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Bark beetles cause significant tree mortality in coniferous forests across North America. Mapping beetle-caused
tree mortality is therefore important for gauging impacts to forest ecosystems and assessing trends. Remote
sensing offers the potential for accurate, repeatable estimates of tree mortality in outbreak areas. With the
advancement of multi-temporal disturbance detection methods using Landsat data, the capability exists for im-
provement in mapping methods, yet more information is needed to determine the accuracy of these methods for
mapping forest disturbances and to quantify differences between these methods and single-date image classifi-

gﬁfgfs' cation methods. We compared single-date (using maximum likelihood classification) to multi-date (using time
Remote sensing series of spectral indices) classification methods of Landsat imagery and investigated how detection accuracy
Single-date changed with varying levels of mortality severity. For each method, we evaluated several bands and/or spectral
Multi-date vegetation indices and identified the one that resulted in the highest accuracy. A fine-resolution classified aerial
Time series

image within the Landsat scene was used as reference data for evaluation and comparison between methods. For
the single-date image classification, we achieved a 91.0% (kappa=0.88) overall accuracy with 11.7% omission
and 2.3% commission errors for the red stage (tree mortality) class using the tasseled cap transformation indices
of brightness, greenness, and wetness. For the multi-date analysis, the Band5/Band4 anomaly produced the
highest accuracy among spectral indices and resulted in a 89.6% (kappa=0.86) classification accuracy with
12.6% omission and 7.1% commission errors for the red stage class. We compared accuracies between the best
single- and multi-date methods across a range of tree mortality within a pixel. The multi-date method was
more accurate at intermediate levels of tree mortality, whereas the single-date method was more accurate at
high mortality levels. Our results indicate that Landsat-based mapping of forest disturbances that use either
single-date or multi-date methods can result in high classification accuracy.

© 2013 Elsevier Inc. All rights reserved.
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1. Introduction

At the end of the 20th century, insects and pathogens affected
>20 million ha of forests annually in the United States and resulted
in annual economic losses of approximately $1.5 billion (Dale et al.,
2001). Bark beetles are particularly widespread in western North
America, affecting millions of ha of forest in the last few decades
(Meddens et al., 2012; Raffa et al., 2008). By killing trees, bark beetles
affect timber production (Schwab et al., 2009), wildfire (Hicke et al.,
2012; Jenkins et al., 2008; Simard et al., 2011), forest structure and
composition (Pfeifer et al., 2011; Veblen et al., 1991), wildlife habitat
(Klenner & Arsenault, 2009), and esthetics and community risk per-
ception (Flint, 2007; Flint et al., 2009).

The mountain pine beetle (Dendroctonus ponderosae Hopkins) is a
bark beetle species that causes large forest disturbances by killing
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multiple species of pine, with the most important host species in-
cluding lodgepole (Pinus contorta), ponderosa (P. ponderosa), and
five-needle pines such as whitebark pine (P. albicaulis). After attack
by these beetles, trees progress through a series of stages that influ-
ence spectral reflectance and therefore detectability. Mountain pine
beetles attack trees in late summer, and in subsequent months the
foliage of the killed trees remains visually unaltered despite reductions
in foliar moisture (“green attack stage”) (Wulder et al,, 2006a). The
trees turn red (“red stage”) the year after attack. Three to five years
after attack, the trees drop their needles and are in the “gray stage”
(Wulder et al., 2006a).

Digital remote sensing (including satellite and aerial imagery) of-
fers the potential for estimates of outbreak area, with high detection
accuracy and repeated observations. The usefulness of remote sensing
in studying insect disturbance is widely recognized (e.g., Franklin et
al.,, 2003; Radeloff et al., 1999; Skakun et al., 2003; Wulder et al.,
2006a). As trees progress from the green stage to the red stage, the
chlorophyll absorption feature around 680 nm fills in (i.e., the red re-
flectance increases). Past studies have taken advantage of this spectral
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feature by using the red-green index (RGI), the ratio of red reflectance to
green reflectance (Coops et al., 2006; Hicke & Logan, 2009; Meddens et al.,
2011). A number of studies to detect tree mortality from insect outbreaks
have also used multispectral imagery (e.g., Kharuk et al., 2003; Radeloff et
al., 1999; Skakun et al., 2003) as well as hyperspectral imagery with a
large number of narrow channels (Pontius et al., 2005) to leverage the dif-
ferences in the near-infrared (NIR) and shortwave infrared (SWIR) spec-
tral regions.

Landsat imagery has often been employed for detection of insect out-
breaks because of its spatial resolution, broad spatial extent, multispec-
tral capability, and early deployment (e.g., Ahern, 1988; Franklin et al.,
2003; Radeloff et al., 1999; Skakun et al., 2003). For example, high classi-
fication accuracies were achieved detecting insect disturbance with
Landsat imagery using a variety of techniques that included logistic
regression with ancillary data (Wulder et al., 2006b), enhanced wetness
difference index (EWDI) using a threshold (Skakun et al., 2003), and
maximum likelihood classification methods (Franklin et al., 2003).

Forest disturbance detection methods that use multi-date Landsat
imagery over longer periods have great potential for application to
characterize insect outbreaks for several reasons. First, global cover-
age and long periods of existence of satellite data allow multi-date
analyses in many locations (Cohen & Goward, 2004). Second, the
complete image archive of Landsat data has been made freely avail-
able (USGS, 2008), making multi-temporal imagery more accessible.
Third, time series of classifications are useful for quantifying spatio-
temporal dynamics of forest disturbance, including outbreak initia-
tion, mortality extent and rate, and forest recovery. Two methods
using multi-temporal Landsat data to detect forest disturbances
have recently been described. First, Kennedy et al. (2007) developed
a trajectory-based change detection method and subsequently im-
proved upon this with the LandTrendr algorithm, which fits temporal
trajectories of forest disturbance and recovery (Kennedy et al., 2010).
Second, in developing a multi-temporal Landsat disturbance history
classification technique called the Vegetation Change Tracker, Huang
et al. (2009) calculated an “integrated forest z-score”, which is an
inverse measure of the likelihood of a pixel being forested using
automatically identified forest pixels and multiple Landsat bands. Both
methods accurately captured the type and timing of multiple forest
disturbances.

Several studies have used time series of Landsat imagery to detect
insect disturbance. Time series of ratios of Landsat shortwave infrared
reflectance to near-infrared reflectance were used to map forest dis-
turbance in the southwestern US (Vogelmann et al., 2009). A normal-
ized difference moisture index was used to classify mountain pine
beetle disturbance using eight Landsat scenes over a 14-year period,
resulting in overall accuracies of 71% to 86% (Goodwin et al., 2008).
The LandTrendr method was recently used to characterize bark beetle
and defoliator impacts on coniferous forests in Oregon and resulted in
good agreement between spectral trajectories and insect-caused tree
mortality (Meigs et al., 2011). In addition, they showed a statistically
significant relationship between Landsat spectral change and field
basal area mortality (R? = 0.4), indicating potential to use spectral de-
viations to estimate disturbance severity.

Several gaps exist that limit understanding of the capability of
Landsat-scale resolution for detecting insect-caused tree mortality.
Landsat grid cells (with a size of 0.09 ha) that exhibit trees in the red
stage rarely reach 100% killed tree cover, and most grid cells exhibit inter-
mediate levels of mortality (e.g., 20-80% canopy mortality) (Meddens et
al,, 2011). Therefore, more research is needed to quantify the level of mor-
tality that can be detected by Landsat classification methods. Further, ad-
ditional studies are needed to assess whether improved mapping of
beetle disturbances can be achieved by following pixel trajectories
through time (multi-date classification) as compared to using spectral in-
formation from a given date (single-date classification).

To address these gaps, our objectives were to investigate the effi-
cacy of Landsat satellite imagery to quantify varying levels of tree

mortality following mountain pine beetle attack. We utilized fine-
resolution aerial imagery to build classifications from the coarser-
resolution Landsat imagery and for evaluation. We compared the
accuracy of single-date image classification with multi-date image clas-
sification (Fig. 1) and developed an evaluation technique to investigate
classification accuracy across varying levels of bark beetle-caused tree
mortality for both methods.

2. Methods
2.1. Study area

The study area was located in northcentral Colorado and southern
Wyoming (Fig. 2a and b). The area was chosen because it is the loca-
tion of a major mountain pine beetle outbreak that began in 2000 and
because a previous study mapped tree mortality from fine-resolution
aerial imagery in the area (Meddens et al., 2011). Mountain pine bee-
tles have caused extensive lodgepole pine mortality in the study area.
Mean average annual precipitation in the area is 51.6 cm, and average
annual maximum and minimum temperatures are 9.8 and —10.2 °C,
respectively (1971-2000) (Western Regional Climate Center, Frasier
station, elevation: 2609 m, http://www.wrcc.dri.edu; accessed 6 April
2009). The elevation ranges from 1388 m in the plains east in the
study location to almost 5000 m in the Colorado Rocky Mountains.
Dominant tree species include Engelmann spruce (Picea engelmannii),
subalpine fir (Abies lasiocarpa) and limber pine (Pinus flexilis) at higher
elevations. Lodgepole pine (P. contorta) and occasional other tree spe-
cies including aspen (Populus tremuloides) occur at middle elevations,
approximately 2500-3100 m (Stohlgren & Bachand, 1997). Ponderosa
pine (Pinus ponderosae) and Douglas-fir (Pseudotsuga menziesii) occur
mostly on drier sites at lower elevations.

2.2. Landsat data preparation

Sixteen archived Landsat Thematic Mapper (TM) 5 and four
Landsat Enhanced Thematic Mapper (ETM +) 7 images (Worldwide
Reference System 2: Path 43/Row 34) were downloaded from the
USGS GLOVIS website (http://glovis.usgs.gov; accessed: 13 September
2011) (Table 1). The chosen images were acquired close to the middle
of the growing season (July/August) and with minimal cloud cover. If
there was significant cloud cover in a scene, we attempted to find a
second image within that same year. By visual inspection we noted
that Landsat data that were terrain-corrected (processing level: L1T)
resulted in high georegistration accuracy between the imagery (i.e., no
noticeable image-to-image offsets were found).

Radiometric normalization was necessary for comparing reflectances
across images. A base image (date: 10 August 2002) was atmospherically
corrected and converted to top-of-canopy reflectance using the COST-
correction method (Chavez, 1996). Subsequently, other images were ra-
diometrically normalized to this base image following the approach of
Schroeder et al. (2006), which employs the multivariate alteration detec-
tion (MAD) algorithm developed by Canty et al. (2004). The MAD algo-
rithm uses canonical correlation analyses to find linear combinations
between two images (base and target images). The sum of squares
of the MAD transformation is approximately chi-square distributed
and can be interpreted as no-change probabilities of a given target
image. Time-invariant pixels (i.e., pixels with low chi-square values)
were used to match the reflectance of the target image to the COST-
corrected base image using reduced major axis regression (Cohen et
al., 2003). This radiometric normalization methodology was repeated
for all images in the time series.

In addition to the six shortwave TM5 and ETM + Landsat bands
(Bands 1-5, 7) (Table 2), we calculated several spectral indices to aid
with image classification (Table 3). Landsat reflectances were used to
calculate the red-green index (RGI), normalized difference vegetation
index (NDVI), normalized difference moisture index (NDMI), and the
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Fig. 1. Workflow of the products and operations used to classify Landsat imagery. Solid line boxes indicate products; dashed line boxes indicate operations.

Band 5/Band 4 ratio (B5/B4). Tasseled cap (TC) indices (Crist & Cicone,
1984) were computed (brightness (TCBRI), greenness (TCGRE), and
wetness (TCWET)), and because we transformed the Landsat data to re-
flectances, we used the tasseled cap transformation for reflectance data
(Crist, 1985). These seven indices were chosen because they capture
most of the variation in the spectral bands and because previous re-
search has shown that they are effective in characterizing land surfaces
using satellite data (e.g., Cohen et al., 1998; Coops et al., 2006; Meddens
et al,, 2008; Tucker, 1979; Wilson & Sader, 2002).

2.3. Reference data

We utilized a 2008 classified aerial image of 94-km? that was eval-
uated with field data (Meddens et al., 2011). The aerial imagery
contained four bands (i.e., red, green, blue, and near infrared bands)
(Fig. 2¢), and during classification, the 30-cm aerial image was aggre-
gated to a 2.4-m spatial resolution to maximize classification accuracy
(overall accuracy = 90%, kappa = 0.88; Meddens et al., 2011, Fig. 2d).
Classes included undisturbed forest, red stage, gray stage, herbaceous

15 30 60 Kilometers

“Denver ©
ouk
E

8.8 km

Fig. 2. (a) Study area location (star) in northcentral Colorado, (b) the 2002 Landsat image (pre-disturbance) with the aerial image location (square; used as reference data) in the
centre of the image, (c¢) natural colour display of the aerial image, and (d) the classified aerial image (dark green corresponds to green trees, red to red stage, gray to gray stage, light

green to herbaceous vegetation, yellow to bare soil, and black to shadow and water).
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Table 1
Landsat imagery used in this study.

Year Month/day Day of year  Sensor  Approximate cloud cover
1 1996 17 August 230 TM5 0%
2 1997 20 August 232 TM5 5%
3 1998 23 August 235 TM5 20%
4 1999 2 August 214 ETM+ 29%
5 1999 18 August 230 ETM+ 3%
6 2000 19 July 201 TM5 5%
7 2001 22 July 203 ETM+ 8%
8 2002° 10 August 222 ETM+ 0%
9 2003 4 ]uly 185 TM5 0%
10 2004* 6 July 188 TM5 6%
11 2004 7 August 220 TM5 24%
12 2005 11 September 254 TM5 0%
13 2006 28 July 209 TM5 0%
14 2007* 15 July 196 TM5 8%
15 2007 16 August 228 TM5 5%
16 2008* 2 August 215 TM5 26%
17 2008 18 August 231 TM5 9%
18 2009 21 August 233 TM5 0%
19 2010 25 September 268 TM5 0%
20 2011 27 August 239 TM5 9%

¢ Priority image for that year; second image used to fill cloudy areas in first image.
b Base image.

vegetation, bare soil, and shadow/water. To serve as reference data,
this classification was aggregated to the 30-m Landsat pixel resolu-
tion, producing class proportions (i.e., the percentage of each class
within a 30-m pixel) and modal classes (e.g., undisturbed forest, red
stage). The classification captured the entire range of mountain pine
beetle mortality within 30-m grid cells, from no mortality to very
high mortality (Fig. 3). The classified aerial image extended the spa-
tial coverage and the number of samples beyond what is possible
with ground-based observations. We refer to the classified aerial
image as reference data, the classified aerial image location as refer-
ence area, and the aggregated aerial image pixels as superpixels to in-
dicate that these Landsat-size pixels consist of many smaller pixels
from the aerial imagery.

In this study, we focused on immediately detectable tree mortality
(i.e., the red stage) and we did not include a gray stage class. The ad-
dition of a gray stage was beyond the scope of this analysis. To over-
come confounding factors of mixing multiple mortality classes, we

Table 2
Spectral regions, spatial resolution, and temporal characteristics of Landsat TM5 and
ETM + sensors.

Sensor T™5 ETM + launched:
launched: 15 April 1999
1 March 1984

Spectral regions (um)

Band 1 (B1; blue) 0.45-0.52 0.45-0.515

Band 2 (B2; green) 0.52-0.60 0.525-0.605

Band 3 (B3; red) 0.63-0.69 0.63 - 0.69

Band 4 (B4; NIR?) 0.76-0.90 0.75-0.90

Band 5 (B5; NIR) 1.55-1.75 1.55-1.75

Band 6 (thermal)® 10.40-12.50 10.40-12.50

Band 7 (B7; MIR®) 2.08-2.35 2.09-2.35

Panchromatic band® Not on sensor 0.52-0.90

Spatial resolution (m)

Spectral bands 30 30

Thermal band” 120 60

Panchromatic” Not on sensor 15

Temporal resolution (days)

Repeat cycle 16 16

¢ Near infrared.
" Bands not used in this study.
¢ Middle infrared.

did not sample from pixels that had >2% class proportion of the
gray stage class.

2.4. Single-date classification

We produced a single-date classification of the 2008 Landsat
image (2 August 2008, matching the date of the finer-resolution aeri-
al imagery) to compare the accuracy of single-date with that of a
multi-date classification for detecting bark beetle tree mortality
(Fig. 1). Classes of interest included undisturbed forest, red stage, her-
baceous, and masked locations (i.e., clouds, cloud shadow, water, bare
soil). By visual inspection we masked clouds and bright objects (such
as soil and built-up areas) from the other image components using a
threshold value of the TCBRI (TCBRI >5.3). Similarly, cloud shadow
and dark image objects (such as water) were masked with values
less than a given TCBRI (TCBRI <0.75).

The maximum likelihood classifier (MLHC) was applied because
it is a straightforward classifier and has been used successfully in
previous studies detecting tree mortality with Landsat imagery
(e.g., Franklin et al., 2003). We selected nearly homogeneous superpixels
from the reference data for training and evaluation as those with a class
proportion of >70% for each of the undisturbed forest, red stage, herba-
ceous, and masked classes. We randomly sampled pixels from these
selections to limit the number of pixels in any class to the minimum
across all classes (herbaceous class; n=1368). We then randomly
selected 75% of the pixels for the undisturbed forest, red stage, and her-
baceous vegetation classes (n=1026 per class) as training data in the
MLHC and used the remaining 25% for evaluation (n=2342 per class).
In addition to an evaluation with mostly homogeneous training data
(>70% class proportion), we also determined classification accuracy for
pixels with >50% area within one class to evaluate less homogeneous
evaluation data, limiting the number of pixels in any class to the
minimum across all classes (herbaceous class; n=1930 pixels). The
70% cutoff was chosen to select superpixels with a substantial class
majority and because the 70% cutoff generated an acceptable number
of samples for classification evaluation. The 50% cutoff was chosen to
assess changes in results using a different threshold and because it is
the lowest percentage where a given class contribution still has the
majority within the superpixel.

Confusion matrices (Congalton, 1991) and kappa statistics (Cohen,
1960) were generated for several band combinations. The kappa sta-
tistic is a more conservative statistic of accuracy because the statistic
corrects for image classification accuracy by chance (Cohen, 1960).
We identified the best band/index combination based on high overall
classification accuracy and by visual inspection of the entire Landsat
scene for several iterations of the maximum likelihood classification
with different band/index combinations.

2.5. Multi-date classification

For the multi-date classification, classes of interest were the same
as the single-date classification. Although we screened the Landsat
images for a minimum of cloud cover, some cloud cover remained
in some years (Table 1). We identified clouds, cloud shadows, and
dark image objects (such as water) using threshold values of TCBRI
(see Table S1 for thresholds values), which varied slightly per scene.
When there were clouds in the image, a second image from the
same year was used to fill cloudy areas in the first image (Table 1).

After separating clouds from other image components, we sepa-
rated vegetated from nonvegetated locations. We followed the notion
posed in Huang et al. (2008) that forests are generally the darkest ob-
jects in a Landsat image (with the exception of cloud shadows and
water) and that there exists a peak in the pixel histogram (if enough
forest is present) most noticeable in Landsat bands 2, 3, and 5. We
used the mode of the distribution as the threshold separating forest
from nonforest. After visual inspection, we found that the green
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Table 3
Landsat derived spectral indices considered in the classification (bands (B) refer to TM band order).

Index Abbrev. Formula Notes Reference

Red-green index RGI B3/B2 Sensitive to conifer tree mortality Coops et al. (2006)

(especially red-stage)
Normalized difference vegetation index NDVI (B4—B3)/(B4+B3) Sensitive to green (healthy) vegetation Tucker (1979)
Band5/Band4 B5/B4  B5/B4 Sensitive to conifer tree health Vogelmann (1990)
Vogelmann and Rock (1988) and
Normalized difference moisture index =~ NDMI (B4 —B5)/(B4+B5) Sensitive to canopy water content Wilson and Sader (2002)
Tasseled cap brightness TCBRI ~ 0.2043+B1+0.4158+B2 +0.5524 B3 + Sensitive to surface brightness Crist (1985)

Tasseled cap greenness

Tasseled cap wetness

TCGRE

TCWET

0.5741+B4+0.3124+B5 +0.2303 +«B7
—0.1603+B1—0.2819+B2 —
0.4934+B3 +

0.7940+B4 — 0.0002 «B5 — 0.1446*B7
0.0315%B1+0.2021+B2 +0.3102+B3 +
0.1594+B4 — 0.6806+B5-0.6109 «B7

Sensitive to vegetation greenness

Sensitive to vegetation vigor (water content)

band (B2) best separated vegetated and nonvegetated areas (Table
S1). However, herbaceous vegetation was not well separated from
the forested pixels using this method based on visual inspection.
Therefore, we separated herbaceous vegetation using TCGRE from
forest (disturbed and undisturbed) using a constant threshold value
across all scenes (TCGRE> 1.1, Table S1).

Temporal anomalies represent the difference between a spectral
index value at a given time and the multi-temporal, predisturbance
mean of a given spectral index. Time series Landsat data for forested
pixels preceding bark beetle disturbance were used to establish a base-
line from which to distinguish spectral deviations to detect forest dis-
turbance. The magnitude of change between the multi-temporal mean
and the value at a given time was used to discriminate between dis-
turbed and undisturbed forest pixels. We calculated temporal anoma-
lies of spectral indices (RGI, NDVI, NDMI, B5/B4, TCBRI, TCGRE, and
TCWET) in a given year from a temporal undisturbed mean for a given
forested pixel. Anomalies were calculated as follows:

n
Z SIx.y‘t'
SI' ye = ST yyi— 50—
Xyt — Xyt n

1
where SI' is the temporal anomaly of a given Landsat-derived spectral
index (SI) at pixel location x, y in year t; Sy, is the value of the spectral
index for that pixel in that year; and the second term on the right-hand
side of the equation is the undisturbed multi-year mean at that location
for the n undisturbed years (t'). To calculate the undisturbed mean, an
iterative process was employed. We first included all years in the calcu-
lation of the mean, then in subsequent iterations we removed years that
were more than one standard deviation from the multi-year mean in
the expected direction of disturbance (e.g., more negative for NDVI;

10

Number of pixels (x1000)

5-10%

15-20% 25-30% 35-40% 45-50% 55-60% 65-70% 75-80%

Mortality (%) within 30-m grid cell

85-90% 95-100%

Fig. 3. Frequency distribution of mountain pine beetle-caused tree mortality (percentages)
within 30-m resolution pixels (area=0.09 ha) generated from classified and aggregated
aerial imagery used as reference data.

more positive for RGI). We also removed outliers (mostly haze and
cloud shadows that were not removed by the masking) deviating
more than four standard deviations in the opposite direction. Iterations
continued until there were no values exceeding one standard deviation
in the direction of the disturbance. In addition to anomalies, we investi-
gated a method using z-scores by dividing the anomaly by the standard
deviation of the undisturbed multi-temporal mean. We found that this
method did not yield more accurate results than our preferred, more
straightforward anomaly approach.

Once the spectral anomalies were computed for the forested pixels,
we identified years with mortality using an anomaly threshold value
(Fig. 4). We removed false positives when a pixel was flagged as red
stage (i.e., exceeded the threshold) in the current year but did not exceed
the threshold in the subsequent year; in other words, we identified pixels
as disturbed only if a given pixel exceeded the threshold for two consec-
utive years. Additional tests of longer periods exceeding the threshold
(i.e., three years in a row) did not improve results. Using the evaluation
data set described above in the single-date classification section (>70%
class proportions), we generated confusion matrices (Congalton, 1991)
for different anomaly threshold values for each spectral anomaly. For
each spectral index anomaly, we identified the highest overall accuracy
across this range of thresholds for separating undisturbed forest from
insect-disturbed red stage forest locations. Similar to the single-date clas-
sification, we also calculated confusion matrices for >50% class propor-
tions for the different anomalies.

2.6. Comparison of classification methods

We evaluated the classification accuracy between single- and multi-
date classifications for different amounts of tree mortality within a
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Fig. 4. Examples of temporal pixel trajectories representing anomalies from an undisturbed
mean of Landsat time series data. The threshold indicated in the figure was used for discrim-
inating between disturbed and undisturbed forest pixels in the multi-year Landsat image
classification (i.e., above or below the threshold, respectively).
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Table 4

Overall accuracy and kappa values (in parentheses) for different spectral index combinations
used in the single-date maximum likelihood classification. Confusion matrices were comput-
ed with reference data (aerial imagery) with >50% and > 70% class proportions. The classifi-
cation using the TCBRI, TCGRE, and TCWET was used in further analyses.

Reference data with >70%
class proportion

Reference data with >50%
class proportion

Spectral band and
index combinations

TCBRI, TCGRE, TCWET ~ 84.8% (0.80) 91.0% (0.88)
RGIL, NDVI, B4 85.3% (0.80) 90.8% (0.88)
B2, RGI 79.4% (0.72) 84.5% (0.79)
B2, B5, NDVI 85.5% (0.81) 90.4% (0.87)

Landsat pixel. From the reference data, we selected superpixels of >90%
undisturbed forest and superpixels for increasing red stage class propor-
tion (0-10%, 10-20%, 20-30%, 30-40%, 40-50%, 50-60%, 60-70%, 70—
80%, 80-90%, 90-100%). Because there were only a limited number of
pixels in the high mortality classes (<100 pixels), we randomly selected
50-pixel locations for each of these bins and repeated this selection ten
times (with replacement), computing classification accuracy metrics for
each selection. All processing and analyses in this study were performed
using the Interactive Data Language (IDL, version 7.0.1, Exelis Visual Infor-
mation Solutions; http://www.exelisvis.com, accessed 17 October 2012).

3. Results
3.1. Single-date classification

The maximum likelihood classification with the three tasseled cap
indices (TCBRI, TCGRE, TCWET) resulted in the single-date classifica-
tion with highest classification accuracy (Table 4). The overall classi-
fication accuracy for the maximum likelihood classification of the
single-date 2008 Landsat image was 91.0% (kappa=0.88) with high
accuracies for all classes (Table 5). The red stage class omission
error for the single-date classification was 11.7% and the commission
error was 2.3%. We found other band/index combinations (e.g., RGI,
NDVI, B4) that resulted in comparable accuracies, however, after visu-
al inspection, we determined that these resulted in substantial num-
ber of commission errors (false positives) in areas outside of the
reference area. When we evaluated the classification with less homo-
geneous pixels than the >70% class proportions (i.e., superpixels with
>50% class proportions), the classification accuracy using the TCBRI,
TCGRE, and TCWET band combination decreased to 84.8% (kappa=
0.80) (Table 6).

3.2. Multi-date classification
The B5/B4 spectral anomaly (B5/B4’) resulted in the highest clas-
sification performance among all the spectral anomalies analyzed

(RGI’, NDVI', NDMI', TCWET’, TCBRI', TCGRE’, and B5/B4’) (Table 7).

Table 5

The threshold value of the B5/B4’ maximizing classification accuracy
was 0.18 (Fig. 5). Values above this threshold correctly identified
fewer red stage pixels (more conservative), resulting in decreased ac-
curacy because of increases in omission error. For values below this
threshold, the accuracy of the undisturbed forest class decreased be-
cause of commission errors in the red stage class (false positives).

Using the 0.18 threshold value for B5/B4/, the overall classification
accuracy for the 2008 Landsat classification was 89.4% (kappa=0.86)
with high accuracies across all classes (Table 8). The red stage class
omission error for the multi-date classification was 12.6% and the
commission error was 7.1%. The greatest confusion existed between
undisturbed forest and red stage classes and between the red stage
and masked classes. When we performed evaluation of reference
data with more mixed pixels (i.e., superpixels with >50% of any
class), the classification accuracy decreased to 83.2% (kappa=0.78)
(Table 9).

3.3. Comparison of classification methods

Red stage class accuracy rapidly decreased with decreasing
amounts of tree mortality (red stage) within a Landsat pixel for
both single- and multi-date classification methods (Fig. 6). Classifica-
tion accuracy of pixels with >60% red stage was above 75%, and clas-
sification accuracy of pixels with <40% red stage was less than 50%.
The single-date classification resulted on average in 8% higher red
stage class accuracy than the multi-date classification for the highest
levels of red stage (i.e., >70%). The multi-date classification however,
resulted in 12% higher red stage class accuracy on average than the
single-date classification, for intermediate levels (20-70%). Differ-
ences in accuracy between single and multi-date approaches were
mainly a result of omission errors (i.e. false negatives) rather than
commission errors (Fig. 6b and c).

4. Discussion

We found that the classification that used the tasseled cap indices
(brightness, greenness, wetness) produced the highest accuracy for the
single-date approach. Among seven indices evaluated for the multi-date
approach, the B5/B4 anomalies resulted in the most accurate classifica-
tion. We found high classification accuracies for mapping beetle-caused
tree mortality using both single- and multi-date methods. Overall accura-
cies with respect to the collocated aerial imagery classification were com-
parable between single- and multi-date classification methods (91%
versus 90%, respectively), indicating that multi-date methods (by follow-
ing pixel trajectories through time) did not improve overall classification
accuracy.

A wide range mortality severity of values occurred within the 30-m
superpixels (Fig. 3). High classification accuracies were obtained for
high levels of tree mortality within pixels, whereas for pixels exhibiting

Confusion matrix of the 2008 single-date image classification using the maximum likelihood classifier with TCBRI, TCGRE, and TCWET indices and pixel locations from aggregated
classified aerial imagery with >70% class proportions (numbers of pixels and in parentheses percentages).

Reference data from aerial image

Class Undisturbed forest Red stage Herb. Mask Total Comm. error User acc.
Classification Undisturbed forest 307 10 8 3 328 6.4% 93.6%

(89.8%) (2.9%) (2.3%) (0.9%)

Red stage 6 302 0 1 309 2.3% 97.7%
(1.8%) (88.3%) (0.0%) (0.3%)

Herbaceous 11 0 298 0 309 3.6% 96.4%
(3.2%) (0.0%) (87.1%) (0.0%)

Mask 18 30 36 338 422 19.9% 80.1%
(5.3%) (8.8%) (10.5%) (98.8%)

Total (pixels) 342 342 342 342 1368

Omis. error 10.2% 11.7% 12.9% 1.2% Overall Acc.=91.0%

Prod. acc. 89.8% 88.3% 87.1% 98.8% Kappa=0.88

Significance of bold Emphasizes the individual class accuracies of the different classes.
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Table 6

Confusion matrix of the 2008 single-date image classification using the maximum likelihood classifier with TCBRI, TCGRE, and TCWET indices and pixel locations from aggregated
classified aerial imagery with >50% class proportions (numbers of pixels and in parenthesis percentages).

Reference data from aerial image

Class Undisturbed forest Red stage Herb. Mask Total Comm. error User acc.
Classification Undisturbed forest 1539 183 137 37 1896 18.8% 81.2%

(79.7%) (9.5%) (7.1%) (1.9%)

Red stage 175 1610 0 4 1789 10.0% 90.0%
(9.1%) (83.4%) (0.0%) (0.2%)

Herbaceous 104 8 1520 8 1640 7.3% 92.7%
(5.4%) (0.4%) (78.8%) (0.4%)

Mask 112 129 273 1881 2395 21.5% 78.5%
(5.8%) (6.7%) (14.1%) (97.5%)

Total (pixels) 1930 1930 1930 1930 7720

Omis. error 20.3% 16.6% 21.2% 2.5% Overall Acc.=84.8%

Prod. acc. 79.7% 83.4% 78.8% 97.5% Kappa=0.80

Significance of bold Emphasizes the individual class accuracies of the different classes.

less mortality, we achieved lower detection accuracies for both the
multi-date and single-date classifications. This reduction in accuracy
was expected because detection using spectra from more homogeneous
pixels typically results in better separability between map categories
(e.g., Mayaux et al., 2006; Meddens et al., 2011). Omission errors were
most prevalent for pixels exhibiting low levels of red stage class
(Fig. 6). This result is similar to that of Negron-Juarez et al. (2011),
who reported underestimation of subpixel-level tree mortality detection
(small forest gaps) in the Amazon using Landsat data. At higher levels of
tree mortality, the accuracy of the single-date classification was greater.
Conversely, at lower levels of tree mortality, the multi-date classification
detected mortality with higher accuracy. The possibility of detecting
lower amounts of tree mortality at 30-m spatial resolution (which is
more prevalent in the study area (Fig. 3), and likely across the broader re-
gion) with higher accuracy by following a pixel through time is an ad-
vantage over single-date classification methods.

Our findings indicate the usefulness of Landsat for detecting se-
vere insect disturbance (i.e., killing>~25% of trees in the canopy
within a pixel), whereas finer spatial resolution data might be neces-
sary to detect dispersed tree mortality (i.e., single trees) across the
forested landscapes (Meddens et al., 2011). Our method cannot de-
tect slowly progressing disturbances within a pixel, such as outbreaks
that result in fewer than 25% red trees cumulatively at any one time,
with high accuracy.

Our cumulative red stage tree mortality estimates derived from
the multi-date Landsat classification (34% of the total forest area)
were within the lower and more realistic upper estimates of cumula-
tive mortality area from aerial surveys (Meddens et al., 2012) (4 and
58%, respectively). The correlation coefficient between tree mortality
area computed from the multi-date Landsat classification and the annu-
al (new) tree mortality from the aerial surveys (upper estimate) was
0.76. Several reasons likely caused differences between the Landsat
and aerial survey results. First, the aerial surveys are conducted by
trained observers flying in aircraft, are subjective measures that are

Table 7

Overall accuracy and kappa values (in parentheses) for different spectral anomalies used
in the Landsat multi-date classification evaluated for 2008 (the year of the reference data).
Confusion matrices were computed with reference data (aerial imagery) with >50% and
>70% class proportions and the optimal threshold for each of the spectral anomalies.
The classification using the B5/B4’ was used in further analyses.

Spectral Reference data with >50% Reference data with >70%
anomaly class proportion class proportion

B5/B4’ 83.2% (0.78) 89.6% (0.86)

RGI' 78.0% (0.71) 83.5% (0.78)

NDVI' 76.8% (0.69) 79.9% (0.73)

NDMI 75.8% (0.68) 80.6% (0.74)

TCBRI" 75.9% (0.68) 82.7% (0.77)

TCWET’ 74.5% (0.66) 77.0% (0.69)

TCGRE’ 71.0% (0.61) 75.0% (0.67)

not repeatable, and as such are likely more uncertain. Second, clouds
and cloud shadows reduced mortality area from the Landsat imagery.
Finally, in some locations we noticed a difference of one year in the
Landsat-based detection of the red stage compared with the visual de-
tection of new mortality from the aerial surveyors. Additional research
is required to determine the cause of this difference, but may indicate
an advantage of methods using the visible part of the spectrum (includ-
ing aerial surveys) for earlier detection. Thomas et al. (2011) used the
Vegetation Change Tracker algorithm to map disturbance with Landsat
data. Similar to our findings, these authors found that accuracy of dis-
turbance detection increased when considering a range of detection
years that included 1-2 years before to 1-2 years after the actual year
of disturbance.

Our methods utilized a classified high-resolution aerial image (ref-
erence data) to aid in the methods development such as determining
thresholds. This reference image effectively served to bridge the scaling
gap between individual tree mortality measures and the 30-m resolu-
tion of Landsat imagery. The method improves upon those using field
observations of individual trees or small plots, which can be limited in
number, resulting in fewer samples, and rarely cover an entire 30-m
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Fig. 5. Overall accuracy (black line), undisturbed forest class accuracy (green line), and
red stage class accuracy (red line) from confusion matrices with different B5/B4’
threshold values used to separate undisturbed from insect-disturbed pixel locations
(multi-date classification). (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)
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Table 8

Confusion matrix of the Landsat 2008 multi-date image classification using the optimized Band5/Band4 anomaly (B5/B4’) threshold (=0.18) and pixel locations from aggregated
classified aerial imagery with >70% class proportions (numbers of pixels and in parentheses percentages).

Reference data from aerial image

Class Undisturbed forest Red stage Herb. Mask Total Comm. error User acc.
Classification Undisturbed forest 294 16 8 5 323 9.0% 91.0%

(86.0%) (4.7%) (2.3%) (1.5%)

Red stage 20 299 2 1 322 7.1% 92.9%
(5.8%) (87.4%) (0.6%) (0.3%)

Herbaceous 11 0 296 0 307 3.6% 96.4%
(3.2%) (0.0%) (86.5%) (0.0%)

Mask 17 27 36 336 416 19.2% 80.8%
(5.0%) (7.9%) (10.5%) (98.2%)

Total (pixels) 342 342 342 342 1368

Omis. error 14.0% 12.6% 13.5% 1.8% Overall Acc.=89.6%

Prod. acc. 86.0% 87.4% 86.5% 98.2% Kappa=0.86

Significance of bold Emphasizes the individual class accuracies of the different classes.

pixel. Our reference data provided complete spatial coverage within a
94-km? area at a 30-m resolution. Similar to the usage of the classified
aerial image to bridge the scaling gap between individual tree mortality
and the 30-m resolution of Landsat imagery, the classified multi-
temporal Landsat imagery in this study can be used to bridge the scaling
gap between medium-resolution measurements (with regional extent;
i.e., Landsat) and coarser-resolution (e.g., MODIS data). Therefore, the
methods and data set developed in this study will be instrumental to
assess the ability of forest insect disturbance detection using MODIS
products.

Although usage of high-resolution imagery for insect tree mortality
detection is becoming more common (e.g., Coops et al., 2006; Hicke &
Logan, 2009; Meddens et al., 2011; White et al., 2005; Wulder et al.,
2008), often this detailed information is not available for method devel-
opment and evaluation using coarser-resolution imagery, complicating
the application of our method to other Landsat scenes. One approach
that may be useful is the onscreen selection of pixels that exhibit no dis-
turbance (within forests) and pixels exhibiting high levels of tree mor-
tality (close to 100%) and subsequent single-date image classification
using these locations. Such methods using fine-resolution (2.4 m) im-
agery have compared well to results developed from ground-based ob-
servations (e.g., Hicke & Logan, 2009) but have yet to be assessed with
Landsat-scale resolutions. Onscreen selection of pixels may improve
the extent of evaluation to the entire scene. The methods in this study
were only evaluated for the reference area, and we applied our ap-
proach outside that area without an evaluation of this extrapolation.

According to USFS aerial surveys, the predominant disturbance
within the Landsat scene was mountain pine beetle tree mortality oc-
curring mainly within lodgepole pine-dominated forests. However,
other types of disturbances did exist within the Landsat scene and
study period. Our insect disturbance detection methodology did not
attempt to separate disturbance from different insects nor separate

Table 9

disturbance within different host types. Determined by visual inspec-
tion, clear-cuts and other large disturbances (e.g., fires) resulting in
bright pixel reflectances were automatically masked by the threshold
method and were thus correctly separated from insect disturbance.
Partial disturbances, such as thinning, and pixel locations not resulting
in high reflective values after disturbance, such as immediately follow-
ing fire (resulting in dark soil), were sometimes misclassified as insect
disturbance as determined by visual inspection. Meigs et al. (2011) sep-
arated rapid insect disturbance (more often caused by bark beetles)
from gradual disturbance (more often caused by defoliators) using dif-
ferent spectral trajectories in Oregon. More research is needed to im-
prove automated attribution of different types of disturbances (such
as forest harvest (clear-cut), thinning, bark beetle, defoliator, drought,
windthrow) within a single Landsat scene across years.

Our analysis built upon earlier research using Landsat imagery to de-
tect insect disturbance. The maximum likelihood classification for detec-
tion tree mortality with Landsat single-date imagery has been widely
recognized (e.g., Franklin et al,, 2003) and proved yet again successful.
Our newly developed method that tracks Landsat pixels through time re-
sembles methods from Kennedy et al. (2007) and Kennedy et al. (2010).
However, our method uses deviations from an undisturbed multi-year
mean to detect insect disturbance, whereas their methods include fitting
idealized pixel trajectories (Kennedy et al., 2007) or fitting temporal tra-
jectories via a segmentation process (Kennedy et al., 2010) requiring var-
ious additional computing steps. Previous research showed that Landsat
B5/B4 was effective for remote mapping of conifer damage in the north-
eastern US (Vogelmann, 1990; Vogelmann & Rock, 1988) and assessing
gradual forest changes likely associated with defoliator impacts in the
southwestern US (Vogelmann et al, 2009). Our analyses did not
make use of automated cloud and cloud shadow masking (e.g., Zhu &
Woodcock, 2012), which assists broader applications such as automated
time series Landsat classification. Future research will focus on separating

Confusion matrix of the Landsat 2008 multi-date image classification using the optimized Band5/Band4 anomaly (B5/B4’) threshold (=0.18) and pixel locations from aggregated
classified aerial imagery with >50% class proportions (numbers of pixels and in parentheses percentages).

Reference data from aerial image

Class Undisturbed forest Red stage Herb. Mask Total Comm. error User acc.
Classification Undisturbed forest 1437 179 122 52 1790 19.7% 80.3%

(74.5%) (9.3%) (6.3%) (2.7%)

Red stage 318 1642 50 9 2019 18.7% 81.3%
(16.5%) (85.1%) (2.6%) (0.5%)

Herbaceous 73 1 1479 3 1556 4.9% 95.1%
(3.8%) (0.1%) (76.6%) (0.2%)

Mask 102 108 279 1866 2355 20.8% 79.2%
(5.3%) (5.6%) (14.5%) (96.7%)

Total (pixels) 1930 1930 1930 1930 7720

Omis. error 25.5% 14.9% 23.4% 3.3% Overall Acc.=83.2%

Prod. acc. 74.5% 85.1% 76.6% 96.7% Kappa=0.78

Significance of bold Emphasizes the individual class accuracies of the different classes.
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Fig. 6. (a) Red stage class accuracy, (b) red stage commission error, and (c) red stage omission
error for single- (solid line) and multi-date (broken line) classifications. Accuracy and error
rates were calculated from ten times recalculated confusion matrices selecting different
random sets of evaluation pixels. Reference data taken from classified aerial imagery
(i.e., percent red stage within superpixels). Error bars indicate the standard deviation.

the red from the gray stage, assess forest recovery following different
disturbances, and attribute causes to different disturbance types using
multi-date Landsat data.

5. Conclusions

Our study demonstrates the usefulness of fine-resolution aerial
imagery as a reference data set for classification development and
evaluation of Landsat imagery. By using the fine-resolution classifica-
tion (itself having high classification accuracy; Meddens et al., 2011)
as reference data, we could extend the spatial coverage and number
of samples far beyond what was practical with ground-based obser-
vations. We found similar and high overall classification accuracy
using both single- and multi-date image methods for mapping bark
beetle-caused tree mortality, although the multi-date method pro-
duced higher accuracies at lower levels of mortality.

Tree mortality caused by biotic disturbances, warming/drought, and
their interactions has been increasing in recent years (Allen et al. 2010;
Meddens et al., 2012; Raffa et al., 2008). Our methods inform efforts to
map tree mortality for larger regions, such as those using MODIS. Our
data set of classified Landsat time series mapping bark beetle-caused
tree mortality will be useful for evaluating those larger-scale studies.
In addition, the data set will inform studies that increase understanding
about tree mortality, including documenting spatial and temporal

patterns, understanding drivers, and assessing impacts on forest fuels,
hydrology, and biogeochemical cycles (e.g., the carbon cycle).

Supplementary data to this article can be found online at http://
dx.doi.org/10.1016/j.rse.2013.01.002.
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