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Abstract
Today more and more people are moving to the cities around the world. This puts a lot of strain on
the infrastructure as the cities grow in both width and height. To be able to monitor the ongoing
change remote sensing is an effective tool and ways to make it even more effective, better and
easier to use are constantly sought after.
One way to monitor change detection is object based change detection. The idea has been around
since the seventies, but it wasn’t until the early 2000 when it was introduced by Blaschke and
Strobl(2001) to the market as a solution to the issues with pixel based analysis that it became
popular with remote analysts around the world.
KTH-SEG is developed at KTH Geoinformatics. It is developed to segment images in order to preform
object based analysis; it can also be used for classification.
In this thesis object based change detection over an area of Shanghai is carried out. Two different
approaches are used; post-classification analysis as well as creating change detection images. The
maps are assessed using the maximum likelihood report in the software Geomatica.
The segmentation and classification is done using KTH-SEG, training areas and ground truth data
polygons are drawn in ArcGIS and pre-processing and other operations is carried out using
Geomatica.
KTH-SEG offers a number of changeable settings that allows the segmentation to suit the image at
hand. It is easy to use and produces well defined classification maps that are usable for change
detection
The results are evaluated in order to estimate the efficiency of object based change detection in
urban area and KTH-SEG is appraised as a segmentation and classification tool.
The results show that the post-classification approach is superior to the change detection images.
Whether the poor result of the change detection images is affected by other parameters than the
object based approach can’t be determined.
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Sammanfattning
Idag flyttar fler och fler människor in i städer runt om i världen. Det utgör en stor påverkan på den
befintliga infra-strukturen då städerna växer på både höjden och bredden. För att kunna bevaka den
förändring som sker så används ofta fjärranalys som ett effektivt verktyg. Sätt att utveckla befintliga
tekniken försöker man hela tiden hitta nya, enklare och mer effektiva sätt att bevaka förändring finns
alltid på horisonten.
Objektbaserad förändrings analys är ett sätt att bevaka förändringar. Iden om att använda objekt
baserad analys har funnits sedan 70-talet, men det var först i början av 2000-talet, då Blaschke och
Strobl(2001) introducerade tekniken som en lösning på de problem man stöter på i pixelbaserad
analys, som tekniken blev populär bland fjärranalytiker världen över.
KTH-SEG är ett program utvecklat på KTH Geoinformatik avdelning. KTH-SEG är utvecklat för att
segmentera bilder inför objektbaserad analys. Dessutom utför programmet klassificering.
I det här arbetet utförs objektbaserad förändrings analys över ett område i Shanghai. För att hitta de
förändringar som har skett har två tillvägsgångssätt använts: dels har analys av bilder efter
klassificeringen gjorts och dels har bilder som i sig själva skall visa den förändring som har skett
skapats, så kallade förändringsbilder. Bildernas pålitlighet är utvärderad genom att använda
”maximum likelihood report” i programmet Geomatica.
Segmentering och klassificering är gjort i programmet KTH-SEG, träningsområden och testområden
är skapade i ArcGIS och förbehandling av bilder samt andra operationer är gjorda i Geomatica.
KTH-SEG erbjuder många valmöjligheter för att påverka segmenteringsresultatet. Den är enkelt att
använda och producerar tydliga klassificerade bilder som är användbara för analys.
Resultatet utvärderas för att bestämma hur effektivt det är att använda objektbaserad förändrings
analys av urbana områden och KTH-SEG utvärderas som ett segmenterings- och klassifikations
verktyg.
Resultaten visar att förändringsbilder ger ett sämre resultat än bilder som analyseras efter
klassifikationen. Huruvida det dåliga resultatet på förändingsbilderna beror på andra omständigheter
än tillvägagångssättet med objekt baserad klassifikation kan inte bestämmas. Mycket tyder dock på
att det är valet av två bilder från olika satelliter som ger det dåliga resultatet.
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1 Introduction
1.1 Background
The population of the earth is in constant growth and more people are moving to urban areas. This
puts a lot of strain on big cities and its infra-structure. Homes to live in, office quarters, industrial
buildings, public service facilities, roads and other transportation means need to be fitted in the
already built-up cities to house the life of the newcomers. The cities grow in in areal size but also
vertically.
In China the urbanization is fast paced. In 1978 there were no cities with more than 10 million
residents, by 2010 there were six cities with more than 10 million residents. By 2011 a majority of the
chines population was living in urban areas Dexter (2014).
This spring, an urbanization plan for China was published. It concerned the period of year 2014 to
2020. According to the plan, urbanization is the way to fulfil the domestic demands; it also states that
pushing urbanization forward is a way to put the people in the center and letting them enjoy the
modernization achievements of the country. The goal for the plan is to have China at a 60 percent
level of permanent urban resident. Zhu (2014).
In order to monitor urban growth, remote sensing is often used and new and more effective ways to
do so are always sought after. The availability of remote sensing data is constantly increasing with
new sensors producing high resolution images and this in turn allows for new ideas to grow.
The benefits of remote sensing stretch far, not just urban monitoring, remote sensing being used for
all kinds of monitoring; forest monitoring, environmental change monitoring, global warming
monitoring etc. With revisiting satellites it is possible to make analysis over time in order to monitor
change. Thanks to good image processing techniques and analysis applications it is also possible to
create useful analysis to monitor change using data from two different sensors.
A number of ways to detect change through remote sensing is possible, one of them being object
based change detection.

1.2 Objectives
The purpose of this thesis is to test object based image analysis of urban areas. The tool used to
segment the images is KTH-SEG, an application developed at KTH Geoinformatics. Some attention
will be put into understanding and appraise KTH-SEG as a segmentation and classification tool.
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2 Literature review
2.1 Object based image analysis
In the beginning of 2000 Object Based Image Analysis, called OBIA, was introduced as a concept.
Blaschke and Strobl (2001) raised the question “What’s wrong with pixels?” meaning there is a
dissatisfaction with the pixel by pixel image analysis and that, in especially high-resolution images, it
is fair to assume that neighboring pixels belong to the same classification class as the pixel under
consideration.
In his paper “Object based image analysis for remote sensing” from 2009 Blaschke follows up on the
development of OBIA. Since the paper “What’s wrong with pixels?” was published a high number of
peer-reviewed references has been made and the paper has been frequently cited, this improves the
quality of the OBIA credibility.
Blaschke embossed the term OBIA and his paper in the beginning of 2000 has been of great
significance. Yet object based image analysis was not a new concept, but has been in use since the
seventies. In 1976 Ketting and Landgrebe challenge the per-point approach by trying to classify an
image based on the homogeneous objects in it (Ketting & Landgrebe, 1976).
Valter (2003) introduces object-based classification and compares it to pixel-based classification with
the result that object-based classification is good for inhomogeneous areas such as settlements but
also question whether it will catch all changes, or if small changes won’t be detected if it affects a
large object.
Chen (2011) presents the issues in change detection and motivates the usages of OBIA in comparison
to pixelbased image analysis. He states that Object Based Change Detection, short OBCD, improves
the ability to identify the changes for geographic entities found over a given landscape. However he
also concludes that some challenges still remain. He points out the difficulties in detecting changes
where no precise boundaries can be found, e.g. NDVI (Normalized Difference Vegetation Index) and
land surface temperature. Much like Valter he also brings up the problem with changes that are
smaller than the segments and therefore will not be detected.
A segmentation tool called KTH-SEG is developed at KTH, Stockholm. The idea with KTH-SEG is to be
able to be able to effectively segment image for image analysis (Ban & Jacob, 2013). KTH-SEG is
programmed in Java and was first applied on a combination of radar and optical data (Jacob, 2011). It
is still under development and constantly improved (Jacob, 2014).

2.2 Change detection
2.2.1 Pixel based change detection
“Change detection is the process of identifying differences in the state of an object or phenomenon
by observing it at different time” – Stated Singh (1989) in his paper about different digital change
detection techniques using remote sensing. In the paper various techniques are tested on their
ability to detect change. Among the techniques are; change vector analysis, post-classification
comparison and vegetation index differencing. The study concludes that different techniques suits
different kind of images and that it is important for the user to be aware of which techniques to
apply in an operational monitoring program.
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A more up to date study concerning image change detection algorithms is found in “Image change
detection algorithms: A systematic survey” by Radke et al. (2005). In the study common processing
steps and core decision rules in modern change detection algorithms are put through a systematic
survey.
In Ban & Yousif (2012) effective methods for urban change detection using multitemporal
spacebourne SAR data are examined. The study sites are two rapid expanding cities in China and two
SAR images of each city were taken at different time. To compare the SAR images from different
dates, a modified ratio operator that takes into account both positive and negative change was
developed to derive a change image. Then a modified version of the Kittler-Illingworth minimumerror threshold was tested to automatically classify the image into two classes, change and no
change. The study shows that this approach was effective and did very well detecting change in
urban area using SAR image.
2.2.2 Object based change detection (OBCD)
Chen et al. (2012) give a thorough presentation of challenges and opportunities in OBCD. A
comparison with pixel based change detection has been done and particular advantageous from
OBCD over pixel based change detection have been found when dealing with some critical concerns
of change detection, e.g. OBCD provides information of texture and object geometry. They stated
however that there are still challenges left for OBCD. The challenges are summarized into four
groups: image-object, class-object, multi temporal-object and hybrid change detection. An example
is that OBCD has difficulties to detect changes in continuous geographic variables, e.g. NDVI and land
surface temperature where no precise boundaries can be found. Discussion on feature selection
techniques still remains. Since OBCD benefits from a larger range of features to choose from it also
makes it more difficult to choose the appropriate features.
In Qin et al. (2013) an object based approach for land cover change detection using cross-sensor
images was presented. Images from Landsat 5 TM and IRS-P6 LISS3 were used for the research and
the major principal bands were selected for the segmentation. A classification scheme was applied
and finally a supervised classification of image objects was carried out. The research was successful
with good accuracy result of 83.42% and 0.82 for the overall accuracy and the kappa coefficient. Still
it is concluded that only images from sensors with similar spatial resolution can be used by the
proposed approach.
Im et al. (2006) evaluated object based change detection methods based on object correlation
analysis and image segmentation techniques. The study is evaluated on three different aspects; (1)
the effectiveness of object correlation images and neighborhood correlation images in change
classification, (2) comparison between two different classification algorithm applied and (3)
effectiveness of object based change classification, compared with pixel based analysis. The study
also preformed pixel based change detection to evaluate the object based result. The result showed
that object based change classification produced higher accuracies than pixel based classification.
The study also states that object correlation images (OCI) and neighborhood correlation images (NCI)
can improve change detection classification accuracy, especially for change detection with a low
number of bands.
Dronova (2011) uses an object based approach when mapping wetland around the lake Poyang and
performs a change analysis of its general cover types during the low water season between 2007 and
8

2008. A supervised object based classification is performed and the study shows that when
generating training areas with a restricted amount of reference data the use of spectral indices is of
high importance.
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3 Study area and data description
3.1 Shanghai
Shanghai is located in eastern China, bordering the East China Sea. The city is predominantly flat,
except some hills in the southwest. It is fragmented by rivers and lakes, and the closeness to several
international bays makes it a perfect river and sea port (Visitshanghaicity, 2010).
Among all big cities in China, Shanghai has the highest level of urbanization (LSECities, 2011). With an
estimated population of nearly 23.5 million in 2013, it is the largest city in China, and also the world.
In 1964 the population was estimated to 10.8 million, which means the population has more than
doubled in only 50 years (Worldpopulationstatistics, 2013).
The high rate of which new constructions are appearing, forces for vegetation to give up their space
in and around the cities. Agricultural land is slowly being converted to urban area, but studies have
shown that urban vegetation has grown. By looking at Landsat imagery between the years 1990 to
2010 studies have shown that the urban green spaces have grown (Hang J et al. 2013).

3.2 SPOT 5
SPOT 5 was launched in May 2002 and has since been a
valuable source for mapping of urban and rural areas and
natural disaster management. It contains 5 spectral
bands: Green (500-590 nm), Red (610-680 nm), Near IR
(780-890 nm) and Shortwave IR (1580-1750 nm) and a
panchromatic band (480-710 nm). The spatial resolution
for the multispectral bands is 20 m while the
panchromatic band has a spatial resolution of 2.5 meters.
(Satellite imaging corporation, 2014)
The SPOT-5 image used in this thesis was collected 200712-31. The product is of level 2A which means it is an
ortho-rectified image commonly used for different kinds
of classification to extract specific geographical
information. (SPOT image, 2010) The image covers a
great part of Shanghai so it was cropped to match the
area of which the GeoEye-1 image displays.

Figure 1: cropped SPOT5 image over Shanghai
in false color composite
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3.3 GeoEye-1
GeoEye-1 is today the world’s highest-resolution
commercial color image satellite. It provides
commercially available imagery with a spatial resolution
of 0.5 meters. It contains five spectral bands: Blue (450520 nm), green (520-600 nm), red (625-695 nm), Near IR
(760-900 nm) and a panchromatic band (Satellite imaging
corporation, 2014).
TheGeoEye-1 image used in this research was collected
2009-10-04. It is of the product line Geo, which is a
product suitable for visualization and monitoring
applications and is equipped with a sensor camera model
in rational polynomial coefficient (RPC) format. The RPC
contains information to perform block adjustment, orthorectification and other photogrammetric processes
(Geoscientific, 2014). It was delivered with several other
images of other part of Shanghai, the image used in this
thesis was chosen due to its large variety of urban land
cover types.

Figure 2: GeoEye-1 image over Shanghai
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4 Methodology
For this thesis two satellite images taken at least one year apart of Shanghai are used to create two
classified images for post-classification change detection. They will also be used to create change
detection images. Before the classification the image products need to be pre-processed and
afterwards the accuracy will be assessed.

4.1 Preprocessing
Before any operations can be carried out the required data need to be corrected and created. The
data needed for this thesis are the two images of Shanghai from the GeoEye-1 and SPOT5 satellites.
These images are to be modified to give the best possible result. Two new images will be created out
of the original ones, a differential image and a ratio image.
4.1.1 Enhancement of images
To be able to make comparable images for a fair analysis the images need to be similar to each other.
For example it is preferable that the images have the same spatial resolution.
4.1.1.1 Higher spatial resolution in SPOT image using panchromatic band
To enhance the spatial resolution of the multispectral bands in the SPOT image it was pansharpened,
using Geomatica. This method uses the gray values of the panchromatic band (with a spatial
resolution of 2.5 meter) and the pixel values from the multispectral bands to calculate the likely pixel
value for the multispectral image. This creates a multispectral image with higher resolution than the
original image-product. See figure 3 and 4 for an example of the pansharpened result.

Figure 1: original image from SPOT5

Figure 2: pansharpened image from SPOT5

4.1.2 Co-registration including Resampling
Co-registration, or matching, of the images is done in Geomaticas Photogrammetry application
Orthoengine. The co-registration makes sure that the images places exactly on top of each other in
order to analyze them relative to each other.
Before any co-registration can take place the two images need to me correctly projected into the
same coordinate system. This is done with the Universal Transversal Mercator (UTM) projection. The
ellipsoid chosen is the all rounded WGS84 and the correct zone for the area was selected.
A Ground Control Point (GCP) is a point representing a specific known mark on the ground. This point
is used to match the two images together so the location of the point has to be easy to distinguish in

12

both images. When collecting the points it’s a good idea to stay away from water banks and tall
buildings since the water level can vary and the location of a tall building can vary due to angle. GCPs
are manually drawn on both images. About 20 points spread out over the image are chosen and the
residual error (RMS) is not higher than 0.5.
The GeoEye-1 image has a better resolution than the enhanced SPOT image, this means that
lowering its resolution is necessary. This is done using a resampling method.
This method computes new pixels out of the old ones; the new pixels are put together by combining
the old ones mathematically. For this image, the resampling method is the numerical average, which
means that the new pixel has the average value of the old pixels it is computed from.

4.2 Segmentation using KTH-SEG
Segmentation of an image is a way to divide the image into polygons, or segments, based on their
pixel-value. The goal is to separate the objects in the image as well as possible. An object can be a
pond, a building, a roads etc.
Different values on the segmentation parameters were tried out to find the optimal setting for these
images. The trials were done on a small cut out area in order to save time since the segmentation can
take some time to perform. KTH-SEG can’t handle radiometric resolution higher than 8-bit, so files
with higher resolution than that need to be scaled down before they can be used.
In the following two subsections the alterable parameters in KTH-SEG are described and then an
overview of the method of the segmentation is explained.
4.2.1 Parameters
In KTH-SEG there are a lot of changeable parameter options that can be changed in order to suit the
specific image that is to be segmented. Following are the parameters that were changed in this
thesis.
The maximum and minimum threshold in edge detection was one parameter altered. This parameter
can vary from zero to one but the default values are 0.1 for the lower and 0.2 for the upper
threshold. The numbers translate to the percentages of how much of a difference it should be
between the pixels, with 0.1 translating into 90% and 0.2 translates into 80%. The lower these
numbers are, the higher is the criteria for something to be identified as a border.
The maximum and minimum size of allowed polygons in the image can be changed, the default
setting is a minimum and 40 pixels and a maximum of 4000 pixels. This setting is highly dependent on
the spatial resolution in the image.
The final and maybe the most important parameters are the growing and merging weights. The
weighting is between the mean value and the variance in the pixels and determined how important
they are in comparison to each other. A high weight on the mean value means that the uniformity of
the pixel values is important. For example water has uniformed pixel values and would easy be
detected. The variance on the other hand would rather detect structures in the image; one example
is low density build-up areas. The low density build-up area would not have uniform pixel values; it
would have a random distribution of pixel values that together form the appearance of a low density
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build-up area. As a default value KTH-SEG suggests that they are both equal important for both
growing and merging. The concept of growing and merging will be explained in the next section.
Table 1: Settings for segmentation

Lower
edge
threshold

Upper
edge
threshold

0.1

0.05

Max
segment
size
(pixels)
1000

Min
segment
size
(Pixels)
40

Weight growing
(%)
(mean:
variance)
90: 10

Weight
merge (%)
(Mean:
Variance)
50: 50

4.2.2 Method
The KTH-SEG algorithm is based on a region growing and merging approach.
It starts out with trying to find clear borders in the image using an edge detection algorithm called
the Canny edge detection algorithm, detail of the canny algorithm can be found in the paper by
Canny (1986). KTH-SEG uses several bands in combination and not just one as done in the canny
algorithm. Usually an object has a clear border, like a pond in a grass field. Of course the amount of
borders that are found is dependent on the minimum and maximum value of the threshold.
Afterwards the rest of the pixels that were not identified as a border are grouped into objects in a
growing manner. They start out as small and then they grow by being merged together with
bordering pixels that passes the threshold parameters. The growing of the segments goes on until
there are no more pixels that can be merged or the segment reaches the minimum pixel size allowed.
The second step is the merging of segments. The segments are merged with bordering segments and
pixels. As described in previous section about the parameters the weights of the criteria for the
growing of segments might not be the same as the weights of the criteria for the merging of
segments.
In the third and fourth step the same growing and merging process is done to the pixels identified as
a border. And in the fifth step the segments in the border area are merged with the other segments
if they fulfill the merge parameter criteria. Finally via the threshold merging step, larger
homogeneous segments are created

4.3 Classification
When classifying an image, the different land covers are clarified with colors. Instead of an image,
the end product is a map representing the various land covers in the image. The classification in this
thesis is done using KTH-SEG. However the training areas are created using ArcGIS.
4.3.1 Classes
The optimal number of classes in a classification can vary a lot. With a high number of classes, more
details can be distinguished between the classes. However, with a high number of classes the risk of
misclassification also grows. For this thesis, in order to save time, only five foundational classes are
used:
Water: All sorts of water in the area including ponds and lakes as well as rivers of various sizes.
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Roads: Highways major roads and small neighborhood roads.
Buildings: high density build-up areas, low density built-up as well as industries and singe houses
Vegetated area: All vegetation in the area. It can be park grass, trees, cropland and bushes.
Bare ground: non- vegetated area or construction sites.
These five classes founds the basics of an urban area, but can of course be divided into an infinite
number of subclasses.

Figure 5: SPOT5 image without the shadow class and then with the shadow class

After some classification trials it became clear that the shadows in the SPOT image created a
problem. The SPOT image contains a lot of shadowing from high buildings that would classify as
water. Therefore a new class was introduced, the shadow class. Even though the shadowing in the
GeoEye-1 image wasn’t as obvious a problem, it is reasonable to assume that there are
misclassifications of the shadowed areas in it as well and therefore necessary to include the shadow
class. The change can be seen in figure 5.

4.3.2 Training areas
In order to classify the image, training areas need to be created. Training areas are representative
polygons of each class. Every class is represented by a number of polygons that are spread out over
the image and the information from these polygons is used to classify the rest of the image.
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The training areas can be drawn freehanded or representative segments can be chosen from the
segmentation. KTH-SEG provides tools to create training areas in KTH-SEG but navigating in such big
image is slow and would be very time consuming. Therefore in this project the segmentation from
KTH-SEG was used to find training areas but were selected using ArcGIS and in total every class was
represented by 25 polygons.
The training areas created in ArcGIS aren´t the final ones. When classifying in KTH-SEG the segment
that covers the largest part of the suggested training area is used as training area for the
classification. In this case since the segmentation is used to select the areas, the suggested area will
only cover one segment. But if the areas would have been drawn freehanded, it is possible that the
segment chosen would not represent the class.
After some trial classifications the decision to segment the image into smaller segments was made,
but the same training areas were used. This means that the issue stated in the previous paragraph
had to be taken under consideration. It is taken under consideration by modifying the training areas
so they are smaller in size and more uniform.
Approximately 25 training areas per class were collected for the GeoEye-1 and SPOT5 image. 50
training areas per class were collected for the change detection images.
4.3.3 Support Vector Machine (SVM)
For classification KTH-SEG uses the Support Vector Machine (SVM) method. The aim of the SVMs is to
discriminate two classes by fitting an optimal separating hyper plane. It uses the hyper plane to
project the pixel values to a 2-dimentional plane where the division of the pixels is generated by a
mathematical function. This is useful when there are a lot of bands and the confusion between the
bands is high when classifying. Another classification algorithm is the maximum likelihood, which
works good when the distribution of the gray values follows normal distribution having only one
peak. But when there are more bands and the pixel-distribution can have more than one peak the
SVM is a better separator due to its independence of the data distribution.

4.4 Change detection
Two approaches to detect change were selected; image differencing and post-classification change
detection
4.4.1 Image differencing
The difference and ratio images show the changes between the GeoEye-1 and SPOT 5 image. It
should show where changes have occurred and where they have not. They are created through
calculation out of the grey values in both images. The tool used is raster calculator in Geomatica. The
result is displayed in figure 6.
The calculations are done band by band, which means the bands that cover roughly the same
spectral width need to be found in the images. The GeoEye-1 and SPOT5 images both have a red, a
green and a NearIR band that cover approximately the same range of the electro-magnetic spectrum.
These bands are transferred to the same file as different layers in order to be used in the
calculations.
The differential image is created by subtracting the values from the SPOT5 image-bands from the
GeoEye-1 image-bands.
16

Differential = GeoEye-1 – SPOT5
If there is no change in the area the reflectance value should be approximately the same in both the
images, which would give a new value close to zero in the differential image. If there is a change, e.g.
there is a new building where there was grass before. The Near IR band would show a high
reflectance before the building and a low reflectance after the building was built. This would give a
high value in the differential images near IR band.
The ratio image is created by dividing the geoEye-1 image with the SPOT5 image.
Ratio = GeoEye-1/SPOT5
If there is no change and the reflectance is nearly the same in both the images a value close to one is
obtained in the Ratio image. However, if there is change either a high value or a value close to zero is
obtained. Because of this it is hard to detect change before the classification. A value close to 1 is
hard to tell apart from a value close to zero.
For these images a classification approach is used for change detection rather than a thresholding
approach. The method of the classification is explained in 4.3 Classification. This means that the
training samples generate the decision surface for change versus no change instead of using a static
threshold.

Figure 6: the NearIR band of the differential and ratio image displayed in grayscale
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4.4.2 Post-classification change detection
In this method the two classified images are used to detect if change have occurred or not. Instead of
the images having pixel values they are now defined by six classes. In the same way as the
differential image was created using the tool “raster calculator” in Geomatica to subtract the SPOT5
values from the GeoEye-1 image the post-classification change detection image is created. However
in this case there are only six classes, hence six values which give only eleven different outcome
values. Where the value is zero there has been no change, where the value is any other than zero a
change has occurred. This give the opportunity to see what kind of change there has been, however
in this thesis a simple change- no change image is created since it is to be compared to the
differential and ratio images.
A threshold is put on the image to be able to extract the area with the value zero, the output is a map
showing the value zero for no change and all the other values are grouped into change.

4.5 Accuracy assessment
In order to properly evaluate the result of the classification an accuracy assessment need to be
performed. The accuracy assessment will tell how reliable a result is.
Different kind of errors can result in an inaccurate map. The source of error can be a miscalculated
system sensor, problems when pre-processing the imagery or flawed logic. Flawed logic includes
incorrect training areas, unsatisfying classes etc. (Jensen, 2005 p.496-497).
The objective of this accuracy assessment is to evaluate how well the maps show the true land cover
use in order to establish whether or not these maps can be used for change detection. Firstly it needs
to be recognized which classes are the most interesting ones in the map.
In the Shanghai area the biggest changes are new infrastructure in forms of buildings and roads. This
would suggest the most important classes are the road, building, vegetated area and bare ground
classes. From looking at the two images it is clear that also the water-class is changeable. The rivers
in Shanghai are sometimes moved in order to make space for new neighborhoods. This leaves the
shadow-class as the only one not requiring the same accuracy, which makes sense since the shadows
do not represent a change.
Furthermore it needs to be established just how accurate the map needs to be in order to be
accepted for its purpose. Commonly, an accuracy of at least 85% is required for any type of scientific
investigation or other decision making process where the data is of importance. Usually an even
higher accuracy is sought after.
4.5.1 Ground truth data
Ground truth data is information about the actual ground cover. It is a lot like the training areas but
is used as a reference, which the classified image is compared to. If the classified pixels match the
suggested classification from the ground truth data a high accuracy will be obtained.
There are different ways to collect ground truth data. In Jensen (2005) it is suggested that the ground
truth data should be collected by visiting the site and document the ground cover use, and not just
identify the land cover from the satellite image. However the book was published in 2005, before
access to high resolution images was available via Google Earth. When collecting ground truth data
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for this project Google Earth was used as a reference to make sure that the data is correct when
unsure of the land cover.
4.5.2 Shadow mask for differential and ratio image
In order to obtain a reliable result for the differential and ratio images the shadows are masked out.
The different shadows from the GeoEye-1 and SPOT5 images cause confusion since they appear as
change even though there is none.
A mask is created using a thresholding tool in Geomatica. The shadow classes from the GeoEye-1 and
SPOT5 images are extracted using a thresholding tool. The two extracted layers are merged together
using the bitmap logical operator. When doing so a bitmap file is obtained where the shadows have
the value one and the rest the value zero.

Figure 7: Shadow extracted from SPOT5 image and from GeoEye-1 image and the shadows combined

4.5.3 Maximum likelihood report
The accuracy assessment is carried out using the tool “Maximum Likelihood Report” (MLR) in
Geomatica. MLR generates area and percentage reports on a theme layer, in this case the
classifications. A subarea layer allows reports to be generated over specified subareas in the theme
layer; in this case this is the ground truth data polygons.
Both the GeoEye-1 and the SPOT5 classifications are assessed with the associated ground truth data
as the subarea. The differential and ratio image are assessed in the same way but with the shadow
mask applied.
The report gives a lot of information, the most interesting ones being the overall accuracy and the
kappa-coefficient.
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4.5.3.1 Confusion- matrix and the Kappa coefficient
The confusion matrix is a matrix displaying the distribution of the ground truth data pixels over the
classified pixels. It shows how many of the classified pixels that were classified correctly according to
the ground truth data.
The overall accuracy gives the percentage of how many of the pixels that are classified correctly by
dividing the number of correct classified pixels with the total number of pixels.
The Kappa-coefficient, on the other hand, shows the confusion between classes. A good kappa
coefficient is close to 1 and implies that there aren't a lot of faulty classified pixels.
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5 Result and discussion
5.1 Pre-processing
The GeoEye-1 image is not ortho-rectified. Shanghai lies on fairly even landscape, there are no real
hills and it contains a lot of water that pretty much levels with the soil. Therefore the decision not to
ortho-rectify the GeoEye-1 image was made. If the image was to be ortho-rectified a DEM (Digital
Elevation model)-model would have had to be obtained. The result would be an image that had
reduced the effect of possible height differences in the area. If the landscape would have varied a lot
in height the not ortho-rectified image would be somewhat faulty and even after the co-registration
to the SPOT image the two images wouldn't match properly.
After the co-registration the images was checked in Geomatica to see if any major deviations occur
but none can be found. Of course there can be some minor errors but not big enough to have impact
on the result of the analysis.
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5.2 Segmentation
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Figure 8: Segmentation in KTH-SEG using different settings

A
B
C
D
E
F

Max segment Min segment Weight
size (pixels)
size (Pixels)
growing (%)
(mean:
variance)

Weight merge
(%)
(Mean:
Variance)

4000
1000
4000
4000
4000
4000

50: 50
50: 50
50: 50
50: 50
90: 10
10: 90

40
16
40
40
40
40

50: 50
50: 50
90: 10
10: 90
90: 10
10: 90

Table 2: Settings for the different segmentation trials
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KTH-SEG provides a number of alterable settings to play around with in order to suit the
segmentation to the image at hand. Different setting were tried out in order to find the best one for
this project. In Figure 8 and Table 2 some of the different trial results are displayed.
In scenario a) the segmentation is done using the default settings, b) have a lower minimum and
maximum size restrain. In b) details like small roads are detected but larger areas like a large area of
grass is separated in a number of polygons while in a) it is more homogeneous.
In c) the mean value is set to be more important than the variance in the growing phase of the
process. The result is a segmentation that finds homogenous objects well e.g. single houses and
shadows. In d) the variance is set to be more important than the mean value and the result shows
segments that include whole areas of houses instead of single ones. It finds large uniform areas such
as vegetation fields or bare ground.
In e) the weighing for both the growing and merging the mean value is set to be the most important
while in f) the variance is set to be the most important in both phases. Much like in c) and d) houses
and smaller details are easier detected when the mean value is of higher importance while a focus on
the variance will give segments containing areas of small houses.

5.3 Classification
In Figures 12 and 13 the classified maps are displayed
and in Tables 3 and 4 a confusion matrix showing the
overall accuracy and kappa coefficient is shown.
The GeoEye-1 (figure 13) image contains some
cirrostratus (see-through clouds) in both the upper and
bottom left corners. This distorts the result, especially
for the difference and ratio images. Attempts to mask
out the cirrostratus was done but with poor result. The
built in function to mask out haze and clouds in
Geomatica was tried out but the result was unsatisfying,
the cirrostratus wasn’t masked out but some buildings,
roads and other features were masked out instead.
Figure 9: Attempt to mask out haze, mask shown
(Figure 9)
in purple

The problem with cirrostratus is that it is see trough to some extent. It covers up and disturbs the
data behind it, and it’s hard to mask out since it lacks clear borders. One way to solve the problem
would be to use radar data of the area. Radar pierces through all kinds of cloud and haze and gives
back the structure of the ground. Radar and optical data fusions have been carried out in order to
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avoid this problem and maybe it would have been a good idea for this image (Ban & Jacob, 2013). No
radar data was available for this thesis so no radar and optical data have been used.
The effects of the cirrostratus are noticeable after the classification. In the upper left corner (Figure
13) it disturbs the river, which is classified as roads and urban area. Furthermore, in the lower left
corner (Figure 13) urban areas are found where there are actually a lot of crops and it should mostly
be classified as vegetation.
Since the issue with cirrostratus in the GeoEye-1 image couldn’t be solved the image contains errors.
The analysis is carried out with this in mind, therefore the areas where the cirrostratus covers the
ground will not be looked on and no ground truth data polygons are collected in these areas.
Therefore the accuracy assessment is valid for the experiment but is not representative for the areas
under the cirrostratus.
In the rest of the image the rivers and ponds are well identified as well as roads. It also identifies
buildings well and vegetation. The biggest confusion seems to be between rooftops of industrial
buildings and roads. (Figure 10)
The classification of the SPOT5 image seems to sometimes confuse the water and shadow class.
(Figure 11) A reason for this might be that there are a lot of shadows in the image and that water and
shadow have a similar color and therefore similar gray values.

Figure 10 and 11: Roof of industrial buildings classified as road and shadow classified as water in SPOT5 image
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Figure 3: Classification of SPOT5
Table 3: Confusion matrix for SPOT5 showing overall accuracy and kappa-coefficient
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Figure 13: Classification of GeoEye-1

Table 4: Confusion matrix for GeoEye-1 showing overall accuracy and kappa-coefficient
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In Table 4 the confusion matrix for the classified GeoEye-1 image is shown. There is some confusion
between the water- and road class while in Table 3, confusion matrix for SPOT5, there is confusion
between the water, road and shadow class. The reason why GeoEye-1 can separate the shadow class
much better might be because it contains a blue band. The three classes can look much the same in
many places but both the water and roads have reflected waves in the blue spectrum. Shadows on
the other hand are basically just less reflection since the area is hit by less direct sunlight, and does
not reflect any blue on its own. The SPOT5 does not notice the difference since it does not detect the
blue reflectance. This impacts the accuracy of water as well were GeoEye-1 has a water accuracy of
99% while SPOT5 only has 78, 1%.
Further it seems like in both the images the road class tends to absorb a lot of pixels, meaning that a
lot of the pixels are incorrectly classified as road. It is mostly the urban and bare ground classes that
are incorrectly classified as road. Since the road class contains all sorts of roads, all from small roads
in between houses to highways, it is not surprising that there is confusion with the class. Some of the
roads were too small to create a segment on their own and therefore were merged with neighboring
segments that were covering houses. As for the bare ground class, it is often concrete since the class
contains construction areas and the classification algorithm might have had trouble separating
concrete from roads since it looks much the same.
The Kappa coefficient is higher for GeoEye-1 than SPOT5, meaning there is less confusion between
the classes in the GeoEye-1 result than the SPOT5 result.

5.4 Object based Change detection
5.4.1 Image differencing
In the change detection images it seems as if there are change everywhere, which is not the case.
The reason for this might be that the shadows are confusing, but when the shadows are masked out,
as seen in figure 14, the issue still persists.
The images are created from two images taken by different sensors at separate time of the year. This
of course has an impact on the reflection values that are used in the calculations. Pre-processing
methods were used in order to minimize the problem but maybe it was not enough. Both the
pansharpening and resampling methods create new pixel values through other original pixel
information in the image and are therefore not necessary real but qualified assumptions of what
might be there. Maybe the pre-processing manipulated the image too much and features needed for
this kind of operation were lost in the process.
The result would probably look a lot different if the two foundation images were taken by the same
sensor. Then it would not require the same pre-processing of the images, and the processing that is
done will be the same on both images.
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Figure 14: Classification of differential image
Table 5: Confusion matrix for Difference image showing overall accuracy and kappa-coefficient
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1
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1

3
1

Figure 15: Classification of ratio image
Table 6: Confusion matrix for ratio image showing overall accuracy and kappa-coefficient
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The overall accuracy, found in Table 5 and 6, of the differential and ratio image is 76, 88% and 77,
05% respectively. However it is apparent that both the images claim that there has been more
change than there actually has been, especially the ratio image. The reason why the accuracy is so
high might be due to poorly selected ground truth data polygons. The selected polygons might
actually show the correct class, but the surrounding areas can still be incorrectly classified. It is also
obvious looking at the column total that more pixels were classified as change than no change.
Due to the amount of change classified area in Figure 15, ratio image, it is hard to detect any area
that would stand out as change. In Figure 14 (the difference image) however some areas stand out as
change. Partly the lower left corner that is covered by cirrostratus and is known to be incorrect, but
also the lower right corner that is not change but still stand out in the image to be change. Then
there is a complete new area in the center of the image(circle 2) that stands out as a clear square,
also a new road crossing the image from left to right in the lower center of the image is easy to
detect(circle 3).
In both the Figure 14 and 15 the roof of an industrial building are classified as change when the
building is in fact in both the images (circle 1).
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5.4.2

Post-classification change

1

2

3

Figure 16: Classification of ratio image
Table 7: Confusion matrix for the post-classification image showing overall accuracy and kappa-coefficient
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Figure 16 shows the post-classification change detection map. The map is a bit cluttered; this might
be because of the overlapping of the classes. Even if the classes cover roughly the same areas they
will almost never cover the exact same pixels and this causes the overlap to be preserved as change.
Because of the cluttered image no areas are really distinct as change. The industrial building
classified as change in the difference and ratio image is correct identified as no change in the postclassification image (circle 3).
The new road and area (circle 3 and 2) are correctly classified as change but are hard to distinguish in
the image.
Table 8: Confusion matrix for the assessment between GeoEye-1 and SPOT5 showing overall accuracy and kappa
coefficient

To see how much the images are different from each other and how the pixels are distributed in
relation to each other an accuracy assessment between the two is performed. The shadow class is
masked out since it contains unidentified area where change can’t be detected. As the theme layer
the SPOT5 image is used and as the subarea layer the GeoEye-1 is used. This means the classification
areas in the SPOT5 image is tested against the classification areas in the Geoeye-1 image. The column
information is from the SPOT5 image and the row information is from the GeoEye-1 image. This gives
some information not only on where change has been but on how the classes have changed. The
resulting confusion matrix is shown in Table 8.
Looking at Table 7 the urban area has changed the least and the bare ground is only classified as the
same in 21.7% of the pixels. 42.3% of the bare ground pixels in the SPOT5 image are classified as
Urban in GeoEye-1 image. This could imply that there have been a lot of new buildings in the
GeoEye-1 image that was construction sites when the SPOT5 image was taken. Water has an
accuracy of 53.3%, which is the third highest. The reason for the low accuracy might be because of
the cirrostratus in the GeoEye-1 image that covers parts of the big river. 21.2% of the pixels classified
as water in the SPOT5 image are classified as urban area in the GeoEye-1 image. That is not very
surprising since there were problems with specially shadows being classified as water in the SPOT5
image and the shadows are usually surrounded by urban area.
Another interesting number is that 42.3% of the pixels classified as bare ground in the SPOT5 image
are classified as urban in GeoEye-1, and only 21.7% were classified as the same. This implies, as
before, that the bare ground has transformed into urban area.
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5.4.3 Comparison
In contrast to the post-classification result the ratio and difference images are a lot more cohesive
than the post-classification image that is more cluttered. The reason for this is probably the fact that
the segmentation was done after the images were created and the smallest segment threshold
prevent any segment from being too small.
All images seem to detect the change in circle 2 and 3 but only in the difference image the change
stand out.
The industrial building roof in circle 3 is incorrectly identified as change in both the difference and
the ratio image while the post-classification image identifies it as no change. The reason for this
might be that due to the roof are easily classified in the original GeoEye-1 and SPOT5 because of the
blue and shortwaveIR bands, while when creating the difference and ratio image the red, green and
NearIR bands had different reflection in the original images.
The overall accuracy is lowest for the post-classification image and highest for the ratio and
difference image. There is a chance that the overlapping classes are causing the accuracy of the postclassification image to go down.
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6 Conclusion
Two approaches to find change were taken, image differencing and post-classification, both resulted
in maps showing more change than there actually are. The Post-classification image is cluttered while
the image differencing result have a more cohesive look. This is probably due to the segmentation
being performed before the change detection operation and the mismatching overlap of classes is
perceived as change.
Both results discovered changes where new infrastructure was built. The image differencing did
detect change where there was no change, see Figure 14 and 15 (circle 1).
KTH-SEG provides a lot of settings that can be changed in order to suit the specific image that are to
be segmented. The decision to draw train samples and test samples in Geomatica instead of KTH-SEG
was because the navigation in KTH-SEG is slow and time consuming when using large images.
The classification of a higher resolution image and a lower one showed that a higher resolution
image is preferable, in this thesis the lower resolution image was pre-processed using the pan
sharpening tool and perhaps the pre-processing affected the result. Maybe a lower resolution image
would give better result if not being pre-processed as much.
In conclusion KTH-SEG provided three change detection images that indeed detect changes but have
some trouble with misidentifying areas of no change as change. If this is due to the method used or a
result of using data that are not compatible with each other can’t be determined.
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