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Pixel-based classifications of remotely sensed image data have considerable difficulty dealing with the rich information embedded in high resolution imagery. The object-oriented classification paradigm has the potential to overcome these difficulties by
using the spectral, spatial and contextual characteristics of groups of pixels. Over the past decade, several object-oriented classification software tools have been developed, each with their own capabilities and shortcomings. In this research we compare
two of these techniques - Definiens Developer (eCognition) and Overwatch Feature Analyst - for the extraction of anthropogenic disturbance features in high resolution colour infrared images of the boreal forest. Procedurally, Definiens Developer
segments an image into objects of various sizes and then classifies them using a rule set based on user-defined attributes. The
Feature Analyst software, on the other hand, uses training samples, hierarchical learning cycles, and algorithm settings to extract
objects in the image. We demonstrate that both methodologies are effective in extracting areas of anthropogenic disturbance in
images dominated by the natural environment. We conclude that the Definiens Developer software can provide better results
for extracting and classifying the disturbance features when multiple scenes are involved.
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Introduction

Objectives

Anthropogenic disturbances in natural environments are of concern because of their environmental, economic, and social impacts (Godfrey-Smith 1979). Environmental stewards are concerned because such disturbances destroy wildlife habitats and
upset ecological cycles. Resource economists take note because
of changes in the economic potential of the disturbed area. Such
landscape changes are also an issue to society at large because
of the intrinsic values we place on wilderness areas. Our ability to map the extent of such disturbances is often hampered
by the vastness and remoteness of the natural environments in
which they occur. The repetitive, synoptic, and non-contact perspective afforded by remote sensing technologies makes them
an ideal source of data for mapping human impacts in remote
areas. However, the detection and delineation of anthropogenic
disturbances in remotely sensed imagery is still an imperfect science (Ranson et al. 2003).
The development of accurate algorithms for the extraction of
human disturbance features (linear and polygon) from remotely
sensed imagery has long been a focus of remote sensing research
(e.g. Fischler et al. 1981; Gruen et al. 1997; De Kok et al. 1999;
Witztum and Stow 2004; Kaiser et al. 2004; Hiker et al. 2009).
Among the most frequently used unsupervised and supervised
classification algorithms are the parallelepiped, minimum distance and maximum likelihood techniques (Piwowar 2005). Out
of these, the maximum likelihood algorithm is preferred because
of its higher accuracy (Curran 1985; Campbell 2007). However,
as higher resolution imagery becomes more available, these pixel-based classification algorithms become less useful because of
their difficulties dealing with the enhanced spatial information
(Blaschke and Strobl 2001; Myint et al. 2011).
A better way to extract spatial information from high resolution imagery is with object-oriented classification methods. Unlike pixel-based classifications, object-based classifications segment images using spectral, spatial and contextual information
inherent in the data (Baatz and Schape 2000). An object-based
classifier makes inferences about the size and shape of objects
in a scene by examining them in the context of their surrounding
objects (Benz et al. 2004). For example, Kim et al. (2009) used
an object-oriented classification to map specific forest types
from satellite-based IKONOS imagery while Yang (2003) applied the method for detecting urban land-cover changes using
Landsat TM/ETM+ and aerial photography. Some other examples of object-oriented classification can be found in Geneletti et
al. (2003), Shackelford et al. (2003) Wiseman et al. (2007), Yu
et al. (2006), Mitri and Gitas (2002), Volker (2004), and Mirik
and Ansley (2012).
Two of the principal algorithms for object-oriented classification – image segmentation and machine learning – have been
implemented in the commercial software packages Definiens
Developer (also known as eCognition) and Feature Analyst, respectively. In this article we evaluate the effectiveness of Definiens Developer and Overwatch Feature Analyst for extracting anthropogenic disturbance features from remotely sensed imagery.

Within the context of developing a semi-automated approach
for identifying spatial features in high resolution imagery over
a large area, we compared how well Definiens Developer and
Overwatch Feature Analyst could extract anthropogenic disturbances in digital colour infrared air photos. Specifically, our objectives were to:
• Evaluate the suitability of colour infrared air photos as
a data source for the extraction of disturbance features
using an object-based method;
• Compare the effectiveness of the image segmentation
and machine learning algorithms, as implemented in
Definiens Developer and Overwatch Feature Analyst, respectively, in extracting disturbance features; and
• Establish the applicability of these methods for regional
analyses where multiple images are required.
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Study area
Saskatchewan, one of Canada’s Prairie Provinces, is situated
near the centre of the North American landmass. It covers an
area of 588,239 km2. The population of the province is estimated at 1,033,381 (Statistics Canada 2012), with people living predominantly in the southern half. The sparsely populated
provincial forest dominates the boreal ecozones of northern Saskatchewan and covers an area of approximately 343,000 km2
(Saskatchewan Ministry of Environment 2009). Increased interest in exploiting the tree and fossil fuel resources found in the
forest is putting pressure on this natural environment (Schneider
et al. 2003). Anthropogenic disturbances such as trails, seismic
lines, transmission lines, forest roads and forestry cut blocks are
becoming common, affecting natural ecosystem processes (Heilman et al. 2002). In order to assess the extent of such anthropogenic disturbances a detailed inventory is required.
In order to evaluate the effectiveness of the object-oriented
classification software, three test sites were selected from the
inventory of mining activities within the Boreal Shield ecozone
of the province (Figure 1).

Data
Colour infrared airphotos were obtained from the Saskatchewan
Geospatial Imagery Collaborative (SGIC; www.flysask.ca).
These images were acquired in 2008 and 2009 at a resolution of
60cm under leaf-off and ice-off conditions (Figure 2). The digital image data are composed of 3 spectral bands: green, red, and
near-infrared and each scene had a default enhancement applied.

Methods
Both Overwatch Feature Analyst 5.0 (Overwatch Systems Ltd.)
and Definiens Developer 7.0 (Definiens AG) software systems
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Study Site A: October 1, 2008

Study Site B: September 13, 2009

Study Site C: May 28, 2008

Figure 1
Location of study areas.

Figure 2
Colour infrared airphotos of the three study sites.

were used to locate anthropogenic disturbances in each of the
three study sites. As described below, the parameters of each
program were adjusted in order to achieve the best possible
results (i.e. to minimize errors of omission and commission).
The efficacy of each approach was visually assessed against a
manual interpretation of the aerial photographs.

Feature Analyst’s rules characterize image objects not only
using their spectral properties but also using various spatial algorithms, such as “narrow linear feature”, “wide linear feature”,
“natural feature”, “small man-made feature”, “man-made feature”, “land cover feature”, “water mass feature”, and “building
feature”. Each algorithm has different parameters, or criteria, for
extraction of features/objects from imagery. The software then
classifies each pixel based on the trained samples created using
knowledge based recognition.
The initial training results are improved through a process
called the “hierarchical learning cycle”. In the cycle the user
fine-tunes the classification by iteratively selecting correct and

Feature Analyst
From a user’s perspective, Feature Analyst works in a fashion
similar to a supervised classification of multispectral imagery.
The user first creates training samples to recognise similar objects in the image. The software analyzes the features in the
training samples and develops rules (analogous to spectral signatures) to describe their properties. These rules are then applied
to each pixel to classify the entire scene. However, this is where
the similarity with multispectral classification ends.
Prairie Perspectives: Geographical Essays (Vol. 16)
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incorrect examples from the initial result. The output features
are then aggregated, smoothed and converted to vector format.
We developed a workflow of iterative training for object extraction (Figure 3). For each image, 15 training samples, were
digitized since multiple training samples are required if more
than one type of feature is to be extracted. We concentrated our
training samples on those areas where disturbances were evident. The following criteria were found through experimentation
to optimize the feature extraction across all three of the study
sites: a) using the three multispectral bands from each airphoto;
b) employing the “man-made feature” algorithm; c) setting the
input representation: pattern width to be 25; and d) ensuring the
“aggregate” and “smooth” output options were selected. The
supervised learning tool was then activated to facilitate the finetuning of the ruleset parameters and criteria. Two cycles of hierarchical learning were found to produce the best results.
Definiens Developer
Definiens Developer begins with a process called “segmentation” where an image is divided into a multitude of image objects based on four criteria: scale, colour, smoothness, and compactness. The scale parameter determines the threshold of image
object heterogeneity, i.e. how similar features need to be in order
to be contained in a single image object. The size of the image
objects found is dependent on the scale parameter: higher values result in larger image objects, while lower values produce
smaller image objects. The concept of object homogeneity is
defined by the other three criteria: colour, smoothness and compactness. For example, more homogeneous objects will have
less colour variability, tend to have larger patches of the same
colour, and have a more circular shape. Parameters for each of
the four criteria are typically enumerated interactively by testing
their effectiveness on different image subsets. The criteria can
be combined in various ways to optimize the homogeneity of
the image objects.
From among the different segmentaton algorithms that
Definiens provides (the list includes chessboard, quadtree based,
contract split, multiresolution, spectral difference, and contrast
filter segmentations) the most commonly used approach is multiresolution followed by spectral difference. In this method, the
image is segmented multiple times at different spatial resolutions and the resulting image objects are subsequently merged
based on their spectral similarities with the spectral difference
algorithm.
After segmentation, the resulting image objects are labelled
with their real-world identities (e.g. seismic line) through a classification process. The classification depends on a set of rules
that operate on the spectral and spatial characteristics of each
object.
In this research, we used multiresolution and spectral difference segmentations to delineate and extract disturbance features
from the air photos following the workflow outlined in Figure
4. The estimate scale parameter (ESP) tool (Drǎguţ et al. 2010)
was used to optimize the scale parameter at 110. Similarly, the
associated shape and compactness values were set at 0.6 and 0.5,
respectively.
Prairie Perspectives: Geographical Essays (Vol. 16)

Figure 3
Workflow of Feature Analyst.

The following rules were defined to classify the segmented
objects:
• If the red band value was less than 135, then classify as
water and lake areas.
• If all three bands had values less than 140, then classify as
vegetation.
• If the image object’s size was less than 3 ha, then classify
as non-disturbed.
• If the relative border (tonal change) between the image
object and a vegetated area was less than 0.8, then classify as non-disturbed.
• Else, classify as disturbed.
Following the classification, the individual features that were
classed as disturbed were merged into larger disturbance units.
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and understand how the software works. High accuracies have
been reported for the delineation of cut blocks (Flanders et al.
2003) and shelterbelts (Wiseman et al. 2009). In this paper, we
were also able to qualitatively determine a high level of accuracy. In order to establish the applicability of this software for regional analyses, we tested the transferability of a rule set across
several scenes. A rule set was built using one of the images and
was subsequently applied to the other scenes. We demonstrated
that we were able to also classify the disturbance features in
other scenes at a relatively high accuracy based on the ruleset
derived from an external scene.
The Feature Analyst software has the demonstrated capacity
to extract vector features from high resolution imagery. Feature
Analyst follows an established image processing paradigm (supervised classification) and thus is easy to learn within a short
time frame. It uses training samples and algorithm settings to
classify the image. When appropriate training data are used,
Feature Analyst has the capacity to produce accurate results.
For example, Miller et al. (2009) recorded an overall accuracy
of 92% when extracting impervious and pervious features in a
multispectral image. We tested the transferability of the final
training sample across scenes and obtained very poor results.
Consistent with the findings of Aksoy et al. (2010), we concluded that image specific training samples were required to produce
acceptable results for each image to be analyzed.
As documented in Figure 2, the test images were acquired
in different seasons and years. It is interesting to note that both
algorithms were able to cope with these differences.

Conclusion

Figure 4
Workflow of Definiens Developer.

In this work, we compared the efficacy of object-oriented image
analysis algorithms for the extraction of anthropogenic disturbance features from digital colour infrared airphotos of a boreal
forest region. The high resolution of the colour infrared images
used proved to be highly effective for detecting and extracting
disturbance features from the imagery. Two object-oriented feature extraction algorithms were tested. Both Definiens Developer (eCognition) and Overwatch Feature Analyst demonstrated
high capabilities for locating disturbance features in our test
sites. Definiens Developer is much better at transferring its rulesets across multiple images. However, this was not the case for
the Feature Analyst software. It required fresh training samples
for each new image that was added to the study. The rule set
classification could be used for further feature extraction in other
parts of the province. Thus, for large area disturbance analyses,
Definiens Developer has demonstrated superiority over Feature
Analyst and is therefore the tool to use.

Results and discussion
Baatz and Schape (2000) showed that the human eye is acknowledged as a strong and reliable source for evaluating segmentation techniques and image classification. It was not part of
our objectives to provide a quantitative comparison of the two
methods; however, a visual assessment against a manual interpretation of these sites revealed that both algorithms accurately
represented the disturbed areas, albeit in very different ways.
Following two cycles of hierarchical learning, the anthropogenic disturbances identified by Feature Analyst are shown in
Figure 5. Definiens Developer uses the segmentation method to
construct a hierarchical network of image objects that represents
the image information for the spectral, spatial, and contextual attributes (Figure 6). Although the results of both processes appear
to be very different, in reality they both satisfy the objective of
extracting disturbance features using an object-based method.
Definiens Developer (eCognition) software is a powerful development suite for image processing. However, there is a steep
learning curve for acquiring the skills required to effectively use
Prairie Perspectives: Geographical Essays (Vol. 16)
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Figure 5
Disturbance features detected by Feature Analyst.
Prairie Perspectives: Geographical Essays (Vol. 16)
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Figure 6
Definiens Developer multiresolution segmentation (left) and spectral difference segmentation (right).
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