enhanced
Wetness Disturbance Index (EWDI) has beenwidely used to characterise
forest disturbance events (Franklin et al., 2001). This involves re-
projecting the original Landsat (TM or ETM+) spectral bands along the
principal directions of brightness, greenness, and wetness (known as a
Tasseled Cap Transformation (TCT) (Crist & Cicone, 1984; Crist & Kauth,
1986;Kauth&Thomas,1976) and thendifferencing thewetness bandpre-
andpost-infestation (Skakunet al., 2003). Tobuildupon theseapproaches,
Wulderet al. (2006b) generatedaprobability surfaceof red attackdamage
from a logistic regression model that incorporated EWDI, elevation, and
slope. Assuming a 50% threshold (N50% likelihood of attack=red attack),
red attack damagewasmappedwith an accuracy of 83%. Similarly, Coops
et al. (2006) derived estimates of beetle attack using a logistic regression
model and two-date Landsat imagery. The results indicated that 70% of
the beetle infestation sites were correctly classified with an independent
set of beetle survey data used as validation.

The location of stand replacing disturbances (such as wildlife and
clearcut logging) can be detected using a single set of before and after
images, due to both their large visible extents and marked change in
vegetation structure and function (Cohen et al., 2002). In contrast,
subtle changes in forest condition such as foliage discolouration and
defoliation due to insect attack, have proven more difficult to detect
and map (Radeloff et al., 1999; Royle & Lathrop, 1997). However, the
analysis of imagery from a number of years, rather than just two, may
be more advantageous and accurate (Fisher et al., 2006; Hurley et al.,
2004; Wilson & Sader, 2002), as an increased number of repeat
observations will allow a temporal pattern to be developed allowing
characterisation and interpretation of the reflectance patterns
before, during, and after a given disturbance event. For example,
the analysis of three Landsat images containing forest stands prior to
disturbance, after insect defoliation (Gypsy moth, Lymantria dispar)
and during refoliation, was found to improve the detection accuracy
of infested areas, compared to two images (Hurley et al., 2004).

While studies examining temporal sequences of imagery have
shownpotential for increased accuracy in detecting non-stand replacing
disturbances (Kennedy et al., 2007; Schroeder et al., 2007), a number of
factors impact predictions of disturbance from spectral trajectories. In
particular, gaps in the data record are amajor limitation that can reduce
the detection of phenology or disturbance events (Fisher et al., 2006;
Franklin et al., 2005) resulting in errors of omission (Jin & Sader, 2005;
Wilson&Sader, 2002). Large or frequent gaps in the image sequencewill
decrease thenumber of observations available to capture spectral trends
and possibly affect their interpretation as fitted curves could mis-
represent the true signal of a disturbance event. Furthermore, back-
ground conditions such as exposed soil or understorey vegetation
(Radeloff et al., 1999) may increase the spectral variability of targeted
disturbance events that occur in the overstorey canopy, making detec-
tion of changes more difficult. Confounding events based upon
silvicultural treatments (such as herbicide application) can also produce
unexpected changes to locations expected to be following a recovery
trajectory (Franklin et al., 2005).

This study describes a new technique for classifying beetle attack
based on a temporal sequence of Landsat data and a set of expert
decision rules. The key components of this approach are that multiple
images are considered in the classification of beetle attack and addi-
tional forest classes (e.g.harvestingor forest regrowth) can be integrated
into the single classification. This approachwasadoptedover a trajectory
based approach as it allows for low numbers of satellite images and data



Table 2
Landsat TM image characteristics

Image acquisition date Sensor

26th of June 1992 TM
3rd of October 1993 TM
24th of August 1996 TM
29th of July 1998 TM
14th of August 2001 ETM+
29th of September 2003 TM
14th of September 2004 TM
20th of August 2006 TM
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gaps,which are a significant issue formapping themountainpine beetle
in British Columbia due principally to cloud cover.

The objectives of this study are to:

1. Classify mountain pine beetle affected areas using a temporal
sequence of pre- and post-beetle infestation Landsat images based
on change thresholds, and

2. Explore the potential of using a temporal sequence of Landsat data
to estimate keymetrics of stand decline such as year of stand death,
which is critical information for salvage harvesting, timber supply
forecasting, and fire suppression.

2. Methods

2.1. Study area

TheMoriceTimberSupplyArea(TSA)coversapproximately1.5million
hectares and is located in north north-central British Columbia, Canada
(Fig. 1). Dominant tree species in the study area include lodgepole pine
(Pinus contorta) and Spruce species (Picea), with pine accounting for
approximately 50% of all species. Topography is characterised by steep
mountains to the southwest and west, and is comparatively subdued to
the north and east. The elevation range is between 500 and 2700m. Five
Fig. 2. Characteristics of the decision tree classifier. ⁎Note: c
British Columbia Biogeoclimatic Ecological Classification (BEC) zones are
reported within the Morice TSA that include: Sub-Boreal Spruce, Engel-
man Spruce–Subalpine Fir, Alpine Tundra, Coastal Western Hemlock, and
MountainHemlock (BritishColumbiaMinistryof ForestsandRange,1996).
The Morice TSA represents the northern extent of the mountain pine
beetle range and in this area populations are increasing. The variable
timing of mountain pine beetle attack in this area makes it a suitable
location to examine temporal trends of insect infestation. In the mid-
1990's the primary mountain pine beetle infestation was located in the
north and central region of the TSAwhich then expanded in the southern
areas from 1999 onwards (Nelson et al., 2006a).

2.2. Mountain pine beetle overview

The mountain pine beetle life cycle typically involves beetles
attacking and laying eggs in a host tree between mid-July to early
August and, with exceptions based upon latitude and elevation, after
~1 year the next generation of beetles mature and emerge for flight,
completing the life cycle. Infested trees are killed by two active
processes: (1) mountain pine beetle infestation reduces the tree's
defensive mechanism through “mass attack” and (2) fungal spores
carried by the beetle disrupt the translocation of nutrients within the
host tree. Treemortality commonly occurs in late summer to early fall
with needles remaining green for a short period of time (green attack
stage), fading to yellow then red over the year after attack. Red
needles (red attack stage) turn gray over time and are ultimately shed
(gray attack stage) (Berryman, 1976; British Columbia Ministry of
Forests and Range, 2007; Wulder et al., 2006a).

Themountain pine beetle infestation in theMorice region has been
widespread. In the mid-1990s the small pockets of intense infestation
in the north were heavily managed. Infestation rates were similar in
themid-portion of the studyarea, butmanagementwas less intense. In
the south the infestationwas delayed until 1999 or 2000, afterwhich it
was very intense and management was not considered an option. For
tactical planning purposes, forest managers have utilised helicopter
lass labels are applied based upon visual interpretation.



Fig. 3. Non-MPB disturbance examples detected by the decision tree classifier.
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surveys to assess the impact and location of the mountain pine beetle
outbreak. Helicopter based aerial observations of red attack damage
have been undertaken annually over the entire TSA and involves
trained observers locating forest stands with red attack trees and
recording a GPS location along with an estimate of the number of
damaged trees in three classes: red attack (treeswith red crowns), gray
attack (dead trees with no needles), and yellow/green (trees changing
colour from green to red; known as “faders”). The maximum area for
each helicopter sample point is equal to 0.031 km2 or a circular area
with a 100 m radius (Nelson et al., 2006b). Approximately 93% of
locations have attributes accurate within ±10 trees and spatial error
estimated at ±25 m (Nelson et al., 2006a).

In addition to the helicopter surveyed locations of mountain pine
beetle red attack,field plot datawere available detailingmountainpine
beetle attack in Morice TSA. The field plots were established as a series
of circular plots with a radius of 8 m (total area=200 m2 or 1/50th of a
hectare). At each plot forest structural attributes such as maximum
tree height and stem diameter were measured along with an assess-
ment of themountain pine beetle impact for two years (2003 to 2004).
These mountain pine beetle measurements include the number of
trees currently attacked, the number of trees attacked 1 and 2 years
previously (i.e. red or gray attack), as well as an estimate of the total
area of infestation (refer Table 1 for details).

Furthermore, aerial observation data has been transformed to deve-
lop a province province-wide severitymap at a spatial resolution of 1 ha
(Wulder et al., in review). The transformation involved populating each
Fig. 4. Cumulative histograms of NDMI change (relative to pre-infestation, 2003 to
2006) plotted as a percentage of the total observations.
pixel with a severity code (1 to 5, ranging from trace to severemountain
pine beetle attack) for the intersecting year of aerial survey data. The
result is an annual, province-wide, 1 ha layer of beetle severity (either 3
or 5 class code) and extent from 2000 to 2005.

2.3. Landsat data and pre-processing

Seven Landsat-5 TM and one Landsat-7 Enhanced Thematic Mapper
(ETM+) sceneswere acquired between1992 and 2006 to characterise the
mountain pine beetle outbreak over the Morice TSA (Path/Row: 51/22;
Table 2). These imageswere all capturedwithin the summer/fall seasonal
window to maximise the amount of red attack damage and related
changes in spectral reflectance. Extensive cloud cover prevented the use
of annual dates of imagery; no gap in the image dates exceeded 3 years
but cloud cover within scenes further contributed to data gaps.

Data pre-processing involved two critical steps. First image-to-
image geometric registration was undertaken using a nearest-
neighbour 2nd order polynomial transformation to minimise any
geometric offsets or distortions within the image stack. The 2001
ortho-rectified image was used as the base image (Table 2) due to its
lack of cloud cover. All other images were rectified with a root mean
square errorb0.5 pixels or 15m. Areas of cloud and cloud shadowwere
removed via manual interpretation.

As variations due to different atmospheric conditions, solar angle, and
sensor characteristics are likely to limit the ability to characterise spectral
change due tomountain pine beetle attack (Chen et al., 2005), the second
Fig. 5. Mean NDMI profile for field surveyed MPB plots. Note: the 2004 data was
excluded from this figure due to cloud cover limiting the number of plots.
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critical step involved the radiometric normalisation of images to ensure
that changes in spectral reflectance between years correspond to
meaningful physiological events. To do this we first atmospherically
corrected the 2001 base image to estimate surface reflectance using the
COST model (corrects for cosine of the solar zenith angle) (Chavez, 1996).
Next we applied the Multivariate Alteration Detection (MAD) algorithm
(Canty et al., 2004; Schroeder et al., 2006) which utilises canonical
correlation analysis to locate invariant pixels for use in matching the
remaining images to our atmospherically corrected base image. MAD has
the advantage of being an automated approach, has beendemonstrated to
work well in forested environments, and when used in this context
corrects all images of atmospheric effects during the simultaneous
conversion to units of surface reflectance (Schroeder et al., 2006). Our
Fig. 6. Image subset of Morice TSA displaying MPB attack between 1993 and 2006. Note: the
green areas represent healthy forest, reddish areas MPB, and harvested areas light green or
implementation of the MAD algorithm followed that of Schroeder et al.
(2006), differing only through our use of four 1000×1000 pixel image
subsets (instead of one) to locate invariant pixels. Using additional image
subsetswill ensure that the full range of spectral variation is sampled, as a
single subsetmay not cover a sufficient range of cover types. The invariant
pixels located within each of the image subsets were used to develop
band-wise regression equations for relative normalisation.

Following data pre-processing, the Normalised Difference Moist-
ure Index (NDMI) was calculated using Eq. (1) and converted to
integer format (multiplied by 10,000) for each image. NDMI contrasts
a near-infrared (NIR) spectral band, which is sensitive to changes in
the number and configuration of air spaces that form the internal leaf
structure (Sinclair et al., 1971), with a mid-infrared (MIR) spectral
RGB band combination used was Landsat TM bands 5, 4, and 3 with a 2 SD stretch. Dark
magenta.



Table 3
Classification results for 1996 aerial survey data (max. change between 1993 and 1998)

Aerial survey data Total

Mountain pine beetle attack No red attack

Classification
Mountain pine beetle attack 140 17 157
No red attack 147 270 417
Total 287 287 574

Mountain pine beetle attack producer’s accuracy=49% (+/−5% at the 90% confidence
interval).
No red attack producer’s accuracy=94% (+/−2% at the 90% confidence interval).

Table 5
Classification results for 2004 aerial survey data (max. change between 2003 and 2006)

Aerial survey data Total

Mountain pine beetle attack No red attack

Classification
Mountain pine beetle attack 1460 115 1575
No red attack 394 1739 2133
Total 1854 1854 3708

Mountain pine beetle attack producer's accuracy=79% (+/−2% at the 90% confidence
interval).
No red attack producer’s accuracy=94% (+/−1% at the 90% confidence interval).
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band where absorbance is principally governed by the vegetation
water content (Curran, 1989; Kumar et al., 2006).

NDMI ¼ TMband4 NIRð Þ � TMband5 MIRð Þ
TMband4 NIRð Þ þ TMband5 MIRð Þ ð1Þ

Thismetricwas chosendue to its proven sensitivity to quantify forest
disturbance events (Jin & Sader, 2005; Wilson & Sader, 2002), and has
been shown to be highly correlated with the TCT wetness metric in
earlier studies (Jin & Sader, 2005). Given that geometric registration
errors greater than 1 pixel may exist within the dataset, as discussed by
Kennedy et al. (2007), a low pass filter (3×3 pixels) was applied to the
NDMI images to minimise the impact caused by any mis-registration.

2.4. Classification of mountain pine beetle infested areas

In order to classifyNDMI changes through timewe applied an expert
decision tree approach,which splits the dependent variable (in this case
NDMI) usingoptimal threshold values. Adecision tree can be considered
as a sequence of binary nodes (yes/no queries) dividing a dependent
variable into homogeneous subsets of response values depending on
whether it fulfills a given condition. Each node can either lead to another
node or to a fitted response value, corresponding to a labelled predictor
variable (terminal node). This type of modelling approach, based on
either statistical data mining approaches or a series of expert rules, is
becoming more widespread in ecological research (De'ath & Fabricius,
2000; Lucas et al., 2007; Schwalm et al., 2006) as it is flexible and easily
encapsulates meaningful trends in the data (Melendez et al., 2006;
Schwalm et al., 2006).

The derivation of the disturbance threshold involved extracting the
NDMI values at each of the 47 field plots sampled in 2004. All field plots
hadevidenceofmoderate tohigh levels of attack (N25% redattackareaper
plot) between 2003 and 2006 and were further than 30m from a road or
harvest disturbance. In addition, we extracted the NDMI values for a
commensuratenumberofhealthyplots greater than30mfromroadswith
no evidence of red attack. As healthy areas were not recorded in aerial
surveys, we developed a proxy measure based on the Normalised Dif-
ference Vegetation Index (NDVI) (sensu Coops et al., 2006; Wulder et al.,
2005a). The assumptionwith usingNDVI as a proxymeasure is that beetle
attacked locationswill not have high levels of photosynthetic activity. This
Table 4
Classification results for 2003 aerial survey data (max. change between 2001 and 2006)

Aerial survey data Total

Mountain pine beetle attack No red attack

Classification
Mountain pine beetle attack 101 10 126
No red attack 28 119 132
Total 129 129 258

Mountain pine beetle attack producer's accuracy=78% (+/−6% at the 90% confidence
interval).
No red attack producer’s accuracy=92% (+/−4% at the 90% confidence interval).
involved computing NDVI for the 2006 image (last image of the dataset)
and randomly selecting locations with a high NDVI (N0.85).

Upon examination of all of spectral trajectories it was apparent
that a number of key trends existed. First, despite large variation in the
magnitude of the NMDI, in cases where mountain pine beetle was
observed, the NDMI value fell relative to the pre-infestation value.
Conversely, if the stand condition was not infested the NMDI showed
no significant decline relative to the initial pre-infestation value and
increased over time when the pixels covered a regrowth stand. In
situations where a stand was clear felled and bare soil remained, the
NDMI value fell immediately to values less than that of any other
vegetation in the scene, regardless of stand condition.

Based on these observations of NDMI behaviour, five key thresh-
olds and rules were defined. The rules were then optimised by visually
comparing classification results with Landsat imagery and surveyed
locations of beetle attack (Figs. 2 and 3). The five rules include:

1. Forest re-growth: NDMI value increases over time period
2. Harvest event: NDMI value falls below a preset value
3. Healthy forest: NDMI remains above a preset value
4. Mountain pine beetle infestation: NDMI falls by threshold value but

not greater than the predefined harvesting value
5. No disturbance: Situations where less than 5 out of the 8 pixels

values contained spectral values (i.e. cloud or shadow present in
greater than 3 images) or the change in NDMI magnitude is less
than the predefined beetle attack threshold.

To assess the magnitude of the mountain pine beetle change thres-
hold relative to the pre-infestation levels and non-attack forest, a set of
known red attack field plots and non-attack locations were examined.
The change in NDMI between 2003 and 2006 was then calculated, and
used to develop two cumulative histograms of NDMI change for beetle
attack and non-attack areas. Based on these cumulative histograms, an
optimal threshold was defined which corresponds to the value where
Fig. 7. Classification accuracy results.



Fig. 8. Spectral trajectory curves derived from validation plots. Note: each curve is
derived from one pixel location to illustrate the different types of response.
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commission and omission errors are minimised. In addition, we iden-
tified the timing of stand decline from the temporal sequence of Landsat
images by extracting the first year which exceeds the change threshold.
All pixelsflaggedas the initial yearof disturbancewere summed toderive
regional estimates of the area killed by year. Given that NDMI continues
to decline for a number of years following beetle attack, the year of
minimum NDMI was not linked to the timing of stand decline.
Fig. 9. Classified map result: (a) 2006 Landsat image (RGB, bands 5,4,3) an
2.5. Evaluation

The accuracy of the decision tree threshold values were evaluated
using the independent helicopter based survey data collected in 1996,
2003, and2004. The accuracyassessment includedboth anevaluation of
the beetle attack classification accuracy as well as the timing of attack.
Confidence interval estimates were also calculated using sample size
and accuracy percentage data to indicate the certainty of the results
relative to the true population (Czaplewski, 2003;Wulder et al., 2005b).
The three years of helicopter surveyed locations were individually
overlaid on the output of the decision rules, and the classification code
from the set of decision rules extracted. Similarly, the locations of stands
without red attack as estimated from the 2006 imagery were overlaid
and the codes extracted and compared. As the focus of the paper is on
the capture ofmountainpine beetle infestation (andmapping accuracy),
pixels classified as healthy or regrowth forest were combined, and the
areas with less than 5 observed NMDI values removed.

3. Results

The cumulative histograms of NDMI change computed as the dif-
ference between pre- and post-beetle infestation for the forest plots are
shown in Fig. 4. This figure shows that the beetle infested and forest
pixels without red attack (i.e. healthy) are largely separable based on
magnitudes of change that range from −900 to 4000. At lower threshold
values (b1000) however, there is an overlap in the range of values in the
d (b) classified map with helicopter-GPS locations surveyed in 2004.



Fig. 10. Regional assessment of MPB disturbance at the Landsat scene scale: (a) initial
year of disturbance derived from NDMI data, and (b) gridded aerial survey data. Note:
the number of MPB detected pixels between years were normalised to account for
differences in the number of pixels containing data.
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two cumulative histograms indicating that the mountain pine beetle
locations characterised by a subtle change in NDMI may be difficult to
discriminate from non-attacked forest. Based on these results, an
optimum threshold value was set at the point which minimised both
commission and omission errors (i.e. NDMI change N590). Using this
threshold, it can be expected that ~75%ofmountainpine beetle attacked
areas will be correctly classified (Fig. 4), while approximately 5% of
mountain pine beetle infested sites experienced an increase in NDMI
relative to pre-infestation levels.

The general NDMI characteristics of the 47 field plots infested with
mountain pine beetles are shown in Fig. 5. The mean NDMI trajectory
for all plots (regardless of year of infestation) reveals that from 1992 to
2003 only minor variation occurs in NDMI values (differencesb590)
which is expected due to the low amount of infestation in the early
part of the time sequence. After 2003 however, the overall trajectory
declines which is consistent with the wide spread infestation
observed between 2004 and 2006 (Fig. 6). The standard deviation
(and extremes) of the NDMI trajectory for the field plots also confirms
that significant variation exists in healthy forest stands, before the
outbreak in 2003. Prior to infestation in 1993, for example, there is
50% variation around the mean simply due to natural variation. How-
ever, over time there is a decreasing trend in the mean and the
extremes of the data, which is indicative of increasing levels of
infestation. Additional examination of the data also confirmed that
low levels of infestation produced smaller changes in NDMI compared
to the comparatively large decreases in NDMI observed for more
heavily attacked stands.

The accuracy of the decision tree classificationwas evaluated using
three years of helicopter survey data (1996, 2003, and 2004; Table 3–5)
and indicates overall classification accuracies of 71, 84 and 86%
respectively (Kappa accuracy ranging from 43 to 73%; Fig. 7). The no
red attack forest class recorded the highest classification accuracies for
all years (producer's accuracy ranging from92 to 94%) while the beetle
attack class accuracies were poorer. Given the potential for variable
rates of discolouration due to climate and stand condition, the lower
accuracy of classifying mountain pine beetle attack compared to
healthy forest is expected and consistent with earlier research
classifying foliage discolouration (Radeloff et al., 1999). In 1996 the
ability to classify mountain pine beetle was limited with 49% of pixels
correctly classified (producer's accuracy, +/−5% at the 90% confidence
interval). However, in 2003 and 2004 the producer's accuracy
increased to 78 and 79%, respectively. The lower accuracy recorded
in 1996 ismost likely due to the lower severity ofmountain pine beetle
attack as this year is at the leading edge of the infestation which has
been demonstrated to result in lower classification accuracies (Skakun
et al., 2003). TheNDMI trajectories in Fig. 8 are also able to illustrate the
NDMI decline characteristics between years, which inmost cases were
larger for mountain pine beetle surveyed areas in 2003 and 2004
relative to 1996. The variation in NDMI for areas characterised with no
red attack indicates no decrease over time greater than the threshold
value of 590.

To provide additional confidence that the derived classes are spa-
tially meaningful, a Landsat image and corresponding classification
map with helicopter-GPS survey locations is shown in Fig. 9. Impor-
tantly, this shows good agreement between the surveyed locations
and classified beetle attack areas. Also the harvest and regrowth forest
areas appear to be well characterised.

The initial year of disturbance (i.e. the first year a NDMI change
exceeds the threshold) as a percentage of total mountain pine beetle
area, is shown in Fig. 10a. This shows a general increasing trend from
1993 to 2006, with the 2006 year recording the largest percentage of
initial disturbance (9%). Likewise the percentage of mountain pine
beetle area with moderate to high levels of attack, according to the
aerial survey disturbance map, reveals an increase in mountain pine
beetle area over time and the highest percentage occurring in 2005
(14%; Fig. 10b). However, it should be noted that these results are not
directly comparable due to different years of assessment caused by
gaps in the Landsat dataset.

Overall, the final classification found that 17% or 4500 of the
26,478 km2 of the classified Landsat TM scene areawas affected by the
mountain pine beetle between 1992 and 2006. This is likely to be an
underestimate of the true mountain pine beetle area due to salvage
harvest operations targeting mountain pine beetle infested areas
within the Morice TSA.

4. Discussion

In this study we applied a threshold based decision tree approach
to a large number of spectral trajectories to classify the presence of
mountain pine beetle infestation, as well as characterise post-attack
stand condition. Our findings show that changes in NDMI due to
mountain pine beetle infestation were generally larger than that of a
healthy forest (i.e. no red attack); however, it is evident that some
spectral confusion exists, especially for forest stands with low levels of
infestation. For example, the 1996 aerial survey locations had a lower
accuracy relative to the 2003 and 2004 surveys. This result is
consistent with other research which demonstrates that stands with
10–29 red attack treesweremore difficult to classify than siteswith 30
to 50 red attack trees using the EWDI over a two year period (1999 to
2001) (Skakun et al., 2003). Furthermore, greater declines in NDMI
values were evident following mountain pine beetle attack in 2003
and 2004 (Fig. 8), which increased the number of plots exceeding the
disturbance threshold and thus the classification accuracy.

Data gaps within the temporal sequence of imagery were a signi-
ficant issue in this research,whichpreventedyearlymonitoringof NDMI
change across the landscape. Typically, trees infestedwith themountain
pinebeetle die inyear 1 (greenattack), turn red inyear2 and thengray in
years 3 to 5. Consequently, the accurate capture of NDMI trends will
require yearly observations. If a higher temporal frequency of images
were available, we anticipate that trajectory based techniques (e.g.
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Kennedy et al., 2007) could improve the accuracy of beetle attack
classifications and eliminate the need for re-training of thresholdswhen
applied to other areas. The ability to reference the natural variability of
NDMI pre-infestation, for example, could allow subtle beetle related
trends that are less than the disturbance threshold to be detected.
Likewise, approaches which classify imagery into a set of classes and
subsequently, examine the order of classes (Zhou et al., 2008) may be
beneficial for examiningbeetle attack dynamics. If applied operationally,
an additional limitationwith approaches based on decision rules rather
than trajectories is the need to re-train these rules for different geo-
graphic areas.

Despite these difficulties we believe there are a number of key
advantages with using an approach based on decision rules to assess
insect infestation dynamics. These include the capacity to integrate
our knowledge of the physiological behaviour of mountain pine beetle
infested forest stands with the behaviour of NDMI over time and to
assess the cumulative area of mountain pine beetle attack over a
number of years using a single classification process. There are how-
ever, a number of factors that make it difficult to consistently locate
mountain pine beetle infestation at the landscape scale. The most
critical of these, other than difficulties in detecting low rates of
infestation, is the added complexity of salvage logging operations that
are occurring in the region due to the infestation. This highly dynamic
landscape makes establishing long term sites without additional
disturbance a difficult task.

This study also indicated a relationship between the timing of stand
decline and NDMI computed with multiyear Landsat data. Importantly,
it was found that the area estimates of annual mountain pine beetle
attack derived from the sequences of NDMI data (i.e. initial year of
disturbance) were comparable to the estimates based on gridded aerial
survey data at the regional scale, providing additional confidence in the
proposed approach. For example, an increase in the area of mountain
pine beetle attack from the late 1990s onwards,with the largest increase
occurring after 2004, was evident in both datasets. This suggests a
regional assessment of mountain pine beetle attack over time, with
accuracies comparable to aerial survey data, might be possible using an
approach based on decision rules and Landsat imagery.

5. Conclusions

Multiyear datasets derived from moderate resolution data from
sensors such as Landsat provide a valuable source of information for
characterising disturbance events such as the mountain pine beetle
outbreak in British Columbia. Using a series of pre- and post post-
infestation images, we found that mountain pine beetle infestation
locations can be classified at a moderate to high level of accuracy;
levels of accuracy useful for some forest management and operational
planning activities. The use of a decision threshold for beetle attack
was found to be effective (i.e. accuraciesN70% for 2003 and 2004) as
large changes in NDMI exceeding the disturbance threshold fre-
quently occurred between image dates at surveyed beetle attack
locations. The relationship between the timing of stand decline and
NDMI was also investigated with the initial year of disturbance pro-
viding positive results. This suggests that the analysis of a temporal
sequence of Landsat images may be suitable for characterising the
year of death for a given pixel. Additional image dates leading to a
higher temporal frequency however, are needed to better quantify the
spectral response due to beetle attack.
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