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Using open data to detect the structure and pattern of 
informal settlements: an outset to support inclusive SDGs’ 
achievement
Zahra Assarkhaniki , Soheil Sabri and Abbas Rajabifard

Department of Infrastructure Engineering, The University of Melbourne, Melbourne, Australia

ABSTRACT
The detection of informal settlements is the first step in planning 
and upgrading deprived areas in order to leave no one behind in 
SDGs. Very High-Resolution satellite images (VHR), have been 
extensively used for this purpose. However, as a cost-prohibitive 
data source, VHR might not be available to all, particularly nations 
that are home to many informal settlements. This study examines 
the application of open and freely available data sources to detect 
the structure and pattern of informal settlements. Here, in a case 
study of Jakarta, Indonesia, Medium Resolution satellite imagery 
(MR) derived from Landsat 8 (2020) was classified to detect these 
settlements. The classification was done using Random Forest (RF) 
classifier through two complementary approaches to develop the 
training set. In the first approach, available survey data sets 
(Jakarta’s informal settlements map for 2015) and visual interpreta-
tion using High-Resolution Google Map imagery have been used to 
build the training set. Throughout the second round of classifica-
tion, OpenStreetMap (OSM) layers were used as the complementary 
approach for training. Results from the validation test for 
the second round revealed better accuracy and precision in classi-
fication. The proposed method provides an opportunity to use 
open data for informal settlements detection, when: 1) more expen-
sive high resolution data sources are not accessible; 2) the area of 
interest is not larger than a city; and 3) the physical characteristics of 
the settlements differ significantly from their surrounding formal 
area. The method presents the application of globally accessible 
data to help the achievement of resilience and SDGs in informal 
settlements.
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1. Introduction

Urbanisation involves uneven development with significant population shifts in a short 
space of time. Currently about 55% of the world’s population live in urban areas. The share 
for urban population will increase up to 60% until 2030. This will be more pronounced in 
developing countries, which will have the bulk of the world’s population growth – 
estimated at 95% – by 2030 (United Nations, 2018).
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Urbanisation and unchecked population growth are putting a high demand for and 
pressure on housing and the available land. In developing countries, this trend takes the 
form of land-use change, informal land transactions, and the expansion of informal 
settlements (Lavigne & Durand-Lasserve, 2009). Informal settlements – otherwise known 
as slums – emerge as unplanned, illegal, and irregularly structured built-up areas with 
a distinct physical pattern of road networks and building sub-divisions within the city 
limits that do not have access to basic infrastructure and urban services (Mclaren, 
Coleman, & Mayunga, 2005).

Informal settlements might form as a consequence of rural-urban migration, which is 
called “inserting”. This type of living arrangement mainly grows in peri-urban areas (city 
fringes) and refers to the development that occurs on vacant lands (Dovey & King, 2011). 
Another type of settlement that is perceived and treated as being informal concerns the 
autochthonous villages that are surrounded by built-up areas during the urbanisation 
process. This type of informal settlement formation is called “settling”, which means living 
on unregistered and unbounded lands as a village (Counihan, 2017). During the urbanisa-
tion process, these villages are typically considered self-governing settlements. This 
results in the settlements being isolated and characterised by a lack of much needed 
metropolitan services and infrastructure.

The Asia-Pacific region is home to the world’s largest concentrations of urban slum 
populations and people living below the poverty line. Collectively, these settlements pose 
a major challenge for the attainment of sustainable development (UN-Habitat, 2015). Asia 
has the largest population of both types of informal settlements’ inhabitants with over 
80% of slum dwellers in southern and eastern countries. Since the 1970s governments 
have implemented policies to limit the spread of informal settlements in these countries 
(Sweeting, 2017). Indonesia currently has 29 million informal settlement inhabitants who 
lack access to urban services (The World Bank, 2016). Since 1969, beginning with Jakarta, 
the largest city and the economic centre of Indonesia (Alzamil, 2018), upgrading the 
infrastructure in informal settlements has been undertaken under the Kampung 
Improvement Program (KIP). Informal settlements in Jakarta that are also referred to as 
“kampung” are of the settling type. They are urban villages in which millions of people live 
and work but are deprived of civic services (Garr, 1986).

Kampung areas, and informal settlements in general, are vulnerable to disasters due 
to poorly constructed houses and unsuccessful integration into an urban life style 
(Rumbach & Shirgaokar, 2017). As is the case in most areas of urban deprivation, 
Kampung areas are characterised by communities lacking access to services in times 
of extreme events (UN-Habitat, 2014). The current COVID-19 pandemic crisis has 
exposed the inequality and vulnerability of the urban poor due to the challenges of 
tracking and controlling the virus, access to healthcare services, transportation infra-
structure, and water and sanitation (UN-Habitat, 2020). Considering the large number of 
inhabitants living in informal settlements and the high level of risk and vulnerability, 
monitoring these settlements is necessary if disasters are to be recovered from 
(Hofmann, Strobl, Blaschke, & Kux, 2008), and the COVID-19 pandemic is no exception.

So far, several frameworks have been proposed to monitor and quantitatively analyse 
the level of resilience in urban areas (for more details see (Assarkhaniki, Rajabifard, & Sabri, 
2020)). In addition, in the last decade, global efforts have been made to manage urbanisa-
tion in order to improve resilience to ongoing changes and sustainability of development. 
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This is because, despite the negative externalities of this process, it can act as a double- 
edged sword for the environment, social welfare and the economy, depending on how it is 
managed (The World Bank, 2000). The United Nation’s (UN) 2030 Agenda for Sustainable 
Development (United Nations, 2015d), the Sendai Framework for Disaster Risk Reduction 
(United Nations, 2015c), the Addis Ababa Action Agenda (United Nations, 2015b), the Paris 
Agreement (United Nations, 2015a), and the New Urban Agenda (United Nations, 2017) are 
among the efforts to manage urbanisation.

The 2030 Agenda, adopted by the UN in 2015, represents a set of 17 sustainable 
development goals (SDGs), 196 targets, and 231 indicators as a standard framework to 
measure and monitor sustainable development (UNSD, 2020; UNDP, 2016; Filho et al., 
2019; United Nations, 2015c). This broadly followed framework to achieve sustainable 
development in all social, environmental, and economic aspects of all communities, has 
left informal settlements behind due to the lack of data (Jones, 2017). The main challenge 
is the paucity of statistical and census data in informal settlements. Here, the role of 
remote sensing is central to enable monitoring and planning of informal settlements in 
order to improve the lives of their inhabitants, aligned with the global efforts to reach 
sustainable development and get on track to achieve SDGs by 2030 (Mayunga, Coleman, 
& Zhang, 2007).

Generally, remote sensing and specifically satellite imagery has been widely used as an 
alternative source of data to monitor urban areas. In recent decades, the use of satellite 
imagery has been increasingly investigated to estimate urban population and density (Wang, 
Fan, & Wang, 2020; Lu, Jungho, Quackenbush, & Halligan, 2010; Hillson et al., 2019; Ogrosky, 
1975; Dittakan, Coenen, Christley, & Wardeh, 2013), mapping land cover and land-use in 
urban areas (Carleer & Wolff, 2006; Gamba et al., 2007; Movia, Beinat, & Crosilla, 2016; Novack 
et al., 2003; Ouyang et al., 2011; Voorde, Van, William, & Canters, 2007), and also for tracking 
changes in the urban landscape (Volpi, Tuia, Bovolo, Kanevski, & Bruzzone, 2013; Zhang, Peng, 
& Huang, 2018; Lv, Liu, & Benediktsson, 2020). Remote sensing has also been used to detect 
informal settlements in urban areas, which is the first step to upgrade the most vulnerable 
communities (Fallatah, Jones, & Mitchell, 2020; Weir, McQuillan, & Francis, 2019).

1.1. Remote sensing data for detecting informal settlements

According to the UN, settlements can be defined as informal if they have at least one of 
the three following criteria: a) lack of security of tenure; b) deprivation of basic services 
and infrastructure; and c) housing that does not meet current planning and building 
regulations (UN-Habitat, 2013a). The first feature relates to the legal aspect of informal 
settlements, while the last two features consider the physical structures and can be 
examined using remote sensing data. For instance, the lack of quality roads that consti-
tute a basic infrastructure can be observed in the satellite images.

Several efforts have been made to use remote sensing technologies and data, such as 
active sensors (Wurm, Taubenböck, Weigand, & Schmitt, 2017) and satellite imageries, to 
detect informal settlements based on their physical features (Du, Zhang, & Zhang, 2015; 
Dubovyk, Sliuzas, & Flacke, 2011; Hofmann et al., 2008; Mayunga et al., 2007; Owen & 
Wong, 2013). However, in almost all the efforts made so far to detect and map informal 
settlements, Very High Resolution (VHR) and High Resolution (HR) satellite imagery has 
been employed. One of the weaknesses of VHR/HR is that it is a very expensive source of 
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data and might be not be available due to budget/funding shortages, especially in 
developing countries. Besides, despite the high cost and high accuracy of the informal 
settlements detection by VHR/HR, misclassification of formal areas as informal occurs in 
the results (Prabhu, Parvathavarthini, & Alagu Raja, 2021). The limitation associated with 
VHR/HR initiated the growing interest among researchers to use open data sources to 
detect informal settlements.

1.2. Open data for detecting informal settlements

Open data sources that have been used to detect informal settlements can be categorised 
to two groups: (1) open and freely available to public census and statistical data that are 
collected by governments and non-profit organisations through surveys, and (2) open 
spatial data including freely available Medium Resolution satellite imageries (MR) and 
OpenStreetMap (OSM). The second group of open data are mainly used to detect informal 
settlements based on their physical features.

Soman, Beukes, Nederhood, Marchio, and Bettencourt (2020) have conducted street 
block analysis in 120 low and middle income countries to detect informal settlements 
based on the lack of public street access (Soman et al., 2020). The method relies on OSM 
data that can have different levels of accuracy in different countries. Mahabir et al. (2020) 
have mixed the data from OSM and MR with open census and statistical data to identify 
the most suitable indicators, such as the level of vegetation, road type, etc., to detect 
informal settlements in the context of Kenya (Mahabir et al., 2020). However, informal 
settlement detection in this study has been conducted based on both physical and 
socioeconomic features that requires a high volume of data. Gram-Hansen et al. (2019) 
has used Sentinel-2 to detect informal settlements. However, they have used VHR to 
enhance the accuracy of detection (Gram-Hansen et al., 2019). On the other hand, Verma, 
Jana, and Ramamritham (2019) compared the performance of transfer learning model for 
detecting informal settlements on MR and VHR at the city scale. Their results showed 
unexpectedly high performance of MR in the detection of informal settlements and 
suggested further studies on ensemble methods in machine learning to enhance the 
classification accuracy (Verma et al., 2019). In this paper, we investigate the possibility of 
using open data, including MR and OSM, as a cost-effective and open-to-all approach to 
detect informal settlements at the city scale by applying machine learning methods.

1.3. Satellite image classification for informal settlement detection

Apart from visual interpretation, image classification is the most applied method for 
mapping the physical features of informal settlements using satellite imagery. Satellite 
image classification refers to the process of categorising the pixels of images to mean-
ingful classes (Karlsson, 2003). There are generally two approaches for the classification: 
pixel-based classification (PBC) and object-based classification (OBC). PBC analyses the 
spectral properties of every pixel within an area of interest, without considering contex-
tual information, such as shape (Makinde, Salami, Olaleye, & Okewusi, 2016). This 
approach does not produce accurate results when analysing VHR (Toll, 1984; Xia, 2007), 
which is due to the high spectral variability in VHR imagery. Greatly improving the quality 
and resolution of satellite images, OBC was introduced in the 1970s as an alternative way 
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to classify VHR. OBC analyses objects rather than pixels by extracting homogeneous 
regions and incorporating contextual information (Ouyang et al., 2011) (Figure 1).

It is generally conceived that OBC produces more accurate results than PBC. However, 
the high accuracy can be achieved when classifying HR/VHR (Blaschke, 2010; Hofmann et al., 
2008; Mayunga et al., 2007). In a comparative study on the accuracy of the classification of 
HR by OBC and PBC, Duro, Franklin, and Dubé (2012) suggest that both classifiers perform 
well when applying similar machine learning algorithms (Duro et al., 2012). However, OBC 
has proved to be inefficient in analysing medium- and low-resolution satellite images, while 
PBC performs quite well (Blaschke, 2010; Makinde et al., 2016). This is because, as shown in 
Figure 1, when decreasing the resolution every pixel might encompass more than one class 
(e.g. build-up and vegetation).

In several studies OBC has been used to detect informal settlements through HR/VHR 
classification based on defining a group of image-based proxies to differentiate land-use 
classes (Fallatah et al., 2020; Hernandez, Ruiz, & Shi, 2018; Hofmann et al., 2008; 
Ranguelova et al., 2019). On the other hand, PBC, that effectively classifies MR, has rarely 
been applied to detect informal settlements. Jain (2007) has explored the application of 
PBC for this purpose. However, the analysis has been conducted on IKONOS data which is 
a type of VHR (Jain, 2007). Similarly, Kit, Lüdeke, and Reckien (2012) applied PBC on 
QuickBird VHR data (Kit et al., 2012).

Here, as indicated earlier, PBC using machine learning techniques can enable highly 
accurate informal settlement detection on MR.

1.4. Pixel-based classification (PBC) using machine learning techniques

Several methods have been proposed to classify satellite images. These methods range 
from parametric (based on any assumptions about data distribution) algorithms such as 

Figure 1. Schematic comparison of Pixel-Based Classification (PBC) and Object-Based Classification 
(OBC). Top Row: on VHR, OBC more accurately detects vegetation, while PBC comprises mix pixels. 
Bottom Row: Spatial resolution and size of the pixels define either OBC or PBC can be more effective. 
Regarding MR, OBC is inefficient as a pixel contains more than one object, while PBC still detects 
vegetation (Source for the background satellite image: Google Earth Engine).
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maximum likelihood (Nilsson, 1965) to non-parametric machine learning algorithms, 
including decision tree (DT) (Brodley & Friedl, 1997; Pal & Mather, 2003), support vector 
machine (SVM) (Rodriguez-Galiano, Sanchez-Castillo, Chica-Olmo, & Chica-Rivas, 2015), 
k-Nearest Neighbors (kNN), artificial neural networks (ANN) (Rumelhart, Hintont, Hiinton, 
& Williams, 1986) as well as a combination of other classifiers that are referred to as 
ensemble classifiers, such as Random Forest (RF) (Breiman, 1996).

Among the classification methods, nonparametric machine learning algorithms are 
deemed to be more accurate, particularly for large-scale mapping. The algorithms demon-
strate high capability in learning a large number of functional forms regarding the 
training data. This is due to not making any assumption about the data and underlying 
function (Rodriguez-Galiano, Ghimire, Rogan, Chica-Olmo, & Rigol-Sanchez, 2012).

Several studies have been conducted to compare non-parametric machine learning 
algorithms in terms of accuracy and effectiveness. Generally, with the exception of DT, 
which is found to be a less effective classifier with the tendency to overfit in, and having 
high sensitivity to the training data (Breiman, 2001), all other classifiers are similar in terms 
of accuracy (Dixon & Candade, 2008; Noi & Kappas, 2017; Pal, 2005). However, RF has 
several advantages over the rest (Rodriguez-Galiano et al., 2012; Teluguntla et al., 2018) 
that make it a better choice for land-use classification and more particularly informal 
settlement detection.

In comparison to other non-parametric algorithms, the RF algorithm is more robust 
due to minimal supervision and fewer user-defined parameters, less sensitivity to the 
training data, and faster analysis processing (Ming, Zhou, Wang, & Tan, 2016; Rodriguez- 
Galiano & Chica-Rivas, 2014; Rodriguez-Galiano et al., 2012; Teluguntla et al., 2018; Dixon 
& Candade, 2008; Noi & Kappas, 2017). For instance, ANN is sensitive to the number of 
hidden nodes; kernel parameters affect the accuracy in SVM; and accuracy in kNN 
depends on the ideal value of k, which is difficult to set (Dixon & Candade, 2008; Noi & 
Kappas, 2017). In addition, results from a study by Rodriguez-Galiano et al. (2012) show 
that RF delivers more variety among different land-use/land cover classes than traditional 
classification approaches, such as a simple decision tree (Rodriguez-Galiano & Chica-Rivas, 
2014). The differentiation among similar land-use classes is of great importance in the 
case of informal settlement detection. This is because categorising the similar land- 
use classes, such as formal and informal built-up areas is less manageable than the 
noticeably distinct ones (e.g. built-up zones and green spaces).

RF proposed by Breiman (2001) is a classifier comprising a collection of (K) independent 
random tree-structured classifiers (or decision trees) h X; θnð Þ;N ¼ 1; 2; 3; . . . Kf g, where is 
the input data and θnf g denotes a family of identical and independently distributed 
random vectors (Breiman, 2001). To classify a pixel, RF will assign the pixel to the land 
cover class that receives the most votes from all the trees in the ensemble (Hermosilla, 
Wulder, White, Coops, & Hobart, 2018) (Figure 2).

1.5. Methods for developing the training set and the application of open data

The most traditional method for developing the training set is in situ data collection. This 
method, in addition to being considered time-consuming, is also cost-prohibitive for large 
areas (Zhou, Okin, & Zhang, 2020). One common replacement for this approach is using 
the available databases as the training input, including existing land classification maps or 
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the survey data. In a recent study by Campos-Taberner et al. (2020), the classification 
samples originate from in situ surveys provided by the regional government of Valencia in 
Spain (Campos-Taberner et al., 2020). Similarly, Zhu et al. (2016), used the Land Cover 
Trends (LCT) data produced through the most recent Geological Survey of the US as the 
training sample (Zhu et al., 2016). Although this method relies on highly trusted training 
input and is a good replacement for in situ data collection, the data might not be available 
for all areas and purposes.

New era of increasingly available data, open data, provides the opportunity to find 
a more accessible replacement data source for developing the training set. Here, deter-
mining how to benefit from the freely accessible data is crucial. Building the training set 
based on visually interpreting higher spatial resolution images available in open access 
platforms, such as Google Earth (https://www.google.com/earth/) and Bing (https://www. 
bing.com/maps), is one of the common uses of open data (Pontarollo & Mendieta Muñoz, 
2020). However, the visual interpretation method relies on expert comprehension and 
might be accompanied by human error.

As a recent approach, Volunteered Geographic Information (VGI) (Goodchild, 2007) has 
been used for developing the training set. One of the most popular VGI initiatives is OSM. 
OSM is a collaborative project to develop open spatial data worldwide that provides data 
layers in editable formats, such as shapefile, for further analysis and exploration. Depending 
on the areas of interest, different data layers might be available on the OSM website 
(https://www.openstreetmap.org/), such as roads, trails, buildings, etc, which is one of the 
limitations of using OSM. In addition, its accuracy has widely been questioned as OSM 
offers a collaborative and editable data source. In response, some case studies have shown 
that the accuracy of OSM is comparable to those of authoritative sources (Haklay, 2010; 
Jokar Arsanjani, Helbich, & Bakillah, 2013). However, in general, OSM suffers from the 
heterogeneity in inaccuracy from one location to another and among different data layers 

Figure 2. Random forest algorithm’s schematic function in image classification. The classifier consists 
of a collection of individual trees. Each tree independently offers a class prediction. The class with the 
most votes becomes the model prediction for image classification.
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(Estima & Painho, 2015). Therefore, if this type of data is to be relied on, it is essential to 
carry out data validation.

Literature indicates that OSM has been used in the machine learning supervised land- 
use and land cover classification (Forget, Linard, & Gilbert, 2018; Jokar Arsanjani et al., 
2013). Forget et al. (2018), used OSM to detect built-up areas in sub-Saharan African cities 
on Landsat images (Forget et al., 2018). Nevertheless, in this practice, OSM has not been 
used to classify different types of built-up areas such as formal and informal with low 
intra-class differences. Jokar Arsanjani et al. (2013) used OSM to classify diverse built-up 
areas, such as low density, medium density, and high-density urban fabrics (Jokar 
Arsanjani et al., 2013). However, they apply the classification on Rapid-Eye images with 
spatial resolution of 6.25 m which is much higher than the resolution of Landsat 8.

Since different types of built-up areas such as formal and informal settlements or 
infrastructure (e.g. road network) appear to be very similar in MR, this study is initially 
aiming to examine the usage of OSM for this sensitive classification. In the next step, the 
accuracy of the informal settlement detection with and without OSM will be compared to 
outline which approach is more efficient. The results from this study will contribute to the 
facilitation of informal settlements detection, particularly in developing countries by 
using free and accessible open data. Since informal settlements detection is the initial 
step for monitoring and upgrading urban life in informal areas, this study will also help 
city planners and policymakers to develop more sustainable cities and communities.

2. Materials and methods

2.1. Study area & data collection

This study selected Jakarta as a case study to explore the application of open data for the 
detection of informal settlements (Figure 3). Jakarta, the capital city since Indonesian 
independence in 1945 (Garr, 1986), is located on the island of Java. Indonesia is the 
world’s fourth most populous country (Counihan, 2017). With a population of more than 
10 million in 2020, Jakarta is the most populated city in Indonesia and the world’s 10th 
most populated metropolitan area (Statistics Indonesia- Badan Pusat Statistik (BPS), 2020).

Jakarta’s particular importance, apart from its population, comes from its strategic role 
as the economic hub of Indonesia and it is where the financial and business sectors 
operate (Rukmana, 2008). According to the Indonesia’s Central Bureau of Statistics’ (BPS- 
Statistics Indonesia, 2005), Indonesia’s GDP of the financial and business sector in 2005 
was 146.3 trillion rupiahs, 62.1% of which accounted for Jakarta. Despite the social and 
economic importance of Jakarta, this city is also characterised by being dangerously 
exposed to flooding disaster and the most vulnerable areas are informal settlements 
(Kampungs) (The World Bank, 2011). The first step for upgrading Jakarta’s informal 
settlements is mapping this deprived areas.

To detect kampung areas in Jakarta, we obtained Landsat 8 images that is freely 
available to the public. Landsat 8 images are multi-spectral data with 11 spectral bands, 
five of which (bands 1–4 and 8) are visible. The satellite offers seasonal mapping of the 
entire globe at a spatial resolution of 30 meters for most of the bands (U.S. Geological 
Survey, 2016). We downloaded Landsat 8 images for the study area taken on 24/5/2020 
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from the Copernicus Open Access Hub (https://scihub.copernicus.eu/). The acquired 
images were cloud-free as May is the start of the dry season in Indonesia.

In this study, for classification of land-use and land cover, seven bands including visible, 
near infrared, and shortwave infrared band are used. The bands include: band 1-coastal 
aerosol, band 2-blue, band 3-green, band 4-red, band 5-near infrared (NIR), and bands 6 & 
7-shortwave infrared (SWIR), all with a resolution of 30 meters. Omitted bands with 
irrelevant applications include band-8 which is a panchromatic band with a resolution 
of 15 m. It is used for sharpening and visualisation purposes, as well as the thermal and 
atmospheric bands (9–11) (Loyd, 2013).

For training purposes, we obtained the most recent informal settlement map in Jakarta 
created in 2015 (Figure 4) (The World Bank, 2015). We also collected the OSM data for 
Jakarta from OpenStreetMap Indonesia (https://openstreetmap.id/en/dki-jakarta/). For 
Jakarta the street, governmental boundaries, and building blocks were available data 
layers at the time of data collection. Later, we used both survey data and OSM layers for 
the detection of informal settlements in Jakarta on medium quality satellite images 
(Landsat 8).

2.2. Methods

In this study, we detect Jakarta’s informal settlements on Landsat 8 applying the Random 
Forest algorithm(RF). As indicated in section 1.4, the RF algorithm is robust as it requires 
few defined parameters and highly accurate results can be achieved through the default 
parameters (Duro et al., 2012; Zhang & Roy, 2017). However, the number of trees (ntree) 
and the number of variables (mtry) are the parameters that have been set. The ntree is 100 

Figure 3. Study areas. Small rectangles numbered from 1–6 represent 2.4 km2 sample areas for the 
visualisation and the magnification of the results.
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in the default setting and the mtry is the square root of the total number of bands in the 
image data. In this study, testing a range of values for the two parameters concluded that 
ntree of 200 and mtry of 2 gives the highest accuracy.

Despite the advantages of RF over other non-parametric algorithms (e.g. kNN, SVM, 
and ANN, the algorithm), it can still produce overfitting. To cope with the possible 
overfitting issue and enhancing the accuracy, choice of training method is more impor-
tant than the algorithm (Abdi, 2020; Foody & Arora, 1997). Hence, in this study, two 
complementary training approaches have been applied and the results have been com-
pared. Another factor to reduce overfitting is the sample size. The training sample should 
be relatively large enough (concerning the area of interest). It is recommended that to 
reach high accuracy the training sample should cover approximately 0.25% of the total 
study area (Noi & Kappas, 2017) that has been followed in this study. Despite the 
considerations, overfitting might still happen that will be discussed, and possible solu-
tions will be proposed in section 4.

Through the first approach, two methods have been applied for developing the 
training set. First is the traditional method of using available databases, such as survey 
data and available maps (Campos-Taberner et al., 2020), while the second involves the 
visual interpretation method using freely available VHR Google Map Imagery (Pontarollo 
& Mendieta Muñoz, 2020). In the latter approach, the application of OSM, as 
a complementary source of data, for developing the training set has been tested 
(Figure 5).

First approach for training: Initially, the informal settlements map for Jakarta (2015) 
(The World Bank, 2015) was used as a reference to develop the training set for the informal 
built-up areas. Although the 2015 map for the informal settlements in Jakarta is not very 
recent, based on a review of the slum upgrade programs in Jakarta, changes in the 

Figure 4. Informal settlements of Jakarta adapted from a map produced in 2015 (The World Bank 
2015).
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settlements have been mainly practical rather than physical. This includes the provision of 
basic infrastructure such as sanitation rather than relocating the settlements, reconstruct-
ing the houses, and changing street patterns (Pangeran & Akbar, 2020).

Considering the insubstantial reduction in the extent and location of informal settle-
ments since 2015, the 2015 map can be relied on for the purpose of this study. However, 
possible alterations should be considered while selecting the training points to minimise 
training errors. For this purpose, VHR from Google Earth 2020 for Jakarta has been used as 
a base map on which a transparent layer of informal settlements polygons detected in 
2015 has been overlaid. VHR Google Earth has been used to visually interpret the 
differences between the informal settlements in 2015 and the same areas in 2020. In 
a few cases, the areas mapped as informal settlements in 2015 had a regular pattern of 
building blocks and streets in the 2020 Google Earth image. These areas which might be 
upgraded or rehabilitated have been excluded when developing the training sets.

After selecting 120 training points for informal built-up areas, to obtain the highest 
level of accuracy, seven other classes of land-use, each containing a similar number of 
samples were developed using the same visual interpretation method relying on VHR 
Google Earth layer as the base map. The higher number of classes increases the depth of 
the decision tree and leads to higher accuracy (Breiman, 2001). Overall, a training sample 
of 960 points in eight classes was developed (Table 1).

Second approach for training: In the next approach for training, OSM layers of building 
blocks and roads have been used to develop the training set for the “formal build-up”, 
“informal build-up”, and “road” classes. Due to uncertainty about the OSM accuracy, using 
the detailed data attributes of OSM, such as the type of material used in building blocks, can 
be very challenging. In this study, OSM has been used only to extract the physical patterns 

Figure 5. Overview of the procedure followed to detect informal settlements using medium resolution 
satellite images (MR), OpenStreetMap (OSM) and random forest machine learning algorithm (RF).
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of built-up areas and the only attribute that we have relied on relates to the road network 
which, according to a recent survey, is one of the most complete and reliable data layers 
(Barrington-Leigh & Millard-Ball, 2017). Here, the selected training points using OSM layers 
have been double-checked using high-resolution Google Map imagery.

The application of OSM layers for developing the training set in order to detect 
informal settlements depends on the context and physical characteristics of the area of 
interest. Hence, the first step would be defining the physical features of informal settle-
ments in the study area. Later, it can be decided which OSM layers can best reflect the 
features.

In Indonesia, car ownership is not common among Kampung inhabitants due to their 
ever-present financial difficulties. Therefore, streets in Kampung areas are very narrow and 
mainly suitable for pedestrians or motorcycles (Hidayati, Yamu, & Tan, 2020). In a study of 
informal settlements in Jakarta, Alzamil (2018) describes the internal roads as “very 
narrow, winding, and non-paved” in which emergency vehicles cannot commute 
(Alzamil, 2018). In a similar study, Hidayati et al. (2020) have shown that streets with 
a width of 2 meters or less are an indication of informal settlement (Hidayati et al., 2020) 
(Figure 6).

Although the lack of roads or narrow streets with at most 2-meter width is a good 
indication for informal settlements, such roads might also be found inside the formal 
built-up areas. Therefore, here the urban fabric of informal settlements has also been 
considered as the second indication. The fabric can be analysed by the geometry of 
housing and alleyways (Suhartini & Jones, 2020). Geometric order in the urban fabric 
refers to the regular and hierarchal street patterns as well as the consistent building 

Table 1. Proposed classes for the classification of Landsat 8 in Jakarta.
Training Classes Description

Formal Build-up Standard size building blocks with ample open space and vegetation in between.
Informal Build-up Substandard housing with limited open space and vegetation in between.
Bare Soil Undeveloped areas with no dominant vegetation cover.
Low Vegetation Areas covered by low vegetation, such as grass.
Road Street network and areas covered by asphalt.
High Vegetation Areas dominated by trees.
Water Areas covered by water, such as lakes, canals, and pools.
Cloud Mask Areas of satellite image that are covered by cloud.

Figure 6. Left: Street structure in informal settlements in Jakarta. Numbers 1–4 represent the entry 
points to the informal settlements with no car accessibility (Source: Hidayati et al., 2020), Right: Urban 
fabric in informal settlements (Source: Alzamil, 2018).
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placement and block patterns (Rubinowicz, 2000). Conversely, informal settlements are 
generally described as irregular forms shaped by residents who do not follow any 
planning process (Alzamil, 2018), with diverse housing patterns comprising different 
block sizes and shapes (Jones, 2019).

Suhartini and Jones (2020), in a study of informal settlements in Indonesia, argue that 
the outcome of this self-organisation of the space is a disorder or self-made urban order 
that is organic with a variety of housing sizes and styles within a settlement (Suhartini & 
Jones, 2020). Similarly, Alzamil (2018) describes the fabric of informal settlements in 
Indonesia as a wavering distribution of blocks that are irregular and tend to be semi- 
rectangular, linear, or semi-square (6) (Alzamil, 2018).

Based on the review of studies conducted on physical features of informal settlements 
in Jakarta, key features can be described as: a) narrow streets with 2-meter width or less, 
and b) lack of uniform size and pattern of buildings. After defining the key physical 
features of informal settlements in Jakarta, the available OSM layers have been reviewed 
to select those that can best reflect these two features. For Jakarta, the road layer in OSM 
provides the data for road hierarchy in which roads of less than 2-meter width can be 
selected.

For reflecting the housing features and fabric of the settlements, building block layers 
have been used to serve as the secondary data layer for developing the training set.

For sampling informal built-up areas using OSM, shapefiles of the building blocks layer 
and street layer from OSM were imported into QGIS. To perform the sampling based on 
the physical characteristics of the informal settlements, the selection by attribute function 
was initially conducted on the street layer to pick wide streets (streets width > 2). Later, 
a buffer zone was created with the distance of 5 meters since the highest street width 
measured in Jakarta was 9.8 meters. Next, the building at the intersection of the wide 
streets’ buffer has been chosen as the formal block. Finally, we inversed the selection to 
pick informal building block (Figure 7).

After selecting the informal building blocks based on lack of access to wide streets, they 
have been visually checked for the second criterion. Here, the regularity and geometry of 
areas that have been selected as informal were visually checked and the errors were 
manually resolved. For instance, some building blocks with a regular structure were selected 
as informal since width attribute was not defined for them. These blocks have been 
manually removed from the informal area selection. After finalising the layer for informal 
areas, it has been used as the secondary data layer for training.

Figure 7. Using OpenStreetMap (OSM) for developing the training set for the informal built-up class. 
The blue areas represent the building with no access to a street or access to narrow streets that have 
been used to select pixels for informal settlements (Source for data layers: OpenStreetMap).
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In the second round of developing the training set, after analysing the OSM layers as 
explained earlier, 120 samples for “road”, “formal build-up” and “informal build-up” 
classes were redefined. We retained the samples for other classes from the first round.

To validate the results, due to the literature (Wang, et al., 2020; Gram-Hansen et al., 
2019) and the consideration of our data size, 80% of each class were randomly selected 
and set as training data and the remaining 20% constructed the test set. To evaluate the 
performance a confusion matrix was developed and it comprised true positive (TP), true 
negative (TN), false positive (FP), and false negative (FN) that are later used to calculate 
accuracy and precision (Lu et al., 2004): 

Accuracy ACCð Þ ¼
TP þ TN

TP þ TNþ FPþ FN 

Precision PPVð Þ ¼
TP

TPþ FP 

After the classification is finalised, post-processing has been performed and the 
obtained map from both rounds of classification have been filtered for better visualisation 
(Khorram, Nelson, & Cakir, 2013). Here, a median filter with a 5-pixel by 5-pixel window 
kernel was applied to the classified images to reduce noise and filter isolated pixels.

3. Results

In this section, the results from the first and second round of the classification along with 
accuracy assessment results will be presented. Figure 8 represents the first round of land- 
use and land cover classification using supervised RF on Landsat 8. Validation results for 
the proposed RF machine learning classification results can be found in Table 2.

The land-use classification in Figure 8 represents a very close combination of formal 
and informal settlements in Jakarta. However, formal built-up areas are mostly located in 
the north and central Jakarta, while informal settlements are mainly detected in west, 
east, and south Jakarta (Figure 8). The validation results in Table 2 show that the lowest 
level of precision and accuracy relates to formal settlements. Based on the table, informal 
built-up areas and roads have been mainly misclassified as formal built-up. This outcome 
suggests that the accuracy and precision of the classification might be improved by 
upgrading the training process for these three layers.

In the next step, the second-round training set has been developed by retraining the 
roads, informal built-up, and formal built-up classes using OSM layers. The resulting map 
from the second round of land-use classification is presented in Figure 9.

The map highlights a significant change in the detected formal and informal areas 
where the former are mainly focused on south and east Jakarta. In the second round of 
classification, informal settlements are mainly detected in the west, central, and eastern 
areas of Jakarta (Figure 10).

The validation results for the second round of classification calculated by the RF 
machine learning algorithm is presented in Table 3. Based on the table, the accuracy 
and precision for all three retrained classes have increased. The enhancement is particu-
larly noticeable in the formal-built up class with the increase in precision from 0.58 to 0.79 
and the increase in accuracy from 0.88 to 0.94.
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4. Discussion

Informal settlements are among the most challenging areas for conducting fieldwork due 
to the lack of security or access. This has resulted in leaving these settlements undocu-
mented and overlooked on official maps (Kamalipour, 2020). Many studies have sug-
gested the application of VHR to detect and map informal settlements (Fallatah et al., 
2020; Persello & Stein, 2017). However, VHR is, as stated earlier, very expensive and might 
not be accessible to all.

In this study, the application of MR for the detection of informal settlements by 
Random Forest classifier has been tested through two complementary approaches. In 
the first one, similar to what many studies have done, sampling is achieved by visual 
interpretation and available survey data. In the second approach, training samples have 
been improved by using OSM. The results showed a higher level of accuracy and precision 
in informal settlement detection in the second round when OSM was used as a secondary 
data source for developing the training set.

The confusion matrix for the first round of classification (Table 2) shows that the least 
accuracy and precision relates to the formal built-up class. Here, mainly roads and 
informal built-up pixels have been wrongly detected as being formal. In the second 
round of classification, resampling has been undertaken for the problematic classes, 
including roads, formal built-up and informal built-up. Results from the second round of 

Figure 8. First round of land-use and land cover classification on Landsat 8.
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classification confirmed a particularly high level of accuracy classification for these three 
layers (Table 3). For instance, the accuracy and precision for the class of “roads” has 
increased, respectively, from 0.88 and 0.60 (Table 2) to 0.95 and 0.81 (Table 3). This 

Figure 9. Second round of  land-use and land cover classification on Landsat 8 using OSM for 
developing the training set.

Figure 10. Informal (in red) and formal (in yellow) settlements detected in Jakarta. 1. Classification by 
RF machine learning algorithm through the traditional method of training. 2. Classification by RF 
which takes advantage of OSM for developing the training set.
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significant boost in both ACC and PPV is also evident in the classified maps, as roads in 
the second round of classification are more continuous and represent less noise 
(Figure 11).

The enhancement has been achieved by reducing visual interpretation errors. In the 
case of Jakarta, the OSM layer for roads contains the data attribute for the street width. 
This feature enables the use of the hierarchy of the roads network to pick samples for the 
roads with higher width in which the central point most likely contains a homogeneous 
pixel. However, it is very difficult and time-consuming to consider the width of streets 
during the sampling process through the visual interpretation. As a result, narrow streets 
might be chosen in which the selected pixels include the tunes of other classes such as 
vegetation or built-up.

OSM data layers also enhanced the classification of formal and informal built-up areas 
in the second round of classification. As can be seen in Figure 10, informal settlements 
detected in the first round of classification are more dispersed and mainly located in the 
south of Jakarta. Conversely, the informal settlements detected in the second round by 
using OSM are more clustered and focused in the northern areas. The most recent 
informal settlement map in Jakarta created in 2015 (Bank, 2015) (see Figure 4) also 
supports the accuracy of the results mapping the most informal settlements in the 
northern areas. Nevertheless, one limitation of this method is its dependence on the 
availability of the OSM layers and comprehensiveness of the data attributes for the area of 
interest (Estima & Painho, 2015).

Figure 11. Comparison between the roads detected in the first and second round of classification 
(roads are mapped as black lines). Roads in the first round of classification are not continuous and 
represent some noise. Unlike the first-round results, street lines in the second round are mainly 
unbroken and demonstrate a high level of precision that is represented in Table 3.
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According to the results from the second round of classification, urban areas with small 
building blocks and narrow streets in between were effectively detected and mapped as 
informal settlements (Numbers 1–3, 5, and 6, Figure 12). The detected areas fit in the 
simple definition for slums or informal settlements that are “heavily populated urban 
areas characterised by substandard housing” (UN-Habitat, 2007). However, in some poorly 
developed or deprived areas, both formal and informal settlements might be similar in 

Figure 12. Sample areas (Nos. 1–6) for magnification of the informal settlement detection by RF.
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terms of structural features, such as the size of building blocks and the width of streets. In 
this case, OSM does not enhance the satellite image classification. Conversely, it might 
compromise the classification result if the training data is only developed based on the 
structural features guided by OSM. This is because additional factors should also be 
considered when developing the training set. For instance, formal settlements might 
have been built with stronger materials that create different colour compositions on the 
satellite image. By ignoring the housing quality and rooftop material in the training step, 
all the settlements might be selected as the training points for one class.

Although this can be considered as a limitation of applying OSM, it can be dealt with by 
experts who conduct a precise visual interpretation. This finding supports two points 
regarding the detection of informal settlements through satellite image classification: 
firstly, the importance of the rigorous sampling that has also been emphasised in previous 
research (Abdi, 2020) by considering all the physical and structural features; and secondly, 
the potential of using OSM to enhance the diligence of sampling when clear structural 
differences exist between formal and informal settlements.

In Jakarta, in some areas, the structures of formal and informal settlements are 
significantly different. These areas are well categorised in the second round of classifica-
tion. In Figure 12, samples numbers 1, 2, 4, and 5 represent how the clusters of red pixels 
(informal settlements) match with visually noticeable irregular built-up areas in VHR 
Google Earth Image. This suggests that, despite the medium spatial resolution of 
Landsat 8, the RF algorithm with the help of OSM can perform effectively for the detection 
of informal settlements.

Conversely, in the case of the complex mixture of formal and informal settlements in 
the urban fabric (Number 6, Figure 12), accurate detection of the informal settlements is 
not achieved. This is because the two classes are intricately interwoven and they do not 
produce recognisable colour composites on Landsat 8. In addition, in some areas 
(Number 3, Figure 12) the formal built-up has been selected as informal. From the visual 
comparison of informal areas detected in FR classification and the pattern of built-up 
areas in VHR Google Earth Image, it can be inferred that this might be due to the similarity 
between the colour composite of the pixels in both settlements.

In Jakarta’s informal settlements, roofs are mainly built of grey shaded material (The 
World Bank, 2015). In addition, home blocks are very close to each other without notice-
able trees or vegetation (UN-Habitat, 2013a). These physical features produce a specific 
colour composite on Landsat 8 pixels that is more blue and grey. Conversely, the colour 
composite is more green and brown in the formal built-up areas due to the availability of 
more green space and type of roofing material (Figure 13). The formal areas detected 
wrongly as informal in RF classification demonstrate similar features with a grey shade for 
roofs and no vegetation (Number 3, Figure 12). This similarity, which can be observed in 
high density urban areas, can be misleading for the algorithm, particularly when classify-
ing medium resolution satellite imagery.

Generally, while OSM can boost the detection of structurally distinctive informal 
settlements, it might deteriorate the classification results if additional physical features, 
such as the rooftop materials, are ignored during the training time.

Apart from the misclassification and overfitting issues in some areas, the resulting map 
is also noisy with several dispersed points selected as informal settlements. This is due to 
the relatively lower level of precision in comparison to accuracy. ACC refers to the level of 
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trueness or bias, which indicates how close the average value of the results is to the true 
value. On the other hand, PPV shows the noise that ends up as a random component (Lu 
et al., 2004). Given the concept and application of ACC and PPV, several isolated pixels 
detected in both round 1 and 2 of classification can be omitted. Furthermore, the clusters 
can be a better representative for informal settlements.

This result suggests that although RF has proven to be effective in the differentiation between 
similar classes (Rodriguez-Galiano & Chica-Rivas, 2014), misclassification can also be observed 
when applying the algorithm on MR to divide built-up areas into formal or informal settlements. 
The presented method enhanced the accuracy of the informal settlements when applying RF on 
Landsat 8. However, due to the diversity of the physical characteristics of the informal settle-
ments, one method will not be applicable to all areas. The application of the presented method 
will be limited to the areas where formal and informal settlements encompass distinctive 
structure, pattern, and physical features, such as roof materials. In this study, the training points 
were developed based on available data sources (2015 Jakarta’s informal settlements map) 
which should be replaced with visual interoperation in cases where there is no current evidence. 
Visual interpretation is a process that takes time, especially for larger-scale contexts such as 
a country. This limits the application of the proposed method to relatively small-scale scenarios, 
such as a city.

5. Conclusions

It is estimated that informal settlements accommodate 25% of the urban population (UN-Habitat, 
2013b). This remarkable share of the world’s urban population is the most vulnerable and least 
recognised in planning and management practices (Rumbach & Shirgaokar, 2017; UN-Habitat, 
2014). Informal settlements have also received limited acknowledgment in the global efforts to 
reach Sustainable Development Goals (SDGs), despite its main slogan saying ‘leave no one behind’. 
This is due to the lack of statistical and census data about the settlements. The initial step to address 
this is deemed to be the act of detecting informal settlements within urban areas, yet monitoring 
and upgrading them is one of the biggest challenges.

Figure 13. Colour composite of Landsat 8 pixels in formal vs. informal built-up.
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Although high resolution remotely sensed data and particularly satellite images pro-
vide the opportunity to detect informal settlements, the drawback is still the lack of 
accessibility as a cost-prohibitive data source. In the current study, the application of 
random forest algorithm (RF) for the detection of informal settlement on freely available 
Landsat 8 has been tested through two complementary approaches for developing the 
training set. In the primary approach, the training samples were developed applying two 
methods: using available databases (the most current map for informal settlements); and 
visual interpretation method using VHR. In the secondary or complementary approach, 
OpenStreetMap (OSM) has been used for building the sample set for the classes with the 
least accuracy and precision in the first round of classification.

The comparison between the results from the first and the second round of classification 
showed that OSM can be used as a complementary data layer to enhance the rigor of 
developing the training set, as well as making the detection of informal settlements more 
accurate. However, the results showed that OSM is helpful when distinctive structural features 
exist between formal and informal settlements (e.g. different building size or street width). 
Consequently, the method does not enhance the classification in the areas where formal and 
informal settlements are structurally similar. Additionally, in case the training relies only on 
OSM, some physical features such as the rooftop materials that create unique colour compo-
sites might be overlooked. So, in this sense visual interpretation is unavoidable.

The final limitation of applying OSM relates to the validation issue of the open data and 
availability of the data with the required data attributes. Based on the aim of classification, 
required data might not be available through the OSM of the area of interest. In addition, 
OSM as a Volunteered Geographic Information (VGI) is less reliable in comparison to the 
data provided by authorities, such as maps created by government agencies. Nevertheless, 
the opportunities that OSM provides has made it a competitive source of data. Furthermore, 
several methods exist that can be used to validate OSM, such as the ground check: 
comparing with the available data from other sources such as government prepared 
maps or Google maps for the physical features.

In addition to the limitation of using OSM, the results reveal another impediment that 
exists in the detection of informal settlements on Landsat 8, which is overfitting and mis-
classification of formal areas as informal, or vice versa. This is due to the similarity of the 
Jakarta’s informal and formal areas’ colour composite on Landsat 8. This might happen due to 
the similarity of the roof materials in both classes, the mixture of formal and informal blocks in 
some urban areas, or closeness of the building blocks or lack of green spaces in the formal 
settlements which is mainly a physical attribute of the informal urban fabric.

Overall, the findings confirm the application of the proposed workflow as a cost-effective 
way to detect informal settlements. However, considering the impediments and the necessity 
for visual checks, the application of this method best suits the areas not bigger than a city 
where: 1) informal and formal settlements are structurally diverse; 2) major differentiations 
exist in roof materials of the settlements; and 3) formal and informal settlements are not well 
linked, if at all.

The proposed workflow supports the operation of remote sensing to facilitate an 
inclusive movement towards the achievement of SDGs to develop a more resilient and 
sustainable future for all communities. However, future studies must be conducted on the 
validation of OSM to enhance the reliability of this data source.
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