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Abstract
The main goal of this study was to map and measure forest change in the southwestern part of
Madagascar near the city of Toliara in the period 1990-2010. Recent studies show that forest change
in Madagascar on a regional scale does not only deal with forest loss, but also with forest growth
However, it is unclear how the study area is dealing with these patterns. In order to select the right
classification method, pixel-based classification was compared with object-based classification. The
results of this study shows that the object-based classification method was the most suitable method
for this landscape. However, the pixel-based approaches also resulted in accurate results.
Furthermore, the study shows that in the period 1990–2010, 42% of the forest cover disappeared and
was converted into bare soil and savannahs. Next to the change in forest, stable forest regions were
fragmented. This has negative effects on the amount of suitable habitats for Malagasy fauna. Finally,
the scaling structure in landscape patches was investigated. The study shows that the patch size
distribution has long-tail properties and that these properties do not change in periods of deforestation.
Keywords: Deforestation, pixel-based classification, object-based classification, landscape metrics,
scaling structure
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1 Introduction
Changes in land use and loss of tropical forest are processes that occur on a global scale. These
processes can have major impacts on our climate and the way our environment changes (Elmqvist et
al., 2007). It is well known that forest loss results in more emission and less uptake of greenhouse
gases and therefore has a direct effect on our global climate. In most cases a direct effect of land use
change is the loss of vegetation. When this vegetation has high species richness, loss of biodiversity
can be dramatic. With the loss of vegetation, not only the flora and the climate are affected, it also has
a huge impact on the fauna of the region (Scott et al., 2006). The loss of biodiversity is highly relevant
in tropical dry forests in Madagascar, because these areas are characterized by their high biodiversity.
Madagascar was mentioned in the list of 25 biodiversity hotspots that we have on this planet (Myers et
al., 2000). Moreover, it has several areas that are listed on the 200 most important ecological zones in
the world (Olson and Dinerstein, 1998). It must be clear that Madagascar is a biodiversity hotspot that
has high values according to conservationists. Although deforestation is measured on a national scale,
there are several regional studies that show periods of reforestation in the southwestern part of
Madagascar. Studies by Elmqvist et al. (2007) and Whitehurst et al. (2009) shows that there are
periods of deforestation, but also reforestation. However, it is not clear if this pattern occurs in the
whole southwestern part of Madagascar. In order to say something about regional forest change, it is
needed to conduct regional research. Special attention is needed for the forest area around Toliara.
This region is not well investigated and not mentioned in the list of national parks and therefore, it is
an area that can suffer a lot from deforestation.
Several methods can be used to map forest change. The relatively new object-based classification
method is challenging the conventional pixel-based method. Because the quality of these methods is
strongly related to the landscape structure, a study to the accuracy of these methods for this particular
landscape structure is needed. To measure forest changes, landscape metrics can be used. This is a
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method that can create insights in the landscape pattern changes like fragmentation, compactness and
dispersion (Liu and Yang, 2015). This method can also create new insights about for example the
scaling structure of the size of landscape patches (Jiang, 2015). Analyzing this scaling structure can
create a deeper understanding of the landscape patterns.
The goal of this project was to map and measure forest change in the tropical dry forests in
southwestern Madagascar and to select the most suitable classification method for forest classification.
In order to reach this goal, three specific aims were developed:
Aim 1: to compare different classification methods for this area, with 30m spatial resolution
Aim 2: to map and measure the forest change
Aim 3: to analyze fragmentation and changes in the scaling structure during forest change
The first aim was focused on the comparison between the pixel-based and the object-based
classification for this specific region with this spatial resolution. The second aim was focused on the
mapping of forest change. This aim results in maps that show forest change during the different time
periods. Tables and graphs of forest change will show the result of this aim. The last aim was focused
on fragmentation and changes in the scaling structure during the forest change. The deeper structure of
forest change was analyzed with the help of this aim. Those three aims work together in the following
way. The first aim specified the classification method that was most suitable for the classification.
After the comparison of the pixel-based and object-based classification methods, the forest changes
were mapped. In this step the answer whether there is deforestation or reforestation during different
time periods are answered. The last aim will specify the nature of the changes in case of changing
landscape patterns. By using those aims, it becomes possible to conduct a unique research, which
investigates classification methods, forest change rates, fragmentation rates and scaling structures for
this particular study area. For this area, this has not been done before.
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The remainder of this thesis is as follows. The second chapter will further explain the research that
already has been done in the field of mapping forest change in Madagascar, classification and
landscape metrics. Chapter 3 will focus on the methods that were used during the research. The study
area, data, software, classification methods, accuracy assessments and landscape metrics tools are
explained. The fourth chapter will focus on the results of the study. Tables, conversion maps, change
maps and graphs will display the results. The discussion part will examine the questions that go
beyond this research. The ‘’so what’’ questions behind this research will be discussed. The study will
be placed in the context of the scientific field that is related to this kind of research. Finally, the
conclusion will summarize the most important conclusions and the future implication of this research.

3

2 Literature review
This chapter is focused on the literature that is available for the three main topics as stated in the
previous chapter. Literature about forest change in Madagascar begins with a description of the
nationwide research that has been done during the past decades. After this, the regional studies that
deal with forest change are reviewed. The second part is a review of the classification methods that
were used to map the forest change. Finally, a review of the use of landscape metrics will give insights
in the way they were used in different studies.
2.1 Forest change in Madagascar
In order to say something about the actual amount of deforestation in Madagascar in the past centuries,
it is necessary to know how the natural landscape looked like, before the first inhabitants arrived.
Olson (1988) described the natural landscape of Madagascar as completely covered with forest, but
there is insufficient scientific evidence for this. The problem with early estimates of the forest cover of
Madagascar is the absence of aerial and satellite images. After the introduction of these new
techniques, it was possible to accurately measure and map the changes in forest. Studies that use data
that were collected before the introduction of these methods vary widely in their estimation of forest
change (Green and Sussman, 1990; Harper et al., 2007). Overall it is hard to say what the actual
deforestation is after first humans arrived on Madagascar. However, it is possible to create an
overview of the deforestation from the 1970s, when the first Landsat images became available. A
study by Harper et al. (2007) showed that the total area that was covered by forest in Madagascar
changed from 23.9% in 1970 to 15.1% in 2000. Overall the nationwide studies show patterns of forest
lost. However, can the same pattern be seen on a regional scale?
There have been several studies that have investigated the change of forest in Madagascar on a
regional scale. These studies can be divided into two different types. The first tyoe contains the studies
that describe a general trend of regional deforestation. Vagen (2006) analyzed a series of satellite
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images over the years 1972–2001 in the eastern highlands in Madagascar between Antsirabe and
Ambositra. The study showed a change in forest cover from 8060 ha in 1972 to 4278 ha in 2001.
Deforestation rates varied from 52 ha/year to 341 ha/year. Another study by Grinand et al. (2013)
showed deforestation rates of 0.93 to 2.33%/year in the tropical humid forest areas (Comatsa,
Fandriana and Beampingaratsy) and 0.46 to 1.17% for tropical dry forest (Mandrare watershed).
Ramiadantsoa et al. (2015) measured the deforestation rates in a forest corridor between Ranomafana
National Park and Andringitra National Park. The result of this study showed a deforestation rate of
0.88%/year to 1.5%/year. A study by Burivalova et al. (2015) showed that 5-15% of Masoala National
park is removed because of climatic and anthropogenic influences in the period 2000–2012. Finally,
Zinner et al. (2014) measured deforestation in the central Manebe (dry forest in western Madagascar).
Satellite images were used from the period 1973–2000, which resulted in an overall deforestation rate
of 0.67%/year. However, this rate varied widely over the years, with a maximum of 2.55%/year during
the period 2008–2010. With these deforestation rates, 50% of all the forests in the Manebe region will
be gone within the next 11–37 years (Zinner et al., 2014).
Although these studies showed patterns of deforestation there have been several studies, which have
measured reforestation. These studies are part of the second type. A study by Elmqvist et al. (2007)
showed that there are not only places which show a loss of forest, but that some places in the tropical
dry forests show forest regrowth. The study showed a total decrease of forest cover in the period
1984–2000, but a forest regrowth of 4% in the period 1993–2000. This pattern was also measured in
the Leimavo region, where forest growth of 24% was measured (Kull, 1998). A study by Whitehurst et
al. (2009) showed a pattern of deforestation in the tropical dry forests during 2000–2006.
Reforestation was measured in these regions during 1990–2000. The regional diversity in forest
change rates is creating an unclear picture of the forest change in the tropical dry forests in the
southwestern part of Madagascar.
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The study area in this study is the tropical dry forest near the city of Toliara. Although, the literature
about forest change in Southwestern Madagascar from Elmqvist et al. (2007) and Whitehurst et al.
(2009) show patterns of deforestation, a first comparison of the satellite images from 1990 and 2010
show patterns of massive deforestation.
2.2 Classification
In order to choose the right method to map the forest change, this study compares pixel-based
classification with object-based classification. Pixel-based classification is a method for image
classification that was widely used during the past decades. The basis of this method is the so-called
spectrally based decision logic, which is used to classify each individual pixel (Lillesand et al., 2014).
The pixel-based classification method (either by supervised or unsupervised techniques) categorizes
all pixels in the image into classes in an automatic way. Classes are only based on the spectral
information of the pixels in the image (reflectance or emission vlaues). Before the introduction of
object-based classification, image classification was thus solely based on single pixels and their
spectral properties. Object-based classification is different from pixel-based classification, because it
is no longer using individual pixels, but objects in the image as processing units (Jawak et al., 2015).
The object-based approach became more and more popular during the last decade. The problem with
the conventional pixel-based method was the application of this approach in high-resolution images.
With increasing resolution, the within field spectral variability increases what is resulting in a lower
accuracy and a speckled look of the image (Goa and Mas, 2008). To overcome this problem, the
object-based classification method is based on two main principles: 1) multi-resolution segmentation
and, 2) knowledge based classification of the segments (Jawak et al., 2015). The algorithm that is used
in object-based classification divides the whole image into segments of pixels that share the same
properties (Baatz and Schäpe, 2000). The user defines some knowledge-based rules for classification
(textual, spatial, contextual and spectral) to give each class a description. The last step is to choose a
classifier, which assigns each segment to a class.
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Important when someone wants to classify the landscape is to keep in mind the nature of the study
area. Is it heterogeneous or homogeneous? What kind of spatial resolution do we use? A study by
Whiteside et al. (2011) proved that object based classification has a higher accuracy when classifying
savannah landscapes in tropical Australia by using high to medium resolution satellite imagery. Object
based classification tends to be more accurate when someone uses high to medium spatial resolution
data, but is not more effective than the pixel-based approach when using a coarse spatial resolution.
Next to the spatial resolution the landscape pattern is an important factor according the accuracy of
both approaches. The pixel-based approach is useful when someone wants to classify homogeneous
landscapes with high-medium spatial resolution data. It has more or less the same accuracy as the
object-based approach. When classifying heterogeneous landscapes like savannahs, the object-based
method shows higher accuracy values (Jawak et al., 2015). The challenge in this research is to select
the most suitable method for this particular landscape.
2.3 Landscape metrics
The term landscape metrics is widely used in investigating the spatial heterogeneity in order to create
insights in the relationship between spatial patterns and ecological and landscape processes (Uuemaa
et al., 2009). Several applications of landscape metrics have been developed in the past decades, which
have been implemented in existing geographic information systems (GIS). Landscape metrics are used
in several categories like habitat analysis, water quality analysis, land-use change, urban landscape
patterns, landscape aesthetics and planning and monitoring. This study is focused on the third
category. In many studies, landscape metrics have been used to measure forest cover change and urban
land change. A study by Herzog et al. (2001) showed the relevance of landscape metrics as reflector of
landscape change. The study proved the usefulness of landscape metrics in monitoring landscape
changes. The results indicated a more heterogeneous landscape pattern, due to anthropogenic
influences in industrialized areas in eastern Germany. Another study, which is focused on urban land
use change and landscape metrics, showed the accurate and useful measures of landscape metrics in
order to better understands the nature and structural changes in urban growth (Herold et al., 2002). An
important study that is dealing with a direct application of landscape metrics on forest change is the

7

study by Southworth et al. (2002) on the dynamic landscape (15% in the period between 1987–1991)
in the western part of Honduras. Landscape metrics parameters like patch size were described as good
indicators for economic activity. The study tested several other metrics, which are used for
fragmentation analysis. These metrics are: Percentage land cover (%LAND), Largest-patch index
(LPI), Number of Patches (NP), Mean patch size (MPS), Edge density (ED) and Mean Shape Index
(MSI). These metrics were derived from Riitters et al. (1995), who investigated the six most
representative landscape metrics. These six metrics explained about 87% of all the variation that was
found in the in total 26 investigated metrics (Riitters et al., 1995).
Finally, Liu and Yang (2015) investigated the urban land changes in the Atlanta metropolitan area by
combining Landsat images, GIS and Landscape metrics. They used landscape metrics in order to
quantify the change in urban structure. Landscape metrics that quantify the shape, size and spatial
arrangements were calculated for three different land-use classes. The NP, MPS, %LAND were used
as representation of the fragmentation. The mean nearest neighbor was used to measure the dispersion
of patches and the ratio of the mean perimeter/area ratio was used in order to calculate the
compactness of the landscape. These described landscape metrics are important when describing the
nature of forest changes. It can say for example a lot about the fragmentations of forest, which is
important for the dispersion of animals. Landscape metrics provide an excellent tool for quantifying
land-use change. Unfortunately, the reviewed literature about forest change in Madagascar is not
dealing with landscape metrics. Almost all literature is focused on forest change rates. This study is
focusing on the fragmentation of the landscape during the period 1990–2010 by using the NP, MPS
and %LAND landscape metrics.
2.4 Scaling structure
A possible new insight is the scaling structure in the patch size distribution. The scaling structure is an
approach where there are far more smaller things than larger ones. The scaling structure can be made
visible with the help of histograms and rank-size diagrams. When a scaling structure is found, the
shape of the resulting distribution is long-tailed. This is where the name ‘long-tailed distribution’
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comes from. This research to the long-tailed distribution of geographical phenomena is often called:
the fractal geometry (Mandelbrot, 1983; Alexander, 2002). This fractal geometry is challenging the
conventional Euclidean geometry, which is based on a normal distribution.
A good example of scaling structure is found in the connectivity of streets in a city. By using
conventional GIS methods, results of the analysis of this network will be very diverse in different
cities. If we take a closer look at the connectivity of street networks, we can see that there are far more
less-connected objects than well-connected objects. Different cities show the same deeper structure in
street connectivity (Jiang et al., 2013; Jiang and Sui, 2014; Jiang, 2015). Next to street connectivity,
scaling can be used in map generalization (Jiang and Claramunt, 2004) and for detecting the fractal
dimension of landscapes that are analyzed through satellite images (Lam, 2004). In this study this
scaling structure can be used to analyze the scaling in patch size. This analysis can create new insights
about landscape patterns and how these landscape patterns change over time. In the current state of the
art, there is not much attention for the distribution of landscape patches.
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3 Method
This chapter is dealing with the main methodology that was used during this research. It describes the
characteristics of the study area, the used data and software and the processing tools that were used
during the research. The structure of this chapter is based on the sequence of steps that were used
when the study was executed.
3.1 Study area
The study area is located in the southwestern part of Madagascar between Latitude 22° 66’ and 23°
31’ S and Longitude 43° 46’ and 44° 05’ E (figure 1). The area is part of a larger area characterized by
semi-arid conditions with rainfall averaged below 500 mm and mean temperature around 24° C
(Battistini and Richard-Vindard, 2013). The rainfall rates are decreasing in the north-south direction.
Dry seasons in this region are normally taking 8 to 9 months from March to November (Dewar and
Wright, 1993; Richard et al., 2002). However, in recent years, year round dry seasons were measured.
The study area can be split into two different geological regions, which both can be characterized as
sedimentary rocks. The western part consists of unconsolidated sands, which are mainly found near
the south and west coast of Madagascar. Although a lot of the forest is lost at these unconsolidated
sands, the remaining parts contain numerous endemic species (Du Puy and Moat, 1996). Elmqvist et al
(2007) stated that the dry semi-arid forest in the south and southwest of Madagascar has the highest
level of endemism in the country (95% of the species and endemic and 48% of the genera). The
eastern part of the study area consists of tertiary limestone. These limestones show a relatively low
level of erosion compared to older limestones in Madagascar. The tertiary limestones occur in the
southern and western part of Madagascar. The Mahafaly Plateau, which is located a few hundred
kilometers south of the study area, is a well-investigated site. This plateau has the same underground
as the western part of the study area. The Mahafaly plateau was formed during the Eocene (54–38 Ma)
and is an area that shows a high level of botanical richness (Du Puy and Moat, 1996).
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Figure 1. The location of the study area.

The described geology and climate have an important influence on the vegetation that can be found in
the study area. The area is part of the so-called dry deciduous southern forest and scrubland (Du Puy
and Moat, 1996). According to Du Puy and Moat (1996) the deciduous dry southern forest and
scrubland needs attention, because the proportion of this vegetation that is left does not correspond
with the current protected areas. The vegetation is characterized by different types of bushes
(Rabesandratana, 1984). The first category contains trees that can reach a height of approximately 8–
10 meters. The Didiereaccae characterizes the top of these bushes, which can reach a height of 10
meters. The second types are bushes that reach a height of 5 meters. Didiereaccae and Euphorbiaceae
are found in this category. Finally, low bushy shrub can be found in this region. The bushes reach an
average height of 1–2 meters. These three types are applicable for the southwestern dry forests,
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although the plant species differ per section of the region. In this study area the bushes are mainly
characterized by the plant species like Opuntia, Delonix, Eria Javanica, Alluaudia Procera and
Euphorbia Laro.
The study area is located in the province of Toliara, which is named after the biggest city of the
province Toliara. The province is divided into four regions: Androy, Manabe, Atsimo-Andrefana and
Anosy (Ralison and Goossens, 2006). The study area is located in the Atsimo-Andrefana region,
which can be subdivided into nine different districts (Ralison and Goossens, 2006). In 2004 the
population of this region was slightly above 1 million. The area of the region is 66.263 km2. The nine
different districts of the Atsimo-Andrefana region are Ankazoabo, Ampanihy, Benenintra, Beroroba,
Betioky, Morombe, Sakaraha, the urban Toliara I and the rural Toliara II. Important for this study is
the district of Toliara II, because the whole study area is located in this district. The final level of
administrative areas are the communes. Each district is subdivided into several communes. The
communes in Toliara II covered by the study area are Ankilimalinike, Behompy, Belalanda, Marofoty,
Maromiandra and Monombo Sud.
Toliara and the surrounding places have the highest population density in the southwestern part of
Madagascar. Statistics from 1993 and 2000 show a population growth of 53%. The expectation is that
these rates will further increase in the coming decades. The yearly population growth is estimated at
approximately 3.5% per year (Andrefouet et al., 2013). The major cause of this population growth is
the migration of people from the inlands of Madagascar to the coastal areas of Toliara (Chaboud,
2006) due to declining inland agriculture and livestock production (Rasambainarivo and
Ranaivoarivelo, 2003) resulting from increasing arid circumstances, caused by overgrazing and
deforestation (Bruggeman et al., 2012).
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3.2 Land use classes and fieldwork
In order to make a framework of the different land use classes that are present in the study area,
fieldwork in the study area was executed in May 2016. During this fieldwork, the description of the
vegetation of the landscapes as described in the study area paragraph was checked regarding its
correctness. Because many parts of the study area were hard to access, the fieldwork was executed in
only a small part of the study area. However, the visited area can be seen as a representative area for
the whole study area, where all classes occur and where classes are located relatively close to each
other. For the study area, four main classes were selected: forest, savannah, bare soil and water (figure
2–4).

Figure 2. The bare soil class.
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Figure 3. The forest in the
study area consist of low
trees. The highest trees are
smaller than 10 meters.

Figure 4. The stage between forest
area and bare soil is the savannah
stage,
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The most important class is the forest class, because the aim of this study is simply to map and
measure the change in this land use/land cover type. The forest class contains all the forest types in the
study area, so it covers both the forest with limestone as geological basis and the forest with sands as
geological basis. Before selecting the appropriate data, an overview of the spectral patterns of the main
classes was made (figure 5).

Reflectance (%)

7

Landsat Band
Figure 5. The different classes and their spectral patterns. The x-axis represents the Landsat band as described in table 1. The
y-axis represents the percentage of reflectance in that band.

3.3 Data and software
After deciding which classes must be classified, it is important to choose the right satellite data, with
the right spectral and spatial resolution. For this study free Landsat satellite images from NASA were
used. Since the launch of Landsat-1 on July 23, 1972, Landsat satellites have been of great importance
for investigating our environment. All Landsat satellites follow a near-polar orbit, and are sunsynchronous. This means that the orbit of this satellite processes the earth at the same angular rate as
the earth revolves around the sun (Lillesand et al., 2014). The Landsat satellites fulfill 14 full orbits
every day and with every orbit its displacement is 2875 km to the west. This means that the satellite
covers the earth in 16 days (233 orbits).
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In this study Landsat-5 TM data was used to investigate forest change in the southwestern part of
Madagascar. Landsat 5 was launched on March 1, of the year 1984 and stopped, recording images in
November 2011. The Thematic Mapper (TM) on board of Landsat 5 recorded reflection in 7 different
bands (table 1). Compared to the Multispectral Scanner (MSS), which was on board of Landsat 1-3, it
had the advantage of three additional bands. These additional bands meant the addition of several
infrared bands. Next to the wider band range, the spatial resolution was improved in a substantive
way, where the MSS detectors had a resolution of 67 x 87 m; the TM had a spatial resolution of 30 x
30 m (Lillesand et al., 2014) for all bands except band 6, which had a spatial resolution of 60m. The
different bands can be used to distinguish different features on the ground. Every band has its own
special features that it can distinguish. Band 1 is for example useful for selecting cultural features like
urban areas; band 4 can be used to map differences in vegetation types and biomass content.
Important for this study was the selection of the appropriate spectral bands. Looking at the land use
classes and their spectral patterns that were described in the previous paragraph the following bands
were chosen as basis for the image analysis: 4,5,2. Band 4 is important to determine the biomass
content on the ground. The higher the reflectance in this band, the higher the biomass content on the
ground. So red areas on the satellite image will represent dense vegetated areas (forest). Band 5 gives
information about the soil moisture content. Finally, band 2 gives information about the green
reflectance and is also useful in identifying cultural features (table 1). The differences in reflectance
are visible in the spectral pattern graph (figure 5).
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Table 1. Landsat TM bands and their application (Harris et al., 2011 )
Band

Wavelength (microns)

Spectral color

Application

1

0.45 – 0.52

Blue

Water body penetration, vegetation/soil discrimination, cultural
feature identification and mapping forest types

2

0.52 – 0.60

Green

Measure green reflectance peaks and cultural feature identification

3

0.63 - 0.69

Red

Plant species differentiation, cultural feature identification

4

0.76 – 0.90

Near Infrared

Determining vegetation types and content of biomass, delineating
water bodies and soil moisture

5

1.55 – 1.75

Short Wave Infrared

Vegetation and soil moisture, thermal mapping

6

10.4 – 12.5

Thermal Infrared

Vegetation stress analysis, soil moisture mapping and thermal
mapping

7

2.08 – 2.35

Short Wave Infrared

Discrimination of mineral and rock types and vegetation moisture.

To conduct the research, Landsat-5 TM images from three different periods were used. To create a
clear overview of forest change, the years 1990, 2000 and 2010 were selected. This created an easier
classification process, because the same sensor was used for each image. In order to create the best
classification, images with a cloud cover less than 5% from the same season, were downloaded from
the Landsat portal from the United States Geological Survey (USGS). This portal enables people to
download free data from all Landsat satellites and use them for analysis and other purposes. Next to
the Landsat satellite images, OpenStreetMap (OSM) data was used to add features like administrative
boundaries, rivers, settlements and major roads. OSM is a map portal where people can voluntarily
create geographical data. After the introduction of OSM in 2004 by Steve Coast, it has been growing
exponentially in the amount of users and producers. In a time where open source data is becoming
more important, OSM offers a lot of advantages compared to the conventional professional made
online mapping sites like for example Google Maps.
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For processing the data, several software packages were used. Intergraph Erdas Imagine (v.13) formed
the basis of these software packages. With Erdas Imagine, the Landsat images that were downloaded
from the USGS portal were clipped and classified by using the supervised and unsupervised
classification pixel-based classification tools in the software. the object-based classification was
executed in Trimble eCognition Developer (v.9.0). First the multiresolution segmentation algorithm
was applied. The result of this algorithm is a set of polygons that show similar spectral patterns. After
segmentation the polygons were conducted to supervised classification. The resulting classified raster
files were important into ESRI ArcGIS (v.10.2) in order to create final maps. So far only the software
that was used for the mapping part has been described. The measuring part was executed in USDA
FRAGSTATS. In FRAGSTATS, the three classified images of 1990, 2000 and 2010 were imported
and the patch statistics were calculated for each of these images. Finally, the Disy GIS2go app was
used to insert the maps in a mobile device. This mobile device was used during the fieldwork for
navigation and control of the classified images. In this mobile app it is possible to save visited location
and add attribute data to that location. Afterwards the location can be imported into ArcGIS in order to
compare the point data with the classified images.
3.4 Correction and image enhancement
The data that was used during this research was selected by using the criteria that less to no correction
(Fourier Analysis, cloud removal) of the images should be needed. The most important criteria were
cloud free circumstances and stripe free images. For cloud cover a threshold of five percent was used
to select the data. Stripe free images are important to create reliable end results. Although, stripes can
effectively be removed from satellite images with for example Fourier analysis, it always will have an
effect on the end results. So, in order to compare pixel-based and object-based classification and map
forest change in a reliable way stripe free images for all the three dates were selected. The next step is
image enhancement. The general idea behind image enhancement is to improve the visibility of the
objects in the image and improve the contrast between different features so that we can easily
distinguish the types of land covers in the classification step. The image displays and records the
information at a range of 256 gray levels (8-bits). Before contrast stretching, the brightness values of
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the image are often clustered in a narrow range from 0 to 255. To stretch the pixel values of the
Landsat images standard deviation stretch was used. With this method, pixel values are changed to
create more contrast between different features in the image.
3.5 Supervised pixel-based classification
The first classification method that was executed was the supervised pixel-based classification
method. This method can be separated into different parts. First stage of the process is the
determination of the classes that will be separated. In the section 3.2 these classes were already
described. A total amount of four classes were determined for this study. Forest, water, bare soil and
savannah were classified.
The next step after determining the classes that will be classified is the training stage. This stage
requires a high interaction between the person who is analyzing the image and the data that will be
analyzed (Lillesand et al., 2014). It also requires a lot of knowledge about the geography of the study
area. For this purpose, reference data can provide additional information. However, the most important
thing in the classification stage is the quality of the training areas itself. The goal of selecting training
areas is to create spectral patterns that are representative for the different classes that will be classified.
This is of great importance when there are several types within a class. A good example is the
classification of water bodies. Water bodies can contain for example turbid areas and very clear areas.
To include both areas in the water class, training areas for both turbid and clear water areas must be
added to the training areas of water. It becomes more difficult when agriculture needs to be classified.
Agricultural areas can be diverse, because of the different crops that are present. Using a high amount
of training areas can solve this problem. For agriculture it is not uncommon to select 100 training areas
(Lillesand et al., 2014). To create reliable results an amount of 20 training areas per land use type was
used. In the end a total of 80 training areas were used for supervised classification.
After selection, the training areas are used to classify the image. In order to achieve this classification
there are several methods that can be used. The Minimum-Distance-to-Means-Classifier,
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Parallelepiped Classifier and the Gaussian Maximum Likelihood Classifier are the most common
methods (Lillesand et al., 2014). The method used in this research is the Gaussian Maximum
Likelihood Classifier. This classifier is using the variance and covariance of the class spectral patterns
to classify every pixel in the image. The determination of the covariance and the variance is based on
the Gaussian geometry, which is characterized by the normal distribution. The assumption that the
spectral response pattern shows a normal distribution acts as the basis for this method. Compared to
the classifiers, this method its main advantage is the use of ellipsoidal contours around the classes,
which is resulting in no overlap between classes. The disadvantage of this method is the high amount
of calculations that has to be made. This happens often when someone wants to classify large numbers
of classes. However, in this study this is not the case, because the number of classes that were
determined is not large.
3.6 Unsupervised pixel-based classification
The difference between the supervised and unsupervised method, is the fact that the second method is
not using training areas to classify the image. The unsupervised classification method is not using the
training data, but is using a set of algorithms that work together to determine a certain amount of
natural clusters in the image data. The general idea behind this method is that points that spectrally lie
close to each other when a plot of two bands are placed in the same cluster. Points that are placed in
different clusters are relatively far away from each other. The clusters that are determined are based on
the spectral values of the image. First the classes are determined with their spectral properties. After
this classification the spectral classes must be converted to the information classes that contain land
use classes. It must be clear that the supervised method is conducted in exactly the opposite way as the
unsupervised method. In the supervised method, the information classes are first determined and
afterwards, the information class is assigned a spectral pattern, which determine which pixel is
assigned to which information class. The process of unsupervised classification will be explained by
using the same example as with the supervised method
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The classification stage starts with selecting the right classifier. A classifier is an algorithm that
determines the different spectral classes that can be found in the image. In this paragraph, the two
algorithms that are widely used in classification will be explained (Lillesand et al., 2014). The Kmeans method starts with the number of classes’ parameter, which is manually inserted in the
algorithm by the user. After inserting this, the algorithm goes through the data, to collect the clusters.
The method is using the in the previous paragraph mentioned mean vector of the clusters to assign
each pixel to a cluster. The method is iterative, because the mean vector is recalculated after all pixels
are assigned to a cluster. This process stops when there is no significant change that the mean vectors
of the cluster are changing (Lillesand et al., 2014). Another classifier is the ISODATA method. The
procedure that is followed during this method is comparable to that of the K-means method. However,
it evaluated the statistics of each cluster, before a new iteration is processed. The ISODATA method
gives users the opportunity to define a maximum and a minimum value for the distance between mean
vectors. With this extra step it is possible to merge and separate clusters from each other. A big
advantage of the unsupervised classification method compared to the supervised method is the way it
deals with classes that are not observed by the trainer in supervised classification. These classes may
not be visible due to multiple reasons, however in unsupervised classification these classes are
determined. Most of the times this occurs when someone wants to classify an enormous amount of
classes. To create accurate results and to separate classes that have similar spectral properties, the Kmeans method with 36 classes was used for unsupervised classification method.
3.7 Object-based classification
The relatively new object-based classification method is challenging the pixel-based classification
methods that are described in the previous sections. The previous classification methods are all based
on single pixel classification. The object-based classification method is different from these
conventional methods, because it uses both spatial and spectral patterns to classify the image. As
already mentioned in the literature review, the object-based classification method contains two steps.
The first step is multiresolution segmentation. Using different scales, the image is segmented (figure
6). Because the segmentation starts at a coarse scale and is getting more detailed to the end, large areas
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of homogeneous pixels are first separated and heterogeneous pixels are separated later on. The second
step in object-based classification is the actual classification of the segmented image. This step is
taking into account the shape of the polygons that are created after segmentation. To define the
different classes, a rule set can be designed. Parameters that can be used to develop this rule set are
shape, color, size, pattern, texture etc. When classifying images with this method, it is important to
determine the right scale of operation. The scale parameter is important when segmentation takes
place. This parameter can be explained by the following example. When someone wants to classify a
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Figure 6. The object-based classification method is using polygons with similar spectral properties to classify an image.

complete forest as one polygon, a relatively large-scale parameter can be used, because a high value
means that relatively large areas are classified as one polygon. With a smaller scale parameter, the
ability to separate smaller patches increases. The forest can for example be separated in different types
of trees. This can be executed until for example different tree crowns can be separated. In general,
small scale parameters are used to classify large scale maps (f.e. 1:1000) and large scale parameters
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are used to classify small scale maps (f.e. 1:1.000.000). The determination of the scale parameter is
often a difficult job, because it depends on which landscape pattern and sensor the study is dealing
with. In this study a scale parameter of 8 was used.
A relatively homogeneous landscape can have a higher scale parameter than a heterogeneous
landscape and a Landsat image can handle lower scale parameters than an IKONOS image. After
segmentation, the image must be classified. This can be done in two different ways. The first way is
classification that is related to one single object. Texture, size, shape and spectral properties can all be
examined by this way of classification. The other way is classification by the relations of features.
Topology and proximity between different objects can be investigated by this way of classification. If
someone wants to classify for example a river, the shape can be set to linear, the spectral signature can
be set to that of water and the size can be set to the width and the length of the river. By combining
both methods it is easy to distinguish multiple features. In this study, supervised classification was
used to classify the polygons. Training polygons were selected, which created a spectral pattern for
each class. Afterwards every polygon was classified with the Nearest Neighbor method. This method
classifies every polygon as its spectrally closest neighbor.
3.8 Accuracy assessment
To check whether the classification results are accurate an accuracy assessment can be useful. An
accuracy assessment utilizes a confusion matrix to infer the classification accuracy (Congalton and
Green, 2008). Sets of 200 stratified random sampling points in the 1990 Landsat image were selected.
These 200 points were then used to create an error matrix. The error matrix compares the sampled
pixels with the classified pixels. In this procedure the random pixel points are assigned to a class
manually. When this is finished the producer’s accuracy, user’s accuracy and overall accuracy were
calculated. The overall accuracy is computed by dividing the total number of correctly classified
pixels by the total number of reference pixels. The producer’s accuracy represents the accuracy per
class. Finally, the user’s accuracy represents the number of correctly classified sample pixels in a class
divided by the total number of sample pixels that were assigned to that class (Lunetta and Lyon,
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2004). The accuracies of both, the pixel-based and object-based classification methods were
calculated. Further evaluation of the results can be found in section 4.1.
3.9 Landscape metrics and scaling
In this study landscape metrics are used to calculate the number of patches and the average size of
those patches. The patch size was also used to describe the fragmentation of the forest during the
period 1900–2010. Fragmentation was measured by using the landscape metrics Number of Patches
(NP) and Mean Patch Size (MPS). These metrics were calculated in FRAGSTATS.
Next to the fragmentation, the scaling structure in the patch size was investigated. The scaling
structure can be used to see if the distribution is long-tailed. Until now it is not completely clear if the
mean patch size distribution is long-tailed. In order to conduct this kind of analysis the head/tail breaks
method was used. This classification system for heavy-tailed data was introduced by Jiang (2013). The
classification method uses the mean value to cut the data into two parts: the head and the tail. The
method uses iterations to compute the mean value again multiple times. This goes on until the majority
is in the head or the distribution is no longer heavy-tailed. The default setting for the head part is 40%.
This means that when the 40% threshold is exceeded, the classification stops. This classification
method can easily be applied to the distribution of the patch size. The distribution is displayed with the
help of rank-size diagrams. These diagrams rank the distribution by size. In this case, that means that
the larger patches receive a high rank and smaller patches receive a lower rank. With the help of these
diagrams it is easy to see whether we are dealing with a long-tailed distribution. When a long-tailed
distribution is found, there is a small amount of large things. These large things have a high rank and
therefore these objects are present at the left part of the x-axes. The smaller the object gets, the lower
the rank is and the more it is placed to the right part of the x-axis. An example of a long-tailed
distribution is displayed in figure 7. This diagram is an example of the city size distribution. The long
tail of the city size means that there are far more smaller cities than larger ones. In this study the ranksize diagrams are provided with a logarithmic scale in order to improve the visibility of differences in
the distribution (Appendix B and C).
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Figure 7. A typical rank-size graph of population density (Jiang, 2013 p.5).
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4 Results
This chapter is dealing with the main outcomes of the study. The chapter is divided into three parts.
The first part will present the result of the comparison between the classification methods. The result
of this analysis will be the selection of the right classification method. After selecting the most
accurate method, three different satellite images were classified to map forest change. This forest
change will be presented in a change map, a table and a graph. The third part deals with the change in
landscape metrics and the scaling structure of patches.
4.1 Classification methods
In order to show the differences between the three classification methods, three error matrices were
produced. With these error matrices, the overall, producer’s and user’s accuracies were measured.
With the help of these matrices it is relatively easy to evaluate the accuracies of all methods. The
object-based method obtained an overall accuracy of 96.00%, which is higher than the accuracies that
were measured in the pixel-based classification methods (table 2 and 3). The supervised pixel-based
method obtained an overall accuracy of 92.50% and the unsupervised pixel-based classification
method obtained an overall accuracy of 93.00% (table 4–7). These results indicate that the objectbased method better than the pixel-based methods for this particular landscape and area. However, the
pixel-based methods also have accuracies that are acceptable. Next to the overall accuracy the user and
producer’s accuracy can help with comparing the methods. The user and producer’s accuracy measure
the commission and omission error for each class (Yan et al., 2006). These accuracies are helpful in
evaluating the way different methods can distinguish differences between classes. Because the objectbased method has the highest user and producer’s accuracy for the forest class, this method seems
most suitable for forest classification. The value of user’s accuracy represents the probability that a
pixel classified in a certain category is in the same category in the reference data. The value of the
producer’s accuracy represents the probability that a pixel classified in a certain category in the
reference data is indeed this class in the classified map. Besides the higher accuracy rates, the object-
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based method does not contain salt and pepper distortion. Because the pixel-based method uses single
pixels to classify the image, some pixels can have completely different patterns within a small area
(Appendices A2 and A3). Because the object-based method is based on polygons that have similar
spectral patterns and these polygons are classified, a more homogenous pattern without salt and pepper
distortion is created (Appendix A1).

Table 2. Error matrix of the object-based classification method.
Water

Forest

Bare Soil

Savannah

Total

Water

0

0

0

0

0

Forest

0

140

0

0

140

Bare soil

0

2

16

4

22

Savannah

0

1

1

36

38

Total

0

143

17

40

200

Table 3. Accuracies of the object-based classification method.
Reference total

Classified total

Number correct

Producer Accuracy

Users Accuracy

Water

0

0

0

-

-

Forest

143

140

140

97.90%

100.00%

Bare soil

17

22

16

94.12%

72.73%

Savannah

40

38

36

90.00%

94.74%

Overall accuracy = 96.00 %, Overall Kappa statistics = 0.911
Table 4. Error matrix of the supervised pixel-based classification method.
Water

Forest

Bare soil

Savannah

Total

Water

0

0

0

0

0

Forest

0

144

0

2

146

Bare soil

0

5

24

7

36

Savannah

0

1

0

17

18

Total

0

150

24

26

200

28

Table 5. Accuracies of the supervised pixel-based classification method.
Reference total

Classified total

Number correct

Producer Accuracy

Users Accuracy

-

-

Water

0

0

0

Forest

150

146

144

96.00%

98.63%

Bare soil

24

36

24

100.00%

66.67%

Savannah

26

18

17

65.38%

94.44%

Overall accuracy = 92.50 %, Overall Kappa statistics = 0.821
Table 6. Error matrix of the unsupervised pixel-based classification method.
Water

Forest

Bare soil

Savannah

Total

Water

0

0

0

0

0

Forest

0

149

2

3

154

Bare soil

0

5

14

1

20

Savannah

0

0

3

23

26

Total

0

154

19

27

200

Table 7. Accuracies of the unsupervised pixel-based classification method.
Reference total

Classified total

Number correct

Water

0

0

0

Forest

Producer Accuracy

Users Accuracy

-

-

154

154

149

96.75%

96.75%

Bare soil

8

9

7

73.68%

70.00%

Savannah

17

15

13

85.19%

88.46%

Overall accuracy = 93.00 %, Overall Kappa statistics = 0.815

4.2 Forest change mapping with object-based classification
After determining the most suitable method for mapping forest change in the study area, three
different time frames were used to map the forest change (figure 8–12). The object-based
classification method was used for this purpose. Forest, bare soil, water and savannah were used as
main classes to map the change. The result of the analysis showed that during the period 2000–2010
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deforestation took place (table 8 and 9). In this period, a vast amount of areas was converted into bare
soil. In the period 1990–2000 there was hardly no deforestation. In this period the forest lost only 7258
ha. In the period 2000–2010 44034 ha of forest disappeared, resulting in a percentage of deforestation
of 42% in the period 1990–2010. The loss of forest resulted in a growth of the savannahs and bare
soils. Savannahs grew from 30365 ha in 1990 to 52681 ha in 2010, which is similar to a growth of
almost 74%. Bare soils grew even more dramatically. In 1990 there was 20065 ha of bare soil in the
study area. In 2010 the area of the bare soils was 49454 ha. Bare soils grew with 146% in the period
1990–2010.

Area (ha)

Year

Figure 8. Graph of the change in classes over the years 1990, 2000 and 2010.
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Figure 9. Classified map of the year 1990.
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Figure 10. Classified map of the year 2000.
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.
Figure 11. Classified map of the year 2010
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Figure 12. Conversion map between the years 1990, 2000 and 2010. The map is showing the presence of forest between
1990 and 2010. When the year is present in the legend, it means that there is forest up then. When a dashed line appears,
there is no forest. Green areas, show a stable forest in between 1990 and 2010. The figure shows a vast amount of deforested
areas in after 2000. Reforestation is measured on a small scale (blue areas).

34

Table 8. Area per class for the years 1990, 2000 and 2010.
1990 (ha)

2000 (ha)

2010 (ha)

Water

600.12

439.29

165.96

Forest

119779.65

112521.60

68487.75

Bare soil

20065.32

10101.87

49454.28

Savannah

30365.46

47695.05

52681.32

Table 9. Change rates per class (change numbers do not add up to 0, because the urban areas where not classified).
Change 1990–

Change

2000 (ha)

2000 (%)

1990–

Change

2000–

2010 (ha)

Change

2000–

2010 (%)

Change 2000–

Change 1990–

2010 (ha)

2010 (%)

Water

−160.83

−26.80

−273.33

−62.22

−434.16

−72.35

Forest

−7258.05

−6.06

−44033.85

−39.13

−51291.90

−42.82

Bare soil

−9963.45

−49.66

39352.41

389.56

29388.96

146.47

Savannah

17329.59

57.07

4986.27

10.45

22315.86

73.56

4.3 Forest change and landscape metrics
Fragmentation took place during the period 1990–2010 (figure 13). In 1990 the mean patch size of all
the classes combined was 109 ha. In 20 years this value decreased with almost 40% to 67 ha in 2010.
Patches not only became smaller in this period, also the amount of patches grew during this time
interval. In 1990 there were 1554 patches of forest, bare soil and savannah. This value grew to 2603
patches in 2010, which is equal to a growth of 68%. In the period 1990–2010 the mean patch size of
forest decreased from 384 ha in 1990 to 128 ha in 2010 (table 10). A total decline of approx. 67%. The
fragmentation of forest also becomes visible in the increase of the number of patches during the period
1990–2010. In 1990 there were 312 forest patches, while there were 536 patches in 2010 (table 11).
This is equal to a growth in forest patches of almost 72%. A special property of the forest patches is
the area of the largest patch. This patch characterizes the core area of forest. In 1990 this area had a
size of 111845 ha, compared to a size of 52861 ha in 2010, a decline of 53%.
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1990

2010

2010

Figure 13. Forest fragmentation in the period 1990–2010.
Table 10. Change in average size of patches (ha).
1990

2000

2010

Figure 13. Forest fragmentation in the period 1990–2010.
Forest

383.98

278.57

127.81

Bare soil

49.77

22.11

71.56

Savannah

44.05

81.79

40.73
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Table 11. Change in number of patches.
1990

2000

2010

Water

142

89

83

Forest

312

404

536

Bare soil

411

456

691

689

583

1293

1554

1532

2603

Savannah
Total

4.4 The scaling structure of landscape patches
Another property that can be measured with the patch size distribution is the scaling structure of patch
size. In the method part, the fundamentals of scaling are already explained. Basically, it is based on the
fact that there are far more smaller things than larger ones. This so-called scaling structure can be
analyzed with the head/tail breaks classification method, because it breaks the data into a head part
and a tail part iteratively. In this study the scaling properties of the complete landscape (all classes:
forest, bare soil and savannah) are analyzed. The analysis showed that the landscape size distribution
in this particular case is long tailed (table 12–14). That means that there are far more smaller patches
than larger ones. These long tailed properties are also visible in the rank size diagrams (Appendices B
and C). The result showed that the distribution of the patches is stable in the years 1990, 2000 and
2010. Although the landscape is changing significantly as mentioned earlier in this paragraph, the
scaling structure is remained with the changes.
Table 12. Scaling structure in patch size 1990.
Number of patches

Number in head

1554

48

48

4

4

1

%Head

Number in tail

%Tail

3

1506

97

1099044.09

8

44

92

32837955.93

25

3

75

332628103.48

37

Mean

Table 13. Scaling structure in patch size 2000.
Number of patches

Number in head

1532

%Head

Number in tail

%Tail

Mean

47

3

1485

97

1114549.92

47

4

6

44

94

33512133.88

3

1

33

2

67

458820298.70

Table 14. Scaling structure in patch size 2010.
Number of patches

Number in head

2603

111

111
13
3

%Head

Number in tail

%Tail

4

2492

96

413

11

98

89

13750139.39

3

23

10

77

101353167.56

1

33

2

67

290159938.39

38

Mean
656093.60

5 Discussion
In order to place the outcomes of this research in perspective of the earlier research, it is important to
ask the question: What do these results tell us? This chapter is dealing with the limitations of the data
and analysis method, further improvements and the way the results correspond with earlier research.
The chapter starts with a discussion about the comparison of the classification methods, continues with
the discussions about forest change, fragmentation and scaling structure. Finally, the general
limitations and further improvements will be discussed.
5.1 Accuracies of the classification methods
The comparison of the different classification methods is based on the accuracies that were measured
with the use of the stratified random sampling method. The 200 random points were needed to create a
reliable end result (Congalton and Green, 2008). The result of this method showed that the objectbased classification method is the most suitable method for classifying this relatively homogeneous
landscape with four classes (water, forest, bare soil, savannah). However, it does not say that objectbased classification is the best method for mapping forest change in general. Jawak et al. (2015)
described the differences between the object-based method and the pixel-based method in relation to
resolution and landscape patterns. The main disadvantages of the object-based method become visible
when using high-resolution satellite imagery (Goa and Mas, 2008). However, the accuracy of the
pixel-based methods can also be very high with moderate and low spatial resolution. This because,
clusters of pixels are easy to find in these landscapes.
Next to the spatial resolution the landscape pattern is an important factor for the accuracy of both
approaches. The pixel-based approach is useful when someone wants to classify homogeneous
landscapes. For classifying these types of landscape it has more or less the same accuracy as the
object-based approach. However, when classifying heterogeneous landscapes, the object-based
method shows higher accuracy values (Aguirre-Gutiérrez et al., 2012; Whiteside et al., 2011). If this
information is compared to the results of this study, someone could have expected that the accuracies
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of both methods were almost similar. This because the study area can be classified as a homogeneous
landscape and the used spatial resolution is medium. This study showed that both pixel-based and
object-based classification methods are suitable to classify this particular landscape with this particular
spatial resolution. However, it is recommended to first compare the accuracies of the different
classification methods, in order to check which method is most suitable for classifying this particular
landscape with this particular spatial resolution. By doing this, it is possible to avoid mistakes in
choosing the right method, and someone can easily see which method is most accurate. Another
advantage of the object-based classification method is the readability of the map. Because the method
uses polygons to classify the image, the so-called salt and pepper effect that is common in pixel-based
classification is not present. There are some methods available, like a filtering window, to remove this
effect in pixel-based classification. However, this will always have an effect on the reliability of the
classification.
5.2 Forest change
A study by Harper et al. (2007) showed that the total area that was covered by forest in Madagascar
changed from 23.9% in 1970 to 15.1% in 2000. The nationwide studies show a pattern of
deforestation, but this pattern is different when zooming in to the smaller regional scale. The regional
studies can be divided into two different parts. The first part of the studies shows a general pattern of
deforestation (Brinkmann et al., 2014; Burivalova et al., 2015; Grinand, 2013; Ramiadantsoa et al.,
2015; Vagen, 2006; Zinner et al., 2014). The second part measures not only deforestation, but are also
measuring some reforestation (Elmqvist et al., 2007; Kull, 1998; Whitehurst et al., 2009). To
investigate in which group this study area is located, the forest change map gives hard evidence.
This study area is definitely part of the first group. With a deforestation rate of 42% in the period
1990–2010, there is massive deforestation in the study area. The main deforestation took place in the
period 2000–2010. In this period 44034 ha of forest disappeared. To create more insights about the
causes of deforestation in this area, further research must be executed. A study by Brinkmann et al.
(2014) in an area not far from the study area is focused on the settlement characteristics related to
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deforestation provides some causes of the high deforestation rates in the southwestern part of
Madagascar. The deforestation pattern that can be found on the Mahafaly plateau is mainly caused by
pioneer agriculture and bushfires. According to the study of Brinkmann et al. (2014), the farmers are
well aware of the effects that their way of using the forest have on the environment. However, it is
inevitable that they will continue, because of the lack of alternative ways for income and that other
cultivation techniques are not available (Andriamparany et al., 2014; Brinkmann et al., 2014). A
potential solution can be to provide local settlements alternatives to the slash and burn culture that they
are currently using. An example of this solution can be found in new agricultural techniques, like
drought resistant crops.
5.3 Forest fragmentation
A side effect of deforestation is the fragmentation of the forest patches. An empirical study by
Ganzhorn et al. (2001) showed that forest fragmentation has an impact on the population of lemurs in
deciduous forests in Madagascar. In forests that were fragmented in the last 20–40 years, groups of
lemurs with a total amount of around 40 were not able to survive. The study showed that a forest patch
of approx. 800–1000 ha of habitat required for lemurs to survive. That means that only a few forest
patches will be suitable for lemurs in this study area. In 1990 there were three patches that exceeded
the 800 ha limit. This number decreased to two in 2010, which means that one habitat completely
disappeared. Only a few forest patches will be large enough to maintain a living lemur community.
The disturbances in the forests generally have a negative influence on the biodiversity (Irwin et al.,
2010). The decreasing biodiversity is most of the time a process that causes the introduction of new
general grassland species. Native species are replaced by non-endemic species. A study by Ganzhorn
et al., (2001) showed that large parts of the ecosystems in Madagascar are so damaged that it will take
a lot of time for the ecosystems to recover. The studies about the effect of deforestation and forest
fragmentation on the biodiversity are giving a lot of information on a national scale. However, there is
little known about the effect of forest change and forest fragmentation in this study area, which
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describes the urgency of new research to the regional effects of forest fragmentation and deforestation
on the biodiversity.
5.4 Scaling structure of landscape patches
A new approach that is challenging the existing Euclidean geometry is the fractal geometry
(Mandelbrot, 1967). The fractal geometry is different from the conventional geometry, because it uses
fractals as its basis. Fractals are referring to the fact that in nature there are far more smaller things
than larger ones. In literature it is quite common to call fractals scaling, which is more or less the
same. Fractals contain self-similarity and scaling properties. Mandelbrot, the founder of the fractal
geometry, found that many biological, natural, economic and social phenomena are fractal and contain
a scaling structure. In these phenomena there are far more smaller than larger things. According to
Alexander (2002), the fractal properties and scaling structure of these phenomena can be sensed as
beautiful. Because the scaling structure of landscape patches is a subject that deserves some more
research, an analysis to the scaling structure of landscape patches was displayed in the so called rank
size diagram and with the use of the head/tail breaks method.
The outcomes show that the landscape patches are long-tailed. This means that there are far more
smaller things than larger ones. These patterns are measured in all the three periods that were analyzed
(1990, 2000, 2010). This means that deforestation and land use change does not have an effect on the
scaling structure of landscape patches. However, the functionality of the landscape as a sustainable
ecosystem clearly suffers.
5.5 Further improvements and limitations of the study
In order to improve the research in this study, some further improvements can be made. First, the
analysis is only based on a single case study over two discrete time intervals. To get better results, the
same analysis must be executed in different landscapes with different spatial resolution in the satellite
images. Secondly, the creation of random points in the accuracy assessment is always biased. It is hard
to create a completely random sample set. The fact that the stratified random points are not completely
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random has an unknown effect on the accuracies of the classification methods. Finally, this study is
mainly focused on the technical aspects of mapping forest change. It is therefore very useful as a tool
to create new insights about the emergence of doing something about forest change. However, this
study is not dealing with the reason why there is forest change in this region. A study to the socialeconomical structure in the region is missing.

5.6 What is new in this research?
When conducting research, it can be important to keep in mind the “what is new in this research?”
question. This study is dealing whit this question in several ways. First of all, it is new because it
examines the accuracies of the both pixel-based and object-based classification for this particular
landscape. Many comparative studies between those two methods have been made, however looking
at this particular study area, it has not been done before. The same goes for mapping forest change.
Although, forest change has been mapped on a national scale and on a regional scale for multiple
regions, no forest change analysis has been made for this study area. Therefore, it can act as a basis for
further research. Finally, this study is unique in the way it analyses the scaling structure in landscape
patches. Because, this field is relatively young, not a lot of research has been done for this topic yet.
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6 Conclusion
Deforestation has been measured on a national scale in Madagascar. However, on a regional scale
there were some uncertainties. For this study it was unclear whether there was deforestation or
reforestation and at what scale it took place. This study showed that there is massive deforestation in
the forest near Toliara. With a percent of 42% deforestation in the period 1990–2010, large areas of
forest were converted into bare soils and savannahs. Next to deforestation, forest fragmentation was
measured in the stable forest patches in the period 1990–2010. Fragmentation has a huge impact on
the habitat suitability of some unique Malagasy species. In order to select the right classification
method, pixel-based classification was compared with object-based classification. The results of the
study showed that the object-based classification method was the most suitable method for this
landscape. However, the pixel-based approaches also resulted in accurate results. Finally, the scaling
structure in landscape patches was investigated. The study showed that the patch size distribution has
long-tail properties and that these properties do not change in periods of deforestation. In order to
better understand the scaling structure of landscapes, further research is needed. Questions like how
landscape patches are distributed in different landscapes and how do they change with forest change,
can be interesting. Finally, in future research it is important to look at the social economical context of
the deforested area and to search for technical alternatives for agriculture, in order to avoid the slash
and burn culture that is one of the main causes for deforestation in Madagascar.
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Appendix A1, Object-based classification 1990
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Appendix A2, Supervised pixel- based classification 1990
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Appendix A3, Unsupervised pixel-based classification 1990
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Appendix B1, Patch size distribution 1990
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Appendix B2, Patch size distribution 2000
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Appendix B3, Patch size distribution 2010
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Appendix C1, Patch size distribution 1990
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Appendix C2, Patch size distribution 2000
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Appendix C3, Patch size distribution 2010

58

59

