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Report of the visit

Data mining is an ubiquitous theme that is present in many fields of science: surely in pattern recognition,
classification of images, detecting communities in networks, and even decision trees and neural networks.

Dr Wezyk at and University of Kracow, is actually engaged in a challenge launched by the European
Commission on the mapping of high resolution satellite data and Lidar data. For “Big Data” a conceptual
approach must be proven to have a practical impact. A typical modern and urgent topic is the problems
encountered using “Big Dataset” , in this particular case the (Aerial) Laser derived set of all buildings in the
city from very large point data sets (12 points per square meter on more than 300 km2). This requires to
analyse millions of image objects and their topological relationships in order to create a computer
generated map. One example can be given as a use case in the mapping of urban areas (in accordance with
“Mapping guide for a European Urban Atlas”, EU Commission). The task requires many levels of knowledge:
on the specific topics, on the management of images from satellites, and, last but not least, on the
transformation of raw images into significant knowledge, to be used for further purposes (Wezyk et al
2008).
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Fig. 1. The difficulty of pattern recognition

The conceptual choice:

In order to make clear the difficulty of the grouping object, let us explain the figure here below: from an
initial images, the contours are at first identifying the zones with the same colors, in accord to a sharp
change of the color gradient. However, the passage from Fig. 1(b) to Fig 1(d) is all but trivial for automatic
computer detection. The concept of dealing with computer vision is in extenso designed by Marr (Marr,
1982). Essentially it is the primal sketch in which grouping of various regions inside the image becomes
crucial. A common and trivial procedure for human vision but complex for computer vision.

On the issue of the production of maps, the Definiens/eCognition OBIA (Object based Image Analysis) on
the images taken by the satellite already produces an identification of the contours of buildings,
distinguishing them from all the rest. In turn, the buildings are divided accord to their size: small, medium,
large (Fig. 3). Beside this classification, that may already raise issues’, we focused on the problem of the
grouping of buildings in accord to their geographical (Euclidean) distance, because also the experts are not
always agreeing in the belonging of a building to a specific group.

In this perspective, the application of methods already used in complex networks becomes interesting.

In fact, actually, the problem of detection of communities in networks is a problem of classification, so the

The thresholds for the definition of each size have to be defined; buildings that are very close could be
identified as being one building, so the image from the satellite has to be integrated with information drawn from the
municipalities on the actual division of areas. However, questions like the best path for making a new road, or posing
new paths for infrastructure or risk analysis, most need to know the best grouping of buildings, rather than their
ownership



methods originally thought for social networks can be expanded to further classification problems, as soon
as the object under examination can be represented through a network. This is the case with the problem
of the best grouping of building in images taken from the satellite, combining Definiens/eCognition with
methods for community detection that have already been experienced in Complex networks.

Let us explain in more details the following problem. Consider the picture here below, with 40% filling of
black cells. This is a standard advice in the EU Manuals and has been so for the past 20 years. Each black cell
corresponds to a building.
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Fig. 2. Example from [1], page 8. Left side: the image. Right side: extending the frame with 2*2 makes a 10%
density.

Definiens/eCognition is able to recognize each of the rectangles as a building, that belongs to one of the
classes: small, medium, large. The basic classification problem already solved is the trivial one of building
class large medium and small. The Fig 2 explains the weakness of the concept of density. With an extension
of the frame, the density drops from 40% to 10% without any change in the structural elements. To base a
grouping only on the characteristics of the structural elements a new conceptual approach is designed.

In order to proceed with the construction of a network, we enumerate the buildings:

The first 5 units are the large blue buildings (nodes 1 to 5 in the network, starting from the top); then the
medium red ones (nodes from 6 to 10 in the network), and then the other 45 small yellow (Fig. 3).
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Fig. 3. Example from [1], page 8. Left side: the image. Right side: the grouping into large (blue), medium

(red) and small (yellow) buildings.

Fig. 4: the enumeration of buildings for their identification as network nodes.

As soon as the nodes have been defined, the links (undirected) were built assigning the Euclidean distance
among the center of mass of the buildings (the white dot in the center of each black blocks in Fig. 3). Such
links were pruned, so that only the links below a maximum distance were kept.

After the construction of the network, the algorithm of Blondel et al. was run on this example.

Keeping 20% of the weights in accord to the Euclidean distance (MATLAB commands:
>>[a,b,c]=cluster_jl(grafo(0.1,0.2),1,1,0,0);listacomunita(c)) we get the following communities:



Community 1: 3, 4, 5,10, 28, 33, 34, 35, 36, 37, 40, 41, 48, 49, 50, 51, 52, 53, 54,
Community 2: 6, 7, 8, 9,11, 12,13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 24,
Community 3 : 23, 25, 26, 27, 29, 30, 31, 32, 38, 39,42, 43, 44, 45, 46, 47,

Community4: 1, 2,

Community 5 : 55.
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Fig. 5: the grouping of buildings: blue, red, black, orange, and green.

Of course, mixture of weights can be envisaged, and they are going to give raise to different communities, in
the same way in which different communities are evidenced when the thresholds are changed.

We made several tests, but we are showing this particular one in the report, because the difference among
the orange and the green part was not immediately visible/trivial at once; or, at least, it did not emerge
from other analyses of the image. Actually, this partition is quite interesting because the alignment 27-32-
46-47 corresponds to a potential road corridor, and it the visual inspection could not have detected it.



We made further tests. We report the test on the figure where the occupancy of the areas is at 10%:
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Fig. 5: occupancy of the areas at 10%

Again, we enumerate the cells and we fix coordinates. Running the program

we get:

Community 1: 1, 2, 3, 4, 5, 9,10, 11,

Community 2 : 17, 18, 19, 21, 22, 23, 24,



Community 3: 12,13, 15, 16,
Community4: 6, 7, 8,

Community 5: 14, 20,

Community 6: 25
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Fig. 6: detection of communities in the area filled at 10%

The result evidence the dis-alignment of the node 25 with respect to the nodes 17, 18, 19, and 24.
In urban area maps, alignments most correspond to the existence of roads, railways, and
tramways, or to the possibility of planning them.

Another part of the visit was consisting in the opposite contamination of fields: from data mining to
complex networks.

Our attention was attracted by the paper Vieira et al. on the image from satellites that have to detect
the readiness for harvest of the areas devoted to the plantation of sugar canes in Brazil. In this
paper, the classification has to be in two subsets: ready/not ready for the harvest. A dataset checked



by experts has been used for training the algorithm in order to build a binary decision tree. J48 is a
modification of the statistical classifier WEKA C4.5 algorithm, that became quite popular after
ranking #1 in the Top 10 Algorithms in Data Mining pre-eminent paper published
by Springer LNCS in 2008 [Wu et al., 2008].

Each level of such a decision tree depends on an explanatory variable, and the training set is used
for determining the yes/no threshold.

In line with this interest on decision trees, the visit has started with the participation to the
EUROXXVIII event in Poland, where it has been possible to meet many colleagues working on
Data mining. Among the presented papers, we point out the paper [Da Silva et al., 2016] on the
usage of the J48 algorithm.

The expansion of the decision trees for the detection of communities in networks is going to be
examined further in the next future, since it seems quite promising.

Summing up, the visit has shown to be effective for a better integration of techniques and methods
that have been developed for examining data in quite different disciplines. While images from
satellite have always constituted a large source of data, the new social networks platforms,
communication platforms, financial databases, etc. allow to consider the extraction of information
from large datasets also in socio-economic environments. On the reversal way, not-strict
classification used in complex networks clustering add new classification techniques to the already
existing fuzzy set-based classification already known in data mining.

During the visit, there has been some interaction with students and postdocs. On July 11th, a crash
course on MATLAB on main topics and key Toolboxes (interpolation, optimization, visualization),
necessary for working on the subject. The pictures in the Appendix 2 show the seminar room.

In conclusion, the scientific interchange among different fields has been quite fruitful, and it has
shown potentialities ok forward for future work on the topic. In conclusion, this first visit, and the
exchange of information among different fields has shown potentialities that may be expanded in
the future.

Cracow, July 13™ 2016

Giulia Rotundo


https://en.wikipedia.org/wiki/Springer_Science%2BBusiness_Media
https://en.wikipedia.org/wiki/Lecture_Notes_in_Computer_Science
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Appendix 1- List of MATLAB programs for the example

%the following function loads the data

function A=assegnaA

A=[5 37 22
13 38 20
24 35 11
28 32 15
35 38 51
5 9 6
6 15 7
11 11 9
11 18 7
20 30 5
4 2 2
4 5 2
3 12 2
4 21 2
8 5 2
8 7 2
8 20 2
8 23 2
13 5 2
12 8 6
12 24 2
13 26 2
18 10 2
17 19 2
21 7 2
22 10 2
22 13 2
21 22 2
24 7 2
24 9 2
27 11 2
27 13 2
26 17 3
22 19 3
24 23 4
26 17 2
26 19 2
29 2 2
29 4 2
28 26 2
28 27 2
34 5 4
32 7 2
32 9 3
33 11 2
31 13 2
35 13 2
33 17 4
34 19 2
31 21 3
33 22 2
31 23 2
33 25 2



36 25 2
16 32 4];

%the following function constructs the adjacency matrix from the data and cancels all the links which
weight is above “livello”

function Bl=grafo(livello)
A=assegnah;
B=zeros (length (A));
for i=1:1:size(A,1)
for j=i+l:1:size(A,1)-1
B(i,J)=sqrt((A(i,1)-A(]J,1))"2+(A(i,2)-A(J,2))"2);
end
end
m=max (max (B) ) ;
p=livello;
H=1l-heaviside (B-p*m) ;
B1=B.*H;

%the following function interacts with the algorithm Of Blondel et al. Written
by Antoine Scherrer and prints the identity of the nodes belonging to the same
community
function listacomunita (elenc)
elenco=cast (elenc, 'int8");
for k=min(elenco) :1l:max(elenco)

fprintf ('Comunita %2d : ', k);

for i=1:1:1ength(elenco)

if elenco (i) ==

fprintf (' %2d,',1);
end
end

fprintf('\n");
end
end

Test on the figure at 10% of occupancy of the area

function A=assegnalAl

Al=[10 4 2
5 4 2
7 10 2
7 20 2
5 25 2
8 38 4

13 46 3

8 50 3

13 12 1

16 10 1

19 7 1

17 19 1

18 23 1

23 38 13

27 24 1



28 20 2
26 6 1
29 10 1
32 22 1
30 40 10
36 40 1
36 4
38 10
40 4
38 20
40 25 11,

Appendix 2 — computer room 11/07/2016










