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également semée d’embûches et de passages complexes. Ce par-
cours du chercheur n’est pas une navigation en solitaire mais bien
une aventure partagée et portée par de nombreuses personnes qu’il
m’est difficile de rassembler entièrement dans ces quelques lignes.

Cette aventure a tout d’abord été rendue possible grâce à mes
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ils m’ont été d’un grand soutien pour progresser dans mes ques-
tionnements scientifiques et mieux appréhender la complexité de la
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du Fonds pour la formation à la Recherche dans l’Industrie et dans
l’Agriculture (FRIA), m’a fait confiance dès le début et a accepté
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fois ces bons moments en dehors des portes du laboratoire. Je tiens
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Summary

Forest ecosystems have recently received worldwide attention due
to their biological diversity and their major role in the global car-
bon balance. Detecting forest cover change is crucial for reporting
forest status and assessing the evolution of forested areas. However,
existing change detection approaches based on satellite remote sens-
ing are not quite appropriate to rapidly process the large volume
of earth observation data. Recent advances in image segmentation
have led to new opportunities for a new object-based monitoring
system.

This thesis aims at developing and evaluating an automated
object-based change detection method dedicated to high spatial
resolution satellite images for identifying and mapping forest cover
changes in different ecosystems. This research characterized the
spectral reflectance dynamics of temperate forest stand cycle and
found the use of several spectral bands better for the detection of
forest cover changes than with any single band or vegetation index
over different time periods. Combining multi-date image segmen-
tation, image differencing and a dedicated statistical procedure of
multivariate iterative trimming, an automated change detection al-
gorithm was developed. This process has been further generalized
in order to automatically derive an up-to-date forest mask and de-
tect various deforestation patterns in tropical environment.

Forest cover changes were detected with very high performances
(>90%) using 3 SPOT-HRVIR images over temperate forests. Fur-
thermore, the overall results were better than for a pixel-based
method. Overall accuracies ranging from 79 to 87% were achieved
using SPOT-HRVIR and Landsat ETM imagery for identifying de-
forestation for two different case studies in the Virunga National
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Park (DRCongo). Last but not least, a new multi-scale map-
ping solution has been designed to represent change processes us-
ing spatially-explicit maps, i.e. deforestation rate maps. By suc-
cessfully applying these complementary conceptual developments,
a significant step has been done toward an operational system for
monitoring forest in various ecosystems.
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Introduction

Monitoring the forests

Forest ecosystems, which cover a third of all terrestrial land areas,
have always been crucial for fulfilling many functions including eco-
logical, socio-economic and cultural aspects. Recently, these ecosys-
tems have received considerable attention due to their importance
in the global carbon balance and their biological diversity. The
worldwide concerns about forest have been reflected into several
international conventions such as the UN Framework Convention
on Climate Change (UNFCCC) and the subsequent Kyoto Proto-
col, the Convention on Biological Diversity (CBD) and also into
principles of Sustainable Forest Management (SFM).

The important role of forest in global carbon fluxes has been
emphasized by the climate change issue. Whereas forest absorbs
and stores carbon dioxide over an extended period of time, loss of
forest affects climate by releasing this carbon back into the atmo-
sphere. Most of the emissions during the past 20 years are due
to fossil fuel burning, the rest (10 to 30%) is predominantly due
to land-use change, especially deforestation (IPCC, 2001). How-
ever, this amount of carbon emission is still uncertain due to the
lack of spatially explicit and consistent information on change in
forest area (DeFries et al., 2002; FAO, 2001). Biodiversity loss is
another important global issue as the biological diversity of forests
is the richest one of all terrestrial ecosystems. However, the reduc-
tion of biodiversity is linked to its sensitivity to numerous changes
such as climate and land-use changes (Sala et al., 2000). A new
international target has been adopted at the CBD Conference of
the Parties in 2002 which is to achieve by 2010 a significant re-
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duction of the current rate of biodiversity loss at global, regional
and national levels. Some indicators including the forest area and
its change have been identified for measuring progress towards this
target (Balmford et al., 2005). Concepts of sustainable develop-
ment have also been applied to forest ecosystems for combining
forest management with conservation of all types of forests. In or-
der to assess the quality of forest management by an independent
third-party, forest certification was introduced in 1993. Forest cer-
tification has the advantage to share the aim of promoting SFM
and to assess its implementation by Criteria and Indicators (CI)
(Rametsteiner and Simula, 2003). These CI facilitate international
reporting and provide a framework for international agreements
while reflecting national differences in characteristics and descrip-
tions of forests (Hall, 2001). To study and reduce further environ-
mental degradation, as well as to monitor progress to sustainable
development, these indicators of environmental status have to be
continuously assessed.

The world’s forest covers a large variety of vegetation types
ranging from boreal to tropical moist forests and from managed to
undisturbed primary forests. Characteristics of forest ecosystems
are very different between temperate and tropical regions. The
number of tree species in temperate forests is far less important
than in tropical forests. However, the diversity of living condi-
tions defined by topography, climate and soil conditions is higher
in temperate regions (Kasischke et al., 2004). The forest succes-
sion dynamic is also different between these two biomes with fast
regeneration in tropical regions compared to longer time period in
temperate forests. While both forest ecosystems are concerned by
global issues, they also have specific problems due to their different
history and context.

Temperate forest has long been subject to human influences,
and patterns of significant anthropogenic deforestation date back
to the Middle Ages. Currently, the forest area is stable in these re-
gions and even increase slightly (FAO, 2006). The current challenge
in temperate forest is thus focused on its multifunctionality for rec-
onciling economical (timber extraction, paper, bioenergy), environ-
mental (water and soil protection, nature conservation) and social
(recreation) aspects. As there is a growing demand for fulfilling all
these various functions, the different forest stakeholders claim for
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more participatory processes thus requiring more transparent land-
use planning. Moreover, rapid and accurate assessments of forest
damage due to several causes like fires and storms are also needed
for forest stakeholders and decision makers. The monitoring of for-
est conditions is indeed a headline of the Global Monitoring for En-
vironment and Security (GMES) program. Forest monitoring tools
are thus required for providing up-to-date information necessary for
forest management, decision-making and damage assessment.

Tropical forest is a very crucial ecosystem because it cover half
of the total world’s forest area and represent the largest terrestrial
reservoir of biodiversity. During the 1990’s, forest degradation and
conversion into other land-uses have reached an alarming high rate
(Achard et al., 2002; FAO, 2001). In addition of having an impact
at global scale, deforestation also induces important consequences
at local scale, i.e. damages to soil and water resources, changes
in microclimate and socio-economic impacts. The reduction of de-
forestation processes is difficult due to the combination of several
prevailing causes which include agricultural expansion, wood ex-
traction and infrastructure extension (Geist and Lambin, 2002).
Although deforestation rate is decreasing in some places (FAO,
2006), many efforts are still required to apply SFM principles in
order to have a better integration of the social, nature conservation
and economical aspects. Up-to-date measurements of forest extent
and forest cover changes are essential for quantifying more precisely
forest degradation. Precise mapping of forest changes is also needed
for decision-making in order to monitor specific management, e.g.
nature conservation, on priority areas as well as for reporting forest
status for international conventions.

Forest cover changes and remote sensing

Forest ecosystems are continuously in a changing state given the
successive stages of vegetative growth characterizing the forest suc-
cession. These natural changes are generally progressive and do not
modify forest cover in a important way. However, man-made and
natural disasters can affect this succession, causing rapid changes or
disturbances. These changes are generally applied on forest stands
which are smallest management units of trees with similar com-
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position, age and spatial distribution. The most drastic change is
the clear-cut, i.e. the complete removal of canopy cover. When
the forest is converted to another land-use, this forest clearing is
referred as deforestation implying a long-term or permanent for-
est cover loss (FAO, 2000). The reverse change is the recovery of
the forest cover after a temporary state with no forest cover and is
called forest regrowth or reforestation. Other forest changes, e.g.
thinning or disease, also have an impact on forest conditions but
such disturbances are more subtle. As these last changes modify
only slightly the forest cover, they were not taken into account as
change in this study. The only forest cover changes considered in
this research are forest clearing and regrowth.

Satellite remote sensing provides frequent and quantitative in-
formation for monitoring forest in a cost-efficient way. Several stud-
ies have demonstrated the close link between spectral reflectance
observed from satellite image and forest characteristics (Gerylo
et al., 2002; Gholz et al., 1997; Jakubauskas and Price, 1997).
Changes in forest cover thus affect the remotely sensed signal. How-
ever, the variations of the multispectral reflectance induced by for-
est cover change should be higher than those from other multitem-
poral noise sources such as atmosphere, seasonnality and sensor
calibration. Based on these assumptions, change detection meth-
ods aim at analysing two or more satellite images acquired at dif-
ferent dates for identifying forest cover changes. Different change
detection techniques have been developed for identifying land-cover
changes (Lu et al., 2004c; Coppin et al., 2004). They can be broadly
grouped into three categories, namely visual interpretation, pixel-
based and object-based approaches. First, land-cover changes can
be detected by skilled analysts by comparing multi-date images and
visually delineating areas affected by changes. Second, in order to
be more objective and repeatable, pixel-based techniques use digi-
tal analysis of satellite images for comparing multi-date pixel values
independently of their neighbours. Third, object-based approaches
have been applied in change detection for analysing objects, i.e.
contiguous pixels grouped together. Thanks to recent advances in
image segmentation, this last category of techniques becomes more
attractive for improving the efficiency of change detection.

Large-scale forest monitoring can be based on different satel-
lite data which are characterized by their spatial resolution. In
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order to provide global or regional information about forest cover
changes, several studies have been based on coarse to moderate
spatial resolution satellite images (Di Maio Mantovani and Setzer,
1997; Hansen and DeFries, 2004; Anderson et al., 2005; Morton
et al., 2005; Carreiras et al., 2006). However, these data are in-
appropriate to detect small changes in fragmented landscapes re-
lated to agriculture extension and shifting cultivation, one of the
main causes of deforestation. High spatial resolution imagery was
found better to grasp small forest changes widely distributed over
the landscape. Precise change measurement in forest cover should
thus require images from satellite sensors such as Landsat TM,
ASTER or SPOT-HRVIR. Whereas high cost, large data volume
and low frequency of data acquisition were a problem in the past
(Malingreau and Tucker, 1988), these satellite imageries are now
accessible in increasing quantity and variety. Moreover, the extent
of images acquired by new sensors has increased and becomes as
large as 600 km for DMC and 740 km for AWiFS. Satellite image
data sets are also provided at global scale such as the GeoCover
Landsat mosaic. Operational forest monitoring should thus rely on
automated procedures for analysing this continuous and large flow
of high spatial resolution satellite images.

Different strategies can be chosen for estimating changes based
on high resolution satellite images, either using a sampling proce-
dure or adopting a wall-to-wall mapping. While the first approach
produces robust change estimates without information about the
spatial distribution, the latter has the advantage to cover exhaus-
tively the whole region of interest and provide geographical distri-
bution of changes (Stehman, 2005). Despite wall-to-wall mapping
appears very promising given the increasing satellite data avail-
ability, the operational costs and the difficulty to represent change
detection results still remain important challenges (Loveland and
DeFries, 2004). While the first issue can be reduced by more pro-
cessing automation, the second one requires new approaches for
producing more spatially-explicit change map relevant for different
purposes such as decision-making, management and field planning.



6 Introduction

Objective and outlines of the thesis

This research aims at developing and evaluating an automated
change detection method using high resolution satellite images for
monitoring forest cover changes. The first research objective is the
automation of the whole process of forest change detection in order
to allow rapid analysis of large volume of remote sensing data. The
generic aspect of the approach is also a research objective in order
to detect forest change in different ecosystems, namely temperate
and tropical, and from different data acquired from various satellite
sensors. A third objective is to represent forest change detection re-
sults in a meaningful and efficient way to support decision-making
and forest management. These three objectives are adressed by tak-
ing most advantages of the new capabilities offered by the recent
advances of object-based techniques.

This thesis is structured in four chapters corresponding to pa-
pers published, submitted or still in preparation for scientific jour-
nals. Chapter 1 reviews existing change detection methods de-
veloped or applied over forest ecosystems. Focused on techniques
using high resolution satellite images, this synthesis groups tech-
niques into three different categories of change detection approaches
including visual interpretation, pixel-based and object-based meth-
ods. These approaches are divided into key steps for assessing their
assets and weaknesses and screening out appropriate elements for
the development of an automated forest change detection.

The spectral reflectance dynamics over the forest stand cycle is
investigated in Chapter 2 for characterizing its temporal evolution
and identifying spectral changes related to forest cover changes,
namely forest clearing and regrowth. Change detection is intro-
duced by the way of multi-date analysis of the multispectral signal
and the potential of each spectral band and vegetation index is as-
sessed for detecting the two considered forest cover changes. This
per-parcel analysis is focused on conifer stands in temperate forests,
given its high reflectance variation over the forest cycle. The spec-
tral reflectance dynamics signal of different change types is analysed
for different image temporal resolution in the perspective of generic
change detection.
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In Chapter 3, the automated object-based change detection
algorithm is designed, described and applied over temperate re-
gions. This algorithm combines image segmentation into objects
and then statistical analysis of their multi-date spectral reflectance
behaviour. It relies on the characterization of the spectral varia-
tions related to forest cover changes described in Chapter 1 for the
same study area. However, all forested lands including both conif-
erous and deciduous stands, namely areas included into an existing
forest mask, are considered for the methodology evaluation. A spe-
cific performance assessment is also introduced for evaluating the
real improvements of the proposed approach vs. a pixel-based one.
Performances of both change detection methods are assessed over
Belgian temperate forests to take advantage of the better knowledge
of forest changes and of the availability of reference data.

The developed method is then generalized in Chapter 4 for de-
tecting deforestation over tropical regions and for improving its
automation. A step of forest mask update is integrated at the be-
ginning of the approach in order to produce automatically an up-to-
date delineation of forest area from any existing forest map and two
images acquired at different dates. The robustness of this method-
ology is then assessed for different deforestation patterns, different
time periods and various satellite data thanks to two sources of
reference data. This study also investigated the potential of mul-
tiscale object-based approach for improving the representation of
change detection results and combining different information about
deforestation processes into deforestation rate maps.

Finally, the main findings of this research are summarized and
the remaining challenges of the forest change detection are discussed
in Conclusions and Perspectives.





Chapter 1

Review of forest change
detection techniques

Abstract

This chapter reviews the literature on the techniques using optical satel-
lite images for forest change detection. Given that the methods are becoming
more and more numerous and complex, a new categorisation is proposed to
summarize the different approaches from visual interpretation to pixel-based
and object-based methods. The different techniques are described and com-
pared in order to assess their degree of automation and their flexibility.

1.1 Introduction

Since early days of earth observation systems, various techniques of
change detection have been developed for forest monitoring using
high resolution optical remote sensing. These approaches are fo-
cused on the identification of forest cover change, described by Geist
(2006), including among others forest clearing, regrowth, damage
and disease. Different reviews have been proposed in the liter-
ature for summarizing and comparing these different approaches
(Singh, 1989; Coppin and Bauer, 1996; Lu et al., 2004b; Coppin
et al., 2004). However, as new change detection methods are still
designed and with the recent development of image segmentation
applications, change detection approaches are regrouped into three
categories: (1) visual interpretation, (2) pixel-based and (3) object-
based methods. This review attempts to summarize the different
key steps of each approach (Figure 1.1) in order to assess their de-
gree of automation and their flexibility. It is worth noting that
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all steps are not required for all methods depending on the change
types of interest and on the change detection algorithm.

Satellite images

Pre-processing

Single-date

indices

Multi-date

transformation

Change detection 
algorithm

Change

mapping

Image

segmentation
Object

signatures

Visual

interpretation

Pixel-based
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Figure 1.1: Overview of key steps for different change detection
methods.

1.1.1 Image acquisition

The selection of appropriate satellite images is very crucial for
change detection. With the development of earth observation sys-
tems, a large variety of satellite data is now accessible. High resolu-
tion optical imagery is most often considered as the most adequate
remote sensing data for forest monitoring (Collins and Woodcock,
1999). This category includes satellite imagery acquired from sen-
sors such as SPOT-HRVIR, Landsat TM or ETM, IRS-LISS and
ASTER which have a spatial resolution from 5 to 30 m. New sen-
sors, i.e. DMC, can acquire high resolution data (32 m) over a wide
swath (600 km per orbit) which makes it well adapted for large-scale
change detection.
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The timing of the image acquisitions should be closely related
to the seasonality of the study area. Near-anniversary images are
preferred for reducing the seasonality effect. They are generally se-
lected at the phenological peak season in order to achieve the maxi-
mum vegetation cover. Whereas the availability and variety of high
resolution satellite images has increased, some regions, particularly
the tropical ones, still suffer from difficult atmospheric conditions,
drought and other non-seasonal disturbances which often limit the
choice of image acquisition dates.

The time interval between images acquisition often depends on
data availability. However, the selection of the appropriate interval
should be closely linked to the temporal behaviour of the change
of interest. Only few authors have studied the impact of tempo-
ral frequency on forest change detection. Using vegetation indices,
Wilson and Sader (2002) recommended interval between image ac-
quisition less than 3 years for monitoring forest harvesting. Based
on normalized difference moisture index (NDMI) and tasseled cap
Wetness, Jin and Sader (2005a) distinguished clear-cut which can
be detected with image acquisition interval up to 5 years from small
harvest requiring a 1 or 2-year interval. Comparing change detec-
tion results using 3, 7 and 10-year intervals for detecting clear-cut,
Lunetta et al. (2004) found that 3-year interval between image ac-
quisition provides the best results based on tasseled cap Brightness
and Greenness.

1.1.2 Pre-processing

The whole change detection process relies on the quality of satellite
images to deal with real land-cover change. This quality is ensured
by several pre-processing steps which include (1) geometric correc-
tion, (2) radiometric and atmospheric correction, and (3) masking.

Precise geometric correction is mandatory for a strong spatial
correspondence of multi-date images. Misregistration errors should
be below the pixel size in order to reduce the presence of false detec-
tion. Although polynomial corrections were commonly performed
before, orthorectification using Ground Control Points (GCPs) and
a Digital Elevation Model (DEM) becomes more popular and is
required since parallax effect is of the same order of magnitude as
the pixel size. The higher spatial resolution and the orientation
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capabilities of recent sensors have increased this effect thus render-
ing more complex its correction. New automated image registration
procedure is still sought but until now, such system has not reached
the high precision required for performing change detection.

Radiometric correction reduces unexpected differences between
multi-date images due to sensor calibration, Bi-directional Re-
flectance Distribution Function (BRDF) and geometry of acqui-
sition. This can be performed at different levels from calibration
to relative correction (image normalization). Radiometric calibra-
tion converts Digital Number (DN) of raw image into Top-Of-
Atmosphere (TOA) reflectance thanks to calibration parameters
using sensor calibration coefficient. Although this operation reduces
the impact of sensor calibration effect, relative correction can also
be applied in order to better match images acquired at different
dates. The relative radiometric corrections approaches include the
Pseudo Invariant Features (PIF) method, the ridge method and the
automatic normalization method. Schott et al. (1988) used PIF’s,
namely temporal stable features, and a reference image for reducing
differences between multi-date images. Normalization is performed
on a band-by-band basis using the visually selected PIF’s with re-
duced major axis regression between the reference image and an-
other one (Schott et al., 1988). The ridge method identifies invari-
ant pixels based on density function of pixels between two images
(Song et al., 2001). The linear normalization function is defined by
visual interpretation of the density ridge. Instead of selecting PIFs
visually, an automatic normalization method has been developed
by Canty et al. (2004) based on Multivariate Alteration Detection
(MAD) (Nielsen et al., 1998). For most of change detection studies
which aims at detecting drastic changes, relative radiometric cor-
rections are unnecessary (Song et al., 2001). However, some correc-
tions can improve the change detection results and are particularly
required for identifying subtle changes. For characterizing early
successional forest patterns, the automatic normalization method
of Canty et al. (2004) was found efficient for reducing the differences
between multitemporal images (Schroeder et al., 2006).

Absolute atmospheric corrections have been proposed to convert
TOA reflectance into Top-Of-Canopy (TOC) reflectance based on
the composition of the atmosphere at the image acquisition time.
These methods range in complexity from Dark Object Subtrac-
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tion (DOS) (Chavez Jr., 1996; Song et al., 2001), Modified Dense
Dark Vegetation (MDDV) (Liang et al., 1997; Song et al., 2001)
to Second Simulation of the Satellite Signal in the Solar Spectrum
(6S) (Vermote et al., 1997). Based on radiative transfer model of
the atmosphere, this last method requires the availability of mea-
surements for vapour, water content, ozone and optical thickness.
Simplified procedures as Simplified Method for Atmospheric Cor-
rection (SMAC) or ATmospheric CORrection (ATCOR) were found
more operational. However, according to Song et al. (2001), these
atmospheric corrections can be omitted for certain change detec-
tion method like image differencing when based on an algorithm
that does not assume zero value for stable classes. While atmo-
spheric corrections are not necessarily required, cloud screening is
a mandatory step of pre-processing. This can be done either by
visual delineation (Wilson and Sader, 2002) or preliminary classifi-
cation (Greenberg et al., 2005) or combination of both (Hayes and
Sader, 2001).

Masking out features irrelevant for the change detection study,
e.g. water bodies or other land-cover types having no interest for
the study, is generally required before applied the change detec-
tion algorithm. Requested for analysing only forested areas, forest
mask can be derived from a land cover classification (Hayes and
Sader, 2001; Jin and Sader, 2005a; Guild et al., 2004) based on
the first satellite image of the image pair. In order to reduce the
time-consuming interpretation required for this classification, forest
mask can also be extracted from other data sources such as exist-
ing forest map (Häme et al., 1998). However, such maps are rarely
produced at the same date as the beginning of the change detection
period and thus already introduce error in change detection results.

1.2 Visual interpretation

Visual interpretation using single or multi-date images requires hu-
man expertise (computer-assisted or not) for delimiting and la-
belling zones that are considered as changed. This method can
make full use of an analyst’s experience and knowledge. Texture,
shape, size and patterns of the images are key elements for identifi-
cation of land cover change through visual interpretation (Lu et al.,
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2004b). Although this technique is time-consuming and requires
skilled analysts, visual interpretation is still widely used (Anttila,
2002; Asner et al., 2002; Franklin et al., 2000; Sunar, 1998). Cur-
rently, there is no automatic image processing able to grasp the high
complexity of land cover changes made by the combination of sev-
eral factors such as the stage or the size of the change area. That
is why change maps produced for large-area projects with many
land cover changes classes like CORINE Land Cover (CLC) 2000
(Büttner et al., 2002) or Forest Resources Assessment (FAO, 2001)
are still based on this technique. In order to control the precision of
the polygon delineation, the Minimum Mapping Unit (MMU) has
been introduced for defining the minimum size of polygon that can
be drawn.

1.3 Pixel-based methods

Digital pixel-based methods aim to offer objective and repeatable
procedures for identifying land-cover change. These approaches
are referred as pixel-based methods given that every pixel is com-
pared from one date to another independently from their neigh-
bours. Each pixel-based method are characterized by a specific
combination of three key steps, namely single-date indices, multi-
date transformation and change detection algorithms.

1.3.1 Single-date indices

Single-date indices are derived from each satellite image of the
multi-date data set. The single-date term underlines the absence of
temporal information at this stage. Single-date indices include the
reflectance of the different spectral bands or a combination of them
(predefined or based on image statistics), or also the result of single-
date land-cover classification. In change detection, a combination
of different spectral bands into indices is often preferred instead
of directly analysing reflectance values for different reasons. First,
it reduces data redundancy between spectral bands and process-
ing time for the analysis due to data volume reduction. Second,
it facilitates the direct interpretation of the change types. How-
ever, it is important to first assess the expected improvement using
these indices instead of individual spectral bands. Required for the
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post-classification comparison, land-cover classification can also be
considered as a single-date index. Finally, single-date indices can
be summarized in six groups: (1) spectral reflectance, (2) vegeta-
tion index, (3) principal component, (4) tasseled cap component,
(5) endmember fraction and (6) land-cover class.

Spectral reflectance is the primary source of information for
change detection. Many techniques directly use reflectance value
from the different spectral bands, but only few studies have com-
pared the contribution of each spectral band in change detection
performances. Lu et al. (2005) found that the Short-Wave InfraRed
(SWIR, landsat TM5) band provided the best change detection
results, followed by the Red band (landsat TM3) for land-cover
changes in tropical regions.

Vegetation indices have been widely applied in change detection.
These variables related to green leaf biomass were found useful for
distinguishing vegetation from other surfaces. The Normalized Dif-
ference Vegetation Index (NDVI) has been the most popular index
in change detection due its close relationship with leaf biomass and
its simplicity of computation and interpretation (Hayes and Sader,
2001; Michener and Houhoulis, 1997; Sader and Winne, 1992; Vol-
cani et al., 2005). Another vegetation index, the Normalized Differ-
ence Moisture or Water Index (NDMI or NDWI), is more sensitive
to changes in water content (Hardisky et al., 1983). This last in-
dex was found less affected to atmospheric effects than NDVI (Gao,
1996). Wilson and Sader (2002) found better accuracy using NDMI
than NDVI for detecting forest harvest. Other studies have com-
bined several vegetation indices in order to improve the detection
capability (Coppin et al., 2004). Various indices have been devel-
oped but no single vegetation index can be considered as better
than the others in all change detection cases (Lyon et al., 1998;
McDonald et al., 1998). However, by reducing data redundancy,
vegetation indices can also be less sensitive for detecting vegetation
changes than the original reflectance values (Chavez and MacKin-
non, 1994; Lu et al., 2005).

Principal Components (PC) are obtained by linear transforma-
tion of spectral bands into a new coordinate system. Principal
Component Analysis (PCA) reduces the number of spectral bands
to fewer PC’s which account for most of the variance from the orig-
inal multispectral images. To monitor the degraded areas caused
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by gold miners, Almeida-Filho and Shimabukuro (2002) applied a
PCA separately on each of the 6 Landsat TM images. The third
PC of each image was selected for performing the change analysis
due to the enhancement of degraded areas relative to surrounding
savanna vegetated terrain. According to Cakir et al. (2006), the
first Principal Component (PC1) corresponds to sharp contrast be-
tween vegetation and non-vegetation features. The main problem
of PCA is the information reduction to one or two PC empirically
chosen for the representation of the change of interest. Moreover,
this technique is based on the statistical properties of the satellite
data and is thus scene-dependent.

Tasseled cap components produced by the Kauth-Thomas trans-
formation are considered as a global vegetation index. The derived
components are in fact a particular PCA which optimises the mon-
itoring of each stage of growing vegetation (Kauth and Thomas,
1976). Crist and Cicone (1984) have derived band coefficients
for producing three main components from Landsat TM, namely
Brightness, Greenness and Wetness. Used in several change detec-
tion studies (Jin and Sader, 2005a; Franklin et al., 2002; Lunetta
et al., 2004; Healey et al., 2005), these band coefficients are not
scene-dependent but they are sensor-specific.

Spectral Mixture Analysis (SMA) aims at decomposing the re-
flectance into proportions of different pure spectral signatures or
endmember fraction. Initially developed for coarse resolution im-
ages, SMA approach has been also applied in change detection for
identifying subtle changes. Adams et al. (1995) and Roberts et al.
(1998) applied SMA based on four endmembers (green vegetation,
non-photosynthetic vegetation, soil and shade) to analyse forest
land-cover change. Changes are detected by comparing the end-
member proportions between multitemporal images (Asner et al.,
2003; Greenberg et al., 2005; Lu et al., 2004a). This approach can
detect more finer changes but the critical steps of SMA is the time-
consuming selection of reference endmembers which can be derived
either from the image or from the field.

Classification can be performed independently on each image
to convert it into thematic map for further comparison. The pro-
cess can be done by different ways (unsupervised or supervised)
depending on the a priori knowledge of the study area. Several
approaches are commonly used from simple algorithm (e.g. maxi-
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mum likelihood) (Currit, 2005; Petit et al., 2001) to more advanced
classifiers such as Artificial Neural Networks (ANN) (Gopal and
Woodcock, 1996) or fuzzy classification (Deer, 1998). This process
provides detailed land-cover information but its application on each
image is region-specific.

1.3.2 Multi-date transformation

The multi-date transformation is an intermediate step in the change
detection process for combining the spectral and temporal infor-
mation from all satellite images. Different techniques can compare
images acquired at different dates for producing multi-date change
index analyzed by the change detection algorithm. These transfor-
mations include (1) image differencing, (2) change vector analysis,
(3) multitemporal principal component analysis, (4) multitempo-
ral Kauth-Thomas transformation, (5) multivariate alteration de-
tection, (6) chi square transformation and (7) generalized linear
models.

The simplest technique is the image differencing correspond-
ing to the difference between the values of the same pixel at two
different dates. When appropriate radiometric and atmospheric
corrections have been applied, the distribution mean tends to zero.
The differencing is generally performed on vegetation indices (Cop-
pin et al., 2004; Jin and Sader, 2005a; Lyon et al., 1998; Michener
and Houhoulis, 1997; Townshend and Justice, 1995) or tasseled cap
components (Cohen et al., 1998; Coppin et al., 2001; Jin and Sader,
2005a). Other studies have subtracted the PC1 from the two im-
ages (Cakir et al., 2006; Lu et al., 2005). Image differencing can
be also applied on endmember fraction images derived from SMA
(Lu et al., 2004a; Rogan et al., 2002). Image differencing is rarely
applied on all spectral bands given the difficulty of combining the
change detection results from each difference band. Lu et al. (2005)
compared the performance of each spectral band using image differ-
encing as well as the combination of them by a majority rule. They
found that change detection using the combination of all spectral
bands provided the best accuracy, even better than based on NDVI.
Image differencing is widely applied in change detection in many
different regions given its easy of use and its straightforward char-
acter.
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Change Vector Analysis (CVA) measures the displacement of
a pixel from date-1 to date-2 in the multidimensional space de-
fined by the different spectral bands. Two outputs are derived
from each change vector: the magnitude and the direction of the
vector. The magnitude, calculated by the Euclidean distance be-
tween the two positions, measures the intensity of the change in
surface reflectance. The direction, depending on the relative val-
ues of the axis coordinates, gives information about the type of
change. The CVA method was first developed by Malila (1980)
using Brightness and Greenness components for detecting changes
in northern Idaho forests. Using the same indices, Lunetta et al.
(2004) facilitated the visualization of change vector in the Cartesian
Brightness-Greenness space. The extension of CVA to three input
bands required an appropriate definition of change direction angles.
Extended CVA techniques measured absolute angular changes and
total magnitude of tasseled cap components (Brightness, Green-
ness, and Wetness) (Allen and Kupfer, 2000; Cohen and Fiorella,
1998; Nackaerts et al., 2005). Finally, CVA technique was also ap-
plied over all spectral bands only for deriving the change magnitude
(Häme et al., 1998). The main advantage of this technique is to si-
multaneously identify several types of change. However, change
directions are often hard to interpret.

The Multitemporal Principal Component Analysis (MPCA) is
based on the same principle as the PCA described in Section 1.3.1
except that it is applied on the complete multi-date data set. It is
expected that one or more multitemporal principal components can
be directly related to land-cover changes (Byrne et al., 1980). The
main difficulty of this approach is the selection of the components
of interest which is mainly done by visual interpretation (Chavez
and Kwarteng, 1989; Michener and Houhoulis, 1997; Muchoney and
Haack, 1994). Collins and Woodcock (1996) have selected the sig-
nificant components for forest mortality prediction using a stepwise
regression procedure. As MPCA transformation relies on the statis-
tical distributions of the multi-date dataset, this technique is quite
image pair-dependent.

Multitemporal Kauth-Thomas (MKT) transformation is the gen-
eralization of the Kauth-Thomas transformation for multi-date
data (Collins and Woodcock, 1996). The MKT approach pro-
duces six main components from a multi-date dataset including
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the mean (the stable components) and the difference (the change
components) of the three tasseled cap components between the two
images. Combined with image differencing, the MKT approach
was found superior to MPCA due to the physically-based variables
produced by MKT compared to the image-dependent components
derived by PCA (Rogan et al., 2002).

The Multivariate Alteration Detection transformation is an ex-
tension of traditional canonical correlation analysis (Nielsen et al.,
1998). This transformation generates a set of mutually orthogonal
difference images of decreasing variance having the same dimension
as the original multispectral images. According to Nielsen et al.
(1998), this transformation is invariant to linear scaling of the in-
put data and can use different data types. However, this approach
has not been assessed for real change detection applications.

Generalized Linear Models (GLM) were used by Morisette et al.
(1999) for combining different change indices such as spectral band
differences or tasseled cap differences into a model. The model
can be based on different link functions and the best explanatory
variables are selected by a stepwise regression method. The appro-
priated GLM is applied on the enhanced multi-date data set and
produces maps of change probability and variability. The main dif-
ficulty of this approach is the selection of appropriate models which
thus reduces its generalization to other regions.

A Chi square transformation is proposed by Ridd and Liu (1998)
for combining all spectral bands of image difference into one single
change image. The change index is obtained by computing the
Mahalanobis distance between the difference value of each pixel
and the difference mean for all pixels in the multidimensional space
defined by the number of spectral bands. This method is based
on the assumption that only a small proportion of the image is
changed. A disadvantage of this technique is that change observed
in a specific spectral band might not be readily identified in the
change image but its flexibility allows its application over various
environments.

1.3.3 Change detection algorithms

The crucial step of the whole process is the change detection algo-
rithm. These algorithms which include post-classification compari-
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son, thresholding and classification make the final decision for dis-
tinguishing change and no-change features. Preliminary steps were
only required for optimizing the input data for the algorithm in
order to better discriminate change classes. Whereas thresholding
only gives a binary change/no-change response, post-classification
comparison and classification provide information about the change
types.

Post-classification comparison

The most widely used change detection algorithm is the post-
classification comparison which analyses independently produced
classified images (Currit, 2005; Deer, 1998; Gopal and Woodcock,
1996; Miller et al., 1998; Petit et al., 2001). This technique pro-
vides detailed change trajectories between the two images. More-
over, the independent classification processes reduce the impact of
multitemporal effects due to atmosphere or sensor differences (Lu
et al., 2004b). However, its main drawback is the impact of clas-
sification errors. In fact, the accuracy of the change map is, in
the worth case, the product of the accuracy of the two indepen-
dent classifications. For example, the change map produced by two
images classified with 80% overall accuracy would have only 64%
overall accuracy (Singh, 1989). In fact, the real rate of change is
most often largely lower than the error combination of the two clas-
sifications. Finally, this approach is time consuming given that it
requires twice complete classifications of the whole scene.

Thresholding

For many approaches relying on direct multi-date analysis, a critical
step is the selection of appropriate threshold boundaries between
change and no-change pixels (Franklin et al., 2002; Greenberg et al.,
2005; Häme et al., 1998; Jin and Sader, 2005a; Jha and Unni, 1994;
Le Hégarat-Mascle and Seltz, 2004; Skakun et al., 2003). Given that
threshold values are scene-dependent, they should be calculated dy-
namically based on the image content. However, the thresholds can
be determined by three approaches: (1) interactive, (2) statistical
and (3) supervised. In the first approach, thresholds are interac-
tively determined visually or by trial and error tests. The second
approach is based on statistical measures from the histogram of
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multi-date change indices. Using image differencing, the threshold
selection is commonly based on a normal distribution characterized
by its mean m and its standard deviation σ. Values outside the
level of confidence determined by [m − xσ,m + xσ] are considered
as changes, where x is the number of standard deviations from the
mean determined a priori. Third, the supervised approach derives
thresholds based on a training set of change and no-change pix-
els. Techniques for selecting appropriate thresholds are based on
the modelling of the signal and noise (Radke et al., 2005; Rogerson,
2002; Rosin, 2002). Whereas thresholds are usually set at equal dis-
tance from the change index mean, Cakir et al. (2006) proposed to
find different and optimal values for low-end and high-end thresh-
olds. Based on the fuzzy theory, optimized thresholds are deter-
mined by using both cumulative producer’s and user’s accuracies
for each change classes. The main advantage of thresholding tech-
niques is their simplicity and ease of interpreting results. Moreover,
they allow fast processing of large image data volume. However,
they are generally based only on one change index due to difficulty
to combine thresholding over several bands, thus assuming that
change information is concentrated into this index.

Classification

Classification is the direct analysis of the multi-date dataset for de-
tecting and characterizing areas of change. The multi-date dataset
can be either the different single-date indices stacked together (Jolly
et al., 1996; Sader et al., 2001; Woodcock et al., 2001) or the change
indices derived from the multi-date transformation (Cohen and
Fiorella, 1998; Coppin and Bauer, 1994; Healey et al., 2005; Heikko-
nen and Varjo, 2004; Lunetta et al., 2004; Rogan et al., 2002).
Change is expected to show statistics significantly different from
no change, so that they can be grouped in specific classes. Like for
single-date classification (see Section 1.3.1), different methods have
been used for multi-date classification going from common algo-
rithm (Cohen and Fiorella, 1998; Coppin and Bauer, 1994) to more
advanced classifiers such as decision trees (Rogan et al., 2003) and
ANN (Woodcock et al., 2001). Sader et al. (2001) have developed
the “RGB-NDVI” method based on an unsupervised classification
over the NDVI of 3 dates for detecting forest harvest. Multi-date
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classification is an easy-to-use and simple technique given that all
images are analysed in one single operation. However, this ap-
proach is applied on an ad hoc basis and cannot thus be directly
extended to other areas. For each new region, the appropriate way
to analyse the multi-date image must be found in order to produce
high detection performances. Moreover, the classes corresponding
to changed areas are difficult to label because of their number and
their diversity.

1.4 Object-based methods

Object-Based methods have been proposed to combine the contex-
tual analysis of visual interpretation with the quantitative aspect of
pixel-based approaches. Indeed, different pixel-based studies have
emphasized the necessity to incorporate inter-pixel dependency for
improving change detection results (Rosin, 2002; Bruzzone and Pri-
eto, 2000a). Instead of analysing pixels independently of their loca-
tion, similar contiguous pixels are grouped into objects. Although
the object delineation remains crucial, a limitation of object-based
approach is the definition of the MMU. Defined initially to control
the visual interpretation process (Saura, 2002), this parameter de-
fines the minimum object size that can be analysed as calculated by
its number of included pixels. While first object-based approaches
have been based on parcels derived from a Geographic Informa-
tion System (GIS), the recent advances in segmentation algorithms
has increased the interest of these techniques for remote sensing
applications.

1.4.1 GIS-data

Forest stand map included in GIS database is an important data
source in forest management for planning field operations. The
combination of these GIS data with remote sensing was found use-
ful to reduce the spectral noise of pixel-based approach and inte-
grate shape and context aspects into parcel-based analysis. While
forest stand delineation has already been combined with satellite
images for precise forest mapping (Kayitakiré et al., 2002), it has
also been applied for detecting forest disturbances and updating
forest information using multi-temporal image data set (Coppin
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and Bauer, 1995; Heikkonen and Varjo, 2004; Varjo, 1996; Walter,
2004). Spectral information inside each object defined by stand
boundaries is summarized and analysed through different change
detection algorithms. While this approach takes advantage of mul-
tisource information, its performance greatly depends on the geo-
metric accuracy of both data. Indeed, pre-defined boundaries are
not always coherent with satellite images and these inconsistencies
can induce errors in the final results.

1.4.2 Image segmentation

The objects can also be directly delineated from satellite image
thanks to image segmentation algorithms. Image segmentation is
the division of satellite image into spatially continuous and spec-
trally homogeneous regions or objects. While many image segmen-
tation algorithms have been developed in pattern recognition sci-
ence for several decades (Fu and Mui, 1981; Haralick and Shapiro,
1985; Pal and Pal, 1993), they were only rarely applied in remote
sensing applications due to their complexity and difficulty to pro-
cess large satellite images. Recently, such algorithms have been
considerably improved and integrated in remote sensing (Soille and
Pesaresi, 2002). Indeed, the analysis of very high resolution satel-
lite images has required to find alternatives from traditional pixel-
based classification. These new tools now becomes adequate for
many different operational applications in remote sensing but still
rarely applied in change detection.

Different segmentation algorithms exist and can be regrouped
into two main categories, namely edge-based and region-based.
Edge-based segmentation methods detect edges between different
regions which sharply contrast and thus define objects delineated
by these edges. These approaches are very numerous (Davis, 1975)
and they include a first step of edge detection. They generally relie
on the computation of an intensity gradient and use edge detecting
operators (e.g. Canny, Sobel). Snakes or active contour models are
a specific edge-based technique which adjusts arbitrary boundaries
until it matches an object of interest (Kass et al., 1988). Finally,
supplementary processing steps are required to combine edges into
edge chains that correspond better with borders in the image and
form a closed object.
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Region-based segmentation methods can be divided into region
growing, merging and splitting. The most popular technique is the
region growing which groups pixels starting from seed pixels and
ending when a pre-defined threshold is achieved. The grouping
criterion is the homogeneity or a combination of size and homo-
geneity. The process is repetitive by defining new seeds at each it-
eration until all pixels are included into objects. In region merging
and splitting techniques, the image is divided into subregions and
these regions are merged or split based on their properties (Blaschke
et al., 2004). Watershed algorithms are also region-based methods
and effects the growth by simulating a flooding process, which pro-
gressively covers the region (Vincent and Soille, 1991). Watershed
transformation generally produces an over-segmented result, with
many irrelevant regions. A region merging algorithm could merge
these regions but requires a long computational time. Some stud-
ies have also combined region-based and edge-based techniques in
order to improve their efficiency (Munoz et al., 2003).

Different operational tools have implemented these segmenta-
tion techniques. However, their comparison is quite complex due
to their variety and the lack of standard for quantitatively assess-
ing them. Meinel and Neubert (2004) have qualitatively compared
different existing segmentation tools provided in accessible software
for remote sensing applications. They found that among the fast
processing techniques, eCognition software produced high quality
segmentation results which were also reproductible even if image
size is modified.

Change detection has still achieved very little applications using
object-based approach while these segmentation tools have known
a growing development in many other remote sensing applications.
Some attempts have been done for integrating image segmenta-
tion and change detection process but these methods have either
not been applied and assessed in real change detection applications
(Hall and Hay, 2003; Niemeyer, 2006) or did not provide satisfac-
tory results (Saksa et al., 2003).
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1.5 Change mapping

Results from change detection include the change map and the de-
rived area estimates. The change map is composed of categorical
values which correspond to change classes. The number of classes
can be limited to 2 classes (change and no-change) or extended to
several change trajectories (the different “from to” classes). A tran-
sition matrix is produced by pixel-to-pixel matching of two land-
cover classifications and provides detailed change trajectories and
their corresponding affected areas. The change representation is dif-
ficult given that change is generally rare and includes many change
trajectories. Many change classes may thus cover a small portion of
the study area. Moreover, many studies have pointed out the prob-
lem of noise in remote sensing data which induces strong “salt and
pepper” effects in the change map. Indeed, each pixel is analysed
independently of its neighbours. Whereas recent studies propose to
integrate spatial inter-pixel dependency in a post-processing step
(Bruzzone and Prieto, 2000a; Nielsen et al., 1998), many change de-
tection methods are still using filter to smooth out isolated change
pixel.

The accuracy assessment of change map is crucial for evaluating
the quality of change detection results. More complex than for clas-
sical thematic map, this procedure have to rely on specific statistical
sampling designs and analysis technique (Biging et al., 1998). Ex-
cept for the kappa coefficient, most accuracy indices are affected by
the disproportion of reference data points for the change and the
no-change category (Nelson, 1983). Fung and LeDrew (1988) also
recommended kappa coefficient for determining optimal thresholds
for change detection image. However, reliable change detection ac-
curacy assessments are rather rare due to the difficulty of finding
historical reference data and independent from the process of anal-
ysis. Finally, very few techniques have been designed for evaluating
object-based change detection approach.

1.6 Method comparison

The comparison of change detection methods is rather complex for
several reasons. First, each method focuses on specific changes
of interest which are different from one study to another. Sec-
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ond, these approaches are based on different sets of satellite images
having their own properties such as time interval and study re-
gion. Third, given that change indices are generally different from
one study to another, change detection methods cannot be directly
compared. Only few studies have quantitatively compared change
detection methods. For detecting tropical forest clearing and re-
growth on a 3-image dataset, highest performances were achieved
using the multi-date NDVI classification, also called RGB-NDVI,
compared to NDVI differencing and PCA (Hayes and Sader, 2001).
With the recent complex techniques, change detection methods be-
come more difficult to benchmark and results appear to be site
and data-specific. The comparison is thus done by modifying only
one step: the single-date index, the multi-date transformation, or
the change detection algorithm. Comparing several change detec-
tion approaches for detecting forest changes, both Lu et al. (2005)
and Nackaerts et al. (2005) clearly recommended to combine image
differencing from all spectral bands for achieving the best results.
Guild et al. (2004) have compared hybrid methods by changing only
the multi-date transformation. Using tasseled cap components, the
simple multi-date unsupervised classification was found better than
the two other methods using multi-date unsupervised classification
based either on multi-date PCA or on image differencing.

1.7 Conclusions

The variety of forest change detection techniques has been reviewed
and classified into three categories. Many approaches, mainly clas-
sification, have been developed for ad hoc studies using a specific
combination of single-date index and multi-date transformation.
These methods are generally difficult to replicate directly in other
environments. Moreover, several techniques rely on the statistical
properties of the satellite images and thresholds for distinguishing
change from no-change areas are thus scene-dependent. Whereas
there is a growing need for more automation, very few reviewed
approaches can be considered as automated. Classification ap-
proaches which are rather labour-intensive and region-specific are
thus not appropriate for automated change detection. Threshold-
ing algorithms are found more appropriate than classification ap-
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proaches for rapidly processing massive data volume over various
regions. However, pixel-based studies have emphasized the neces-
sity to incorporate inter-pixel dependency for improving the accu-
racy of change detection results. With the recent advances in im-
age segmentation, object-based offers new opportunities for change
detection analysis in order to improve their performances and au-
tomation.





Chapter 2

Characterizing spectral
reflectance dynamics of
conifer stand cycle in a
change detection
perspective

Abstract

Change detection based on satellite remote sensing relies on the comparison
of multispectral reflectance acquired at different dates. A major problem in
forest change detection is to separate the signal change related to forest con-
version from other sources of noise. Besides the radiometric calibration, the
atmospheric and BRDF corrections, the most difficult source of signal change
is the ever-changing state of a forest stand from the regrowth to the mature
age. This research aims at characterizing spectral reflectance over the whole
forest succession in order to quantify the reflectance dynamics and to identify
the most appropriate spectral signal for a robust change detection approach.
From a large sample of spruce stands, spectral trajectories of forest cycle were
derived for Green, Red and NIR reflectances and the NDVI. These trajectories
were found typical for spruce stands and consistent between satellite images
acquired at 3 and 8-year intervals. Based on multi-date comparison using
image differencing, the combination of all spectral bands was proved more dis-
criminant than any single spectral band or NDVI. Two forest changes, namely
the clearing and the regrowth, have been distinguished based on multivariate
analysis for different temporal resolutions up to 8-year interval. Finally, this
study emphasized the need of a better characterization of changes of interest
for defining appropriate forest monitoring systems.
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2.1 Introduction

Forest change detection remains a challenging issue for remote sens-
ing because most of the forests correspond to an ever-changing state
change. However, two forest cover changes show a different order of
magnitude in all forest ecosystems: the clearing and the regrowth.
Whereas clearing is the removal of a mature forest, regrowth cor-
responds to the recovering of forest from bare soil to closed canopy
cover. Monitoring these two forest changes is essential for oper-
ational carbon accounting systems which model carbon cycle dy-
namics (Kurz et al., 2002) and for ecological habitat assessment.
Moreover, information about these changes are also required for
evaluating the sustainability of forest management (Hall, 2001).
Forest monitoring systems able to detect both change types are
thus needed for providing up-to-date status of forest conditions.

Several change detection based on satellite remote sensing,
methods have been developed for identifying forest changes over
large areas. However, these studies are rather ad hoc because they
generally rely on prior classifications based on various indices de-
rived from the original spectral bands. Vegetation indices such as
Normalized Difference Vegetation Index (NDVI) have often been
applied in forest monitoring due to their ease of use and their rela-
tion with vegetation biomass (Hayes and Sader, 2001; Sader, 1995;
Wilson and Sader, 2002). Other indices such as Brightness, Green-
ness and Wetness components obtained by tasseled cap transfor-
mation have been widely used for detecting forest changes in many
studies (Cohen et al., 1998; Coppin et al., 2001; Guild et al., 2004;
Franklin et al., 2002; Healey et al., 2006). However, these indices
are sensitive to time period between satellite images (Franklin et al.,
2005). Using NDVI, Wilson and Sader (2002) recommended an in-
terval between image acquisition less than 3 years. Based on NDMI
and Wetness, partial and clear cuts were detectable up to respec-
tively 2 and 5-year interval (Jin and Sader, 2005b). According to
Lunetta et al. (2004), monitoring vegetation changes using Bright-
ness and Greenness required time periods up to 3 or 4-year interval
between image acquisition. However, the image temporal frequency
is often determined by the availability of satellite data (Coppin and
Bauer, 1996). Robust approaches are needed for analysing multi-
temporal spectral signal and detecting changes over different avail-
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able temporal resolution, instead of relying on recommended time
intervals.

Quantitative models have been developed in order to link spec-
tral reflectance with forest age to monitor the progressive forest
evolution. Forest inventory variables including stand age have been
also derived from SPOT and Landsat images using multivariate re-
gression (Jakubauskas and Price, 1997; Gerylo et al., 2002; Sivan-
pillai et al., 2006). Artificial neural network approaches were found
efficient for predicting coniferous forest age by taking into account
the nonlinear relations between stand age and spectral reflectance
(Jensen et al., 1999; Kimes et al., 1996). Other models retriev-
ing forest structure variables have been developed using image tex-
ture analysis from very high resolution images (Kayitakiré et al.,
2006). Whereas these models were focused on closed canopy for-
est, other studies focused on early succession, i.e. from bare soil to
closed-canopy. Wulder et al. (2004) estimated the age of lodgepole
pines during the regeneration using a stepwise multivariate regres-
sion model from both spectral reflectance and Wetness. However,
as these models focused on the changes of forest state, they rarely
cover the whole forest succession, i.e. the different stages from bare
soil to mature forest. Different descriptive studies investigated the
relationship between conifer succession and spectral reflectance ei-
ther on early succession or on following succession stages. During
early succession, reflectance rapidly decreases in all spectral bands,
except for Near-Infrared (NIR) band which increases (Pussa et al.,
2005). Red and SWIR bands were found more sensitive to veg-
etation density than other spectral channels in the first stage of
forest succession (Häme, 1991; Horler and Ahern, 1986). In the
following succession stages, all spectral bands reach a plateau after
the canopy closure except for NIR band which still has an unclear
trajectory (Jensen et al., 1999; Fiorella and Ripple, 1993; Nilson
and Peterson, 1994; Nilson et al., 2003). Causes of this reflectance
variation are numerous and complex but canopy shadow (Spanner
et al., 1990) and crown shape (Rautiainen et al., 2004) seem to have
an important impact. Better characterization of forest spectral tra-
jectories over the whole succession is thus needed for improving the
distinction between major forest cover changes like clearing and
regrowth and natural forest reflectance variation.
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The objective of this research is the analysis of spectral re-
flectance dynamics over a conifer stand cycle in order to identify the
most appropriate spectral information for forest change detection.
These dynamics are characterized over the whole forest succession,
i.e. from bare soil to mature forest, for a large set of conifer stands.
Using SPOT HRVIR images, this per-parcel study quantifies the
effect of the two main forest cover changes with regards to the
overall signal range observed over the forest stand cycle. Finally,
multi-date image differencing is used to characterize the reflectance
change observed over the same stands at different dates in order to
define a robust change detection approach.

2.2 Geographical area and sample stands

The geographical area covers more than 180,000 ha located in East-
ern Belgium, the Hautes Fagnes region (Figure 2.1). The forest that
covers 40% of the total area includes both deciduous and conifer-
ous stands, the last being dominant. This study was focused on
coniferous forests, primarily composed of Norway spruces (Picea
abies (L.) Karst.), for analysing a large number of stands with an
equal representation of each successional stages. Covering more
than 1,750 ha, a sample of 650 spruce stands, dispersed over the
study region, has been selected for the analysis of forest stand cy-
cle. These stands, with mean area of about 2.8 ha, are located on
relatively flat areas with elevation ranging from 300 to 610 m. The
stand age distribution of the sample is illustrated in Figure 2.2 for
the year 2003. This large sample has been extracted from a forest
inventory of the state-owned forests for including only monospe-
cific (spruce) and homogeneous (without gaps) stands and covering
all successional stages. This forest inventory has been provided
in GIS vector format including stand properties, such as species
composition and date of the last planting. Forest stands were vi-
sually delineated with a MMU of less than 0.1 ha from a mosaic of
aerial photographs and stand characteristics were collected on the
field and updated in 2003. These digital and orthorectified natural
colour aerial photographs were acquired at 1:20,000 scale between
1997 and 1998.
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Figure 2.1: Geographical area of the study with the location of the
sample spruce stands.
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Figure 2.2: Stand age distribution of the sample of spruce stands
in 2003 (n = 650).
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In the study area, forest management of spruces is mainly based
on monospecific and even-aged stands. The stand is the mini-
mal forest management unit with homogenous species composition.
While forest succession is generally used for the natural evolution
of unmanaged forest, this term here corresponds to the forest stand
cycle and refers to the different growing stages in managed forest
driven by timber harvesting and silvicultural treatments. Based
on the Uotila and Kouki (2005) classification, forest succession of
managed spruce stands is characterized by the following stages: (1)
bare soil, (2) regeneration, (3) sapling, (4) young and (5) mature.
After the bare soil resulting of a clear-cut, the regeneration is usu-
ally done by plantation (natural regeneration was not observed on
sample stands). The canopy tends to be closed after 10 to 15 years
when trees reach about 3 m height. Tree grows in height till 14 m
(top height) during the sapling stage before having the first thin-
ning at about 25 to 35 years and an age between 60 and 80 years,
depending on the soil fertility. Several thinnings are then performed
during young and mature stages. Finally, the harvest is completed
when trees reach 30 to 35 m height. While these practices can
slightly vary, they were similar for most of the stands in the study
area. These successional stages, except for young stage which is
similar to mature one, are illustrated in Figure 2.3 by a sequence
of aerial photographs acquired in August 1997.

2.3 Satellite images and ancillary data

Three SPOT-HRVIR images were acquired in 1992, 1995 and 2003
over the study area. Acquisition parameters are given in Table 2.1.
Near-anniversary dates were selected during the summer season.
The spatial resolution of multispectral images is 20 m for the two
first images and 10 m for the 2003 image. For all images, three
spectral bands, i.e. Green, Red and NIR, were available with an
additional SWIR band (1.58-1.75 µm) for the 2003 image. The
parameters characterizing the geometry of acquisition include the
View Zenith Angle (VZA), the View Azimuth Angle (VAA), the
Sun Zenith Angle (SZA) and the Sun Azimuth Angle (SAA).

Pre-processing was applied on the three satellite images, in-
cluding orthorectification and normalization. First, a coregistra-



2.3 Satellite images and ancillary data 35

Bare soil Regeneration (10 years)

Sapling (20 years) Mature (60 years)

Figure 2.3: Stages of forest cycle of different spruce stands (stand
age in brackets) illustrated by extracts of natural color aerial pho-
tographs acquired in August 1997.
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Table 2.1: Acquisition parameters of the SPOT satellite images
(Angles in degrees).

Image Acquisition date Sensor VZA VAA SZA SAA

XS92 7 Aug 1992 SPOT-2 13.4 285.9 34.9 163.2

XS95 24 Jul 1995 SPOT-3 22.3 100.2 33.5 147.4

XS03 14 Sep 2003 SPOT-5 25.8 101.9 48.9 158.1

tion between the three images was carried out with high precision
to avoid misregistration errors. Depending on the satellite image,
a set of 18 to 26 common Ground Control Points (GCP) spread
over the whole study area were selected from aerial photographs.
Orthorectification using a DEM was then applied on each image.
This DEM was interpolated by bilinear interpolation from contour
lines of the 1:50,000 topographic maps. The Root Mean Square
Errors (RMSE) were respectively 0.51, 0.66 and 0.39 pixels. Given
that this error is about half the pixel size, the effect of misregistra-
tion errors on change detection results can be considered as limited
(Dai and Khorram, 1998). Moreover, as each image was resampled
thanks to bilinear interpolation, the effect of a shifted boundary was
expected to be reduced. Second, radiometric corrections between
multidate images were performed in two steps: (1) radiometric cali-
bration and (2) radiometric normalization. Radiometric calibration
consists in the conversion of DN from raw image into TOA radi-
ance and into TOA reflectance based on the calibration parameters
of the satellite sensor. Then, the radiometric normalization aims
at matching multidate images to a reference image using PIFs and
RMA. The automatic radiometric normalization based on multi-
variate alteration detection developed by Canty et al. (2004) was
selected because it automatically selects PIFs from two images and
normalize them. Based on the PIFs, parameters are derived from
the linear relationship between each SPOT image and the SPOT
2003 reference image using ordinary least squares regression anal-
ysis. The NDVI was derived from the TOA reflectance channels
(NIR and Red) respectively for each image where
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NDV I =
(NIR − Red)

(NIR + Red)
(2.1)

Two image differences were computed from the two pairs of
images. The 3 and 8-year difference images were derived from XS95
minus XS92 and XS03 minus XS95.

2.4 Data analysis

The per-parcel analysis was performed in extracting parcel bound-
aries of the selected stands from the vector data layer. A buffer of
20 m, corresponding to the largest pixel size, was subtracted from
each polygon in order to reduce possible edge effects. Stand age was
computed by the difference between the image acquisition date and
the stand planting date provided by the forest inventory. Based on
this buffered stand delineation, summary statistics were extracted
from the reflectance of each satellite image (XS92, XS95 and XS03)
as well as the image difference (XS95-XS92 and XS03-XS95) includ-
ing stand reflectance means for the different spectral bands (Green,
Red, NIR and SWIR) as well as for NDVI. These statistics were
combined with the stand age provided by the forest inventory for
constructing the different trajectories. Standard deviations of the
stand reflectance averages were also computed for each period of 3
years to describe their distribution.

For multi-date analysis, the unchanged forest state has been
compared to the two types of forest cover change, namely clearing
and regrowth. Their distinction was based on the planting date
provided by the GIS inventory and visually checked on the corre-
sponding satellite images. While the period between harvesting and
plantation can slightly vary, it was assumed that an interval of 2
years was typical for the study area. Forest clearing corresponds to
the change from mature forest to bare soil, i.e. when the harvesting
occurs during the time interval between both images. The forest
regrowth corresponds to the recovery of canopy from bare soil to
closed-canopy forest, i.e. when the plantation takes place during
images interval. Unchanged forest corresponds to forest where no
important forest cover change has occurred.
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2.5 Results

2.5.1 Spectral trajectories of forest cycle

Figure 2.4 summarizes the temporal trajectories of forest stand cy-
cle for the different spectral bands extracted from the 2003 image.
While the chronosequence of forest succession usually starts at the
bare soil stage, the mature stage is repeated at the beginning of the
trajectory in order to better characterize the impact of forest clear-
ing. The general trend of these trajectories is a reflectance increase
due to forest clearing and then a decrease during the subsequent
growing stages. However, while the reflectance of all visible and
SWIR bands decrease right after the clear-cut, the NIR reflectance
increase significantly during the early regrowth stage and decreases
only 6 years later.
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Figure 2.4: Spectral trajectories of forest cycle for spruce stands
derived from the 2003 SPOT image. Each point corresponds to
the mean reflectance value from all stands within a 3-year inter-
val around the considered stand age while error bars refer to one
standard deviation interval. The white symbols correspond to the
repetition of the stands at mature stages.
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The drastic removal of the forest cover due to clear-cut, i.e. the
forest clearing, leads to an increase in all spectral bands but with
different intensity according to the wavelengths. This effect is of
gradual importance for Green, NIR, Red and SWIR bands. The
result of forest clearing is the bare soil with some cutting debris
showing reflectance rather higher than vegetation in all spectral
bands. While the soil properties can have a significant effect on
bare soil reflectance, its impact is generally limited for low organic
matter and moisture contents (Guyot et al., 1989).

The reflectance for visible and SWIR bands rapidly decreases
asymptotically during the transition from bare soil to closed canopy,
i.e. the forest regrowth, due to the development of the vegetation
and the proportion reduction of visible bare soil. These reflectances
reach the value of a mature forest after 15 years when the canopy
is completely closed, i.e. when the effect of underground vegetation
on reflectance is negligible. In Green and Red bands, the reflectance
decreases due to the leaf pigment absorption including the chloro-
phyll which reduces mainly Red reflectance. The same trend was
observed for the SWIR band due to higher vegetation water con-
tent.

While different studies have confirmed that the reflectance de-
crease for visible and SWIR bands, several authors could hardly
characterize the NIR successional trajectory (Häme, 1991; Fiorella
and Ripple, 1993; Jensen et al., 1999; Nilson et al., 2003). In this
study, its reflectance first increases during the canopy closure to
reach its maximum around 6 years and then decreases regularly
until the mature stage corresponding to a plateau around 50 years.
This particular bell-shape trajectory can be explained by several
factors. First, the proportion between young and old needles can
have an important influence on the NIR reflectance as needles of
the current year have significant higher NIR reflectance compared
to older needles (Guyot et al., 1989; Middleton et al., 1997). Second,
canopy roughness has also a decreasing influence on NIR reflectance
due to the increase of shaded crowns. Its impact depends on the
geometry of image acquisition and on canopy roughness which both
determine the shadows fraction of the remote sensed signal (Asner
and Warner, 2003; Song et al., 2002). Finally, the evolution of the
crown shape can have an impact on the reflectance. According to
Ishii and McDowell (2002), the crown structure is changing from
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conical profile for young conifers to cylindrical shape for old ones,
thus reducing NIR reflectance.
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Figure 2.5: NDVI trajectory of forest cycle for spruce stands derived
from the 2003 SPOT image. Each point is the mean reflectance
value from all stands within a 3-year interval around the considered
stand age while error bars refer to one standard deviation interval.
The white symbols correspond to the repetition of the stands at
mature stages.

As a consequence of Red and NIR temporal profiles, the rela-
tionship between NDVI and stand age shows three distinct phases
during forest stand cycle (Figure 2.5). From the mature stage, the
NDVI drops drastically when a clear-cut occurs. During the for-
est regrowth, the NDVI rapidly rises to reach its highest value at
15 years. Its value decreases very slowly afterwards to reach the
plateau of mature forest value around 40 years. While the link be-
tween this index and the vegetation biomass is confirmed for the
beginning of the trajectory, the regular decrease of NDVI for closed-
canopy forest should be related to the decreasing trajectory of NIR
band. As a result of this particular shape, some stages between
3 and 6 years have the same reflectance value as a mature forest
which is quite problematic for change detection.
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Figure 2.6: Successional trajectories for Green, Red and NIR re-
flectances as well as for NDVI of spruce stands from SPOT images
acquired in 1992, 1995 and 2003. Each point is the mean reflectance
value from all stands within a 3-year interval around the considered
stand age while error bars refer to one standard deviation interval.
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Based on three images acquired in 1992, 1995 and 2003, succes-
sional reflectance and NDVI trajectories were compared together
in order to confirm the results obtained from the 2003 image (Fig-
ure 2.6). These trajectories were found very similar for the three
images and can be considered typical for spruce stands with similar
management practices. However, the SWIR pattern could not be
repeated as it was not provided in the two first images due to SPOT
sensor differences.

2.5.2 Detection of forest clearing and regrowth

The two different forest cover changes were then analysed using
multi-date images combined thanks to image differencing. Based
on the stand age classification described in Section 2.4, the change
classes have been characterized using the NDVI and then the combi-
nation of Red and NIR mean stand values for different time period,
namely 3 and 8-year interval (respectively 1995 minus 1992 and
2003 minus 1995).
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Figure 2.7: Relation between NDVI difference means for 3-year
time interval and stange age in 1995 for the sample of spruce stands
characterized by different types of forest cover changes.
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Figure 2.8: Relation between NDVI difference means for 8-year
time interval and stange age in 2003 for the sample of spruce stands
characterized by different types of forest cover changes.

Figures 2.7 and 2.8 show the relation between NDVI differences
and stand age for 3 and 8-year time periods. While the NDVI
difference is centred on the zero value for unchanged forest, for-
est clearing generally induced negative values and positive ones for
forest regrowth. But these also highlight the confusion of certain
stands affected by forest clearing with unchanged forests when us-
ing only this index.

The combination of Red and NIR differences is first illustrated
for the 3-year difference image in Figure 2.9. Unchanged stands
are centered on zero values for both Red and NIR differences, but
the variation of NIR difference values is higher than for the Red
band. Both Red and NIR differences are positive for forest clearing
as a logical consequence of the increase of reflectance in all spectral
bands due to forest harvest. The forest regrowth is characterized by
negative Red differences whereas NIR differences are still positive.
As observed in Figure 2.4, these spectral changes are related to the
different behaviours between the decrease in Red reflectance and the
increase in NIR reflectance during early succession. Similar trends
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were also observed for the 8-year difference image (Figure 2.10).
However, the intensity range of difference values is higher for the
8-year than for 3-year period due to the longer time interval. More-
over, the inter-image differences observed between NIR trajectories
in Figure 2.6c were higher between the years 1995 and 2003 than
between 1992 and 1995.
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Figure 2.9: Relation between NIR and Red reflectance difference
means for each spruce stand derived from 3-year interval SPOT
images for different types of forest cover change.

2.6 Discussion

The spectral reflectance and NDVI dynamics were successfully char-
acterized over the whole forest cycle for temperate conifer stands.
They combine the different stages of forest cycle and include both
important forest cover change (clearing and regrowth) and forest
state change when canopy cover is closed. The limited study region
in temperate region could limit the generalization of the derived
trajectories. But similar trajectories have been derived over other
regions. First, the relationships between reflectance and stand age
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Figure 2.10: Relation between NIR and Red reflectance difference
means for each spruce stand derived from 8-year interval SPOT
images for different types of forest cover change.

computed by a model developed by Häme (1991) over a pine stand
provided similar trajectories in boreal forests. This model simply
combines the reflectance of the different elements observable by re-
mote sensing and their respective proportions in terms of cover.
Second, the same relationships were derived for tropical forests by
Steininger (1996) and Lucas et al. (2002). The NIR trajectory also
showed a bell-shape curve but faster spectral reflectance dynamics
were observed (NIR peak at about 5 years old) for tropical forests.

These trajectories were found also consistent between satellite
images acquired at different dates, though the absolute values could
be affected by different external effects such as atmosphere, topog-
raphy, phenology, sensor calibration and geometry of acquisition.
Song and Woodcock (2003) have assessed these effects using mul-
titemporal Landsat images but they concluded that they were dif-
ficult to correct given that they are all combined. Schroeder et al.
(2006) reduced spectral differences of early forest succession stands
between multi-date data using automatic normalization. The same
technique was successfully applied in this study for reducing differ-
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ences due to sensor calibration, geometry of acquisition and atmo-
spheric effects.

For change detection based on multi-date analysis, the selection
of appropriate spectral bands or vegetation indices is crucial. The
combination of Red and NIR bands was found very efficient for
change detection based on different temporal resolution. These two
bands are indeed complementary for detecting forest changes. The
NDVI was found also interesting for change detection with short
time interval (less or equal to 3 years) thanks to its important drop
in value at bare soil stage. However, after 3 years of growth, the
NDVI value can be similar than mature forest stage one. The SWIR
band should be even more appropriate than the Red one because the
reflectance difference between bare soil and mature stands is higher.
Its importance has already been proved by Jolly et al. (1996) for
detecting clear cut areas in multi-date classification. However, the
impact of SWIR band was not assessed in this study due to the
lack of this spectral band in the first two images.

Spectral trajectories of forest cycle are very useful for selecting
the most appropriate spectral bands for change detection depend-
ing on the change of interest. This research was focused on two
forest changes, including clearing and regrowth. Other forest dis-
turbances, such as diseases or decline, could also be detected if they
induce reflectance variation larger than the forest natural growth
variability. Moreover, less drastic change, such as natural regenera-
tion, could also be detected using all spectral bands instead of one
spectral band or NDVI.

The per-parcel analysis of forest spectral reflectance dynamics
is a first step toward object-based approach for detecting changes.
While the boundary of forest stand was here derived from GIS-
data based on visual delineation, objects could be directly derived
from the satellite image using image segmentation approach. Wul-
der et al. (2004) have efficiently combined both GIS-data and image
segmentation for deriving stand age of lodgepole pines. Such trajec-
tories could be also useful for several applications such as automatic
forest map updating as well as regeneration monitoring.

Forest monitoring should be linked to the forest management
and its related silvicultural treatments. During the study period,
spruce stands were mainly planted by artificial regeneration. How-
ever, the recent evolution in silvicultural practices promotes the
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natural regeneration. This change in silvicultural practices will re-
sult in harder detection of forest clearing as the removal of forest
canopy will not concern the whole stand area.

2.7 Conclusions

This study has highlighted the high spectral reflectance dynam-
ics for conifer stands during the whole forest cycle. Variations
in spectral reflectance are mainly due to important forest cover
changes, namely forest clearing and regrowth. The evolution of
NIR reflectance during forest cycle has been found to have a bell-
shape reflectance trajectory, thus inducing a particular trajectory
for NDVI. These trajectories derived from a large sample of spruce
stands were found also consistent between satellite images acquired
at different dates.

The detection of these forest cover changes through multi-date
comparisons has been assessed using image differencing for two time
periods, namely 3 and 8-year intervals. Each spectral band has a
change type discriminant potential but they have a decreasing dis-
criminant potential from NIR, Red to Green bands. Using these
three spectral bands together (multivariate) was found more effi-
cient for whatever time period than using a single one or the NDVI
(univariate).

Focused on conifer stands in temperate regions, these results can
be extended to other ecosystems as similar relationships between
forest age and reflectance were found for boreal and tropical regions.
This suggests incorporating the potential of multivariate analysis
into generic change detection approaches. Moreover, while SWIR
reflectance cannot be used in this study, its trajectory close to the
Red band one with higher amplitude suggests its high potential
for change detection. Finally, it could be useful to derive spectral
trajectories for other change types in order to extent the detection
approach to these changes and propose a change type labelling in
various forest environments.





Chapter 3

Forest change detection by
statistical object-based
method ∗

Abstract

Forest monitoring requires more automated systems to analyse the large
amount of remote sensing data. A new method of change detection is pro-
posed for identifying forest cover change using high spatial resolution satellite
images. Combining the advantages of image segmentation, image differencing
and stochastic analysis of the multispectral signal, this OB-Reflectance method
is object-based and statistically driven. From a multi-date image and a forest
mask, a single segmentation using region-merging technique delineates multi-
date objects characterised by their reflectance difference statistics. Objects
considered as outliers from multitemporal point of view are successfully dis-
criminated thanks to a statistical procedure, i.e. the iterative trimming. Based
on a chi-square test of hypothesis, abnormal values of reflectance differences
statistics are identified and the corresponding objects are labelled as change.
The object-based method performances were assessed using two sources of ref-
erence data, including one independent forest inventory, and were compared
to a pixel-based method using the RGB-NDVI technique. High detection ac-
curacy (> 90%) and overall Kappa (> 0.80) were achieved by OB-Reflectance
method in temperate forests using three SPOT-HRVIR images covering a 10-
year period.

∗Adapted from Desclée, B., Bogaert, P. and Defourny, P. (2006). Forest
change detection by statistical object-based method. Remote Sensing of Envi-

ronment, 102, 1–11. Reprinted with permission from Elsevier c© 2007.
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3.1 Introduction

Forest ecosystems have never been so affected by human pressure
than currently (FAO, 2001). The rapid conversion or degradation
of forest environments is thus of important international concern.
Forest monitoring mainly focuses on detecting and estimating the
land conversion rate and, more recently, on assessing carbon stocks
in the forest ecosystem. Operational systems for monitoring and
updating forest maps are thus needed for many applications such
as forest management, carbon budgeting and habitat monitoring
(de Wasseige and Defourny, 2004; Foody, 2003; Sader et al., 2001).

Satellite remote sensing is widely used to detect forest change
and update existing forest maps. Many change detection techniques
have been developed since the early days of earth observation. How-
ever, because of the enormous amount of remote sensing data to
analyse, operational monitoring systems require more automated
methods. An efficient change detection procedure should be objec-
tive, easy to use, and should require a limited number of parameters
for extracting changes. Indeed, the huge amount of work that has
been done in change-thresholding of the histograms of vegetation-
difference-images clearly warrants the reduction of human interven-
tion in the process (Bruzzone and Prieto, 2000b; Fung and LeDrew,
1988; Jin and Sader, 2005a; Le Hégarat-Mascle and Seltz, 2004). By
using an automated procedure, this time-consuming human inter-
pretation could thus be limited to the class labelling of the iden-
tified changed areas. However, in spite of increasing demand con-
nected with international concern about forest, very few automatic
algorithms have been proposed in the literature (Rogan and Chen,
2004). Taking advantages of object-based techniques, two meth-
ods have already been developed but they suffered of low detection
performances. The first one is the unsupervised technique of Häme
et al. (1998) which is based on change vector analysis. By analysing
groups of pixels to reduce the “salt and pepper” effect, this tech-
nique does not take advantage of image segmentation. The second
one is based on a presegmentation step coupled with an unsuper-
vised ISODATA classification (Saksa et al., 2003). This technique
failed to correctly extract clear-cut areas because the segmentation
and the clustering algorithm were not appropriate (MMU too large
and classification based on object difference means).
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This research aims to develop a new method to extract land
cover changes in forest by taking advantages of image segmenta-
tion, image differencing and stochastic analysis of the multispectral
signal. Using high spatial resolution images and a forest mask, this
method was sought to be scene-independent and easy-to-use. This
study also aims to test this new approach on a multi-year SPOT-
HRVIR data set and to compare its performances to the pixel-based
method using the RGB-NDVI technique.

3.2 Study site and data

As the study site and the data have been already described in Sec-
tions 2.2 and 2.3, the reader can start at Section 3.3 for avoiding
repetitive readings. However, it is important to notice that the whole
forest land is taken into account for this change detection analysis.

The study site covers more than 180.000 ha and is located in
Eastern Belgium. The forest that covers 40% of the total area in-
cludes both deciduous and coniferous stands, with the last type
being dominant. Land cover changes are more frequent and cover
larger areas in conifer stands because they are rather monospecific
and have a shorter exploitable age. Whereas different forest man-
agement systems coexist, many clear-cuttings occurred in conifer-
ous stands on areas ranging from 0.1 to more than 10 ha. After
this forest removal, the forest regeneration can either rely on natu-
ral recolonisation or young tree plantation. The distinction between
these two regeneration techniques is not possible using the available
remote sensing data.

Three cloud-free multispectral SPOT-HRVIR images were ac-
quired over a decade and are considered as our multi-date dataset.
Near-anniversary dates during the phenological peak season were
selected in order to reduce the seasonality effect. The acquisition
dates for these images were August 7th 1992 (XS92), July 24th
1995 (XS95) and September 14th 2003 (XS03), respectively from
SPOT-2, -3 and -5 satellites. The difference in the spatial resolution
between images (20 m for the first two and 10 m for the last one)
was corrected by bilinear interpolation resampling of the last image
(XS03) to 20 meters. Moreover, because the SWIR band was only
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available for the last acquisition, this spectral band was not used in
the study. The 3 spectral bands, respectively Green, Red and NIR,
were combined for the 3 dates in a 9-band multi-date dataset.

Ancillary data included a forest inventory data layer, GIS
topomaps, aerial photographs, the 1990 CORINE Land Cover
(CLC) map and a DEM. The 2003 updated forest inventory of
the state-owned forest was provided in GIS vector format including
stand properties, such as the species composition and the date of
the last planting. Forest stands were delineated from aerial pho-
tographs with a MMU of less than 0.1 ha and stand characteris-
tics were collected on the field. This independent data source was
used as reference for the accuracy assessment. Topographic maps
1:10,000 scale were used for the field survey. A set of digital and
orthorectified aerial photographs 1:20,000 scale acquired in 1997-
1998 was also available for the selection of very precise GCPs for
accurate coregistration and validation. The CLC map, as produced
by classification of Landsat images in 1990, served as a coarse in-
dependent forest mask which was then visually improved. Finally,
a 30 m DEM was resampled at 20 m by bilinear interpolation for
the orthorectification of the satellite images.

Two pre-processing steps were required for a meaningful com-
parison of the satellite images. First, a coregistration between the
three images was carried out with high precision to avoid misregis-
tration errors inducing false change alerts. Depending on the satel-
lite image, a set of 18 to 26 GCPs spread over the whole study area
were selected from aerial photographs. Orthorectification using the
DEM was then applied on each image. The RMSE were respectively
0.51, 0.66 and 0.39 pixels. Secondly, as significant radiometric dif-
ferences between images (due to geometry of acquisition and sensor
calibration) could prevent the comparison of absolute reflectance
values in multitemporal analyses (Häme, 1991), the radiance of im-
ages was radiometrically corrected into TOA reflectance using the
calibration parameters of SPOTimage (Lillesand et al., 2004). In
order to apply the RGB-NDVI method, the NDVI was calculated
from the TOA reflectance channels (NIR and R) respectively for
each image (Equation 2.1). From the 3 satellites images, two multi-
date dataset were produced: (i) the 3 NDVI bands, and (ii) the 9
TOA reflectance channels.
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3.3 Object-based methodology

The proposed change detection method is object-based and statis-
tically driven. This technique, presented in Figure 3.1, includes 3
steps resulting in the production of change maps. First, the multi-
date segmentation partitions the whole multi-year image into ob-
jects. Second, the object multi-date signatures are extracted from
each object to characterize the object spectro-temporal behaviour.
Third, the multivariate iterative trimming is a statistical procedure
to identify changed objects based on theirs object signatures.

1. Multi-date segmentation

3. Multivariate iterative trimming

2. Object multi-date signature
One single segmentation
on the multi-date image

4. Change map
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Figure 3.1: General principles of the Object-Based change detection
method using Reflectances (OB-Reflectance).

Over the time span covered by a sequence of satellite images,
the change detection algorithm aims to distinguish “changed ob-
jects”, corresponding to areas with forest cover change (clearing
and regrowth), from “unchanged objects” (i.e., regular growth of
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closed-canopy forest). The proposed algorithm relies on three basic
assumptions: (i) changes are rare and concern a small part of the to-
tal study area, (ii) unchanged objects exhibit similar reflectance dif-
ferences and (iii) changes induce large surface reflectance variation
and abnormal reflectance differences. Assuming these hypotheses
hold, the algorithm measures for each object the surface reflectance
variation over time and compares it between objects. Object ex-
hibiting abnormal reflectance change over time can thus be statis-
tically identified and labelled as changed areas. It is worth noting
that the proposed basic assumptions are most often respected for
forested areas, even if the change proportion clearly depends on the
time interval between observations as well as on the region size. As
a confirmation of the second assumption, Liang et al. (1997) and
Coppin and Bauer (1994) take advantage of unchanged forests as
stable targets for radiometric calibration between multi-date im-
ages.

3.3.1 Multi-date segmentation

Image segmentation is the process of partitioning an image into
groups of pixels that are spectrally similar and spatially adja-
cent, by minimizing the within-object variability compared to
the between-object variability. The object delineation has been
achieved using a general segmentation algorithm based on homo-
geneity definitions, in combination with local and global optimiza-
tion techniques, as implemented in the e-Cognition commercial soft-
ware (Baatz and Schäpe, 2000). The segmentation algorithm is a
region-merging technique which fuses the objects according to an
optimization function given by Equation 3.1, with

wsp

∑

nb

wbσb + (1 − wsp)

(

wcp

l
√

np
+ (1 − wcp)

l

lr

)

≤ hsc (3.1)

where nb is the number of spectral bands, σb is the within-object
standard deviation for the spectral band b, l is the object border
length, np is the number of pixels and lr is the shortest possible
length given the rectangle bounding the pixels (although each band
b can potentially have a specific weight, referred to as wb, the same
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weight has been considered for all bands in this study). This func-
tion also includes three kinds of user-defined parameters or weights.
The spectral parameter wsp, trades between spectral homogeneity
vs. object shape. The compactness parameter wcp, trading com-
pactness vs. smoothness, adjusts the object shape between com-
pact objects and smooth boundaries. Finally, corresponding to the
threshold of heterogeneity, the scale parameter hsc controls the size
properties of the produced objects.

Traditionally, the segmentation process has only been applied
to one single satellite image (Flanders et al., 2003; Mäkelä and
Pekkarinen, 2001; Wulder et al., 2004). In this study, objects are
defined in a single operation from the whole set of spectral bands
using all sequential images together. This approach, hereafter de-
noted as multi-date segmentation, relies on spatial, spectral and
temporal information to delineate suitable objects, so that pixels
that are spectro-temporally similar in a nb-dimensional space are
grouped together, where nb refers to the number of different spec-
tral bands for the set of sequential images.

3.3.2 Object multi-date signature

In order to compare the multi-date evolution of the spectral signal,
the reflectance of the three sequential (dates 1, 2 and 3) satellite
images were subtracted pairwise for all pixels belonging to the same
object. Thus, two image differences were computed from the suc-
cessive observations, i.e. dates 2-1 and dates 3-2.

For each object delineated by the previous multi-date segmen-
tation, the distribution of the reflectance difference values was sum-
marized by a multi-date signature. This signature includes two de-
scriptive statistics, i.e. the mean (M) and the standard deviation
(S), corresponding respectively to a measure of surface reflectance
difference and heterogeneity. As these differences are computed
for each band, the multi-date signature Xij of each object can be
defined as a vector, with

Xij = (Mij1, ...,Mijb, Sij1, ..., Sijb)
′ (3.2)

where i refers to the object, j (with j=1 or 2) to the image
difference considered, and b to the number of spectral bands.
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3.3.3 Multivariate iterative trimming

Using the vectors as defined in Equation 3.2, changed objects from
the unchanged ones were separated by a statistical analysis using an
iterative trimming procedure. Trimming is defined as the removal
of extreme values that behave like outliers. The common purpose
of this procedure is to reduce the sensitivity to outliers for many
parameter estimates, such as the sample mean and variance (Kotz
et al., 1988). In the case of a Gaussian distribution, the trimmed
mean is a robust estimation of the mean that is not affected by out-
liers. According to Bickel (1965), this estimator is efficient under
a variety of circumstances. More details about this technique can
be found in Huber (1972), Hoaglin et al. (1983) and Lee (1995).
It is worth noting that the trimming procedure is applied here in
a slightly different context. While typically used to eliminate ab-
normal values, these values need to be kept in our context, as the
corresponding objects are classified as changed.

The object reflectance differences over time are similar for undis-
turbed forest because the local forest heterogeneity is efficiently
smoothed out by the combination of image differencing and image
segmentation. Assuming that observed differences are due to var-
ious uncontrolled factors, the distribution of the multi-date signa-
ture parameters for unchanged objects could be reasonably approx-
imated by a Gaussian distribution (this assertion will be validated
for both M and S statistics from the results of the analysis). These
limited modifications of the temporal reflectances are also expected
to sharply contrast with the high and heterogeneous reflectance
modifications (respectively on M and S statistics) in the case of
forest cover change. As the segmentation do not always produce
pure objects, the S statistic is very crucial for detecting objects
partially changed. The statistical values for changed objects thus
tend to be located mainly in the head and tail of the distribution, so
that they behave like outliers with respect to those for unchanged
objects.

In this study, the trimming procedure was performed in its mul-
tivariate version, that takes simultaneously into account the differ-
ent object statistics appearing in each vector Xij. The combination
of several variables by way of multivariate analyses strengthened the
analysis. Using simultaneously the object standard deviation of re-
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flectance difference in addition to the object mean of reflectance
difference for all spectral bands, the capability of detecting changes
increases, as e.g. these changes may affect the various spectral
bands to different extents. As proposed above, let us assume that
for unchanged objects, Xij is Gaussian distributed with mean vec-
tor mj and covariance matrix

∑

j, so that we can define

Cij = (Xij − mj)
′

−1
∑

j

(Xij − mj) ∼ χ2(2b) (3.3)

where Cij is the square of the Mahalanobis distance for the
object i and the image difference j. Given that all Cij are chi-
square distributed with 2b degrees of freedom, we can thus write
that

P (Cij < χ2
1−α(2b)) = 1 − α (3.4)

i.e., for a chosen probability level 1 − α (with 1 − α = 0.99, for
example), we can identify a value χ2

1−α(2b) that Cij will only exceed
with probability α. If α is chosen to be small, a simple hypothesis
test at the 1 − α confidence level consists of identifying any Cij

value that exceeds this threshold as a potentially outlying value, so
that in our context the corresponding object i is flagged as changed.
This procedure is similar to the approach applied by Ridd and Liu
(1998) using a pixel-based approach, which proved to be efficient to
detect changes in an urban environment. The confidence level 1−α

can be optimized to the application at hand thanks to a training
data set.

Clearly, applying Equation 3.3 can only be done if one knows
the corresponding mj and

∑

j. These can be initially estimated di-
rectly from the whole set of corresponding Xij vectors, but as this
set is precisely expected to contain outlying values, this could lead
to poor estimates. We thus propose to use Equations 3.3 and 3.4 in

an iterative approach. Initial estimates m̂j and ˆ∑
j are computed

from the whole set of objects, and a first trimming is applied. From

the set of objects flagged as unchanged, new estimates m̂j and ˆ∑
j

are obtained, and trimming can be applied again. This iterative
procedure is stopped when no new objects are flagged as changed.
Instead of extracting changed objects in a single step from poor
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initial estimates m̂j and ˆ∑
j, the selection of outliers thus becomes

finer at each new iteration. An illustration of the iterative proce-
dure results is given in Figure 3.2, where only a single band has
been used for the sake of simplicity; as the number of iterations in-
creases, the corresponding confidence ellipses shrink progressively
until no more additional changed objects are identified.
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Figure 3.2: Detection of changed objects from two statistics de-
scribing the reflectance difference (XS03-XS95) for the NIR spectral
band, i.e. the mean (Object Mean) and standard deviation (Object
Stdev). The iterative process is illustrated by the ellipses drawn for
iterations 1, 2, 3 and 13 (out of 13 iterations). Points outside the
smallest ellipse (iteration 13) are all considered as changed objects.

As described above, the whole procedure was only applied on a
single image difference. It was, however, repeated respectively for
both image differences and the results were combined, in the sense
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that an object detected as an outlier in at least one of the statistical
tests was considered as “changed” for the whole change detection
process.

3.4 Experimental design

The proposed Object-Based (OB) methodology was tested on the
SPOT-HRVIR images in order to assess its performance using only
the NDVI series on one hand (OB-NDVI) and using all of the 9 re-
flectance bands on the other hand (OB-Reflectance). These results
were compared to a robust pixel-based method, i.e. the RGB-NDVI
(Sader et al., 2001) and an extension of this technique, the Multi-
spectral Multi-date Classification (MMC).

3.4.1 Object-based change detections

The multi-date segmentation was carried out from the 9 TOA re-
flectance bands of the SPOT images using equal weights for all
bands. The segmentation parameters wsp and wcp of Equation 3.1
were equal set at 0.5 to produce objects which are expected to
correspond to forest stands. In the first parameter, spectral and
shape criterions have been selected to have the same importance
in order to obtain spectrally homogenous objects while irregular or
branched objects are avoided. The second parameter is selected to
equally balance between compactness and smoothness as there are
generally both crucial in forest stand delineation. The hsc was set
at 5 to obtain image segmentation with a minimum object size of
0.5 ha, or 12 pixels of the SPOT-HRVIR image. This corresponds
to a trade-off between the minimum size of change object which
could be detected and the number of pixels per object required to
compute robust summary statistics.

To compare their respective change detection performances, two
separate datasets were prepared: (i) NDVI differences and (ii) TOA
reflectance differences. The NDVI differences were computed from
the two NDVI paired images, i.e. NDVI95–NDVI92 and NDVI03–
NDVI95. For each object obtained from the multi-date segmenta-
tion, M and S statistics were extracted from each NDVI difference
image, so that for each object i and image difference j, we could
define the corresponding vector Xij = (Mij, Sij)

′. The iterative
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trimming procedure was applied to each image difference and the
results of these 2 analyses were combined. Whereas the confidence
level is generally set at 0.99 in statistical tests, a preliminary opti-
mization of this parameter was completed to maximize the overall
accuracy of the change detection algorithm. The appropriate confi-
dence level was thus selected thanks to an optimization step based
on a training set of 1230 objects. These objects, different from
the reference data, have been visually selected and interpreted in
order to include the different change types, namely clearing and
regrowth, at different time and for both deciduous and coniferous
stands. For the NDVI data set, the confidence level 1–α was se-
lected by an optimization step and the optimized value was defined
equal to 0.975 (see section 3.5.3). This approach will be named
hereafter Object-Based method using NDVI (OB-NDVI).

Similarly, the same protocol was applied to the reflectance dif-
ference dataset (OB-Reflectance) from the two multispectral images
differences XS95–XS92 and XS03–XS95, where each image differ-
ence includes 3 difference bands, i.e., the NIR, Red and Green. For
each object i and difference image j, the corresponding vector is
thus Xij = (Mij1,Mij2,Mij3, Sij1, Sij2, Sij3)

′. The trimming proce-
dure was run separately for each image difference and the results
obtained separately for the 2 image differences were combined. The
optimized confidence level 1–α was defined equal to 0.99 for OB-
Reflectance.

3.4.2 Pixel-based change detections

Using the 3 NDVI bands of the multi-date SPOT dataset, the RGB-
NDVI technique of Sader et al. (2001) was applied to produce
change maps. The unsupervised ISODATA clustering algorithm
(Richards, 1993) produced 45 multitemporal classes which were in-
teractively labelled in binary format (change vs. no-change) based
on the visual interpretation of the color composites without using
validation dataset.

Similarly, this technique was extended to a more general clas-
sification, namely MMC, using the Green, Red and NIR bands of
the three SPOT images, i.e. 9 bands. The unsupervised ISODATA
classification also subdivided 45 classes interactively labelled into
change or no-change.
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3.4.3 Accuracy assessment

Among the various accuracy assessment methods presented by Big-
ing et al. (1998) and Foody (2002), the change detection error ma-
trix was chosen and computed for each change map. According to
Zhan et al. (2002), 4 accuracy indices derived from this error matrix
are required to compare these change detection methods. The over-
all accuracy is the proportion of changed and unchanged elements
(objects or pixels) that are correctly classified by the method. The
detection accuracy is the proportion of correctly detected changed
elements. The omission error is the proportion of omitted changed
elements, while the commission error is the proportion of falsely
detected unchanged elements. κ analysis (Cohen, 1960) uses the
overall Kappa and the per-class Kappa statistic, which is a measure
of accuracy or agreement based on the difference between the er-
ror matrix and chance agreement (Rosenfield and Fitzpatrick-Lins,
1986).

The comparison between different category of change detec-
tion techniques requires three types of validation approach: (i) a
polygon-wise validation for the object-based method, (ii) a pixel-
wise for the pixel-based method and (iii) a polygon-wise for the
pixel-based method. First, for a polygon-based mapping output,
any pixel-based accuracy assessment would tend to underestimate
the map accuracy (Biging et al., 1998). The proposed object-based
method was thus evaluated in a polygon-wise way. Each object
randomly selected for the accuracy assessment was compared to the
corresponding forest parcel of the validation dataset. The change
label (change or no-change) was compared to the change attribute
of the reference data. Given that the selected MMU is 0.5 ha, an ob-
ject is validated as changed if more than 0.5 ha of its area is covered
by a change forest stand of the validation dataset. Second, as the
multi-date classification is a pixel-based change detection method,
it was evaluated by a pixel-wise assessment. Third, in order to
directly compare the two change detection methods, the change
maps obtained by multi-date classification were assessed not only
pixel-wise but also polygon-wise, following the example of Zhan
et al. (2002). For the polygon-wise assessment of the pixel-based
method, the change attribute of each object from the multi-date
segmentation was derived from the area of the changed pixels. If
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this changed area is higher than the MMU defined at 0.5 ha, the
polygon is classified as changed.

Two sources of reference data were considered as complementary
for the method assessment. The first reference dataset was based on
the visual interpretation of each one of the 1000 objects randomly
selected out of the about 22,000 objects processed by the algorithm.
From the false color composite of each date, each of the 1000 objects
was interpreted as changed or unchanged. The second reference
dataset consists of approximately 325 randomly selected objects
where forest inventory information was available. Not based on
these satellite images, this independent dataset strengthened the
accuracy assessment. Because of random selection, changed vs.
unchanged samples were not evenly distributed and the proportions
of changed objects were equal to 33% for visual interpretation and
20% for forest inventory.

3.5 Results

Four change maps have been produced based on the 4 change
detection techniques, namely RGB-NDVI, OB-NDVI, MMC and
OB-Reflectance. From the performances indices assessment, the
method comparison has been done separately for each input data,
namely the NDVI and the reflectance. Depending of the change
detection objectives, the proposed object-based method can been
tuned by a preliminary optimization step, presented for OB-
Reflectance in Section 3.5.3. An example of the OB-Reflectance
change map is presented in Figure 3.3 beside the corresponding
multi-year images.

3.5.1 Methods comparison using NDVI

Table 3.1 shows the accuracy assessment results based on four per-
formance indices computed from OB-NDVI and RGB-NDVI change
maps using both validation approaches and both reference dataset.
The overall accuracy of both change maps was similar (about 83%)
but the high proportion of unchanged objects made this index less
appropriate to evaluate the change detection algorithm. The detec-
tion accuracy which is a more informative index to assess the change
detection performances was much higher for OB-NDVI (65%) than
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SPOT 1992 SPOT 1995

SPOT 2003 Change map

Figure 3.3: False color composite subsets (RGB=NIR-Red-Green)
of each image of the SPOT time series (1992-1995-2003) overlaid
by the multi-date segmentation result. Bright objects are clear-cuts
while regions in reddish grey are regenerating areas. The hatched
regions on the change map correspond to detected changed objects
by the OB-Reflectance method.
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for RGB-NDVI (51%). The efficiency of this algorithm was also
reported by the omission error (35% vs. 49%) and the commission
error (18% vs. 29%). For the polygon-wise validation, the RGB-
NDVI detection accuracy was higher whereas the overall accuracy
was lower. For the change class, the Kappa statistic was higher
for OB-NDVI (0.52) than for RGB-NDVI (0.40), and the overall
kappa’s were respectively 0.61 vs. 0.49. The independent reference
dataset derived from the forest inventory confirmed these results.
The detection accuracy was still higher for the object-based method
(66% vs. 49%).

Table 3.1: Performance indices for both change detection meth-
ods using NDVI, as estimated by two validation approaches, i.e.
polygon-wise and pixel-wise, and two sources of reference data,
i.e. visual interpretation (n=1000) and forest inventory database
(n=325, between brackets).

Change detection method OB-NDVI RGB-NDVI RGB-NDVI

Validation approach Polygon-wise Polygon-wise Pixel-wise

Detection accuracy (%) 64.6 (66.2) 64.3 (58.8) 50.6 (49.2)

Omission error (%) 35.4 (33.8) 35.7 (41.2) 49.4 (50.8)

Commission error (%) 18.1 (26.2) 39.0 (56.0) 28.6 (32.6)

Overall accuracy (%) 83.7 (88.0) 74.8 (75.7) 82.7 (86.6)

Kappa : Change class 0.52 (0.58) 0.45 (0.43) 0.40 (0.41)

Kappa : No-change class 0.73 (0.67) 0.42 (0.29) 0.62 (0.60)

Overall Kappa 0.61 (0.62) 0.44 (0.35) 0.49 (0.49)

3.5.2 Methods comparison using reflectance

Table 3.2 summarizes the validation results for both change de-
tection methods using all calibrated reflectance channels, i.e. OB-
Reflectance and MMC. While the performances of the pixel-based
method remained about the same as when using NDVI, the object-
based accuracy was improved using reflectances. Indeed, the OB-
Reflectance overall accuracy was as high as 93% whatever the val-
idation source. Similarly, the detection accuracy was found higher
than 91% for the proposed technique, while omission and commis-



3.5 Results 65

sion errors were reduced. The MMC commission errors were low
(16%) but can be considered as a logical consequence of the 51%
omission errors. The polygon-wise validation of the MMC again
provided detection accuracy better than the pixel-wise. The in-
crease in commission errors was offset by the decrease in omission
errors, so the overall accuracy remains about the same. The two
per-class κ were similar for the OB-Reflectance (0.87 vs. 0.81)
whereas the κ for the change class was lower than the no-change
class for MMC (0.41 vs. 0.79). The OB-Reflectance overall kappa
was much higher than using the MMC method. The independent
reference dataset derived from the forest inventory also confirmed
these results. The OB-Reflectance detection accuracy was still
higher (91% versus 63%).

Table 3.2: Performance indices for both change detection methods
using reflectances, as estimated by two validation approaches, i.e.
polygon-wise and pixel-wise, and two sources of reference data ,
i.e. visual interpretation (n=1000) and forest inventory database
(n=325, between brackets).

Change detection method OB-Reflectance MMC MMC

Validation approach Polygon-wise Polygon-wise Pixel-wise

Detection accuracy (%) 91.5 (91.2) 54.9 (70.6) 49.4 (62.7)

Omission error (%) 8.5 (8.8) 45.1 (29.4) 50.6 (37.3)

Commission error (%) 13.0 (21.5) 24.7 (32.4) 15.9 (17.8)

Overall accuracy (%) 92.7 (92.9) 79.3 (86.8) 85.1 (90.9)

Kappa : Change class 0.87 (0.88) 0.41 (0.62) 0.41 (0.57)

Kappa : No-change class 0.81 (0.73) 0.63 (0.59) 0.79 (0.78)

Overall Kappa 0.84 (0.80) 0.50 (0.61) 0.54 (0.66)

3.5.3 OB-Reflectance optimization

Due to its statistical design, the object-based method can be op-
timized according to the purpose of the change detection. Indeed,
the alpha parameter (α) in the statistical test defines the confi-
dence level 1-α and can be tuned either to maximize one of the
performance indices or to balance both of them. From the subset
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of 1230 objects (different from the validation set), the four detec-
tion performance indices were computed for different α values us-
ing the OB-Reflectance (Figure 3.4). For α=0.002 up to 0.05, the
omission error decreased whereas the commission error logically in-
creased. The detection accuracy increased with α, reaching 100%
accuracy for α=0.05. In this case, the commission errors were high
(about 52%) corresponding to many false change alerts. Whereas
the overall accuracy was still the same for α=0.002 up to 0.02, the
detection accuracy variation was about 20%. Using the reflectance,
the highest overall accuracy combining both errors was reached for
α=0.01.
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Figure 3.4: Evolution of 4 performance indices as a function of
the alpha parameter (α) defining the confidence level (1-α) for the
OB-Reflectance method.

These tuning capabilities allow the user to customize the change
detection method with respect to the project objectives. For forest
map updating that includes a field visit of the changed areas, the
detection accuracy would be maximized so that a high α value, e.g.
α=0.03, should be preferred. The selection of the confidence level
value could be tuned depending of the human resources available for
field surveys. In contrast, the maximisation of the overall accuracy
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of the change detection algorithm should be preferred for other ap-
plications. For example, the forest change for carbon stocks studies
can be estimated by this change detection technique using an alpha
value (α) below 0.01 to balance omission and commission errors.

3.6 Discussion

As outlined above, the proposed OB-Reflectance method combines
the advantages and strengths of three methodological aspects; i.e.
image segmentation, image differencing and statistical testing.

Through the object-based approach, the initial multi-date seg-
mentation process insures the quality of the multispectral data to
be submitted to iterative trimming. Indeed, the object delineation
combined the spectral, temporal and spatial information to cre-
ate consistent units of interest for statistical analysis. The object-
based analysis is expected to be less sensitive to slight misregis-
tration errors than traditional pixel-based analysis methods as this
effect is supposed to affect only the object border and thus could be
smoothed out at the object level. The processing time for detecting
change is also reduced given that there are much fewer objects than
pixels. Moreover, the object boundaries derived directly from the
satellite images are more consistent for change detection than using
GIS data which sometimes have non-reconcilable boundaries when
overlaid on these images. Based on these objects, the subsequent
statistical analyses are thus more robust and the change detection
performances are increased. It is worth noting that the objects de-
fined by the multi-date segmentation do not necessarily correspond
to real stands on the field. In particular, the selection of only one
segmentation scale for the analysis constrains the object size and
may sometimes prevent the delineation of either very large stands
or spatially limited changes. However, this multi-date segmentation
was found to be better than a combination of independent segmen-
tations on each image, that easily leads to over-segmentation with
sliver polygons.

The multi-date image comparison was performed using image
differencing. Many change detection studies have been based on
the single vegetation index NDVI to reduce the differences in il-
lumination and topographic effects (Hayes and Sader, 2001; Lyon
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et al., 1998; Wilson and Sader, 2002). While reflectance differenc-
ing is a well-known technique for change detection, the comparison
of these reflectance differences by way of iterative trimming makes
this approach very robust, even without accurate radiometric cal-
ibration. Moreover, due to the sun synchronous character of the
SPOT satellite, topographic effects are supposed to be constants
between images. It should be noted however that, after the cloud
coverage screening, the method assumes that atmospheric effects
are homogeneous over the whole study area. Heterogeneous atmo-
spheric effects may require a preliminary stratification of the region
or indeed, corrections of these effects (Song et al., 2001).

The use of a statistical procedure makes the method scene-
independent. The multi-date reflectance is considered as very ho-
mogeneous for unchanged objects which are very numerous com-
pared to changed ones. The detection of these rare objects having
abnormal multi-date reflectance is done thanks to the combination
of both statistics, M and S, from the object multi-date signature.
Whereas only the object mean (M) is computed in several object-
based methods (Saksa et al., 2003; Wulder et al., 2004), the addition
of the object standard deviation (S) was found to be very efficient.
Indeed, when an object is partially changed, the object standard
deviation S allows its discrimination in the iterative trimming test.
Moreover, the comparison of algorithm performance in this study
illustrated that the most relevant input data for change detection
is the whole set of spectral channels (NIR, Red and Green) rather
than a combination of these channels in the NDVI. Changed ob-
jects are better identified when the spectral band number increases
as a land cover change could affect only one spectral band.

The change detection results of the proposed method were found
higher than many studies reported in the literature. Indeed, the
OB-Reflectance method has achieved an overall accuracy of 93%
and an overall kappa of 0.84. The particular unsupervised multi-
date classification developed by Häme et al. (1998) was found less
efficient for change extraction (respectively 66% and 0.21). Hayes
and Sader (2001) have assessed three different methods using the
same performance indices: PCA method (74% and 0.69), NDVI
differencing (82% and 0.79) and RGB-NDVI (85% and 0.83). Using
change vector analysis, Lunetta et al. (2004) achieved quite good
performances (86% and 0.55). High results (92% and 0.87) were
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obtained by Rogan et al. (2003) using classification trees which can
be considered as scene-dependent. For the RGB-NDVI method, the
performance achieved by this study corresponds to those from the
literature (Hayes and Sader, 2001). They were even higher (83%
and 0.49) than the 64% and 0.29 achieved by Wilson and Sader
(2002, Table 8) using 3 NDVI bands.

The comparison between object-based and pixel-based is a dif-
ficult task. Using both polygon-wise and pixel-wise validations, the
analysis of our performance showed two particular trends. First,
the polygon-wise validation of the multi-date classification provides
lower overall accuracy than the pixel-wise. In the polygon-wise
validation, objects with pixels classified as ’changed’ covering an
area larger than the MMU are considered as changed. So, omis-
sion errors are reduced whereas commission errors are more numer-
ous, thus reducing the overall accuracy. This polygon-wise valida-
tion is thus not suitable for accuracy assessment of a pixel-based
method except for the sake of comparison between pixel-based and
polygon-based method. Secondly, the overall accuracy is slightly
higher using forest inventory as reference whereas commission er-
rors are more frequent for all detection methods. The increase of
false change alerts can be explained by the larger proportion of un-
changed forest stands in the forest inventory. Indeed, the compar-
ison of these changed/unchanged proportions thanks to chi-square
test of Pearson has showed a significant bias between the two data
sources. This can be related to the quality of both data and above
all to the updating of forest inventory data.

This approach has proved to be very efficient for forest change
extraction and offers the advantage of being an automated pro-
cedure. Indeed, no predefined threshold for reflectance difference
channels was required in this analysis. There were only two param-
eters to be set by the user: (i) the scale parameter hsc and (ii) the
confidence level 1-α of the statistical test. The first was based on
the MMU expected from the change analysis. The second relied
on the proportion of changed vs. unchanged objects. Although the
default parameter settings already provide satisfactory results, the
fine-tuning capabilities offered by the method allow the user to op-
timize it with respect to the considered application. In our study,
this level of confidence was tuned at 0.99 for the OB-Reflectance
by an optimisation procedure on overall accuracy.
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Whereas most of the change detection studies cope with change
extraction and change labelling analyses, this study was focused
mainly on the extraction of change regions. From change detection
results, the visual interpretation can be focused on the rare changed
objects to determine the type of forest cover change. Moreover,
the performance of extraction can be assessed independently of the
change labelling. It is important to mention that all types of for-
est changes, namely clear-cutting and reforestation, were detected
using the same processing algorithm and that no very precise mea-
surement of their size or shapes have been done. Finally, forest
cover changes in both deciduous and coniferous stands were suc-
cessfully detected over the study area whereas they have different
spectral responses to forest disturbances.

3.7 Conclusions

The object-based change detection method proposed here proved
to be very efficient to identify forest land cover changes in both
deciduous and coniferous stands. A detection accuracy higher than
90% and an overall kappa higher than 0.80 were achieved using
a SPOT multi-date dataset covering a 10-year time span. This
technique can be considered scene-independent in the sense that no
predefined threshold for reflectance difference channels of the multi-
date image was required. Moreover, the fine-tuning capabilities of a
single algorithm parameter allow the user to customize the change
detection technique according to its specific objectives. The change
detection results achieved by the object-based method were higher
than pixel-based methods, regardless of the validation data source.

Given its scene-independent property and its sound statistical
formulation, the proposed object-based method can be easily ex-
tended to other kinds of data, other regions, or even for monitoring
surface changes in non-forested areas. Other experiments using dif-
ferent sensors in various environments are needed in order to extent
this very promising method for land surface monitoring and map
updating.

Whereas this study was focused mainly on the extraction
of change regions without distinction about the nature of these
changes, it could be very useful to address the problem of change
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type classification inside the procedure itself. Further theoretical
developments are still needed for this. Improving the exact delin-
eation of detected changed stands is another aspect that could also
be helpful to develop in the future, especially if the aim is to obtain
quantitative assessments about the change area.





Chapter 4

Mapping tropical
deforestation rate by
automated object-based
approach∗

Abstract

Local, national and international organizations need up-to-date and accurate
deforestation maps for environmental reporting and land management. The
availability of large volumes of high resolution satellite imagery has recently
increased the needs for automated processing methods able to detect tropical
forest changes. An object-based method is proposed to map deforestation rate
based on high resolution satellite images and any existing forest map. This pro-
cess takes advantage of the efficiency of multi-date and multiscale segmentation
and of an iterative statistical approach for change detection. In order to assess
its robustness, the proposed method was implemented and tested on two very
different situations corresponding to two sectors in and around the Virunga
National Park (DRCongo). The overall accuracies of the deforestation maps
were respectively equal to 79 and 87% based on visual interpretation of both
satellite images and airborne video data. Finally, mapping deforestation rate
thanks to a multiscale change interpretation was found relevant for decision
makers. This quantitative and spatially-explicit way of representing change
detection results describes simultaneously deforestation intensity, location and
extent.

∗Adapted from Desclée, B., de Wasseige, C., Bogaert, P., Defourny, P. and
Languy, M., Mapping tropical deforestation rate by automated object-based
approach: case studies in the Virunga National Park (DRCongo). International

Journal of Applied Earth Observation and Geoinformation, submitted.
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4.1 Tropical deforestation mapping

Remote sensing is crucial for producing deforestation maps thanks
to its synoptic view and temporal resolution. Since early days of
earth observation, satellite images acquired at different dates are
compared using change detection methods for identifying areas of
change. As deforestation is defined by the temporary or permanent
clearance of forest for agriculture or other purposes (Lanly, 1982),
deforestation mapping must focus on forest which was converted
into another land-cover. Two types of forest change information can
be derived, namely deforestation estimate and deforestation map
(Stehman, 2005). In order to cover continental or sub-continental
areas while keeping costs and delivery time reasonable, deforesta-
tion estimates are provided based on sampling (FAO, 2001; Du-
veiller et al., 2007). Deforestation mapping has the advantage to
provide both a complete spatial coverage of land cover change infor-
mation. Only few studies provide land cover change map in addition
to the overall transition matrix (Alves et al., 1999; Steininger et al.,
2001; Turner et al., 2001). However, the deforestation process could
be better described by mapping together different information, i.e.
extent, location and intensity.

Among the different change detection methods reviewed by Lu
et al. (2004b), post-classification comparisons are generally used for
deforestation mapping. This technique greatly depends on the ac-
curacy of each forest map derived either from visual interpretation
(Roy and Tomar, 2001) or from digital classification (Tucker and
Townshend, 2000; Sanchez-Azofeifa et al., 2001; Zhang et al., 2005).
More straightforward, other change detection techniques are based
on a simultaneous visual analysis of multitemporal images (FAO,
2001; Achard et al., 2002). Lu et al. (2005) compared different
change detection methods for moist tropical regions and found that
image differencing was an efficient method for detecting different
types of land-cover changes. However, the multi-date unsupervised
classification using either NDVI (Hayes and Sader, 2001) or tasseled
cap components (Guild et al., 2004) have been found most accurate
for detecting deforestation processes. Although these pixel-based
methods produced good results, they are greatly affected by “salt
and pepper” effects due to the high spectral variability which char-
acterizes tropical regions. Indeed, forest spectral variability was
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found dependent on both canopy roughness and geometry of ob-
servation (de Wasseige and Defourny, 2002) while heterogeneous
atmospheric conditions, including frequent hazes, induce noise in
surface reflectance measurement. Moreover, the contextual infor-
mation, namely the spatial information between the values of prox-
imate pixels, is not taken into account. New approaches using
parcel-based image analysis were found efficient for forest mapping
(Kayitakiré et al., 2002; Dorren et al., 2003; Flanders et al., 2003).
Initially based on stand delineation from GIS, these techniques can
now rely on image segmentation to group pixels with similar values
into objects for reducing local spectral variability and incorporating
contextual information. These objects can be derived at different
scales thus allowing multiscale analysis.

Forest change detection based on direct multi-date analysis gen-
erally requires a preliminary forest delineation to focus the monitor-
ing only on forested areas (Coppin and Bauer, 1996). This forest
mask can be derived from a land cover classification (Hayes and
Sader, 2001; Guild et al., 2004) based on the first satellite image
of the image pair or be extracted from other data sources such as
existing forest map (Häme et al., 1998), as done in Chapter 3. How-
ever, these forest limits, e.g. from Africover land cover maps, are
often not accurate enough for change detection analysis which relies
on the spatial resolution of the satellite images. Despite the very
variable accuracy of existing forest maps, they should still serve as
preliminary forest information. Dedicated techniques to update or
adjust these initial forest masks are thus required.

This research aims at developing and testing an object-based
method to detect deforestation and produce deforestation rate maps
based on high resolution satellite images and any existing forest
map. This process should take advantage of image segmentation
and change detection for ensuring its automation and its use over
various regions. Its robustness is tested for complex deforesta-
tion patterns – recent or old, large or very fragmented –in African
forests, over different time periods – 1 and 5 years – and combining
data from different sensors – SPOT and Landsat. This research
also proposes a new way of representing deforestation process by
combining extent, location and intensity information on a single
map, namely deforestation rate map.
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4.2 Study areas

The Virunga National Park is a protected area located across the
equator at the east of the Democratic Republic of Congo (DR-
Congo) and bordering Uganda and Rwanda (Figure 4.1). It is a site
of exceptional biological and ecological value due to its geodiversity
and its considerable altitudinal range (from 680 m to 5100 m) over
a limited area, i.e. 7900 km2. This area is crucial for the conserva-
tion of a large range of ecosystems and the protection of numerous
endemic species. Although it was the very first African national
park to be established in 1925 and declared as a World Heritage
Site by UNESCO in 1979, it is currently one of the most threatened
(Languy and de Merode, 2006). The main causes of pressure on the
park are (i) the demographic explosion around the park increasing
the demand for agricultural land, food and fuelwood, (ii) its valu-
able forest products, (iii) its location at the crossing of trans-border
access roads and, (iv) its unstable situation due to conflicts lead-
ing to crisis, population displacement and illegal resources mining.
The installation of refugee camps in and around the park from 1994
to 1996 induced severe degradations on the flora and above all on
mammals. Nowadays, the park is still in a critical situation due
the contrasts between eastern and western regions of this protected
area in terms of soil richness and population density.

Two sectors, the Semliki and the Mikeno sectors, were selected
due to their very different vegetation types and degradation pat-
terns, including respectively small encroachments and large clear-
cuttings. First, the Semliki sector includes lowland tropical forest
on both side of the Semliki river where different forest degradations
occurred. The extension of the agricultural activities of the peo-
ple living near the park leads to degradation distributed in small
patches within the forest. In contrast with shifting cultivation prac-
tices where forests may recover after several years thanks to natural
regeneration, the clear-cut parcels in the Semliki area are not left
over and natural vegetation cannot regenerate. Second, the Mikeno
sector covers a gradient of mountain vegetation ranging from the
mid-altitude mountain forest to afro-alpine vegetation on top of the
extinct volcanoes. The mid-altitude mountain forest recently suf-
fered from an exceptional and sudden intensive illegal clear cutting
between June and July 2004 (de Wasseige et al., 2005). A forest
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block of several hundred of hectares disappeared in less than two
months and several other smaller forest patches were severely de-
graded. No forest regeneration has been observed on any of both
sites during the study period.
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Figure 4.1: Location of the study areas including Semliki and
Mikeno sectors of the Virunga National Park (grid in decimal de-
gree).
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4.3 Data pre-processing

Four high resolution satellite images were acquired and pre-
processed. For the Semliki sector, images were acquired on April
1, 2000 and on February 11, 2005 respectively by SPOT-4 and -5
satellites. For the Mikeno sector, images were acquired on January
31, 2003 and July 3, 2004 respectively by Landsat-7 and SPOT-5
satellites. The pre-processing of these images included three steps:
geometric corrections, cloud screening and image differencing. The
images pairs were coregistered for each sector based on a set of 6 to
14 well distributed GCPs and orthorectified using the 90 m SRTM
DEM. For each image, the RMSE was below the pixel size. All im-
ages were resampled by bilinear interpolation to 10 m resolution in
order to harmonize the pixel size to the finest spatial resolution of
SPOT-5 images. Clouds, shadows and regions with highly rugged
terrain were masked out from the dataset based on visual screening
of clouds and shadows and altitude DEM thresholding. Finally, the
DN values of the 4 spectral bands, including Green, Red, NIR and
SWIR bands, were subtracted for each pair of successive images.
Two image differences were produced, one on the Semliki sector
(2005 minus 2000) and the other on the Mikeno sector (2004 minus
2003).

Ancillary data include Africover land cover maps of DRCongo,
Uganda and Rwanda, used as first coarse forest mask, and airborne
video for independent accuracy assessment over the Semliki sector.
These land cover maps were produced by visual interpretation of
digitally enhanced 30 m Landsat TM color composites (Bands 4-3-
2) (Latham, 2001). The land cover classes were defined according to
the FAO/UNEP international standard Land Cover Classification
System (LCCS) (Di Gregorio, 2005). Over the study region, these
maps were produced using satellite images acquired in 2001 and
1999 respectively for the Semliki and Mikeno sectors. The set of
airborne video was acquired by WWF over the Semliki sector from a
video recorder linked to a Global Positioning System (GPS). These
natural color digital video were collected in April 2004 mainly in
vertical but sometimes in tilted position. A set of 60 airborne video
frames was extracted for the accuracy assessment. These images of
1 to 5 m spatial resolution were coregistered using 4 or 5 GCP’s
derived from the 2005 SPOT image.
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4.4 Methodology

The object-based and automated deforestation detection method
includes three main steps (Figure 4.2): (1) multi-date and multi-
scale segmentation, (2) forest mask update and (3) deforestation de-
tection. First, the segmentation delineates objects from two satel-
lite images acquired at different dates for two segmentation scales,
providing objects (scale-1) and super-objects (scale-2). Objects cor-
respond to the processing units and are characterized by Object
Signatures (OS) derived from single-date image 1 and multi-date
image difference (respectively OS1 and OS21). Second, starting
from any existing forest map, the forest mask update relies on a no
change detection approach and on forest/non-forest classification
in order to produce an updated forest mask. The related statisti-
cal analyses are respectively based on OS21 and OS1 signatures.
Finally, the deforestation detection then distinguishes deforested
objects from forest objects based on OS21 signatures to produce
the deforestation map. These results are then aggregated at the
super-object scale for mapping deforestation rates.

The main assumptions of this deforestation detection method
are that (i) under the initial forest mask, the numerous regions
which exhibits similar reflectance differences correspond to un-
changed forests, i.e. undisturbed between the time period, (ii) the
stratification of the study area into large homogeneous regions re-
duces the variety of forest types, (iii) in a given stratum, all forested
areas can be delineated based on the spectral properties of a sam-
ple of local unchanged forests, and (iv) deforestation concerns a
small part of all forested areas and induces large surface reflectance
variation in multi-date analysis compared to unchanged forests.
Based on the key steps of object-based approaches defined in Fig-
ure 1.1, this methodology takes advantage of the strong key points
of the object-based change detection method proposed in Chapter
3, namely the multi-date segmentation and the change detection
algorithm based on iterative trimming.

4.4.1 Multi-date and multiscale segmentation

The multi-date and multiscale segmentation consists in partition-
ing an image into objects and super-objects which group spatially
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Figure 4.2: Overview of the deforestation detection method. The
3 main steps are the multi-date and multiscale segmentation, the
forest mask update and the deforestation detection.
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connected pixels that are spectrally and temporally similar at two
different scales, i.e. different spatial dimensions. The interest of
the multiscale approach is to focus the analysis on little objects
in order to achieve high spatial precision while larger objects, the
super-objects, are needed for defining strata of homogeneous forest
types and generalizing the results over large regions. The result-
ing objects are the cornerstone of the approach because they are
consistent processing units for both forest mask update and defor-
estation detection analysis. This makes more robust the method by
combining results over the same units of interest and avoids sliver
polygons which could result from the combination of different seg-
mentations. For the subsequent analysis, each multi-date object is
characterized by its object signature which combines several sum-
mary statistics. These ones are derived from the spectral reflectance
value – single-date or multi-date — of each pixel belonging to the
object.

The multi-date image that combines satellite images over the
same location at two different dates is segmented using eCognition
tool (Baatz and Schäpe, 2000). Segmentation is based on an op-
timization function including three parameters, namely spectral,
compactness and scale. The spectral parameter, trading spectral
homogeneity vs. object shape, is required to obtain either very
spectrally homogenous objects or to avoid irregular and branched
objects. The compactness parameter, trading compactness vs.
smoothness, adjusts the object shape between compact objects and
smooth boundaries. Finally, the scale parameter that controls the
object size is selected so that the minimum object size matches the
minimum elementary unit to analyse. By varying this parameter,
different segmentation scales can be produced, each characterized
by its own mean object size.

Two segmentation scales, providing objects nested into super-
objects, are achieved from the multi-date data set made of 2 satellite
images with 4 spectral bands respectively. The first scale delin-
eates the objects and computes object signatures for each of them.
Single-date Object Signatures of image-1 (OS1) are obtained by
averaging spectral values for all the pixels belonging to a given ob-
ject. Multi-date Object Signatures (OS21) are made of object’s
mean and standard deviation for each spectral band of the dif-
ference image (image-2 minus image-1). Segmentation parameters
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were selected for obtaining spectrally and temporally homogeneous
objects, equally balancing between smoothness and compactness
and matching the smallest forest change size (about 2 ha). The
super-objects of the second segmentation scale are derived from the
fusion of similar and adjacent objects. Different parameter values
for the scale-2 object delineation were selected by visual assessment
in order to obtain larger super-objects for the Mikeno sector than
the Semliki one (mean size of respectively 500 and 2000 ha) as the
size of the deforested patches is very different.

4.4.2 Forest mask update

An object-based classification method was developed to derive or
update the forest mask from any already existing forest map. The
basic idea is that forest maps, even outdated, are useable as coarse
forest mask to initialize a no change detection algorithm as long
as the majority of the forested area is still correct. The forest ex-
tent initially corresponds to the forest and woodland classes of the
Africover land cover database (Latham, 2001). Forest is defined as
forested land with closed canopy, which have canopy cover of more
than 65% according to the LCCS definition. Non-forest includes all
other land cover classes such as cropland, savanna, fallow and wa-
ter bodies. The updated forest mask is obtained in two automated
steps, (i) an selection of forest training set and, (ii) the stratified
forest/non-forest classification of image 1. Given the extent and the
forest type diversity of the study area, several strata corresponding
to large homogeneous regions were defined from the super-objects.
Each stratum, equal to one super-object, is then processed sepa-
rately.

The selection of forest training sets aims at identifying a repre-
sentative sample of forest objects based on the first method assump-
tion. All objects covered by the existing forest mask are considered
for the selection of forest training set. This selection is achieved by
comparing object multi-date signatures (OS21) in order to screen
out changed forest objects. Objects showing multi-date signature
close to OS21 distribution average are classified as unchanged for-
est using a no change detection procedure based on a multivariate
iterative trimming algorithm. Trimming is defined as the removal
of extreme values that behave like outliers, as expected for changed
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forest objects. Based on a chi-square test, this algorithm iden-
tifies changed objects having abnormal multitemporal behaviour
analysing the OS21 signatures. The iterative trimming procedure
is performed with a confidence level equal to 99%. Objects with
signature within the confidence interval of the last iteration are
selected as forest training areas for the classification of image 1.

The stratified forest/non-forest classification labels objects into
forest and non-forest classes. The discrimination is based on the
spectral similarity between the OS1 of the object to label and the
average OS1 computed from all the forest training set retained for
a given stratum defined by a super-object. The spectral similarity
is derived by the Mahalanobis distance (Richards, 2006) computed
from the 4 variables corresponding to the 4 spectral bands of im-
age 1. As these distances are chi-square distributed, objects with
OS1 within the confidence interval defined for a confidence level of
99.9% are then classified as forest. The others are labelled as non-
forest and masked out for the subsequent analysis. As a summary,
the following sequence is thus performed for each super-object: (i)
extraction of the local forest training set, (ii) computation of the
Mahalanobis distance for each object with regards to the training
set average values in 4-bands space, (iii) object labelling into forest
and non-forest classes based on the defined confidence interval. Fi-
nally, the results of all super-objects are combined to produce the
updated forest mask.

4.4.3 Deforestation detection

The deforestation detection identifies changed objects belonging to
the updated forest mask. The approach is similar to the one de-
scribed for the selection of the forest training set but the algorithm
searches for objects showing large multi-date surface reflectance
variation. The statistical process is performed on the multi-date
signature (OS21) with a confidence level equal to 99.9%. Because
of the forest high spectral heterogeneity, this value is superior to
the 99% used for the forest mask update in order to be less sensi-
tive to the forest intrinsic variability. Moreover, only the NIR and
SWIR difference images are used because of higher atmospheric
effects in the visible bands. Changed objects are only classified
as deforestation if they were initially labelled as forest. The re-
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sulting deforestation map thus distinguishes three classes, namely
non-forest, unchanged forest and deforestation.

The deforestation rate map is produced by computing the object
area belonging to each class within each super-object (scale-2) and
by aggregating adjacent super-objects with similar deforestation
rates. The categorical approach of objects is converted into continu-
ous value at super-object scale ranking from 0 to 100% of deforesta-
tion rate. Super-objects also delineate deforestation fronts which
are rather indicative than being rigorously geographically correct.
Clouds and shadows, which are masked out from the deforestation
detection analysis, are sometimes included into super-objects but
their areas are not taken into account into the deforestation rate
computation. The annual deforestation rate is obtained by divid-
ing the deforested area (the deforestation intensity) by the forested
area defined by the updated forest mask and the time period. It
is important to notice that this index is computed and represented
over the super-object extent while it is based on the initial forested
area.

4.4.4 Accuracy assessment

The robustness of the accuracy assessment is ensured by a strati-
fied random sampling supported by different reference data sources.
The accuracy of deforestation map was assessed by visual interpre-
tation of 180 objects using either satellite image or airborne video
frame. The advantage of the latter source is its acquisition which
is independent from the deforestation detection process. The sam-
pling was based on a equal distribution between each class, namely
non-forest, unchanged forest and deforestation, and a weighted rep-
resentation between each reference data source (one third using
airborne video frame, two thirds using satellite image). As no air-
borne video was available on the Mikeno sector, the sample was
only stratified according to the classes. Four performance indices
were derived from the confusion matrix: overall accuracy, overall
kappa and for the deforestation class, Omission and Commission
Errors (respectively OE and CE). Based on the number of objects
and their corresponding areas, these indices were derived from the
overall results, the deforestation map, and also separately for the
results of two different steps, i.e. the forest mask update and the
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deforestation detection. The performances between both steps as
well as their respective contributions to errors in the deforestation
class can thus be compared.

4.5 Results

4.5.1 Deforestation maps and accuracy

Two deforestation maps were produced using the proposed method
and were assessed with reference data over the Semliki and Mikeno
sectors. A sample of the Semliki deforestation map zooming on an
active front (Nyaleke-Mavivi region) and the corresponding satellite
images acquired in 2000 and 2005 are presented in Figure 4.3. The
overlay of deforested areas over the 2005 satellite image shows the
fragmented deforestation patterns.

For the Semliki sector, the deforestation map’s overall accuracy
was estimated between 81 and 87% and the overall kappa between
0.71 and 0.73, showing little difference between well classified ob-
jects and the proportion of their corresponding areas (Table 4.1).
The updated forest mask reached an overall accuracy of 85 to 89%
whereas the deforestation detection results varied from 92 to 97%
for the same index. Considering only the deforestation class, omis-
sion errors of the deforestation map varied from 15 to 22%, made of
similar error contribution from forest mask update (6 to 10%) and
from deforestation detection (9 to 12%). The commission errors for
the deforestation class (22%) were mainly due to the forest mask
update (16 to 17%) while the error contribution of deforestation
detection is very low (5%).

Comparing both reference data sources (Table 4.2), overall ac-
curacy of the deforestation map was greater when assessed from
satellite image (84 to 90%) than from airborne video (73 to 81%).
The same trend is observed based on the overall kappa (respectively
0.76 to 0.81 and 0.55 to 0.59). No omission error was found for the
deforestation class using airborne video whereas the same index
computed using satellite image reached 19 to 27%. In contrast,
deforestation commission errors were found higher using airborne
video (33 to 35%) than from satellite image (17%).

For the Mikeno sector, the deforestation map overall accuracy
ranged from 79 to 82% and the overall kappa from 0.69 to 0.72
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Figure 4.3: Extracts of satellite images acquired in (a) April 2000 and (b) February 2005 with delineated defor-
ested areas over a active deforestation front in the Nyaleke-Mavivi region of the Semliki sector (RGB=SWIR-
NIR-Red). Deforestation map (c) shows the different classes of labelled objects while super-objects are separated
by black dashed lines.
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Table 4.1: Performance indices for the Semliki deforestation map
over the 2000-2005 period and separately for the forest mask up-
date and the deforestation detection, in terms of number of objects
(n=180) and of their corresponding areas.

Deforestation Forest mask Deforestation

map update detection

Semliki Object Area Object Area Object Area

Overall accuracy (%) 80.6 86.8 85.0 89.4 92.2 96.7

Overall kappa 0.71 0.73 0.67 0.62 0.84 0.88

Deforestation: OE (%) 14.8 22.0 5.6 9.8 9.3 12.2

Deforestation: CE (%) 22.0 21.6 16.9 16.2 5.1 5.4

Table 4.2: Performance indices for the Semliki deforestation map
over the 2000-2005 period according to the reference data source,
i.e. satellite image and airborne video (respectively n=120 and
n=60), in terms of number of objects and of their corresponding
areas.

Satellite Airborne

image video

Semliki Object Area Object Area

Overall accuracy (%) 84.2 90.2 73.3 81.3

Overall kappa 0.76 0.81 0.59 0.55

Deforestation: OE (%) 18.6 27.1 0.0 0.0

Deforestation: CE (%) 16.7 16.9 35.3 33.4
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(Table 4.3). Omission and commission errors for the deforestation
class were similar (respectively 15 to 20% and 13%). The forest
mask update is the main source of errors with an overall accuracy
ranging from 81 to 85% while deforestation detection performed
very well (96 to 97%). Errors of omission (10 to 11%) and com-
mission (13%) were balanced for the forest mask update. For the
deforestation detection, no commission error was observed whereas
omission errors remained below 10%.

Table 4.3: Performance indices for the Mikeno deforestation map
over the 2003-2004 period and separately for the forest mask update
and deforestation detection, in terms of number of objects (n=180)
and of their corresponding areas.

Deforestation Forest mask Deforestation

map update detection

Mikeno Object Area Object Area Object Area

Overall accuracy (%) 79.4 81.8 81.1 84.7 97.1 95.6

Overall kappa 0.69 0.72 0.58 0.62 0.94 0.91

Deforestation: OE (%) 14.8 19.8 9.8 10.7 4.9 9.0

Deforestation: CE (%) 13.3 12.7 13.3 12.7 0.0 0.0

4.5.2 Deforestation rate maps

Two maps of deforestation rate were derived from the aggregation
of the deforestation maps to more generalized zone corresponding
to super-objects. These maps can be considered more robust than
deforestation maps given that there is balance between omission
and commission errors for the deforestation class. Quantitative
results for each zone delineated on the deforestation rate maps are
provided in Tables 4.4 and 4.5. The Semliki deforestation rate
map over the 2000-2005 period concerns five zones showing annual
deforestation rate ranging from 0.5 to 8.5% (Figure 4.4). From
a forest surface of 49 000 ha in April 2000, about 2 400 ha were
deforested by May 2005 with 1 600 and 800 ha respectively around
and inside the Virunga National Park. Most of clear-cutted surfaces
inside the park were found in the south-western part, the region of
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Nyaleke-Mavivi (Figure 4.3). The Mikeno deforestation rate map
(Figure 4.5) depicts large clear-cuts, about 900 ha deforested in few
months. Most of the deforestation concerned the southern mid-
altitude mountain forest of the park along a pioneer front showing
an intensity gradient with rate ranging from 65 to 100%. As the
deforestation process occurring between May and July 2004 was
exceptional and very sudden, the deforestation rate can hardly be
qualified as annual.

Table 4.4: Area estimates of the different classes and the derived
annual rates for each zone from the deforestation rate map over the
2000-2005 period for the Semliki sector (Figure 4.4).

Zone area Forest area Deforestation area Annual def. rate

a (ha) b (ha in 2000) c (ha) c/(b*5) (%)

1 2 160 1 810 770 8.5

2 24 970 2 550 1 030 1.9

3 15 010 11 280 320 0.6

4 2 620 14 290 160 1.4

5 4 130 3 560 110 0.6

Table 4.5: Area estimates of the different classes and the derived
annual rates for each zone from the deforestation rate map over the
2003-2004 period for the Mikeno sector (Figure 4.5).

Zone area Forest area Deforestation area Deforestation rate

a (ha) b (ha in 2003) c (ha) c/b (%)

1 370 370 370 100.0

2 300 300 240 80.0

3 210 210 140 66.7

4.6 Discussion

The proposed methodology was applied in various situations in-
cluding different deforestation patterns, different time scales and
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Figure 4.4: Deforestation rate map of the Semliki sector over the
years 2000-2005 overlaid on the 2005 SPOT image (RGB=SWIR-
NIR-Red)(grid in decimal degree).
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(a)

(b)

Figure 4.5: Subsets of (a) the 2003 Landsat image and (b) the
deforestation rate map of the Mikeno sector over the years 2003-
2004 on the 2004 SPOT image (RGB=SWIR-NIR-Red).
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different data sources and was still found quite efficient. Deforesta-
tion patterns such as recent and less recent deforestation as well
as large clear-cut or small encroachment were successfully identi-
fied. Very different change classes were observed. In case of recent
deforestation, forests were merely converted to bare soils. This
land cover class can be easily detected as its spectral signature is
much contrasted with regards to the one of mature forest. How-
ever, in case of older deforestation, bare soils were first covered by
pioneer herbaceous vegetation and then sometimes became a long-
term fallow that might have spectral values close to forest spec-
tral signature. This last deforestation pattern was also efficiently
identified in this study thanks to the deforestation detection which
compares multi-date signal independently of forest type. Refor-
estation could also be detected by this methodology by reversing
the whole process. Indeed, by producing an updated forest mask
for the end of the study period, the change detection algorithm
can be applied for finding non forested areas at the beginning of
the study period. But it was not been done here given that most
of clear-cut parcels were not abandoned during the study period.
Finally, the proposed method was applied on images from differ-
ent sensors, namely Landsat-7, SPOT-4 and SPOT-5. Given the
statistical nature of the change detection algorithm, no radiometric
correction was required. The DN values of the satellite images were
actually analyzed in relative term through the statistical process.
This change detection technique is thus quite compatible with high
spatial resolution multisource dataset.

The object-based approach was found very suitable for reduc-
ing the spectral heterogeneity of the forest and performing multi-
scale analysis. First, the “salt and pepper” effect was significantly
reduced by the segmentation. The main limitation of the object-
based method is that very small deforested areas are not taken into
account in the deforestation detection. Indeed, the scale param-
eter of the segmentation defines the minimum object size for the
object delineation. Deforested areas below this size constraint are
included in a larger object and can hardly be detected by the de-
forestation detection algorithm. The minimum object size was here
consistent with the minimum size of deforestation processes. The
methodology has proved its efficiency to map various deforestation
patterns, from small encroachment to large clear-cut, with a single
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scale parameter for all objects of the scale-1 segmentation. Further-
more, the multiscale nature combining object and super-object was
found very useful for the zoning of forest types to retrieve represen-
tative spectral signature for the forest mask update and aggregate
deforestation detection results to map relevant features. That is
why the delineation of super-object is crucial to define consistent
zones of forest and deforestation. Based on appropriate segmenta-
tion parameters, the super-objects have efficiently included areas
with same deforestation intensities.

According to the accuracy assessment, the forest mask update
is the bottleneck of this method performance. However, these au-
tomated updating capabilities should be seen as a significant step
towards operational high resolution monitoring. The automation of
the forest mask update relies on some assumptions to deal with the
complexity of spectral discrimination in heterogeneous landscape.
More advanced classification methods are capable of taking into ac-
count such spectral variability, but this is often at the expense of
time-consuming interactive classification. In several studies (Guild
et al., 2004; Souza and Barreto, 2000), the accuracy of the forest
mask was not assessed in spite of its important impact on the overall
quality of deforestation detection.

The overall accuracies of deforestation detection algorithm
achieved in both study areas were significantly higher (92 to 97%)
than the few deforestation detection studies assessing their accu-
racy. Indeed, Guild et al. (2004) and Hayes and Sader (2001) have
obtained respectively 79 and 85% overall accuracy for identifying
deforestation using multi-date classification. However, these two
methods detected different change types while this method only fo-
cused on deforestation. The deforestation detection results are also
close to overall accuracy (93%) of the results obtained in Chapter
3 over temperate forests using a similar change detection method.
It’s worth noting that many methods have been applied for de-
tecting deforestation but the lack of accuracy assessment limits the
performances comparison.

The results obtained from both data sources, i.e. satellite im-
age and airborne video, show systematic higher performances for
the first source as expected. Indeed, the use of the same data for
the analysis and the validation can overestimate the overall accu-
racy. However, the digital videos strengthened the robustness of the
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accuracy assessment as they were not used in the change detection
process. Moreover, they are crucial sources of ground truth infor-
mation given that field survey was not possible due to insecurity.
These performance differences could also be partially explained by
the earlier acquisition date of the second one compared to the first
one and the absence of infrared bands in airborne video, useful for
vegetation discrimination. However, these airborne videos were not
acquired for the purpose of this accuracy assessment. Future as-
sessment of forest monitoring system should make full advantage of
these data by planning appropriate data acquisition.

Mapping deforestation and other land-cover changes over large
regions is complicated for several reasons. First, deforested areas
are generally small and rare over the whole study area. The rep-
resentation of these areas is thus tricky for producing precise maps
over large areas. Second, the information about exact location of
deforested areas is less important than the mapping of the spatial
dynamics and the intensity of the deforestation process. The cat-
egorical representation of scale-1 objects provide a static snapshot
of a changing situation while mapping larger zones with quantita-
tive deforestation rate information appeared much more relevant
for monitoring deforestation processes. Deforestation rate map was
then proposed as a general solution in order to represent different
information about deforestation processes.

This study brought operational results to the Congolese author-
ities and conservation NGO requiring information about the evolu-
tion of deforestation fronts next to this famous protected area. Cru-
cial information, such as front delineation and deforestation rates
quantification, were provided by the deforestation rate map. This
spatially-explicit representation of deforestation intensity is helpful
for planning and monitoring these protected areas. These maps
also highlighted the urgency to address land use planning issues in
the Semliki sector which exhibits many population movements. In
2006, the population that caused the deforestation in the Nyaleke-
Mavivi region has been peacefully relocated outside the park. In
the near future, awareness campaigns highlighting land conversion
problems in and near the park could be supported by these maps
as communication documents.
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4.7 Conclusions

An automated deforestation detection method has been developed
for mapping deforestation rate using high resolution satellite im-
ages and existing forest map. This process combines the efficiency
of multi-date and multiscale segmentation and of iterative statisti-
cal algorithm for change detection. In order to assess its robustness,
the approach was tested for two case studies in the Virunga National
Park located in DRCongo. Using stratified random sample based
on two reference data sources, the deforestation map overall accu-
racies achieved from 79 to 87%. Deforestation rates were derived
by aggregating deforestation detection results and then mapped
over large zones. This innovative way of representing deforesta-
tion detection results from remote sensing has been found relevant
for better describing deforestation processes into spatially-explicit
maps.

The efficiency of the developed approach for identifying forest
cover loss has been proved in several situations where deforesta-
tion patterns, time scales and data varied considerably. While this
study was focused on the deforestation detection, the process of this
methodology could be reversed to identify reforestation areas and
even be applied to detect other land-cover changes. Whereas the
deforestation detection algorithm has already provided high per-
formances, the lower results for the forest mask definition suggests
new improvements in future research.





Conclusions and
perspectives

Forest monitoring based on satellite remote sensing is crucial for
providing information about forest cover changes and reporting for-
est status. While existing change detection approaches are not quite
appropriate to rapidly process the current flow of earth observation
data, the recent advances in image segmentation have opened new
opportunities for an object-based monitoring system.

An automated object-based forest change detection method has
been developed in this thesis using high resolution satellite re-
mote sensing. Based on the detailed characterization of spectral
reflectance dynamics of forest cycle, this innovative approach com-
bines different advanced tools including image segmentation, image
differencing and a dedicated statistical procedure using multivariate
iterative trimming. Designed and applied successfully in temper-
ate ecosystems, this methodology was improved and found robust
in tropical environment for different deforestation situations. The
specific contributions of this thesis are presented in details in the
following section.

Findings

This research has firstly contributed to characterize the spectral
reflectance dynamics of forest cycle for better identifying distur-
bances related to changes in forest cover. The analysis of spectral
reflectance and NDVI clearly demonstrated high spectral variation
during the whole forest succession. By comparing multi-date satel-
lite images using image differencing, this variation sometimes in-
duces errors in change detection results when only one single spec-
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tral band or the NDVI is used. This study demonstrated the in-
terest of multispectral analysis with all spectral bands for different
temporal intervals between satellite images for more generic forest
change detection.

Based on these results, a dedicated statistical change detection
algorithm has been developed in this thesis using a multivariate it-
erative trimming. This algorithm can be considered as automated
given that no predefined threshold for reflectance difference image
is required. It can also be considered as generic as being based on a
statistical approach and various object statistics. Although default
parameter setting already provides satisfactory results, this algo-
rithm can be optimised with respect to the considered applications
by reducing either omission errors (for change survey), commission
errors (for map updating) or balancing both errors (for carbon stock
budget).

The multi-date segmentation approach was also found very ef-
ficient for change detection. While image segmentation generally
combines spatial and spectral information, the developed object-
based approach also includes the temporal component into the seg-
mentation process. The resulting multi-date objects are consistent
units to be analysed by the change detection algorithm. Moreover,
image segmentation applied directly on the multi-date images was
found better than a combination of different single-date object de-
lineations which result in over-segmentation with many sliver poly-
gons.

The robustness of this methodology has been proved by the de-
sign and the implementation of adequate validation protocols for
assessing the change detection accuracy for different ecosystems,
namely temperate and tropical. The method was found quite effi-
cient when applied in various situations including different change
types, different time scales and different satellite data. In order to
compare object- and pixel-based methods, a specific approach was
built on temperate forests combining both polygon-wise and pixel-
wise validations. Based on this protocol, the developed object-
based method was found more efficient than pixel-based methods
for detecting forest changes. The reliability of the accuracy assess-
ment relies on the combination of different reference data sources,
which include one reference independent of the change detection
process, as provided either by forest inventory or by airborne digi-



Perspectives 99

tal video. As there is still no standard for change detection accuracy
assessment, this validation protocol is a first step for better quan-
titative comparison of change detection approaches.

Another important contribution of this thesis is the improve-
ment of the method automation thanks to an initial step of forest
mask update. Forest mask is indeed essential for feeding the change
detection algorithm with an accurate delineation of the region of
interest. This updating process efficiently combines single-date and
multi-date analyses for delineating forest areas starting from exist-
ing forest maps and two satellite images acquired at different dates.
Moreover, the integration of multiscale analysis for stratifying the
forest/non-forest classification was also important for improving its
performance.

Finally, this research has greatly contributed to provide innova-
tive representation of change detection results thanks to the object-
based and multiscale nature of the developed approach. While
change mapping is generally difficult given that changes are rare
and sparsely distributed, the deforestation rate map was found rel-
evant for providing quantitative information on extent, location and
intensity of deforestation processes. These spatially-explicit maps
are also a meaningful and efficient way to support decision-making
and forest management.

Perspectives

Object-based approaches are very promising for change detection.
The recent improvements in image segmentation have largely con-
tributed to the integration of such techniques in land-cover classi-
fication processes. These tools also offer opportunities to analyse
the landscape at different scales, i.e. object sizes. Some conceptual
studies have already assessed the potential of multiscale analysis,
but these approaches generally rely on a priori information on the
study region for defining relevant scales (Hall and Hay, 2003; Hay
et al., 2005). The advantage of analysing different scales brings a
new question about the accuracy of the change detection results.
While the area accuracy was defined by the MMU until now, the ob-
jects analysis at one scale and the result representation at another
scale, as done for the deforestation rate map, render complex the
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definition of accuracy. A multiscale analysis was already integrated
in the developed method, but more investigation is needed for as-
sessing the contribution of each scale in the precision of changed
areas delineation. In order to compare different segmentation re-
sults, efficient tools are also required for providing quantitative and
objective accuracy assessment of object boundaries. Due to the lack
of such techniques, the multi-date segmentations using either two
or three images acquired at different dates, respectively performed
for the tropical and temperate regions, have not been quantitatively
compared. The use of a three-date image segmentation in temper-
ate regions was dictated by the need of direct method comparison
with the pixel-based method using the RGB-NDVI technique. How-
ever, the visual assessment of the segmentation results suggested to
apply it only on two images as for more images, changed areas are
harder to be precisely delineated and can thus be easily included
into larger unchanged objects. In this last case, the multi-date seg-
mentation can be repeated independently for each pair of images.
By bridging the gap between GIS and satellite images, object-based
approaches become also useful for automated map updating proce-
dures relying on GIS database. However, the developed tools should
be integrated inside the updating process itself for ensuring the co-
herence of boundaries. As GIS data become largely widespread,
they are also a relevant source of information for characterizing the
nature of detected changes.

Operational forest monitoring systems can take advantage of
the methodological advances of this research to deal with the in-
creasing and continuous flow of satellite data. However, satellite
images should be acquired over large areas and with high quality.
First, satellite sensors providing large-scale images, such as DMC
and AWiFS, should be preferred from high revisiting capabilities
sensors as the time period between multi-date images is similar for
larger areas. Second, the quality of satellite images relies on the
data acquisition and the pre-processing steps. Whereas research is
very active for finding more automated procedures, very few tech-
niques are available for operational uses. Moreover, an important
difficulty in tropical regions is the high cloud coverage which lim-
its the monitoring capabilities. While visual cloud screening is a
classical approach, more automated techniques are still needed for
rapidly delineating and screening out these irrelevant regions. An-
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other solution could be the combination of both optical images and
radar images for respectively delineating forest regions and moni-
toring these areas. Given that radar images are rather noisy, the
segmentation procedure should rely on optical images while the
change detection algorithm could rely on radar data for more fre-
quent data acquisition.

The developed generic approach can be extended to other kinds
of data, other regions, or even for monitoring surface changes in
non-forested areas. As a confirmation of the generalization of the
thesis results, some methodological tools have already been inte-
grated in large-scale monitoring studies. Indeed, deforestation in
Central Africa has been accurately estimated (Duveiller et al., 2007)
based on a processing chain which relies on the multi-date segmen-
tation and the automated forest/non-forest classification developed
in this thesis. This cost-effective method was found very efficient
for rapidly processing many images extracts thanks to object-based
techniques. Based on a sampling approach, such technique has the
advantage of covering rapidly regional scale with a limited number
of image samples to analyse but only provides estimates of for-
est cover changes for the whole region. In contrast, wall-to-wall
mapping can provide both estimates and location of changes over
the complete study area. While this kind of approach can be very
time-consuming, the automated object-based approach developed
in this thesis could significantly reduce this load. The sampling
strategy can be sufficient for monitoring the global carbon balance
but other applications such as biodiversity conservation need more
local and precise information about forest reduction or expansion
such as the change maps provided in this research. While very
few change detection studies in the literature have provided change
maps, this research has proposed a new way of representing change
detection results into quantitative and spatially-explicit way. But
more investigations are needed for extending these promising map-
ping techniques to other change types and other regions.
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