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1 Landsat image mosaics 
 

The classification of urban infrastructure in the Collection 4 used Landsat 5, 7 and 8 image 

mosaics according to the biomes from 1985 to 2018.  

  

2 Classification 
 

The classification used OpenStreetMap  polylines (residential, service, path and living street 

- OpenStreetMap, 2018) filtered by nightlight (NOAA) to get training samples. Additionally, 

the population density from WorldPop (WorldPop, 2018) and land cover and land use maps 

from the Third National Inventory (MCTI, 2015) were used in different moments. 

 

2.1 Classification scheme 

The automatic classification of Landsat mosaics used the random forest model with training 

samples extracted from a buffer in the OpenStreetMap path dataset, aiming a binary 

classification between urban infrastructure and not urban areas (Figure 1). 

 

 
Figure 1. Methodological steps of Urban Infrastructure classification in MapBiomas 

Collection 4 using Landsat mosaics, random forest classification and temporal filters. 

 

2.2 Feature space 

 

The feature space of Urban Infrastructure classification in MapBiomas Collection 4 has 12 

input variables, including the median of Landsat bands and indices that better distinguish 

urban areas from other land cover and land use classes (Table 1). 

 



Table 1. List, description, statistic and script acronym used to Urban Infrastructure feature 
space in MapBiomas Collection 4. 

Variable Description Statistic Script acronym 

BLUE Landsat band median blue 

GREEN Landsat band median green 

RED Landsat band median red 

NIR Landsat band median nir 

SWIR1 Landsat band median swir1 

SWIR2 Landsat band median swir1 

BU Built-up Index median bu 

NDVI Normalized Difference 
Vegetation Index 

median ndvi 

EVI Enhanced Vegetation 
Index 

median evi 

MNDWI Modified Normalized 
Difference Water Index  

median mndwi 

NDBI Normalized Difference 
Built-Up Index 

median ndbi 

UI Urban Index median ui 

 
 

2.3 Classification algorithm, training samples and parameters 

 

2.3.1 Training Samples  

 

The training dataset was based on OpenStreetMap (2018) and for some years (1994, 2002 

and 2010) filtered by the urban area from the Third National Inventory (MCTI, 2015). The 

OpenStreetMap is a collaborative project that aims to create a world map with updates its 

users’ records and preferences (Figure 2). The first step to collect samples consisted of 

filtering the vectors of lines representing the pathways within the urban patches.  

 



The path data extracted from OpenStreetMap represents all roads, streets, sidewalks, and 

unknown roads already registered by OpenStreetMap users. The first filter consisted of 

grouping the paths that were within the urban patches or conglomerates through specific 

categories (residential, service, path and living street). After that, the filter was applied over 

a nightlight map to remove noise or pathways that were not in the context of an urban 

conglomerate (Figure 3). 

 

 
Figure 2. OpenStreetMap Website used to extract training samples applied in the 

classification of Urban Infrastructure in Collection 4.  

 



 
Figure 3. Example of filters used on the vector layer of OpenstreetMap in Rio de Janeiro. 

 

After  the filtering, it was produced a primary classification of urban areas using a layer of 

vegetation, a layer of water and nightlight, the map was not intended to be precise but good 

enough to remove water and vegetation (Figure 4). The map was then used for an 

intersection with the filtered streets lines with a buffer of approximately 100 meters 

distance (Figure 5). 



 
Figure 4. Example of primary urban map classification of Rio de Janeiro. 

 

 
 Figure 5. Example of primary map intersection with the streets buffer of Rio de Janeiro. 

 

The non-urban layer was created using the areas that were outside of the primary map 

(Figure 6). 

 



 
Figure 6. Example of non-urban areas (orange color) in Rio de Janeiro. 

 

PostGIS was used to create random points labeling which point overlay urban areas and 

non-urban areas within the bounds of the layers created previously (Figure 7). The random 

points  were used to get features and index samples from Landsat. 

 

 
Figure 7. Random points divided by urban areas (red) and non-urban areas (blue). 

 

2.3.2 Classification 



 

A Random Forest algorithm was implemented to map Urban Infrastructure in MapBiomas 
Collection 4. Training and random samples were generated and further classification based 
on available reference maps (OpenStreetMap, Third National Inventory, WorldMap 
population density). 

 

3 Pos-classification 
 

The post-classification process includes the application of temporal and morphological 

filters. 

 

3.1 Temporal filter 

 

Besides the temporal filter rules of windows for 3 and 5 years used in other cross-cutting 

themes, a window of 33 years from the hole MapBiomas time series was applied. The 

temporal filter rules applied in the Urban Infrastructure are described in Table 2 using 

Google Earth Engine. 

 

Table 2. Temporal filter rules of windows for 3 and 5 years in the Urban Infrastructure 

mapping in MapBiomas Collection 4 (RG = General Rule, RP = First Year Rule, RU = Last Year 

Rule, UI = Urban Infrastructure, NO = Non Observed). 

Type Kernel T minus 
2 

T minus 
1 

T T plus 1 T plus 2 Result 

RG 3  UI NO UI  UI 

RU 3  UI UI NO  UI 

RG 3  UI NO UI  UI 

RG 5  UI NO NO  UI 

RG 3 UI UI NO UI UI UI 

RG 3  NO UI NO  NO 

RP 3  UI NO NO  NO 

 

3.2. Morphological Filters 

 

Morphological operations were applied to remove noise pixels in urban infrastructure data: 

 

     

""" 



# Step1 

# Morphological Closing Operating using a kernel of 1 pixel and 1 iteration 

kernel = ee.Kernel.circle(**{'radius': 1}) 

image = image.unmask(0) \ 

        .focal_max(**{'iterations':1,'kernel': kernel}) \ 

        .focal_min(**{'iterations':1,'kernel': kernel}) 

  

# Step2        

# close holes of less or equal than 30 pixels 

image_pixelcount_inverted = image.remap([0,1], [1,0]) \ 

                    .selfMask().connectedPixelCount()                     

image = image.where(image_pixelcount_inverted.lte(30), 1) 

 

# Step3 

# Morphological Opening Operating using a kernel of 1 pixel and 1 iteration 

image = image.focal_min(**{'iterations':1,'kernel': kernel}) \ 

            .focal_max(**{'iterations':1,'kernel': kernel}) 

             

# Step4        

# remove group of pixels less or equal than 20 units 

image_pixel_count = image.selfMask().connectedPixelCount()    

image = image.where(image_pixel_count.lte(20), 0) 

 

""" 

 

4 Result 
 

The following examples show the changes compared to previous Collection 3 (Figures 8, 9 

and 10). 



 

Figure 8. Mapping results in red from Collections 3 and 4 in Rio de Janeiro - RJ. 

 

Figure 9. Mapping results in red from Collections 3 and 4 in Carapebus - RJ. 

 



 

Figure 10. Mapping results in red from Collections 3 and 4 in Irecê - BH. 

 

5 Validation strategies 
 

The validation was done based on accuracy analyses. MapBiomas evaluated global and per-

class accuracy for each year (https://mapbiomas.org/en/analise-de-

acuracia?cama_set_language=en) . 

 

5.2 Performance  

The validation analysis was performed using sample points collected by LAPIG from the 

University of Goiás. The Urban Infrastructure samples that were correctly classified are the 

True Positive, the Urban Infrastructure samples that were classified as not Urban 

Infrastructure were the False Negative, and the samples of Urban Infrastructure that were 

not classified as Urban Infrastructure are the False Positive (Figure 11). 

 

https://mapbiomas.org/en/analise-de-acuracia?cama_set_language=en
https://mapbiomas.org/en/analise-de-acuracia?cama_set_language=en


Figure 11. LAPIG’s sample points in the urban infrastructure maps along the time series. tp 

= True Positive, fn = False Negative e fp = False Positive.  

 

Figure 12 shows the evolution of classification performance throughout the historical series. 

The recall shows the likelihood of collecting a sample as True Positive in the area classified 

as Urban Infrastructure. Precision is the probability of a sample that was labeled Urban 

Infrastructure to be identified as Urban Infrastructure on the classified map. Accuracy 

shows the ratio between True positive and total samples. The accuracy is strongly affected 

by samples that are not balanced, so the sample was also calculated for the balanced 

accuracy. 

 



 
Figure 12.  Evolution of classification performance along the time series (considering 

LAPIG’s sample dataset). 

 

5.3 Reference Maps   

 

The land cover and land use map of TerraClass, developed by Instituto Nacional de 

Pesquisas Espaciais (INPE), was compared with the Urban Infrastructure mapping of 

MapBiomas Collection 4 in 2014 (Figures 13 and 14). The classified area of MapBiomas 

Collection 4 in Belém city was 307.817 km², while from TerraClass 492.741 km². There were 

some differences in the MapBiomas Urban classification and TerraClass mapping (Figures 

13 and 14). Terraclass visual classification mapped more areas, including peri-urban areas 

(as shown in Figure 15 with the Landsat mosaic from 2013 to 2014).  



 
Figure 13. Comparison between Terraclass and MapBiomas mappings of Urban 

Infrastructure in 2014 in Belém region, Pará. 

 
Figure 14. Comparison between Terraclass and MapBiomas mappings of Urban 

Infrastructure in 2014 in Belém city, Pará. 



 

Figure 15. Mosaic of the Landsat 8 Collection by the median values between 2013 and 2014 

in the urban center of Belém, Pará. 
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