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1 ABSTRACT 

Climate change is reshaping societies. As we see more and more people moving to urban areas an ever-
increasing number settles in low-cost and more hazardous areas. However, due to the rapid growth and sheer 
scale of informal settlements, knowledge gaps often exist on location or quantity. In this sense, Earth 
Observation combined with machine learning techniques allows to generate reliable geo-information. In this 
study, we classify the morphologically heterogeneous entire urban area of Medellín, Colombia into urban 
structural types. We do this by the Local Climate Zone (LCZ) scheme. Our specific focus is on one structural 
type, i.e. informal settlements. We test whether it is feasible by the LCZ concept to localize and quantify 
these vulnerable areas. The LCZ scheme is generic, replicable, neutral, and has become widespread in urban 
studies. We use urban blocks to perform a scene-based image classification into nine LCZs. We refer to 
multi-modal remotely-sensed data: high-resolution multispectral image data and elevation data. We apply an 
optimized random forest algorithm using shape metrics, as well as spectral and texture features. In general, 
we find the LCZ classification, measured with an overall accuracy of 82%, shows a reliable representation of 
urban typologies and functions across the city. Specifically, we compare the urban blocks classified as the 
LCZ lightweigth low-rise to the informal settlements provided by the city of Medellín. Here we reach an 
agreement of 86%. Besides, our approach complements the official dataset by including recently developed 
areas which are not yet considered by the city. 

Keywords: Earth Observation, Machine Learning, Informal Settlements, Random Forest, Local Climate 
Zone 

2 INTRODUCTION 

Climate change and upgrading living conditions are two well known push and pull factors of the rural-urban 
movement and migration between countries. Urban areas are now home to the majority of the world’s 
population and are expected to record a continuous flow of migrants (UN, 2019). Cities have a higher 
economic growth, more opportunities, better access to education, health, employment, and in general, many 
services that makes moving to a city seem attractive (Glaeser, 2011). But it can also be disadvantageous, 
since cities are more unequal than rural areas, i.e. wealth coexists with severe deprivation (UN, 2020). 
Besides, climate change displaces people due to a higher frequency of natural hazards like wildfires, storms, 
or droughts, and making some places less livable and productive, which results in an ever-increasing number 
of people migrating to cities (Adger et al., 2020). 

The Sustainable Development Goals (SDGs), set by the United Nations in 2015, pursue a sustainable future 
for people and the planet by ending poverty and addressing social needs, while protecting the environment 
and fighting climate change (UN, 2015a). Cities as a habitat for more than half of the world’s population are 
crucial for the successful implementation. Thus, the functioning and evolution of urban systems have been in 
the spotlight for planners, policymakers and researchers (e.g. Lobo et al., 2020; Oliveira, 2016), and several 
studies have been conducted in this regard. For instance, the impact of the morphology and functions of a 
city on many different factors, such as heat distribution and ventilation performance (e.g. Zhao et al., 2020; 
Jin et al., 2018a), air and noise pollution (e.g. Han et al., 2018; Edussuriya et al., 2014), or resilience in case 
of natural hazards (e.g. León & March, 2014). Moreover, a recent study evidenced that spatial structure in 
cities is indeed related to the quality of life and sustainability, the configuration of urban structural types 
within cities is linked to socio-economic functions (Sapena et al., 2021).  

Within the urban conglomerate informal settlements are underdeprived neighborhoods, which lack basic 
services (UN, 2015b) and are often located in low-cost and more hazardous areas of the city as a result of 
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low urban planning capacities and failing formal land markets. Especially in the Global South they are part 
of the persistent contemporary urbanization process (Stark et al., 2020; Kuffer et al., 2016; Lall & 
Deichmann, 2012) and even though they often represent a large proportion of the population, there is a 
general lack of understanding about their role within the city (Patel & Baptist, 2012). Besides, due to their 
high dynamic and rapid growth rates (Kraff et al., 2020), frequent monitoring in near real-time and high 
resolution data is necessary (Mahabir et al., 2018) in order to produce valuable information for governance, 
risk assessment studies, etc. (e.g. Wurm et al., 2019; Kuffer et al., 2018). 

Earth observation (EO) enables the creation of up-to-date, consistent and extensive information on urban 
environments with a high degree of objectivity, transferability and automation (Voltersen et al., 2014). The 
characterization of large-scale urban morphology relies on remote sensing data and methods. Depending on 
available satellite images and objectives, different classification methods, e.g. parametric/nonparametric 
supervised/unsupervised, pixel-/object-/scene-based (Tsoeleng et al., 2020; Liu et al., 2017; Phiri & 
Morgenroth, 2017; Zhang & Du, 2015), can be used to classify the urban land cover. However, regarding 
informal settlements, their intra- and interurban variability makes their identification sometimes difficult 
(Stark et al., 2020; Taubenböck et al., 2018; Kuffer et al., 2016).  

Image classification into land use types is an important source of information for urban studies, however, it 
often lacks three-dimensional information (Wentz et al., 2018). Therefore, the characterization of cities into 
urban structural types and land cover with the Local Climate Zone (LCZ) classification scheme (Stewart & 
Oke, 2012) produces high-level semantic data by adding information on urban form and function to 
traditional land use legends and it has great potential that is worth exploring. LCZs represent the strcutural 
appearance of cities in a conceptually consistent manner, is intuitive and replicable. The classification 
scheme comprises ten built-up structural types and seven natural land cover types with uniform surface 
cover, structure, material, as well as human acitivity, having inherent information on the physical 
composition of cities, by their density, building types, heights, greenness, and land cover (Taubenböck et al., 
2020; Bechtel et al., 2015; Stewart & Oke, 2012). Even though LCZ were originally created for urban 
temperature studies, now the concept is becoming popular in many other research areas. Some examples are: 
urban planning, risk assessement, building energy consumption or human health, to name a few (Xue et al., 
2020). 

With this background, in this study we aim to physically characterize the complex urban agglomeration of 
the city of Medellín, Colombia. We specifically focus on the identification of informal settlements using 
high-resolution EO data and additional geospatial datasets based on machine learning techniques. In doing 
so, we test the suitability of the LCZ concept to locate and quantify informal settlements. 

3 MATERIAL AND METHODS 

In this section we introduce the study area, describe the datasets used as well as their pre-processing steps 
and explain the methodology and validation proposed for the classification of urban structural types using 
EO data. 

3.1 Study area 

Medellín is the second largest city in Colombia, the capital of the Department of Antioquia and of the 
Metropolitan region of the Aburrá Valley. The latter forms a political and administrative unit of ten 
municipalities (Garcia Ferrari et al., 2018). The municipality of Medellín had around 2.4 million inhabitants 
in 2018 (DANE, 2018). Our area of interest (AOI) is represented by urban and expansion areas, as well as 
the urbanizing regions outside of the official urban border (Fig.1). Urban expansion areas are in the process 
of being added into the administrative urban border within the current planning period (2014 – 2027), but are 
not yet fully included (Alcaldía des Medellín, 2014 a, b), while urbanized areas are defined in this study as 
the regions at the border of the city, which are urban but not yet included in the official urban and expansion 
areas, characterized mostly by informal settlements in the official rural part of the city (Fig.1, in blue). 

3.2 Data 

This section introduces the data used for the classification into urban structural types (detailed 
methodological explanation in 3.3.1) and for the validation of identified informal settlements (detailed 
methodological explanation in 3.3.2). 
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Fig. 1: Location of the study area: Urban, expansion and urbanized areas in the Municipality of Medellín within the Aburrá valley in 
Colombia. A PlanetScope image is used as background (Planet Team, 2019). 

3.2.1 Input data and pre-processing steps 

The first objective of this study is to classify Medellín into urban structural types with the LCZ concept. 
Therefore, we combine satellite data, elevation data, and open administrative geo-information. First, we use 
high-resolution image data (3m/pixel) from the PlanetScope constellation (approximately 130 satellites) 
launched in November 2018 and scanning the earth’s surface every day, providing scenes with four spectral 
bands: red, green, blue and near infrared (RGB NIR; Planet Labs Inc. 2021). We acquire 13 scenes with 0% 
cloud coverage from the 1st of January 2019 to build one image mosaic covering the Aburrá valley (Table 
1). By combining the different bands, we initially calculate the Normalized Difference Vegetation Index 
(NDVI), a spectral index showing the normalized difference between the red and infrared bands and 
providing spectral information on vegetation greenness (Rouse et al., 1973). This index has been widely used 
in land-use/land-cover (LULC) classifications to improve the performance of the classifier (Weigand et al., 
2020; Jin et al., 2018b). Thereafter, we calculate the Grey Level Co-occurrence Matrix (GLCM) for each 
visible band (RGB), a method proposed by Haralick et al. (1973), and we extract eight textural features: 
mean, variance, homogeneity, contrast, dissimilarity, entropy, second moment and correlation. The use of 
texture improves classification results since it mitigates confusion between spectrally similar classes (Li et 
al., 2014a; Vadakkenveettil et al., 2012). Secondly, we use an open digital elevation model (DEM) from the 
year 2019 covering the Aburrá valley with a spatial resolution of 10m that provides the height for each pixel 
(Table 1). The DEM is utilized to calculate the slope for each pixel, used as additional feature in the 
classification. Thirdly, we use the boundaries of the urban blocks from the administrative planning 
department of Medellín (Table 1) as polygons to perform a scene-based image classification into the urban 
structural types (see section 3.3). Compared to the spatial units of pixels and objects, scenes as a collection of 
different objects have the ability to provide high-level semantic information on urban functions, land use 
patterns and environmental issues, additional to LULC information (Liu et al., 2017; Zhang & Du, 2015). 
For each polygon from the urban blocks (i.e. scenes), we compute two well-known shape metrics: the 
compactness and shape index. The former indicates the compactness of a polygon, and the latter gives 
information on the overall shape complexity, both are calculated following the formulas by Jiao et al. (2012). 
Finally, we combine the four spectral bands, the NDVI, the twenty-four texture features (eight per band) and 
the slope with the urban blocks for the scene-based image analysis. We use the polygons as spatial reference 
to extract ten statistics for each scene: the mean, median, standard deviation, minimum, maximum, range, 
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variance, minority, majority and variety. To summarize, each scene stores 302 features composed by 50 
spectral, 240 textural, 10 topographical and two shape metrics. 

3.2.2 Informal settlements reference data 

The second objective of this study is testing the ability of remote sensing to identify the specific structural 
type of informal settlements using the LCZ scheme. As reference data for the validation we use the Land Use 
Treatments (Table 1) from the official Land Use and Zoning Plan 2014 (Plan de Ordenamiento Territorial, 
POT) published by the city of Medellín. The POT 2014 defines the economic, environmental, urban, and 
social future of the city from 2014 till 2027. The treatments are homogeneous morphological areas that have 
different management strategies. For the validation we use two specific treatments: Comprehensive 
improvement (Mejoramiento Integral, MI) and Consolidation level 3 (Consolidación Nivel 3, CN3). The 
former are areas of incomplete and inadequate development, located on the edges of the city with low living 
conditions due to marginality and socio-spatial segregation, poverty, limited development opportunities and 
access to essential public services. CN3 areas already show a more stable development trend, but still have a 
deficit of several indicators like public space and services, or road infrastructure (DAP, 2014). We use the 
treatments MI and CN3 as a reference data since the city administration considers them as precarious 
settlements (Alcadía de Medellín ISVIMED, 2019, p.116). In this study this is taken as a proxy for informal 
settlements since “precariousness” or “precarious settlement” are often used as a characteristic or synonym 
of informal settlements (e.g. Furtado & Renski, 2021). 
Dataset Description Resolution Year Source 
Classification input data 
PlanetScope 
mosaic 

It is a satellite image mosaic with four bands (red, green, blue and 
near infrared). 

3 meters/pixel 2019 (Planet Labs Inc., 
2021; Planet Team, 
2019) 

Elevation It is a digital elevation model covering the Aburrá valley. 10 meters/pixel 2019 (AMVA, 2019) 
Urban blocks It consists of the lower administrative level and usually covers 

buildings, green space and pavement. 
- 2019 (DAP,2019) 

Informal settlements reference data 
Land Use 
Treatments  

They define the objectives of development in the municipality, 
guide the actions required to achieve the policies and objectives 
established for the land and occupation model of the territory in 
the framework of the Land Use and Zoning Plan (POT 2014). 

- 2014 (POT, 2014); 
(DAP, 2014) 

Table 1: Description of datasets used for the classification and validation. 

3.3 Methodology 

In this study we perfom a scene-based LCZ classification by means of the machine learning algorithm 
Random forest (Breiman, 2001). For the classification we use the LCZ concept adapted to Medellín. Initially, 
we identify eight built-up LCZ classes in the AOI, as shown in Fig. 2 (1- 8). Moreover, to meet the local 
conditions, we adapt the standard LCZ scheme: we create a new LCZ consisting of coexisting high-rise, 
midrise and low-rise compact structures within one urban block (Fig. 2, 9). In a second step, after the 
classification, we extract and compare the lightweight low-rise LCZ (Fig. 2, 7) against the reference data 
(section 3.2.2). The lightweight low-rise class represents informal settlements from a morphological 
perspective. It is defined mainly by lightweight construction materials (bricks, wood and metal) with one to 
three stories in compact arrangements. The land cover often consists of paved or hard-packed soil and few 
trees.   

3.3.1 Random Forest classification and validation 

Random forest (RF) is a supervised and nonparametric ensemble classifier that has been shown to produce 
high accuracies for LULC classifications (e.g. Weigand et al., 2020). The classifier uses decision trees to 
apply the class membership by the majority rule. The number of trees must be sufficient to get high 
accuracies; therefore, we use the default value of 500 (Maxwell et al., 2018). In this study we use the 
‘randomForest’ package in R (https://www.r-project.org/). The RF algorithm relies on ground truth sample 
data to train the model and validate its performance. The quantity, quality, and representativeness of the 
sample data is decisive for the accuracy of the classification (Li et al., 2014b). In this study, we manually 
create 1,120 blocks with ground truth information by means of Google Street View image interpretation. The 
number of samples per LCZ is determined depending on their representation in the city. The number of 
samples is shown in Fig. 3 (top right). To measure the accuracy of the RF model we split the sample data 
into training data (50%) to fit the model and test data (50%) for the validation. However, the splitting into 
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training and test data is done randomly, as well as the generation of the decision trees; therefore, the impact 
of randomness has to be considered. For this reason, we follow the steps proposed in Weigand et al. (2020) 
and create 100 different RF models (with different sample splittings and trees), and select the one with the 
highest Overall Accuracy (OA; Congalton, 1991) measured with the test samples. Then, we calculate the 
Producer’s (PA) and User’s accuracies (UA), these statistical measures provide information on the 
performance of each individual LCZ. We also remove features from our set that lower the accuracy. After 
quantifying and reporting the accuracies, the best performing model is applied to all urban blocks (in total 
10,515) to create the final LCZ classification map. 

 

Fig. 2: The nine Local Climate Zones (LCZ) present in our AOI. The photos (from © Google Street View 2021) are examples for the 
physical expressions of the LCZ classes in our AOI, while the 3D representations are the definitions based on Stewart & Oke (2012). 

3.3.2 Evaluation of informal settlement identification 

On one hand, we assess the ability of the model to detect informal settlements by means of the UA and PA of 
the lightweight low-rise (LLR) class. On the other hand, we compare the area and spatial distribution of the 
LLR urban blocks to the informal settlement reference data. This evaluation is conducted by overlaying the 
area of the LLR urban blocks with the area of the reference data and deriving the confusion matrix and 
accuracy statistics. 

4 RESULTS  

This section explains the results of the accuracy assessment of the LCZ classification and the operability of 
the LCZ concept to remotely detect informal settlements. 

4.1 Classification of LCZs 

The classification of the urban blocks into LCZs using the best performing RF model has an OA of 81.9%. 
The resulting map, shown in Fig. 3 (left), separates the morphology of the city into different urban structural 
types. The distribution shows a cluster of commercial and production site urban blocks along the Medellín 
river comprised of large low-rise areas as well as a cluster of compact high-rise, mid-rise and mixed 
structures in the heart of the city. Open high-/mid- and low-rise structures are predominant in the southeast 
of the city, where the social status is comparably higher, and LLR areas are located mostly in the (north-
)eastern and (north-)western edges of the city in increasingly hilly and steep terrains (Garcia Ferrari et al., 
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2018). The accuracy assessment for each individual class (Fig. 3, bottom right) shows that more than half of 
the LCZs have a UA of above 70%, up to 90%, which indicates that only in around 10% to 30% of the cases 
the classification result deviates from the sample data, i.e. the actual LCZ is different to the predicted class. 
The PA shows fairly high values for the same LCZs. The highest PA is measured for LLR with over 96%, 
meaning only 4% of the sample data was underestimated and not classified as LLR. The high UAs for 
compact high-rise and compact midrise LCZs originate from zero missclassifications, as can be seen in Table 
2. But the results have to be interepreted together with their PAs, which are very low. This indicates that a 
large amount of sample data representing these two LCZs were not correctly classified by the model, which 
can be interpreted as underclassification. These contradictory accuracies result from the class 
underrepresentation in the city, and therefore having particularly small sample sizes, making it difficult to 
distinguish them from other classes. Especially the LCZ compact mixed is classified instead of compact 
high-rise and midrise (see Table 2). A similar problem occurs for the LCZs open midrise and low-rise. For 
the UA and PA, having both rather moderate outcomes, Table 2 reveals confusions with other LCZs. 

 

Fig. 3: Left: Local Climate Zone (LCZ) classification of Medellín, Colombia. Top right: Count of samples per LCZ class, determined 
based on their representation in the city. Bottom right: Accuracy assessment of the LCZ classification, represented by the User’s 

(UA), Producer’s accuracy (PA) as well as the Overall accuracy (OA). 

  Sample data (ground truth)  
 LCZ 1 2 3 4 5 6 7 8 9 total 

C
la

ss
if

ic
at

io
n 

1 1 0 0 0 0 0 0 0 0 1 
2 0 2 0 0 0 0 0 0 0 2 
3 1 5 112 0 2 4 4 2 3 133 
4 0 0 0 20 2 0 0 0 0 22 
5 2 1 0 1 16 7 0 0 0 27 
6 0 1 1 0 0 9 1 0 0 12 
7 1 2 9 5 12 7 217 2 1 256 
8 0 0 1 1 0 0 1 34 2 39 
9 6 7 4 1 0 1 1 0 46 66 

 total 11 18 127 28 32 28 224 38 52 558 

Table 2: Confusion matrix of the best performing model. The test data is used to create the table. 

4.2 Comparison between LLR and informal settlements 

Results regarding the suitability of the LCZ classification scheme to identify informal settlements show that 
our method is able to correctly identify 86% of the official delimitation of informal settlements (Fig. 4 in 
green, PA), and has an underestimation rate of 14% (Fig. 4 in red). From the point of view of the LLR 
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informal settlements, 57% of the identified area corresponds to the official informal settlements (Fig. 4 in 
green, UA), while 43% are not correctly classified in regards to the reference data, composed of 38% formal 
and 5% rural areas (Fig. 4 in blue and orange respectively). This shows that even if our method is capable to 
recognise most of the informal areas in the city, it also overestimates informality that is not officially 
considered as such even if the morphology and building structures are very similar to other precarious 
neighborhoods. 

 

Fig. 4: Left: Overlay of the urban structural type of informal settlements (lightweight low-rise, LLR) extracted from the Local 
Climate Zone (LCZ) classification with the informal settlements reference data. Right: Confusion matrix in hectares and User’s (UA) 

and Producer’s accuracies (PA). The color used in the table shows the same area in hectares that is shown on the map. 

5 DISCUSSION AND CONCLUSION 

In general, we can state that with our approach - multisensory remote sensing data, machine learning 
techniques, and the LCZ concept - we are able to derive the complex settlement area in its morphological 
variability with high accuracy. This means the maps do have a high usability in the panning context. The 
LCZ classification scheme is standardized and thus shows to be very applicable to Medellin. Nevertheless, 
due to the special structural situation, we had to add an additional mixed class to the standard wheel in order 
to be able to adequately describe the urban body. The reached probabilities of a scene to actually represent 
the LCZ given is considerably high for most of the classes, based on the UA. The PAs are good for most 
classes as well. The approach proves to be feasible for urban structural types and land cover classification 
and is therefore an adaptable and good basis for urban analyses. Since the accuracies are affected by the 
sample count, especially evident for compact high-rise and midrise structures, future applications should 
consider more ground truth data for these two LCZs if possible, to improve the discrimination between 
morphologically similar classes. Alternatively, a combination of classes with similar characteristics (compact 
high-rise, midrise, mixed) might improve the performance of the model, since the confusion between classes 
will be reduced. 

Moreover, this study had a particular interest in assessing the ability of the LCZ classification to identify the 
specific thematic class of informal settlements based on a morphological foundation. In a broader context, 
this information is especially relevant for risk assessment, as informal settlements have a higher vulnerability 
compared to the rest of the city and are often located in low-cost areas and steep slopes with a higher 
probability of natural hazards (Müller et al., 2020). The LLR class had good accuraccies in the RF model, 
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showing low missclassification rates. Regarding its comparison with reference data, we were able to 
correctly identify 86% of the reference informal settlements, while the rest is attributed to other LCZs. And 
even though many urban blocks classified as LLR are officially formal or located in the rural area, our 
approach using EO data allows to extend the official urban border and include up-to-date information, which 
let us to identify 154ha of informal settlements that are related to fast and unplanned urbanization in the city 
edges and thus, are areas not yet officially considered by the city administration. In this case, remote sensing 
allows to look at the bigger picture and provides a more recent view of informality in the risk-prone hilly 
areas of the city. Besides, the classification of formal areas as LLR might partly arise from the different 
underlying conditions between morphological and official informal settlements. For a large part of the scenes 
classified as LLR, that are officially formal, the morphological definition of informality is still evident in 
Google Street View images. A possible explanation is an improvement of the social status with remaining 
morphological conditions and therefore, the classifier is not able to identify the correct class. Another factor, 
which has to be considered, is the misdetection of informal areas that have a morphologic formal appearance 
(i.e. structured housing rows or ordered street network). The official informal areas that were not detected by 
our RF model (Fig. 4 in red) are often loacted in the core of the city and are, according to Google Earth and 
Google Street View images, morphologically rather structured. To summarize, the identification of informal 
areas with EO data has its limitations and local knowledge is needed to better understand the reasons for 
misclassifications. Nevertheless, our model is able to detect a large amount of officially informal areas and 
furthermore, gives a more realistic and recent picture of the vulnerable areas at the city’s edges. It can be 
concluded that the LCZ concept is a valuable instrument to identify not only urban structural types in 
general, but also informal settlements in particular. 
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