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Executive Summary 
This deliverable describes the first version of the change detection building block without any tuning 
for the use cases. For this first version, the change detection module will be adapted only for 
Sentinel-1 and Sentinel-2 data. Due to the difference between optical and SAR sensors, change 
detection chains proposed are different for both sensors. Each chain has been built with the purpose 
of being scalable and split into micro services for easy deployment. The main purpose of this first 
version is to have a first end-to-end change detection chain usable on big volumes of data with 
preliminary algorithms. In the following of the study other algorithms and types of images will be 
taken into account. 

The change detection tool for both optical and SAR images time series are basically composed of 
three main modules: change detection map generation, change index calculator and classification. 

• The first module provides the geo-referenced change detection maps between the 
consecutive images in a time series. 

• The second module transforms the raw change-detection maps from the first module into a 
more interpretable change index image 

• The third module differs: 
o For optical data, this module infers groups of change families through time by making 

clustering analysis on the change index images 

o For SAR data, this module performs the classification of the areas within the change 
detection maps. In this way, it is possible to associate a change detection area with a 
class (e.g. building or vegetation) 

This deliverable has been produced at month 6 of the project, providing the description of the 
change detection building block implemented at that time. However, this document will be updated 
during the second year for the second release foreseen at month 18 of the project, and considering 
the evolution of the building block. 
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1 Introduction 
 

1.1 Purpose of the document 

With the advent of the Copernicus program and its wealth of open data, the Earth Observation 
domain is increasingly adopting big data technologies. This adoption is first made possible by 
efficient data storage and processing infrastructures, but most importantly by the development of 
data analytic applications with machine learning techniques. These applications allow the automatic 
or semi-automatic analysis of large volume of Earth Observation data, like pattern identification from 
high geographical scale or long term trends extraction from multi-temporal datasets. 

In this context, TAS proposes to develop an application of change detection on Earth Observation 
satellite images time series. Using the fine temporal (few days) and spatial (5 - 10 meters per pixel) 
resolution of Sentinel-1 and Sentinel-2, a lot of use cases can be carried out in many diverse sectors 
(e.g. Security, Emergency, Marine and Land surveillance). Moreover, this application will allow not 
only to make faster decisions, but also to analyse trends and to predict future changes, thus 
simplifying the work of many operators and generate economic and social value assessment. 

1.2 Relation to other project work  

This deliverable describes the work done in task 2.2 by TAS Fr and TAS It. This task consists in 
providing an application of change detection for optic (TAS Fr) and SAR (TAS It) spatial images 
temporal series. This task is one of the data analytic tools developed in task 2, whose ambition is to 
take a step in access and analyse of large volumes of Earth Observation data without specific 
knowledge in remote processing. All these data analytic building blocks are integrated in the 
platform built in work package 3 and adapted for the use cases developed in work package 1. 

CANDELA platform is designed to connect to Copernicus Data and Information Access Service (DIAS) 
in order to benefit from the data offer and enable fast and efficient data flows. 

1.3 Structure of the document 

This document is structured in 3 major chapters 

• Chapter 2 presents the tool of change detection developed by TAS Fr for optical images time 
series.  

• Chapter 3 presents the tool of change detection developed by TAS It for SAR images time 
series. 

• Chapter 4 presents the conclusions 

1.4 Glossary adopted in this document  

• Building block. Minimal logic unit providing a particular functionality 

• Feature. Numeric representation of image properties 

• Auto Encoder. An Artificial Neural Network architecture that encodes data in a reduced 
feature space then tries to reconstruct the input data 

• Cluster. A group of similar data found by an unsupervised learning algorithm 
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2 Change detection on optical images time series 
In this building block, only Sentinel-2 data with exactly the same field of view will be used in order to 
be free from problems related to viewing angle and co-registration. 

The goal is to provide a scalable pipeline to process large amounts of image data and split the 
pipeline into micro services to easily implement them on the Candela platform. Thus, the building 
block contains three main modules (see Figure 1), which are encased in three different Docker [1] 
containers (see work package 3 deliverables for more information) and compose the three following 
subchapters:  

• Change detection map generation  

• Change index calculator 

• Clustering 

 

Figure 1: Pipeline for change detection on optical images time series 

This deliverable describes the modules implemented at month 6 of the project. A second deliverable 
will be produced at month 18 with a description of the final modules. 

2.1 Change detection map generation 

The idea of this module is to provide a generic change detection approach by transforming Sentinel-2 
images into a more representative feature space, then computing a distance metric in this space in 
order to generate change detection maps between the consecutive images. The quality of these 
change detection maps depends on two parameters: 

• The processing done to transform images in a feature space 

• The distance metric used to generate the map 

In change detection application, images are acquired at different times, so with different lighting and 
atmospheric conditions. These differences are not changes of interest in this project and generate 
many false detections, that is why the processing step is crucial.  
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Figure 2: Generic approach for change detection map generation 

The Figure 2 illustrates the generic change detection approach, which can be described as follows: 

• Define a function F(I) which maps the image I into a new feature space S 

• Define a distance metric D(X,Y) which measures the dissimilarity of two vectors X and 
Y in space S 

• Load two images (before and after) 

• Partition the images in tiles 

• Transform both images into the new feature space by applying the function F to all 
the corresponding tiles t 

• Compute the distance D(t_before, t_after) in order to construct the change detection 
map 

This generic approach can be easily extended to analyse time series of images by simply applying the 
approach to every pair of consecutive images in the series and finally stacking all the raw change 
detection maps into a single temporal change detection image. 

In our current implementation, the transformation F is learnt by training a Stacked Auto Encoder [2] 
[3] [4] with dense or convolutional layers at choice. And the metric D used is the Euclidean distance 
(L2 norm), which is the classic one. The influence of the feature transformation function as well as 
distance metric parameter on the detected changes will be studied later in the project. 
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2.2 Change index calculator 

The idea of this module is to summarize the raw change-detection map values by transforming them 
into a more interpretable score. This transformation should lead to a representation which is easier 
to transfer to a specific use case. For example, one index could directly quantify the amount of 
changes from vegetation to buildings. 

Our current implementation provides a very generic change index by analysing the change type 
frequency performing histogram analysis on a raw change map [5]. The hypothesis is that, in general, 
most of the image pixels do not correspond to a change of interest while interesting changes are 
rarer in the image. The computation of the index is as follows: 

• Computing the histogram of the raw change detection map, the number of bins is a 
parameter of the algorithm. 

• For each histogram bin i, compute the probability that a random pixel is in bin i. 

• For each histogram bin compute its complementary probability p.  

• For each pixel set its corresponding value p. 

Thus, rare values will have a higher probability of being a change, while common values will have a 
low probability. 

2.3 Temporal change clustering 

The idea of this module is to group together pixels having a similar changing behaviour through time.  

The hypothesis is that some classes of interest may present a particular pattern of changes in long 
time series. For example, agricultural crops often change in a regular and cyclic manner, while other 
changes may be very punctual such as the construction of a building at a particular date. 

By finding groups of similar change behaviour in the computed change index series we expect to 
observe such classes of interest emerging naturally, which will allow the expert to make a better 
analysis of the changes and their impact given a particular use case. 

In our current implementation, we employ a classical clustering algorithm called K-means clustering 
[6]. This algorithm has a unique parameter which is the number of wanted clusters. The exact value 
has to be found empirically or by making an educated guess based on a priori knowledge about the 
use case. In order to make the clustering we first transform the change index images into a dataset in 
which each data point is the change signature of a given pixel through time. Then we compute the K-
means clustering on this dataset. Finally, a cluster image is created by setting the cluster number as 
value for each pixel. Figure 3 illustrates this approach. 
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Figure 3: Approach for temporal change clustering 
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3 Change detection on SAR images time series 
In this building block, only Sentinel-1 data in a geo-referenced format will be used.  

This building block contains three main modules (see Figure 4), which compose the three following 
subchapters:  

• Change detection map generation between two images 

• Change detection index calculator 

• Classifier 
 

 
Figure 4: Pipeline for Change detection and Classification 
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Where, for the change detection: 

• Image Storage/Retrieval is a database to store and to retrieve the images to be analyzed 

• Image Time Series is a set of SAR images, over the same area at different time, involved in 
Change Detection. Each image is co-registered and geo-referenced (WGS 84) 

• Change Detection Map Generation performs the change detection analysis with the aim to 
enhance changes 

• Change Detection Map Visualization displays the change detection map and Storage stores 
the "change detection map" into a database with relation to the analyzed images 

• Change index Calculator computes indexes of changes and adds these indexes into database 
with relation to the image metadata obtained from the change detection process 

• Results Visualization displays indexes 

And, for classification: 

• Image Storage/Retrieval is a database to store and to retrieve the images to be analyzed 

• Image to classify finds and extracts the set of images involved in the classification 

• Classification (see section 3.3.1) 

• Classification index (see section 0) 

• Results Visualization displays results using a .kml and/or .xml file 

V1 and V2 represent the software toolbox prototypes developed for respectively release 1 and 
release 2. 

3.1 Change detection map generation between two images 

This module will be included in the software toolbox prototype V2. 

3.2 Change detection index calculator 

This module will be included in the software toolbox prototype V2. 

3.3 Classifier 

The principle of the classifier module is as follows: 

1. Load images 
2. Categorize the images in Water or Land 
3. Partition all the images in tiles  
4. Compute Discrete Fourier Transform (DFT) and spectral parameters 
5. Analyse tiles with a neural network model. The aim of this first model is to classify tiles with 

global classes (e.g. lake or vegetation)  
6. Partition tiles in smaller tiles 
7. Analyse smaller tiles with other neural network models dedicated to increase the level of 

classification  
8. Compute a classification index 
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3.3.1 Classification 

3.3.1.1 Inference part 

In this module, the classifier is able to automatically read all the images stored in a folder and 
process them. The processing mainly consists in computing DFT and spectral parameters (see section 
3.3.1.3) for each image and partitioning them. The size of tiles depends on the level of classification 
desired (e.g. category: vegetation or subcategory: forest). The user is expected to define a tile size for 
the first level of classification and a “scale factor” to reduce the tile size for the subsequent levels.  

The different levels of classification with existing model are resumed in Table 1. 

Table 1: Levels of classification with trained models 

First Level Second Level Third Level 

Land 

Urban Area 

Continuous Urban Area (high density) 

Discontinuous Urban Area (low density) 

Green Area 

Vegetation 

Forest 

Meadow 

Plantations 

Water (e.g. lake and rivers)  

Water    

In the first classification level, no NN models are used. Instead a ShapeFile (SHP), that represents the 
water border of the entire world, is used (see Figure 5).  

 

Figure 5: A ShapeFile demonstration. White colour represents Earth, Blue represents Water 
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Overlaying our geo-referenced images with the SHP it is possible to know if an image has been 
acquired on Earth (Land or Coast) or on Sea as follows: 

• If the image coordinates are inside the white areas defined in the SHP, this image represents 
Land. 

 

Figure 6: Earth classification (Land) 

• If the image coordinates are partially inside the white areas defined in the SHP, this image 
represents Coast. 

 

Figure 7: Earth classification (Coast) 

• If the image coordinates are outside white areas defined in the SHP, this image represents 

Water. 

 

Figure 8: Water classification 
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In the second classification level, only one neural network model is used in order to classify the Land 
tiles found in the first level. The subcategories contained in this model are: 

• Urban Area 

• Vegetation 

• Water 

Finally, two other neural network models are used for the third classification level. One for the urban 
areas tiles: 

• Discontinuous urban areas 

• Continuous urban areas 

• Green areas 

Another for the vegetation areas: 

• Forest 

• Meadow (the model did not contain this subcategory yet) 

• Plantation (the model did not contain this subcategory yet) 

3.3.1.2 Train part 

In order to generate the different neural network models defined in the Table 1, the following steps 
have been performed: 

1. Definition of classes 
2. Selection of input images for each class 
3. Process input images 
4. Train the model with a neural network  
5. Test the model 

3.3.1.3 Processing part 

The processing of tiles for training and inference is done in the frequency domain using DFT to permit 
the classifier using the spectral parameters. 

Discrete Fourier Transform: 

The DFT function is an optimized algorithm to calculate the Fourier Transform and its inverse. Taking 
the function f(m, n) of two discrete spatial variables m and n, its two-dimensional Fourier transform, 
which defines the representation in the frequency domain of f (m, n), is defined by: 

𝐹(w1, w2) = ∑ ∑ 𝑓(𝑚, 𝑛)𝑒−𝑗𝑤1𝑚𝑒−𝑗𝑤2𝑛
𝑛𝑚    (2.1) 

Where w1 and w2 are the variables in frequency and the F(w1, w2) is a complex function 2π-
periodicals. 

Since the DFT used by JTransforms1 can only be used on matrices with a number of rows and columns 
multiple of 2n, a property of the DFT has been exploited. It consists by performing a 0-padding on 
each tile, what allows to get the Fourier transform of the selected patch. 

                                                      
1 JTransforms is an open source, multithreaded Java library that permits to compute four different types of Fourier 
Transfoms (DFT, Discrete Fourier Transform; DCT, Discrete Cosine Transform; DST, Discrete Sine Transform; DHT, Discrete 
Hartley Transform  
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Spectral descriptors: 

The Table 2 presents the spectral parameters used. 

Table 2: Spectral descriptors 

Parameters Description Symbol Expression 

Average Media and variance 
represent the first- and 
second-order statistics 

of the spectra 

m 𝑚(𝑥, 𝑦) =
1

𝑀 ∗ 𝑁
∑ ∑|𝑆(𝑥,𝑦)(𝑟, 𝑎)|

𝑁

𝑎=1

𝑀

𝑟=1

 

Variance v 𝜎2(𝑥, 𝑦) =
1

𝑀 ∗ 𝑁
∑ ∑(|𝑆(𝑥,𝑦)(𝑟, 𝑎) − 𝑚(𝑥, 𝑦)|)

2
𝑁

𝑎=1

𝑀

𝑟=1

 

Spectral Flux 
Characterizes the 

smoothness of the 
spectra 

F 𝐹(𝑥,𝑦)(𝑟, 𝑎) = ∑ ∑(𝑁(𝑥,𝑦)(𝑟, 𝑎) − 𝑁(𝑥−1,𝑦)(𝑟, 𝑎))
2

𝑁

𝑎=1

𝑀

𝑟=1

 

Contrast 
Measures of local 
intensity variation 

T 𝑇(𝑥, 𝑦) = ∑ ∑(𝑟 − 𝑎)2 ∗ |𝑆(𝑥,𝑦)(𝑟, 𝑎)|

𝑁

𝑎=1

𝑀

𝑟=1

 

Energy 
Measures of image’s 

backscattering 
E 𝐸(𝑥, 𝑦) = ∑ ∑|S(𝑥,𝑦)

2 (r, 𝑎)|

𝑁

𝑎=1

𝑀

𝑟=1

 

Entropy 
Measures the disorder 

of an image 
J 𝐽(𝑥, 𝑦) = ∑ ∑|S(𝑥,𝑦)

2 (r, 𝑎)|

𝑁

𝑎=1

𝑀

𝑟=1

∗ log|𝑆(𝑥,𝑦)(r, 𝑎)| 

Coefficient of 
variation 

It is an index of the 
precision of a 
measurement 

Cv 𝐶𝑣(𝑥, 𝑦) = 𝑚
𝜎2⁄  

Continuous 
component 

Represents the 
average in time 

domain 
G 

(𝑤1, 𝑤2) = ∑ ∑ 𝑓(𝑚, 𝑛)𝑒−𝑗𝑤1𝑚𝑒−𝑗𝑤2𝑚

𝑛

  𝑐𝑜𝑛 𝑤1

𝑚

= 𝑤2 

Spectral descriptors and classification results are depicted into an XML and KML file. 
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3.3.2 Classification Index 

The classification index has been defined to calculate the percentage of tiles within the analysed 
image that belong to the same class. 

The formula to obtain this index, is shown below: 

𝐵𝑒𝑙𝑜𝑛𝑔𝑖𝑛𝑔 𝐶𝑙𝑎𝑠𝑠 [%] =
𝑁𝑡𝑖𝑙𝑒𝑠 𝑠𝑎𝑚𝑒 𝑐𝑙𝑎𝑠𝑠

𝑁𝑡𝑖𝑙𝑒𝑠
    (1.1) 

Where: 

• 𝑁𝑡𝑖𝑙𝑒𝑠 𝑠𝑎𝑚𝑒 𝑐𝑙𝑎𝑠𝑠
 represents the number of tiles that belong to the same class 

• 𝑁𝑡𝑖𝑙𝑒𝑠 defines the total number of tiles in which the image is divided. 

Example: 

Suppose to have an image of 100*100 m2 and to want to divide the image into tiles of size 10*10 
m2. The whole image will then be divided into 100 tiles. 

Suppose now that of these 100 tiles, 50 were classified in high-density urban areas, 33 were classified 
in low-density urban area and 17 in vegetation. 

Using the previous formula, the result is: 

• 0.5% of tiles are high-density urban areas 

• 0.33% of tiles are low density urban areas 

• 0.17% of tiles are vegetation areas 
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4 Conclusions 
Both, optical and SAR chains are divided in micro services in order to allow an easy deployment on 
CANDELA platform and use scalable algorithms in order to analyse a large volume of Earth 
Observation data. 

Concerning TAS Fr, an end-to-end optical chain has been developed and tested on a simple use case. 
The results achieved on this use case are positive, especially in the two first modules: change 
detection map generation and change index calculator. The end-to-end chain has been successfully 
implemented on CANDELA platform by ATOS Fr. For the following of this study, modules will be 
adapted to the use cases presented in work package 1, other algorithms will be tested for each 
module and images other than Sentinel-2 will be taken into account. 

Concerning TAS It, a software toolbox, based on the use case urban area and vegetation, has been 
developed. This software toolbox performs SAR image classification and produces a KML and a XML 
output files. Both files are generated to give a graphical view of the classification result. 

To classify SAR images, it is necessary to identify the best spectral parameters that permit to achieve 
the better classification. Identifying the best parameters is a difficult task, therefore, further methods 
of classification have been analysed. The defined method has showed that it is possible to train a 
neural network model with only 70 images per use case and reach an excellent accuracy. Note that, 
only Sentinel-1 images with a resolution of 20 meters have been used. 

Regarding the deliverable, the results of this classification will be used as input for the Semantic 
Indexation and for the Data Fusion and to perform the classification of the Change Detection map 
that will be developed in the software toolbox prototype V2. 
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