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ABSTRACT: Forest monitoring information needs span a range of spatial, spectral and temporal scales. Forest management and monitoring are
typically enabled through the collection and interpretation of air photos,
upon which spatial units are manually delineated representing areas that
are homogeneous in attribution and sufficiently distinct from neighboring
units. The process of acquiring, processing, and interpreting air photos is
well established, understood, and relatively cost effective. As a result, the
integration of other data sources or methods into this work-flow must be
shown to be of value to those using forest inventory data. For example,
new data sources or techniques must provide information that is currently
not available from existing data and/or methods, or it must enable cost efficiencies. Traditional forest inventories may be augmented using digital
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remote sensing and automated approaches to provide timely information
within the inventory cycle, such as disturbance or update information. In
particular, image segmentation provides meaningful generalizations of image data to assist in isolating within and between stand conditions, for extrapolating sampled information over landscapes, and to reduce the impact
of local radiometric and geometric variability when implementing change
detection with high spatial resolution imagery. In this Chapter, we present
application examples demonstrating the utility of segmentation for producing forest inventory relevant information from remotely sensed data.

Introduction
Information needs for forest characterization span across a range of spatial
scales - both in terms of areal coverage and level of detail required - and
across information needs, ranging from resource management and conservation, through to land use planning. The areal extent over which information are required varies from tens to millions of hectares. Remotely sensed
data is often seen as a practical and cost effective means to represent forest
conditions. An ever expanding suite of air- and space-borne sensors are
available that collect data across a wide range of spatial and spectral resolutions. High spatial resolution data may be selected for fine scale characterizations. Alternately for wide-area studies, lower spatial resolution data
may be utilized to provide a more generalized perspective. The image extent is typically tied to a given spatial resolution, with smaller pixels forming images with smaller extents (or footprints). For example, Landsat-5
Thematic Mapper (TM) and Landsat-7 Enhanced Thematic Mapper Plus
(ETM+) data have a 185 by 185 km image footprint with six 30 m (multispectral; MS) bands and one 15 m (panchromatic; PAN) band; IKONOS
has up to a 10 x 10 km footprint with four 4 m (MS) bands and one 1 m
(PAN) band. The reader is referred to Franklin et al. (2002) for a more detailed discussion of the relationship between image extent, spatial resolution, and data cost. Trade-offs are typically required between image spatial
and temporal resolution that have implications for data selection. Generally, medium resolution satellites such as Landsat, will revisit the same location once every 16 days, while high spatial resolution imagery such as
IKONOS and QuickBird have longer revisit period (144 days for Ikonos
for true nadir), albeit it can be shortened to 1 to ≈4 days due to the offnadir acquisition capabilities (up to 30°) of these satellites (Coops et al.
2006).

Pixels to objects to information

347

Forest characterization will often require generalization of detailed
large-scale data to produce maps that depict large areas for management
purposes. Air photo interpretation involves the delineation of polygons
representing areas homogenous in terms of the relevant forest attributes,
and is the most common approach for initially generating a forest inventory. The ability to develop meaningful units for management from midscale (1:25,000 to 1:50,000) photography provides a cost effective and established means for spatial data generation. Forest inventory is supported
by field data collection and calibration of the units and attributes interpreted from the photos. Shortcomings in this interpretive approach include
inconsistencies in the interpretation process (both object delineation and
attribution), time to produce products, and update cycle. For example, in
1:10,000 to 1:20,000 scale photography, accuracies are generally 70–85%
for main species in a stand, but can be lower (Leckie et al. 2003). In addition, inventory data volumes are often enormous, with manual interpretation typically completing 5–15 photos per day. This represents approximately one photo per hour, or 400 new hectares and 10–15 stands per hour
(Leckie et al. 1998; data of Leckie and Gillis 1995), with similar numbers
for mid-scale photography. Shortcomings notwithstanding, no other currently available data source can provide the same combination of affordability and level of detail.
Development of digital remote sensing techniques that are supportive
and complementary to current operational forest inventory approaches are
desired. For instance, remotely sensed data can provide information that
augments the forest inventory with attributes of interest, produces update
(change) information, or enables increased automation of expensive and
inconsistent elements of the forest inventory production process. Image
segmentation is one such technique capable of supporting forest inventory.
Image segmentation is the partitioning of a digital image into a set of
jointly exhaustive and mutually disjoint regions that are more uniform
within themselves than when compared to adjacent regions (uniformity being evaluated by a dissimilarity measure with which the partition itself is
constructed). There are hundreds of image segmentation algorithms that
have been developed, not only for remote sensing applications, but also for
computer vision and biomedical imaging. The techniques are so varied that
there is no up-to-date review in the literature; the last comprehensive attempt was made more than a decade ago (Pal and Pal 1993). However, in
the context of forest inventory, only a few methods have been applied,
which are mostly based on region merging (e.g. Hagner 1990; Woodcock
and Harward 1992; Baatz and Schape 2000; Pekkarinen 2002). This process consists of the sequential aggregation of adjacent regions according to
their similarity until a stop criterion is reached, which can be based on ei-
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ther a similarity or a size threshold. So far, only one of these methods, the
multi-resolution segmentation of Baatz and Schape (2000), has been implemented into commercial software (eCognition; Definiens Imaging
GmbH 2002). The segmentations produced with eCognition are typically
visually appealing; although, a disadvantage is the need for users to iteratively deduce useful segmentation levels through trial and error (Hay et al.
2003). Further, the algorithms employed in eCognition are proprietary, and
are described only thematically. Feature Analyst is an additional commonly used commercially available software package for image segmentation; it too has some subjective and iterative training requirements1. A
more recently developed algorithm, Size-Constrained Region Merging
(SCRM), enables the user to explicitly control the size of the output regions and the complexity of their boundaries (Castilla et al. In Press).
The objective of this Chapter is to demonstrate the utility of image segmentation within a forest inventory context. Consequently, in this Chapter,
we present examples of applications where image segmentation routines
have been applied to aid in the generalization and attribution of remotely
sensed forest data. A comparison of the strengths and weaknesses of differing algorithms is beyond the scope of this communication. Applications
include estimating time since forest disturbance, extending a sample of
Light Detection and Ranging Data (LIDAR) data across a broader area for
the purposes of forest inventory height update, and a segment based comparison of forest change over time. Segmentation ‘opportunities’ and ‘issues’ related to individual tree level change detection are also presented,
followed by potential uses of segmentation as part of the forest inventory
process. Finally, we summarize our findings and indicate future directions
and opportunities for segmentation to aid in meeting forest characterization
information needs.

Applications
Lidar and spectral data fusion to enable extension of forest
inventory attributes
Optical remotely sensed imagery is well suited for capturing horizontally
distributed conditions, structures, and changes (Wulder 1998), while
LIDAR data are more appropriate for capturing vertically distributed elements of forest structure and change (Lefsky 2002). The integration of optical remotely sensed imagery and LIDAR data provides improved oppor1

http://www.featureanalyst.com
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tunities to fully characterize forest canopy attributes and dynamics. Medium resolution remotely sensed data such as Landsat is relatively inexpensive to acquire over large areas (Franklin and Wulder 2002), whereas
LIDAR covers small areas, at a high cost per unit area (Lim et al. 2002).
As a result, these two data types may be combined to generate estimates of
stand height over large areas at a reasonable cost (Hudak et al. 2002).
Forest inventories in Canada are typically updated on a 10 year cycle
(Gillis and Leckie 1993). Applications requiring up-to-date estimates of
height must often use growth and yield modeling to predict changes to
height over time, based on a number of other inventory attributes. Wulder
and Seemann (2003) presented an approach where image segments generated from large-extent Landsat-5 Thematic Mapper (TM) data were used to
extend height estimates from samples of LIDAR data collected with the
Scanning LIDAR Image of Canopies by Echo Recovery (SLICER) instrument. SLICER records data on canopy height, vertical structure, and
ground elevation, collecting 5 full waveform footprints, typically resulting
in a narrow-transect (< 50 m). Image segments were generated
from Landsat-5 TM bands 1 to 5 and 7 using eCognition’s segmentation
algorithm (Definiens Imaging GmbH 2002).
Initially, Wulder and Seemann (2003) examined the empirical relationship between LIDAR height estimates and the height attribute of the corresponding forest inventory polygon. This method used the mean height of
all the LIDAR hits within each forest inventory polygon and resulted in a
regression model with an R2 of 0.23 and a standard error of 4.15 m. Subsequently, Wulder and Seemann (2003) decomposed the image-based segments generated from the Landsat-5 TM data to the forest inventory polygons (Wulder and Franklin 2001). The result was that each forest
inventory polygon was partitioned into spectrally homogenous sub-units,
similar to the examples provided in Figure 1. The mean LIDAR height
within each of these polygon sub-units was determined, and then an areaweighted mean height was generated for each forest inventory polygon. A
regression model built using this area weighted mean LIDAR height, calculated from the within stand image segments, resulted in a R2 of 0.61 and
a standard error of 3.15 m. 80% of the forest inventory polygons had
LIDAR height estimates within ± 6 m of the existing inventory height. Independent validation data was used to subsequently test the model, generating a R2 of 0.67 and a standard error of 3.30 m. In this application, remotely sensed imagery, LIDAR, and forest inventory were combined to
estimate stand height over a 7000 km2 area, based on a 0.48% LIDAR
sample that covered 33.9 km2. The image-based segments were critical for
developing an appropriate regression model, and in turn, for extrapolating
the LIDAR estimates across the larger area.
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Time since disturbance estimation
Modeling of forest carbon dynamics requires precise information regarding when a disturbance occurred and the age of the subsequent regenerated
forest. As mentioned earlier, forest inventory data is not always up-to-date.
In order to provide information required for modeling purposes, Wulder et
al. (2004a) used Landsat-7 ETM+ data and derived tasseled cap transformation (TCT) (Crist and Cicone 1984) values to estimate the age of lodgepole pine (Pinus contorta) stands from approximate time of disturbance to
20 years of regeneration. Image segmentation was employed to aid the removal of pixels representative of residual forest and other noncharacteristic stand conditions within forest inventory polygons, thereby
improving the relationship between Landsat spectral values and the age of
the forest stand.
Forest inventory polygons capture a homogenous assemblage of forest
attributes (Gillis and Leckie 1993); however, the spectral response within
any given forest inventory polygon is highly variable (Wulder 1998) and
the disparity in the relationships between spectral values and forest inventory attributes has been demonstrated (Wulder et al. 1999). Thus, when the
Landsat-7 ETM+ imagery is segmented, groups of pixels with similar
spectral values are generated; when these groups are then combined with
the forest inventory polygons using polygon decomposition, the inventory
polygons are stratified into sub-units representing the variability in the distribution of trees within the inventory polygon. For example, a stand, as
represented by a forest inventory polygon, may have been harvested; however, some residual forest may have been left behind to serve a specified
management function (e.g. a wildlife tree patch). This patch of residual
forest will likely have spectral properties different from the harvested area
surrounding it, and as a result would be segmented into a separate sub-unit
within the inventory polygon. In a study by Wulder et al. (2004a), a total
of 1305 segments were created, 65% more than the number of polygons in
the inventory (809). Examples of four inventory polygons and their associated segments are provided in Figure 1. The thicker vectors in Figure 1 indicate the boundary of the original forest inventory polygon, while the
thinner vectors represent the polygon segments.
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Fig. 1. Illustrative examples of polygon segmentation for four forest inventory
polygons. The Landsat ETM+ image used to generate the spectrally homogenous
segments is shown in the background

Wulder et al. (2004a) then applied a set of rules to determine which of
the polygon sub-units actually represent harvest conditions, and which represent residual stand structure or were not indicative of post-harvest conditions. Landsat bands 3, 4, 5 and 7, along with TCT components brightness,
greenness, and wetness were used as independent variables (for background, see Healey et al. 2005, 2006). Stand age, as estimated in the forest
inventory, was used as the dependent variable.
For comparative purposes, age estimates were generated using two different approaches. In the first approach, estimates of stand age were based
on the mean spectral value of all the pixels in the polygon, including any
residual forest and roads or landings within the polygons. In the second
approach, the image pixels representing these features and other noncharacteristic stand conditions were removed and the mean value of only
the remaining segments was used to represent the age of the stand; a segment-based area weighted estimate of age was then generated for the remaining segments in each polygon. In Figure 1, only those segments
marked with an ‘x’ would have been used in height estimation.
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The inventory stand age was found to be negatively correlated with
Landsat-7 ETM+ spectral response. The strongest correlation to stand age
was found using the TCT wetness component (R = 0.56 for the inventory
polygons and R = 0.78 for the segments within the polygons). The use of
the polygon segments was more successful at generating an estimate of
stand age, as indicated by the larger correlation coefficient values and the
univariate and multivariate regression models: a step-wise multivariate regression procedure resulted in a R2 of 0.68 with a standard error of 2.39
years. By comparison, the regression model generated using just the forest
inventory polygons had a R2 of 0.46 with a standard error of 2.83 years.
From a carbon modeling perspective, the ability to estimate stand age to
within 3 years, where no other current age information is available, provides a useful option for model input. In this application, the image segments served to stratify the forest inventory polygons and improved the relationships between Landsat-7 ETM+ spectral response and inventory age.
This experiment adds a new segment- or object-based dimension to the literature which confirms the validity of empirical modeling, or regression
based approaches, to estimate stand age.
Capture of large area forest dynamics
Forest dynamics are characterized by both continuous (i.e., growth) and
discontinuous (i.e., disturbance) changes. Wulder et al. (2007) used a combination of LIDAR and remotely sensed imagery to characterize both the
horizontal and vertical forest structure over a large area in the boreal forest
of Canada. Their study uses two SLICER LIDAR transects, each approximately 600 km in length. The first transect was collected in 1997 and the
second transect was collected in 2002. Image segments were generated
from Landsat-7 ETM+ imagery using the same procedure as Wulder and
Seemann (2003). The image segments provided a spatial framework within
which the attributes and temporal dynamics of the forest canopy were estimated and compared.
The detection and mapping of forest disturbance (discontinuous), especially stand replacing disturbances such as fire and harvesting, are operationally and reliably captured with optical remote sensing systems (Cohen
and Goward 2004). Conversely, continuous change, such as growth, is
more difficult to detect with optical imagery. The use of LIDAR presents
opportunities for capture and characterization of this subtle continuous
change. Two different approaches for estimating changes in forest attributes were used. The first one was a global approach that emphasized the
overall trend in forest change along the entire transect. It was found that
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globally, the key canopy attributes, including average canopy height, canopy profile area, and standing stock, were stable, indicating that transect
characteristics following the five-year period did not differ. A two-sample
t-test confirmed the inseparability of the 1997 and 2002 canopy height (p =
0.08).
The local analysis approach examined segment-based changes in canopy
attributes, providing spatially explicit indications of forest growth and depletion. As expected, the difference in the magnitude of the changes was
greater for depletions than it was for growth, but was less spatially extensive; 84% of segments intercepted by both LIDAR transects either had no
change or a very small average decrease in canopy height. While growth
tends to occur incrementally over broad areas (Figure 2), depletions are
typically dramatic and spatially constrained (Figure 3). The fact that depletions occurred over a smaller spatial extent, but with a greater magnitude
than growth, nullified the detection of positive growth that occurred in
smaller increments over a much larger area. As a result, the conclusion
reached with the global approach - that no change occurred between 1997
and 2002 - is misleading. This result suggests that a local approach is preferable for characterizing change from LIDAR transects, particularly given
the complexity and natural variability inherent in most forest ecosystems.
In this application, segments were used as a proxy for homogenous
vegetation units (Wulder et al. 2007) and facilitated the reporting and comparison of forestry canopy attributes derived from the LIDAR transects.
Figures 2 and 3 represent examples of canopy height profiles of segments
experiencing forest growth and forest depletion, respectively. If forest inventory polygons are available, they can serve as the spatial unit; however,
for this study, the inventory was not readily available, and in many parts of
northern Canada, no spatially extensive forest inventory has ever been
conducted.
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Fig. 2. Segment-based canopy height comparison (growth case) (scene: 4119,
segment: 111786; greatest between-transect distance: 60 m)

The image-based segments provided a spatial context to account for the
disparity in the transect flight paths, which were not exactly coincident.
Furthermore, the segments facilitated the investigation of the spatial properties of the changes in forest attributes, which is critical for determining
the scale of the changes, and for inferring the processes that cause the
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changes. The segments are therefore essential for capturing the variability
in change events along the LIDAR transects.

Fig. 3. Segment-based canopy height comparison (depletion case) (scene: 4222,
segment: 80081; greatest between-transect distance: 100m)
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Discussion
The applications presented demonstrate the utility of image segmentation
for providing spatial context, which in turn facilitates analysis of the spatial properties of forest attributes and change over time. Segments can be
used to stratify image data into spectrally homogenous units, which are
subsequently used as surrogates for forest polygons, on the assumption that
they will also be relatively homogeneous in terms of the relevant attributes. The findings presented in this communication suggest that in the absence of better alternatives, segments derived from optical imagery may be
used to constrain analysis, reduce data variability, and aid in extrapolating
relationships across larger areas.
There are two other potential areas where segmentation could prove useful. The first is in the context of high spatial resolution change detection
(see also Hall and Hay 2003). Since high spatial resolution space-borne
sensors have only been in commercial operation since 1999, the uncommon activity of acquiring a satellite-based high spatial resolution temporal
sequence has seldom been possible due to limited archiving, cloud cover,
and high cost. Furthermore, due to the occurrence of a large number of
small objects all creating high contrast in a high spatial resolution satellite
image (i.e., trees and shadows), as well as off-nadir look angles increasing
horizontal distortions (buildings, bridges), traditional pixel-based change
metrics fail to operate successfully (Im and Jensen 2005; Niemeyer and
Canty 2003). This is especially true in forests, as automated crown delineation using either high spatial resolution satellite imagery (Johansen and
Phinn 2006) or small-format aerial photography (Key et al. 2001) has been
met with limited success with the exception of very high spatial resolution
(<30cm) images (Pouliot et al. 2002). Figure 4 illustrates the impact that
different viewing azimuths can have on forest image-objects. Here,
QuickBird scenes collected over the same area of mature lodgepole pine
forest in four consecutive years, each exhibits a unique satellite acquisition
viewing geometry As a result, trying to identify the same “tree object”
from these four dates of imagery is a non-trivial, if not impossible task.
Figure 5 demonstrates how image segmentation could provide a potential solution to the problem of high spatial resolution change detection. In
this figure, we see how the multispectral bands of QuickBird can be used
to derive a robust (e.g. meaningful in a vegetation context) image segmentation. These segments can then be overlaid onto the higher spatial resolution panchromatic QuickBird band, and local maxima filtering can be used
to identify individual trees (Wulder et al. 2004b) within each segment.
While difficulties are found in tracking individual tree crowns over time,
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the organization of the tree-crown objects within upper-level segments
provides a means for generalization and monitoring.

Fig. 4. Four dates of QuickBird imagery collected with different satellite azimuth
angles: A. 2003, 51°; B. 2004, 44°; C. 2005, 129°; D. 2006, 353°
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Fig. 5. Multispectral QuickBird imagery (representing 2003 conditions) is segmented, the segments (illustrated here) are transferred to the panchromatic images,
with local maxima filtering used to identify individual trees

The second potential use of segmentation is in the context of delineation
for forest inventory. As mentioned earlier in this Chapter, air photo delineation and interpretation are the foundation of forest inventory. This
process is largely manual and is labor-intensive. There is an opportunity
for automated segmentation to augment manual interpretation methods and
provide more timely, consistent, and accurate delineations (Hay et al.
2005). Table 1 generalizes some of the advantages and disadvantages of
manual and automated methods. Figure 6 illustrates an example of an
IKONOS image which has been segmented using the SCRM algorithm
mentioned earlier. The polygon in the centre (A) is an example of an effective automated delineation – a homogenous stand, with consistent tone and
texture. The objective of automated segmentation in the short-term is not
to replace human interpreters, but to aid them - since the interpretation of
inventory attributes necessitates human expertise. As Leckie et al. (1998)
advocate, any new tools designed to aid photo interpretation of forests
must be simple to apply, not require expensive equipment, not substantially alter the production process, nor involve inordinate fine-tuning by
the interpreter.
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Table 1. Comparative advantages and disadvantages of manual delineation and
automated segmentation.
Method
Manual
delineation

Advantages
•
•

Established standard
Delineation and attribution can be
achieved in a single
step

Disadvantages
•
•
•
•

•

Segmentation

•
•
•
•

Faster
Cheaper
More consistent
Less subjective and
more repeatable and
hence better for
monitoring.

•

•

•

Slow
Costly
Scarcity of skilled interpreters
Prone to show inconsistencies between different interpreters or even the same interpreter at different times
Highly subjective and hence
no good for monitoring
Likely to require manual
correction of some
arcs/polygons
Efficiency rapidly decreasing with the amount of
manual tweaking required
Undesired results in areas
with low contrast or where
different appearance does
not imply different meaning
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Fig. 6. Automated segmentation of an IKONOS panchromatic image

Conclusion
This chapter has demonstrated the utility of image segments to support a
broad range of forestry and forest monitoring applications. It is our view
that segmentation can offer a means to augment established forest inventory data sources and processes such as air photos and delineation, and also
as a tool for integrating new data sources such as digital remotely sensed
data and LIDAR into existing forest inventory contexts. The conversion
from pixels to objects serves to provide us with the strengths from remote
sensing, GIS, and image processing to produce valuable and useful forestry information.
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