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Abstract
The aim of this study is to compare remote sensing methods in the context of a 
vegetation mapping of an urban environment. The methods used was (1) a traditional 
per-pixel based method; maximum likelihood supervised classification (ENVI), (2) a 
standard object based method; example based feature extraction (ENVI) and (3) a newly
developed method; Window Independent Contextual Segmentation (WICS) (Choros 
Cognition). A four-band SPOT5 image with a pixel size of 10x10m was used for the 
classifications. A validation data-set was created using a ortho corrected aerial image 
with a pixel size of 1x1m. Error matrices was created by cross-tabulating the classified 
images with the validation data-set. From the error matrices, overall accuracy and kappa
coefficient was calculated. The object-based method performed best with a overall 
accuracy of 80% and a kappa value of 0.6, followed by the WICS method with an 
overall accuracy of 77% and a kappa value of 0.53, placing the supervised classification
last with an overall accuracy of 71% and a kappa value of 0.38. The results of this study
suggests object-based method and WICS to perform better than the supervised 
classification in an urban environment. 
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Introduction
The significant trend of populations moving from rural to urban areas is expected to 
continue throughout this century (Hartig, et al, 2014; Jacquin, et al, 2008). This has lead
to an increase in studies of how urban life effects health and how humans are affected 
by increasingly densified urban areas (Hartig et al, 2014). The research field of urban 
planning have studied urban environments with the aim of optimize living conditions in 
urban settings (Hartig, et al, 2014). Hartig (et al, 2014) identifies a number of areas 
where nature can have a positive effect on human psychological and physiological well 
being. Stress reduction, increased physical activity, social contacts and better air quality 
are the major areas where natural environments play a positive role. Hartig, et al (2014),
concludes that the current research “indicate that contact with nature can promote 
health” (Hartig, et al, 2014, page 222). Nature has in this work been defined quite broad 
and encompass both natural environment and urban nature (Hartig, et al, 2014). 
Natural environment can be defined as natural features and processes that does not seem
effected by human activity, i.e. fields and forests (Hartig, et a,l 2014). Urban nature, on 
the other hand, is considered to be natural features that are effected by human activity 
and even constructed natural settings such as urban parks and trees (Hartig, et al 2014). 

With the positive effect of nature, in its broadest sense as discussed above, in urban 
environments, effective ways of identifying and mapping vegetation in urban areas for 
urban planning purposes has a significant role to play (Li and Shao, 2013). Remote 
sensing is a scientific field which offers methods for land feature mapping (Campbell 
and Wynne, 2011) and can thus be used for urban vegetation mapping. 

The power of remote sensing techniques lie in the auto-/semi-auto computer based 
methods of digital image classification. Digital image classification assigns the images 
pixels in to different classes. Each class is made up of pixels that can be grouped 
together by their spectral signature. The spectral signature of the pixel represents 
reflectance values from an area on the earths surface registered by a sensor on different 
wavelengths. Different materials and land cover types have different spectral signatures.
This makes it possible to use the pixel values, i.e. spectral signature, to create classes 
that show what type of land cover is represented by the pixels. The pixel, however, is 
the mean reflectance value of the area that the pixel covers on ground. For instance, if 
the pixel size is 10x10 meters, as in the SPOT5 image used in this thesis, each pixel has 
a spectral value that is the mean of that 10x10 meter square. (Campbell and Wynne, 
2011) 

The per-pixel classification techniques that are most widely used are the Supervised and
Unsupervised classification methods. The supervised classification is guided by the user
creating training areas in which the classification software then assigns pixels with 
similar spectral signature, as found in the pixels in the training areas, to the training area
classes. The unsupervised classification, on the other hand, is done by grouping pixels 
in to a user defined number of classes The classification software then assigns every 
pixel to a class. (Campbell and Wynne, 2011)

Per-pixel based techniques, such as supervised and unsupervised, are commonly used 
for land cover analysis and rests on “the assumption that the land cover to be mapped 
has identifiable spectral characteristics that can be extracted from the multispectral 
bands” (Nielsen, 2014). The object on ground may also have a heterogeneous mix of 
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spectral signatures. The per-pixel based approach will in such case find difficulty in 
classifying the object correctly (Jacquin, et al, 2008; Sebari and He, 2013; Wästfelt, 
Tegenu, Nielsen, Malmberg, 2012). To be able to classify heterogeneous objects more 
accurately new image analysis classification techniques are being developed. Object 
based methods for image classifications have been developing (Campbell and Wynne 
2011). 

Object based methods use the size, shape and texture of groupings of pixels in an image 
to classify areas (Campbell and Wynne, 2011; Li and Shao, 2013). One newly 
developed  object based technique is the Windows Independent Contextual 
Segmentation (WISC) method (Nielsen, 2014). WICS uses nearest neighbor distance 
calculations between pixels to create a spatial context for every pixel (Nielsen, 2014). 
The pixels are then grouped together in classes with corresponding spatial context 
(Nielsen, 2014). 

Previous studies have found heterogeneous spectral signatures in urban settings to be 
problematic for accurate classifications using traditional per-pixel based classification 
methods (Jacquin, et al, 2008; Nielsen, 2014). The aim of this study is to compare the 
performance of a newly developed image classification method to one standard object 
based method and one traditional image classification method. This study has the 
ambition to test the individual methods ability to map vegetation in urban areas and 
compare the outcome of the methods.

The aim of this study is to test:
(1) The traditional method of maximum likelihood supervised classification 

(Campbell and Wynne, 2011) (through the software ENVI).
(2) The standard object based method of Object Based Image Analysis (Campbell 

and Wynne, 2011) (through the software ENVI).
(3) The recently developed method of Window Independent Contextual 

Segmentation (Nielsen, 2014) (through the software Choros Cognition).
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Method and Data
SPOT5 satellite imagery was used for the classification and aerial images was used as 
validation. This study contains three steps (table 1); 1, vegetation cover mapping using 
supervised, OBIA and WICS classification methods; 2, creation of validation areas and 
error matrix using a classified ortho corrected aerial imagery; 3, Comparison of the 
resulting error matrices. Using selected areas for validation of a whole area is time-cost 
effective which is favorable for quick analyses. Below follows descriptions of each 
method used, the data used and how the result is validated. 

Table 1. Schematic over data processing.

SPOT5image
1

Supervised Classification 
analysis

OBIA analysis WICS analysis

2
Validation areas

3
Supervised Classification error 
matrices

OBIA error matrices WICS error 
matrices

Study area

The municipality of Stockholm has just under 1 000 000 inhabitants. The land use 
ranges from apartment houses to single family houses, green urban areas, forests, 
industry and commercial areas. 

Dataset

The images used for this study are recorded by the SPOT5 satellite and was provided by
Lantmäteriverket through their web based Success program. The SPOT5 image was 
taken with the HRG1 sensor and was taken 2009-06-01. The image was acquired from 
Success 2014-11-20. SPOT5 records 4 separate spectral bands (R+G+NIR+FIR) and 1 
panchromatic band (Technical information SPOT, 2014-11-24) table 2.

Orthographical corrected aerial imagery was collected from Lantmäteriet to serve as 
validation data. The spatial resolution of the aerial images is 1x1m. The aerial images 
are updated continuously and patched together to create a coverage over Stockholm 
municipality. The image was obtained from Lantmäteriet 2014-11-20.
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Table 2. SPOT5 spectral range and spatial resolution. Table created from information 
out of Technical information SPOT, 2014-11-24.
Band Spectral range Spatial Resolution

B1 0.50-0.59nm 10x10m

B2 0.6- 0.68nm 10x10m 

B3 0.78-0.89nm 10x10m 

B4 1.58-1.75nm 10x10m 

Panchromatic 0.48-0.71nm 5x5m

Supervised maximum likelihood classification

One of the most traditional methods for classifying remotely sensed data is through 
supervised classification (Abd El-Kawya, Rod, Ismail and Suliman, 2011; Congalton, 
1991; Campbell, 2011; Horning, 2004; Rongqun and Daolin, 2011; Shalaby and 
Tateishi, 2007; Weih and Riggan, 2010). The classification of the remote sensed 
imagery is a pixel based analysis system which uses the spectral signatures found in 
pixels in user defined training areas (Weih and Riggan, 2010). The image classification 
software uses the spectral signatures of the pixels in the training areas to identify classes
in the whole image based on the spectral resemblance to the training areas (Horning, 
2004). Therefore, it is vital that, the training areas should be areas with a homogeneous 
spectral signature in different wavelengths separating the different classes the user 
wants to create (Abd El-Kawya,  Rød,  Ismail and  Suliman, 2011). The spectral classes 
will then consist of unimodal spectral signatures. The choice of training areas are made 
by the user. The choice of training areas need to be areas in which the user has a 
knowledge of what landcover feature is represented and also that it is a homogeneous 
landcover area to assure a homogeneous spectral signature. (Campbell and Wynne, 
2011) 

In this study, the software ENVI (ENVI, 2014) will be used for the supervised 
classification. The algorithm used is the maximum likelihood which classifies pixels 
through statistical analysis and is considered to be one of the most accurate classifiers 
(Shalaby and Tateishi, 2007). The statistical analysis uses variance and covariance in 
and between the training area data classes to create probability estimations of what class
each pixel should be assigned to (Campbell and Wynne, 2011; Horning, 2004). The 
settings used for the classification in this study is displayed in table 3 below.

The accuracy of classifications through this method can be hampered by ground objects 
that are smaller than the pixel size of the image and thus effects the spectral signature, 
i.e. spectral confusion (Rongqun and Daolin, 2011; Weih and Riggan, 2010). This have 
the result of potential over-, or under-, classification of classes where one area is 
assigned to a class in which it does not belong (Campbell, 2011; Rongqun and Daolin, 
2011). The emergency of high resolution and very-high resolution imagery did not 
better this, instead a “salt and pepper” effect is created that has a negative impact on the 
classification (Weih and Riggan, 2010).  
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The training areas that are used for the supervised classification will not be in the areas 
that will be used as validation areas to validate the result (see chapter: validation area). 
The reason to avoid having training areas in the same areas as the ones being used for 
validation is that possible faults or certain spectral characteristics in the training area 
wont be found. Possible classification errors due to mixed classes will also not be 
found. (Campbell and Wynne, 2011)

The choice to use a supervised classification instead of an unsupervised classification 
was because of the control over the classification that the user had. One difficult area in 
the unsupervised classification is to understand the classes created from mixed pixels. 
When creating training areas, in a supervised classification, the user has the ability to 
accurately classify mixed pixel based on area knowledge (Campbell and Wynne, 2011).

Object Based Image Analysis

Critics of this per-pixel based method argues that the analysis is not adequate since it 
lack the ability to take in to account the spatial and contextual information of the pixels 
(Sebari and He, 2013; Weih and Riggan, 2010). If the spatial resolution is smaller than 
objects on ground it is possible to use the variations in spectral signature to generate a 
greater knowledge of the object than just the spectral properties (Rongqun and Daolin, 
2011). The Object-based image analysis (OBIA) is a framework designated to address 
this issue by using sizes, shapes and texture of regions (Campbell and Wynne, 2011; Li 
and Shao, 2013; Weih and Riggan, 2010). The objects in this case is homogenized 
groupings of pixels (Weih and Riggan, 2010) which can be described as taking the 
shape of pieces in a jigsaw puzzle. The groups are created by the spectral values of 
pixels and user defined criteria (Campbell and Wynne, 2011). The objects are what will 
be classified rather than each individual pixel (Weih and Riggan, 2010) as in a 
traditional pixel-based methods. OBIA tools also have the capability to analyze spatial 
contextual information by using multi-pixel objects for the classification which creates 
new possibilities for analysis based on statistics in the objects (Campbell and Wynne, 
2011). The contextual information can be explained as variations in spectral signatures 
of pixels of a certain region. The classes will therefore be based upon the statistical 
spectral variation in the training area.

The objects can also be compared with their surrounding through neighborhood 
relationships. this makes it possible to differentiate between two categories of groups 
which share the same spectral characteristics but is surrounded by different categories of
groups (Campbell and Wynne, 2011). This makes it possible to separate city street trees 
from forests or park trees (Campbell and Wynne, 2011).

Previous studies using OBIA classification methods to map vegetation in urban 
environments have successfully shown to produce classifications with 80% (Sebari and 
He, 2013) and 90% overall accuracy (Li and Shao, 2013). 

The ENVI software (ENVI 2014) will be used for the OBIA classification in this study. 
The software uses training areas to create contextual information from which classes are
created. This is similar to the supervised classification techniques described above since
it uses characteristics found in the training areas (Weih and Riggan, 2010). 
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When the pixels are grouped it is crucial to use a small kernel segmentation size to 
maximize the detail of a higher spectral variance area, such as an urban area (ENVI, 
2014). Similarly the full lambda schedule was used. This algorithm merges smaller 
segments within larger areas and by doing so minimize over-segmentation in areas with 
high spectral variance (ENVI, 2014). The settings used in the ENVI tool feature 
extraction is displayed in table 3.

WICS 

The Window Independent Contextual Segmentation (WICS) method classifies an image
by calculating the spatial relations between all the pixels in the image (Nielsen, 2014). 
The image used, as in this study, is often multispectral. Because of this each pixel does 
have several values and the dataset contains a great amount of data. 

To be able to calculate distances between pixels the first step is doing a 
unsupervised spectral classification of the dataset which groups pixels together into N 
amount of classes. 

The second step is to calculate the distance between each pixel to every other 
pixel in between classes. The distance between pixels is calculated by nearest neighbor 
distance calculations. 

The third step creates a contextual feature vector based on the distance values 
assigned to each pixel created in step two. The context here is the spatial relation that 
each pixel have to every other spectral class. This provides the pixels with a spatial 
dimension that is not covered by a spectral classification alone.  

The fourth step is to reclassify each pixel on the basis of their contextual 
characteristics which creates new clusters of pixels from which new, contextual, classes 
can be created. (Nielsen, 2014)

The WICS method has previously successfully classified different urban area categories
in the cities of Stockholm, Sweden, and Columbus, Ohio, US (Nielsen and Ahlqvist, 
2014). The aim of the study was to extract information about different urban categories 
for urban planning on a strategic level (Nielsen, 2014). In another study, Nielsen et al 
(2014), WICS was used to map standing dead trees in a forested region after a insect 
outbreak. This study will compare the WICS methods ability to map vegetation in urban
settings and thus ad to the current knowledge of the usability of the WICS.

The newly developed Choros Cognition software (Choros Cognition, web page, 2014) 
uses the WISC method and will be used in this study for the WICS classification. 
Nielsens (2014) research have proven WISC to be a able to successfully create different 
urban area categories using SPOT4/5 imagery. 

This study will address WICS ability to identify vegetated areas in an urban setting. The
settings used for the classification is displayed in table 3. 
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Table 3. Software and settings used in this study. The settings chosen are the ones 
yielding the best results after several tests.

Validation data

The project is validated against areas picked from a high resolution aerial image. 
Different areas for the validation is important since the validation of those local areas 
are to be generalized through the whole classified image for a global validation. One 
sight was chosen due to its characteristics and two was randomly picked. The area 
chosen can be viewed in figure 1 and is comprised of vegetated areas, fields, a forested 
area, areas where apartment blocks share space with vegetation, and continuous non 
vegetated areas. The randomly selected sights was created through a random point 
creation tool in Arcmap (Arcmap, 2014). A 750 m buffer was calculated from the 
randomly picked points. The diameter of the buffer measured the extent of the square 
that was to be the extent of the validation area, creating equally big areas. This means 
that the areas picked out have a frame of 1500m x 1500m. The areas were manually 
classified (as shown in figure 1) after which the spatial resolution was resampled from 
the original 1x1m pixel resolution to 10x10m. This step was done to make the data 
comparable with the SPOT 5 imagery and to created an independent dataset for the error
matrix (below).  Resampling a image using polygons to a larger pixel size will effect the
dataset. This is because the vector lines will cross over pixels in various angels. What 
determines the resampled pixels value is how much of the pixel that belongs to either 
value of the polygon line (Campbell and Wynne, 2011). The choice to classify the 
orthophoto before the resampling was with the aim to get the validation dataset as close 
to the “ground truth” as possible. 

Using random selection to collect validation sites is not entirely problematic due to the 
fact that small areas are in the risk of getting under-sampled (Congalton, 1991). One 
way to limit these effects are to increase the sample size (Congalton, 1991), this was the
bases from which the buffer distance were decided. The two classes this study have 
together with the site chosen for its characteristics will also limit the effects of this risk. 
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Settings
Software and Method

ENVI – Maximum Likliehood Supervised Classification Smoothing: No
Aggregation: 1

ENVI – Feature Extraction - Example-Based Classification Algorithm: edge
Scale Level: 45
Merge setting: Full Lambda Scheduel
Merge Level: 90
Texture Kernel Size: 3

Choros Cognition – WICS No. Classes: 20
Segmentation: Contextual
Smoothness: 16
Radius: 15



Figure 1. The validation area chosen for its characteristics and the manual classification
of the area in to regions of vegetated and non-vegetated surfaces. The red lines shows 
the boundaries between different kinds of vegetated and non-vegetated areas.

Error matrix

An error matrix will be created comparing the results of each classification methods 
output, an example matrix is found in Table 4. This will be done in the validation 
classified areas discussed above. An error matrix compares the classified pixels in the 
classified image to a reference validation dataset on two axels. A schematic is thus 
created with pixel counts organized in categories as right or wrongly classed. Not only 
does it address what how many pixels are wrongly classed, it also shows how many 
pixels have been wrongly classified and in what classes. This makes it possible for the 
user to understand if there is any systematic fault in the classification. For instance, if 
the categories bare rock and sand have a high amount of wrongly classed pixels to the 
other class it is easy to assume that the training areas have been poorly made or have 
unimodal spectral signature. A standard overall accuracy of >80% calculated in the 
error matrix is considered good. (Campbell and Wynne, 2011; Shalaby and Tateishi, 
2007)

From the error matrix producer and user accuracy can be calculated. This is created by 
dividing the rightly classed pixels with the total classed pixels for every category. This 
gives the percentage of over and under classification. The overall accuracy, Pr(a) in 
Table 6, is the total number of rightly classified pixels, a and d in Table 4, divided by 
the sum of all classified pixels, E in Table 4. (Viera and Garrett, 2005)
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The accuracy information tells us how well the dataset corresponds to the validation 
data. To further analyze the agreement between the datasets the kappa value can be 
calculated. The kappa value is based on chance agreement, Pr(e) in Table 4, between the
datasets and the overall accuracy, Pr(a). This is key to understanding if the agreement 
between the classification dataset and the validation dataset might be a result of chance 
alone (Viera and Garrett, 2005). 

The first step to calculate the kappa value is to calculate the user and producer expected 
agreement of each category in the dataset. The expected agreement is calculated by 
dividing the number of times the classification software classified pixels of a certain 
category, right or wrongly, with the total amount of classified pixels, E Table 4. 

The second step is to calculate the chance agreement, Pr(e) in Table 3. The chance 
agreement is created by multiplying the user and producer expected agreements of 
category a, in Table 4, and add it with the multiplication of the user and producer 
expected agreements of category b. 

The third step is calculating the actual kappa coefficient. This is created by subtracting 
the chance agreement, Pr(e), from the overall accuracy, Pr(a), and dividing it with 
chance agreement, Pr(e), subtracted from 1, kappa in Table 4. 

Table 4. Error Matrix and the kappa calculations.

Study limitations

This study will apply WISC, OBIA and Supervised classification methods for a 
vegetation classification of the city of Stockholm. The study will evaluate the 
performance of WISC through the Choros cognition software. 
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 Reference dataset
User Accuracy User expected

Vegetated Non-vegetated
Classified Vegetated a b
image Non-vegetated c d

Producer accuracy
Producer expected

Pr(a)
Pr(e)  =(O1xP1)+(O2xP2)
Kappa  = [Pr(a)-Pr(e)]/[1-Pr(e)]

M1=a/a+b P1=a+b /E
m²=d/d+c P2=d+c/E

E=a+b+c+d
N1=a/a+c N2=d/d+b
O1=a+c/E O2=d+b /E

 =a+d/E



Results
A subset of the SPOT5 image was created based on the extent of the Stockholm 
municipality (figure 2). figure 2 shows Stockholm municipality with RGB as bands 3-1.
Blue represents vegetated areas and yellow as non vegetated surfaces, black is 
waterbodies. This subset was used for the three classifications. Below are the results of 
the classification listed by method. In appendix table 1-3 is the results of error matrices 
and kappa calculations listed split in to each validation area.

Supervised classification

The supervised classification was created in the classification workflow tool in the 
ENVI software (ENVI, 2014) using the maximum likelihood algorithm. To accurately 
classify the image several classes had to be made. Thus it was necessary to subdivide 
the vegetation and non-vegetation classes. Table 6 shows the classes created. After 
running the classification the sub-classes was combined to their major classes resulting 
in figure 4.

The tabulate area tool in ArcMaps (Arcmap, 2014) was used together with the 
validation areas to create Table 5. Excel was used to calculate the overall accuracy, 
chance agreement and the kappa value based on Viera and Garretts (2005) paper on 
kappa statistics.

The overall accuracy suggest that the classification was accurate on just a bit more than 
2 out of 3 times. This is considered to be a in the low end of what is acceptable. The 
kappa value is considered to be “fair” (Viera and Garrett, 2005) and indicates that the 
classification was just a bit over a third times better than chance alone.

Table 5. The error matrix containing the combined cross-tabulations of all the 
validation areas and the Supervised classification. 
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Supervised classification Reference data Pixel total
Vegetated Non-vegetated User accuracy User expected

Classification Vegetated 1305000 1777900 0.42 0.46
Non-vegetated 177300 3425300 0.95 0.54

6685500
Producer accuracy 0.88 0.66
Producer expected 0.22 0.78
Pr(a) 0.71
Pr(e) 0.52
Kappa 0.39



Table 6. Table showing the major and sub-classes from the supervised classification 
and the basis of the OBIA classification major and sub-classes.
Code Name Additional information

11 Vegetated area

111 Open grass area Fields, non-forest vegetated areas

112 Coniferous forrest

113 Deciduous forrest

21 Non-vegetated area

211 Open non-vegetated area Open non-vegetated area without houses; roads, 
parking lots etc

212 Dens populated area Urban centras without vegetation

213 Medium populated area Urban areas with shared family housing. Mixed 
classes due to surrounding vegetation

214 Low populated area Urban areas with single family housing. Mixed 
classes due to surrounding vegetation

215 Other non-vegetated area Industry or commercial buildings

0 Water

OBIA

The OBIA classification was created using the feature extraction – example based 
classification tool in the ENVI software (ENVI, 2014). The “example based” part of the 
tool is comparable to the supervised classification where the user defines the training 
areas. It was again necessary to create multiple subclasses to guide the classification. 
The classes is based on the ones in Table 6 above, however contain several more “third 
tier” classes in accordance to shapes and spatial contexts. Similar to the supervised 
classification a reclassification was made on the classified image to create a vegetation/ 
non vegetation dataset that could be tabulated against the validation dataset. The result 
of the reclassification is presented in figure 2. The result from this tabulation is 
displayed in Table 7.

The overall accuracy, Pr(a), in Table 7 indicates that the classification classified rightly 
4 of 5 times is considered good (Campbell and Wynne, 2011). The kappa value is just 
on the edge between a moderate and a substantial agreement (Viera and Garrett, 2005) 
between the validation dataset and the classified dataset and indicates that the 
classification was 60% more accurate than a random classification (Campbell and 
Wynne, 2011). 
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Table 7. The error matrix containing the combined cross-tabulations of all the 
validation areas and the OBIA classification.

WICS

The SPOT5 subset image was uploaded to Choros Cognition. 20 classes was created 
using the Contextual segmentation method based on nearest neighborhood calculations 
with a radius of 16 units (pixels). The 20 classes created was then post-classified in 
arcmap (ArcMap, 2014) and assigned as either vegetation (11), non-vegetation (21). 
The result from the reclassification is presented in figure 2. The reclassified image was 
then tabulated against the validation dataset to create Table 8.

The overall accuracy, Pr(a), in Table 8 indicates that the classification was right more 
often than 3 times of 4 and is considered to be a slightly low. The kappa value is 
considered to be “moderate” (Viera and Garrett, 2005) and indicates that the 
classification was more than 1.5 times better than a random classification. 

Table 8. The error matrix containing the combined cross-tabulations of all the 
validation areas and the WICS classification. 

 
Table 9. Combined statistics from the cross-tabulation of the classification datasets and 
the validation dataset.
Combined statistics from 
validation areas

SUPCLASS OBIA WICS

Overall acc (Pr[a]) 0.71 0.8 0.77

Chance agreement (Pr[e]) 0.52 0.5 0.51

Kappa 0.38 0.6 0.53
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OBIA classification Reference Data Pixel total
Vegetated Non-vegetated User accuracy User expected

Classification Vegetated 2653500 423100 0.86 0.46
Non-vegetated 913300 2697600 0.75 0.54

6687500
Producer accuracy 0.74 0.86
Producer expected 0.53 0.47
Pr(a) 0.80
Pr(e) 0.50
Kappa 0.60

WICS classification Reference data Pixel total
Vegetated Non-vegetated User accuracy User expected

Classification Vegetated 1964000 1115700 0.64 0.46
Non-vegetated 433900 3173900 0.88 0.54

6687500
Producer accuracy 0.82 0.74
Producer expected 0.36 0.64
Pr(a) 0.77
Pr(e) 0.51
Kappa 0.53



Figure 2. The unprocessed SPOT5 image used in the study and the resulting image 
classifications using OBIA-, WICS- and Supervised classification methods. In the 
SPOT5 image blue tones represent vegetated surfaces, yellow tones represent non-
vegetated surfaces and black represent water.
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Discussion

Studying Table 9 shows that both OBIA and WICS have been more successful in the 
vegetation classification of metropolitan Stockholm. The OBIA classification performed
best with the highest combined overall accuracy of 80% and the highest kappa value of  
0.6. The WICS classification performed second best with a overall accuracy of 76.8% 
and a kappa value of 0.53. The supervised classification was the least effective 
classification method with the lowest overall accuracy of 70.5% and a kappa value of 
0.38. This would suggest to confirm previous studies findings that object-based methods
perform better than per-pixel based methods in urban settings (Jacquin, et al, 2008).

Both OBIA and WICS performed better than the supervised classification. This is 
partially due to the fact that the traditional supervised classification only uses the 
spectral properties in each pixels to assign it to classes (Campbell and Wynne, 2011; 
ENVI, 2014). The negative “salt and pepper” effect (Weih and Riggan, 2010) was found
and had a negative impact on the supervised classification (figure 3). This is partially 
the result of the aggregation level set to 1 in the classification software. The reason the 
lowest agregation level was used was to not loose detail in the classified images in the 
central parts of Stockholm. The issue was found in medium and low populated areas 
where a small green area or a house garden big enough can be classified as a vegetated 
area and not a built/ non vegetated area. This resulted in over classification of vegetated 
areas and a lower accuracy (figure 3)(table 9). The WICS classification did also featured
the same “salt and pepper” effect in the same medium and low populated areas. Again 
this resulted in an over classification of vegetated areas. The OBIA classification 
produced larger homogenous areas that more accurately represented the landuse in the 
suburban area.  

Another part in figure 3 that was differently classified by the methods used was the non 
vegetated, industrial area, in the forrest in the lower left of the maps. The WICS 
classification more accurately classified the non-vegetated industrial area in the lower 
left of the maps in figure 3. The OBIA classification, with its larger homogeneous areas 
did not classify the industrial non-vegetated area, figure 3. The supervised classification 
over classified the same area and connected it to neighboring non-vegetated areas. The 
reason for the WICS classification to be most accurate in this case might be because it 
uses nearest neighbor calculations. The reason why the supervised classification 
connected the same non-vegetated area with neighboring non-vegetated areas would 
highlight the difficulties of user created training areas. For instance, a training area 
might be created in another part of the image that is interpreted as a non-vegetated area. 
This will then yield a correct classification in that part, but not in the area in figure 3. 

The results shows the differences of spectral and object image classifications. For 
instance, training areas for a supervised spectral classification can create mixed classes. 
These classes are areas where the spatial resolution of the pixel generalize the ground 
area that consist of different features (Campbell and Wynne, 2011; Jacquin, et al, 2008),
i.e. vegetated and non-vegetated. The spectral signature of these pixels are always hard 
for the classification software to classify (Jacquin, et al 2008). The low overall accuracy
of the supervised classification (table 9) also suggests this.

16



If we examine figure 4 we can se how the supervised classification had a slightly 
fragmented classification of the vegetation on the right half of the image and it did not 
classify any vegetation in the alleyways. This meant that even tough the lowest 
aggregation level (1) was used (table 3) smaller parts of vegetation was not classified 
correctly. The OBIA classification, on the other hand, over classified the vegetated right
hand side and slightly over-classed the alleyways. The over-classification of the 
vegetated areas would seem to indicate that the scale level was a bit to high, with the 
result that larger object was created and classified. WICS provided a better 
classification of the vegetated areas although with slightly small alleyways.

The OBIA method did share a similar problem of separating significantly different 
features on ground, i.e. vegetated/ non-vegetated, as did the Supervised Classification. 
The classes in an object-based classification are created using relational calculations of 
size, composition and shape of groups of pixels and by user created training classes 
(Campbell and Wynne, 2011; ENVI, 2014). The issue found is that an area on ground 
which consists of vegetated and non-vegetated features (figure 4) are that classes can be 
created where the spatial, spectral and shape features of the objects classified and 
grouped together share those vegetated and non-vegetated features. This is good when 
classifying a low density urban area where one family houses and connecting roads 
should be grouped together with the gardens of the houses as shown in figure 3. On the 
other hand, this creates an issue in more dens populated areas (figure 4). Some streets in
central Stockholm, for instance, are alleyways of trees and green areas on the courtyard 
of condo houses, as shown in figure 4. This creates groupings of pixels with very 
different spectral characteristics. The issue identified in object based methods is the fact 
that some classes are identified as being composed of these groupings of pixels. This 
makes it hard for an accurate classification as small areas might be “eaten up” by 
neighboring areas and become a part of  that area or its border, in this case over 
classifying vegetated areas (figure 4). Classifying one area as non-vegetated might for 
the same reason be untrue in other areas. This made the OBIA classification a 
significantly more time consuming challenge than the supervised classification. The fact
that not only spectral properties, but also spatial characteristics, of objects are what is 
considered when classifying a problem arose to create training areas specific enough to 
rightly classify other areas of the same kind. 

As shown in the figures 3 and 4 we can see that this global validation have given us a 
result which seems to indicate that there are more to be found out from a 
methodological study if we look at smaller areas. For instance, future research in 
vegetation mapping in urban areas should focus on smaller areas whom share more 
homogeneous features, i.e. only the area in figure 3, for instance. The over-classification
in the WICS and supervised classification outputs in the suburban area of figure 3 is 
more similar to the true color ortho-photo, with houses and gardens. This implies that 
even tough vegetation was over classed in this case the classification methods could be 
used on a more local classification, possibly with a more accurate result. The reason for 
the over-classification in the suburban areas is because of the fact of that a global 
classification was the focus in this report. However if we were to break out the local 
areas and optimize settings for the areas, another result would be created. The same is 
equally true for the classification of central Stockholm in figure 4. The over-
classification implies to us that the WICS and supervised classification is quite capable 
of performing better analysis under local circumstances.
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The balance of the OBIA and WICS methods use of spectral and spatial characteristics 
when classifying pixels is likely what gave them a better classification then the per-
pixel based supervised classification method. 

The overall accuracy of 80% the OBIA classification resulted in is comparable to the 
result of the OBIA classification of vegetation conducted by Sebari and He (2013) and 
supports the findings that it is a better classification method than a per-pixel based 
classification (Jacquin, et al 2008). The result of the WICS classification is similar to 
the classifications of urban categories in the city of Columbus, Ohio, conducted by 
Nielsens (2014). The overall accuracy in Nielsens (2014) study was 73% and the Kappa
value 0.55. 

WICS performed quite well compared to the OBIA classification. However, it is 
important to point out the relative swiftness of the WICS classification in contrast to 
OBIA classification. Since only post-classification are made after the WICS process, 
and due to it being a unsupervised classification process, it is very user friendly. The 
unsupervised classification minimize user created faults in the classification when 
training areas not are to be created and evaluated, which also means the method is time 
efficient.

As shown in the figures 3 and 4 we can see that this global validation have given us a 
result which seems to indicate that there are more to be found out from a 
methodological study if we look at smaller areas. For instance, future research in 
vegetation mapping in urban areas should focus on smaller areas whom share more 
homogeneous features, i.e. only the area in figure 3, for instance. The over-classification
in the WICS and supervised classification outputs in the suburban area of figure 3 is 
more similar to the true color orthophoto, with houses and gardens. This implies that 
even tough vegetation was over classed in this case the classification methods could be 
used on a more local classification, possibly with a more accurate result. The reason for 
the over-classification in the suburban areas is because of the fact of that a global 
classification was the focus in this study. However if we were to break out the local 
areas and optimize settings for the areas other results would be created. The same is 
equally true for the classification of central Stockholm in figure 4. The over-
classification implies to us that the WICS and supervised classification is quite capable 
of performing better analysis under local circumstances. This should be the focus of 
further studies on methods for vegetation mapping urban environments.
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Figure 3.  Illustration of how the classifications differ in a vegetated suburban and 
industrial area. 
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Figure 4. Illustration of how the classifications differ in central Stockholm. 
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Conclusion
This study had the aim to investigate how well the novel image classification method 
WICS perform compared to a standard OBIA and a traditional supervised classification 
method when mapping vegetation in an urban setting. Classifying vegetation in an 
urban setting is complicated by the fact that smaller vegetated areas can get mixed up 
into non-vegetated classes. For OBIA and WICS this depends on the spectral confusion 
of mixed pixels and as regions are created. The boarders between regions can consist of 
these small vegetated areas that will be classified as non-vegetated, and vice versa. The 
supervised classification method only uses the spectral characteristics when classifying 
pixels and thus are only effected by spectral confusion of mixed pixels but at the same 
time also not aided by more qualitative characteristics such as shape, size and 
composition. These issues found combined with the result of the study is in line with 
previous studies which suggests object-based methods to be more accurate than per-
pixel based methods in classifying vegetation in urban environments and that it can be 
done with good precision (Jacquin, et al, 2008; Li and Shao, 2013; Sebari and He).

The error matrices created when comparing the differently classified datasets to a 
validation dataset shows that both OBIA and WICS outperform the supervised 
classification method and that the WICS method almost is on par with the OBIA 
classification. However, the WICS classification is more time effective than the OBIA 
classification since it only needs post classification input from the user. In comparison, 
the OBIA method needs a considerable amount of time and user skill to create good 
training areas to produce a good classification.
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Appendix

Table 1.  Validation area 1, result of error matrix and kappa calculations.
Validation area 1 SUPCLASS1 OBIA1 WICS1

Overall acc 78.47% 86.22% 79.70%

Chance agreement 52.55% 49.72% 50.20%

Kappa 0.55 0.73 0.59

Table 2.  Validation area 2, result of error matrix and kappa calculations.
Validation area 2 SUPCLASS2 OBIA2 WICS2

Overall acc 70.11% 74.16% 76.46%

Chance agreement 59.18% 51.05% 54.60%

Kappa 0.27 0.47 0.48

Table 3. Validation area 3, result of error matrix and kappa calculations.
Validation area 3 SUPCLASS3 OBIA3 WICS3

Overall acc 64.36% 79.65% 76.77%

Chance agreement 46.29% 51.60% 48.59%

Kappa 0.34 0.58 0.55
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