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Synergistic use of EO and Register data to evaluate

Urban Sprawl in the Netherlands

To what extent can NSOs benefit from Earth observation to monitor and

report on build-up area at local to national level



Goal : Characterization of urban sprawl across urban areas in the Netherlands 

by means of data-driven machine learning methods. 

the first step is to delimit the built-up area of the urban agglomeration

Urban sprawl was only recently officially

acknowledge as an issue in Europe (EEA,

2016) and numerous attempts at characterizing

urban sprawl have been made in recent years

however a consensus remains to be reached.



Datasets: Satellites images
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1. MODIS 

2. LANDSAT 8 

3. SENTINEL-1/2

4. SUPERVIEW

 Earth Observation (EO) datasets offers many opportunities to improve the 

monitoring of these SDGs for both reaching the SDG targets and reporting on 

progress.

 EO allows for  tracking of global change at high resolution and in real time. 

 Geospatial information provided by EO data will allow for implementation at local 

to national levels. 



Datasets: Administrative sources
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 BAG (Building Polygons, Address, Status, Function)

 Land cover register (national and European)

These sources are used for training and validation purposes.



Technical challenges
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 Access and Storage of datasets: 

 The availability of ARD data (Cloud cover)

 Concept of grid/raster data. 

 EO will not provide any statistical indicators by default; it provides some spatial, 

spectral, and temporal information which can be related to indicators.



Methods
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1. Three traditional classification algorithms are currently being considered:
 k-nearest-neighbors (k-NN),
 support vector machine (SVM)
 random forests (RF). 

2. Deep Learning



Methods: Random Forest

ensemble method, which constructs many decision trees to be used for classifying a new instance by the majority

vote. Each decision tree node uses a subset of attributes randomly selected from the original set of attributes.

Additionally, each tree uses a different bootstrap sample data
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The NDVI dataset used in this analysis is MODIS 

version 6 (referred to as MOD13Q1), derived from 

MODIS data .

The dataset runs from 2004 to present.

Resolution:

 Fortnightly temporal 

 250 to 500 m spatial 

Pixel reliability allow for : 

 cleaning of the data 

 masking sea pixels.

PoI : January 2004 to June 2018

DoI :the domain of interest in this study spans from 

maxLat = 50.70°N  to 53.75°N and 3.25°E to 7.25°E

Experiment 1: MODIS NDVI

Datasets and DoI



Experiment 1a: MODIS NDVI

Features vectors
For each pixels :
 MODIS NDVI timeseries is represented by statistical parameters : the standard deviation, 

the extrema ,q25, q50,q75, the kurtosis, the skewness 
 land cover information is retrieved from the  2006 and 2012 CORINE database. Pixel are 

classified into five classes: Agricultural areas, Artificial surfaces, Forest and semi natural 
areas, Water bodies Wetlands. 

500000 pixels was randomly created. 2/3 of the subset is randomly allocated for training 
purposes while the remaining third is kept for validation purposes.

Each pixels is represented by 9 variables
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First Findings: Random Forest
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First Findings: Random Forest

Overall accuracy : 0.807

AA AS FA WB WL
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First Findings 1/2 

 All tested classifiers reached an accuracy higher then 0.75, with an accuracy of 0.807 
Random Forest approach is the best performing on the subset.

 The confusion matrices of all classifiers shows that agricultural areas could be 
confidently identify as 94% of the agricultural areas pixels were correctly classified. 

 All the classifiers misclassified at least 35% of the Artificial surfaces as Agricultural areas 



Experiment 1b

Random forest classifier. 

Setup-wise this experiment is similar to the first experiment + the histogram of the 

NDVI timeseries for each pixels are provided as additional features. 

Each pixels is represented by 29 variables



Experiment 1b

overall accuracy of 87%

AA AS FA WB WL



Experiment 1b

Misclassification

Example
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 A robust random forest classifier for land cover mapping by means of MODIS 

NDVI was trained for the Netherlands. 

 This trained algorithm will allow for land cover change detection and therefore

enable us to estimate the urban sprawl which occured in recent decades. 

Further tasks

 Experiments will be carried out with Landsat 8 (30m), Sentinel-2 images (10m), 

Superview (50cm) with a higher resolution classification. 

 Add NDBI, Agaric Register information, as extra feature.

First Findings 2/2





METHODOLOGY: What is Deep Learning?
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