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Urban slum detection using texture and spatial metrics 
derived from satellite imagery

Divyani Kohli, Richard Sliuzas and Alfred Stein

ITC- Faculty of Geo-Information Science & Earth Observation, University of Twente, Enschede, The Netherlands

1. Introduction

An important consequence of urbanisation in developing countries is the high growth rate 
of urban poverty. Urban poverty is manifested most clearly in the proliferation and expansion 
of slums, home to a growing proportion of urban dwellers. According to UN-HABITAT (2010), 
the world’s slum population is expected to reach 889 million by the year 2020. Although 
improvements have been made in the living conditions of many slum-dwellers as a result 
of local and global efforts, their number is still estimated to grow by an average of 6 million 
every year (op. cit.). Regularly updated information on slums is therefore needed to guide 
policies and programmes aimed at interventions and improvements (UN-HABITAT 2014). 
Quantification of slum estimates by identifying and defining slums spatially in a consistent 
manner is required to be able to use geographical targeting for slum intervention programs 
(Sliuzas et al. 2008).

In remote sensing (RS), object-oriented image analysis (OOA) methods have been shown 
to provide improved analyses of urban areas (Cleve et al. 2008; Ebert et al. 2009; Myint et al. 
2013; Taubenböck & Kraff 2014; Belgiu et al. 2014a). Such methods are also referred to as 
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object-based image analysis (OBIA) or geographic object-based image analysis (GEOBIA). 
OOA has great potential for informal settlement mapping because of its ability to include 
spatial, spectral and contextual characteristics similar to human cognitive image interpre-
tation. This approach integrates expert knowledge during classification, which is a major 
advantage over conventional pixel-based approaches (Haala & Brenner 1999; Hofmann 2001; 
Hofmann et al. 2008; Kohli et al. 2013). Image segmentation in combination with a hierarchical 
object-based classification has been used for mapping residential land use and identifying 
socioeconomic status from very high-resolution (VHR) imageries (Herold et al. 2003; Stow 
et al. 2007, 2010). Examples include studies on determining the socioeconomic status of 
residential areas using spatial patterns and configuration, such as the vegetation, impervious 
surface, bare soil (V-I-S) model proposed by Ridd (Ridd 1995; Weeks et al. 2007; Stow et al. 
2010).

In this paper, we explore the potential of using texture and spatial metrics in the Indian 
city of Pune, to identify and classify slum areas. The proportions of the land cover classes, 
i.e. vegetation and impervious, serve as proxies for the identification of slums. Previous 
research has shown that inclusion of contextual knowledge encoded in an ontological frame-
work can be used for image-based classification (Kohli et al. 2013; Belgiu et al. 2014b). Use 
of the generic slum ontology (GSO), based upon indicators related to the morphology of 
the built environment, helps to address the issue of variable definitions and appearance of 
slums in different contexts (Kohli et al. 2012). In this paper, we adapt the GSO to slums in 
Pune and then follow an OOA-based classification at two spatial levels. The objectives are 
as follows:

•  to determine the applicability of the GSO to the Indian city of Pune;
•  to explore the use of texture and spatial metrics to quantify the spatial patterns at 

different ontological levels in an OOA environment;
•  to test the methodology of slum identification based on the V-I-S model.

Previous research applied the V-I-S model to infer land use from the proportional abundance 
of each of the land covers (Herold et al. 2002, 2003). These studies, however, were mainly 
carried out for Western cities. Similar studies, dealing with slum identification as well, were 
done for the African city of Accra (Weeks et al. 2007; Stow et al. 2007,  2010; Stoler et al. 
2012). To the best of our knowledge, such studies do not exist for Indian cities. With their 
complex morphologies that are a result of organic growth or their historical development, 
Indian cities pose a challenge for slum studies. Slum identification itself is already a com-
plicated task considering the variability across contexts (Sliuzas et al. 2008). The aim of this 
paper is address these issues and detect urban slums using texture and spatial metrics 
derived from satellite imagery. This is done by combining the GSO, the V-I-S model and an 
OOA method.

2. Definition of slums

Various reasons might explain the occurrence of slums in different cities of the world. Slums 
tend to share some common features globally (Patino & Duque 2013). For instance, most 
slums are characterised by a high concentration of poor people, substandard shelter and 
poor physical environmental conditions. These characteristics also date back to the slums 
of medieval cities in the Western world (Haala & Brenner 1999; Neuwirth 2005). Over time, 
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different countries have developed national and, in some cases, local definitions of slums. 
In order to work towards monitoring slums world-wide, a global definition of a slum house-
hold was formulated as one lacking in any one of five factors: secure tenure, access to safe 
water, access to sanitation, sufficient living area and durability of housing (UN-HABITAT 2006). 
Kohli et al. (2012) developed an ontological approach to conceptualise slums using the 
durable housing indicator, which is most relevant for RS-based slum identification and clas-
sification. In that study, the authors conducted a survey to find the most common physical 
features of slums concerning the structural quality of housing, infrastructure and location. 
These features were compiled to form the GSO, which may be adapted to different contexts. 
The GSO comprises indicators related to the morphology of the built environment at three 
spatial levels: object, settlement and environs levels. It provides a comprehensive description 
of spatial characteristics and their relationships to characterise slums in a very high-resolution 
(VHR) satellite image. In this paper, we used the GSO as the basis for classification by adapting 
it to Pune, India.

3. Materials and methods

3.1. Study area

Pune is one of the fastest developing urban agglomerations in Asia and ranks eighth at 
national level in India (COI 2001). It covers an area of 244 km2 and is the cultural and educa-
tional center of Maharashtra State. Its population has grown significantly over the past two 
decades. Favorable geographic location, pleasant climate, immense employment opportu-
nities and improved educational facilities are some of the reasons attributed to high migra-
tion of people from other parts of the country. From 1981 to 1991, the population grew by 
30.2 percent, and between 1991 and 2001 by 62.2 percent (Shekhar 2010).With approxi-
mately 1 million slum dwellers out of the total population of about 3.15 million (MASHAl 
2011), India’s Town and Country Planning Organisation (TCPO) ranks Pune third in Indian 
cities with the largest number of slums.

3.2. Image data

A cloud-free pan-sharpened Quickbird satellite image (0.6 m resolution) of red, green and 
blue bands from the year 2006 was used for this research. The reason for using a relatively 
old image was its availability and that it was also reasonably close to the acquisition period 
(2006 to 2008) of the slum atlas reference data available from MASHAl, a local NGO. The 
image scene covering the central part of the city was selected for analysis (Figure 1). This 
scene is representative of the urban form of the entire city as it contains most of the land 
use types found in Pune. Roads and water bodies were digitised from the image and were 
also used in analysis. For accuracy assessment, a polygon layer of the slum pockets, provided 
by MASHAl, was used as reference data (Figure 2). According to their survey, a total of 477 
slum pockets were identified in Pune. Approximately 33 percent of the total population of 
Pune lives in only 2.34 percent of the total land of the city. Many of the slums are located on 
hill slopes, along rivers and in other environmentally sensitive areas (MASHAl 2011). 
According to Pune’s disaster management plan (PMC 2012), slums are most vulnerable to 
flood, earthquake and landslide disasters. Given their vulnerability, it is important to update 
information on slum dynamics to monitor and potentially regulate their further growth. 
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Updated spatial information can also help in crisis management as many slums of Pune lie 
in hazardous areas (Shekhar 2010).

3.3. Local ontology of slums in Pune

A major challenge in slum identification from satellite images is the morphological resem-
blance of slums to non-slum areas (Kit et al. 2012; Kuffer et al. 2014). Prior knowledge of the 
spatial pattern and context is thus useful in detecting slums in a particular urban environ-
ment. To do so, the GSO has been adapted to the local conditions of Pune slums. Relevant 
indicators were chosen and arranged to form a local slum ontology. Specific values and 
observations of the indicators referring to each ontological concept are given in Table 1. The 
table shows the specification of physical characteristics adapted from the generic ontology 
used for identification and delineation of slums, from environs level through settlement 
level to object level. The characteristics of slums in Pune were observed by visual interpre-
tation and ground knowledge. Ground data collection included visits to some slum settle-
ments and discussion with experts working for slum-related issues. The observations at three 
spatial levels of ontology are as follows:

•  At environs level, slums in Pune tend to be located on steep slopes, flood-prone and 
marshy areas, along canals, railway tracks and major roads. These locations are hazard-
ous and generally unattractive for planned development. Slums are also found close to 
areas that offer employment opportunities such as the central business district (CBD), 
industrial areas and middle/high-socioeconomic-status neighbourhoods.

Figure 1. location map of the study area in the south-western part of India. The ward map shows the 
administrative wards of Pune city. The pan-sharpened Quickbird image is from the central part of the city.
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•  At settlement level, most slums are highly compact, displaying a roof coverage of more 
than 70 percent and vegetation / open spaces comprising less than 20 percent of the 
settlement. The shape of the slums is often irregular, except for those along canals and 
roads, which tend to have a linear shape.

•  At object level, the small size of buildings, variable roof materials, the irregularity, narrow-
ness and unpaved surface of roads were important observations for slum identification.

The above observations have been categorised and analysed based on the ontological frame-
work. The relevant indicators referring to each ontological concept are further assigned 
specific OOA parameters (Table 1).

Figure 2. Slum delineations provided by a local NGO (MASHAl) displayed on the Quickbird image of 
Pune city.
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3.4. Conversion of local ontology to OOA parameters

OOA parameterisation was guided by the local ontology, which defines the different features 
for classification. Conversion of ontological indicators into object-based parameters was 
done qualitatively by integrating expert knowledge until object classification was achieved 
to a visually satisfying level. Spectral range, geometry, texture and association were mainly 
chosen to translate the local slum knowledge into specific OOA parameters. This study 
focuses at the settlement and object levels, being the most relevant with respect to the 
high-resolution image.

The first step in OOA is image segmentation, i.e. dividing the image into regions or objects 
of homogeneous pixel values within segmented objects. Multi-resolution segmentation is 
a bottom-up segmentation method based on a pair-wise region merging technique. The 
size and constituents of segments are controlled by assigning appropriate values to the key 
parameters, scale parameter (SP), shape (wshape) and compactness (wcompt) to segment objects. 
For definitions of these parameters, refer to Kohli et al. (2013) or the standard reference 
source (Trimble 2014). A value of 0.5 was assigned to wshape to give equal weight to shape 
and spectral reflectance. Expert knowledge, driven by purposes of classification, is used to 
decide upon the values of SP, wshape and wcompt (Baatz & Schäpe 2000). Two bottom-up hier-
archical segmentations representing settlement level (level 2) and object level (level 1) 
were implemented (Figure 3).

At level 1, image object primitives were generated representing the basic land cover 
classes such as built-up and trees. The built-up class includes building roofs and other imper-
vious materials such as parking lots. A value of SP = 40 was selected for level 1 through 
iterative and interactive control. Many OOA-based studies continue to use a trial and error 
approach to determine the appropriate SP as no universally accepted tool to determine the 
optimal scale exists (Hu & Weng 2010; Aguilar et al. 2013). The SP value is chosen based on 
a qualitative analysis (visual inspection) of the resulting segmentation and purpose of clas-
sification. The ESP tool proposed by Dragut et al. (2010) does provide a range of optimal 

Table 1. Adaptation of GSO concepts to an ontology for Pune with OOA parameterisation at environs, 
settlement and object levels.

level Indicators Observation (Pune) OOA parameterisation
Environs level location Often close to highways, major roads, railways, 

canals, along rivers prone to seasonal flooding, 
steep slopes, marshy land

Vector layers and appropri-
ate DEM not available

Neighbourhood 
characteristics

Close to employment opportunities such as CBD, 
industrial areas, middle/high-socioeconomic-sta-
tus neighbourhoods.

Not used due to absence of 
spatial data on the 
socioeconomic status

Settlement level Shape Irregular, linear Not used
Density Highly dense buildings (roof area coverage > 70 

percent); low vegetation and open spaces 
(vegetation coverage < 20 percent)

Texture – contrast; geometry 
– area of built-up, 
vegetation

Object level Building Shape – variable; size – 10 to 40 m2; roof material 
– corrugated iron sheets, tin, concrete, plastic; 
colour – variable; often regular orientation but 
clumped together 

Geometry – area, size of 
segments; spectral – mode, 
layer mean value; texture 
– entropy; association – 
distance to features

Access network Irregular shape; type – paved/unpaved access 
streets; width – variable, often narrow

Vector layer of roads; 
association – relative area, 
distance to features 
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scale parameters. The problem again is to choose the right SP according to user requirements. 
Our study deals with two scales of analysis, the object and settlement level. Since the ESP 
tool uses only one image layer as input for optimal scale determination, its implementation 
in the current study was not useful. After experimenting with various values (15 to 60 with 
an increment of 5 for level 1 and 150 to 500 with an increment of 50 for level 2), we chose 
the appropriate SP values for segmentation at the two levels. At level 2, the segmentation 
was done at a coarser level to represent the settlement level of the ontology. The purpose 
was to delineate approximate boundaries of settlement primitives in slum areas. By settle-
ment primitives, we mean objects representing an entire slum settlement or significant parts 
of a slum. Along with the three bands of the image, the GlCM contrast for the blue band 
(GLCMCon(B)), calculated using Haralick’s method,was used as an additional layer of texture 
for this segmentation (Trimble 2014).

eCognition developer, the software used for OOA in this study, can create a temporary 
layer that can be used for segmentation or classification. A temporary GlCM layer was gen-
erated where values were calculated for each object individually at level 1, using a 256 by 
256 matrix, with a direction equal to 0o. This layer and the blue, green and red bands were 
used as input for segmentation at level 2. A value of SP = 300 was found to be visually sat-
isfying to generate segments comprising areas with homogeneous texture. Again, a value 
of 0.5 was assigned to wshape to give equal weight to shape and spectral reflectance. The 
classes used for the higher-level segmentation were built-up, vegetation and shadow. Most 
slums in Pune comprise highly dense buildings, with a low proportion of vegetation and 
open space (Table 1). Thus, slum areas have a low variance within segments and a clear 
contrast to planned areas. The use of a GlCM contrast layer as an additional layer helped to 
delineate segments representing the boundaries of slums (Table 2). These were in contrast 
to segments in planned areas, which have a composition of different land cover features 
(e.g. buildings, vegetation, roads) (Figure 4).

3.5. Classification at Level 1

Segmentation was followed by classification at levels 1 and 2. Segmentation results in a 
large number of image objects for which a variety of object characteristics or features can 

Figure 3. Method linking texture layer and spatial metrics to GSO at object and settlement levels.
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be calculated and subsequently used for classification. For each object, feature values such 
as spectral values, shape characteristics, texture, size and contextual relations are computed 
based on purpose of classification (Benz et al. 2004). Rule-based classification, also known 
as the membership function classifier, can be used to assign image objects to the desired 

Figure 4. Settlement primitives at level 2 using texture layer GlCM contrast: (a) highly dense buildings in 
slums outlined and displaying a clear contrast to neighbouring segments; (b) planned area with segments 
comprising different land cover features.

Table 2. Definitions of the parameters used in the classification. For details, refer to Trimble (2014).

Parameter Description Definition
GR Green ratio An index to measure vegetation, defined as (green / (red + green + blue))
Brightness Brightness of object The mean intensity of all image bands for an image object
GLCM Grey-level co-occurrence 

matrix
Proximal combinations of pixel brightness values (grey levels) within a 

particular band of an image
GLCMEnt(R) GlCM entropy for red 

band
The measure of orderliness within the red band of the image, which relates 

to textural homogeneity
GLCMCon(B) GlCM contrast for the blue 

band
The amount of local variation within the blue band of the image

Mode(R) Mode for red band returns the most frequently occurring pixel value per object in the red 
band

Area Area of object The number of pixels forming an image object
Merge Merge region Neighbouring image objects of the same class are merged
RA(S) relative area of neighbour 

object (shadow)
The area covered by image objects of a selected class, found around the 

selected image object, divided by the total area of image objects inside 
this area

MG Mean green The mean intensity of all pixels forming an image object in the green band
D(SL) Distance to slums The distance (in pixels) of an image object to the objects of selected class
ES Enclosedness by slums Image objects that are completely enclosed by objects belonging to 

selected class



JOURNAl OF SPATIAl SCIENCE  413

class by integrating prior knowledge (Baltsavias 2004; Belgiu et al. 2014a). In this study, 
knowledge of slums in the form of a local ontology was used as a basis to determine the 
most relevant features and corresponding thresholds to classify the image objects. A 
sequence of steps defining the class membership conditions forms a ruleset where each 
step comprises a condition/rule leading to classification of the respective class. Several steps 
may be required to classify a single class. All these steps were executed in eCognition devel-
oper and are explained in detail below.

Classification of the segmented image was performed in two steps. First, the non-built-up 
classes such as water, road, shadows and vegetation were classified. Due to the absence of 
the near infra-red (NIR) band, vegetation was classified using the customised arithmetic 
ratio, the green ratio (GR) (Shekhar 2012). GR values above 0.42 were used to classify vege-
tation. Shadows of trees and buildings were detected using the low values of brightness, 
and were classified using mean Brightness < 310. These classes were useful in defining con-
textual relationships for characterisation of built-up and also to avoid misclassifications. The 
vector layer of water bodies was used to classify water. Road classification in urban areas is 
quite challenging because the shadows of buildings and vegetation interfere with correct 
delineation. Vegetation can, in some cases, hide roads completely. Thus, the digitised road 
layer was used to classify roads. This road layer comprises the centerlines of the roads; the 
objects overlapping the layer were classified as roads.

For the classification of built-up areas, spectral measures and texture were used. The 
spectral feature mode for the red band, Mode(R), was first used to classify built-up. This feature 
calculates and returns the most frequently occurring pixel value in the red band in an object 
(Table 2). Mode(R) values above 360 corresponded to the built-up class, especially the bright-
roofed buildings. The remaining built-up, comprising mostly dark-roofed/old buildings, was 
classified using texture. Previous studies have shown the usefulness of texture for built-up 
classification (Kohli et al. 2013; Belgiu et al. 2014a; Shekhar 2012). GlCM entropy of the red 
band was used to discriminate the remaining built-up from other land cover features. The 
entropy as a measure of disorder reflects the distribution of grey values and relates to textural 
homogeneity. By visual inspection, high values of entropy for the red band were found useful 
for classifying built-up. In this study, GLCMEnt(R) > 3.8 was used to classify the remaining 
built-up area. Slightly lower GLCMEnt(R) corresponds to bright roofs and bare soil. Use of 
Mode(R) was helpful to avoid false positives from bare soil. The results of level 1 were further 
used for classification of slums at level 2.

3.6. Classification at Level 2

From the local ontology, it is evident that the slums in Pune are highly dense and often have 
a clear contrast to the formal areas (Figure 4). We used the level 1 (object level) classification 
results to calculate the spatial metrics for the V-I-S for level 2 settlement primitives. The 
built-up class, in this study, is synonymous with the impervious class as it includes building 
roofs and other impervious materials. Considering this particular urban context, the use of 
soil was insignificant for classification. Area, in terms of the size of segments, is useful in 
identifying and characterising slums (Kohli et al. 2013; Kuffer et al. 2014). large level 2 seg-
ments (Area > 14,000 pixels) tend to correspond to slums and included the smallest slum in 
the study area. Out of these large segments those consisting of relative areas of built-up > 50 
percent and vegetation < 30 percent (Table 1) were classified as slum settlements. Subsequent 
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steps involved bringing level 2 classification results to level 1 to get a final classified map 
together with other classes (Figure 6). Additionally a clean-up process was followed to elim-
inate false positives from the classified slums and reclassify any observed, misclassified slums. 
These steps are explained in the following section.

3.6.1. Clean-up
The level 2 segments (classified and unclassified) were converted to objects at level 1 
(Figure 3). This step re-segmented the larger segments at level 2 to smaller level 1 seg-
ments. The built-up objects at level 1 which overlapped with slum segments from level 2 
were re-classified as slum. The merge region feature was used to merge neighbouring 
objects of the slum class. A threshold of Area ≤ 14,000 pixels was used to remove small 
buildings classified as slum. Relation to neighbouring objects was used to remove false 
positives from the Old City (Table 2). By visual inspection, the value of relative area of 
neighbour object shadow RA(S) > 0.24 was found appropriate to remove buildings from 
the Old City classified as slums. Further, mean green MG > 540 was used to remove the false 
positives that occurred at the bottom-right of the scene, displaying higher values as com-
pared to slum. These were large buildings that displayed low contrast and were thus clas-
sified as slum. To include the misclassified objects on the fringes of slum areas, distance to 
slums D(SL) < 1 pixel was used. After merging the classified objects of the same class, the 
feature enclosed by slum (ES) was used to include any misclassified object embedded within 
a slum area. Table 3 shows the final ruleset summarising the sequence of steps followed for 
classification.

3.7. Accuracy assessment

Random stratified sampling was used to assess the accuracy at level 1. A total of 250 points 
were generated with the aim of having a minimum of 50 points for each class (Scepan 1999; 
Herold et al. 2008). A standard confusion matrix was used to calculate the overall accuracy 
and user’s and producer’s accuracy (Congalton 1991). The points were visually interpreted 
on the Quickbird image for reference.

At level 2, the slum layer provided by MASHAl was used (Figure 2). The accuracy of slum 
classification was assessed by using the ‘error matrix based on training and test area (TTA) 
mask’ in eCognition developer (Trimble 2014). The TTA mask, when used to calculate the 
accuracy of a single class, measures the matching of reference pixels and classified pixels 
inside the reference areas (Hofmann et al. 2008). The error matrix results thus give the 

Table 3.  ruleset summary and the quantitative classification criteria with the sequence from top to 
 bottom.

Seq No. Classification steps Ruleset
1 Generate object primitives at level 1 Multiresolution segmentation (SP = 40, wshape = 0.5, wcompt = 0.5)
2 Classify roads and water Assign class using thematic layer
2 Classify vegetation GR ≥ 0.42
3 Classify shadow Brightness < 310
4 Classify built-up Mode(R) > 360, GLCMEnt(R) > 3.8
5 Generate settlement primitives at level 2 Multiresolution segmentation (SP = 300, wshape = 0.5, wcompt = 0.5)
6 Classify slums Area ≥ 14,000, Built-up > 50 percent and vegetation < 30 percent
7 Clean-up Area ≤ 14,000, RA(S) ≥ 0.24, MG > 540, D(SL) ≤ 1, ES
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percentage of agreement between the reference map and an error of omission. In addition, 
random stratified sampling was used to assess the accuracy at level 2. We generated a total 
of 150 points with a minimum of 50 points each for slums, non-slum built-up and the remain-
ing classes. The points were visually interpreted by two slum mapping experts, referred as 
E1 and E2 in this paper. Accuracy assessment yielded the overall accuracies and producer’s 
and user’s accuracies for the two responses.

4. Results

4.1. Segmentation

For segmentation at level 1, a value of SP = 40 worked well to segment built-up, vegeta-
tion and shadow appropriately. For the built-up class, the segments represent individual 
buildings in the non-slum areas and clumps of buildings in slum areas (Figure 5), as the 
slum buildings tend to be small and densely packed, making the individual structures 
indistinguishable at 60 cm resolution of the Quickbird image. For segmentation at level 
2 we used a value of SP = 300 to segment settlement primitives (Table 3). The use of a 
temporary layer of GLCMCon(B) in addition to blue, green and red bands resulted in seg-
ments with homogeneous texture representing slum settlements (Figure 4). Segments 
in the planned areas thus comprise a mix of buildings, vegetation, shadows and other 
classes.

Figure 5. Classification of image at level 1: (a) magnified view of a classified slum area; (b) segmentation 
result of the same area.
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4.2. Classification at Level 1

Figure 5 shows the classified built-up, vegetation and other classes at level 1. The segmented 
individual buildings in the planned areas and clumped buildings in slum areas were classified 
as built-up. Some confusion between the shadow and vegetation classes was observed, 
specifically with the shadows of tall buildings being classified as vegetation. Due to the use 
of GR for vegetation classification, such misclassifications occurred, though they did not 
directly affect the classification of slums at level 2 as slum buildings hardly display any 
shadows due to their compactness. Other classes, water and roads were classified appropri-
ately using digitised vector layers. These classification results were used as a basis for the 
level 2 classification.

4.3. Classification of slums

The segments representing settlement primitives of slum areas were mostly composed of 
compact buildings (Table 1). large segments comprising relative areas of built-up > 50 per-
cent and vegetation < 30 percent (Table 1) were classified as slum areas. The proportion of 
built-up may be as high as 70 percent for entire slum settlements. A lower value was used, 
however, to include parts of slums with lower built-up density. Slums with high contrast to 
their surrounding areas were successfully delineated. False positives existed in the Old City 
area that also comprises areas of dense, often old and dilapidated buildings. The Old City is 
composed of many multi-storied buildings displaying a clear shadow. Relation with shadow 
RA(S) was used to remove these false positives. Misclassifications were also found in other 
areas where comparatively smaller segments have high built-up proportions, such as the 
market areas. Finally, a sequence of steps using MG, D(SL) and ES was used for clean-up (Table 
3). Figure 6 shows the classification results and the ground pictures of the slums and part of 
the Old City.

4.4. Accuracy assessment

After classifying the whole scene (Figure 6), the accuracy assessment was carried out.

4.4.1. Accuracy of basic land cover features
The level 1 classes were separated using spectral information and texture. The overall accu-
racy of the level 1 classification was 81 percent (Table 4). The classes assessed were shadow, 
vegetation and built-up. The ‘others’ class (shown as unclassified on the map) comprises the 
remaining land cover in the scene such as bare soil and barren land. These classes were not 
directly relevant for this study, thus left as unclassified. The relevance, though, is in terms of 
misclassifications. For example, built-up was classified with maximum accuracy with high 
producer accuracy (88.24 percent) as well as high user accuracy (82.19 percent) though some 
confusion with bare soil (‘others’) is evident. Comparatively, vegetation has lower producer 
accuracy (80.88 percent) due to confusion with the shadow class. Vegetation has false pos-
itives from the shadow class and vice versa. Shadow is classified with the lowest accuracies 
(62 percent and 75.61 percent). This is due to spectral similarity to barren land, dark-coloured 
roofs and vegetation. The goal of level 1 classification was to provide a land cover product 
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Figure 6. Final classified map of the study area with slums, ground pictures and corresponding zoomed 
views of the image: (a) ground photograph of buildings in the Old City; (b) ground photograph of a typical 
slum settlement; (c) magnified view of a part of the Old City misclassified as slum on the final map; (d) 
a typical slum settlement.

Table 4. The producer’s and user’s accuracies of the land cover classes at level 1.

PA = producer accuracy, UA = user accuracy, OA = overall accuracy.

Shadow Vegetation Built-up Others Total PA ( percent) UA ( percent)
Shadow 31 10 0 0 41 62.00 75.61
Vegetation 10 55 0 0 65 80.88 84.62
Built-up 4 1 60 8 73 88.24 82.19
Others 5 2 8 56 71 87.50 78.87
Total 50 68 68 64

OA 80.80 percent
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which could form the basis for further analysis at level 2. An accuracy of 81 percent can be 
considered good and encouraging for level 2 analysis (Herold et al. 2003).

4.4.2. Accuracy of classified slums
The accuracy results demonstrate that 60 percent of the pixels of the reference map were 
also detected as slums in classification at level 2; i.e. the error of omission was 40 percent. 
Errors in the classified map can be attributed to a number of reasons. First, the amount of 
generalisation in the outlines of the reference layer could have led to errors (Figure 7a). 
Secondly, the process of defining slums in India can be rather complicated due to political 
and administrative interests. The definition used by MASHAl for slum delineations, which 
incorporates these political and administrative perspectives, also impacts our results. Thus, 
many areas that are morphologically slum-like are classified as slums but are absent in the 
reference layer (Figure 7b). However, in a data-poor environment like India, this is the best 
reference that could be procured. Thirdly, some of the polygons of the reference layer show 

Figure 7. Figure showing sources of error in classification resulting from: (a) generalisation; (b) political/
administrative definition; (c) vegetation cover; (b) false positives from the Old City.
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vegetation on the ground instead of slum areas (Figure 7c). These could be small slum 
settlements hidden under trees and hence missed out in the classification. During field 
work, we observed that many buildings in the Old City and market areas were as dilapidated 
as slum buildings, but these areas are, by definition, not considered slums by MASHAl but 
some of these areas are classified as slums. High-density built-up and low vegetation are 
used as a proxy for slum presence. Though this approach has worked for classifying slums 
in the scene, there are misclassifications from high-density non-slum areas (such as the Old 
City and market areas). These misclassifications could also be attributed to the errors stem-
ming from basic land cover classification (Figure 7d). There are some parts of the Old City 
where use of shadow could not remove misclassified slums. Though some of the misclas-
sifications were removed by using MG, false positives still exist. Finally, the use of a single 
class for error matrix calculation results in the percentage of agreement between the ref-
erence map and the slum classification. This is because of the absence of non-desired classes 
in the reference layer (non-slum in this case). The overall accuracy thus ignores the false 
positives outside the reference layer and also the unclassified pixels inside the reference 
layer.

4.4.3. Accuracy comparison with visual interpretations
The overall accuracy resulting from the visual interpretation by E1 and E2 was 68 percent 
and 71.33 percent. The classes assessed were slums and non-slum. The non-slum class con-
sisted of other built-up. Since the accuracy calculation was at settlement level, the experts 
were instructed to allocate shadows, vegetation and roads within a slum settlement to the 
slum class. The ‘rest’ class comprised the remaining land cover in the scene such as water 
bodies, shadow, bare soil and barren land (Table 5). Clearly there are higher accuracies for 
slum classification using visual interpretation than using the vector layer of the Pune slum 
atlas. The producer’s accuracies for both E1 and E2 are much higher than the respective 
user’s accuracies. Apparently, both experts identified some classified slums as non-slum 
built-up. These interpretations were from the Old City and other informal-looking formal 
areas. There was also some confusion on including or excluding the fringes of slum settle-
ments within the slum class.

Table 5. The producer’s and user’s accuracies of the slum classification resulting from visual interpreta-
tion by E1 and E2.

PA = producer accuracy, UA = user accuracy, OA = overall accuracy.

Slums Non-slum Rest Total PA ( percent) UA ( percent)
E1
Slums 30 4 2 36  83.33  60.00
Non-slum 12 33 9 54  61.11  66.00
rest 8 13 39 60 65.00  78.00
Total 50 50 50

OA 68.00 percent
E2
Slums 38 5 2 45  84.44  76.00
Non-slum 10 42 21 73  57.53  84.00
rest 2 3 27 32 84.38  54.00
Total 50 50 50

OA 71.33 percent



420  D. KOHlI ET Al.

5. Discussion

Unprecedented urbanisation in many countries of the developing world has led to growth 
of slums. Slums provide an affordable housing option to those who cannot find a place in 
the formal housing market. Slums form an integral part of city landscapes in many cities in 
India. With the growing economy, more and more people opt to leave villages for cities  
in search of better opportunities. Pune city in India is one of the fastest growing metropolitan 
areas with almost 40 percent of its people living in slums (MASHAl 2011). Considering the 
scale of the slum population, detecting and mapping existing slums may facilitate better 
policy formulations for improvement and to provide infrastructure or alternatives. It could 
also be important to monitor such developments to get updated information for crisis man-
agement (PMC 2012). The fact that many slums in Pune are located in hazardous areas, 
considered unattractive for any planned development, substantiates this need. Mapped 
slum settlements may be used as an important input for climate change mitigation activities 
(Kit et al. 2012). Considering the location of a settlement (environs) in addition to other 
indicators, in a previous work a GSO was developed to be used as a basis for systematic slum 
identification using VHR images (Kohli et al. 2012). Subsequently, the GSO was adapted for 
slum detection and classification in the Indian city of Ahmedabad (Kohli et al. 2013).

Developing rulesets in OOA requires considerable image analysis skills, expertise in the 
application area and time (Belgiu et al. 2014a). Thus, there have been recent efforts to make 
rulesets/methods more transferable for wider application (Hofmann et al. 2011; Kohli et al. 
2013; Belgiu et al. 2014a). In our previous work, we identified a set of stable parameters, in 
an OOA environment, that worked on subsets of varying characteristics for classifying 
built-up and slums. In this paper, we take that work further by developing a method that 
combines the GSO, parameterisation in OOA (Table 1) and a V-I-S model (Ridd 1995) to detect 
slums in an Indian city. This approach not only considerably reduces the number of param-
eters used in the ruleset, it also presents the possibility of successful application in similar 
morphogical contexts. Our study also builds upon similar work where the authors use  
ontology-driven class definitions for classification of informal settlements in Quickbird 
images of Rio de Janiero (Hofmann et al. 2008). The complexity of ruleset in that study, 
however, may restrict the transferability of the method.

Abundance of built-up/impervious and low vegetation served as a proxy for the presence 
of slums at the settlement level. A hierarchical approach comprising the two levels of ontol-
ogy, the object level and the settlement level, was used in an OOA environment. The object 
level represented the basic land cover features of the V-I-S model. The parameters GR, 
Brightness, Mode(R) and GLCMEnt(R) were useful for basic land cover classification of vegeta-
tion, shadow and built-up, respectively. Roads and water were classified by using vector 
layers. Road classification is one of the trickiest in RS as vegetation and shadow can hide 
them completely. With RS offering a bird’s-eye view, we are left with conceptual problems 
where an object virtually has two classes, vegetation and road. The choice, then, could be 
driven by purpose of classification. To overcome this problem, we digitised the major/main 
roads in the study area. The minor/secondary roads were purposely ignored. The classification 
of roads in planned areas could negatively impact quantification of vegetation class. This 
could further influence our results as vegetation and built-up are used as a proxy for slum 
presence.
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The overall accuracy achieved for land cover classification is 81 percent with a kappa 
agreement of 0.74. Whereas there have been discussions in previous research on the suita-
bility of error matrices and kappa for measuring accuracy (Pontius & Millones 2011), there 
are many OOA studies that continue to use them (Herold et al. 2003; Myint et al. 2013; Belgiu 
et al. 2014a; Belgiu & Drǎgut 2014). In the absence of a detailed and updated reference map, 
a set of randomly selected pixels was considered to be representative of the ground condition 
(Congalton 1991; Myint et al. 2013). There are mis-classifications where built-up mixes with 
bare soil; specifically dark-coloured roofs made of rusted corrugated iron sheets display low 
GLCMEnt(R) similar to rough and porous bare soil. There is noticeable mixing between the 
shadow and vegetation class, with shadow being classified with minimum accuracy. Due to 
the sun angle at the time of acquisition of the image, some smaller trees seem to hide under 
the shadow of higher trees with large canopies, resulting in low brightness values, and hence 
being classified as shadows. The use of a near-infrared (NIR) band would have allowed a 
better discrimination of vegetation from other classes. The purpose of our study using only 
RGB data is to show what can be achieved when NIR data are not available. This is a common 
situation in many cities that, if using satellite images at all, restrict themselves to purchasing 
RGB data because they are primarily interested in the image as a backdrop or for data extrac-
tion via interpretation. In addition many cities do not have sufficient in-house remote sensing 
knowledge to fully understand the analytical implications of having access to all bands. As 
RGB data are commonly available within city authorities it is relevant to examine whether 
OOA approaches in combination with a reasonably simple V-I-S model can also generate 
acceptable results (slum maps in this case) as this would mean that the approach is also 
widely applicable.

The settlement level provided boundaries for the quantification of land cover features. 
Automatic delineation of quantifiable segments for appropriate spatial metrics analyses is 
challenging considering the heterogeneity of urban areas. Previous studies (Herold et al. 
2002, 2003) used manually delineated homogeneous urban regions, also referred to as homo-
geneous urban patches (HUP) or enumeration units (Weeks et al. 2007), for determining land 
use using spatial metrics analyses. A recent publication automated generation of HUPs at 
settlement level by using a large SP value for segmentation (Kuffer et al. 2014). We used the 
same approach by using a SP = 300 value to generate settlement primitives representing 
parts of slum settlements and mix of different land cover features in planned areas. We refrain 
from using the term HUP for settlement primitives as they do not entirely comply with the 
‘rules for HUPs’ presented in Herold et al. .(2002). In addition to the three bands of the 
Quickbird image, we used the texture GLCMCon(B) to segment settlement primitives. 
GLCMCon(B) has been identified as a stable parameter for slum classification (Kohli et al. 2013). 
A large value of SP helps to generate large segments representing slum settlements, but it 
also poses a challenge as under-segmentation may occur. This is likely to be the case if non-
slum buildings on the fringes are included in a segmented slum due to spectral similarity. 
Use of texture largely solved this problem by restricting the segmentation, as most slums 
in Pune comprise highly compact buildings and hence low variance within segments (Figure 
4). After experimenting with different scale parameters visually, a value of SP = 300 was found 
appropriate for spatial metrics analyses. Subsequently, Area, expressed in terms of number 
of pixels and spatial metrics, was used to classify slum settlements. The parameters Area, 
RA(S) and MG were suitable for eliminating false positives. D(SL) and ES were uniformly useful 
for reclassifying any misclassified slum objects embedded within the slums.
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The percentage of agreement, at 60 percent, is rather low but encouraging considering 
the complexities involved in image-based slum identification (Kohli et al. 2013; Kuffer et al. 
2014). One reason for such a low accuracy value is that remote sensing patterns and criteria 
for mapping used by MASHAl are different. We carried out alternative accuracy assessments 
using visual interpretations by two experts (E1 and E2) to account for such distortions. The 
resulting overall accuracies for E1 and E2 were 68 percent and 71 percent respectively. The 
producer’s accuracy of slum classification for both E1 and E2 was high (83 percent and 84 
percent), but the user’s accuracy was much lower (60 percent and 76 percent respectively). 
These figures show the existence of considerable discrepancies and errors of omission. To 
better account for such discrepancies input from more experts could be used in order to 
systematically quantify the uncertainties related to visual interpretation of slums.

The use of this reasonably simple approach shows the potential for transferability of our 
method. Care must be taken, however, when this method is applied in a context with com-
pletely different characteristics. A suitable approach would be adapting the GSO to that 
particular context and modifying thresholds or parameters based on its characteristics. 
Addition of new parameters may also be required for improved classification. It is interesting 
that some of the parameters such as GLCMEnt(R), GLCMCon(B), Area and ES identified as most 
stable for built-up and slum classification in a previous study in another Indian city, 
Ahmedabad (Kohli et al. 2013), could be used in this study as well.

Previous work has also been done on two small extracts of the city of Sao Paulo where 
the knowledge-based system Inter-Image was applied (Novack & Kux 2010). For such small 
areas, higher accuracies were obtained, as upon a careful selection these have a higher 
uniformity: the dwellings were raised in approximately the same period and have developed 
along similar lines. In terms of the GSO, the Sao Paulo study is at the object level (level 1). 
Our study builds upon this work by providing a methodology to consider a larger area that 
contains more variation in history and ground conditions. This unavoidably leads to a 
decrease in accuracy. A possible way to overcome this reduction would be to use a hierar-
chical approach: splitting up the larger area into a mosaic of smaller sub-areas, classifying 
these and then integrating towards the settlement level. We leave this for future work.

Slums are not just physical entities; they also have administrative and political definitions 
and local perceptions attached to them. Thus, it can be difficult to identify them solely by 
visual interpretation, particularly if one lacks local knowledge. In the process of developing 
a semi-automated slum identification process, we found that ontologies can help to bridge 
the gap between technology and the real world by integrating that expert (local) knowledge 
about the context. It also helped to systematise the process by considering different spatial 
levels where a set of indicators may be chosen depending on context for an OOA. In Pune, 
slums generally have a distinct appearance compared to planned residential complexes but 
there were a few exceptions, e.g. the Old City core, which exhibited similar characteristics 
to slums. Pune and many other cities in India have a historic old centre or core. If these city 
cores have dilapidated over time, they are likely to exhibit similar physical characteristics to 
many slums and can therefore be readily misclassified as such (Figure 6). During our field-
visit to Pune, we observed that some of these buildings had already collapsed and many 
need upgrading in order to be considered as durable houses: in terms of the UN-HABITAT 
definition these are slum buildings but they are not so numerous and concentrated as to 
form a slum settlement. Though shadow was useful in removing false positives from the Old 
City, the inclusion of some buildings negatively impacts our accuracy statistics, as these are 
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excluded from the reference layer, which is based upon a different political-administrative 
definition of slum (Figure 7). This problem exists in Pune and is known to also exist in other 
Indian cities. It is also quite conceivable that this issue will arise in other contexts as well.

Additional information in terms of surface and terrain elevation conditions may help in 
improving the results: many slums are located on steep slopes and surface height information 
can be used to differentiate slum buildings from formal, high-rise buildings. Pune’s slum 
buildings generally tend to be made of less-durable materials and thus have lower heights. 
Other than the false positives in the Old City, the methodology works well in the other parts 
of the image, especially for highly dense slums showing a clear contrast to other built-up 
areas, though there are false positives from market areas because of their relatively large 
and highly dense roofs contributing to the high roof coverage. The larger slums with a rel-
atively uniform texture are generally identified correctly, while some small slums are often 
missed because at settlement level they merge with other land cover features.

Finally, the low agreement between the reference and slum classification can also be 
attributed to the uncertainties in the reference data themselves. The reference data are 
prepared by manual image interpretation, which may contain uncertainty and hence 
negatively impact the accuracy results (Figure 7). The expertise of the interpreter in this field, 
RS skills and the time invested may have led to discrepancies in interpretation (Van Coillie 
et al. 2014). In the case of slums, different conceptualisation, fuzzy boundaries, poor 
definitions and variability could add to uncertainties in delineations. Inaccuracies in 
classification can thus be due to errors in the reference data (Albrecht et al. 2010) and should 
be understood. This forms the topic for our ongoing investigation where we are studying 
the uncertainties attached to the existence/presence and spatial extent of slums.

6. Conclusions

This study presented a method for slum detection from VHR images based on the morphol-
ogy of the built environment as expressed in generic slum ontology (GSO). It consists of 
segmentation followed by hierarchical classification using an object-oriented image analysis 
(OOA). It used texture in combination with spatial metrics based on the V-I-S model and was 
applied to a Quickbird image of the city of Pune, India. It turned out to be a promising method 
for slum identification. Contextual knowledge in the form of a local slum ontology guided 
the classification process. Our analysis identified that textural features derived from a grey-
level co-occurrence matrix (GlCM), contrast (GLCMCon) in addition to three bands of an image 
were appropriate for segmentation at settlement level. A clear difference in classification 
accuracy was revealed between the two ontological levels. The overall accuracy at level 1 
of 80.8 percent was remarkably high and adequate as an input to the GSO considering the 
limited spectral resolution of the Quickbird image and also the absence of the near-infrared 
(NIR) band. The percentage of agreement between the reference layer and the slum classi-
fication at the settlement level was 60 percent. This value is promising considering that a 
rather simple method was applied for slum identification, consisting of the size of image 
segments (Area) and the proportions of built-up and vegetation. The use of soil was not 
useful for the classification in this particular context, but it may be relevant in other contexts. 
The parameters relative area of shadow (RA(S)), mean green (MG), distance to classified slums 
(D(SL)) and enclosed by slums (ES) were useful for the final classification. Our results are 
potentially useful for city managers especially in cities where no alternative data are available 
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to get updates regarding slums on the ground. Further study of the characteristics of slums 
in terms of patterns, size, density and their manifestations in the images may be useful. In 
such future research, relationships with other classes derived at the environs level of ontology 
are likely to be used to refine results.
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