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Abstract

Alternative techniques to the approved method of TEM (Terrestrial Ecosystem Mapping)
are currently being sought for wildlife habitat inventory in British Columbia. While map
products of the current method (TEM) provide long-term planning value, the mapping is
costly for large areas. TEM may not provide information on habitat required for
managing specific species. This project investigated alternative techniques for capturing
information relevant to habitat. Using digital satellite imagery and GIS data, a method of
preliminary stratification of the landscape by terrain and vegetation components has been
developed. Satellite data provide the wildlife biologist with an alternative perspective of
the landscape from the traditional sources of field data. Traditional mapping classifies,
defines distinct boundaries and aggregates attributes into homogenous units. With image
analysis techniques, fuzzy boundaries and continuous surfaces are derived using methods
that attempt to mimic both human cognitive thinking and the complexities of the
landscape. In this project, a number of these methodologies, including classification of
satellite imagery and digital terrain modeling are investigated. It is recognized that not all
of the answers necessary for identifying and managing wildlife habitat can be obtained
from this introductory work. Further refinement is needed before these methods can be
applied at the operational level. However, the advantages of automated landscape pre-
stratification, and the benefits of multi-source data integration are demonstrated.

Introduction
Background

At a meeting in Nelson, B.C. in June 1997, representatives of the wildlife biology
community, from government and the private forest sector, held a workshop to discuss
issues related to wildlife and habitat inventory. The purpose of the meeting was to share
experiences using the TEM mapping approach and to explore alternate directions for
habitat inventory. A consensus was not reached on the subject of continued TEM projects
or on pursuing alternate approaches. However, it is clear from the variety of non-TEM
habitat projects that were presented that TEM is not providing users with all the
information they need. Surrogates to TEM, and other mapping techniques are necessary.

Terrestrial Ecosystem Mapping (TEM) is the standard method for mapping wildlife
habitat in British Columbia. At 1:20,000 scale mapping, TEM is an expensive exercise
due to its logistical requirements (Hurlbert et al., 1997). Recently, the TEM approach has
been criticized for its weak statistical basis, operator bias in the mapping, and inability to
produce the same results if repeated. From a management standpoint, TEM is not
providing all the information needed by government and the forest industry to support
planning decisions. Addressing the high cost of TEM and its information gap, a surrogate
mapping process has been developed. Wildlife habitat inventory (WHI) is a mapping
technique that uses statistical methods to correlate field observations to homogenous
habitat units. Stratified habitat units are identified from airphotos, and random locations
are selected within each class for field sampling. This is a more statistically sound
method than TEM. In TEM, locations are sampled on the basis of how well they



represent the habitat they lie within. However, the WHI technique remains subject to
operator bias during the initial stratification of habitat units. To deal with the problem of
biased interpretation, this report will present a number of non-biased, automated methods
of pre-stratification. The techniques used in the project are based upon digital analysis of
remotely sensed (satellite and airphoto imagery) and GIS data.

Among inventory biologists, questions over the definition of habitat, what constitutes a
boundary, sampling methodologies, and statistical validity arise frequently. Methods used
from project to project reflect the biologist's bias regarding these issues. The level of
precision and accuracy of inventory techniques is not often clear. If inventory results
cannot be defended on the basis of statistical vigor, repeatability, and non-bias, then
problems and disagreement will occur when management decisions are based upon them.

Within the science of Remote Sensing and Image Analysis, methods and tools exist that
help ensure the following:

• a minimum of analyst bias in the final result
• statistical data analysis and accuracy assessment
• repeatability of processes

Of the habitat units delineated from TEM or WHI, neither have all three of the above
qualities. However, by applying digital analysis of satellite imagery and GIS layers, an
automated pre-stratification layer can be produced with these attributes. We believe that a
satellite derived pre-stratification product can be integrated with random stratified field
sampling to produce an effective habitat inventory. The inventory product is based upon
spectral responses of land cover, spatial patterns, and observed field data.

The purpose of this project was to generate end-products to assist with WHI
prestratification in order to represent land cover types in a mountainous forested
environment. This was done through the integration and analysis of GIS and remotely
sensed data at a variety of spatial and spectral resolutions. The Grohman-Baldface
watershed was selected for study since a field component, conducted during May-
September 1997 by Timberland Consultants (Nelson, BC), can provide a comparison of
methodologies.

Remote sensing of habitat

For mapping habitat at a variety of scales, it is important to consider the following
features:

1. Plant composition
2. Structural component of vegetation cover
3. Structural characteristics at multiple scales; for example, the complexity of different

habitat classes in an area
4. Geo-climatic regime



5. Water, soil and temperature regimes
6. Solar incidence angle
7. 
The type and distribution of vegetation structure and plant species within an area are
important in determining wildlife habitat distribution and quality. The spatial distribution
of habitat types within a natural landscape is known to influence the population size and
health of wildlife populations (Imhoff et al., 1997). The complexity of a natural
landscape, in addition to habitat loss and fragmentation, influences the distribution of
wildlife species. Attempts to understand the effects of natural landscapes and processes
on wildlife are constrained by difficulties in delineating and mapping habitats at a
suitable scale (Imhoff et al., 1997).

The classification of vegetation cover with remotely sensed data, especially when small-
scaled, is generally based on the identification of structural and physiognomic differences
between classes of forests (coniferous, deciduous) rather than a detailed botanical
classification. The extent to which vegetation covers can be identified on remotely sensed
data is highly dependent on a number of parameters, including: image data source
(spectral and spatial resolution), study location, classification methodology and purpose,
analyst skill, and vegetation types present. Approaches to classify vegetation from
imagery vary from study to study since defining vegetation cover can be complex,
multifaceted and subjective (Franklin et al., 1994). Generally, however, broad vegetation
classes can be attained using satellite images.

Principles of remote sensing

To give the reader some background on the techniques used in this project, the following
sections provide a brief overview of the principles of remote sensing. This is not a
comprehensive study of the numerous, and often complex, issues which influence
remotely sensed data. For further information regarding remote sensing please refer to
Campbell (1987), Lillesand and Kiefer (1987) or more recent editions, and to journals
focused on remote sensing research such as: Canadian Journal of Remote Sensing,
Remote Sensing of Environment and Photogrammetric Engineering and Remote Sensing.

The use of digital data for resource management is a relatively new (within the last 20
years) and continually evolving science. Image analysis and GIS procedures are quickly
improving as higher resolution data from new sensors are made available. Digital
analysis is reaching the point where the only limitations are those associated with the data
itself (i.e. spatial resolution, associated errors).

Remote sensing attempts to:

• derive information about earth’s surface features from data acquired at a distance
• obtained the reflectance or emission of electromagnetic radiation (EMR), principally

from the sun (Lillesand and Kiefer, 1987).



Most multispectral sensing systems, including Landsat, operate in one or several of the
visible, near infrared (IR) or microwave portions of the spectrum (Lillesand and Kiefer,
1987). Figure 1.1 below illustrates the EMR spectrum. Regions of the EMR spectrum are
given names, despite the lack of a definitive boundary between one nominal spectral
region and the next.

Figure 1.1 Spectral regions of electromagnetic radiation (Lillesand and Kiefer, 1987).

EMR remains virtually unaltered as it travels through space. Once it reaches the earth’s
atmosphere, portions of the EMR are absorbed or scattered by atmospheric constituents,
such as ozone, carbon dioxide, water vapour, and dust. The processes of scattering and
absorption are highly wavelength dependent. For example, ultraviolet radiation is nearly
all absorbed by ozone. It has been estimated that slightly less than half of the incoming
solar radiation actually strikes the earth (Howard, 1991). Figure 1.2 provides a simplified
schematic of the path of solar radiation through the earth’s atmosphere. Of the EMR
which does strikes the earth, varying amounts will be absorbed, scattered, transmitted or
reflected depending on the physical properties of the object. It is from detection of the
10% of reflected solar energy by digital sensing equipment onboard orbiting satellites
that images are compiled.



Figure 1.2 Path of solar radiation through the earth’s atmosphere. 100 units of radiation
enters the outer atmosphere, 25% is reflected directly back, 20% is absorbed by clouds,
20% reaches the earth as diffuse radiation and 25% as direct radiation. About 10% is
reflected back from the earth, this is the radiation recorded by remote sensing systems.
The remainder is absorbed by the earth and later re-radiated as terrestrial long-wave
radiation (Howard, 1991).

In order to effectively utilize remotely sensed data it is critical to understand the spectral
response of the particular features under investigation. Likewise, it is important to know
what factors influence these characteristics. The majority of remote sensors are designed
to record signals that have been reflected from the earth’s surface. Radar systems are the
exception. These emit a signal and detect the response from the surface. Radar data was
not considered for this project since it is unproven for land cover mapping. Reflectance, a
term used to describe the ratio of the total radiation reflected by an object to the incident
radiation on the body (Howard, 1991). Reflectivity is the term used when an increase in
the thickness of the object does not cause an increase in the reflectance. For example,
soils are defined by spectral reflectivity, since the measurement remains constant
irrespective of the sample thickness. By comparison, forest canopies are defined by a
spectral reflectance since the measurement varies due, in part, to variations in leaf
orientation, area and canopy thickness (Howard, 1991).

Reflected radiation from a surface is known as its spectral response. Spectral responses
are generally defined quantitatively, but it is important to note that they are not absolute.
A spectral response is often distinctive for a specific surface, but is not necessarily
unique. Other surfaces may have similar responses. The reasons for this are numerous,
such as time of year, location, sensitivity of the sensor and analyst knowledge. Also



referred to as the spectral signature, the ability to identify the spectral response of a
feature across a range of wavelengths is key to remote sensing. If the image analyst has
knowledge about how a surface will respond to certain wavelengths, he/she can also find
similar surface features elsewhere by extrapolation. Figure 1.3 shows the differences in
spectral responses of some common earth surfaces.

Figure 1.3 Characteristic spectral response curves of: healthy foliage in (1) a closed
canopy; (2) an open canopy; (3) dry soil; (4) moist soil; (5) water; and (6) unhealthy
vegetation. The wavelengths shown correspond to Landsat TM Bands 2, 3,4 and 5
(Howard, 1991).

Acquiring knowledge about the spectral response of features is the ground truth stage of
image classification. With the known location of a feature, the spectral response can be
derived from imagery. Building a correlation between ground validation data and the
image is called the training stage. Conclusions drawn from the analysis of remotely
sensed data depend heavily on the accuracy of the ground validation data. Therefore, the
use of accurate ground validation data is critical to the successful analysis of remotely
sensed data (Chen and Cihlar, 1996).

1.4 Remote sensing of forests

The stratification of the forested landscape is a large part of WHI. To assist the reader, a
basic examination of some of the complex biophysical factors that influence remotely
sensed data and image analysis is presented below.



No single part of a forest determines the spectral response. The satellite image is
influenced by all components of a forest, from leaves or needles, to tree morphology,
branches and twigs, bark, density of trees, understory composition, litter and soil
(Howard, 1991). Compared to a closed canopy, bedrock, soil, or talus that is visible
between spaced out trees can greatly change the spectral response for the same species.
Seasonal variations, atmospheric conditions, and sensor characteristics also play a part in
how imagery depicts vegetated areas. Through ground truthing, these qualities can be
related to a specific type of forested land cover. From this, a spectral signature is derived
that is characteristic of that type of forest.

Identification of individual tree/plant species is often difficult or not possible because
current satellite data does not provide the resolution necessary to dissect a complex stand.
Until the next generation of sub-meter imagery is available, it is generally accepted that
identifying vegetation species in an area will be limited to broad classification schemes,
and will rely on thorough ground truthing.

1.4.1 Leaf structure

The application of remotely sensed data for vegetation studies is founded on the spectral
properties of individual leaves or needles. Green light is absorbed less and this is why
leaves appear green to the human eye. The leaf is a complex structure (Figure 1.4) with
the internal tissues and external morphology varying between genera and species. Even
within the same species there may be differences in leaf structure as influenced by
environmental conditions; and on the same tree differences will exist between leaves
fully exposed to sunlight and shade bearing leaves (Howard ,1991). Sunlit leaves will
usually provide all or most of the reflected energy recorded by the sensor unless the trees
are leafless or heavily defoliated.

Figure 1.4 Cross section of a typical leaf (Campbell, 1987).

Incident sunlight (visible light) will pass through the cuticle and epidermal layer of cells.
The blue and red wavelengths are partly absorbed by the chloroplasts. The unabsorbed
light is scattered and reflected by the cell walls of the mesophyll tissue before being



partly absorbed by the leaf pigments. Chlorophyll absorbs blue and red light for use in
photosynthesis (Campbell, 1987). Green light is reflected more than any other visible
light, thus it is the colour of most plants.

The peak reflectance of living vegetation is in the near infrared range. This is extremely
useful for vegetation studies. In near IR the reflection by the cell walls is similar to that of
visible light, but there is no absorption by the leaf pigments. Both the reflectance and
transmittance of near IR radiation is much higher, with only a small percentage being
absorbed by the leaf tissue. Since the (internal) leaf structure is highly variable between
plant species the reflectance measurements in the near IR will often allow for good
differentiation between species (Campbell, 1987). (Note: Landsat TM Band 4 was
designed to be sensitive to the reflectance of near IR from vegetation.)

There is a difference in spectral responses between deciduous and coniferous trees,
especially in the near IR (Figure 1.5). This difference is caused primarily by the
morphology and grouping of coniferous needles and is identifiable on remotely sensed
data. Areas dominated by conifers appear in darker tones at all wavelengths.

Figure 1.5 Generalized spectral reflectance curves of coniferous and deciduous trees.
Each tree type has a range of spectral reflectance values at any wavelength (Lillesand and
Kiefer, 1987).



1.4.2 Canopy reflection

A forest canopy is a complex, composite structure of leaf layers that vary in size,
orientation, shape and ground coverage (Figure 1.6). The upper leaves form shadows that
mask lower leaves, creating a reflectance that is a combination of leaf reflectance and
shadow. The amount of shadow depends on the angle of illumination, the shape and
orientation of the leaves or needles and the amount of canopy closure. Reflectance for a
canopy is lower than the values measured for individual leaves, but the relative decrease
in the near infrared is much lower than that in the visible (Howard, 1991).

Figure 1.6 Cross-sectional view of energy interaction within a forest canopy (Campbell,
1987).

Within a small area, multiple scattering and interactions among both green plant
components and non-photosynthetic plant components (standing litter, stems, bark) will
determine the spectral reflectance. Forest litter is present within a vegetation structure
and contributes to the overall spectral response from a canopy, however, it is rarely
accounted for (van Leeuven and Huete, 1996).

Another component of canopy reflectance is soil. In a dense forest canopy the ground
will be completely covered by tree crowns and will unlikely contribute to the radiant
energy recorded. In a sparse tree canopy, the soil can be expected to contribute
significantly, but will be of minimal influence in the presence of shadows (Howard,
1991). Factors affecting soil reflectance, such as moisture content, texture, roughness and
organic matter present, are complex, highly variable and interrelated.

1.4.3 Image classification of forests

An important factor to successful forestry image classification of forests is the period in
which the data is collected. Knowledge of leaf aging by species and season is useful for
image analysis in order to potentially maximize differences between species (Howard,
1991). If the understory or areas dominated by deciduous species is required, than early
spring data would be useful. Autumn data are useful for differentiating between various



types of deciduous species and certain coniferous species, such as larch, due to the
changes in reflectance from the near IR as the leaves move towards senescence. Summer
data provide a good overview of the entire vegetation canopy. If available, recent aerial
photographs are extremely beneficial as stereoscopic pairs provide synoptic views and
can provide an understanding of forest physiognomy and conditions which would
otherwise only be available through intensive field work (Howard, 1991).

There is a lack of research into the accuracy with which all types of forests can be
classified due to its heterogeneity and factors affecting reflectance (Franklin et al., 1997;
Chen and Cihlar, 1996). Forest cover types are often mixtures of several species of
different age and structure, appearing in various concentrations. Topography (slope,
aspect), especially in mountainous regions may cause confusion during reflectance
analysis. These factors can make for difficult and inconsistent forest classifications if the
analysis is based solely on spectral characteristics. Spectral signatures may not be
adequate to fully stratify the landscape. Forest classes are better defined through the
analysis of a spatially distributed pattern of spectral responses (Beaubien, 1994). Analysis
of image texture (spatial patterns), as well as, ancillary terrain data has helped to achieve
higher classification accuracy (Binaghi, et al, 1997). Further research is needed on the
inter-pixel relationships from multispectral signals of forests (Chen and Cihlar, 1996).

Lastly, it should be noted that spectral reflectances vary within a given forest class, i.e. all
deciduous species do not have the same reflectance, nor do trees of the same species.
There may also be features that cannot be spectrally separated. Therefore, it is important
for the analyst to know and understand the spectral characteristics of the features under
investigation and the factors that influence these characteristics in order to utilize
remotely sensed data effectively and to produce meaningful results.

1.5 Image analysis

The objective of image classification is to automatically categorize each pixel into land
cover classes. The spectral response within the data for each pixel is used as the
numerical basis for categorization. There is no single ‘right’ way to approach image
classification. The approach taken depends upon the type of data being analyzed, amount
of time available, and the intended application of the classified data. Two well
established methods of image classification are unsupervised and supervised (Lillesand
and Keifer, 1987). In the unsupervised approach, spectrally separable classes are
determined and then their information utility is subsequently defined. In supervised
classification the classes of interest are first defined and then their spectral separability is
evaluated.

Increasingly, the use of textural analysis of remotely sensed data, orthophotos and terrain
layers offers the potential to accurately stratify habitat in a study area. Many of the
ecological indicators, such as slope, elevation, aspect, solar radiation and climatic regime
(West and Brock, 1992), used in traditional habitat mapping exercises are accounted for
through these methods. One example of an analytical approach using textural
classification is "contextual classification".



1.5.1 Unsupervised classification

Unsupervised classification is performed with minimal analyst interaction. Classification
algorithms, such as cluster analysis (CA), examine the pixels and aggregate them into a
number of classes based on the natural groupings or clusters present in the data values.
The premise is that values within a given cover type should be close together, whereas
data in different classes should be separated. Cluster analysis is a multivariate procedure
for detecting and placing data into natural groupings that are relatively homogeneous
(Figure 1.7). The pixels tend to have more in common with their own group than with
pixels in other groups through the minimization of internal variation while maximizing
variation between groups. CA requires user based decisions relating to the calculations of
clusters and these may have a strong influence on the results. The classes that result are
spectral classes, based solely on natural groupings in the pixel values. The analyst must
then assign class identification based on ancillary data. At the start of unsupervised
classification, the analyst selects the number of classes to be used, usually an arbitrary
value, and may therefore significantly influence the results.

Figure 1.7 Cluster analysis. (ESRI, 1996)

The advantages of an unsupervised classification approach are:

• no extensive prior knowledge of the region is required or it is difficult to obtain
ground validation data

• the opportunity for human error is minimized
• classes defined by unsupervised classification are often more uniform in respect to

spectral composition than those generated by supervised classification, class selection
is not biased by human interpretation

• unique classes are recognized as distinct units
• useful as a starting point before supervised classification procedures.

The disadvantages of unsupervised classification approach are:

• spectrally homogeneous classes within the data are identified but these may not
necessarily correspond to the informational categories that are of interest to the
analyst

• the analyst has limited or no control over the menu of classes and their specific
identities



• spectral properties of specific informational classes will change over time and as a
result relationships between informational classes and spectral classes are not
constant

1.5.2 Supervised classification

In the supervised procedure the analyst specifies representative sample areas (training
areas) of the selected land cover types thus driving pixel categorization. Training areas
identify the spectral characteristics for each feature type of interest based on numerical
descriptors (Campbell, 1987). The training stage requires substantial reference data and a
thorough knowledge of the geographic area to which the data apply. The quality of the
training process determines the success of the classification stage and the value of the
information generated from the classification procedure. A training area is not spectrally
homogeneous, rather it contains a range of spectral values which requires a procedure to
place a pixel into the class that it most likely represents. In theory between 10n and 100n
pixels (where n is equal to the number of spectral bands being used) can be expected to
provide satisfactory results (Howard, 1991).

The most common statistical procedure used for supervised classification is the
maximum likelihood classification (MLC). The MLC calculates, for each selected class,
the probability of the pixel belonging to a class given its digital value (Figure 1.8). The
pixel is then assigned to the class with the highest probability. Additionally, the MLC
quantitatively evaluates the variance and covariance of the category’s spectral response
when classifying an unknown pixel. In this classifier it is assumed that the training data
are normally distributed (Lillesand and Kiefer, 1987) and that in the absence of prior
weighting, the possibilities of each class is equal. A priori weighting can be applied to the
classes if desired.

Figure 1.8 Maximum likelihood classification. The frequency distributions represent
pixels from two classes. The area of overlap represents an area of potential confusion
between classes. The relations of the values within the overlap region to the overall
frequency distribution for each class form the basis for classification (Campbell 1987).

Conventional classifiers (i.e. maximum likelihood) do not recognize spatial patterns as
humans do. The classifiers perform class assignment based on spectral response of
specific pixels. They do not consider the locations of those pixels, nor the spectral
characteristics of the surrounding pixels. To improve classification it is advisable to
select a classification scheme in which classes are defined by spectral characteristics



(Gong and Howarth, 1990) as well as pattern recognition algorithms, such as neural
networks.

The advantages to supervised classification are:

• the analyst selects classes for a specific purpose and geographic region
• the analyst can identify serious errors or spectrally similar classes by examining the

confusion matrix
• class signatures are applied uniformly
• a percentage of training areas can be withheld from the classification procedure for

use in accuracy assessment
• field observations or prior knowledge of the area may be applied to the training stage

The disadvantages to supervised classification are:

• the classification structure may not match natural classes in the data
• training areas are usually defined on informational categories within the data, and

only secondarily on spectral properties, for example a training area that is 100%
forest may be accurate with respect to "forest", but very diverse with respect to
density, age, shadowing and other characteristics

• the selected training data may not be representative of that class throughout the data
• selection of training data may be time consuming, expensive, and tedious
• unique classes may not be represented in the training data as they are not known to

the analyst

1.5.3 Contextual classification (neural networks)

The basic assumption of contextual classification is that geographical phenomena
generally display a structure such that certain classes are likely to occur in the context of
others (Bingaghi et al., 1997). Contextual information is derived from the spatial
relationship among pixels, determined by the positional relationships of the pixels.

Contextual classifers attempt to simulate the processes used by human interpreters in
which the identity of an area is partly derived from its location in relation to other
identified regions. Using classified data, contextual classifers reclassify erroneously
classified pixels or reclassify isolated pixels (perhaps correctly classified) that form
regions too small and isolated to be of interest (Campbell, 1987).

Neural networks are algorithms that mimic the computational and cognitive abilities of
the human brain through the use of numerous highly interconnected artificial neurons
(Sui, 1994). Neural networks offer an alternative to traditional statistical methods and
ruled-based expert systems for the integrated image analysis of heterogeneous spatial
data. Research is ongoing concerning the use of neural networks for a variety of spatial
data handling problems. Unlike conventional statistical methods which require data
distributions to be known (i.e. Gaussian distribution), neural networks are distribution
free and the statistical distribution of the data do not need to be known for classification.



The advantages to contextual classification are:

• the analyst selects classes for a specific purpose and geographic region
• the classification accounts for the patterns within a specific class
• textural patterns can be evaluated at different scales by adjusting the size of the

moving window
• field observations or prior knowledge of the area may be applied to the training stage
• the classifier will handle the high detail of airphotos as well as, the next generation of

satellite images

The disadvantages to contextual classification are:

• training samples cannot consist of single point locations, but rather must characterize
the feature over an area equal to the size of the moving window

• the analyst cannot identify serious errors or spectral/textural similar classes by
examining a confusion matrix

• accuracy assessment is based solely upon statistical comparison of classification
results to ground truth data

• selection of training data may be time consuming, expensive, and tedious if field
work is required

1.6 Study Area

The Grohman-Baldface watershed is located northwest of Nelson, BC (Figure 1.9),
encompassing approximately 8800 ha. The width of the watershed ranges from 13 km to
6.5 km, and the length is 16 km. Elevation ranges from 537 m along the Kootenay River
to 2290 m at Mount Grohman. The vegetation is typical of mountainous area in the
region; lichens, scrub spruce and some meadows at high elevations, steep slopes and
avalanche chutes are primarily alder and other deciduous vegetation, lower slopes are
dominated by hemlock, lodgepole pine, western red cedar, alpine fir and Engelmann
spruce. The topography is all mountainous. Both Grohman and Baldface Creeks are
confined to narrow, deeply incised valleys with minimal floodplains (Figure 1.10). The
bedrock of the watershed is primarily porphyritic granite.



Figure 1.9 Grohman-Baldface watershed location.



Figure 1.10  Grohman-Baldface study area.



2 Materials and Methods

This section describes the input data layers used for the project, as well as, the pre-
processing on the data for subsequent analysis and classification. All the data were
available in digital format (i.e. no digitizing from hardcopy maps was required) and were
organized into a spatial database.

Materials

2.1 Hardware and software environment

Image analysis was performed on a DEC (Digital Equipment Corp.) PC using PCI/EASI
PACE (Version 6.1) software. Post-classification raster-based image processing and GIS
procedures were completed using ARC/INFO (Version 7.1.1) and ArcView (Version 3.0)
with the Spatial Analyst Extension.

2.2 Aerial photographs

Twenty-two panchromatic aerial photographs (acquired: August 1988, scale - 1:15 000)
were scanned using a Hewlett Packard scanner at a resolution of 300 dpi. This achieved
an approximate ground resolution of 1 m. The actual resolution varies according to
changes in elevation and distortion in the original aerial photograph. Ground control
points were selected for each photograph from the TRIM data (minimum of three per
photograph). Tie points were then established between each adjoining photograph
(minimum of four). Each photograph was orthorectified (Figure 2.1) and then merged
together using the tie points for orientation to generate an orthophoto mosaic of the entire
watershed.

2.3 Ground validation data

Ground validation consisted of examining aerial photos and visually assessing the study
site. Detailed grand sampling was conducted by Timberland Consulting (Nelson, BC)
using the WHI method but this information was not yet available to use for this project.
In their study, habitat classes were identified through the analysis of a variety of sources:
forest cover, TRIM, soil maps, airphotos, fire history, stand structure and measurements
from the field.

2.4 TRIM (Terrain Resource Information Mapping)

TRIM data were acquired from the Ministry of Environment, Lands, Parks (British
Columbia) in Arc/Info format. The baseline mapping was compiled by the British
Columbia Land Surveyor Branch from 1:40 000 to 1:80 000 aerial photographs.
Elevation, breaklines, roads, water and cultural features were identified through
photogrammetric interpretation. TRIM planimetric data and elevation data were used
during georeferencing and rectification of both the satellite data and the digital aerial
photographs.



2.5 Digital Elevation Models (DEM)

A DEM was generated using TRIM elevation points and breakline features. A TIN
(Triangular Irregular Network) was created with Arc/Info. There was no spatial filtering
of sample points. TRIM mass elevation points (spaced approximately 40 to 100 m apart)
were used at full resolution to create the TIN. The TIN was sampled at a 10 m pixel
resolution to create the DEM raster layer to be used in subsequent processing and
analysis.

Fig 2.1 Mosiac



Fig 2.2 Landsat



*** Figure 2.3 SPOT ***



2.6 Forest Cover

Forest Inventory data from the Ministry of Forests (British Columbia) covering the study
area were obtained from the Ministry of Environment, Lands and Parks in Arc/Info
format. The mapsheets include 082F043, 082F044, 082F053, 082F054, 082F063,
082F064. A multilayer raster database was created from a set of attributes within the
tabular database of the inventory. Polygons were rasterized at a 10 m pixel resolution
using the following attributes:

i) age class,
ii) crown closure, and
iii) number of layers

These layers were used to create an automated prestratification of structural features of
the forested landscape.

2.7 Landsat TM

Two Landsat TM scenes were acquired, June 25, 1992 (Figure 2.2) and September 19,
1994. For both of the Landsat TM data, spectral bands 3 (red - 0.63 to 0.69 �m), 4 (near-
infrared - 0.76 to 0.90 �m), and 5 (mid-infrared - 1.55 to 1.75 �m) were used for visual
assessment, interpretation and image analysis. The June 1992 scene had scattered
cumulus clouds in the northwest portion. The September 1994 scene was cloud free. Both
data sets were georeferenced to the Albers Conic projection. During projection, the
images were resampled to a pixel resolution of 15 meters using the nearest neighbour
algorithm. Bands 3,4,5 were chosen instead of using all seven TM bands since results
rarely improve using the full set. Using one band from each of the spectral zones (visible,
near IR and mid IR) is a standard approach for general discrimination among forest
vegetation (Beaubein, 1994).

2.8 SPOT

One panchromatic (0.51 to 0.73 �m) SPOT scene from September 1, 1994 was acquired
for visual interpretation and image analysis (Figure 2.3). The viewing angle was 11.7° ,
with a sun elevation of 48.5° and azimuth 166.0°. The SPOT image was registered to
TRIM planimetric data and orthorectifed to the DEM. There is a high concentration of
clouds on the left side of the scene.

2.9 Landsat / SPOT merge

The process of image fusion is designed to exploit the advantages of each particular
sensor system. It has been shown that through the merging of Landsat TM and SPOT
data, increased classification accuracy has been achieved (Franklin et al., 1994). With
Landsat TM, high spectral resolution is obtained, whereas SPOT provides high spatial
resolution. The Landsat 1994 and SPOT data were merged (Figure 2.4). The Landsat



scene was not orthorectified since it was received in a processed state. In some areas of
the fused scene, errors of misalignment are detectable.

Fig 2.4 SPOT Fuse



Fig 2.5 Landsat / Airphoto Fuse



2.10 Landsat / orthophoto mosaic merge

In preparation for neural network and pattern recognition analysis, the Landsat 1992 data
and the orthophoto mosiac for the southern portion of the study area were fused together
to create a hybrid image product (Figure 2.5). Image fusion was done using PCI software.
The process adds detail from the photo by using its gray values to slightly alter the digital
values of the multispectral data. The addition of the airphoto textural detail adds structure
to spectral data. Multispectral and contextual classification (Binaghi, 1997) on this data
will permit the analysis of spectral properties as well as spatial distribution of features
within each cover class.

2.11 3-D Terrain Rendering

The TIN module of Arc/Info provides visualization software which allows for
perspective scenes using remotely sensed data draped over elevation data. Successive
scenes can be generated to give the appearance of flying though the data set. The operator
has control over the flying elevation, direction, speed and viewing angles. Two flight
lines were created: a brief fly-by using the merged Landsat and orthophotos along
Kootenay Lake, and a circumnavigation of the entire watershed using the merged Landsat
and SPOT data (Figure 2.6).

Figure 2.6 3-Dimensional perspective of Grohman. Looking southwest from above the
West Arm.



Methods

2.12 Image analysis

2.12.1 Principal Component Analysis (PCA)

Principal components were derived from the 1992 Landsat imagery prior to running
classifications. PCA is a pre-classification image enhancement technique that de-
correlates multiple bands of image data to produce new image layers. The output layers
from PCA generally have greater contrast for ground features than compared to the raw
data. The PCA algorithm involves a rotation and a translation of digital pixel values using
a correlation matrix. The advantage of doing PCA is that approximately 95% of the
variability between the input bands (TM bands 3,4,5) is compressed into the first
principal component layer. Use of the principal component layers for image classification
tends to reduce the computation time required, as well as, increase the spectral
separability of classes.

2.12.2 Unsupervised classification

A series of unsupervised classifications were conducted on the 1992 Landsat data to
obtain an idea of the various land cover types present. Three classifications were
performed, each with a different number of classes (7, 15 and 30) and using the first,
second and third principal components as input. Multivariate cluster analysis was applied
to the imagery at each class size. The isocluster algorithm utilized is based upon the
clustering method described by Tou, 1974. See Appendix A for a detailed description. An
image mask was used to exclude data outside the study area from being considered
during the cluster analysis. The edge of the mask was chosen to extend roughly 2
kilometers beyond the watershed boundary so that habitat classes on the perimeter would
have some representation into neighbouring areas.

Cluster analysis is an iterative process that attempts to place pixels into class means by
aggregation procedures. These procedures are based upon combining classes through an
assessment of similarities. A movement threshold is an input parameter that is used to
instruct the algorithm to terminate when the differences between adjacent means fall
within a certain value. The movement threshold is set as a percentage of cluster means. If,
during an iteration, the movement of all cluster means is less than the movement
threshold, the program has converged. For example, for all cluster means, the following
situation terminates the program:

New cluster mean position - Old cluster mean position
__________________________________________

&< Movement Threshold

Old cluster mean position



Each classification was set to a maximum of twenty iterations and a movement threshold
of 10%. The literature notes that this is typically the most commonly used value for
unsupervised classification. The program may not reach the maximum iterations if the
clustering converges due to the movement threshold being minimized.

2.12.3 Block training supervised classification

Based on the results of the 15 class unsupervised classification a supervised classification
was performed on the 1992 Landsat data using the block training (contiguous areas)
method for selecting training areas.

Numerous classifications were performed in an attempt to obtain the highest accuracy.
Through this process some classes were merged together due to their similar spectral
responses. From these test classifications an 11 class (Table 2.1) supervised classification
was conducted. The selection of training sites was aided by reference to the aerial
photographs and ground validation data.

Table 2.1. Block training classes
urban
water
bedrock/ talus
cloud
snow/ice
deciduous vegetation with exposed bedrock
deciduous (shrubs or trees)
conifer1
conifer2
conifer3 with exposed bedrock
conifer4

2.12.4 Single pixel training supervised classification
As an alternate to block training, the single pixel training technique avoids violating the
assumption of independent sampling. It employs a sampling strategy where individual
pixels are selected from within a class (single pixel training) as opposed to using a
contiguous group (block training). It is recommended that each selected pixel be a
minimum of ten pixels away from any other selected pixel (Gong and Howarth, 1990).
As this classification was undertaken primarily as an experiment, a different class
structure was used (Table 2.2).



Table 2.2. Single pixel training classes
urban
water
bedrock/ talus
cloud
snow/ice
shadow
deciduous (shrubs or trees)
conifer1
conifer2
conifer3
vegetation with bedrock

For both supervised classifications, the block and the single pixel training, the Maximum
Likelihood Classifier, as described in Section 1.5.2 was utilized.

2.12.5 Neural network classification

Two types of neural network classifiers were used in the study, the contextual classifier
and the back-propagation model. Both processes attempt to mimic human cognitive
ability by evaluating spectral information and spatial distribution patterns during the
classification process. The fused orthophoto/Landsat scene was chosen to test the utility
of these classifiers since the data provides very detailed spatial resolution from the aerial
photograph, and retains the multispectral depth of the Landsat image. The lower portion
of the Grohman-Baldface watershed was selected for the neural network classification
due to the high degree of complexity within and between land cover types. A set of
training areas were created using the classes listed in Table 2.3.

Table 2.3. Neural network block training classes
bedrock/ talus
herbaceous
water
shrub
deciduous
conifer 1 closed canopy
conifer 2 large trees, more open canopy
conifer 3 multi-layer, complex structure
conifer 4 open canopy, exposed rock/soil

2.12.5.1 Back-Propagation

Using PCI software, the back-propagation classification was a three step process. The
first step was to create and initialize an empty neural network by setting the input
parameters. This included specifying the number of neural nodes and input levels to build



within the network. One hidden layer was specified, and default values for PCI were used
for most settings. This was followed by training the network with the block training areas
listed in Table 2.3. During the training stage the network learned to recognize patterns
present in the training areas and built the decision making (logic) modules of the network
that would be used for classification. Finally, the trained neural network was applied to
the imagery to produce a classification.

2.12.5.2 Contextual Classifier

As demonstrated in similar studies (Binaghi, 1997), the contextual classifier approach is
well suited when data fusion between separate sources of data is intended to provide a
joint inference. The basic assumption is that geographic features display an order or
structure such that classes of land cover are likely to occur in context of each other.

For this study, the contextual classification was a two step process. The first step was to
create a gray level vector reduced image which is based on a sampling of the red, near IR,
and mid-IR bands of the fused ortho/Landsat image. In essence, this is a clustering step
which generates natural groupings based upon a distance from means calculation. This is
a significant step since it reduces the variability between digital pixel values, maintains
spatial complexity of pixels, and maximizes the difference between class clusters. This
step decreased the overall classification processing time significantly in comparison to
the back-propagation model.

The second step involved running the contextual classifier using block training samples
(Table 2.3) for each land cover class. Since the contextual classifier considers the spatial
distribution of pixels within a moving window, four separate classifications were run
using window sizes of 3x3, 9x9 ,15x15, and 21x21pixels.

2.12.6 Variability analysis on orthophotos

An analysis of the spatial variability across the study area was performed on the raw
orthophoto mosaic image. The resulting layer is represented by an image in which each
cell value represents the number of unique occurrences of digital values within the
orthophoto occurring within that cell. The output product is an attempt to depict the
potential habitat complexity within a specified window size. This textural clustering
process will differentiate potentially complex land cover structures from more
homogenous ones. The measurement of variability was performed within the GRID
module of Arc/Info using the ZONALVARIETY function. Zones are defined by the
unique occurrence of digital values within them. For this analysis, zones were defined by
an evenly spaced grid, with each grid cell having a unique value. Zonal analysis was
chosen over a moving window since the computation time required to complete zonal
summaries is significantly less than applying a moving window over the entire image.



2.12.7 Normalized vegetation difference index (NDVI)

A commonly used vegetation index is the NDVI. NDVI uses TM 3 (red - 0.63 to 0.69
�m) and TM 4 (near infrared - 0.76 to 0.90 �m) to assess vegetation conditions in the
following manner:

NDVI = (near IR – red) / (near IR + red)

The summed denominator largely compensates for changing illumination conditions,
surface slope, and viewing aspects (Campbell, 1987). Vegetation indices are quantitative
measures that attempt to express vegetation vigour and health.

The NDVI is based on an inverse relationship between vegetation brightness in the red
and near IR regions of EMR. This relationship is a result of the absorption of red light by
chlorophyll and the strong reflection of near IR radiation by mesophyll tissue, causing
significantly different spectral responses in the two wavelengths. Nonvegetated surfaces
and dead or stressed vegetation will not display this specific spectral response and the
ratios will decrease (Campbell, 1987).

A layer representing the NDVI was calculated from the 1992 landsat image.

Such vegetation indices should be used carefully since external influences may affect the
spectral response. For example, atmospheric degradation can alter the index value.
Although atmospheric corrections can be implemented, it may be difficult to compare
vegetation indices over time because of variations in external factors (Campbell ,1987).

2.13 Accuracy assessment

It is necessary to consider the accuracy of the classification procedures on data. Accuracy
however is difficult to address since many of the methods concerning this fundamental
question have not yet been perfected and are themselves subject to error. An accuracy
assessment requires reliable ground validation data since image analysis products are
approximations of reality and therefore contain elements of uncertainty (Lillesand and
Kiefer, 1987).

Errors are present in any classification of digital data as a result of the complex
interactions between the spatial structure of the landscape, sensor resolution,
preprocessing algorithms, human intervention and classification procedures. The standard
format for reporting site-specific error is the confusion (error) matrix. The matrix
identifies overall errors for each category, and misclassifications caused by confusion
between categories. The matrix, for each category, displays errors of omission and errors
of comission. Errors of omission occur when a pixel has been omitted from a particular
class. While errors of comission happen when a pixel has been assigned to the wrong
class. The errors of comission indicate, however, that this is meaningless as there will be



high errors of comission for the one class and high errors of omission for other categories
(Campbell, 1987).

Confusion matrices were created to for both the block and single-pixel trained supervised
classifications. These were used to appraise the overall classifying accuracy in relation to
the training areas. There was no ground truth based accuracy assessment since field data
was available at the time.

2.14 GIS Analysis

Integration of GIS data, including elevation and aspect, with the output layers of the
image analysis provides the ability to stratify the landscape beyond what is possible with
conventional image classification. Image analysis in this study attempted to classify the
landscape by both multispectral and inter-pixel(pattern) attributes that uncover vegetative
and structural differences. Subsequent integration of the image analysis with GIS data
expands the classification to include terrain attributes.

The objective of the pre-stratification stage of the project was to create a multi-layer set
of information that could be correlated to field observations. It was a general assumption
that a correlation exists between habitat types and the variables included within the pre-
stratification analysis.

2.14.1 Pre-stratification Method

Three different techniques of automatic pre-stratification were examined. The first was an
unsupervised classification of input layers, the second a principal component analysis,
and the third an aggregation of input layers by unique occurrence. Each procedure is
described below in further detail.

The input layers for the pre-stratification were the isocluster unsupervised classification,
elevation, and aspect. The following table lists the preparation made to each of the input
layers prior to applying each pre-stratification technique.

Layer Unsupervised Principal Component Aggregation
Isocluster 16 class –
Landsat 1992

Reduce to 12 classes

Stretch values over
0-255

Reduce to 12 classes

Stretch values from 0-
255

Reduce to 12
classes

Elevation: 500-2300
meters

Place into 4 classes
and stretch values
over 0-255

Reduce values to 0-255 Place into four
classes

Aspect: 0-360
degrees

Place into 4 classes
and stretch values
over 0-255

Reduce values to 0-255 Place into four
classes



2.14.1.1 Unsupervised Classification

Similar to the classification described in section 1.5.1, an isocluster algorithm was
applied. However, in place of multispectral imagery, the 12 land cover classes, and the
reduced elevation and aspect data where inputs to the multivariate analysis. Several
classification attempts were made, each with a different number of classes being
calculated. The number of classes used were 24, 48, 96 and 192 respectively. Given the
class breaks in each input, the maximum number of possible classes equals 192 ( 12(iso)
x 4(elev) x 4(aspect) ).

2.14.1.2 Principal Component

As described in section 2.12.1, principal component analysis (PCA) de-correlates the data
and provides new output layers. PCA was applied to the above input layers, and three
new layers representing the first, second and third principal components were created.
Since the number of unique values within the output layers exceeds a reasonable number
of pre-stratification classes, the output principal component layers were sliced at equal
intervals, placing data values into ranges of values. Sliced output layers of 192, 64 and 32
classes were created.

2.14.1.3 Aggregation

The COMBINE function within the GRID module of Arc/Info assigns a unique value for
each unique combination of values within the input grids. The output grid retains the cell
values of all the input layers within separate fields. This function is similar to a vector
based overlay function such as Arc/Info UNION command. The combine funtion output
however provides the end-user with the ability to further manipulate the original data
using tabular summarization and statistical analysis such as calculating the average
elevation for a cover class.

While being a relatively simple process, the outer layer from this procedure retains all the
information of the inputs, calculates the area for each unique combination of values, and
is good reference for interactive data browsing.

2.14.2 Forest Cover

Structural features of the forest are key components to habitat mapping (Hulbert, 1997).
From the MoF forest cover data acquired for the study the following attributes were
rasterized for image analysis:

• ageclass (reduced to 3 classes, early, mid and late seral)
• crown closure (reduced to 3 classes, open, medium, and closed canopy )
• leading species



Also included in the forest cover stratification are:

• elevation - 4 class
• aspect - 4 class

Using the COMBINE function of grid, the above layers were used to create a forest cover
pre-stratification layer that retains all the information of the inputs, and provides spatial
boundaries based upon class changes of each the input layers.

2.14.3 Solar Radiation

An Arc/Info AML program (Arc Macro Language) that calculates the shortwave
radiation received at the surface of the earth over a period of time was acquired from the
internet (Lalit Kumar, University of New South Wales). For the given day(s), the
program calculates the sunset and sunrise times for the input latitude and computes the
solar radiation from sunrise to sunset for each day. Solar radiation availability is
considered a potentially useful information layer for identifying ungulate winter range.
The analysis goes beyond simply looking at the aspect of the landscape, but considers the
effect of shadows, sun elevation, and length of daylight for the given day. The program’s
inputs are an elevation grid, the date(s) to calculate, and the degree of latitude for the area
of interest. The output is a grid for each day calculated with pixel values representing
kilojoules of energy per square meter/day (KJ/m2./day).

2.15 Fractal Dimension – Box Counting

Fractal geometry deals with shapes of infinite detail, such as the branching of a river delta
or the nebulous forms of clouds, and allows one to define and measure accurately the
property of roughness (Peitgen, H.O., Hartmut, J., and Saupe, D. 1993).

Fractal dimension measures the self-similarity of the landscape and the spatial
distribution within the study area. Self-similarity describes repeating patterns at multiple
scales. One technique for measuring self-similarity is called box counting. A set of grids
with a mesh size of 25, 50, 100 and 200 meters were overlaid on a fractal layer created
from the 32 class PCA stratification (described in section 5.2.1.2). The fractal dataset is
composed of lines defining the boundary between classes. Boundary cells are assigned a
value of 1, and non-boundary pixels 0. For each grid cell size of s, the number of cells
that intersect a non-zero pixel value in the fractal were counted N (Peitgen, H.O.,
Hartmut, J., and Saupe, D. 1993). At smaller sizes of s the corresponding value of N(s) is
counted.

For this analysis, the sequence of grids are one half the size from the next. Box counting
plots the fractal dimension at each box scale on a log graph to determine the slope
between different mesh sizes. The equation for calculating the box counting dimension at
a given scale is:



Slope = log(Nk / Nk+1) / log2

Where N is the number of mesh cell overlaying with boundary cells in the fractal layer
k is the sequence of grids, with k=0 being the coarsest mesh size

3 Results

3.1 Unsupervised classification

Examination of the results indicated that the 15 class analysis provided a suitable
differentiation of spectral responses. The classifying algorithm converged at 15 classes,
instead of the 16 used as the input parameter. These 15 classes (Table 2.1) were then
assigned labels based on observations from field reconnaissance and analyst
interpretation. Table 3.1 presents the results of the classification over the study area.

Table 3.1. Unsupervised classification result
water/shade
bedrock/ talus
cloud
snow/ice1
snow/ice2
deciduous
shrub
shrub with bedrock
conifer1
conifer2
conifer3
conifer4
conifer/shrub with bedrock
unclassified
no data

It should be noted that the identification of these classes is subjective. Potential error
exists when conducting unsupervised classification in conjunction with limited ground
validation data. A further discussion on ground validation follows in Section 4 of this
report. Refer to Appendix B for the clustering iteration results.



*** fig 3.1 *** ISO results



fig 3.2 Single pixel results



3.2 Block training supervised classification

The average accuracy for the block training classification was 88.25 %, while the overall
accuracy was 88.12%. Table 3.2 provides the confusion matrix generated for the block
training supervised classification. The confusion between classes were those that would
be expected, where the spectral response is very similar, and spectral separability is low.
Specifically, conifer4 and deciduous, with a spectral separability of 1.1, have a large
number of pixels with errors of commission and omission. The average separability of the
block classes was 1.87.

Table 3.2: Confusion matrix for block training supervised classification

Land cover Code Pixels 0 1 2 3 4 5 6 7 8 9 10 11

Water 1 1711 2.28 97.55 . . 0.06 . . 0.06 . 0.06 . .

Bedrock 2 1122 2.67 . 86.1 . 2.41 . 0.27 . . 0.09 2.05 6.42

Clouds 3 713 3.23 . . 96.77 . . . . . . . .

Urban 4 555 1.8 . 5.05 . 90.63 . 0.72 . . . 0.36 1.44

conifer2 5 897 0.11 . . . . 92.2 . 2.34 . 4.35 1 .

Snow 6 165 1.21 . . . . . 98.79 . . . . .

conifer1 7 1338 0.52 . . . . 3.21 . 88.71 . . 7.55 .

deciduous
(shrubs or
trees)

8 863 0.93 . . . . 0.35 . . 79.84 15.3 0.58 3.01

conifer4 9 606 0.33 . . . . 8.91 . 0.17 7.92 81.19 0.83 0.66

bedrock with
conifers

10 986 0.2 . 0.3 . 0.1 1.93 . 7.91 . 3.04 79.92 6.59

bedrock with
deciduous
vegetation

11 914 0.55 . 3.39 0.11 0.66 . . . 3.83 0.44 11.93 79.1

The spectral separability was calculated using the Bhattacharrya (or Jeffries-Mastusuta)
Distance measurement. A program within the PCI image classification suite of algorithms
produces a matrix of separabilities. Appendix C has the matrix of spectral separabilities
of the inputs classes. The Transformed Divergence is another common empirical measure
of class separability which is computationally simpler than the Bhattacharrya Distance.
However, the Bhattacharrya Distance is more theoretically sound because it is directly
related to the upper bound of the probabilities of classification errors (PCI, 1995).

Both the Transformed Divergence and Bhattacharrya Distance measures are real values
between 0 and 2, where 0 indicates complete overlap between the signatures of two
classes, and 2 indicates a complete separation between the two classes. Both measures are
monotonically related to classification accuracies. The larger the separability values are,
then the better the final classification results will be. The following rules are suggested
for possible ranges of separability values:



0.0 to 1.0 (very poor separability)

1.0 to 1.9 (poor separability)

1.9 to 2.0 (good separability)

Very poor separability (0.0 to 1.0) indicates that the two signatures are statistically very
close to each other. The user has two options. One signature can be arbitrarily discarded
(which is suggested when the separability is closer to 0), or the two signatures can be
merged (which is suggested when the separability is closer to 1).

Poor separability (1.0 to 1.9) indicates that the two signatures are separable, to some
extent. However, it is desirable to improve separability, if possible. Low signature
separability is usually caused by training sites which have large internal variability within
each class.

3.3 Single pixel supervised classification

The average accuracy for the single pixel training classification was 89.23 %, while the
overall accuracy was 88.96%. Table 3.3 provides the confusion matrix generated for the
single pixel training supervised classification. The accuracy of this approach is slightly
higher than the block training classification. Despite the fact that the total number of
training pixels for the single pixel is much less than the block training. For all classes,
815 single pixels were used for training, while 9870 for the block training. Single pixel
sampling does not violate sampling independence and is therefore more robust than block
training (Gong and Howarth, 1990). Table 3.3 presents the results of the Maximum
Likelihood Classifier over the study area.

Table 3.3 Confusion matrix for single pixel classification

Land cover
type

Code Pixels 0 1 2 3 4 5 6 7 8 9 10 11

bedrock 1 84 3.57 78.57 . 7.14 . . . 10.71 . . . .

water 2 80 8.75 . 90 . . . 1.25 . . . . .

urban 3 75 2.67 9.33 . 86.67 . . . . . . . 1.33

clouds 4 78 3.85 . . . 96.15 . . . . . . .

snow 5 62 1.61 . . . 98.39 . . . . . .

shadow 6 78 2.56 . 3.85 . . . 93.59 . . . . .

bedrock with
vegetation

7 76 . 2.63 . 2.63 . . . 89.47 . . . 5.26

conifer1 8 74 1.35 . . . . . . 1.35 91.89 5.41 . .

conifer2 9 61 . . . . . . . . 3.28 93.44 3.28 .

conifer3 10 66 1.52 . . . . . . . . 4.55 81.82 12.12

deciduous
(shrubs or
trees)

11 81 3.7 . . . . . . 4.94 . 0 9.88 81.48



Confusion arises among those classes with similar spectral responses. Urban areas, which
are a mixture of vegetation and concrete structures, are often confused with bedrock.
Likewise confusion arises between vegetation classes, especially among deciduous
vegetation. While confusions occurred, the average spectral separability is 1.92, higher
than that achieved in the block training. Refer to Appendix C for the matrix of spectral
separabilities of the inputs classes.

It should be noted that the accuracy presented above, and Section 3.2, only represent the
comparison between training samples. It does not quantify accuracy in respect to areas
outside the training sample. To do this, the classification must be compared with ground
validation not included in the training sample. One approach is to reserve a percentage of
the ground data for post-classification assessment (Redmond, 1996).

3.4 Neural networks

The training areas listed in table 2.3 were applied to the back-propagation and contextual
neural network classifiers. The training used block areas since it was necessary to have a
representation of the spatial patterns within a class. Neural network based classification
differs from the supervised classifications which analyze on a pixel-by-pixel basis,
whereas the neural network evaluates the spatial distribution of pixels. As in the MLC
classification, a statistically sound sampling methodology was not employed since there
was nothing more than reconnaissance level field observations to base the training upon.

3.4.1 Back-Propagation

The classification using the back-propagation model did not provide satisfactory results.
The amount of processing required to complete a classification was nearly ten times that
of the contextual model below. The pre-classification step of the algorithm that trains the
neural network, using the block training areas, required 8 hours of CPU intensive
processing. It had to be run twice since the first attempt crashed the computer, thus it took
16 hours to train the neural network, prior to the actual classification. Given the size of
the area classified, this is an unreasonable amount of time for such a basic step. The
actual classification ran 1000 iterations, yet could only provide an overall probability of
accuracy of 20%.

Observations from the back-propagation method:

• Too much uncertainty in choosing parameters.
• Excessive processing time, makes user learning by trial and error too time consuming.
• Low accuracy probabilities.
• Did not have suitable training areas to fairly test the utility of this type of analysis.
• Further research is advised before considering this analysis for operational use.



3.4.2 Contextual

Contextual classification resulted in detailed and specific habitat classes. The 21x21 cell
moving window classification provided the best overall result. This is not surprising since
a larger window gave the algorithm a greater scope to search for matching patterns. It is
unfortunate that a PCI software limitation restricted testing a larger window size. Figure
6.3 shows the result of the 21x21 cell classification. The disadvantage of contextual
classification technique is that it does not provide any means of accuracy assessment
based on class separability. Appendix D lists the only report from the classification, the
percentage of each class within the scene. A true accuracy assessment would require a
comparison to field data, and a statistical comparison between the point samples, and the
classification. The classifier program was nonetheless able to accurately distinguish
between complex patterns and spectral variability. Figure 6.4 shows the classification
fused with the original orthophoto, showing complexity of land cover within each class.

Observations from the contextual method:

• A fast classification technique for pattern recognition.
• Variance at different scales is implied in the use of different sized analysis windows.
• Further testing with this technique may provide a useful means for detailed habitat

mapping at scales from 1:20,000 to 1:5,000.
• Matrices for class separability and confusion between spectral classes are not known.

Cannot assess accuracy without correlation to field observations.
• Field sampling should be incorporated into the training stage. Field data should match

the window size.



fig 3.3 context 21x21



fig 3.4 context fused with orthophoto



3.5 Variability analysis on orthophoto

The GRID function ZONALVARIETY was run over the entire orthophoto with a 135
meter mesh size. Due to the large file size of the orthophoto (over 300 MB), a smaller
mesh size could not be used. Attempts to use a smaller size resulted in hung processes,
the threshold at with the GRID function could handle was 133 meters. Figure 6.5
illustrates that areas with a higher degree of complexity follow valley bottoms, where
riparian and non-riparian cover types intersect. Higher alpine areas where complexes of
rock/talus, meadow, alpine trees, and the transition to lower elevation cover types occur
was also identified as complex by this function.

3.6 Pre-stratification

3.6.1 Unsupervised Classification

The isocluster unsupervised classification coupling the original 12 class isocluster
classification, (Section 6.1), with aspect and elevation layers was not useful or accurate.
The algorithm should have given equal weighting to the three inputs, however, it appears
that the elevation and the aspect class data had a greater impact on delineating different
strata than did the 12 class isocluster. The fragmented output layer was largely due to the
classifying algorithm assuming a normalized distribution within each layer. This
assumption is fine with raw imagery but does not apply where the distributions do not
follow a normal curve as in the study.

3.6.2 Principal Component

The first, second and third principal component (PC) from the PCA analysis were
evaluated for the representation of the three input layers. The first PC was dominated by
the variance within the elevation values. This was expected, since the elevation range of
values was the greatest. The second PC contained the variance within the aspect layer.
While the third PC contained the variance within the 12 class cover type, but the
procedure also split the 12 classes based upon variance within the previous two PC’s.
This demonstrated a useful technique for maintaining the original boundaries created by
the unsupervised classification of the satellite imagery, while incorporating terrain
attributes to further split the cover classes. The raw output of the third PC had was
reclassed to 192 different values, equaling 12 cover x 4 elevation x 4 aspect classes.

3.6.3 Aggregation

The final stratification technique of combining together the three input layers resulted in
the equal weighting between the inputs that was not achieved in the unsupervised
procedure (Section 6.6.1). Aggregation is not a statistical classification procedure.
Instead, the output grid from the GRID COMBINE function maintains the original
information present within the inputs, and



Figure 3.5 - air vario



assigns new pixel values based on the occurrence of each unique combination of values
on a cell-by-cell basis. This product could be used to correlate field data with strata, as
well as terrain, and land cover attributes assigned to them.

3.6.4 Forest cover

Similar to the procedure discussed in the previous section, the forest cover stratification
technique involved aggregating input layers of ageclass, canopy closure, leading species,
as well as, the 4 class elevation and aspect layers, into a "combined" output layer. This
procedure created an output that had 477 unique combinations of input layer attributes.

While this procedure provided a non-biased stratification of the potential habitat strata,
the forest cover inputs were original mapped with biased parameters. The error
introduced by using forest cover would be difficult to assess. Moreover, the forest cover
provides little or no data on internal stand structure, or on other non-timber valued
attributes within a forest cover polygon. In comparison to the level of detail achieved
using contextual classification, the forest cover based stratification is a very coarse
overview of habitat attributes present within the study area.

3.7 Fractal Dimension - Box Counting

In the results listed below, s represents the width of the mesh in cells, divide by one,
while N represents the total number of overlaid mesh cells that intersected a boundary
pixel from the fractal grid.

Box Counting Results:

25m grid s = 1/420 N=22561
50m grid s = 1/210 N = 5825
100m grid s = 1/104 N = 1326
200m grid s = 1/53 N = 319

Box Dimension - Slope Calculations:

25m to 50m log(22561/5825)/log2 = 1.95
50m to 100m log(5825/1326)/log2 = 2.13
100m to 200m log(1326/319)/log2 = 2.05
Average = 2.04

The low variability between these values indicates a relatively high degree of self-
similarity at different scales. While efforts to use fractal analysis to measure textural
differences in forest cover have demonstrated inconsistencies and unresolved
complexities in the algorithms (Roach, D., and K. Fung, 1994), the basic analysis
demonstrated here does show that landscape patterns in the West Kootenay adhere to a
basic fractal structure. This realization may lead to further work with fractal analysis to



help understand the underlying logical structure present in habitat settings where
randomness appears to dominate on the surface.

4 Discussion

The analysis of remotely sensed data for forestry/land cover related applications is not
without limitations. The use of optical wavelengths is restricted by the amount of cloud
cover and atmospheric conditions. In addition, the present spatial resolution of available
satellite sensors, does not allow identification of individual tree species within a forest.
This is due to both similar and the mixing of spectral responses, presently it is possible to
identify broad vegetation cover types based on spectral response.

Aside from its cost effectiveness, another advantage of using available digital data (aerial
photographs, DEM, forest cover) for classification purposes is consistency. If standard
methods for analysis are developed then interpreations will be consistent across large
areas and regardless of the analyst. Standard methods would specify the type of data to
analyze, the algorithms, post classification filtering and end-user presentation products.

The following sections discuss the processing results of this project, and the implications
they have on current and future use of satellite remote sensing and GIS derived mapping
products for habitat mapping.

4.1 Data Layers

4.1.1 Airphoto

Problems inherent to orthophotos include radial displacement away from the centre of the
photographs, and time differences in the collection of the aerial photographs. Such errors
result in different shadow lengths, directions and tones on the orthophoto image. Still,
aerial photographs are an excellent source of cost-effective, high spatial resolution data.
They have been used effectively for many years to help monitor and manage forest
resources (Bauer et al., 1997). They may also be used with Landsat TM data to improve
classification results (Franklin and Wilson, 1992). Satellites are being launched in the
next few years that will produce images with equal resolution to airphotos. The geometric
properties of these satellites will be consistent, and localized distortion will be minimal
compared to orthophotos. Over time, imagery with sub-meter image resolution will
replace airphotos as the primary data source for texture and spectral analysis.

4.1.2 Landsat/SPOT Fusion

Due to the inability to orthorectify the Landsat image, misalignment at the pixel level
caused errors and fuzziness in areas of complex cover. Image classification on the fusion
data layer was not reliable. We do not dismiss image fusion between these data source as
a viable data source, but consideration must be given to the ability to geocode both
images together as well as to the dates of acquisition.



4.2 Processes

4.2.1 Unsupervised classification

Upon evaluation of the various analysis techniques in this study, it is evident that an
automated, non-biased method for creating units suitable for a random stratified sampling
is possible. The unsupervised classification of the landsat imagery followed by the
principal component analysis created a well balanced stratification based upon cover
classes and terrain attributes. This method, above all the techniques applied, was the
easiest to complete, the fastest to process, simplest to repeat, and provided the most
statistically sound results across the study area. Results based on satellite imagery,
however, are only repeatable if the same dataset and processing parameters are applied
since seasonal and atmospheric variations, may affect imagery. In this study, a June 25th
Landsat scene from 1992 was used as primary input but a scene from another year for the
same day/month may render differing classification results. Data variability can be dealt
with by means of image enhancement techniques such as band ratioing, principal
component analysis, and atmospheric correction, but ultimately, the repeatability of
classification results are subject to uncontrollable, and oftentimes unmeasurable, subtle
inconsistencies. Despite this, the coverage of a single Landsat scene is roughly 32,400
km2 while detailed habitat mapping (TEM) at the 1:20,000 scale, provides information
for roughly 165km2 per mapsheet. The economy of this digital, non biased alternative, is
noteworthy.

4.2.2 Supervised classification

As for the supervised classification using the Maximum Likelihood Classifier, the lack of
field work meant that it was not possible to qualify what the generic conifer classes are
composed of. There was no data available for a thorough training stage. Although the
accuracy of the classifications (see confusion matrices) was acceptable, they could have
been improved by conducting ground validation. Although the training stage for the
classifications needed a better field sampling, the results indicate that this method can
distinguish cover classes and evaluation of accuracy through separability measures and
confusion matrices is sufficient to discriminate classes. In an operational setting, a proper
accuracy assessment would compare the classification results to field data which were not
part of the training stage (Redmond, 1996).

The training stage is key to successful image analysis in this approach. Block training is
the most common method used during supervised classification, however it violates
independent sampling by permitting the analyst to make potentially biased decisions as to
the size, shape and number of training pixels used to build the spectral signature of a
class (Gong and Howarth, 1990). The single pixel training technique builds spectral class
from single pixels of known ground features. Using randomly spaced pixels produces an
effective classification. Single pixel based training provides a better statistical
relationship with ground truth data since both are related to information about a specific
location.



4.2.3 Neural networks – back-propagation

The back-propagation network (or back-propagating Perceptron) is probably the most
well-known and widely used of neural network systems (Sui, 1994). The back-
propagation network is a type of multilayer feed-forward network that determines
connection weight for the network. Other types of feed-forward networks are the
Perceptron, the Adaline and Madaline networks, the Boltzmann machine, and the Cauchy
Machine (PCI, 1995). Literature on applying neural networks to remote sensing are
generally favorable. Our results from the back-propagation method were not satisfactory,
however, time constraints, processing intensity, and the relative lack of detailed
information on the subject of properly initializing the obtuse input variables of the
network limited our ability to explore this method further.

4.2.4 Neural networks – contextual classification

The optimum window size to use for the contextual classifier was not initially known.
The training areas for this process covered complicated and mixed classes, and it was
expected that a larger window size would produce more accurate and detailed
classifications. A larger sample would increase the likelihood that the algorithm would
assign pixels to correct classes since a larger sample provides a greater range of
comparison in context to the other pixels present within the moving window. The
maximum window size permitted by PCI is 21x21 pixels. Given the orthophoto pixel
ground resolution of approximately 1 meter, this maximum window size represents
440m2 on the ground.

In contrast to the "hands-off" stratification achieved via the isocluster analysis of the
satellite imagery, the fusion of multispectral landsat data with ultra-high resolution
panchromatic orthophoto imagery provided a unique hybrid product. In addition to the
spectral properties of the land cover classes, the complex textual differences between
cover types in this rich data source provided a different challenge in terms of producing a
classification. Traditional "spectral based" image analysis methods could not be
employed. Spectral classifiers evaluate on pixel-by-pixel basis, assume normal
distributions of data, and do not consider the patterns. On the other, the cognitive ability
of Neural Network analysis was demonstrated in the output classification from the
contextual analysis. The ability to automatically discriminate complex cover types, at
levels of detail where individual trees are distinguishable on the image, presents exciting
new possibilities for habitat mapping.

It is becoming increasingly necessary for this high level of classification aptitude to
mature into an accepted form of image analysis. With sensors planned for launch in the
next few years, the availability of inexpensive, high resolution (less than 5 meter
resolution) will necessitate the need to employ advanced classification techniques. Pixel-
by-pixel classifiers will face obsolescence in the coming renaissance within the remote
sensing field.



4.3 Future Research and Recommendations

The use of GIS and remotely sensed data for classification of land covers is an evolving
science. Beginning in late 1997 and onwards, the next generation of earth resource
satellites are scheduled for launch. The spatial resolution of these will range from 10 to 1
meter ground pixel size, and they will have variety of spectral resolutions. While
providing the remote sensing community with fine resolution spectral and spatial data,
there will also be many questions to be addressed to make the data useful. Higher spatial
resolution data will allow for increased ability to accurately delineate forest boundaries,
potentially down to age classes (Corbley, 1997). At the same time the higher spatial
resolution data will exponentially increase the amount of data that will have to be
analyzed and stored.

In the near future with hyperspectral and high spatial sensors being employed to obtain
data, single pass per-pixel classifiers will not be adequate for many classification tasks
(Franklin & Wilson, 1992). Pixels within remotely sensed data contain a high degree of
spatial correlation, but per-pixel classifers ignore this intuitive relationship and decide
class membership based on a single pixel spectral response patterns alone. Spatial
classifers attempt to quantify the degree of spatial correlation and use this information
together with the spectral response pattern to decide class membership. As all scenes
contain a certain degree of this spatial coherence, classifiers that take note of some
measure of spatial homogeneity can yield higher classification accuracy. Spatial
classifers require a minimum of field / training data which are frequently difficult and
expensive to acquire in complex terrain.

Prior to operational use, more research is needed in the classification of high resolution
(less than 10 meters) remotely sensed data, both individually and together, in forests and
mountainous terrain. However, from the results gathered from this study, the following
summarizes a proposed approach for future application of remote sensing for habitat
mapping:

1. Acquire recent multispectral imagery, with red visible, near-IR and mid-IR
bandwidths. Additional use of orthophoto, or preferably, high-resolution (less than 5
meter) panchromatic imagery allows for image fusion for pattern analysis.

2. Conduct an unsupervised classification on the multispectral imagery to stratify the
image into spectrally similar units.

3. Randomly sample the units using a point sampling technique to gather cover
attributes suitable to be used for training classes. The sampling technique may
consider a radius data collection suitable for pattern analysis.

4. Reserve a randomly selected set of points to be used for an accuracy assessment.
5. Use the unreserved point locations from 3. as single pixel training samples for a

multispectral analysis.
6. Contextual classification training areas could be delineated as blocks of a size equal

to the radius of the field sample.
7. Run supervised spectral and spatial classifications, depending upon the scope of the

project, and availability of ground truth



8. Integrate terrain attributes within the classification results and correlate field
observations to resulting stratification.

9. Employ an accuracy assessment which uses the reserved training data for comparison
to the classification result.



Glossary of GIS and remote sensing terms

absorption – a measure of the ability of a surface to absorb incident energy, often at
specific wavelengths

accuracy – is a measure of correctness (agreement) between a standard assumed to be
correct and a classification of unknown quality

breaklines - a change in the continuity of the terrain (e.g. road, water, geomorphological
features)

Digital Elevation Model (DEM) - a generic term describing the digital cartographic
representation of terrain elevations for ground positions at regularly spaced intervals

enhancement - increases the contrasts among the reflectance of the various objects in an
image, facilitating their identification in an analogue interpretation process

electromagnetic radiation - generally defined as the energy produced from the sun, the
visible portion constitutes only a small fraction of the sun’s total energy output, other
regions include: ultraviolet, infrared and microwave

fractals - a shape made of parts similar to the whole in some way

georeferencing - the activity of defining the position of geographical objects relative to a
standard reference grid

GIS (Geographic Information System) - a powerful set of computer tools for collecting,
storing, retrieving, transforming, and displaying spatial data from the real world for a
particular set of purposes

GPS (Global Positioning System) - a system of navigational satellites which continuously
transmit information regarding precise positions on earth

Grid – ARC/INFO term for raster data

Hyperspectral sensor– a sensor with the capability to record up to 256 wavelengths

image analysis - the science of manipulating remotely sensed data for the purposes of
obtaining relevant information

land cover – relates to the type of feature present on the earth’s surface

Landsat TM (Land satellite Thematic Mapper) - series of US satellites, first launched in
1972, presently on Landsat 6, 30 m spatial resolution, 7 spectral bands from blue to
thermal (120 m spatial resolution)



mosaic - a large image assembled from small overlapping images whose edges have been
matched to form a continuous image

multidimensional image classification - technique of combining multispectral and
ancillary data into the classification algorithm

multispectral data - sets of data obtained simultaneously, but each set obtained by sensing
a different region of the electromagnetic spectrum

neural network – a computer architecture that achieves its performance from massive
parallelism and a dense interconnection of simple computational elements, being
developed and researched for their ability to classify image data in a human-like decision
process. Neural networks are computational systems that attempt to mimic human
cognitive ability by using simple, interconnected artificial neurons. A neuron is the
building block of the nervous system. Artificial neurons in neural networks emulate
biological neurons by inputting information, performing very simple tasks, and
selectively passing the results to other neurons. A neural network defines the connectivity
between artificial neurons, and the paths through which information travels.

orthophoto - aerial photograph(s) that has been manipulated so as to reduce distortions
from camera tilt and terrain relief

orthorectification - the manipulation of aerial photographs so as the reduce distortions
from camera tilt and terrain relief

pixel (picture element) - smallest unit of information in raster based data

reflectance – ratio of the intensity of reflected radiation to that of the incident radiation on
a surface

remote sensing - the science of deriving obtaining data of the earth’s surface from a
distance, relying upon the interaction of electromagnetic radiation, either reflected or
emitted, with surface features

spatial resolution - the ability of a sensing system to resolve ground coverage, measured
in meters

spectral resolution - the ability of a sensing system to resolve or differentiate
electromagnetic radiation of different frequencies

spectral response – reflectance value from earth features within a wavelength band

SPOT (le Systeme Pour l’Observation de la Terre) - French satellite launched in 1986, 10
m spatial resolution in panchromatic, 20 m spatial resolution in the optical, ability to look
off-nadir



synergism - merged data from multi-sensors, the merged data provide more information
than the sum of the separate data

TEM (Terrestrial Ecosystem Mapping) - site series mapping, classified, not derived
through establishing rules and undertaking GIS analysis on data sets

temporal resolution - the frequency of coverage of a sensor/platform system

TIN (Triangular Irregular Network) - The TIN model represents a surface as a series of
linked triangles. Triangles are made from three points which can occur at any location..
TIN model creates a network of triangles by storing the topological relationships of the
triangles.

transmittance – the ratio of energy transmitted by a body to that incident on it

WHI (Wildlife Habit Inventory) - a statistically based method for analyzing habitat
utilizing prestratification followed by randomized sampling within strata, may involve
remotely sensed imagery for initial prestratification
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Appendix A – Isocluster Algorithm

The following is an excerpt from PCI, 1995 describing the steps of the isocluster
algorithm utilized for the Grohman study.

Before the algorithm is executed, it is necessary to specify a set Nc of initial centres, Z1,
Z2, ..., ZN. This set, which need not necessarily be equal in number to the desired cluster
centres, can be formed by selecting samples from the given set of data.

For a set of N samples, {X1, X2, ..., Xn}, ISODATA(the program name) consists of the
following principal steps:

STEP 1: Specify the process parameters.

NUMCLUS = number of cluster centres desired;

SAMPRM = a parameter against which the number of samples in a cluster domain is
compared;

STDV = Standard Deviation parameter;

LUMP = Lumping Parameter;

MAXPAIR = Maximum number of pairs of cluster centres which can be lumped;

MAXITER = Maximum number of iterations allowed.

STEP 2: Distribute the N samples among the present cluster centres, using the following
relation:

XinSj, if ||X-Zj|| < ||X-Zi||,

i=1,2,...,Nc; i not equal j for all X in the sample set. In this notation, Sj represents the
subset of samples assigned to cluster center Zj.

STEP 3: Discard sample subsets with fewer than SAMPRM members; that is, if for any
j, Nj<SAMPRM, then discard Sj and reduce Nc by 1.

STEP 4: Update each cluster center Zj, j=1,2,...,Nc, by setting it equal to the sample
mean of its corresponding set Sj; that is,

Zj = 1/Nj S X, j=1,2,...Nc

XinSj

where Nj is the number of samples in Sj. If samples were deleted in step 3, go to step 2.



STEP 5: Compute the average distance Dj of samples in the cluster domain Sj from their
corresponding cluster centre, using the following relation:

Dj = 1/Nj S ||X-Zj||, j=1,2,..Nc

XinSj

STEP 6: Compute the overall average distance of the samples from their respective
cluster centres, using the following relation:

Nc

Do = 1/N S Nj Dj

j=1

STEP 7: If this is the last iteration, set LUMP = 0 and go to step 11; if Nc is less than or
equal to NUMCLUS/2, go to step 8; if this is an even-numbered iteration, or if Nc is
greater than or equal to 2 (NUMCLUS), go to Step 11; otherwise, continue.

STEP 8: Find the standard deviation vector Vj = (V1j, V2j,.. Vnj)' for each sample
subset, using the relation

Vij = sqrt( 1/Nj S (Xik-Zij)**2) i=1,2,..n;

j=1,2,..Nc

where n is the sample dimensionality, Xik is the ith component of the kth sample in Sj,
Zij is the ith component of Zj, and Nj is the number of samples in Sj. Each component of
Vj represents the standard deviation of the samples in Sj along a principal coordinate
axis.

STEP 9: Find the maximum component of each Vj, j=1,2,..Nc, and denote it by Vjmax.

STEP 10: If for any Vjmax, j=1,2,...,Nc, there is Vjmax > STDV and (a) Dj > Do and Nj
> 2(SAMPRM+1) or (b) Nc is less than or equal to NUMCLUS/2, then split Zj into two
new cluster centres Zj+ and Zj-, delete Zj, and increase Nc by 1. Cluster centre Zj+ is
formed by adding a given quantity Gj to the component of Zj which corresponds to the
maximum component of Vj; Zj- is formed by subtracting Gj from the same component of
Zj. One way of specifying Gj is to let it be equal to some fraction of Vjmax. That is, Gj =
k Vjmax, where k is greater than 0 and less than or equal to 1. In this program, k=0.5.

If splitting took place in this step, go to Step 2; otherwise continue.



STEP 11: Compute the pairwise distances Dij between all cluster centres.

Dij=||Zi-Zj||, i = 1,2,..,Nc-1; j=i+1,...,Nc

STEP 12: Compare the distance Dij against the parameter LUMP. Arrange the L smallest
distances, which are less than LUMP, in ascending order:

[Di1j1, Di2j2, ...,DiLjL]
where Di1j1 < Di2j2 < ... DiLjL and L is the maximum number of pairs of cluster centres
which can be lumped together. The lumping process is discussed in the next step.

STEP 13: With each distance Diljl there is an associated pair of cluster centres, Zil and
Zjl. Starting with the smallest of these distances, perform a pairwise lumping operation
according to the following rule:

For l = 1,2,....,L, if neither Zil nor Zjl has been used in lumping in this iteration, merge
these two cluster centres using the following relation:

Zl* = [1/(Nil+Njl)] * [ Nil(Zil) + Njl(Zjl)]

Delete Zil and Zjl and reduce Nc by 1.

It is noted that only pairwise lumping is allowed and that a lumped cluster centre is
obtained by weighting each old center by the number of samples in its domain.
Experimental evidence indicates that more complex lumping can produce unsatisfactory
results. It is also important to note that, since a cluster centre can be lumped only once,
this step will not always result in L lumped centers.

STEP 14: If this is the last iteration, the algorithm terminates. Otherwise go to Step 1 if
any of the process parameters require changing at the user's discretion, or go to Step 2 if
the parameters are to remain the same for the next iteration.

Please refer to Tou, 1974 for more details.



Appendix B - Isocluster Statistics for 16 Class Result

The following an abbreviated report from the PCI ISOCLUSTER algorithm for the 16
class unsupervised classification. Only the initial, first and at last of the 20 iterations are
listed.
ISOCLUS Isodata Clustering V6.1 EASI/PACE 14:33 22-JUN-97
Iteration : 1
No. of Clusters : 16

Cluster Samples Max. Stdv Mean Position:

Band 1 Band 2 Band 3

(1) 0 0 117.81818 120.01818 137.87273

(2) 0 0 150.8042 120.7124 130.67838

(3) 0 0 180.60527 123.45496 126.21973

(4) 0 0 203.08289 131.74326 124.74216

(5) 0 0 226.83751 139.63364 123.78398

(6) 110 130.82071 246.99408 137.49704 137.97041

(7) 6231 99.90537 248.60869 105.04348 202.21739

(8) 22760 99.38769 249.61111 111.22222 225.44444

(9) 13706 125.68202 254.1579 117.63158 250.1579

(10) 2634 132.05614 254.88889 138.55556 255

(11) 169 122.16566 255 164 255

(12) 23 35.72412 214.73334 130.8 210.46666

(13) 18 33.28804 224.8 141.60001 221.60001

(14) 19 36.1098 234.86667 152.39999 232.73334

(15) 9 25.6046 244.93333 163.2 243.86667

(16) 1 10 255 174 255

Cluster No. Discarded : 1
Cluster No. Discarded : 2
Cluster No. Discarded : 3
Cluster No. Discarded : 4
Cluster No. Discarded : 5
Cluster No. Discarded : 16

Total No. of Clusters discarded : 6

Recalculating Clusters Mean Values

Iteration : 1
No. of Clusters : 10

Cluster Samples Max. Stdv. Mean Position:



Cluster Samples Max. Stdv Mean Position:

Band 1 Band 2 Band 3

(1) 1197 6.59175 118.55973 124.62656 139.9398
5

(2) 9936 7.39028 155.00996 129.66153 130.9471
6

(3) 16621 12.99756 178.17905 128.70747 126.8555
5

(4) 11302 18.34233 203.54938 127.27977 122.7666
8

(5) 4497 20.15145 228.40382 128.3251 117.0424
7

(6) 1647 22.17732 249.94171 94.02186 122.1111
1

(7) 430 27.53294 250.94652 63.46511 169.9581
5

(8) 20 40.6662 253.3 88.4 229.1000
1

(9) 19 9.57432 254.42105 114.26316 252.1579
(10) 10 13.08434 250 138.2 253.5

Cluster 4 split
Cluster 5 split
Cluster 6 split
Cluster 7 split
Cluster 8 split

Iteration : 20
No. of Clusters : 15



Cluster Samples Max. Stdv Mean Position:

Band 1 Band 2 Band 3

(1) 1512 9.48805 122.3717 125.3459 138.74339
(2) 9411 6.82951 155.52948 129.45532 130.72935
(3) 8689 5.92812 174.11279 138.78282 128.90471
(4) 5952 7.45318 178.41449 118.48505 125.16146
(5) 4096 8.02628 204.69995 115.76953 120.23242
(6) 1611 9.13788 236.52452 97.2663 115.527
(7) 362 13.01741 253.49448 67.77072 152.18509
(8) 100 18.9157 255 26.15 195.42
(9) 122 17.41002 233.19672 105.90164 175.39345

(10) 49 16.68494 252.9796 116.63265 240.0204
(11) 6708 7.10881 195.15324 139.80397 124.743
(12) 2953 9.94843 220.979 143.88419 119.19065
(13) 1570 10.4871 235.63185 123.19172 115.51402
(14) 890 10.75375 248.25281 78.82584 123.14494
(15) 1654 9.29829 211.35732 95.4867 124.45768

FINAL RESULTS :

NO. OF CLUSTERS : 15

CLUSTER PIXELS MEAN POSITION :



Cluster Samples Mean Position:

Band 1 Band 2 Band 3

(1) 17468 122.2107 125.2331 138.8046
(2) 109143 155.41 129.4076 130.7371
(3) 102117 173.9053 138.7755 128.939
(4) 69267 178.088 118.5397 125.1327
(5) 77838 194.8423 139.9696 124.8446
(6) 47283 204.3697 116.5653 120.3777
(7) 20916 210.9123 96.1103 124.0137
(8) 34808 220.5892 143.9204 119.2392
(9) 1424 232.493 104.6636 174.6952

(10) 18482 235.7023 124.1237 115.5519
(11) 19061 235.7025 98.1594 115.8368
(12) 10721 248.2089 79.4925 121.4968
(13) 729 250.2277 117.8491 237.7942
(14) 4583 253.1156 68.3083 150.6771
(15) 1242 255 27.372 194.4308

535082

ISOCLUS Isodata Clustering V6.1 EASI/PACE 14:33 22-JUN-97

g:\projects\grohman\landsat92\lan92spot.[S 20BIC 1929P 1834L] 19-Jun-97

Class 15: WARNING, Statistics have been reconditioned!!

Standard deviation 1 was forced from 0.00000000 to 0.001

Correlation matrix cell ( 1, 1) was forced from 0.000000 to 1.00



Appendix C - Spectral Separability Report

The following reports are from the PCI ClassWorks module. They report on the spectral
separability between training areas used for the Maximimum Likelihood Classifier.

Block Training Areas

SEPARABILITY MEASURE: Bhattacharrya Distance

Average Separability : 1.868285

Minimum Separability : 1.104926

Maximum Separability: 2.000000

Signature Pair with Minimum Separability:(decid,conifer4)

SEPARABILITY MATRIX



Name Water rock clouds urban conifer2 decid snow decidwrk conifer1 conifer3

rock 1.992782

clouds 2 1.976667

urban 1.999963 1.41952 1.976297

conifer2 2 1.993732 2 1.960497

decid 1.999946 1.995748 1.999988 1.929587 1.854303

snow 1.999817 1.861285 1.997795 1.812588 1.994135 1.993548

decidwrk 1.999977 1.489555 1.98083 1.725007 1.929815 1.784077 1.89735

conifer1 1.999969 1.949969 2 1.983624 1.563879 1.969826 1.993204 1.967392

conifer3 1.996904 1.734902 1.999342 1.898999 1.73095 1.901829 1.944068 1.387471 1.259105

conifer4 1.999993 1.994769 1.999999 1.919892 1.344337 1.104926 1.992113 1.825474 1.888885 1.839016



Single Pixel Training Areas

SEPARABILITY MEASURE: Bhattacharrya Distance

Average Separability:1.918574

Minimum Separability:1.160676

Maximum Separability:2.000000

Signature Pair with Minimum Separability:(rock,urban)

SEPARABILITY MATRIX



Name rock water urban clouds snow shadow rkwveg conifer1 conifer2 conifer3

water 1.999896

urban 1.160676 1.999036

clouds 1.924088 2 1.861733

snow 1.920077 1.999682 1.846056 1.980579

shadow 1.999953 1.830817 1.999822 2 1.999825

rkwveg 1.590612 1.999293 1.771452 1.968993 1.937135 1.99872

conifer1 1.999079 1.999902 1.982398 1.999957 1.994022 1.987621 1.924824

conifer2 1.999442 1.999999 1.953995 1.999921 1.99546 1.999999 1.892323 1.601719

conifer3 1.999121 2 1.939947 1.999935 1.997765 1.999999 1.876822 1.970355 1.514359

decidu 1.990373 2 1.95344 1.999371 1.997351 2 1.734706 1.998536 1.966121 1.464274



Appendix D – Classification Confusion Matrix and Accuracy Report

The following are reports from the PCI ClassWorks module. The report confusion
between classes and the overal accuracy from the Maximum Likelihood Classifier.

Block Training Areas

CLASSIFICATION TOTALS

Name Code Pixels %Image Thres Bias
water 1 47258 1.34 3 1
rock 3 43112 1.22 3 1
clouds 4 5985 0.17 3 1
urban 5 52947 1.5 3 1
conifer2 7 289287 8.18 3 1
decid 10 79088 2.24 3 1
snow 8 3708 0.1 3 1
dec/rck 13 121533 3.44 3 1
conifer1 9 326410 9.23 3 1
conifer3 12 254992 7.21 3 1
conifer4 11 216974 6.13 3 1
NULL 0 2096492 59.26
Total 3537786 100

CONFUSION MATRIX

Areas Percent Pixels Classified by Code



Name Code Pixels 0 1 3 4 5 7 8 9 10 11 12 13

water 1 1711 2.28 97.55 0 0 0.06 0 0 0.06 0 0.06 0 0

rock 3 1122 2.67 0 86.1 0 2.41 0 0.27 0 0 0.09 2.05 6.42

clouds 4 713 3.23 0 0 96.77 0 0 0 0 0 0 0 0

urban 5 555 1.8 0 5.05 0 90.63 0 0.72 0 0 0 0.36 1.44

conifer2 7 897 0.11 0 0 0 0 92.2 0 2.34 0 4.35 1 0

snow 8 165 1.21 0 0 0 0 0 98.8 0 0 0 0 0

conifer1 9 1338 0.52 0 0 0 0 3.21 0 88.71 0 0 7.55 0

decid 10 863 0.93 0 0 0 0 0.35 0 0 79.84 15.3 0.58 3.01

conifer4 11 606 0.33 0 0 0 0 8.91 0 0.17 7.92 81.19 0.83 0.66

conifer3 12 986 0.2 0 0.3 0 0.1 1.93 0 7.91 0 3.04 79.92 6.59

dec/rck 13 914 0.55 0 3.39 0.11 0.66 0 0 0 3.83 0.44 11.93 79.1



Average accuracy = 88.25 %

Overall accuracy = 88.12 %

KAPPA COEFFICIENT = 0.86705 Standard Deviation = 0.00363

Confidence Level :
99% 0.86705 +/- 0.00936
95% 0.86705 +/- 0.00711
90% 0.86705 +/- 0.00597

Single Pixel Training Areas

CLASSIFICATION TOTALS

Name Code Pixels %Image Thres Bias
rock 1 35843 1.01 3 1
water 2 45253 1.28 3 1
urban 3 60545 1.71 3 1
clouds 4 8474 0.24 3 1
snow 5 2698 0.08 3 1
shadow 6 7588 0.21 3 1
rkwveg 7 358547 10.13 3 1
conifer1 8 308567 8.72 3 1
conifer2 9 328379 9.28 3 1
conifer3 10 183020 5.17 3 1
decidu 11 75185 2.13 3 1
NULL 0 2123687 60.03
Total 3537786 100

CONFUSION MATRIX

Areas Percent Pixels Classified by Code



Name
Pixels

0 1 2 3 4 5 6 7 8 9 10 11

rock 1 84 3.57 78.57 0 7.14 0 0 0 10.71 0 0 0 0

water 2 80 8.75 0 90 0 0 0 1.25 0 0 0 0 0

urban 3 75 2.67 9.33 0 86.67 0 0 0 0 0 0 0 1.33

Clouds 4 78 3.85 0 0 0 96.15 0 0 0 0 0 0 0

snow 5 62 1.61 0 0 0 0 98.39 0 0 0 0 0 0

Shadow 6 78 2.56 0 3.85 0 0 0 93.59 0 0 0 0 0

Rkwveg 7 76 0 2.63 0 2.63 0 0 0 89.47 0 0 0 5.26

conifer1 8 74 1.35 0 0 0 0 0 0 1.35 91.89 5.41 0 0

conifer2 9 61 0 0 0 0 0 0 0 0 3.28 93.44 3.28 0

conifer3 10 66 1.52 0 0 0 0 0 0 0 0 4.55 81.82 12.12

decidu 11 81 3.7 0 0 0 0 0 0 4.94 0 0 9.88 81.48

Average accuracy = 89.23 %

Overall accuracy = 88.96 %

KAPPA COEFFICIENT = 0.87878 Standard Deviation = 0.01202

Confidence Level :
99% 0.87878 +/- 0.03101
95% 0.87878 +/- 0.02356
90% 0.87878 +/- 0.01977



Appendix E - Contextual Classification Report

CONTEXT Contextual Classification V6.1 EASI/PACE 12:34 04-JUN-97

g:\projects\grohman\analysis\neural\cont[S 12BIC 4800P 4800L] 02-Aug-97

Segmen
t

Name Code Pixels % Image

2 TRN Rock 2 657626 3.08
3 TRN Herb 3 1709447 8
4 TRN Wate 4 503002 2.36
5 TRN Shru 5 2036623 9.54
6 TRN Deci 6 2831125 13.26
7 TRN Con1 7 4258094 19.94
8 TRN Con2 8 3845460 18.01
9 TRN Con3 9 3300951 15.46
10 TRN Con4 10 2121882 9.94




