www.czasopisma.pan.pl P@N www.journals.pan.pl
<D

/

VERSITA

Arch. Min. Sci., Vol. 58 (2013), No 4, p. 1317-1331

Electronic version (in color) of this paper is available: http:/mining.archives.pl

DOI 10.2478/amsc-2013-0091

TOMASZ NIEDOBA*, DARIUSZ JAMROZ**

VISUALIZATION OF MULTIDIMENSIONAL DATA IN PURPOSE OF QUALITATIVE CLASSIFICATION

ek

OF VARIOUS TYPES OF COAL

WIZUALIZACJA WIELOWYMIAROWYCH DANYCH W CELU KLASYFIKACJI JAKOSCIOWEJ
ROZNYCH TYPOW WEGLA

Coal as energetic raw material features by many parameters determining its quality. In classification
of coal types there are many of them with typical division of energetic, semi-coking and coking coal. The
data concerning coal are usually treated as independent values while this kind of approach is not always
right. Authors proposed new solutions in this aspect and performed the multidimensional analysis of
three selected types of coal featuring by various properties which originated from three various hard coal
mines located in Upper Silesia Region. The object of the research was so-called raw coal which was not
processed before. For each type of coal the detailed statistical analysis of seven chosen properties of coal
was performed. To perform adequate and complete statistical analysis it is necessary to analyze the chosen
properties of coal together in multidimensional way. It was decided to apply new and modern visualizing
methods of multidimensional data which were observational tunnels method and parallel coordinates
method. The applied methods allowed to obtain visualization of seven-dimensional data describing coal.
By means of these visualizations it was possible to observe the significant division of the features space
between researched types of coal. These methods allowed to look at the investigated data from various
perspectives and make possible to determine significant differences between researched materials. For the
investigated coals such differences were determined clearly what proved that by means of these methods
it is possible to successfully identify type of coal as well to analyze in details its individual properties
and identify, for example, particle size fraction etc. The obtained results are innovative and are the basis
for more detailed researches taking into consideration also other coal properties, including its structure
and texture. This methodology can be also applied successfully for other types of raw materials, like ores.
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Surowce mineralne, ktore podlegaja wzbogacaniu w celu ich lepszego wykorzystania moga by¢
(charakteryzuja si¢) charakteryzowane wieloma wskaznikami opisujacymi ich, interesujace przerobkarza,
cechy. Podstawowymi cechami sa wielkos¢ ziaren oraz ich ggstos¢, ktore decyduja o przebiegu rozdziatu
zbiorow ziaren (nadaw) i efektach takiego rozdziatu. Rozdziat prowadzi sig¢ z reguty, w celu uzyskania
produktow o zréznicowanych wartosciach srednich wybranej cechy, ktora zwykle charakteryzowana jest
zawartoscig okreslonego sktadnika surowca wyznaczona na drodze analiz chemicznych. Takie podejscie
do surowca mineralnego prowadzi do potraktowania go jako wielowymiarowego wektora X=X, ..., X,,].
Zasadniczym problemem jest takze wybor jednostki populacji generalnej (ziarno, jednostka objgtosci
lub masy), co moze decydowac¢ o kierunkach charakteryzowania wielowymiarowych powiazan cech
wektora X. Takimi kierunkami charakteryzowania moga by¢:
— wielowymiarowe rozktady wektora losowego X wraz ze wszystkimi konsekwencjami metody
(Lyman, 1993; Niedoba, 2009; 2011; Olejnik et al., 2010; Niedoba & Surowiak, 2012);

— wielowymiarowe rownania regresji wraz z analiza macierzy wspotczynnikoéw korelacji liniowej
oraz korelacji czastkowej (Niedoba, 2013);

— analiza czynnikowa (Tumidajski & Saramak, 2009);

— inne metody, w tym wizualizacja metoda tuneli obserwacyjnych (Jamré6z, 2001), osi rownolegtych
oraz wizualizacja zaleznosci pomigdzy wielowymiarowymi brytami (Jamroz, 2009).

Wielowymiarowe rozktady wektora X traktowanego jako wektor losowy, maja juz swoja bogata
literaturg i praktyczne ich zastosowanie i nie beda przedmiotem tej publikacji. Pozostate metody sa ze
soba w pewien sposob powigzane, co skrotowo zostato przedstawione w artykule.

Macierze wspotczynnikow korelacji liniowej i wspotczynnikow korelacji czastkowej sa zwiazane,
z reguly, z istniejacymi modelami liniowymi zalezno$ci wystgpujacych migdzy badanymi zmiennymi
wektora X. Wspotczynniki korelacji liniowej sa wyznaczane dla par zmiennych losowych catkowicie
niezaleznie od pozostatych zmiennych. Czastkowe wspolczynniki korelacji liniowej wyznaczane sa
w oparciu o0 macierz wspotczynniki korelacji liniowej z uwzglgdnieniem roli pozostatych zmiennych w roz-
wazanym réwnaniu regresji liniowej. W przypadku analizy trzech zmiennych losowych, z ktérych jedna
jest traktowana jako zmienna zalezna a dwie pozostate jako niezalezne sprowadza si¢ to do wyznaczania
wspolczynnikoéw korelacji dla zrzutowanych punktow rownolegle do ptaszczyzny regres;ji na $§ciany uktadu
wspotrzednych. Pozwala to wyznaczy¢ hierarchig (sitg wptywu) zaleznosci zmiennych w rozpatrywa-
nym uktadzie. Na analizie macierzy wspotczynnikdéw korelacji liniowej oparta jest analiza czynnikowa,
ktora pozwala pogrupowaé wystepujace zmienne w tzw. czynniki, ktore reprezentuja potaczone wpltywy
zmiennych na rezultaty rozpatrywanych procesow, czyli przeprowadzi¢ pewna klasyfikacj¢ zmiennych.

W klasyfikacji typow wegli wyrdznia sig wiele typow, zumownym podzialem na wegle energetyczne
i koksujace. Dane dotyczace wegla sa traktowane zwykle jako niezalezne wielkosci, przy czym takie
podejscie nie zawsze jest wlasciwe. Autorzy zaproponowali nowe rozwiazania w tym zakresie i dokonali
wielowymiarowej analizy trzech wybranych typow wegla o réoznych wlasciwosciach (wegle typu 31,
34.2 oraz 35), ktore pochodzity z trzech réznych kopaln zlokalizowanych w Gérnos$laskim Okreggu Prze-
mystowym. Obiektem badan w kazdej z tych kopaln byl tzw. wegiel surowy, nie poddawany procesom
przerobezym. Dla kazdego z wegli dokonano szczegdtowej analizy wybranych siedmiu cech, opisujacych
jego wilasciwosci, ktorych przyktadowe wyniki zostaly zaprezentowane w tabelach 1-3. Aby dokonaé
adekwatnej i doktadnej analizy statystycznej zebranych danych konieczna jest wielowymiarowa analiza
wybranych cech wegla tacznie. Zdecydowano si¢ na zastosowanie nowatorskich metod wizualizacji
wielowymiarowych danych, ktérymi byly metoda tuneli obserwacyjnych oraz metoda osi rownolegtych.
Zasady i metodyka badan zostaly przedstawione w podrozdziatach 2 i 3. Zastosowane metody umozliwity
uzyskanie wizualizacji siedmiowymiarowych danych opisujacych wegiel. Za pomoca tych wizualizacji
mozliwe jest zaobserwowanie wyraznego podziatu przestrzeni cech pomigdzy badanymi typami wegla.
Metody te umozliwity spojrzenie na badane dane z r6znych perspektyw, ktore pozwalaja na stwierdzenie
zasadniczych réznic badanych materiatdéw. Dla badanych wegli stwierdzono wyrazne takie roznice co
$wiadczy o tym, ze za pomoca proponowanych metod mozliwa jest skuteczna identyfikacja typu wegla,
jak rowniez doktadniejsza analiza jego poszczegdlnych cech i identyfikacja np. klasy ziarnowej. Szczego-
towe obrazy i ich interpretacja zostaty przedstawione w rozdziale 3 i we wnioskach koncowych. Rysunki
3-5 obrazuja roznice pomigdzy poszczegdlnymi typami wegla otrzymane metoda tuneli obserwacyjnych.
Wyraznie mozna rozgraniczy¢ probki dotyczace poszczegdlnych wegli a tym samym mozliwa jest iden-
tyfikacja typu wegla na podstawie wielowymiarowej analizy. Rysunki 6-7 pokazuja zastosowanie innej
metody wielowymiarowej, ktora byta metoda osi rownolegtych. Metoda ta okazata si¢ by¢ skuteczna do
uzyskania informacji o konieczno$ci przeskalowania poszczeg6élnych cech, w celu uzyskania bardziej
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czytelnych rezultatow. Natomiast rysunek 10 pokazuje réznice otrzymane metoda tuneli obserwacyjnych
pomigdzy charakterystykami konkretnych klas ziarnowych wybranego materiatu, ktérym w tym przypadku
byt wegiel typu 31. Uzyskane wyniki i zastosowana metodyka sa nowatorskie i stanowia bazg pod bardziej
szczegolowe badania, biorace pod uwagg takze inne charakterystyki wegli, w tym ich strukturg i teksturg.
Za pomoca przedstawionych metod mozliwe jest stwierdzenie, czy wybrane cechy sa wystarczajace do
identyfikacji zarowno typu wegla, jak rowniez klasy ziarnowej i innych jego cech. Metodyka ta moze by¢
rowniez stosowana z powodzeniem dla innych typéw surowcoéw mineralnych, np. dla rud.

Stowa kluczowe: analiza wielowymiarowa, tunele obserwacyjne, osie rownolegte, wegiel, przerobka
surowcOw mineralnych, energia z wegla

1. Introduction

Mineral raw materials which are beneficiated in purpose of their better utilization can be
characterized by multiple factors describing their various features. The basic ones are particles
size and their density which decide about the course of separation of particles sets (feeds) and
effects of such process (Brozek & Surowiak, 2010). The separation process is conducted usually
in purpose of obtaining products of various mean values of selected features which is normally
characterized by contents of selected component determined by chemical analyzes. Such approach
to mineral raw material leads to treat it as multidimensional random vector X = [X, ..., X,].
The main problem is also to select individual units of general population (single particle, unit of
volume or mass etc.) what can decide about the ways of characterizing multidimensional con-
nections between features of vector X. Such ways are:
— Multidimensional distribution functions of random vector X with all consequences of this
method (Lyman, 1993; Niedoba, 2009; 2011; Olejnik et al., 2010; Niedoba & Surowiak,
2012);

— Multidimensional regressive equations with analysis of matrix of coefficients of linear
correlation and partial correlation (Niedoba, 2013; Tumidajski & Saramak, 2009);

— Factor analysis (Stanisz, 2007;Tumidajski & Saramak, 2009);

— Other methods including visualization by observational tunnels method (Jamréz, 2001),
parallel coordinates and visualization of relations between multidimensional blocks
(Jamroéz, 2009).

The multidimensional distributions of vector X treated as random vector and their practical
applications are widely described in the literature and will not be the object of this paper. The
other methods are connected somehow what is presented in this paper.

The matrices of coefficients of linear and partial correlations are usually connected with
existing linear models of relations between researched random variables of vector X. The coef-
ficients of linear correlation are determined for pairs of random variables totally undependably
on other variables. The partial correlation coefficients are determined on the basis of the matrix
of coefficients of linear correlation with taking into consideration role of other variables in cer-
tain equation of linear regression. In case of analysis of three random variables from which one
is treated as dependent variable and two others as independent ones it leads to determination of
correlation coefficients for projections of points being parallel to regressive plane. It allows to
determine the hierarchy (power of influence) of relations between variables in researched system.
On the basis of matrix of linear coefficients of correlation the factor analysis can be performed



www.czasopisma.pan.pl P@N www.journals.pan.pl

which allow to group the existing variables into so-called factors representing joined influences
of variables on the results of investigated processes. So, some sort of classification is to conduct.

In the presented paper the methods of visualization of multidimensional data are presented
which also allow to conduct the comparisons of the researched data sets and to determine pos-
sibilities of their classification. They are then some sort of continuation and development of the
methods discussed above.

2. General principles of visualization
of multidimensional data

The qualitative analysis of multidimensional data (properties of material) obtained by empiri-
cal experiments results can be given by application of multidimensional visualization method.
The results of these analyzes can be helpful by materials characteristics as well by construction
of mineral processing models based on this data.

Attempts to depict multidimensional data have been undertaken on many occasions. One of
the methods applied to provide a visual image of multidimensional data was the grand-tour method,
which created a continuous 1-parameter family of d-dimensional projections of n-dimensional
data. It was described by Asimov (Asimov, 1985), for the first time. Then, it was developed by
many authors (Buja & Asimov, 1985; Cook et al., 1995; Hurley & Buja, 1990). The method
of principal component analysis (Li et al., 2000) makes use of an orthogonal projection of the
observation set into a plane represented by specially chosen vectors which are the eigenvectors
corresponding with the two highest eigenvalues of the covariance matrix of the observation set.
The use of neural networks for data visualization (Jain & Mao, 1992; Kraaijveld et al., 1995;
Mao & Jain, 1995; Aldrich, 1998) is based on the process of transforming #-dimensional data
space into a 2-dimensional space by applying a neural network. To visualize multidimensional
data, a parallel coordinates method (Chatterjee et al., 1993; Gennings et al., 1990; Inselberg,
1985; Inselberg et al., 1994; Wegman, 1990; Chou et al., 1999) was also applied. In this method
parallel coordinates are placed on a given plane at a uniform rate. Similar to this is the method
of multidimensional data visualization which uses a star graph (Sobol & Klein, 1989). In this
method, n coordinates radiate from a central point, dividing a circle into n equal parts. Multidi-
mensional scaling (Kim et al., 2000) is also used to visualize multidimensional data where points
are transferred to a space with a lower number of dimensions so as to make the distance between
any two points as similar as possible to their previous proximity. In the scatter-plot matrices
method (Becker et al., 1987; Cleveland, 1984; Eick & Wills, 1995), a set of multidimensional
data is presented with a series of 2-dimensional dependencies. In a method using the so-called
relevance maps (Assa et al., 1997; 1999) special points Fy, F», ..., F,, representing individual
features are placed on the data visualization plane. The layout of the points representing the
multidimensional data are presented reflects the relations between these data and the features so
that the more significant the feature is in an object, the closer the point representing the point F;
object should be placed. Another method of visualization with regard to multidimensional data
is the mosaic plots method (Hartigan & Kleiner, 1981; Heike, 2000) which is a natural extension
of 1-dimensional bar charts. Visualization of multidimensional solids is also possible (Jamroz,
2009). The observational tunnels method (Jamroéz, 2001) makes it possible to achieve an external
view of the observed multidimensional sets of points using tunnel radius, introduced by the author.
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2.1. Observational Tunnels Method

Theoretical grounds of Observational Tunnels method were described in paper (Jamroz,
2001). Intuitively, it may be said that the method of observational tunnels makes use of a parallel
projection with a local orthogonal projection of an extent limited by the maximal radius of the
tunnel. This solution makes it possible to observe selected parts of a space bearing important
information, which is not possible using an orthogonal projection, for example. The method of
projection used in this paper is presented in a demonstrative manner on Fig. 2. The observational
plane P will be used as a screen through which any object placed in space X will be viewed. This
observational plane P — Xis defined as: P = d(w,{p;,p,}), where:

def
5(W,{P1,P2}) ={xeX:3B,,5, €F, such that x=w+ B, p, + B, p,} €]

Xis any n-dimensional (n > 3) vector space, over an F field of real numbers, with a scalar product.

Vector w will indicate the position of the screen midpoint, whereas p;,p, will indicate its
coordinates. Let assume for the moment, that the space X'is 3-dimensional (an example assuming
a space with more dimensions would be more difficult to conceive) and that observational plane
P is 1-dimensional (i.e. it is possible to observe the pertinent reality not through a segment of
a 2-dimensional plane but through a segment of a line). Additionally, let take a vector 7, being the
proper direction of projection onto the observational plane P (The proper direction of projection
r onto the observational plane P = 6(w,{p1,p,}) is defined as any vector r € Xif vectors {p1,p,7}
are an orthogonal system). Let’s determine &, ,. (i.e. a line parallel to r and passing through a) for
observed point a. As shown on Fig. 1, the line &, , need not have common points with P. However,
k,, always has one common point with hypersurface S containing P and being orthogonal to 7.
(the hypersurface S g), anchored in s € X and directed towards d € Xis defined as:

def

Sisay = {xe X :(x—5,d) =0} 2

A line parallel to 7 and passing through a does not have to have common points with P,
however, it always has exactly one common point with hypersurface S containing P and being
orthogonal to r. In the above mentioned case only point a, will be visible using observational
plane P.

Fig. 1. Presentation of the rules of projection on plane P in observational tunnels method
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In practice, only at some particular orientations of observational plane P could some points
be viewed. This implies that in the majority of cases, when viewing a set of points using obser-
vational plane P nothing could be seen. In order to avoid such a situation, let us assume that the
points visible on observational plane P do not only include points situated on lines parallel to
r and passing through P, but also the points which are situated on lines parallel to » and pass-
ing through S (i.e. the hypersurface containing P and orthogonal to ») within a smaller distance
from observational plane P than a certain fixed value. This distance for observed point a will be
represented by vector b, called the tunnel radius:

b, =wr+a-w-pp—ppa (3)
where:
_(w=a,n) ﬂ]:(ww—w,pl), ﬂzz(‘//’”Fa—W»Pz) @
(r,r) (p1sp1) (p2>P2)

r € X— a proper direction of projection onto observational plane P.

In the case presented on Fig. 2, at the point e of observational plane P, all points situated
in the funnel whose intersection is a segment of and which is spreading along » will be visible.
However, generally, at the point e on the observational plane P, all points situated in the funnel
whose intersection is an n-3 dimensional sphere and spreading along the direction of projection r
will be visible.

SN aP
r B
/ 5

Fig. 2. Way of choosing observational tunnel 7

Tunnel T for point e is shown. (The area hatched with horizontal lines). All points that belong
to tunnel 7 will be visible at point e of observational plane P.

2.2. The Drawing Procedure

The algorithm below should be followed in order to draw the projection of observed point
a consistent with the direction of projection r onto observational plane P = d(w,{p;,p,}):
1. the distance of projection of observed point a is to be calculated using the formula:
w=w-a,r)/(r,r)
2. the position of the projection (i.e. the pair 5,5, € F) of observed point a is to be calculated
using the formula: 8, =(yr + a —w,p)/(p1,p1), B2=(yr + a —w,p2)/(p2,p2)
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3. the tunnel radius b, of point a is to be calculated using the definition:
b,=yr+a-w-pip1-pp>

4. at this point it should be verified whether the scalar product (b,,b,) is lower than the
maximum tunnel radius determined at a given time and whether the distance of the
projection of observed point a is shorter than the maximum range of view determined
at a given time. If this is the case, then one should draw a point on observational plane
P =06(w,{p1,p,}) in the position of coordinates (f;,5,), otherwise the point should not be
drawn.

n
The scalar product is to be calculated using the formula: (x,y) = Z X, y;, where: x=(x,x,,....
x,), ¥ =1,02...Y,), n-number of dimensions, n > 3. i=1

3. Experiment

Three types of coal, types 31 (energetic coal), 34.2 (semi-coking coal) and 35 (coking coal)
in Polish classification were used in the investigation. They originated from three various Polish
coal mines and all of them were initially screened on a set of sieves of following sizes: —1.00,
-3.15,-6.30,-8.00,—-10.00,-12,50,—-14.00, —16.00 and —20.00 mm. Then, the size fractions were
additionally separated into density fractions by separation in dense media using zinc chloride
aqueous solution of various densities (1.3, 1.4, 1.5, 1.6, 1.7, 1.8 and 1.9 g/cm®). The fractions
were used as a basis for further consideration and additional coal features were determined by
means of chemical analysis. For each density-size fraction such parameters as combustion heat,
ash contents, sulfur contents, volatile parts contents and analytical moisture were determined
giving together with mass of these fractions seven various features for each coal. The examples
of such data were presented in tables 1-3 showing the data for density-size fractions 6.3-3.15 mm
for each type of coal.

TABLE 1
Data for density-size fraction 6.3-3.15 mm — coal, type 31
6.3-3.15 [mm]

Density Mass Combustion | Ash contents Sulfur Voiit:;f::;rts Analytical
[g/cm3] heat [cal] [%] contents [%] va moisture W,

<1.3 3575.6 7431 1.28 0.65 37.04 3.18
1.3-1.4 2611.4 7031 4.23 0.67 32.74 3.94
1.4-1.5 341.6 6144 14.84 1.36 2791 3.60
1.5-1.6 128.2 5568 23.1 1.44 26.32 3.21
1.6-1.7 108 4317 37.01 1.64 24.51 2.55
1.7-1.8 104 3874 41.57 1.75 25.17 2.31
1.8-2.0 88.2 3658 42.63 1.81 24.89 2.19

>1.9 2496.8 3445 43.33 1.95 24.33 2.08




www.czasopisma.pan.pl P@N www.journals.pan.pl
<D

1324
TABLE 2
Data for density-size fraction 6.3-3.15 mm — coal. type 34.2
6.3-3.15 [mm]
Density Mass Combustion | Ash contents Sulfur Vol?)t;ltzftz rts 1?:11(?;5);2:':]
[g/cm’) heat [cal] [%] contents [%] va W
a
<1.3 1817.9 8355 1.13 0.31 31.03 1.11
1.3-14 503.6 7975 4.92 0.42 26.41 0.93
1.4-1.5 69.5 6775 16.21 0.69 25.52 0.83
1.5-1,6 46,7 5887 24.53 0.79 25.01 0.92
1,6-1,7 30,6 5001 31.01 0.67 26 0.92
1,7-1,8 21,4 4402 25.34 0.68 25.34 1.31
1,8-1,9 3,6 4428 36.86 1.11 26.41 0.92
>1,9 248,2 731 79.9 0.43 12.19 0.75
TABLE 3
Data for density-size fraction 6.3-3.15 mm — coal, type 35
6,3-3,15 [mm]
Density Combustion | Ash contents Sulfur Volatile parts Ana} yical
3 Mass contents moisture
[g/em”’] heat [cal] [%] contents [%] va W
a
<1.3 2081.1 8316 2.49 0.40 21.25 1.30
1.3-14 745.2 7772 8.30 0.5 19.28 1.19
1.4-1.5 294 .4 6647 18.98 0.59 18.62 1.14
1.5-1.6 153.7 5795 27.90 0.61 17.82 1.29
1.6-1.7 136.3 4985 34.64 0.62 17.24 1.5
1.7-1.8 92.4 4245 41.20 0.68 16.75 1.46
1.8-1.9 95.9 3584 48.57 0.79 15.48 1.65
>1.9 1898.5 964 77.16 0.39 10.86 1.45

3.1. Visualization of 7-dimensional data

The observational tunnels method was used to analyze the data describing three types of
coal. This method served to visualize the multidimensional data. Each of seven parameters
was treated as separated dimension. So, the 7-dimensional space was created. The figures 3-5
present the experimental results taking into consideration data of all three types of coal: 34.2
(61 samples), 35 (72 samples) and 31 (72 samples). Lower amount of samples for coal of type
34.2 occurred from the fact that some results for this coal were missing. Figure 3 presents the
view from which it is visible that the data concerning coal of type 31 are located in other part of
the space than coal of type 35.

On the basis of these figures it can be stated that the accepted parameters are sufficient to
properly identify whether certain sample originated from coal of type 31 or 35. Figure 4 presents
the view allowing to state that data concerning coal of type 35 are located in other part of the space
than coal of type 34.2. From these three views it can be stated then that the accepted parameters
are sufficient to correctly identify whether certain sample originated from coal of type 31, 34.2
or 35. At the same moment it was impossible to achieve one view from which such conclusion
would be clear. It means that the analyzed data are complicated.
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Fig. 3. Obtained view trom which it occurs that data for coal 31 (gray spots) gather in other part of the space
than coal 35 (bright spots — gathered in two groups/subareas of the space)

Fig. 4. View from which it occurs that data for coal 35 (bright spots) gather in other part
of the space than coal 34.2 (black spots)
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Fig. 5. View from which it occurs that data for coal 31 (Gray spots) gather in other part
of the space than coal 34.2 (black spots)

Furthermore, to visualize the data presented above the method of parallel coordinates was
used too. In this method there are # parallel axes responding to n dimensions of the space. One
point of the space is represented by broken curve. This curve crosses through each i axis in spot
which represents i coordinate of the point. Figure 6 presents the general idea of this method.

Figure 7 presents the view of the analyzed 7-dimensional set of data by means of parallel
coordinates method. On the basis of this view it is impossible to state whether samples of indi-
vidual coals can be separated or not. However, it can be said that before further analysis the data
should be once again scaled in the way assuring change of the range of values in each coordinate
of the space in the similar way. This would allow to obtain the situation where undependably on
the choice of metrics each of the parameters would have similar weight by evaluation or clas-
sification of the data.

3.2. Visualization of 7-dimensional data: coal 31 with particle
size fractions

The view of data representing coal of type 31 with particle size fractions is presented on
figure 8. On this picture 9 fractions — points of certain brightness — represent samples of the
same fraction. By such approach it was impossible to achieve views from which conclusions
can be made.
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Fig. 6. Parallel coordinates method. On example, 6-dimensional point of coordinates (5, 1, 4, 5, 5, 2)
is represented as broken line consisted of 5 sections joining 6 points on the surface, by one point
on each parallel axis. The location of the point on i axis responds to i ™ coordinate of 6-dimensional point

Fig. 7. View of data for coal 31 (gray spots), coal 34.2 (black spots) and coal 35 (bright spots)

The conclusions were made by approach where the separation between fractions was ana-
lyzed in pairs. On figure 9 such pair is presented where fractions 20-16 mm and 14-12.5 mm
were selected. On the basis of this view it can be stated that the points representing these fractions
are located in separated subareas of the space. It can be said then that the accepted parameters
are sufficient to proper identification whether certain sample origins from particle size fraction
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Fig. 8. View of data for coal 31 with particle size fractions. Points of various brightness represent
various fractions. Too large number of fractions cause the view not clear

20-16 mm or 14-12.5 mm. On figures 10 the views for all remained pairs of each fraction and
fraction 20-16 mm are presented. On the basis of each such figure it can be stated that the ac-
cepted parameters are sufficient to proper identification of particle size fraction from which the
sample originated. It can be clearly stated because it is visible on figures that each fraction in
each pair is located in separated subareas of the space. If then particle size fraction 20-16 mm
with each other fraction is located in separated subarea of the space then it means that the ac-
cepted parameters are sufficient to properly identify whether the sample origins from particle
size fraction 20-16 mm or not.

4. Conclusions

On the basis of visualization of 7-dimensional data by observational tunnels method the view
for All pairs of coal types were obtained from which it occurred that the accepted parameters are
sufficient for the proper identification of the coal sample origin.

One view for all three types of coals together from which conclusion from the previous
point would be true was not possible to achieve. It proves that the structure of the analyzed data
is complicated.

On the basis of visualization of 7-dimensional data, for individual coal types with particle
size fractions it was not possible to achieve clear views for all fractions together. The conclusions
were obtained by analysis of pairs of particle fractions. On the basis of achieved views it can
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Fig. 9. View of data for coal 31, two particle size fractions: 20-16 mm (bright spots) and 14-12.5 mm
(black spots). The obtained view allows to state that the fractions gathered in separated parts of the space

Fig. 10. The joined pictures of views for coal 31 with selected two particle fractions

be stated that the accepted parameters are sufficient for proper identification of sample particle
origin considering particle size fraction.

From the view obtained by parallel coordinates method for all types of coal together it was
impossible to conclude if the samples of individual coal types can be separated or not. Before the
further analysis it is worthy to scale the data in the way assuring for each parameter similar weight.

The results of visualization obtained by observational tunnels method proved that on the
basis of these data it is possible to obtain proper mathematical models describing mineral pro-
cessing of raw materials.
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