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Abstract 
Land managers and researchers have documented a rapid decline in aspen health in western 
North America since the early 2000s, which has been linked to drought episodes combined with 
caterpillar defoliation outbreaks. As the most abundant commercial deciduous tree species in 
Alberta, aspen serves many functions in Alberta forests, including providing forage and habitat 
for many wildlife species, water cycling and conservation, carbon sequestration, and wood 
fibre. Aspen mortality first became apparent in northwest Alberta in the late 2000s, and aerial 
surveyors began mapping it in 2011. Because of its clumpy, dispersed distribution within stands, 
this is a difficult forest health disturbance to accurately map. The Grande Prairie Forest area in 
northwest Alberta was chosen as the study area for this research project because it has the 
highest aspen mortality rate in the province. The procedures developed for this area are 
intended to be used in other Alberta Forest areas that have only recently begun to see and map 
aspen mortality. 

The goal of this research project was to map and categorise the current amount of aspen 
mortality in the Grande Prairie Forest area into the three mortality classes currently used by 
aerial surveyors in Alberta using remote sensing imagery. Using Landsat 8 OLI imagery, this 
project evaluated automated image classification methods to delineate and quantify mortality. 
Classification algorithms used in this project were Random Forest (RF), Support Vector Machine 
(SVM), Maximum Likelihood (ML), and ISO Data. A confusion matrix was used to compare 
overall accuracies as well as misclassifications. Both SVM and RF had similar acceptable 
accuracies with F1-scores of 79.4% and 78.4 respectively. The resulting categorized mortality 
map is to be used by land managers to focus detailed ground surveys and aid in forest 
management planning to ensure sufficient regeneration of stands experiencing high mortality. 
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Chapter 1: Introduction 

1.1 Background 
There has been a massive increase in aspen (Populus tremuloides) mortality in western North 
America since the early 2000s (Michaelian et al., 2011). This decline in aspen health has been 
linked to a combination of drought and successive years of defoliation, which weakens trees 
and makes them more susceptible to fungal pathogens and wood boring insects. Worrall et al. 
(2013) assessed the amounts of decline in areas with varying amounts of aspen mortality using 
data collected by fixed-wing surveyors from 2000 to 2010 in six regions of North America. Much 
of the data they collected for that study could not be used because there were areas surveyed 
where mortality was not quantified or data was inconsistent from year to year due to mortality 
being recorded in some years but not others. The Grande Prairie Forest area in northwest 
Alberta was one of the regions excluded from their analysis due to unmapped and unquantified 
mortality. This research project is focused in that area. 

In Alberta, forest health disturbances are mapped by aerial surveyors each year using fixed 
wing planes and helicopters. Many of the disturbances, such as blow down events, hail 
damage, beetle kill, defoliation and root disease have distinct boundaries to the disturbances, 
and tree condition is easily discernable from the air, making these issues easy to delineate and 
quantify. Aspen mortality is much more subtle. It appears in clumps, scattered throughout 
stands and often only the tops of trees die first, making it difficult to see from the air due to 
the live foliage remaining in the lower crown. Surveyors have a difficult time accurately 
mapping this pattern of mortality. They frequently overestimate extent by drawing polygons 
around large areas, including other species’ stands, and then underestimate severity by 
assigning an average mortality rate to these very large, combined polygons. In years of severe 
aspen defoliation caused by forest tent caterpillar (Malacosoma disstria) or large aspen tortrix 
(Choristoneura conflictana), mortality is frequently not mapped or is underestimated if survey 
flights are conducted when trees are defoliated. 

As remote sensing data has become more widely available over the last two decades, it has 
been increasingly used to map and estimate the percent mortality of some forest health issues. 
Hall et als. (2016) review of remote sensing use in Canada shows that most of the forest health 
issues evaluated with remote sensed data have focused on coniferous bark beetle killed and 
defoliated stands. Hall et al., (2016) believe that remote sensing data can and should be used 
to augment aerial surveys.  

1.2 Problem Statement 
Currently, the massive increase in aspen mortality in NW Alberta is being assessed using 

spatially inaccurate and incomplete fixed-wing survey data. Land managers will be unable to 

accurately evaluate future timber supplies and the effects of aspen loss on ecological functions 

in these stands without accurate spatial and quantitative data on this increasing trend in 

mortality. 
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1.3 Purpose and Research Questions 
The purpose of this study is to evaluate how accurate remote sensing data are when used to 
map and quantify aspen mortality in Northwest Alberta. Significant mortality was first recorded 
in this area by researchers in ground surveys in the early 2000s (Michaelian et al. 2011), but 
data obtained from the Government of Alberta (GOA) shows that mortality was not mapped by 
aerial surveyors until 2011. According to GOA aerial survey data, there were several aspen 
caterpillar defoliator outbreaks from the early 2000s to 2013, resulting in inaccurate data being 
captured by aerial surveyors. Surveyors were unable to assess the extent of mortality because 
of leaf loss caused by caterpillar defoliators. To evaluate the accuracy of remote sensing 
imagery used to delineate and quantify aspen mortality, the following questions will be asked: 

 Can automated image classification methods of satellite imagery be used to 
accurately delineate aspen from other landscape features and differentiate 
between healthy and declining aspen stands?  

Because of Alberta’s large, dispersed aspen land base, comprehensive ground surveys or 
helicopter detailed mapping of aspen to obtain accurate data is not economically feasible at 
a landscape scale. If automated image classification techniques can be used to delineate 
healthy and declining aspen at an acceptable level of accuracy, these methods could 
provide forestry operators and forest health staff areas to focus detailed monitoring efforts 
saving time and money. 

 Can vegetation indices derived from satellite imagery help to accurately delineate 
and quantify aspen mortality into classes currently used by Alberta aerial 
surveyors in the study area? 

Knowing the level of mortality in an aspen stand 
can help in the successful regeneration of these 
stands. In a field trial conducted in Colorado, 
which has also seen rapid declines in aspen health, 
Shepperd et al. (2015) discovered that stands with 
high mortality rates (> 60%) had poor natural 
regeneration from aspen suckering compared to 
stands with low (0-20%) and moderate (20-60%) 
mortality. Figure 1 depicts the relationship 
between live basal area before harvest and stems 
per hectare regenerating after clearcut harvesting. 
Other research has found that some VIs, such as 
the enhanced vegetation index (EVI), may be more 
sensitive to small changes in mortality as well as 
low occurrences of mortality (Liu et al., 1995). 
Hogg et al. (2008) studied mortality trends in 
Alberta and discovered that mortality can spread 
quickly in aspen stands. If it can be detected at 
levels lower than 60%, land managers can prioritise harvesting those stands so that they can be 

Figure 1: Correlation between live basal area in 
stands before harvest and regeneration in stands 
after harvest. Source: Sheppard et al. (2015). 



 

3 
 

Classification: Protected A 

removed and regenerated before there are large volume losses due to rapid tree death and 
decay and insufficient regeneration from natural suckering. 

1.4 Anticipated Contributions  
There are three anticipated contributions for this research project: 

 The first is a map of areas that have declining aspen within the study area. This map 
will inform aerial surveyors on where to focus detailed mapping efforts. Detailed 
mapping is more expensive and time consuming than general overview mapping 
surveys but are more accurate. If the area to perform detailed mapping can be 
reduced to just the areas where aspen is declining, time and money will be saved. 
 

 The second anticipated contribution is an accurate map categorizing the aspen 
mortality in the study area into the three mortality categories currently being used 
by GOA aerial surveyors; moderate are stands with 11 to 30% mortality, severe are 
stands with 31 to 50% mortality, and very severe are stands with greater than 50% 
mortality. Quantifying aspen mortality accurately is an important component 
missing from current data. Knowing the overall percent mortality in each stand will 
help land managers prioritise stands for intensive ground surveys and harvesting to 
promote successful rapid natural regeneration. 
 

 The third anticipated contribution will be the procedures developed to produce the 
map of declining aspen as well as the map quantifying aspen mortality into classes as 
per Government of Alberta (GOA) mapping standards. These procedures can be 
used in other parts of the province that are just beginning to see and map aspen 
mortality in the past five years to help them focus their aerial survey and ground 
survey operations. Mortality progressed very quickly in the Grande Prairie Forest 
area with a large increase in declining area starting in 2015 and spanning to 2019. 
Capturing mortality levels throughout the province before they reach a point where 
they will not have successful regeneration will be paramount to preserving the 
ecological functions of these stands. 
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Chapter 2 Literature Review  

2.1 Aspen Distribution and Mortality Issues 
In North America (NA) aspen is the most widely 
distributed deciduous tree species, spanning 
from northern Alaska to Labrador and south into 
Mexico (Figure 2), from sea level to 3500m in 
elevation (Rogers et al 2018). Aspen is an 
integral part of ecosystem processes in NA. It has 
a high diversity of understory vegetation 
providing habitat for several different wildlife 
species. Its relatively short life span compared to 
conifers serves as an important carbon sink 
(Singer et al. 2019). In Alberta, aspen is the most 
important commercial deciduous tree species 
covering 8.2 M ha. On average, it accounts for 
25% of Alberta’s harvestable volume.  

Since the early 2000s, massive aspen mortality 
events have been recorded in NA (Michaelian et 
al. 2011). The widespread aspen mortality in 
western NA has been linked to severe drought 
conditions that began in the late 1990s. Hall et 
als. (2008) research showed that biomass 
measured in ground plots from 2000 to 2005 
went from 2.2 tons per ha to near zero in the 
short time frame of five years. Figure 3 shows 
this same decline in aspen biomass related to 
periods of drought in an aspen mortality study 
done in Alberta and Saskatchewan. Singer et al. 
(2019) list several research projects in NA that 
have documented this quick decline in aspen health following drought. Singer et al. (2019) also 
lists the many terms that have been used to describe this quick increase in aspen mortality; 
aspen dieback, aspen decline, major aspen decline, aspen mortality, widespread aspen die-off, 
widespread aspen forest mortality, and sudden aspen decline (SAD). This paper will use the 
term aspen mortality and aspen dieback as that is the result and condition of the trees in the 
stands regardless of cause of death or predisposing factors. 

For the purpose of this analysis, which will be assessing patterns of aspen mortality, it is 
important to stress the difference between normal aspen successional replacement with 
drought induced aspen mortality events. Peterson et al. (1995) outline the normal successional 
tree and stand replacement of aspen in two trajectories. The first being the gradual dieback and 
death of mature trees within stands at 60 to 120 years old due to decay fungi and insects.  

Figure 2: Aspen Distribution NA. Source Data Basin; 
accessed Maps Data Basin Nov 23, 2020. 

Figure 3: Rapid change in aspen biomass associated 
with periods of drought. Source Hogg et al. 2018. 
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Suckering aspen ramets or shade tolerant coniferous species, if present in the understory, fill 
the small openings left by single or small groups of dying trees. Stand replacement by fire is the 
second normal successional transition. According to Krasnow et al. (2015), just one year after a 
high severity wildfire, the average number of aspen ramets per ha was 70,000, compared to 
10,000 in an unburned control area. Aspen clones in fire-damaged stands are able to access 
newly available light and nutrients, sending out shoots to revegetate the stand with pure aspen, 
outcompeting coniferous species that require a seed source. 

Unlike the first scenario proposed by Peterson et al. (2015), in which aspen stands gradually 
degrade and are replaced by aspen or conifer, the drought-induced aspen mortality observed in 
NA by several researchers occurs over a very short, three-to-six-year period (Hall et al. 2016, 
Hog et al. 2008, Michaelin et al. 2011, Rogers 
et al. 2019, Singer et al. 2019, Worrall et al. 
2013). According to Frey et al. (2004) review 
on aspen dieback, the two most important 
sudden stresses on aspen that have been 
linked to rapid aspen mortality are drought 
and freeze-thaw events. Typically, in the first 
few years following these events, the branches 
in the upper crown begin to die from the top 
down (Figure 4), which is thought to be caused 
by xylem vessel embolisms and cavitation 
caused by severe drought stress (Huang et al. 
2019). The compromised xylem vessels can no 
longer transport water to the crown, and the 
crown dies over the next few years, leaving 
fewer and fewer live branches. As a result of 
this dieback, the trees become weakened and 
more susceptible to secondary pathogens and 
insects. In less than six years after the decline 
begins, the majority of the aspen in the stand 
die and begin to snap off and fall over (Frey et 
al. 2004).  

2.2 Methods of Monitoring Forest Health Issues 
Collecting forest health data using agent signatures was first used in 1920 from an open cockpit 
hydro plane to map a spruce budworm (Choristoneura fumiferana) infestation in Ontario and 
Quebec (McConnell et al. 2000). Ciesla (2000) describes agent signatures as recognizable 
symptoms associated with specific agents, such as colour, brightness, shape, and texture of 
affected trees. In Canada and the United States, forest health aerial surveys have been 
conducted annually starting in the mid 1930s and 1940s respectively, using small, fixed wing 
planes with trained, experienced surveyors drawing disturbances on paper maps. In the late 
2000s, many provinces and states started using digital mapping programs with GPS location 
capabilities, which greatly increased the accuracy of mapped locations. Ciesla (2000) points out 
some of the advantages and disadvantages of using aerial surveyors to map disturbances. The 

Figure 4: Gradual death and thinning of crowns. Photo 
Source Government of Alberta (GOA). 



 

6 
 

Classification: Protected A 

main advantage is that experienced, trained professional surveyors can see and evaluate the 
disturbances that they are mapping. Often, they are the same surveyors from year to year so 
that trends are noticed and captured. The main disadvantage is that mapping is subjective. 
Identification of disturbance and accuracy of delineation will depend on the experience of the 
surveyor. 

Of the many forest health issues that are mapped each year by aerial surveyors, deciduous 
cumulative mortality is one of the most difficult to delineate and quantify. The gradual slow 
death of the trees from the top down and thinning crown foliage is hard to distinguish from live 
lower crowns and shrubs in the understory. Often this gradual death, seen in Figure 4, is not 
noticed until over 30% of the entire stand has died as shown in Figure 5. Other forest health 
issues mapped by aerial surveyors, such as bark beetle mortality, blowdown or hail damage is 
much easier to delineate and quantify. The boundaries of the disturbances are more distinct 
with stark contrasting colour differences between the healthy and damaged trees. 

Although there are advantages to 
having disturbances mapped by 
professionally trained and 
experienced aerial surveyors each 
year, not all areas can be surveyed 
every year due to weather 
conditions, smoke from wildfires, or 
a lack of surveyors to survey each 
year consistently. Remote sensing 
information is consistent, available 
over long periods of time, and 
covers extensive areas over all 
terrain including mountainous areas 
that can be dangerous for aerial 
surveyors in fixed wing planes. 
Forest health data obtained from 
remote sensing is gained at a lower cost than aerial surveys, and delineation of disturbances is 
more precise because other features such as waterbodies, non-target tree species, and 
manmade features such as roads, agricultural areas, and cutblocks can be easily omitted from 
imagery analysis (Hall et al. 2016a).  

2.3 Remote Sensing of Forest Health Data 

2.3.1 Satellite Sensors 
Hall et al. (2016b), who reviewed several satellite sensors that have been used to assess forest 
health disturbances, stresses the importance of choosing the appropriate sensor for the 
disturbance being assessed. They point out that commonly used moderate resolution sensors 
such as Moderate Resolution Imaging Spectroradiometer (MODIS), which has a resolution of 
250 - 500 meters, is not appropriate for aspen mortality or dieback due to the patchiness of 
these disturbances (Figure 6). The large pixel size will contain both healthy and compromised 
foliage, which will average the VIs over the large pixels increasing the chance that smaller 

Figure 5: Aspen stand with greater than 30% mortality. Photo source 
GOA. 
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bunches of trees just beginning to 
show mortality will be averaged 
with the healthy trees in the pixel 
and not detected. 

Rogers et al. (2017) evaluated three 
sensors for mapping aspen 
mortality: A moderate resolution 
sensor, MODIS; a course resolution 
sensor, Advanced Very-High-
Resolution Radiometer (AVHRR), 
which has a 1 km resolution; and 
Landsat, which has a high resolution 
of 30 meters. They felt that there 
were some advantages to using 
MODIS and AVHRR as they both 
have a one-day revisit frequency so they could easily obtain images within their study time 
frame that were suitably cloud free. They also found that MODIS and AVHRR worked well for 
tracking anomalies such as defoliation and drought events during their study time frame but 
were not as accurate as Landsat at tracking subtle changes in productivity and low levels of 
mortality. Byer et al. (2017) used MODIS to track drought induced mortality from 2000 to 2016 
in mixed stands also found that its moderate resolution did not capture lower levels of 
mortality. 

Landsat Thematic Mapper (Landsat 5 LTM) and Landsat Operational Land Imager (Landsat 8 
OLI) are used for this research project. The Landsat series has many advantages. There is 36 
years of continuous remotely sensed data available (Figure 7) with a resolution of 30m. It also 
has the electromagnetic wavelengths needed for this analysis, both visible and infrared bands, 
and is freely available from US Geological Survey. 

Landsat 7 ETM imagery is not used for this project. All Landsat 7 images collected after May 31 
2003, have gaps in the images caused by a Scan Line Corrector failure. A disadvantage of using 

Figure 6: Patchy healthy aspen mixed with dead and dying aspen. 
Photo source GOA. 

Figure 7: Landsat sensors timeline series. Source: DIGITAL@DAI. Retrieved Nov 25, 2020 from 
TimelineOnlyForWebRGB.jpg (2250×801) (dai-global-digital.com). 

https://dai-global-digital.com/uploads/TimelineOnlyForWebRGB.jpg
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Landsat 5 TMS and 8 OLS is that they have a revisit frequency of 16 days. In Northern Alberta, 
full foliage compliment occurs only three and a half months, between the beginning of June to 
mid-September. Because of the 16-day revisit, there are not many days to choose from during 
the time frame with only one sensor because Landsat 5 and 8 imagery capture time frames do 
not overlap, as seen in Figure 7. Essentially, there are only 8 days of imagery during that 3.5-
month span to choose from while avoiding significant cloud coverage or heavy smoke from 
wildfires which are frequent in northern Alberta. 

2.3.2 Plant Property Interactions with 
Electromagnetic Wavelengths 
The purpose of this study is to delineate 
and quantify aspen dieback and 
mortality using remote sensing data. The 
amount of electromagnetic light waves 
that are absorbed, scattered and 
reflected by plants depends on the 
pigments they contain, their current cell 
structure, and water content (Ustin et 
al. 2020). Stressed or dying aspen will 
have differences in all three of these 
plant properties compared to healthy 
aspen. Figure 8 shows wavelength 
ranges that are more likely to be absorbed 
and or reflected for each of these plant 
properties. Landsat 8 OLI, which is used for 
aspen mortality quantification in this 
project, has the following wavelengths for 
each associated band: 

Leaf pigment properties associated with 
visible wavelengths (Figure 8). 

Blue band – 0.45 to 0.51 µm 

Green band – 0.53 to 0.59 µm 

Red band – 0.64 to 0.67 µm 

In plant tissue, blue and red band light 
wavelengths are absorbed by chloroplasts 
in parenchyma cells (Figure 9) and 
converted through photosynthesis into 
glucose. The primary pigments in plant cells 
that absorbs light energy are chlorophylls. In 
healthy plants these pigments strongly 
absorb blue and red wavelengths and reflect 
green as seen in Figure 8 showing low blue and red values and high green values “green peak” 

Figure 8: Healthy plant property responses to electromagnetic 
wavelengths. Adapted from Keyworth et al. (2009). 

Figure 9: Deciduous leaf cross section. Accessed online: 
Schematic two-dimensional leaf cross section and leaf 
reflectance... | Download Scientific Diagram 
(researchgate.net). 

https://www.researchgate.net/figure/Schematic-two-dimensional-leaf-cross-section-and-leaf-reflectance-properties-Sabins_fig2_33496604
https://www.researchgate.net/figure/Schematic-two-dimensional-leaf-cross-section-and-leaf-reflectance-properties-Sabins_fig2_33496604
https://www.researchgate.net/figure/Schematic-two-dimensional-leaf-cross-section-and-leaf-reflectance-properties-Sabins_fig2_33496604
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as well in Figure 9 showing that most of the blue and red wavelengths are absorbed and most 
of the green is reflected (Ustin et al. 2020). The amount of absorption and reflection by 
pigments in plant tissue can be used to evaluate healthy versus stressed by the reflection values 
being recorded by satellite sensors. The more chlorophyll in plant tissue, the healthier the plant 
will be, resulting in low red and blue, and high green spectral values. 

Cell structure properties associated with near infrared (NIR) 

 NIR band – 0.85 to 0.88 µm 
In plant tissue, NIR wavelengths penetrate to lower leaf surfaces in deciduous species or the 
interior of needles in conifers into the spongy parenchyma mesophyll (Figure 9). The plant cell 
structure in this area has many intercellular air spaces where NIR wavelengths are diffused and 
scattered within these air spaces refracting off hydrated cell walls and then reflected back out. 
The spongy parenchyma has very few light absorbing cells therefore 40 to 60 percent of 
incoming NIR wavelengths are reflected and/or transmitted through to plants below, beside or 
above with only 5 to 10 percent of NIR being absorbed by healthy plants (Jensen, 2007). Jensen 
(2007) states that healthier canopies have higher NIR values due to the initial high reflectance 
of NIR wavelengths from the leaf that it intersected and to the reflectance of leaves that 
receive the transmitted NIR wavelengths from foliage above and also reflect and transmit most 
of the NIR wavelengths. The more vegetation in the canopy is reflecting and transmitting NIR 
wavelengths, the higher the NIR values will be from the plant. Knipling (1970) points out that as 
leaves die the cell walls within the mesophyll starts to deteriorate reducing NIR scattering; 
therefor there is less overall NIR reflectance and transmission to surrounding leaves leading to 
lower NIR values in stands with higher levels of mortality. 

Water content plant properties associated with shortwave infrared (SWIR) 

 SWIR1 band – 1.57 to 1.65 µm 

 SWIR2 band – 2.11 to 2.29 µm 
Water in plant tissue, including leaves, cellulose, lignin and other structural components, 
strongly absorbs these two SWIR band wavelengths (Figure 8). If the plants are healthy, they 
will have higher levels of water in their cells and more SWIR will be absorbed, resulting in low 
values of SWIR. As plant tissue dies, it desiccates and less SWIR is absorbed, resulting in higher 
SWIR values. A comparison of vegetation moisture reflectance of SWIR1 and SWIR2 Landsat 8 
OLI bands by Khellouk et al. (2018) showed that SWIR2 had a better correlation between 
moisture content than SWIR1 with coefficients of determination of 0.54 for SWIR1 compared to 
0.59 for SWIR2. With aspen mortality moisture, stress is an important aspect to capture as 
upper crown death is the first symptom of aspen dieback. Vegetation indices including these 
two bands will be evaluated to assess their sensitivity to levels of mortality.  

2.3.3 Vegetation Indices  
Vegetation indices (VI) are spectral band combinations, typically two or more, used to measure 
the proportions of electromagnetic radiation absorption and reflection from vegetation. In a 
remote sensing image, it is often represented as a single value that measures plant vigour for 
each pixel. This value can be used to emphasise particular vegetation features on the landscape 
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(Young et al. 2017). Figure 10 shows 
the change in reflection and absorption 
of electromagnetic radiation in plants 
as they become stressed and start to 
die and desiccate. Chlorophyll and 
moisture levels begin to decrease and 
as a result reflectance in the visible 
light bands increases as photosynthesis 
decreases and reflectance of near 
infrared decreases as intercellular 
spaces in the mesophyll of plant cells 
disintegrate. Reflectance values also 
increase in the shortwave infrared bands 
from 1.45µm – 2.29µm as stressed dead and 
dying vegetation dries. 

Changes in reflectance values caused by stressed plant cellular properties are frequently used 
as a proxy for vegetation health in vegetation index calculations to take advantage of these 
known reflectance changes. VIs that use bands to evaluate plant greenness (pigment content), 
plant moisture, and plant light use efficiency (carotenoid content) indices have been the most 
commonly used categories of indices to assess vigour of tree canopies.  

Greenness (pigment content) VIs are used to describe the vigor and health of green vegetation.  
Generally visible light wavelength bands (blue, green and red) along with NIR are the primary 
bands used in these VIs. Normalized Difference Vegetation Index (NDVI) is the most used VI for 
detecting vegetation in this category of VIs. 

 NDVI = (NIR – Red) / (NIR + Red) 

It has been used in many evaluations of vegetation vigour for land use change tracking, 
agriculture, forest health disturbance evaluations for bark beetles, fire damage, defoliators, as 
well as some cumulative mortality caused by drought (Wang et al. 2010, Hall et al. 2016, 
Ya’acob et al. (2014), Rogers et al. 2017). 

Along with NDVI another VI in the greenness category that will be assessed that has been used 
to assess mortality is Enhanced Vegetation Index (EVI).  

EVI = G * (NIR - Red) / (NIR + C1 * Red – C2 * Blue + L) 

For Landsat: G (gain factor) = 2.5, C1 = 6, C2 = 7.5, and L = 1    C1 and C2 are atmospheric 
resistance coefficients for red and blue wavelength corrections respectively. L is a canopy 
background adjustment through the crowns for brightness. 

Liu et al. (1995) developed the Enhanced Vegetation Index (EVI) to address some of the soil and 
atmospheric aerosol scattering that has been found to affect NDVI, as well as to address index 
saturation when there are high chlorophyll levels in vegetation, which can reduce the VIs 
response to slight changes being captured.  

Figure 10: Healthy versus unhealthy, dry vegetation 
spectral signature NDVI Measurements with Simple 
Radiometric and photographic Methods – Blue Marble 
.Research. 

https://bluemarble.ch/wordpress/2003/01/07/ndvi-measurements-with-simple-radiometric-and-photographic-methods/
https://bluemarble.ch/wordpress/2003/01/07/ndvi-measurements-with-simple-radiometric-and-photographic-methods/
https://bluemarble.ch/wordpress/2003/01/07/ndvi-measurements-with-simple-radiometric-and-photographic-methods/
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In a study on drought-induced tree mortality in the Sierra Nevada, Byers et al. (2017) compared 
EVI and NDVI and discovered that EVI was more responsive to stand structural variations in 
areas of high canopy density and that EVI was better at capturing mortality when it was at low 
percentages but overestimated mortality when it increased in the stands over time. Wang et al. 
(2010) found that EVI was more effective than NDVI at detecting insect outbreaks. Insect 
outbreaks and low levels of mortality are both important factors in the proposed study area, 
which can be used to better understand mortality patterns over time. 

Moisture assessment VIs use infrared bands to determine vegetation moisture content. As seen 
in Figure 10, NIR with ranges from 0.76 – 0.90 µm, is sensitive to intercellular structure in plant 
spongy mesophyll and will reflect less energy in this wavelength when vegetation is stressed or 
dying and this cellular structure begins to collapse. Also seen in Figure 10 is the increase in 
reflected SWIR bands (1.45 – 2.5µm) in stressed, dry vegetation compared to green plant 
tissue. Several researchers have used this stressed plant response to water uptake and 
absorption to develop and use vegetation indices using these bandwidths. 

De Beurs and Townsend (2008) assessed spongy moth (Lymantria dispar) caused defoliation in 
deciduous forests comparing greenness VIs with moisture VIs and found that moisture VIs using 
bands from 1.6 – 2.13 µm were more accurate.  Other researchers that have used moisture VIs 
within the same bandwidth range to accurately map tree mortality have been Campbell et al. 
(2020). Campbell et al. (2008) also tried moisture VIs that included NIR with SWIR bands and did 
not get as accurate results. This study will assess the following three moisture indices that these 
researchers have found to have some measure of success in assessing defoliation and mortality 
in deciduous forests. 

Normalized Differential Moisture Index (NDMI) was developed by Hardisky et al. (1983) to 
monitor leaf moisture content in salt marsh canopies.  

NDMI = (NIR – SWIR1) / (NIR + SWIR1) 

This VI has been used by some researchers to detect and monitor defoliation and mortality 
caused by drought in deciduous and coniferous stands as it is sensitive to moisture content in 
leaves. Choi et al. (2021) quantified defoliation severity of spongy moth (Lymantria dispar) 
using NDMI values associated with defoliation assessments over a three-year span with Landsat 
imagery. Assal et al. (2016) assessing mortality trends in the Wyoming Basin ecoregion 
evaluated NDMI trends using Landsat imagery from 1985 to 2012 and found that 25% of the 
stands had significant negative NDMI trends and that those stands had low live tree densities 
with more standing dead trees. 

Normalized Burn Ratio (NBR) was developed by Key and Benson (2006) in 1996 to evaluate the 
severity of dead and dying trees due to wildfire. 

NBR = (NIR-SWIR2) / (NIR+SWIR2) 

They felt that the changes in magnitude of the decrease in NIR compared to the increase in 
SWIR2 had the optimum spectral response over other bands available in Landsat data when 
assessing tree mortality.  Houseman et al. (2018) used this VI along with NDVI to track changes 
in forest mortality caused by gypsy moth and mountain pine beetle infestations. 



 

12 
 

Classification: Protected A 

Normalized Burn Ratio 2 was developed by Van Deventer et al. (1997) to evaluate soil and 
agriculture water content to help with erosion control and hydrologic modeling. 

NBR2 = (SWIR1 – SWIR2) / (SWIR1 + SWIR2) 

It is currently an on-demand product being offered by USGS and is used in post fire recovery 
studies to evaluate water content in vegetation. 

Plant light use efficiency VIs are used to assess a plants ability to absorb energy in 
electromagnetic radiation ranges used in plant photosynthesis. The VI from this category that 
will be tested in this project is the Structure Insensitive Pigment Index (SIPI). 

 SIPI = (NIR – Blue) / (NIR – Red) 

This VI ratio, developed by Penuelas et al. (1995), is based on the principle that chlorophyll and 
carotenoids both absorb energy in the red spectrum but only carotenoids will absorb energy in 
the blue spectrum. As trees become stressed the value of the ratio increases due to the 
increase in carotenoids. This VI is thought to be “insensitive” to canopy structure and has been 
used in tree mortality studies where crown structure is variable (Blaga et al. 2019, Xulu et al. 
2019). 

2.4 Assessing Forest Health Damage Using Remote Sensing Data 
Forest health damage is generally clumped due to the nature of the disturbance. Abiotic 
disturbances such as hail or blowdown are localized to the site where the weather event takes 
place. A disease such as armillaria root disease or insect infestations such as bark beetles or 
defoliators begin in a general area of a stand and spread outward. Although aspen mortality has 
many contributing factors toward its eventual death such as stem and root fungi, wood borers 
and aspen bark beetles, it also occurs in clumps due to predisposing and inciting factors at the 
stand level (Frey et al. 2004). To gain a better understanding of aspen mortality trajectories in 
stands, aerial surveyors in Alberta began categorizing mortality in 2011. Aspen mortality is 
classified into four classes and is a cumulative percent estimation of stand mortality for each 
year sketch mapped. Very light is the lowest category (0 – 10%) and is not delineated as it is 
thought to be within a normal, tree replacement pattern of mortality in most aspen stands. The 
three delineated levels of mortality sketch mapped are Moderate (11 – 30%), Severe (31 – 
50%), and Very Severe (> 50%). An objective of this research project is to cluster and categorize 
aspen mortality into similar classes that we use for aspen mortality mapping so the remote 
sensing information can be comparable to current categorization classes in the hope that it can 
be used to enhance the current sketch mapping process. The remote sensing vegetation index 
values calculated for each pixel will vary from pixel to pixel, therefore will need to be clustered 
into classes. This research project will evaluate both supervised and unsupervised methods of 
Classification. 

2.4.1 Automated Image Classification Techniques 
When clustering continuous forest health remote sensing data, either an unsupervised (Figure 
11) or a supervised (Figure 12) classification process is used, with pattern recognition 
algorithms used to determine similarities or differences between pixels or objects (Xulu et al. 
2019). 
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Unsupervised Classification 

  

Figure 11: Unsupervised classification process. 

Unsupervised classification methods do not cluster data using training data. They only use the 
data that is provided to them to determine data patterns and clusters. Clustering algorithms 
sort the data into similar groupings based on statistically similar pixel values calculated from 
remote sensed images (Abburu et al. 2015). This method of clustering is generally less accurate 
than supervised classification methods because the user is not suppling data to associate to the 
disturbances. The user also must spend considerable time after clustering, assigning classes to 
the groupings which can be time consuming (Borra et al 2019). There are some benefits, such as 
not forcing the algorithms to recognize patterns or clusters that you have trained them to look 
for, as you would with supervised training methods. This can reduce human error in 
classification and the user does not need any prior knowledge of image feature types (Borra et 
al 2019). 

An unsupervised classification method used in this study is Iterative Self-Organizing Data 
Analysis (ISODATA). This clustering method initially distributes means of the data evenly, then 
calculates the standard deviation and Euclidean distance between the initial groupings. If the 
standard deviation is greater than the user defined threshold, the clusters are split, and if it is 
less, the clusters are merged. If the resulting number of pixels in the cluster does not meet the 
user defined minimum number, the cluster is deleted and the algorithm continues iterations 
until the cluster exceeds the user defined minimum number of samples per cluster. Borra et al. 
(2019) point out the following three reasons why this unsupervised method is widely used; your 
data does not need a normal distribution, it is very accurate, and it is not biased to the top 
pixels in the image you are classifying. In this study, this method is used to find the initial 
naturally occurring clusters to help understand and choose classes of each feature type for 
supervised classification in section 3.3 and again in section 3.5 to evaluate its accuracy in 
quantifying current mortality in the study area.  

Supervised Classification  

Supervised classification is a more accurate method of classifying imagery in general, but it 
requires collecting detailed survey data to train and associate with your remote sensing data. 
Because extensive, accurate data needs to be collected, this method is very expensive, time 
consuming, and is generally only applicable to localized geographical areas where the detailed 
site data was collected (Chakraborty et al. 2018). The process for successfully classifying remote 
sensed data with supervised methods involves a very accurate dataset to train the classification 
algorithm chosen. Generally, training sites determined from ground surveys or high-resolution 
imagery. The training sample classes need to be spectrally distinct from each other to minimize 
misclassified pixels. The spectral values of each class of the training data should be normally 
distributed to ensure there is a range of variability for each class, but classes should be as 

Image Clustering Cluster Grouping Accuracy Assessment

Image Supervised Training Pixel Labelling Accuracy Assessment

Figure 12: Supervised classification process. 
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homogenous as possible, and the range of band values should also be distinct for each class. 
Some tools used to check training data samples include histograms and statistics to check for 
data normality, spectral profiles to check for band signature separation which show distinctness 
of classes and scatter plots showing separability of classes.  

Common methods of supervised classification summarized by Hall et al. (2012) in forest health 
studies have been maximum likelihood (ML), Support Vector Machine (SVM), Nearest 
Neighbors and minimum distance More recently Bright et al. (2020) and Byer et al. (2017) both 
used random forest classifier to train and categorize tree mortality from remote sensing 
derived data and found it to have a producers accuracy of 96% and 80% respectively. In this 
study three methods of supervised classification are evaluated; Maximum Likelihood, Support 
Vector Machine and Random Forest (referred to as Random Tree in ArcGIS PRO). 

Maximum Likelihood 
This classifier is a statistical method for 
recognizing patterns which assumes that the 
image values are normally distributed and 
relatively symmetrical around the mean. The 
class means and covariances are calculated for 
each band of the training samples and then 
these are used to calculate the probability of 
each pixel belonging to a class of the assessed 
image (Abburu et al. 2015). Figure 13 shows 
the probability of a pixel belonging to a class 
based on its mean value in the class statistical 
distribution. 

Support Vector Machine 
SVM Identifies boundaries between classes by maximizing the distances between classes. It 
uses support vectors which are a portion of the training data that occur closest to the decision 
boundary and are the most difficult to classify, therefore will have the most direct impact on 
where the optimum hyperplane is placed to separate classes. Figure 14 shows the many 
hyperplanes that could be drawn (A) and the use of the support vectors (B) in the placement of 
class boundary values to maximize the distance between groups to minimize variability within 
the groups (Mohamed 2017). Non-linear data is transformed using kernel functions such as the 
radial basis function kernel (RBF), used before support vectors are determined (Borra et al. 
2019). One of the main advantages of SVM is that it is a non-parametric classification method, 
therefore the data does not need to have a Gaussian distribution, which is often the case in 
most imagery datasets. Mountrakis et al. (2010) in a review of SVM uses point out that a 
disadvantage of using SVM with remote sensing data is that its performance deteriorates with 
noisy data, both in the dataset being classified due to atmospheric or topographic distortions or 
in the training data in ArcGIS Pro, to convert nonlinear data into linear data used from class 
overlap and variability.  

Figure 13: Maximum likelihood assignment of pixels. 
Source: Adapted from Valero et al. (2019). 
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Random Forest 
This algorithm uses a random sample of the 
training dataset to establish each tree, then a 
random subset of variables is tested at each 
split at each tree, which is used to determine 
which class to assign the tree through 
majority voting and averaging (Figure 15) 
based on training sample class values. 
Majority voting and averaging of each tree 
which considers all trees before assigning the 
tree to a class reduces overfitting of the 
model. Stephens et al. (2014) states that the 
randomness in constructing trees and then 
the majority voting and averaging is used in 
this algorithm so that the outcome is less influenced by any random variations in the training 
dataset. RF is another non-parametric classification method; therefore, the data does not need 
to be normally distributed to get good results.  

2.4.2 Accuracy Assessments Used for Automated Image Classification Methods 
For this project multiclass confusion matrices are used to calculate, evaluate and compare 
accuracy, precision and recall of each automated image classification. An error matrix is 
commonly used to compare and assess agreement between classified images and referenced 
datasets (Maxwell et al. 2021). Figure 16 is a binary confusion matrix showing predicted row 
features which are the classified pixel values derived from automated image classification trials 
compared to ground truth column features which, for this research project, are referenced 
pixel values derived from high resolution imagery or ground locations. 

Figure 15: Random Forest decision tree diagram. Source 
Sharma, A. 2020. 

A B 

Support Vectors 

Figure 14: Support Vector Machine hyperplane depiction. A) Showing all possible hyperplanes, B) showing support 
vectors used to place optimum hyperplane. Source Adapted from Ghandi 2018. 
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Metrics used in confusion matrix evaluations are as follows (adapted from Maxwell et al. 2021, 
Barsi et al. 2018, and Stahman et al. 2019) 
The main diagonal green cells (figure 16) represent the correct classifications referred to as; 
 True Positive (TP) is a predicted feature classified the same as the ground truth feature. 

True Negative (TN) is a correct rejection of the predicted feature agreeing with the    
ground truth feature. 

The off-diagonal beige cells (figure 16) represent cells that are incorrect. These cells can provide 
insight into specific features that are being misclassified, helping the user evaluate and improve 
their analysis. 
 False Positive (FP) is the predicted feature not the same as the ground truthed feature. 
 False Negative (FN) is the predicted feature classified not as the ground truthed feature. 
 
Recall = TP / (TP + FN), also referred to as producers accuracy, is the proportion of correctly 
predicted features that match the ground truthed features giving the total percentage of 
relevant results that were correctly classified. 
Precision = TP / (TP + FP), also referred to as users accuracy, is the proportion of features that 
match the ground truthed features out of all of the predicted matching features. 
Accuracy = (TP + TN) / (TP + FP +TN + FN), also referred to as overall accuracy, is the proportion 
of features correctly classified out of all of the samples in the ground truth dataset. When 
feature classes are not disturbed evenly overall accuracy can give misleading results, giving an 
overall accuracy which weights all classes equally. As an example, in this research project 
comparing two classed features water and aspen decline, water is a very small feature class 
that has high recall and precision values due to its distinct spectral signature, but it is given 
equal weight when calculating overall accuracy with aspen decline which is a very large 
spectrally diverse class with lower recall and precision values. This research project uses three 
other metrics calculated from the above values to evaluate accuracy; F1-Scores, weighted F1-
Scores and Kappa Coefficients.   
 F1-Score = 2 * (Precision * Recall) / (Precision + Recall). This is the harmonic mean of 
precision and recall which gives a better evaluation of accuracy when using imbalanced 

Figure 16: Confusion matrix metrics. Adapted from Jeppesen et al. 2019. 
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datasets. F1-scores are calculated for each feature class giving a score from 0 to 1 with values 
closer to 1 indicating better classification accuracy results. To evaluate the overall F1-Score for 
each classification trial a weighted F1-score is used. 
 Weighted Average F1-Score = ((F1-Score for class 1 * Number of samples in class 1) + 
(F1-Score for class 2 * Number of samples in class 2) + (F1-Score for class 3 * Number of 
samples in class 3) + (repeated for all classes)) / Total number of samples. The weighted 
average F1-Score is used in this research project to account for the imbalanced number of 
features in each class.  

Cohen’s Kappa Coefficient is a metric used to evaluate agreement between features in a 
classified image to ground truthed features. The overall accuracy is adjusted by what would be 
expected by chance agreement. Kappa Coefficient values can range from -1 to 1. Generally, 
values closer to 1 indicate good agreement between datasets.  

Cohen’s Kappa Coefficient (for binary classes) = (Po – Pe) / (1- Pe) 
 Po = overall accuracy or observed agreement.  
 Pe = Expected Accuracy or chance agreement =  

((TP+FN)/N)*(TP+FP)/N)) + ((TN+FP)/N)*(TN+FN)/N)) 
TP, FN, TN and FP are described above and N is number of samples 
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Chapter 3: Methodology 

3.0 Study Area 
The study area for this research project is 
located in northwestern Alberta (Figure 
17).  Approximately 9,000 km2 of aspen 
was delineated in order to assess the 
levels of mortality present in these 
stands. In the mid 2000’s aspen stands 
began to die across North America over 
short periods of 3 to 7 years (Worral et al. 
2008). The Canadian Forest Service (CFS) 
linked the rapid demise of these stands in 
western Canada to the worst drought 
recorded in the previous 80 years in both 
2001 and 2002.  

CFS began establishing a network of 
permanent sample plots in Alberta and 
Saskatchewan in the early 2000s to try to 
monitor overall health of these stands. 
Climate Change Impact on the 
Productivity and Health of Aspen (CIPHA), 
a CFS initiative, has established two of 
these permanent sample plots within the 
study area. One of the CIPHA study sites, 
located west of Dunvegan, Alberta has 
the highest mortality rate, having lost 
89% of its aspen since its establishment 
in 2001 (Figure 18). This area also 
experienced drought conditions in 2009 
and 2010 as well as severe defoliation 
caused by forest tent caterpillar in 2012 
and 2013. It is believed that the recent 
drought and defoliation events 
contributed to the increase in mortality 
in 2015 and 2016. 

 

 

 

 

 

Figure 17: Map showing location of study area in NW Alberta. 

Figure 18: Graph showing aspen mortality rates of research plots 
within the study area from 2000 to 2020. Source Michaelian 
2021. Personal Communication. 
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This area was chosen over others in Alberta 
because aspen mortality has been observed and 
mapped in the area longer than any other area 
in Alberta. This region also contains all of the 
mortality categories that GOA surveyors are 
currently mapping. 

 Moderate – 11 to 30% mortality 

 Severe – 31 to 50 % mortality 

 VerySevere > 50% mortality 

Figure 19 depicts the Grande Prairie area 
mortality classes being mapped in comparison 
to the other provincial forest areas who have 
only begun to see and map mortality in the past 
five years. Figure 20 shows the rapid increase in 
mortality recorded since it began to be captured 
in 2011. The majority of is in the Grande Prairie 
Forest area.  

 

 

A classification challenge in this study area is that is that it is also managed for a variety of 

resources. West Fraser and Weyerhaeuser, both Forest management agreement holders, have 

timber quotas within the region; there are many oil and gas infrastructures and facilities 

Figure 19: Map of aspen mortality classifications 
in Alberta for 2020 showing Grande Prairie with 
the most variety of classes. 
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Figure 20: Chart of aspen dieback and mortality area mapped in Alberta from 2010 to 2020. 
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throughout it; there are several grazing reserves and leases; and there is agriculture as well, as 

shown in Figure 21. As a result of these various uses throughout the landscape, the majority of 

the remaining aspen stands either contain or are surrounded by these features. These other 

land uses, if not properly delineated and removed, can have an impact on overall aspen 

mortality reflectance values, resulting in inaccurate classifications. 

 
Figure 21: Typical aspen stand in Alberta with multiple land uses by industry and agriculture. Photo Source GOA. 

Another classification issue within the study 
area are patches of dead pine trees killed by 
Mountain Pine Beetle (MPB) infestations as 
shown in Figure 22. These MPB infestations are 
a result of mass movements of populations into 
Alberta from British Columbia in 2006 and 
2009. Because the infestations have not been 
completely mapped they cannot be completely 
removed using mountain pine beetle shapefiles 
obtained from the GOA which has been 
mapping the majority of these infestations 
since 2007. A seasonal NDVI difference is used 
to remove the conifer from the study area 
before MPB moved in in 1999, so that dead 
grey pine mortality is not classified as dead 
grey aspen mortality. 

Well site

Well site

Harvested area

Pipeline and 

grazing

Agriculture

Roads

Figure 22: Screen shot showing red and grey lodgepole 
pine trees killed by MPB infestations in 2006 and 2009. 
Screen shot source Zoom Earth. 
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3.1 Data Sources 

3.1.1 Data used for extraction of deciduous vegetation, classification and VI Calculations 
Landsat 5 TM, and 8 OLI was used for this analysis. Data was downloaded through Earth 
Explorer website (EarthExplorer (usgs.gov)) . Collection 2, Tier 1 surface reflectance imagery 
was used each part of the project.  The following four tiles were downloaded for the use in this 
analysis: 

In section 3.2 methodology for the delineation of deciduous stand types from all other land 
features including conifer, water and industrial features, Landsat 5 TM was used from the year 
1999.  Bands used in this analysis for the following tiles are bands 1 to 5 and 7. 

LT05_L2SP_046021_19990424_20200908_02_T1   
LT05_L2SP_046021_19990814_20200908_02_T1  
 

In section 3.3 methodology for the assessment of classification methods and VIs for mortality, 
Landsat 8 OLI from the year 2019. Bands used in this analysis for the following tiles are bands 1 
to 7.  

LC08_L2SP_04021_20190602_20200828_02_T1 
 
In section 3.5 methodology to classify current aspen mortality, Landsat 8 OLI from the year 
2021. Bands used in this analysis for the following tiles are bands 1 to 7. 

LC08_L2SP_046021_20210709_20210720_02_T1 
 

3.1.2 Data used for training classifiers and identifying land features  
As previously mentioned, within the study area there are multiuse activities such as oil and gas 
features, logging operations, grazing areas, and agriculture. There are also other land features 
that will influence VI values, such as roads, coniferous stands, and water bodies. A Land cover 
vector shape file is used to help identify these features in the study area. This shapefile (Alberta 
wall to wall Land Cover Map circa 2010) was created by the Alberta Biodiversity Monitoring 
Institute (ABMI) and is a polygon-based representation of land cover in Alberta. It was originally 
created in 2000 and has been updated in 2010 by ABMI. This dataset is freely available at ABMI 
- Detailed Vegetation Maps. The 2000 version as well as the updated version are used in this 
project. Also used to train and identify land features is Spot 6 imagery from 2019 true colour 
1.5m resolution and Zoom Earth – Live Satellite zoomed in to high resolution at Zoom Earth | 
LIVE weather map, storm tracker, rain radar (NASA-NOAA, accessed May 2022) 

3.1.3 Data Used as Additional Input Raster in Classifications 
In this analysis, a tree height layer derived from the Shutter Radar Topography Mission (SRTM) 
was calculated and used. Appendix A contains the calculation and evaluation of the elevation 
model used. In methodology section 3.3, this layer was used to assist classification techniques 
in distinguishing between trees and lower height features such as shrubs, forbs, and water. 

3.1.4 Data used for assessing accuracy  
Four sets of data were obtained to assess accuracy for this project. Spot 6 infrared 1.5m 
resolution was obtained from the Alberta government and was used to assess accuracy of 

https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
https://abmi.ca/home/data-analytics/da-top/da-product-overview/Data-Archive/Detailed-Vegetation-Maps.html?scroll=true
https://abmi.ca/home/data-analytics/da-top/da-product-overview/Data-Archive/Detailed-Vegetation-Maps.html?scroll=true
https://zoom.earth/#view=56.0823,-117.8961,8z/map=live
https://zoom.earth/#view=56.0823,-117.8961,8z/map=live
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classification methods in the delineation of aspen; both declining as well as healthy, as well as 
water and shrub features that were not excluded in the seasonal NDVI difference. 

Two sets of data were obtained from the 
Government of Alberta (GOA) Forest Health 
and Adaptation department which were 
used to assess accuracy of using VIs to map 
aspen mortality. Both sets of data were 
collected by trained and experienced GOA 
forest health staff. One set of data was 
captured by surveyors in small, fixed wing 
planes at 1000 feet above ground. The 
areas that were flown were covered 
systematically by transects spaced 
approximately 10 km apart. The surveyors 
drew polygons on laptops using ESRI 
ArcPad software of the approximate 
location and severity of mortality that was 
observed. The GOA Forest health 
department did not start collecting aspen 
mortality data during these surveys until 
2011, as that is when it started to become 
very noticeable from the air. They have 
been capturing defoliation data in these 
surveys since 1997.  

The second set of data used was detailed 
helicopter aspen mortality data that was 
collected in 2019. This is polygon data mapped in the same manner as the fixed wing with 
surveyors drawing polygons but at lower altitudes around 200 feet, therefore, surveyors were 
able to see and evaluate mortality more accurately for quantification estimates, and they also 
had the ability to stop and hover, which allowed for the precise delineation of polygons. Figure 
23 shows data that was mapped using a fixed wing plane (green hues), compared to data that 
was mapped using a helicopter (pink hues). Apparent are the large polygons of the fixed wing 
data that tend to include areas surrounding the mortality, which are generally other feature 
types. Although data captured by helicopter is more precise and the overall mortality 
categorization of the polygons accurate, due to the clumpy nature of aspen mortality within 
each stand, each categorized polygon can include a range of mortality.  

To clarify this point, please refer to Figure 24 which is a photograph of aspen mortality taken 
within the study area. An approximate 30m by 30m grid has been drawn to show each pixel size 
on the ground of Landsat 8 OLI imagery. Overall, the photo shows a severe level of mortality 
(30% to 50%) but looking at each pixel mortality ranges from 10% to 80%. The helicopter 
mortality polygon data captured in 2019 is accurate when taking the average values of the 
polygons but not accurate at the pixel level. Only the average values (overall mortality 

Figure 23: Comparison of fixed wing to helicopter aspen 
mortality data collection showing large generalized polygons 
of fixed wing compared to more precise helicopter data. 
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classifications) of the helicopter collected data from 2019 are used in the study to evaluate 
which VIs can be used to separate mortality classes. 

 
The fixed wing collected data was used in 
this study to confirm the presence or 
absence of mortality as well as anomalies 
such as defoliation or leaf scorch. Years 
with mapped defoliation or leaf scorch 
were not used for assessment as these 
disturbances can mask or be confused 
with mortality. Figure 25 shows large 
areas of forest tent caterpillar defoliation 
within the study area in 2018. Using years 
with this foliage damage present would 
result in spectral signatures that could be 
misinterpreted as mortality. Both sets of 
mortality mapping, the fixed wing and the 
helicopter detailed data, classified aspen mortality into three standard categories of mortality; 
Moderate (11-30%), Severe (31-50%), and Very Severe (> 50%).  

Figure 24: Photo of aspen mortality showing dieback throughout the stand with approximate 30m by 30m pixels 
drawn on to show aspen mortality variability within stands from 10% to 80% mortality. Photo Source GOA. 

Figure 25: Photo of forest tent caterpillar defoliation which 
could be spectrally confused with aspen mortality. Photo Source 
GOA. 
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The fourth set of data obtained for 
accuracy assessments for the final 
step of this research project were 
ground truth locations taken on a 
fixed wing flight in a Cessna 206 at 
approximately 1000ft above the 
ground on July 5th, 2022. Figure 26 
shows the route flown in the study 
area and the aspen stands that were 
assessed for classifications of 
mortality. The flight took six hours 
and data was captured as point, line 
and polygon classification features 
using ArcPad on a laptop with 2021 
Spot 6 true colour imagery as 
reference for locations. Photos were 
taken along the route to verify locations and mortality classifications were called. Figures Figure 
27, 28 and 29 show photo examples of each category of mortality called at point locations 
compared to Spot 6 Infrared imagery. The flight was accompanied by Devin Letourneau the 
Forest Health Officer in the forest area, who has been mapping the mortality in the area for 10 
years. His experience in the area and expertise with aspen mortality mapping was used to help 
evaluate categories of mortality. 

Figure 26: Flight lines and accuracy assessment point locations 
captured July 5th 2022. 

Figure 27: Photo showing comparison to Spot 6 2021 of Severe and Moderate classes. Photo Source GOA. 

Moderate 

Severe 



 

25 
 

Classification: Protected A 

 

Moderate  

Healthy 

Figure 29: Photo showing comparison to Spot 6 2021 of Moderate and Healthy classes. Photo Source GOA. 

Figure 28: Photo showing comparison to Spot 6 2021 for Very Severe mortality class.  Photo Source GOA. 

Very Severe 

Very Severe 



 

26 
 

Classification: Protected A 

3.2 Using NDVI Seasonal Image Differencing Change Detection to remove non-
Deciduous Features 
The following flowchart (Figure 30) summarizes the procedures used to remove non deciduous 
features from the imagery using NDVI seasonal differencing. This is the first step for the first 
objective of this project: Can automated image classification methods of satellite imagery be 
used to accurately delineate aspen from other landscape features and differentiate between 
healthy and declining aspen stands? The results of this procedure will be a template of 
deciduous features that will be used to clip Landsat 8 OLI 2019 imagery used in the next step to 
evaluate classification methods for healthy and declining aspen.  

 

Figure 30: Flowchart of process used for Section 3.2.1. Seasonal image differencing to remove non-deciduous 
features. 

Two images from the same year were used, one before and one after leaf out. Figure 31 depicts 
a graph from Hall-Beyers’ (2011) study in Alberta, which calculated 25 years of bi-monthly NDVI 
mean values from the beginning of April (before leaf out) to the end of October (after leaf off). 
This graph shows that NDVI values for conifer, deciduous, and mixed forest types were very 
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close to the same values for before leaf out 
from early April to mid-May, and that there 
was a distinct separation of NDVI values 
between conifers, deciduous, and mixed 
forest types from mid-June to mid-August.  
For this research project, a cloud free 
Landsat 5 image from April 24th, 1999 was 
chosen for before leaf out and August 14th, 
1999 was chosen for fully leafed out. The 
year 1999 was chosen because it was before 
the aspen decline in the area began. The 
GOA fixed wing aerial overview dataset for 
1999 was used as a reference and no 
defoliation or other aspen damaging agent 
was found in these surveys. 

The following Landsat 5 TM tiles were selected for 1999, using bands 1 to 5 and 7. 

 LT05_L2SP_046021_19990424_20200908_02_T1 – April 24, 1999 (Before leaf out) 
 LT05_L2SP_046021_19990814_20200908_02_T1 – August 14, 1999 (Fully leafed out) 
Remote sensing index NDVI was calculated in ArcGIS Pro Band Arithmetic function for both 
tiles.  NDVI was used for this calculation as it is sensitive to the abundance of vegetation and 
has been used in several studies to evaluate the health and vigour of vegetation as discussed in 
section 2.3.3. Figure 32A and 32B show an example within the study area of NDVI values on 
April 24,1999 compared to NDVI values on August 14,1999. In Figure 32A (April 24th) conifer has 
higher NDVI values and is a darker shade of green than the rest of the features. In Figure 32B 
(August 24th) deciduous features have higher NDVI values and are a darker shade of green than 
conifers.   

 April 24, 1999 NDVI.                                                      August 14, 1999 NDVI  

32A 32B 

Figure 32: Example of area within study area showing NDVI differences in April (31A) versus August (31B) in 1999. 

Figure 31: 25-year NDVI mean from 1982-2006 for 
common land features in Alberta. Adapted from Hall-Beyer 
2011. 
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The difference was calculated 
between August 14, 1999 and April 
24, 1999 NDVI using ArcPro Image 
Analyst Minus function then Jenks 
Natural Breaks was used to categorize 
the image into four groups. Figure 33 
shows white and light green areas 
with negative or very low NDVI values 
representing agriculture, water, slide 
areas and conifer stand types. 
Medium green and dark green areas 
with higher NDVI values representing 
areas with vigorous growth of 
deciduous forest mixed with some 
crop and herbaceous vegetation. 
The resulting values from the Natural 
Jenks classification of the four classes 
were; 

   < 0.078056 – Negative values to Very Small Difference (white areas) 
   0.078057 to 0.157255 – Small Difference (light green areas) 
   0.157256 to 0.240414 – Moderate Difference (medium green areas) 
   0.240415 to 0.57701 - Large Difference (dark green areas) 
 
An evaluation of the four difference classes was done to assess which land features were 
included in each class, from the negative and very little difference classes to the moderate and 
large difference classes. The NDVI difference raster was first converted to a polygon feature 
using “Raster to Polygon” in the Geoprocessing tools in ArcGIS Pro. The multipart check box was 
checked to create only four polygon feature types. A numeric field was added to the polygon 
feature class with a value of 100 for each of the four classes. “Create Random Points” was then 
applied using the following parameters shown in Figure 34, so each polygon class would get 100 
randomly placed points for a total of 400 assessment points. 

   

 

 

 

 

 

                      

 

Figure 33: Example of area within study area showing difference in 
NDVI classes between August and April 1999. 

Figure 34: Screen shot of parameters used to populate random points for 
assessment of seasonal differencing procedure. 
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Each randomly placed point in each of the four 
NDVI difference classes was assessed for 
feature types that were included in each class. 
Figure 35 shows the dispersion of randomly 
placed points in each difference class across 
the study area. To help with assessment of 
feature type the following data was used: 
Alberta Biodiversity Monitoring Institute 
(ABMI) Human Footprint Land class polygon 
shapefile created in 2000 and updated in 2010. 
Figure 36 contains descriptions of the eight 
ABMI land feature types that were identified 
during this assessment of the 400 randomly 
placed locations. Also used to help identify 
land features was a 2004 Orthorectified 5m 
Panchromatic IRS mosaic, a 2007 2.5m 
Panchromatic SPOT 5 mosaic, and a 2020 1.5m 
False-Colour Infrared SPOT 6/7 mosaic. The 
older imagery was used for assessing agricultural and developed land type changes, and the 
newer 2020 imagery was used to assess deciduous and conifer stand components. 
 

Water Lakes, lagoons, rivers, canals, and artificial water bodies. Shallow open water is included in this 
category, unless there is more than 20% vegetation cover, in which case it belongs to the 
relevant vegetated class. 

Developed Urban and built-up areas (including industrial sites), impervious artificial surfaces, railways and 
roads. Oil and gas well pads are included in this class if connected to a road and not abandoned 
or under reclamation. 

Shrubland At least 20% ground cover which is at least one-third shrub, with no or little presence of trees (< 
10% crown closure). Examples of plants belonging to this class are alder, willow, juniper, and 
sagebrush. Shrubby fens and other non-treed woody wetlands, usually associated with 
floodplains and the shores of lakes and streams, belong to this class. 

Grassland Predominantly native grasses and other herbaceous vegetation with a minimum of 20% ground 
cover; may include some shrub cover (but less than a third of the vegetated area) or a few trees 
(but the tree cover cannot exceed 10%). Other features included in this class are rough fescue, 
and marshes containing cattails, sedges or moss. 

Agriculture Annually cultivated cropland, tame pastures (fields planted or sown with non-native 
grasses/legumes where livestock is directly grazing on them), forage crops, annual field crops, 
vegetables, summer fallow and bare agricultural soil (i.e., tilled). 

Coniferous 
Forest 

Treed areas with at least a 10% crown closure of trees, where coniferous trees (spruce, pine, fir, 
larch) are 75% or more of the crown closure. Providing crown closure is more than 10% and 
dominated by conifers, young plantations or regenerating cutblocks, and treed wetlands (e.g. 
black spruce bogs and fens) are included in this class providing mean tree height exceeds 2 m. 

Broadleaf 
Forest 

Treed areas with at least a 10% crown closure of trees, where broadleaf trees (trembling aspen, 
balsam poplar and white birch) are 75% or more of the crown closure. Providing crown closure is 
more than 10% and dominated by broadleaf trees, young plantations or regenerating cutblocks, 
and treed swamps along floodplains or wetlands are included in this class providing mean tree 
height exceeds 2 m 

Figure 35: Randomly placed assessment points within the 
study area used to assess which features were included 
in each NDVI class. 
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The following screen shots (Figure 37A – 37H) are examples of each identified land feature in 
the study area described in the ABMI chart above Figure 36. 
Water: River                                                                  Developed: City with buildings and roads 

 
Shrubland: Deciduous shrub species in wet area    Grassland: Open slide areas with grass 

Agriculture: Annual crop land                                    Coniferous Forest: Black spruce   

Mixed 
Forest 

Treed areas with at least a 10% crown closure of trees, where neither coniferous nor broadleaf 
trees account for 75% or more of crown closure. 

Figure 36: Land feature types assessed in the four differential classes as per ABMI land feature types. Description of 
classes modified from ABMI Wall to Wall Land Cover Inventory Guide. Online - ABMI - Wall-to-wall Land Cover 
Inventory. 

   

37A 37B 

37C 37D 

37E 37F 

https://abmi.ca/home/data-analytics/da-top/da-product-overview/Data-Archive/Land-Cover.html
https://abmi.ca/home/data-analytics/da-top/da-product-overview/Data-Archive/Land-Cover.html
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Broadleaf: Deciduous tree species                      Mixed Forest: Conifer mixed with deciduous 

Once each of the points were assessed, the white areas (Very Small Difference) and the light 
green areas (Small Difference) were found not to contain deciduous trees. These two classes 
were reclassed in ArcGIS Pro Spatial Analyst using Reclassify to NODATA and medium 
(Moderate Difference) and dark green (Large Difference) reclassed to 1 to create deciduous 
clipping mask for classification evaluations of 2019 imagery (Figure 38). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 38: Sample of study area showing the resulting green areas containing deciduous trees and 
shrubs and white areas that contained non deciduous tree species removed from clipping mask. 

37G 37H 

Figure 37A – H: Spot infrared screen shots showing ABMI land feature types for assessment of seasonal differencing. 
A – Water, B – Developed, C – Shrubland, D – Grassland, E – Agriculture, F – Coniferous Forest, G – Broadleaf, H – 
Mixed Forest. 
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Entire remaining deciduous study area (Figure 39) was then used in ArcGIS Pro Spatial Analyst 
Extract by Mask to clip 2019 Landsat 8 OLI tile LC08_L2SP_04021_20190602_20200828_02_T1. 

Figure 40 shows the resulting Landsat 8 OLI 
2019 tile clipped by the deciduous template. 
Conifer including pine that would be killed in 
2006 and 2009 infestations with the resulting 
dead trees from these infestations that could 
be classified as aspen mortality has been 
removed. Other non-deciduous features such 
as roads and industrial clearings have also 
been removed along with most of the water 
features. Remaining in the study area are 
deciduous herbaceous plant and shrub 
features that are identified and removed in 
the following procedures. 

 

 

 

3.3 Evaluating Automated Image Classification Methods to Delineate Healthy from 
Declining Aspen and Remove non-Aspen Features 
The following flowchart (Figure 41) summarizes procedures used to evaluate automated image 
classification results for healthy and declining aspen. This procedure addresses the final step of 
the first objective of this project: Can automated Image classification of satellite imagery be 
used to accurately delineate aspen from other landscape features and differentiate between 

Figure 39: Entire study area clipping mask shown with Landsat 8 2019 tile to be clipped. 

Figure 40: Landsat 8 2019 tile clipped to deciduous for 
study area. 
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healthy and declining aspen stands?  The results of this step will be a dataset of declining 
aspen that can be used by GOA forest health staff and land managers to focus additional aspen 
decline monitoring efforts. For this assessment of automated classification methods, Landsat 8 
OLI from the year 2019, tile LC08_L2SP_04021_20190602_20200828_02_T1, bands 1 to 7, and 
the SRTM height layer are used. 

 
Figure 41: Flow chart of procedures used to delineate aspen and remove non-aspen features. 

ISO Data in ArcGIS Pro Geoprocessing tools was first used to find natural groupings.  The only 
parameter used that was changed from the default settings is: 
 Maximum Number of Classes – 30 as more classes were needed than the default 
number of classes to capture variability of each feature type. 
To assign classes to the natural clusters the Alberta Biodiversity Human Footprint Project 
shapefile was used to identify crops and other man-made recent disturbances. Spot 6 true 
colour and Zoom Earth was used as a reference for aspen condition, water, and shrub features. 
Five distinct classes were identified.  AspenDecline are areas that have some level of mortality, 
AspenHealth are areas with no mortality, Water are small areas in lakes and rivers that were 
not identified and removed in the seasonal differential change detection step, and 
RecentlyDisturbed are areas with forbs such as crops, new cutblocks, slide areas and new oil 
and gas infrastructure. Shrub are areas with deciduous shrubs such as willow and birch that 
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grow in wet open areas such as marshes and bogs. Figure 42 is an example within the study 
area of the five ISO Data Classes in a portion of the study area.   

Training samples were made for the five classes using the ISO Data raster as a general area 
reference, and then Zoom Earth and Spot 6 2019 as reference imagery for specific locations of 
each class. During this procedure it was noted that ISO Data was fairly good at delineating 
aspen but not good at telling the difference between healthy aspen and aspen with mortality.  
The use of high-resolution imagery combined with the authors 11 years of experience observing 
and mapping aspen mortality from fixed wing planes made distinguishing healthy versus 
unhealthy patches of aspen to be confidently used as training samples using Zoom Earth and 
Spot 6 2019 imagery as reference data. 

The following screen shots (Figure 43A – 43E) of Spot 6 2019 imagery show example of the five 

training classes that were selected to represent each of the classes.   

 

 

Figure 42: Study area example of ISO Data results in delineation of aspen from other deciduous features. 
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AspenDecline – brown, rough and patchy                                AspenHealth – smooth and green 

 

 

 

 

 

 

 

 

 

 

 

RecentlyDisturbed – new cutblock 

 

 

 

 

              Water – Holding pond for industry 
      

 

 

 

 

Shrub – Wet area with willow or birch 

 

 

 

 
 
 
 
 
 
 
 
 

 

43A 

43C 

43D 

43E 

Figure 43A - E: Spot 6 2019 screen shot examples of each training class. A - AspenDecline, B-AspenHealth, C-
RecentlyDisturbed, D-Water, E-Shrub. 

43B 
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To determine sample size for each training class classified areas were converted to hectares 
and the minimum sample size was calculated using an online sample size calculator at the 
following location: Sample size calculator (statskingdom.com) 

o Confidence level used 0.95 
o Margin of error used 0.05 
o Population used was area of class in hectares. 

Size of each sample needed were all the minimum size of 384ha.  
Size of each sample class ended up with after adjusting and getting good separation between 
classes were: 

o AspenHealth – 730ha  
o AspenDecline – 1034ha 
o RecentlyDisturbed – 1032ha 
o Water – 482ha  
o Shrub – 387ha 

In ArcGIS Pro Imagery histograms were first checked to ensure that the samples had a normal 
distribution. Spectral profiles (Figure 44) were then graphed to see if each training class profile 
had separation for some of the bands to ensure better classification results. When spectral 
profiles were too close, scatter plots (Figure 45) were used to select and investigate pixels that 
were overlapping other classes. Box plots (Figure 46) were used to assess distributions of the 
training sample data within each class and between classes. The training samples of the 
overlapping pixels were minimized by deleting and moving the samples to avoid overlap 
between classes.  
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2019 Landsat 8 Training Sample Spectral Profiles

AspenDecline AspenHealthy Shrub RecentDisturb Water

Figure 44: Spectral profiles of 2019 Landsat 8 OLI bands 1 to 7 for training samples. 

https://www.statskingdom.com/50_ci_sample_size.html
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Figure 45: Scatter plots of red means and NIR means for 2019 Landsat 8 training samples 

 

 

Figure 46: Box plots of 2019 Landsat 8 training sample data. 

 The final training samples were used to run supervised classifications in ArcGIS Pro 

Geoprocessing for support vector machine, random tree and maximum likelihood with the 

calculated SRTM crown height layer as an additional input raster for each classifier. 

The number of accuracy assessment points for assessing each classification was calculated 
using the following formula developed by Cochran (1977). 
 N=(∑i=1 (Wi*Si)/So)2 

N is the number of accuracy points calculated. 
Wi is the mapped proportion of each class for each classification method. 
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Si = (SQRT(Ui*(1-Ui) this is the standard deviation for the class assessed. Ui is the 
expected users accuracy for each classification category.   

So is the margin of error selected. For these calculations 0.01 is used. 
 
The formula was used to calculate the number of accuracy points that would be needed for 
each supervised classification method used in this assessment; SVM, RF and ML. The formula 
was developed for accuracy assessments of random stratified sampling for each classified 
feature based on the proportion of each feature classified, and the users estimated accuracy for 
each class. Figure 47 shows the number of accuracy points needed for each class (see Appendix 
B for calculations). All accuracy points were used for each automated image classification 
assessed to ensure each method was comparable to each other. No calculations were made for 
ISO as there are no training samples to get an expected users accuracy for Cochran’s (1977) 
formula therefore, all accuracy assessment points were also used to evaluate its accuracy.  

 

 

 

 

 
 

 
Maximum Likelihood required the most points for each class, therefore ArcGIS Pro Create 
Accuracy Assessment Points (stratified random) was used for the creation of an accuracy 
reference point shapefile (Figure 48). 

 

  

 

 

 

 

 

 

 

 

 

 

  SVM RF ML ISO 

AspenDecline 109 109 133 133 

AspenHealth 81 71 257 257 

Shrub 27 29 335 335 

RecentlyDisturbed 79 72 545 545 

Water 2 2 35 35 

Total 298 283 1305 1305 

Figure 47: Chart showing number of accuracy assessment points calculated for each classification. 

Figure 48: Map of study area showing random placement of accuracy 
assessment points for section 3.2.2. 
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Each point was selected and evaluated for class using Spot 6 2019 infrared as a reference to 
assign it to one of the five classes. Figure 49A to F show examples of the classes that each class 
was assigned. 

AspenHealth – Smooth texture and bright red       AspenDecline – Rough texture and brown 

 

Shrub – Low lying wet area with willow                   Water – Water 

 
RecentlyDisturbed – Cleared area for crops           Some points were moved if indistinct 

49A  49B 

49C 49D 

49E 49F 

Figure 49A - F: Screen shots of example screen shots of Spot 6 2019 showing accuracy assessment points for the 
following classes; A - AspenHealth, B - AspenDecline, C - Shrub, D - Water, E - RecentlyDisturbed, F - Site moved due to 
random placement in indistinct location. 
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 In ArcGIS Pro's Geoprocessing tools, 
Update Accuracy Assessment Points were 
used to populate the classified values, and 
a confusion matrix was computed using 
Compute Confusion Matrix for all three 
supervised classified rasters as well as the 
unsupervised ISO Data raster for 
comparison. The most accurate 
classification result was then used to 
create an aspen template for clipping the 
Landsat imagery used in the rest of this 
project. Both AspenHealth and 
AspenDecline were reclassified to 1, while 
Shrub, Water, and RecentlyDisturbed were 
reclassified to NODATA. Figure 50 shows 
the resulting template for clipping Landsat 
8 OLI 2019 imagery bands 1 to 7 which will 
be used in the next step of this analysis, the 
evaluation of VIs. 

3.4 Methodology for Vegetation Index Assessment Procedures 
The following flowchart (Figure 51) outlines procedures used to assess a selection of pigment, 
moisture and plant light efficiency vegetation indices to evaluate if they can help with 
separating declining aspen into aspen mortality classes currently used by GOA. This procedure 
is the first of two steps to address the second objective of this project: Can vegetation indices 
derived from satellite imagery help to accurately delineate and quantify aspen mortality into 
classes currently used by Alberta aerial surveyors in the study area? 

 

Figure 51: Flowchart of procedures used in methodology section 3.4.1, assessment of VIs. 

Figure 50: Aspen template used to clip Landsat 8 imagery 
for VI assessment procedures in section 3.4. 
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These procedures will assess the sensitivity of 
each selected VI to different levels of mortality 
using Anova: Single Factor in Excel and a 
TukeyKramer test to see if there is a significant 
separation between the mortality classes for 
each calculated VI. With ArcGIS Pro 
Geoprocessing tools, the aspen template 
created in the previous step was used to clip 
the 2019 Landsat 8 OLI tile. Figure 52 shows the 
clipped Landsat 2019 with the aspen mortality 
polygons from 2019 that were collected using a 
helicopter by the Forest Health Officer in the 
Grande Prairie Forest Area. As previously 
explained in section 3.1.4, the overall 
classifications of these polygons will be used in this assessment. The following VIs for this 
assessment were calculated using ArcGIS Pro using Raster Functions, Math, Band Arithmetic.  
 
Pigment VIs assessed; 
 NDVI - (NIR – Red) / (NIR + Red) 
 EVI - 2.5 * (NIR - Red) / (NIR + 6 * Red – 7.5 * Blue + 1) 
Moisture VIs assessed; 
 NDMI - (NIR – SWIR1) / (NIR + SWIR1) 
 NBR - (NIR-SWIR2) / (NIR+SWIR2) 
 NBR2 - (SWIR1 – SWIR2) / (SWIR1 + SWIR2) 
Plant light efficiency VI assessed  
 SIPI - (NIR – Blue) / (NIR + Red) 
After the calculation of each of the VIs, Zonal Statistics as Table was used in ArcGIS Pro 
Geoprocessing tools to calculate the means of the VIs for each of the 2019 helicopter polygons. 
Parameters used in calculation are: 

 Input Feature Zone Data – Aspen mortality polygons collected by helicopter in 2019 
 Zone Field - FID 
 Input Value Raster - VI calculated and being assessed 
 Statistic Type - Mean (saved as a dbf table) 
The calculated mean data for each assessed VI was then joined to the 2019 aspen mortality 
polygon feature class so the means could be related to each of the mortality class polygons. The 
following steps were followed: 

 The dbf output table was joined to the aspen mortality polygon feature class using 
FID field  

 The joined attribute table was copied and pasted into excel 

 The VI means were sorted into the tree mortality columns. Moderate (SMD), Severe 
(SSV) and Very Severe (SVS). Figure 53 is an example of the NBR VI means joined to 
polygon shapefiles of mortality categories.  

Figure 52: Landsat 8 OLI 2019 imagery clipped to aspen 
in the study area with mortality polygons from 2019. 
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 Data Analysis Tools in excel were used to run Anova: Single Factor to check for 
significant separation between groups with Tukey-Kramer testing to evaluate 
separability between aspen mortality classes for each VI. 

The VI that gave the best separation between mortality classes is used in the following 
procedures to help select training samples for current mortality. 

3.5 Methodology for Classification of Landsat 8 OLI 2021 for Current Mortality in 
Study Area 
The following flowchart (Figure 54) outlines procedures used to classify current mortality in the 
study area. The purpose of these procedures is to evaluate the use of vegetation indices to help 
classify aspen mortality into mortality classes. This is the final step to address the second 
objective of this project:  Can vegetation indices derived from satellite imagery help to 
accurately delineate and quantify aspen mortality into classes currently used by Alberta 
aerial surveyors in the study area? The results of this procedure will be a dataset of aspen 
mortality classes that can be used to inform land managers of stands that have high levels of 
mortality where stand regeneration procedures could increase productivity.  

This methodology uses Landsat 8 OLI from the year 2021. Bands 1 to 7 are used for this analysis 
for tile LC08_L2SP_046021_20210709_20210720_02_T1. In the previous section 3.3 
methodology it was found that both SVM and RF had very close and acceptable results. Both of 
these classification methods will be evaluated in this section as either may be suitable for this 
analysis. ISO Data will also be evaluated although it did not have as good results as SVM or RF it 
did have some advantages that may out-weigh its accuracy.  

FID Shape SURVYEAR DMG_DESC SEVDESC SPECIES MEAN_NBR 

122 Polygon 2019 Multiple agents VerySevere Aspen 0.140393 

231 Polygon 2019 Multiple agents VerySevere Aspen 0.144393 

187 Polygon 2019 Multiple agents Mod Aspen 0.15264 

60 Polygon 2019 Multiple agents Mod Aspen 0.154115 

170 Polygon 2019 Multiple agents Mod Aspen 0.154365 

189 Polygon 2019 Multiple agents Severe Aspen 0.154996 

113 Polygon 2019 Multiple agents Severe Aspen 0.155399 

Figure 53: Table showing example of NBR VI means joined to 2019 mortality polygon severity classes. 
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Figure 54: Flowchart of procedures used in section 3.5 to evaluate using a VI to help classify aspen mortality. 

3.5.1 Supervised Classification Procedures for Quantifying Aspen Mortality 
The aspen template created in section 3.2.2 is first used to 
clip out just aspen (the combined template including healthy 
and declining) from Landsat 8 OLI imagery using the 2021 
surface reflectance layer tile 
LC08_L2SP_046021_20210709_20210720_02_T1. The VI that 
had the best separation between mortality classes in section 
3.3 is used to create training samples for each mortality class. 

Using the VI that had the best separation between mortality 
classes (NBR) a classification method and symbolization in 
ArcGIS Pro symbology were chosen to help select training 
samples for each class. The color scheme chosen was a 
multipart colour palette, Spectrum Full Bright as it has 
distinct low and high colouration with good gradient ranges 
of colours between. From dark orange as the low NBR values 
representing areas with high mortality to dark blue for the 
higher NBR values representing areas with low mortality.  

Figure 55: Colour gradient chosen to 
symbolize NBR. 
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Number of classes chosen was 30 to get a gradient of colours for each mortality classification 
(Figure 55). Classification method chosen was Geometric Interval. Several classification 
methods were assessed and this method displayed distinct differences between all mortality 
classes. Please refer to appendix C for the evaluation and rationale of the symbolization and 
classification choices. 

The training samples were created in ArcGIS Pro using Training Sample Manager in the 
Classification Tools drop down of the Imagery tab. Training areas were chosen using the 
symbolized NBR VI and infrared Spot 6 imagery as reference. Figure 56 toFigure 61 show 
examples of symbolized 2021 training samples for each class with 2021 infrared Spot 6 imagery. 

Healthy Aspen – Purple and dark blue for areas of healthy aspen and in the imagery showing as 
smooth and bright red. 

Moderate Mortality – Medium to light blue mixed with some yellow. In the imagery showing as 
slightly rough and small areas of grey where a few trees have started to die. 

 

 

 

 

 

 

 

 

 

 

 

 

 56A   56B  

 57A   57B  

Figure 56A example of NBR symbolization compared to 56B Spot 6 2021 infrared of same location. 

Figure 57A example of NBR symbolization compared to 57B Spot 6 2021 infrared 
of same location. 
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Severe Mortality – Mostly light yellow with some very light orange and in the imagery showing 
as rough textured with small patches of grey dead trees. 

 

 

 

 

 

 

 

 

 
Very Severe Mortality – Mostly dark yellow and light orange and in the imagery showing as 
rough textured with larger gray patches of dead trees and areas where the trees have started 
to fall over. 

 

 

 

 

 

 

 

 

 

Shrub – Dark orange and in the imagery are cleared areas such as cutblocks, industrial areas, 
livestock forage areas and willow and birch shrubland. This area has mainly brush and tall forbs.  

 

 

 

 

 

 

 

  

 

 58A   58B  

 59A   59B  

 60A   60B  

Figure 58A example of NBR symbolization compared to 58B Spot 6 2021 infrared of same location. 

Figure 59A example of NBR symbolization compared to 59B Spot 6 2021 infrared of same location. 

Figure 60A example of NBR symbolization compared to 60B Spot 6 2021 infrared of same location. 
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Agriculture – Dark to medium orange. This feature was being classified as Very Severe therefore 
another category was created to capture it. This land feature is newly disturbed areas that are 
mainly annual crops.  

 

 

 

 

 

 

 

 

In ArcGIS Pro Imagery histograms were used to check training sample normality to ensure that 
there were enough pixels in each class to capture variability of that class. Scatterplots and 
spectral profiles were created to check for separation between training sample classes. Spectral 
profiles (Figure 62) were graphed to see if each training class profile was unique for some of the 
bands to ensure better supervised classification results. Box plots (Figure 64) were used to 
evaluate data distributions of each training sample class for each band. When spectral profiles 
were too similar scatter plots (Figure 63) were used to select and investigate pixels that were 
overlapping other classes. The training samples of the overlapping pixels were deleted or 
moved to avoid overlap between sample classes.   
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 61A   61B  

Figure 61A example of NBR symbolization compared to 61B Spot 6 2021 infrared of same location. 

Figure 62: Spectral profile for Landsat 8 OLI 2021 Bands 1 to 7 for aspen mortality training data. 
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To determine sample size for each training class classified areas were converted to hectares 
and the minimum sample size was calculated using an online sample size calculator at the 
following location Sample size calculator (statskingdom.com) 

o Confidence level used 0.95 
o Margin of error used 0.05 
o Population used was area of class in hectares. 

Figure 64: Scatter plots of NIR means by SWIR2 means for training sample categories for Landsat 8 OLI 2021 aspen 
mortality categories. 

Figure 63 Box plots for Landsat 8 OLI 2021 Bands 1 to 7 for aspen mortality training samples.  

https://www.statskingdom.com/50_ci_sample_size.html
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Size of each sample needed were all a minimum size of 384ha.  
Size of each sample class ended up with after adjusting and getting good separation between 
classes were: 

o Healthy - 631 ha 
o Moderate - 413 ha 
o Severe – 417 ha 
o Very Severe – 409 ha 
o Agriculture – 401 ha 
o Shrub – 747 ha 

 
Many of the Agriculture and Shrub features were difficult to distinguish using Spot imagery or 
NBR symbolization. Both features have very similar colours in the NBR symbolization, and 
agricultural fields appear similar in Spot imagery, despite having different spectral signatures, 
with shrub features having much higher SWIR values. The spectral profile tool was used to 
determine which feature the sample should represent when creating Shrub and Agriculture 
training samples. Figure 65 shows examples of spectral profiles for agriculture (green) and 
shrubs (grey). 
 

 
Figure 65: Examples of spectral profiles for shrub compared to agriculture for Landsat 8 OLI bands 1 to 7 2021. 

Once the training samples showed separability between the classes SVM classification was run 
with all 7 bands of LC08_L2SP_046021_20210709_20210720_02_T1_SR which was clipped to 
aspen using the aspen template created in section 3.2. The SVM and RF classifiers were 
performed in ArcGIS Pro in Geoprocessing tools with first using Train Support Vector Machine 
Classifier and Train Random Tree. The ground truth flight locations were used as accuracy 
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assessment points for the SVM and RF classifications, and confusion matrices were computed in 
ArcGIS Pro Geoprocessing tools. 

3.5.2 Unsupervised Classification Procedures for Clustering Aspen Mortality  
ISO Data was processed twice. The first run was used all 7 bands of the Landsat 8 OLI 2021 tile 
clipped to aspen with template created in methodology 3.2.2. The maximum number of classes 
was set to 30, Maximum Number of Iterations was set to 30, and all other parameters were left 
at their default values. Classes were assigned using a NBR symbolized layer and spot 2021 
infrared imagery as a reference. The Shrub and Agriculture classes that had been separated for 
the supervised classification procedures were combined. 

The second ISO Data set was generated by calculating NBR with a Landsat 8 OLI 2021 tile 
clipped to aspen using a template created in methodology 3.2.2. The maximum number of 
classes was set to 30, the maximum number of iterations was set to 30, and all other 
parameters were left at their default values. Using Spot 2021 infrared imagery as a reference, 
classes were assigned to clusters. Shrub and Agriculture were once again assigned to the same 
class. Both ISO Data iterations were carried out in ArcGIS Pro in Geoprocessing tools, with first 
utilising Train ISO Data. In ArcGIS Pro Geoprocessing tools, the ground truth flight locations 
were used as accuracy assessment points for the ISO Data classifications, and confusion 
matrices were computed. 
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Chapter 4.0 Results and Discussion 

4.1 Results and Discussion of NDVI Seasonal Differencing to Remove non-Deciduous 
Features used in Methodology Section 3.2 
In the first part of Section 3.2, NDVI seasonal differencing was done to remove non deciduous 
features from the study area to create a template for only deciduous features that would then 
be used for clipping Landsat imagery for classification evaluations for the delineation of aspen 
from all remaining deciduous features. 

The following chart (Figure 66) shows land feature types that occurred in each of the four NDVI 
difference classes that resulted from the Jenks Natural classification. The four classes with NDVI 
difference values were: 
 < 0.078056 – Negative values to Almost no Difference  
 0.078057 to 0.157255 – Small Difference  
 0.157256 to 0.240414 – Moderate Difference  
 0.240415 to 0.57701 - Large Difference 

As shown in Figure 66, agriculture land features were found in all NDVI difference classes. 
Agriculture is a broad category that includes annual crops (grains, legumes, or hay), tame-
pasture (planted areas for grazing), and rough pasture (trees and shrubs removed to encourage 
the growth of grasses for grazing) (ABMI Land class metadata, 2012). Figure 67 shows box plots 
of each of the NDVI difference values for all land feature categories, demonstrating the wide 
distribution of agricultural data. Except for water, agricultural feature values are distributed 
across all other features. Because these agricultural areas are very diverse and they occur in all 

Agriculture Deciduous Coniferous Developed Grassland MixedForest Shrub Water

Very Small Difference 77 0 3 4 2 1 0 13

Small Difference 63 0 22 7 1 4 2 1

Moderate Difference 41 17 1 1 0 34 6 0

Large Difference 23 72 1 0 0 0 4 0
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Figure 66: Chart showing number of features included in each NDVI difference class. 
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of the difference categories, seasonal differences could not be used to completely eliminate 
them. The agricultural features needed to be identified and removed in the automated image 
classification techniques in the remaining steps of this project. 

Each of the agriculture land feature types have 
different NDVI values before greening up in 
April and full foliage in August. Some annual 
crops (Figure 68), such as hay, will be cured in 
the field so will start with low NDVI values in 
April before growth and will have only slightly 
higher NDVI values in summer when it has 
been cut, dried and removed.   

Other annual crops such as canola or grains 
have low NDVI values in April but much higher 
values in August when they are at the height of 
their growth. The NDVI difference for hay will 
fall within the Very Small Difference to Small 
Difference categories while the grain crops will be in the Moderate to Large NDVI Difference 
categories. Tame Pasture (Figure 69) will also have very low NDVI values in April and will not 
have very high NDVI values in August. The grass is fairly low from grazing and there is often 
bare soil exposed.  

Rough pasture (Figure 70) will have a small to moderate NDVI difference from April to August as 
it generally has more grass and shrub growth over the summer with very little exposed soil but 
it will not have as much growth as annual grain crops.  

Figure 68: Example of annual crops. Photo source ABMI 
land class metadata 2018. HFI2018v1_Metadata.pdf 
(abmi.ca). 

Figure 67: Box plots of assessment data for NDVI seasonal difference values for each land feature category. 

https://ftp-public.abmi.ca/GISData/HumanFootprint/2018/HFI2018v1_Metadata.pdf
https://ftp-public.abmi.ca/GISData/HumanFootprint/2018/HFI2018v1_Metadata.pdf
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Figure 66 shows Coniferous, Developed, 
Grassland and Water land features had NDVI 
seasonal differences that were small to very 
small. Most of these features were removed 
when the Very Small Difference and Small 
Difference classes were reclassed to NODATA. 
Deciduous, Mixed Forest and Shrub all had 
Moderate and Large NDVI seasonal 
differences. These three categories were 
reclassed to 1 to create the template for 
clipping Landsat 8 OLI 2019 imagery in the 
study area for the evaluation of supervised and 
unsupervised classification methods to 
delineate healthy and declining aspen. As 
formerly stated, some Agricultural features 
such as crops which have high and moderate 
seasonal NDVI differences, deciduous Shrub 
species also could not be removed at this step 
of the analysis due to it also having high and 
moderate seasonal NDVI differences as seen if 
Figure 67. The shrub features also needed to 
be identified and removed in the following 
automated image classification methods in the 
remaining steps of this project. 

Another advantage of this procedure was the 
removal of Coniferous Forest. As previously 
stated in section 3.0, there are mountain pine 
beetle (MPB) infestations in the area from mass population movements in 2006 and 2009 from 
British Columbia. As a result, there are large dead patches of pine (Figure 22) that can be 
spectrally confused with dead aspen. This was observed in initial classification attempts and is 

Figure 71A Spot 6 2019 infrared imagery showing large grey patches of dead pine compared to 71B the large dead 
patches of MPB killed pine mistakenly classed as VerySevere aspen morality. 

71A 

Figure 69: Example of tame pasture. Photo source ABMI 
land class metadata 2018: HFI2018v1_Metadata.pdf 
(abmi.ca). 

Figure 70: Example of rough pasture. Photo source ABMI 
land class metadata 2018: HFI2018v1_Metadata.pdf 
(abmi.ca). 

71B 

https://ftp-public.abmi.ca/GISData/HumanFootprint/2018/HFI2018v1_Metadata.pdf
https://ftp-public.abmi.ca/GISData/HumanFootprint/2018/HFI2018v1_Metadata.pdf
https://ftp-public.abmi.ca/GISData/HumanFootprint/2018/HFI2018v1_Metadata.pdf
https://ftp-public.abmi.ca/GISData/HumanFootprint/2018/HFI2018v1_Metadata.pdf
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one of the reasons for using the NDVI seasonal differencing procedure for this project. Figure 
71A screen shot of Spot 6 infrared imagery shows dark grey patches of MPB mortality which 
were mapped as very severe aspen mortality 
in the study area. The very similar data 
distributions shown in Figure 73 box plots of 
both of these disturbances, created 
classification errors as seen in Figure 71B 
where MPB killed gray pine was classified as 
VerySevere aspen mortality. 

Figure 72 shows a screen shot of spot 6 2019 
infrared imagery with overlaid polygons 
generated by the NDVI seasonal differencing 
procedure. The area within the polygons 
that was created from 1999 imagery when 
there was healthy pine, shows good 
delineation of the dead, grey pine in 2019. 
The NDVI seasonal difference to remove conifer in 1999 before MPB killed the pine was able to 
delineate the conifer so that it could be reclassed to NODATA for the creation of the template 
used in section 3.2.2 to evaluate automated image classification techniques, which is done to 
separate healthy from declining aspen. 

 

4.2 Results and Discussion for Evaluation of Automated Image Classification 
Methods to Delineate Healthy from Declining Aspen used in Methodology Section 
3.3 
The purpose of this methodology was to address the first objective of this research project: Can 
automated image classification methods of satellite imagery be used to accurately delineate 

Figure 72: Screen shot of Spot 6 2019 infrared showing 
delineation polygons of MPB killed stands using NDVI 
seasonal differencing in the year 1999. 

Figure 73: Box plots of Landsat 8 OLI 2019 data distribution comparing MPB killed trees to Severe Aspen Mortality. 
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aspen from other landscape features and differentiate between healthy and declining aspen 
stands? The results will be used for two purposes. The first is to address the project's first 
objective, which is to provide surveyors and land managers with declining aspen location data 
on which to focus their mapping and surveillance efforts. The second objective is to create a 
template from the resulting two aspen classes, AspenDecline and AspenHealth that can be used 
to clip 2019 Landsat 8 OLI imagery for vegetation indices evaluations and 2021 Landsat 8 OLI 
imagery to quantify current aspen mortality. 

The classification summary confusion matrix (Figure 74) shows that overall RF had the best 
results with a weighted F1-score of 86.7% and kappa coefficient of 0.805. SVM also had similar 
acceptable results with a weighted F1-score of 86.6% and kappa coefficient of 0.806 (see 
appendix D for detailed confusion matrix tables). 

Figure 74: Confusion matrix summary for methodology section 3.3, delineation of declining and healthy aspen. 

When the automated image classification methods are compared based on the classified area 
of features, it is clear that RF and SVM are more similar to each other than the other algorithms 
tested, with an overall accuracy of 86.9%. (Figure 75). ML had the lowest level of agreement 
with the other classifiers tested. 

Figure 77 shows that for each class type, both of these classification methods had similar areas. 
A visual examination of classification maps (Figure 78A and 78B) show that both SVM and RF 
have very similar class distributions across the study area. The majority of classification errors 
were AspenDecline features classified as AspenHealth, with SVM accounting for 25.7% and RF 
accounting for 16.2%. When the misclassified Aspen Decline and AspenHealth sites were 
visually examined, many were in stands with a wide range of aspen mortality amounts. Figure 
76 shows that the incorrectly classified yellow accuracy assessment point is in an area with 
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Figure 75: Comparison of automated image classification methods to each other based on area of features. 
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some decline and mortality (brown haze) 
but it is surrounded by and interspersed 
with patches of healthy aspen (bright 
red). This was one of the difficulties 
encountered when attempting to create 
training samples that represented all of 
the mortality within a single category. 
Although care was taken to reduce as 
much variability as possible within each 
class, AspenDecline is quite diverse with 
a very patchy distribution, as shown in 
Figure 6 photo as well as Figure 46 box 
plot showing a diverse distribution of the 
data. The RF algorithm, which performed 
better in distinguishing AspenDecline and AspenHealth, is less influenced by random variations 
in the training dataset due to the RF algorithm's randomness in first creating trees, followed by 
majority voting, and then averaging each tree when assigning pixels to classes (Stephens et al. 
2014). This could explain why RF was more accurate than SVM, as SVM performance suffers 
when the training data set is variable, as was the case with the AspenDecline class in order to 
capture all levels of mortality. 
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Figure 76: Spot 6 2019 infrared screen shot with sample point in 
mixed declining aspen and healthy aspen. 

Figure 77: Chart comparing area in hectares classified for each classification type in methodology 3.3. 
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Maximum Likelihood had the poorest classification results. It’s weighted F1-score was 48.9% 
and kappa coefficient of 0.297. Figure 77 shows that ML classified much of the study area as 
RecentlyDisturbed and classified over eight times more land features as water and twice the 
amount as shrub than the other classification method assessed. The map of ML classification 
results (Figure 78) shows large areas of water and shrub misclassified. ML is a statistical 
classifier that relies on data being normally distributed to produce good results. Figure 79 
shows band histograms of the Landsat 8 OLI 2019 imagery used in the analysis. Most of the 
bands do not have a normal distribution. Each imagery bands skewed data distribution can also 
be been seen in the training data box plots in Figure 46. This may have contributed to the very 
poor results for ML. 
 

 

Figure 78A-SVM, 78B-RF, 78C-ML and 78D-ISO maps showing distribution and area for each classification for 
methodology 3.3. 

78A 78B 

78C 78D 
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Figure 79: Histograms of Landsat 8 OLI 2019 imagery used in methodology 3.3 to assess aspen mortality classification 
methods. 

 

 

 

 

 

 

 

 

The number of accuracy assessment points required for each supervised classification method 

was calculated using Cochran's (1977) formula, which takes into account the proportion of each 

classified feature with the estimated accuracy of the users training sample (see appendix B for 

calculations). Figure 80 shows the percentage of area classified for each feature using each of 

the supervised classification methods, as well as the estimated user accuracy for each of the 

training sample classes. The number of assessment sites calculated for each class is shown in 

Figure 81. The overall estimated user accuracy for each class determined the number of 

assessment sites required for the classification method, and the proportion of area classified for 

each class determined the number of assessment sites allocated to each class. One advantage 

of using this method to determine the number of assessment sites is that it saves time.  

Accuracy assessment site selection is a labor-intensive process that can add significant time to 

the process. SVM, RF, and ML accuracy assessments required 1305 total sites to obtain enough 

for ML, which had the lowest estimated user accuracies. To classify the stratified random 

accuracy point dataset, multiple high resolution imagery datasets were used. Many of these 

points necessitated the use of multiple datasets to ensure that each point was correctly 

assigned to each class. Each 150 points took about an hour to assign a class to. If only SVM and 
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RF had been used in this assessment, only 300 assessment points would have been needed, and 

the process would have taken only two hours. It makes no difference how many ML accuracy 

points are collected. When compared to the much higher estimated user accuracies of both 

SVM and RF for the same training data and imagery being classified, the Training Sample 

Manager's poor estimated user accuracy demonstrates that this classifier is unsuited to the 

remote sensing data it is classifying. 

 

 
 

 

 

 

 

 

 

ISO Data did not outperform RF and SVM but it was more accurate than ML. It had a Kappa 
coefficient of 0.676 and a weighted F1-score of 77.6%. Water, Shrub, and AspenHealth feature 
accuracies and distributions (Figure 78D) were comparable to RF and SVM classification results, 
but the RecentlyDisturbed feature class had 20 to 25% more area due to AspenDecline and 
Shrub feature inclusion errors. These two features were frequently clumped with 
RecentlyDisturbed feature clusters when classes were assigned to the ISO Data in section 3.3 
methodology. Even after increasing the maximum number of classes to try to capture these 
areas as their own cluster, decreasing the minimum class size to try to separate these features, 
and decreasing the maximum merge distance to help get more groups, these areas were still 
included in RecentlyDisturbed features. RecentlyDisturbed features included, not only areas 
recently cleared for crops and industrial uses, but also areas used for tame and rough pasture, 
as well as perennial hay crops. Depending on time of year and condition, some of these areas 
can contain patches of shrubs and dried grass; these patches were found to be spectrally similar 
to Shrub and AspenDecline, when using spectral profiles to check these misclassifications.  

 

 ML SVM RF 

Classname PercentArea Est.UserAccuracy PercentArea Est.UserAccuracy PercentArea UsersAccuracy 

AspenDecline 10.21% 0.419865 36.95% 0.946725 38.69% 0.946057 

AspenHealth 19.70% 0.583213 27.27% 0.969918 25.27% 0.978876 

Shrub 25.69% 0.230869 8.90% 0.987094 10.18% 0.977263 

RecentlyDistrubed 41.75% 0.947336 26.58% 0.985254 25.57% 0.987172 

Water 2.65% 0.304811 0.30% 1 0.30% 1 

Figure 80: Parameters used in calculation of accuracy assessment points for Cochran’s (1977) formula.  

 ML SVM RF 

AspenDecline 133 109 109 

AspenHealth 257 81 71 

Shrub 335 27 29 

RecentlyDisturbed 545 79 72 

Water 35 2 2 

Total 1305 298 283 

Figure 81: Number of assessment points calculated for each classification method 
for methodology 3.3. 
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Figure 82A shows a baled hay field and Figure 82B shows a rough pasture. Both area perennial 
crops with a lot of dead and dry grass. 

 
Although the Shrub class in ISO Data had a similar total area to the SVM and RF classifications, it 
did not have very good accuracies, including misclassifications of Shrub as AspenDecline and 
Water. The following three screen shots Figure 83A to 83C compare the same area with ISO 
Data classifying Shrub as mostly AspenDecline (medium green) and SVM correctly as Shrub 
(dark green) for the same accuracy assessment site. 

The following three screen shots Figure 84A to 84C compare the same area with ISO Data 

classifying Shrub as mostly Water (blue) and SVM correctly as Shrub (dark green) for the same 

site. Both, AspenDecline and Water classification errors accounted for 29% of the errors in ISO 

Data classification. 

 

Figure 82A baled hay field and 78B rough pasture misclassified as Shrub instead of RecentlyDisturbed by ISO Data in 
methodology 3.3. 

82A 82B 

Figure 83A-spot 6 2019 infrared screen shot, 83B-ISO Data, 83C-SVM comparisons of same area showing ISO 
misclassification of Shrub as AspenDecline. 

83A 83B 83C 

Figure 84A-spot6 2019 screen shot, - 84B-ISO Data, and 84C-SVM comparisons of the same area showing ISO Data 
misclassification of Shrub as Water. 

84A 84B 84C 
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4.3 Results and Discussion of Vegetation Indices Evaluation used in Methodology 
Section 3.4 
The purpose of this methodology was to evaluate if VIs could be used to help separate classes 
of aspen mortality into classes that are currently being used by GOA aerial surveyors (Moderate 
– 11% to 30%, Severe – 31% to 50%, and VerySevere > 50%). This was the first step to address 
the second objective of this project: Can vegetation indices derived from satellite imagery help 
to accurately delineate and quantify aspen mortality into classes currently used by Alberta 
aerial surveyors in the study area? The VI that showed the best separability between classes 
was used in methodology section 3.5 to help classify current mortality within the study area. 

Figure 85 shows the results of Anova: Single factor and TukeyKramer tests for each of the VIs 
assessed for this project, Figure 86 shows the confidence intervals at 95% for each mortality 
class, and histograms of each mortality class. There were two pigment VIs assessed NDVI and 
EVI. There was significant separation at the p < .05 level between at least two of the mean 
mortality classes for both of these VIs; NDVI (F 2,251  = 12.8, p < .001) and EVI (F 2,251  = 5.1, p < 
.007). Pairwise comparisons of the NDVI mortality class means using Tukey HSD showed 
significant differences between moderate (M = 0.373, SD = 0.022) and Severe (M = 0.364, SD = 
0.022) and Moderate and VerySevere (M = 0.354, SD = 0.026) but no significant difference 
between Severe and VerySevere mortality classes. Pairwise comparisons of the EVI mortality 
class means using Tukey HSD showed significant differences only between Moderate (M = 1.80, 
SD = 0.479) and VerySevere (M = 1.51, SD = 0.508) mortality classes. 

The two pigment VIs studied, NDVI and EVI, have both been used to assess plant vigour by 
comparing the amount of visible light that is absorbed to the amount of NIR that is reflected as 
discussed in section 2.3. NDVI outperformed EVI in terms of mortality separation, as EVI only 
had significant separation between the Moderate and VerySevere classes. EVI was found by 
Byer et al. (2017) discovered that EVI had better sensitivity to mortality when mortality was low 
in the stand, but overestimated it when mortality was high. According to the findings of this 
study, EVI could only distinguish between Moderate and VerySevere levels of mortality, with no 
significant separation of either from the Severe category. The wide confidence intervals shown 
in Figure 86 for each mortality class of EVI shows that the VI means of each group overlap 
significantly into adjacent groups. The EVI histogram also shows that the value distributions are 
evenly distributed across all EVI values ranging from Moderate to VerySevere. As mortality in 
the stands increases, the stand structure becomes more variable, with small clumps of each 
mortality type in each group, resulting in increased amounts of brush understory exposure and 
release. Many of these canopy openings develop dense underbrush due to a lack of overstory 
competition. Because EVI is more sensitive to dense vegetation, each class may have more 
variation. 

 Pvalue F Statistic TukeyKramer Pvalue 

NDVI 4.91515E-06 12.838237 Mod - Severe 0.007427 

(NIR – Red) / (NIR + Red)   Mod - VerySevere 0.000006732 

   Severe -VerySevere 0.05441 

     

EVI 0.006946 5.069314 Mod - Severe 0.2475 
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2.5 * (NIR - Red) / (NIR + 6 * Red – 7.5 * 
Blue + 1)   Mod - VerySevere 

0.005521 

   Severe -VerySevere 0.1791 

     

NDMI 1.747E-07 16.566265 Mod - Severe 0.0003871 

(NIR – SWIR1) / (NIR + SWIR1)   Mod - VerySevere 7.324E-07 

   Severe -VerySevere 0.08638 

     

NBR 6.12887E-08 17.756652 Mod - Severe 0.0003773 

(NIR-SWIR2) / (NIR+SWIR2)   Mod - VerySevere 2.067E-07 

   Severe -VerySevere 0.04927 

     

NBR2 0.698419 0.35945 Mod - Severe 0.9836 

(SWIR1 – SWIR2) / (SWIR1 + SWIR2)   Mod - VerySevere 0.6796 

   Severe -VerySevere 0.7988 

     

SIPI 0.00036513 11.1839 Mod - Severe 0.05131 

(NIR – Blue) / (NIR - Red)   Mod - VerySevere 0.0003789 

   Severe -VerySevere 0.1308 

Figure 85: Anova:Single factor and TukeyKramer results for VI assessments comparted to mortality classes from 
detailed Heli 2019 mortality surveys. Calculated from ANOVA Calculator - One Way ANOVA and Tukey HSD test 
(statskingdom.com). 

  

  

NDVI  

EVI  

https://www.statskingdom.com/180Anova1way.html
https://www.statskingdom.com/180Anova1way.html
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Figure 86: Confidence intervals and histograms for each VI assessed. Calculated from ANOVA Calculator - One Way 
ANOVA and Tukey HSD test (statskingdom.com) . 

There were three moisture VIs assessed; NDMI, NBR and NBR2. There was significant 
separation at the p < .05 level between at least two of the mean mortality classes for two of 
these VIs; NDMI (F 2,251  = 16.6, p < .001) and NBR (F 2,251  = 17.8, p < .001). NBR2 did not have 
any significant separation between any of the three mortality groups. Pairwise comparisons of 
the NDMI mortality class means using Tukey HSD showed significant differences between 
Moderate (M = 0.162, SD = 0.026) and Severe (M = 0.147, SD = 0.028) and Moderate and 
VerySevere (M = 0.137, SD = 0.030) but no significant difference between Severe and 
VerySevere mortality classes. Pairwise comparisons of the NBR mortality class means using 
Tukey HSD showed significant differences between all three mortality classes Moderate (M = 
0.286, SD = 0.025), Severe (M = 0.272, SD = 0.026) and VerySevere (M = 0.261, SD = 0.029).  

NBR was the only VI assessed that demonstrated a significant separation between all three 
mortality classes. Figure 86 confidence interval chart shows very little overlap of Severe and 
VerySevere categories, and the NBR histogram shows that when compared to the other 
moisture VIs assessed, NBR has the least amount of Severe and VerySevere data at the higher 
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NBR 

NBR2 

SIPI 

https://www.statskingdom.com/180Anova1way.html
https://www.statskingdom.com/180Anova1way.html
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end of NBR values. This VI is calculated using a ratio of NIR to SWIR2. The NIR band is sensitive 
to plant cellular structure. The cellular structure in the spongy mesophyll begins to disintegrate 
as the plant dies, and NIR reflection and transmission decrease as air spaces collapse. As more 
foliage dies, NIR values decrease. Figure 87 depicts the spectral profiles of the mortality classes, 
which show that as mortality in the stands increases, NIR values decrease. The SWIR2 band 
detects moisture levels in plant foliage. The higher the moisture content of the plant material, 
the higher the absorption and lower the reflection in the SWIR2 band. Healthy foliage is 
thought to have higher levels of moisture to support photosynthesis. When plants die, they 
desiccate and the water content of the foliage decreases; as a result, SWIR2 reflection 
increases, resulting in higher SWIR2 values. Figure 87 shows that aspen stands with higher 
mortality rates have higher levels of SWIR2 reflectance, with VerySevere (>50% mortality) 
having the highest SWIR2 values. 

Figure 85 shows the moisture VI, NDMI, which is also calculated using NIR but with the SWIR1 
band rather than the SWIR2 band. There was no discernible difference between the Severe and 
VerySevere classes in this VI. The mortality box plot profile (Figure 88) shows that the data 
distribution for the VerySevere mortality category of band 6 (SWIR1) overlaps all other 
mortality classes. As discussed in section 2.3.2, Khellouk et al. (2018) found that there was a 
stronger correlation between vegetation moisture reflectance levels with SWIR2 than with 
SWIR1. 
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Figure 87: Spectral profiles of each mortality class from 2021 Landsat 8 OLI bands 1 to 7 for training samples. 
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SIPI was the only plant stress VI assessed. There was significant separation at the p < .05 level 
between at least two of the mean mortality classes for this VI (F 2,251  = 8.7, p < .001). Pairwise 
comparisons of the SIPI mortality class means using Tukey HSD showed significant differences 
only between Moderate (M = 1.33, SD = 0.156) and VerySevere (M = 1.45, SD = 0.247). This VI is 
sensitive to carotenoids, as discussed in section 3.2, and its ratio increases with leaf senescence 
as chlorophyll levels in leaves decrease and carotenoids increase. In general, aspen dieback 
causes very little chlorosis at any given time. The upper crowns may develop smaller-than-
normal leaves the year before or the year of death, but the leaves are not always distinctly 
yellow, as when a tree dies suddenly from drought or disease. If an aspen suffers from dieback 
and its leaves turn yellow due to secondary insects or pathogens, the leaves will turn yellow 
and fall off at any time during the summer. To capture the change in colour before the leaves 
fall off, imagery would need to be assessed several times during the growing season therefore 
Landsat imagery would not be suitable due to it’s 16-day return rate. 

4.4 Results and Discussion for Classification of Landsat 8 OLI 2021 for Current 
Mortality in Study Area used in Methodology Section 3.5 
The purpose of this methodology was to use a vegetation index to help classify aspen mortality 
into mortality classes. This was the final step to address the second objective of this project: 
Can vegetation indices derived from satellite imagery help to accurately delineate and 
quantify aspen mortality into classes currently used by Alberta aerial surveyors in the study 
area? The result of this procedure is a map of the study area showing aspen mortality classes 
that can be used to inform land managers of stands that have high levels of mortality where 
stand regeneration procedures could increase aspen productivity. 

The training samples for the two supervised classification methods evaluated, SVM and RF, 
were chosen using a symbolized NBR feature class, as discussed in sections 3.4 and 4.3. Spot 6 
infrared imagery was used to select training samples for declining and dead aspen in the stands 

Figure 88: Box plot of aspen mortality for 2021 Landsat 8 OLI bands 1 to 7 for training data. 



 

65 
 

Classification: Protected A 

in section 3.3 of the methodology. While mortality is visible in this imagery, the amount of 
mortality is difficult to discern and relate to the mortality classes currently used by GOA aerial 
surveyors. The use of a vegetation index sensitive to aspen mortality amounts to guide the 
selection of training samples for each class simplified the decision between mortality 
categories. The symbolized NBR feature class also distinguished between Agricultural land 
features (annual crops) and stands with VerySevere mortality, allowing for easier separation of 
those two land features. Section 4.2 identified an issue with the RecentlyDisturbed (which 
includes agricultural features) and AspenDecline classifications (includes VerySevere). 

Figure 64 depicts the class separation and relationships between the two bands for each class 
using scatter plots of training samples, plotting bands NIR with SWIR2. Although using the NBR-
symbolized feature class made selecting training samples for each class easier, it was still time 
consuming, requiring numerous adjustments and reassessments. To get separation between 
groups while capturing variability within groups took approximately 6 hours. The mortality 
groups show the relationship between NIR and SWIR2. As NIR reflectance decreases SWIR2 
reflectance increases. The Healthy class, which consists of stands with less than 10% mortality, 
has a high reflectance in NIR due to leaves still having intact cellular structure, and low SWIR2 
values due to high moisture levels. As discussed in section 4.1 Agriculture is a diverse class 
containing crops at different stages of growth. The NIR reflectance values in Figure 63 scatter 
plot for agriculture shows a wide variation from low to high because NIR reflection depended 
on the amount of actively growing vegetation on date imagery was assessed, July 9, 2021. Some 
crops would have been more advanced with more vegetation than others. SWIR2 shows mostly 
a consistent value which is likely due to soil moisture content as there is much less live biomass 
in annual crops compared to forests therefore will have less effect on SWIR2 absorption.  

Shrub is another diverse vegetation group that includes not only common shrub species in the 
study area like willow (salix sp.), alder (alnus sp.), beaked hazelnut (Corylus cornuta), and 
swamp birch (Betula pumila), but also perennial grasses and forbs used for cattle grazing. 
Section 3.5.1 discussed how difficult it was to distinguish these perennial agricultural grasslands 
because they appeared very similar in Spot 6 imagery and had very similar NBR colours. Annual 
and perennial crops had distinctly different spectral profiles (Figure 65), with shrub features 
having much higher SWIR2 values due to higher amounts of dead biomass from previous years 
compared to annually planted crops. 

 Although the classification confusion matrix summary below (Figure 89) shows that of the two 
supervised classification methods assessed, SVM had the best results with a weighted F1-score 
of 79.4% and kappa coefficient of 0.737, RF results were very close with a weighted F1-score of 
78.6% and kappa coefficient of 0.725 showing that both have substantial agreement and either 
could be used to classify mortality. Figure 91 chart shows both of these classification methods 
had similar areas of each class type, and a visual check of mapped areas Figure 92A and 92B, 
show that both SVM and RF also have very similar feature class distributions throughout the 
study area. Looking at the F1 statistics values for each mortality class, SVM was more accurate 
at classifying Healthy (86.8%), Severe (67.2%), and VerySevere (78.7%) than RF, but RF had a 
slightly higher Moderate mortality F1-score by only 1.2%.  
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When comparing automated image classification methods based on the classified area of 
features, it is apparent that RF and SVM are more similar to each other than the other 
algorithms tested, with an overall accuracy of 85.6%, as seen in Figure 90. ISO with NBR had 
slightly higher agreements with both RF and SVM, at just over 70.0% accuracy than ISO that was 
ran with Landsat 8 OLI bands 1 to 7, which had around 60.0% agreement. 

 

  SVM L8 RF L8 ISO L8 ISO NBR 

Class Prec Recall F1 Prec Recall F1 Prec Recall F1 Prec Recall F1 

Agriculture 0.875 0.636 0.737 0.938 0.682 0.789 N/A N/A N/A N/A N/A N/A 

Shrub 0.920 0.958 0.939 0.880 1.000 0.936 0.902 0.804 0.804 0.805 0.892 0.846 

Healthy 0.880 0.857 0.868 0.867 0.813 0.839 0.707 0.663 0.663 0.880 0.584 0.702 

Moderate 0.817 0.761 0.788 0.826 0.776 0.800 0.670 0.579 0.579 0.523 0.803 0.633 

Severe 0.672 0.703 0.687 0.672 0.692 0.682 0.373 0.431 0.431 0.761 0.607 0.675 

VerySevere 0.698 0.902 0.787 0.642 0.850 0.731 0.358 0.543 0.543 0.604 0.800 0.688 

Overall Acc.  0.794   0.786   0.600   0.693  

Kappa  0.737   0.725   0.481   0.609  

F1 Weighted  0.794   0.784   0.590   0.690  
Figure 89: Confusion matrix summary for aspen mortality classification using SVM, RF and ISO for methodology 
section 3.5. 

 

 

 RF Vs. SVM RF Vs. ISO_L8 RF Vs. ISO NBR SVM Vs. ISO_L8 SVM Vs. ISO NBR 
ISO_L8 Vs. ISO 

NBR 

Overall 
Accuracy 85.5800% 61.4521% 71.7146% 60.1961% 72.4364% 58.9894% 

Kappa 
Coefficient 0.808504 0.487380 0.633101 0.469412 0.643476 0.460852 

Figure 90: Comparison of automated image classification methods to each other based on area of features 
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Figure 91: Chart comparing mortality area in hectares classified for each classification type in methodology 3.5 
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The SVM and RF confusion matrix values (see appendix D) show that the majority of mortality 
classes misclassified were within one mortality class. SVM Moderate, for example, correctly 
classified 89 sites but misclassified 11 as Healthy, 8 as Severe, and 1 as Very Severe. This was 
expected because, while the scatter plots of 
the sample means (Figure 64) show good 
separation between the classes, there is 
some mixing of the upper and lower edges 
into adjacent classes 

Considerable time was spent getting as 
good separation as possible but as 
previously discussed, aspen mortality 
distribution within each stand is quite 
variable even within the 30m pixels of 
Landsat imagery. There were 5 sites in the 
VerySevere class and 2 sites in the Severe 
class that were classified as agriculture. 

92C 92D 

92A 92B 

Figure 92A: SVM, 92B-RF, 92C-ISO and 92D-ISO NBR maps showing distribution and area for each classification for 
methodology 3.5 

Figure 93: Spot 6 2021 screen shot showing accuracy point 
location in VerySevere mortality stand misclassified as 
agriculture due to lack of standing trees remaining 
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Figure 93 shows an example of a VerySevere accuracy assessment point classified as 
agriculture. These were stand openings where more than 90% of the aspen trees had died and 
some had fallen over. Figure 5 depicts a typical stand with over 80% mortality, displaying 
significant shrub growth that has been released with the loss of the overstory. Because the 
healthy shrub vegetation contains more moisture than stressed aspen, this shrub layer will 
reflect high levels of NIR and absorb more SWIR. This overlap of agriculture and VerySevere 
spectral values can also be seen in Figure 63 scatter plots, where the top end of the VerySevere 
training sample means intersect with the agriculture means. Once the majority of the overstory 
has died, it is difficult to distinguish between aspen mortality stands and features with high 
shrub productivity. It is critical to locate these stands before this level of mortality occurs. 

As previously stated, ISO Data was evaluated because it eliminates the need for labor-intensive 
training samples, which can also introduce errors into classification results if training samples 
are not carefully designed to capture all variability within each class while minimizing variability 
between classes. Because they were not used in the final map showing only the aspen 
classifications, Shrub and Agriculture did not need to be separated. As a result, clusters that 
shared either of these characteristics were assigned to the same class. This was a substantial 
save of time since spectral profiles needed to be used to separate annual from perennial crops 
when making training samples for SVM and RF. ISO Data was first run using all 7 bands. This 
clustering method had the least accurate results with a weighted F1-score of 59% and kappa 
coefficient of 0.481. Severe and VerySevere were the least accurate classes with a F1-score of 
40% and 43.2% respectively. Although the areas shown in Figure 91 of VerySevere are similar to 
both SVM and RF, when looking at its distribution on the attached map Figure 92C, all 
VerySevere is concentrated in the northwest corner of the study area with little anywhere else. 
The same clustering issues discussed in section 4.2 were also found with this analysis. Clusters 
of incorrect features were being included with correct feature groupings. In this analysis it was 
mostly VerySevere features that were being clustered with Moderate features. Once again, 
changing input parameters did not improve clustering results. Although this analysis took much 
less effort and time than SVM and RF, the results were not accurate enough to use. 
Approximately 50 minutes was spent on this analysis.   

A second ISO Data was run using just the calculated NBR raster. This resulted in better accuracy 
than the previous ISO Data with the 7 Landsat 8 OLI bands, but was less accurate than SVM or 
RF. The weighted F1-score was 69.0% and kappa coefficient 0.609. Although the kappa 
coefficient shows moderate agreement of the accuracy assessment, Figure 91 shows the total 
area of each mortality class compared to SVM and RF to be as much as 30% higher for Healthy, 
40% higher for Severe, and 40% less for Moderate classes. The VerySevere class had the closest 
agreement with SVM and RF with 18% less area and similar distributions throughout the study 
area (Figure 92D). As with all of the other ISO Data trials, some clusters of incorrect features 
were being included with correct clusters and changing clustering parameters could not 
separate them. For this cluster analysis, the main grouping issues were Moderate clusters 
included in Severe and Healthy clusters. As with the previous ISO Data analysis, agriculture and 
shrub features were grouped into one class which saved considerable time. This analysis took 
only 25 minutes from start to finish. 
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Chapter 5.0 Conclusion 

5.1 Summary of Project Purpose and Objectives 
The purpose of this research project was to use remote sensing imagery to map and quantify 
the current amount of aspen mortality in the Grande Prairie Alberta Forest area, as well as to 
develop procedures to assist in mapping aspen mortality in other Alberta forest areas. 
Provincial aerial surveyors in fixed-wing planes are currently mapping these areas. Many of the 
forest health issues mapped in this way are contiguous across stands and easily delineated, 
such as defoliation caused by forest tent caterpillars in Figure 94. Aspen mortality is variable 
within each stand. There are clumps of 
healthy and slightly declining within areas 
of advanced mortality (Figure 95). Because 
of the clumpy dispersion of aspen mortality, 
all levels of mortality are frequently 
mapped together and assigned to a single 
overall mortality class. The average size 
polygon drawn for aspen mortality since 
2010, when it first began being mapped in 
Alberta, is 770 ha. These large areas of 
healthy aspen and mixed mortality are 
insufficiently precise to focus intensive 
ground surveys, which are time consuming 
and costly. 

The first objective of this project was to distinguish between declining and healthy aspen and 
other land features so that detailed aerial mapping could be concentrated in these declining 
areas. A helicopter is used for detailed aerial surveys, which has a much higher per-hour cost 
than fixed-wing planes. The second 
objective of this project was to map 
mortality into the three categories 
currently used by Alberta aerial surveyors 
so that land managers could focus detailed 
ground surveys in areas with higher rates 
of mortality. Because of the poor natural 
regeneration found in stands with high 
mortality rates, it is critical that these 
areas be identified, assessed, and 
harvested as soon as possible (Sheppard et 
al. 2015). Maintaining ecological functions 
and timber supplies will depend on 
ensuring that stands regenerate quickly 
and sufficiently. 

Figure 94: Photo of aspen defoliation by forest tent 
caterpillars. Photo source GOA. 

Figure 95: Photo of clumpy aspen dieback and mortality. Photo 
source GOA. 
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5.2 Summary of Objective Results 
Results for the first objective: Can automated image classification methods of satellite 
imagery be used to accurately delineate aspen from other landscape features and 
differentiate between healthy and declining aspen stands?   

Three classification and a clustering algorithm were evaluated to achieve this goal. With a 
weighted F1-score of 83.5%, RF had the best results. With 16.2% of the accuracy assessment 
sites included in AspenDecline, the majority of the errors in the AspenDecline category 
classification occurred as a result of AspenHealth being included in this category. As mentioned 
in section 4.2, the majority of these sites were in mixed mortality stands with patches of 
healthy aspen. The primary goal of this procedure was to identify areas of dieback and 
mortality so that aerial surveyors and forestry planners could focus detailed surveys. It is 
unavoidable and acceptable to have these imbedded areas of healthy aspen within declining 
areas because they will want to include those mixed areas in detailed aerial surveys and land 
managers will need to assess the overall health of those stands. 

ISO Data was also considered because clustering can take much less time. With a weighted F1-
score of 75.4%, it performed well, but the AspenDecline category only had a producer's 
accuracy of 62.2%. 35% of these accuracy evaluation points were classified as Shrub or Healthy 
aspen. Because AspenDecline is the focus of this evaluation, the ISO Data results show that it is 
not a suitable method for this objective.  

Results for the second objective: Can vegetation indices derived from satellite imagery help to 
accurately delineate and quantify aspen mortality into classes currently used by Alberta 
aerial surveyors in the study area?  

To address the second objective, a selection of VIs developed for plant pigment (NDVI, EVI), 
water content (NDMI, NBR, NBR2), and plant stress (SIPI) indicators were evaluated to see if 
any of them showed significant separation between mortality classes. The only VI assessed that 
had significant separation between all mortality classes was NBR. Using this symbolized VI to 
identify mortality classes was a critical part of this project in terms of creating training samples. 
Although imagery could be used to select training samples of declining and healthy aspen in 
previous procedures, it was not possible to separate declining into the three mortality 
categories using only high-resolution imagery (Spot 6) due to the subtle, variable changes in 
mortality within these stands.  

Because both SVM and RF classification methods performed well in the first part of this project, 
they were evaluated for this objective. ISO Data was also evaluated because it is a faster 
process because training samples are not required, which can take considerable time to create. 
With a weighted F1-score of 79.4%, SVM had the highest accuracy. Misclassified areas were 
typically within one mortality class of each other. Because the goal of this procedure is to 
delineate areas to be ground surveyed, these errors are acceptable. Ground surveys should be 
conducted even if an area is classified as Severe but could be Moderate or VerySevere. 

The entire ISO NBR analysis took only 25 minutes, as opposed to 6 hours for good training 
samples for SVM and RF classifications. With a weighted F1-score of 69%, NBR's ISO Data 
clustering performed well for the short amount of time required. Although the overall F1-score 
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was acceptable, the areas in each category differed by 30 to 40% when compared to SVM and 
RF results. The results were unacceptable in the Moderate mortality category, with 34% of the 
accuracy points misclassified as Healthy and 14% as Severe. Using this classification to plan 
intensive ground surveys is not acceptable because surveyors could waste valuable time 
assessing healthy aspen stands. 

5.3 Summary of Contributions  
There were three main contribution goals set for this research project: 

1. The first objective was to provide a map of declining aspen areas that could be used to 
focus detailed aerial surveys for sketch mapping. These surveys are conducted from a 
lower altitude than the annual overview aerial surveys conducted from a fixed wing 
plane. The sketch maps created with fixed wing planes are less detailed and accurate, 
but they are less expensive because fixed wing planes have a lower hourly rental cost 
than helicopters. This contribution goal was met in section 3.3 of the methodology, 
where RF classification provided the most accurate delineation of declining aspen. 
The resulting map (see Figure 78B) shows a 40% reduction in aspen area to cover, which 
can be the focus of detailed sketch mapping surveys. 
 

2. The second goal was to provide a map with quantification of aspen mortality into 
mortality groups that GOA aerial surveyors are currently using. Land managers can use 
these delineated categories to focus ground survey operations and prioritise harvesting 
of stands that may not get sufficient natural regeneration where mortality is above 60%, 
as found in a study by Sheppard et al (2015). This contribution objective was achieved in 
methodology section 3.5, where SVM classification was found to have the highest 
accuracy in classifying aspen mortality. According to the map (Figure 92A), 61% of the 
areas with declining aspen have mortality rates ranging from 11 to 30% (Moderate), 
24% have mortality rates ranging from 31 to 50% (Severe), and 15% have mortality rates 
of more than 50% (VerySevere). To avoid a loss of regeneration success in these stands, 
the areas with higher levels of mortality can now be prioritized for assessment. 
 

3. The third contribution goal was to develop a set of procedures for detecting and 
categorizing aspen mortality that could be used in other parts of the province. As 
previously stated, the chosen study area has the highest mortality rate in the province; 
however, as illustrated in Figure 19, the rest of Alberta is beginning to see and map 
mortality in the Moderate to Severe categories. The project's step-by-step procedures 
can be used to create maps of declining aspen for detailed surveys in sections 3.2 and 
3.3, as well as quantified mortality classes in section 3.5 for operational ground survey 
and harvest planning to ensure quick sufficient regeneration in these stands. 

5.4  Summary of Key Discoveries 
The forest health agent being assessed using remote sensing data should be 
delineated first by the tree species affected. Many hours were spent on this project 
trying to separate out mountain pine beetle mortality using training samples, tree 
species inventories, and insect and disease surveys. These features could not be 
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removed because the tree inventories and insect and disease surveys were incomplete. 
Dead grey trees, whether pine or aspen, will have the same spectral signature, which 
can lead to misclassification. 
 

 It is critical to understand what other non-target forest health agents exist in the 
classification area. Since 1997, when forest insect and disease disturbances were first 
recorded in this area, there have been many years of aspen defoliator outbreaks as well 
as some years of leaf scorch in this study area. Both of these agents are spectrally 
similar to stands with mortality in terms of reduced live leaf biomass, increased red 
band reflection due to reduced levels of chlorophyll, decreased NIR reflection, and 
increased SWIR reflection due to reduced SWIR absorption. To avoid years when these 
were recorded in the survey area, this assessment used the Alberta GOA insect and 
disease survey. This survey has limitations because it is only conducted once a year in 
early summer. If there is an aspen defoliator outbreak, it will most likely be present 
during that time frame, but leaf scorch may not be present until mid or late summer and 
thus will not be recorded in these datasets. Defoliation and leaf scorch are only present 
for one to three years in the stand, with the majority of the foliage recovering after each 
disturbance. Aspen mortality occurs over time, with thinning foliage that does not 
recover. To ensure that only mortality is captured, it is necessary to examine several 
years of remote sensing data to make sure that short-term forest health agents are not 
included in the analysis. 
 

 Recognizing spectral profile changes associated with high levels of aspen mortality. This 
is not only related to aspen mortality, but it was also observed in the now grey and 
dying mountain pine beetle (MPB) infested stands. Many of the high mortality stand 
types were classified incorrectly as brush or agriculture. These areas would be excluded 
from this analysis and would not be assessed by land managers in order for them to be 
reforested and returned to a fully functioning forest ecosystem. Once again, it is critical 
to examine several years of remote sensing data for the study area, assessing general 
trends in stand health to determine if there has been a decline that resulted in brush 
classification or if that area has always been a brush species due to high water tables.  

5.5 Limitations 
The primary limitation of this study is users experience with the identification of land features 
using high resolution imagery. The procedures and accuracy of the results are dependent on 
the user having some experience identifying land features from air craft as well as high 
resolution satellite imagery and air photos. If only ground assessments for accuracy and training 
data were used, the geographic scope of this evaluation would be very limited because much of 
northern Alberta is inaccessible in the summer due to vast black spruce bogs. 

5.5 Recommendations for Future Work 
Using sentinel imagery may help with classification accuracies for current mortality. Sentinel 

imagery has three 20m resolution vegetation red edge narrow bands between the RED and NIR 

bands where there is a substantial change in vegetation reflectance. With the release of the 
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sentinel, there has been a significant increase in research utilising this region of 

electromagnetic energy to monitor vegetation health, with several new VIs developed to take 

advantage of these bands. These bands may be more sensitive to subtle changes in aspen 

mortality and may be able to distinguish between mortality classes more clearly. Sentinel's 20m 

resolution versus Landsat's 30m resolution may also aid in classification because the smaller 

20m pixels have less variability within each pixel. 

Another suggestion would be to expand remote sensing research on cumulative forest 

mortality. The majority of remote sensing research on forest health issues has focused on 

defoliators or bark beetles. Both of these agents have very distinct disturbance patterns that 

surveyors can easily see and map. Cumulative mortality from drought, root diseases, or decline 

complexes is subtle, and surveyors are often unaware of it until mortality exceeds 30% of 

stands. These disturbances, as seen with aspen in North America over the last two decades, can 

result in significant loss of functioning forest ecosystems. 
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Appendicies 

Appendix A: Digital Terrain Model Evaluation within Study Area 
Three digital surface model (DSM) datasets were evaluated to calculate a Digital Terrain Model 
(DTM). The following region within the study area (Figure 96) was used to assess the DTMs as it 
had a variety of features such as both conifer and deciduous stands, agricultural areas, roads, 
rivers and a small lake. All three DSMs had 30m resolution options for download. 

 

 

 

 

 

 

 

 

 

 

To create the DTMs Raster Calculator in ArcGIS Pro was used to minus a digital elevation model 
(DEM) from the three DSMs. The DEM was downloaded from Canadian Digital Elevation Model, 
1945-2011 - Open Government Portal (canada.ca). 

The three evaluated DTM images below, Figure 97,Figure 9899 are hill shaded with Scaling 
Adjusted and Z Factor 2 to emphasis tree and terrain details. 

1) Canadian Digital Surface Model (CDSM).  This DSM is derived mostly from SRTM. 64 tiles 
needed to be downloaded to cover the entire study area. Downloaded from Geospatial 
Data Extraction (canada.ca) 

 

 

 

 

 

 

 
 

 

Figure 96: Spot 6 imagery clipped to region within the study area used to evaluate calculated DTMs 
. 

Figure 97: Screen shot of hill shade digital terrain model derived from Canadian Digital Model. 

https://open.canada.ca/data/en/dataset/7f245e4d-76c2-4caa-951a-45d1d2051333
https://open.canada.ca/data/en/dataset/7f245e4d-76c2-4caa-951a-45d1d2051333
https://maps.canada.ca/czs/index-en.html
https://maps.canada.ca/czs/index-en.html
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2) DSM calculated using Shutter Radar Topography Mission (SRTM) Void Filled dataset. 
Obtained from USGS Earth Explorer (EarthExplorer (usgs.gov). 7 tiles were required to 
cover entire study area.  

 

 

 

 

 

 

 

 

 

 

3) DSM calculated using ASTER GEMV3 dataset obtained from EarthData. (Earthdata 
Search :: IDN Portal | Earthdata Search (nasa.gov). 7 tiles were required to cover the 
entire study area.  

 

 

 

 

 

 

 

 

 

 

ASTER GEMV3 was not used due to the lines and voids throughout the study area as seen in 
Figure 99. The CDSM was derived from SRTM therefore the calculated DTM derived from it 
should be very similar to the DTM derived from SRTM. Doing spot checks throughout the study 
area of both models, elevations were generally within 0.5m to 2m of each other for randomly 
checked areas. Either the GOC or SRTM would be suitable to use for this study. SRTM was 
chosen as the DTM to use as it had sharper distinctions between features than the GOC model 
and better tree canopy definition in the central treed area. 

Figure 98: Screen shot of hill shade digital terrain model derived from SRTM. 

Figure 99: Screen shot of hill shade digital terrain model derived from ASTER GEMV3. 

https://earthexplorer.usgs.gov/
https://search.earthdata.nasa.gov/portal/idn/search?fi=ASTER
https://search.earthdata.nasa.gov/portal/idn/search?fi=ASTER
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Appendix B:  Accuracy Point Calculations for Section 3.3 Methodology 
The following formula developed by Cochran (1977) was used to calculate the number of 
accuracy points needed for each supervised classification used in this assessment; SVM, RF and 
ML. This formula was developed for accuracy assessments of random stratified sampling of 
each classified feature based on the proportion of each feature classified and the users 
estimated accuracy for each class. 

 Number of accuracy points needed = (∑i=1 (Wi*Si)/So)2   

Wi = the mapped proportion of each class for each classification method 

Si = (SQRT(Ui*(1-Ui) is the standard deviation for the class assessed. Ui is the expected users 
accuracy for   

So = the margin of error selected, which for these calculations 0.01 is used. 

The following descriptions and calculations are for the SVM classification as an example 

Step 1) Create training samples and run classifications 

Step 2) Calculate ha for each class (number of pixels in each class X 900m (area in each pixel for 
Landsat 8))/10,000 m2/ha) 

Step 3) Calculate PercentClassArea (Wi) (proportion mapped for each class seen in Figure 100. 
This is the SumAll(Ha) / Total. 

Step 4) Find MEANTrainScore (Ui = Users accuracy) This was done in ArcPro using the Inspect 
Training Samples tool in Spatial Analyst. This value is used as an estimate of users accuracy as it 
compares training samples to classified pixels giving the user an idea of variability within their 
training sample classes. The closer the value to one is the more accurate the sample. 

 

 

 

 

 

 

 

 

Step 5) Wi and Ui values in Figure 100 entered into an excel sheet (Figure 101) where Si and 
(Wi*Si) are calculated. 

 AspenDecline AspenHealth Shrub RecentlyDisturbed Water 

Wi (mapped proportion) 0.36952999 0.27265502 0.08896609 0.265810075 0.003039 

Ui (expected Users 
Accuracy) 0.946725 0.969918 0.987094 0.985254 1 

Classname 
SumAll 

(Ha) 
PercentClassArea 

(Wi) MEAN_TrainScore (Ui) 

AspenDecline 354671.91 0.36952999 0.946725 

AspenHealth 261692.1 0.272655027 0.969918 

Shrub 85388.94 0.088966093 0.987094 

RecentlyDistrubed 255122.37 0.265810075 0.985254 

Water 2917 0.0030392 1 

Total 959792.32   
Figure 100: Chart showing parameters used to calculate number of assessment points 
needed for each classification method in section 3.3. 
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Si (Standard Deviation) 
SQRT(Ui*(1-Ui)) 0.224581331 0.170812977 0.112869106 0.120534458 0 

Wi*Si 0.082989537 0.046573017 0.010041523 0.032039273 0 

Figure 101: Chart showing values inputted into Cochran’s (1977) formula to calculate number of assessment points for 
SVM. 

Step 6) Calculate total number of samples needed for classification assessed. (∑i=1 
(Wi*Si)/So)2   

For this SVM accuracy point calculating example (0.171643351 (Sum of Wi*Si) / 0.01 (Margin of 
error selected))2 = 294.6143987 points needed. 

Step 7) Calculate number of accuracy points needed for each class based on their proportion of 
area classified. (Proportion of area * 294.6143987) = number of sites needed for each class. 

 

 

 

 

 

 

This calculation was repeated for both RF and ML using proportions and users accuracies in 
Figure 103 and Figure 104 respectively. 

Random Tree Calculations 

 

 

 

 

 

 

 

Maximum Likelihood Calculations 
 

 

 

 

 

 

 

 Proportion of Area Number Sites Needed 

AspenDecline 0.36952999 108.8688559 

AspenHealth 0.272655027 80.32809682 

Shrub 0.088966093 26.21069203 

RecentlyDistrubed 0.265810075 78.31147535 

Water 0.0030392 0.895392174 

Figure 102: Chart showing final number of sites needed for accuracy assessment points for SVM. 

Classname SumAll (Ha) PercentClassArea (Wi) MEAN_TrainScore (Ui) 

AspenDecline 371298.51 0.38685312 0.946057 

AspenHealth 242501.94 0.252660944 0.978876 

Shrub 97723.26 0.101817128 0.977263 

RecentlyDistrubed 245436.21 0.255718138 0.987172 

Water 2832.03 0.002950671 1 

Total 959791.95   
Figure 103: Random tree feature area proportions and mean training scores to used to calculate 
accuracy assessment points needed   

Classname SumAll Ha) PercentClassArea (Wi) MEAN_TrainScore (Ui) 

AspenDecline 97959.69 0.102063463 0.419865 

AspenHealth 189109.08 0.197031325 0.583213 

Shrub 246586.41 0.256916522 0.230869 

RecentlyDistrubed 400697.73 0.417483945 0.947336 

Water 25439.04 0.026504744 0.304811 

Total 959791.95   
Figure 104: Maximum Likelihood feature area proportions and mean training scores to used to 
calculate accuracy assessment points needed.   
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Chart (Figure 105) showing final calculated number of accuracy assessment sites needed for 
each supervised classification assessment rounded to whole numbers. 

 

 

 

 

 

 

 

Appendix C:  Evaluation of Classification and Symbology Schemes for NBR 
Examining NBR data distribution ArcGIS Pro Primary Symbology and selecting classification and 
symbolization to aid in using this VI to select training samples for mortality in 2021 Landsat 8 
imagery. 

There are many colour ramps to choose for symbolization in symbology.  The following colour 
schemes were considered by visual inspection of NBR for each colour ramp. Jenks Natural 
Breaks was used for this assessment as 
it is the default classification method. 
30 classes were selected to give enough 
classes to each colour ramp to capture 
variability of each mortality 
classification which will be needed to 
create training samples. 

Figure 106 is a screen shot of Spot 6 
infrared in the study area that was used 
for consideration of each colour ramp.  
This area contains all mortality classes 
to show how each class is displayed 
with each ramp.  

 
Continuous color schemes (Figure 107A and 100B) have a smooth transition of two or more 
colours along the ramp. There is a gradient of colours along the scale of the data but due to the 
very subtle change in colours along this ramp the differences between mortality classifications 
are very difficult to see to confidently select training samples for each mortality class. 

  SVM RF ML 

AspenDecline 109 109 133 

AspenHealth 81 71 257 

Shrub 27 29 335 

RecentlyDisturbed 79 72 545 

Water 2 2 35 

Figure 105: Number of accuracy assessment sites calculated for each classification 
method using Cochran (1977) formula. 

Figure 106: Screen shot of Spot 6 infrared area containing all 
severity classes used for evaluation of colour ramps . 
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Random colour schemes (Figure 108A and 108B) are randomly generated, discreate colour 
ramps. It is difficult to use this colour ramp to select training samples because the colours are 
discreate and do not relate to subtle changes in mortality on a gradient as it does on the 
ground. 

 

Multipart colour schemes (Figure 109A and 109B) generally contain two or more continuous 
sub-schemes. There is a gradient of colours along the scale of the data which shows differences 
in levels of mortality.  The combined sub-schemes can give you a gradient that follows the scale 
of the data as well as distinct ranges of colour for each class of mortality. 

Figure 107A: Continuous color ramp evaluation showing 107B screen shot of sample area.  

Figure 108A: Random colour ramp evaluation showing 108B screen shot of sample area. 

107A 
107B 

108A 
108B 
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The Multipart colour ramp Spectrum-Full Bright was chosen as it has distinct low and high 
colouration with good gradient ranges of colours between.  From dark orange assigned to the 
low NBR values to dark blue for the higher NBR values.  Number of Classes chosen was 30 to get 
a gradient of colours for each mortality classification to allow for some selection of variability in 
each training sample class. 

Selection of Classification Method Rationale 
Two areas were assessed to select a classification method.  The first area is where the colour 
ramps were assessed which contained Moderate, Severe and Very Severe mortality 
classifications.  The second area is included to show Healthy, Moderate and Shrub 

classifications. 

Figure 109A: Multipart colour ramp evaluation showing 109B screen shot of sample area. 

Figure 110A: Sample Spot 6 infrared of Moderate, Severe, and VerySevere. 110B Sample Spot 6 infrared of Moderate, 
Healthy and Shrub. Both areas used to evaluate classification methods for VIs.  

109A 
109B 

110A 110B 
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Jenks Natural Breaks finds natural breaks in contiguous data by minimizing variance within each 
class while maximizing the variance between classes. Due to the negative skew of the data this 
method of classification the lower NBR values that represent higher mortality are shown in the 
same hues as the higher, less mortality, values. This classification method is not suitable for 
selecting training samples as it is hard to differentiate between classes. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 111A: Natural Jenks spectrum histogram, 111B and 111C screen shots showing Natural Jenks colour spectrum 
for classified classes . 

111A 

111B 

111C 
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Quantile creates groupings where the data is divided into unequal sized intervals so that there 
is an even number of values in each class. Since this data is skewed this method groups values 
in the lower NBR values such as shrub, severe and very severe categories. These classes have 
similar colour ranges using this classification therefore it is not suitable for selecting training 
samples.   

 

 

 

 

 

 

 

 

 

 

 

 

Figure 112A: Quantile spectrum histogram, 112B and 112C screen shots showing Quantile colour spectrum for 
classified classes. 

112A 

112B 

112C 
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Equal Interval divides the ranges of values into evenly sized number of intervals determined by 
the user which in this case is 30. Due to the skewness and kurtosis of the data the lower NBR 
values that are the higher mortality classes are shown in the same hues as the higher values. It 
is difficult to use this classification method for training samples as the colours are very similar. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 113A: Equal Interval spectrum histogram, 113B and 113C screen shots showing Equal Interval colour spectrum 
for classified classes. 

113A 

113B 

113C 
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Geometric Interval creates groupings that are equal intervals on a logarithmic scale. The sum of 
squares of the values is minimized in the creation of each grouping resulting in similar class 
ranges in each class and the intervals between classes is consistent. This method represents 
data that is skewed quite well due to its geometric distribution. This classification method uses 
the entire colour ramp with fairly distinct differences between all mortality classes. This is the 
chosen method used to select training samples. 

 

 

 

  

 

 

 

 

 

 

Figure 114A: Geometric Interval spectrum histogram, 114B and 114C screen shots showing Geometric Interval colour 
spectrum for classified classes.  

114A 

114B 

114C 
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Standard Deviation classification forms classes by adding and subtracting the standard 
deviation from the mean of the data. Groupings are made at equal intervals that are 
proportional to the standard deviation proportion selected by the user which in this case was 
0.25 to get 24 classes so there would be a gradient of values in each mortality class. Because 
the data is skewed this method puts an emphasis on outliers and the remaining classes are too 
similar in colour to confidently select as training data for each mortality class. 

 

 

 

 

 

 

 

 

 

Figure 115A Standard Deviation spectrum histogram, 115B and 115C screen shots showing Standard Deviation colour 
spectrum for classified classes. 

115A 

115B 

115C 
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Appendix D:  Confusion Matrices for Methodology Sections 3.3 and 3.5 

RF with SRTM Height         

ClassValue 
Aspen 

Decline 
Aspen 

Healthy 
Shrub 

Recently 
Disturbed 

Water Total U_Accuracy F1Stat 

AspenDecline 111 17 19 90 0 237 0.468354 0.599999526 

AspenHealthy 17 239 1 1 0 258 0.926357 0.928155501 

Shrub 5 1 310 30 1 347 0.893372 0.90909097 

RecentlyDisturbed 0 0 4 424 0 428 0.990654 0.871531486 

Water 0 0 1 0 34 35 0.971429 0.971429 

Total 133 257 335 545 35 1305 0 0 

P_Accuracy 0.834586 0.929961 0.925373 0.777982 0.971429 0 0.856705 0 

Kappa 0 0 0 0 0 0 0 0.805467 

         
SVM with SRTM 

Height         

ClassValue 
Aspen 

Decline 
Aspen 

Healthy 
Shrub 

Recently 
Disturbed 

Water Total U_Accuracy F1Stat 

AspenDecline 108 21 15 72 0 216 0.5 0.618911153 

AspenHealthy 21 235 3 16 0 275 0.854545 0.883458456 

Shrub 2 1 311 26 1 341 0.912023 0.920118006 

RecentlyDisturbed 2 0 6 431 0 439 0.981777 0.876016545 

Water 0 0 0 0 34 34 1 0.985507467 

Total 133 257 335 545 35 1305 0 0 

P_Accuracy 0.81203 0.914397 0.928358 0.790826 0.971429 0 0.857471 0 

Kappa 0 0 0 0 0 0 0 0.805652 

         

ML with SRTM Height         

ClassValue 
Aspen 

Decline 
Aspen 

Healthy 
Shrub 

Recently 
Disturbed 

Water Total U_Accuracy F1Stat 

AspenDecline 27 9 13 21 0 70 0.385714 0.266010197 

AspenHealthy 14 155 9 0 2 180 0.861111 0.709382224 

Shrub 61 48 28 32 0 169 0.16568 0.111110926 

RecentlyDisturbed 31 26 285 492 32 866 0.568129 0.69737741 

Water 0 19 0 0 1 20 0.05 0.036363289 

Total 133 257 335 545 35 1305 0 0 

P_Accuracy 0.203008 0.603113 0.083582 0.902752 0.028571 0 0.538697 0 

Kappa 0 0 0 0 0 0 0 0.297415 

         

ISO with SRTM Height         

ClassValue 
Aspen 

Decline 
Aspen 

Healthy 
Shrub 

Recently 
Disturbed 

Water Total U_Accuracy F1Stat 

AspenDecline 77 23 40 41 0 181 0.425414 0.490445485 

AspenHealthy 24 208 0 2 0 234 0.888889 0.847250822 
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RF L8 7 bands          

ClassValue Agriculture Shrub Healthy Moderate Severe VerySevere Total 
U_Accura

cy F1 Stat 

Agriculture 15 2 0 0 0 5 22 0.681818 0.789474 

Shrub 0 22 0 0 0 0 22 1 0.93617 

Healthy 0 0 65 14 1 0 80 0.8125 0.83871 

Moderate 0 1 5 90 18 2 116 0.775862 0.8 

Severe 0 0 5 3 45 12 65 0.692308 0.681818 

VerySevere 1 0 0 2 3 34 40 0.85 0.731183 

Total 16 25 75 109 67 53 345   

P_Accuracy 0.9375 0.88 0.866667 0.825688 
0.6716

42 0.641509  0.785507  

Kappa         0.725496 

          

SVM 7 bands          

ClassValue Agriculture Shrub Healthy Moderate Severe VerySevere Total 
U_Accura

cy F1 Stat 

Agriculture 14 1 0 0 2 5 22 0.636364 0.736842 

Shrub 1 23 0 0 0 0 24 0.958333 0.938775 

Healthy 0 0 66 11 0 0 77 0.857143 0.868421 

Moderate 0 1 6 89 18 3 117 0.760684 0.787611 

Severe 0 0 3 8 45 8 64 0.703125 0.687023 

VerySevere 1 0 0 1 2 37 41 0.902439 0.787234 

Total 16 25 75 109 67 53 345   

P_Accuracy 0.875 0.92 0.88 0.816514 
0.6716

42 0.698113  0.794203  

Kappa         0.736851 

          
ISO L8 7 
bands          

ClassValue 
Shrub/Agri

culture Healthy Moderate Severe 
VerySe

vere Total U_Accuracy F1 Stat  
Shrub/Agricul

ture 37 0 0 1 8 46 0.804348 
0.850574

799  

Healthy 0 53 18 8 1 80 0.6625 
0.683871

124  

Shrub 29 26 225 50 0 330 0.681818 0.676691746 

RecentlyDisturbed 3 0 17 450 0 470 0.957447 0.886699547 

Water 0 0 53 2 35 90 0.388889 0.560000115 

Total 133 257 335 545 35 1305 0 0 

P_Accuracy 0.578947 0.809339 0.671642 0.825688 1 0 0.762452 0 

Kappa 0 0 0 0 0 0 0 0.676092 

Figure 116: Confusion matrix table for methodology section 3.3.  
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Moderate 1 19 73 26 7 126 0.579365 
0.621276

649  

Severe 2 2 11 25 18 58 0.431034 
0.399999

603  

VerySevere 1 1 7 7 19 35 0.542857 
0.431818

451  

Total 41 75 109 67 53 345    

P_Accuracy 0.902439 0.706667 0.669725 0.373134 
0.3584

91  0.6   

Kappa        0.480603  

          

ISO NBR          

ClassValue 
Shrub/Agric

ulture Healthy Moderate Severe 
VerySe

vere Total U_Accuracy F1 Stat  
Shrub/Agricult

ure 33 0 0 0 4 37 0.891892 
0.846153

868  

Healthy 0 66 37 9 1 113 0.584071 
0.702127

807  

Moderate 1 6 57 6 1 71 0.802817 
0.633333

525  

Severe 0 3 15 51 15 84 0.607143 
0.675496

765  

VerySevere 7 0 0 1 32 40 0.8 
0.688172

313  

Total 41 75 109 67 53 345    

P_Accuracy 0.804878 0.88 0.522936 0.761194 
0.6037

74  0.692754   

Kappa        0.609069  

Figure 117: Confusion matrix table for methodology section 3.5. 


