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ABSTRACT 

 

With rapid urbanization leading to the proliferation of 

deprived urban areas (often referred to as “slums”) in sub-

Saharan Africa, there is a growing number of city dwellers 

living in inadequate housing conditions and being exposed 

to multiple hazards. In this context, Earth Observation has 

the potential for filling gaps in spatial data availability and 

thereby support evidence-based policy making. We assess 

the potential of free open-source software, open dual-pol 

SAR and optical imagery (Sentinel-1 and Sentinel-2), and 

open global datasets for producing accurate city-scale maps 

of areas having morphological characteristics of deprivation. 

Implementing a grid-based machine learning approach, we 

evaluate different combinations of spectral and spatial 

Sentinel features, and features from global data. The results 

show that a high accuracy can be reached with the best 

combinations. Since publishing maps with hard labels (e.g., 

deprived vs. non-deprived areas) could raise ethical 

concerns or even lead to misuses, the output is provided as 

gridded morphological deprivation probability maps. 

Index Terms— Sentinel-1, Sentinel-2, random forest, 

slum, deprived urban areas. 

 

1. INTRODUCTION 

 

African countries are rapidly urbanizing, with population 

growth in urban areas currently reaching an annual average 

of about 3.50% [1]. Due to capacity constraints in managing 

this fast evolution, sub-Saharan African (SSA) cities are 

faced with a proliferation of deprived areas, usually referred 

to as “slums”. They are highly diverse and there is no 

consensus on what a slum is, but from a morphological 

point of view, their typical features include high-density 

irregular patterns of small buildings, a scarcity of green 

spaces, haphazard street layouts, and unfavorable/hazardous 

locations such as slopes, flood plains, and areas exposed to 

nuisances or pollution [2], [3]. 

As most of the SSA urban population currently lives in 

slums, there is a crucial need for monitoring tools at the city 

scale for supporting progress towards the Sustainable 

Development Goals (SDGs), and in particular SDG 11. To 

address the current gaps in spatial data, generic Earth 

Observation (EO) methods should be developed for 

producing morphological deprivation maps covering entire 

cities. However, despite an increase in studies in this field, 

up to now, most of the efforts have focused on small areas 

and specific sites [3], [4]. Furthermore, when mapping 

deprived urban areas, potential misuses and ethical concerns 

must be taken into consideration. Gridded probability maps 

are a good trade-off for providing a sufficient level of detail, 

while avoiding unwitting exposure of vulnerable 

populations to the misuse of EO products. 

In this context, we assess the potential of free open-

source software (FOSS), free satellite imagery, and free 

global datasets for producing city-scale gridded probability 

maps of deprived areas. Our objective is to pave the way to 

the development of low-cost, scalable, and transferable 

methods that allow for frequent updates, as deprived urban 

areas are generally highly dynamic. Unlike previous work 

that explored the potential of very-high resolution Google 

Earth imagery with similar guiding principles [5], our study 

focuses on Sentinel-1/2. 

Since our EO approach only captures physical 

characteristics of deprived urban areas (known as “the 

morphological slums” [6]), the outcome needs to be 

combined with other input, e.g., from urban communities 

and stakeholders, for taking into account the multiple 

aspects of urban deprivation [3]. 

 

2. METHODOLOGY AND RESULTS 

 

5.1. Study area and data 

 

The study area covers the city of Nairobi, Kenya, where the 

heterogeneity in deprived areas is significant. Besides 

“typical” slums, with packed poor-quality buildings and no 

structured street layout (in large areas or small pockets), 

there are “atypical” large deprived areas that are less dense, 

comprise more durable buildings, and display some basic 

structure in the street network, while still being 

underserviced and not formally developed [7]. The area of 

interest (AOI) of ~650km² was defined as the union of 

administrative boundaries, and morphological boundaries 

based on the Global Human Settlement Layer Urban Centre 

Database [8], excluding the Nairobi National Park.  

As far as satellite imagery is concerned, we used 

Sentinel-1 (S1) and Sentinel-2 (S2). Since S2 availability is 

affected by persistent cloud cover over tropical and 

equatorial regions, a cloud-free temporal composite (first 

quarter of 2019), atmospherically corrected and resampled 

to a common resolution of 10m for facilitating processing, 
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was ordered through the Copernicus Sentinel-2 Global 

Mosaic (S2GM) service [9]. Being composites and not 

syntheses, these products have some drawbacks, notably the 

presence of noise and missing pixels in areas of strong 

reflectance. However, this was not problematic for our 

analyses, and no additional pre-processing was required, 

except for filling gaps due to missing pixels. We used all S2 

bands, except for B1 (coastal aerosol), B9 (water vapor) and 

B10 (cirrus). Besides, we used dual-pol (VV+VH) 

Interferometric Wide swath mode (IW) S1, as it is routinely 

collected over land, and widely available. We used a set of 

10 S1 IW SLC, acquired at dates matching the acquisition 

period of the S2 images. The rationale for using a time 

series of 10 datasets is that temporal averaging contributes 

to reducing noise inherent to SAR data. S1 pre-processing 

was carried out in SNAP. Temporal averages of VV and VH 

intensity were calculated using all S1 images. 

Interferometric coherence was calculated between 6 pairs of 

images acquired at close dates (with a 12-day interval), and 

averaged. The pre-processed S1 products were co-registered 

to S2. The graphs that were developed for pre-processing S1 

can easily be used to replicate the operations on other cities. 

Ancillary open global datasets include (i) a preliminary 

version of the World Settlement Footprint (WSF) 2019 - 

which is an improvement of WSF 2015 - a new global layer 

with a spatial resolution of 10m that outperforms all other 

similar layer such as GHSL, GUF and GLC30 [10], (ii) 

void-filled SRTM GL1 v3 data at a spatial resolution of 

30m, and (iii) OpenStreetMap (OSM) features with a good 

global coverage (i.e., roads, railways and city centers). 

 

5.2. Classification scheme and sampling 

 

The spatial units used in our study are 50m x 50m grid cells, 

corresponding to 5x5 S2 pixels (Fig. 1). One of the assets of 

gridded layers is their high spatial transferability potential. 

Many existing regional and global gridded layers are based 

on 100m x 100m cells, but this size was considered too 

coarse for mapping deprived areas, especially for cities with 

small slum pockets. 
 

   

 

 

Fig. 1: A 50m x 50m grid cell in a typical deprived area of 

Nairobi. From left to right: very-high resolution imagery (Google 

satellite), S1 intensity composite, and true color S2. 

While a simple binary distinction between slum and 

non-slum would be sufficient for our purpose, we designed a 

more detailed classification scheme for reducing intra-class 

heterogeneity. Eight land-use/land-cover (LULC) classes 

were defined (Table 1), including 2 classes of deprived areas 

(type 1 or “typical”, and type 2 or “atypical). 

We labelled 3962 samples (i.e., grid cells) according to 

the dominant LULC, by visually interpreting VHR Google 

imagery, checking Google Street View where available, and 

using an existing (outdated) layer outlining slums that was 

obtained through local contacts. The sample set was 

randomly partitioned into training and test samples. 
 

Table 1: LULC classification scheme and sample number 

Class Train Test  Label 

1 369 182  High to mid-density built area 

2 365 180  Low-density built area 

3 375 185  Industry/Large structures 

4 336 166  Paved ground/Bare ground 

5 377 185  Vegetation 

6 95 47  Water 

7 364 179  Deprived urban area (Type 1 – “typical”) 

8 373 184  Deprived urban area (Type 2 – “atypical”) 

 

5.3. Feature extraction 

 

We developed an automated workflow for creating neo-

channels and extracting spectral and spatial features using 

GRASS GIS and Python, in a Jupyter Notebook.  

Despite the spectral richness of S2, few studies have 

assessed the contribution of S2 spectral indices to slum 

mapping. The S2 spectral indices that we computed belong 

to three main categories, namely vegetation indices, 

water/moisture indices and built-up indices. For S2 spatial 

features, the main challenge is linked to the size of the 

kernel. Since nested texture characteristics are likely to 

occur in slums that may appear as homogeneous on a small 

scale and heterogeneous on a large scale, different kernel 

sizes were used (3x3, 11x11, 19x19). Besides GLCM 

textures, we computed PanTex and Structural Feature Sets 

(SFS) in OTB. 

S1 is being widely used in urban remote sensing, 

mostly for differentiating built-up from non-built-up areas 

and producing binary settlement masks (or ‘urban 

footprints’), but fewer studies have addressed the 

classification of different urban forms with this type of data. 

Emphasis was put on spatial features, with more GLCM 

metrics than for S2, and the use of several filters, e.g., the 

Diagonal Compass Edge Detector, sharpening high-pass 

filters, gradient detectors, and the Laplace filter that 

enhances discontinuities. 

A small number of ancillary features were also used in 

the process. The WSF layer was reclassified to binary 0-1 

values. SRTM was used to calculate geomorphometric 

features. Ten landforms (e.g., valley, flat, summit etc.) and a 

metric of relative elevation were derived using 

geomorphons [11]. A slope layer was also produced. 

Besides, we aggregated four types of OSM roads, namely 

“primary”, “secondary”, “tertiary” and “residential”, 

generated nodes every 100 m along each road, and 

calculated the node density in a 500m-radius kernel as a 

measure of relative road density. OSM data were also used 
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to compute the distance to highways and railways, and the 

distance to the city center.  

Univariate statistics were calculated in 50m x 50m grid 

cells on the original bands and neo-channels, extracting over 

2000 features in total. 

 

5.4. Feature selection and LULC classification 

 

Feature selection reduces computational time, potentially 

improves classification accuracy, and creates parsimonious 

models that are more transferable [12]. We used the 

Variable Selection Using Random Forest (VSURF) 

algorithm [13] in R to select the most predictive features, for 

a set of combinations. In each case, the initial large set of 

features was considerably reduced (from several hundreds to 

10-38 features). 

We performed random forest LULC classification in R, 

for different feature combinations, to compare their 

potential. The results were validated with an independent 

test set, by computing the accuracy matrix and derived 

precision, recall, and F1 score for each class. Table 2 gives 

the metrics for the two classes of deprived urban areas, and 

Fig. 2 shows the feature importance for Class 7 (with S1, S2 

and ancillary features) as an example. 

 
Table 2: Accuracy metrics relating to Class 7 ‘Deprived urban area 

(type 1, typical)’ and Class 8 ‘Deprived urban area (type 2, atypical)’ 

 
 

In all combinations, the accuracy (F1) is higher for 

Class 7 than for Class 8, which can be explained mostly by 

confusions occurring between Class 8 and Class 1 (High to 

mid-density built area) as these classes are even sometimes 

difficult to differentiate visually. Using solely S2 features 

already provides fairly good results for Class 7, and adding 

ancillary features is beneficial, as accuracy then rises to over 

0.90 for Class 7 and 0.85 for Class 8. The combination that 

consists of S1 features ranks last, and the difference with 

other combinations is considerable. Nevertheless, when 

adding ancillary features, F1 rises to over 0.85 for Class 7, 

and 0.80 for Class 8. The joint use of S1 and S2 features 

results in a substantial improvement compared to the sole 

use of S1 or S2 features, for both classes. When adding 

ancillary features, the F1 score is close to what was obtained 

with combined S2 and ancillary features. 

Precision and Recall must also be considered, for 

selecting the best combination according to specific user 

requirements, balancing the risk of unduly stigmatizing 

areas with the risk of overlooking areas that require 

attention. 

 

 

Fig. 2. Feature importance for Class 7 (S1, S2, ancillary). The most 

important predictor is the Mean of NDMI (B8A-B11)/(B8A+B11) 

 

5.5. Morphological deprivation probability 

 

Since our aim is to avoid providing a hard LULC map 

to end-users, we mapped the sum of the probability of Class 

7 and Class 8 that can be interpreted as the morphological 

deprivation probability (Fig. 3). By adjusting the class 

limits, users can tailor this product to their needs. 

Probabilities contain some information on uncertainty, but 

additional uncertainty information can be provided, e.g., by 

overlaying thresholded Shannon’s entropy or Equivalent 

Reference Probability (ERP) as a mask. 

  

4. CONCLUSION AND OUTLOOK 

 

Our results are encouraging and suggest that city-scale 

gridded morphological deprivation probability maps can be 

produced using FOSS and freely available datasets. Typical 

slum-like areas with packed buildings and unstructured 

street layout are particularly well captured, whereas there is 

still room for improvement in distinguishing atypical 

deprived areas from formal residential areas. Further 

research will incorporate local field knowledge in the 

process to this end. 

The next steps will tackle the spatial transferability of 

the method to other SSA cities. The fact that it is mostly 

automated, based on the use of grid cells and that only small 

feature sets are required for obtaining high accuracies are 

valuable assets. The manual procedure of sample labelling is 

the part of the workflow that needs to be minimized. 
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Fig. 3. Left: Citywide map of the morphological deprivation probability in Nairobi, Kenya (S1, S2 and ancillary features). Right: 

Morphological deprivation probability (50m x 50m) overlayed on Google imagery, without (top) and with (bottom) a Shannon Entropy 

mask for discarding uncertain cells. 
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