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Abstract. The article proposes a method for visualizing multidimensional random process realizations using the example
of the concentrations of harmful gases emitted into the atmosphere from a thermal power plant. The method is based on the trans-
formation of gas concentration values in one point of multidimensional space at the same time into a two-dimensional curve,
which is described by the sum of products of normalized concentrations by orthogonal Legendre functions of the corresponding
order. The combination of such curves on a two-dimensional plane at discrete times creates a characteristic image that can be used
to visually detect features of gas concentrations over time by a human operator.

Key words: visualization, multidimensional random process, visualization method

1. Introduction

At many technical objects, a large number of pa-
rameters of heterogeneous physical quantities are simul-
taneously measured, which are necessary to decide the
state of this object or its parts. For example, the ecologi-
cal state of the environment in the area where a thermal
power plant (TPP) is located depends on the concentra-
tion of harmful gases (CHG) emitted into the atmos-
phere. The estimation of exceeding the acceptable
threshold of the CHG should be evaluated for each pa-
rameter using statistical data based on known theories

[1] during the computer processing of measured data.
Multidimensional processing of CHG is appropriate for
creating important practice information about the state of
the TPP. Currently, many methods have been developed
for processing multidimensional data [2], in particular, in
data mining methods [3], which have shown their effec-
tiveness.

However, at some facilities, for example, nuclear
power plants, measuring instruments are widely used for
visual monitoring of equipment operation the number of
which can be large. Such devices include, in particular,
manometers that are highly reliable when operating
under difficult conditions of high temperature, vibration,
etc. The plant operator must monitor the indicators of the
instruments and his fatigue can adversely affect the qual-
ity of decisions on the state of the object. Therefore, the
expediency of multidimensional data visualization arises,
which involves matching many random processes to one
two-dimensional visual image, which will mean some-
thing to an operator of average skill. This is the task of
information visualization, which can be carried out by
various methods [4].

A feature of information visualization is the lack
of a general theory due to the complexity of the problem,
the solution of which must be carried out using both the
technical characteristics of the object and measuring
equipment and the biological and psychophysiological
factors of the human operator. The components of this
theory should be cognitive, perceptual theories, and the
general theory of measurements and all these theories
should use statistical methods. The interpretation of
visualization results should be based on syntactic, se-
mantic, pragmatic, and stylistic structures, as well as
communication theory [5], [6]. Visualization of informa-

tion is carried out during the processing of experimental
data, which requires compliance with the requirements
for the accuracy of measuring the corresponding physi-
cal quantities. The ultimate goal of visualization is to
gain an understanding of the state of an object based on a
mental model of phenomena. Since the concept of un-
derstanding is inextricably linked with a person, many
mental models can exist. To avoid this, it is necessary to
create a reference model of a human operator with speci-
fied physical and psychophysiological characteristics,
and then the concept of "reference perception of infor-
mation" is possible, similar to the concept of a standard
in metrology. The transition from measuring the parame-
ters of physical quantities to understanding is impossible
without the introduction of an abstraction that allows one
to conclude the characteristic features of the resulting
visual image, which should be described by a pattern or
patterns. Their form, as a rule, depends on the structure
of the measured data and visualization tasks.

The main disadvantage of existing models is that
they emphasize different parts of the communication
process between the person and the obtained measure-
ment data.
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2. Goal

The purpose of the article is to develop a new
visualization method for many realizations of a multidi-
mensional random process using the example of the
concentration of harmful gases emitted from a thermal
power plant.

3. Information visualization methods

Consider the main methods of information visuali-
zation. In [7] an analysis of methods for creating projec-
tions of multidimensional data on two-dimensional planes
was carried out, and methods for studying multivariate
statistical data through animation were developed. For the
perception of the complex abstract structure of the object,
viewing from all sides is proposed. This leads to the crea-
tion of a sequence of two-dimensional images in the hu-
man brain. The article considers a set of realizations of
many random processes that describe, in the general case,

different physical quantities. For one moment, we have n
values of these quantities, which n coincides with the
number of random processes. A set of n values (numbers)
describes some abstract object or point. The realizations of
these processes for other moments are characterized by a
different set of values. Let the number of time points be
equal to m. Then the information about the realization of
random processes can be described using n points in the
m-dimensional Euclidean space. After some time, other
measurements are made and a different set of process
realizations is obtained, which is already described by a
new point in the m-dimensional space. This space cannot
be represented by the human brain, and therefore its visu-
alization is necessary using various methods. D. Asimov
offered an overview of the sequence of projections on
two-dimensional planes. This creates a movie effect when
any multidimensional data set (one point in m-dimensional
Euclidean space) turns into a sequence of two-dimensional
planes. Then the directions in these planes are selected,
corresponding to the horizontal and vertical directions on
the computer monitor screen. Each animation frame is an
orthogonal projection of the data onto a 2D space.

In [8] attention is brought to the terminology: the
term «multidimensional» refers to the dimension of
independent variables, while the term «multivariate»
refers to the dimension of dependent variables. In an
experiment, it is not always possible to unambiguously
assert the dependence of individual physical quantities.
Methods for projecting multidimensional data onto a
two-dimensional plane are considered in many works.
An overview of such methods is given in [9] a classifica-
tion of such methods is given. The main problems of big
data visualization are formulated in [10]. Data visualiza-
tion allows a researcher even with a low level of mathe-
matical training to make correct decisions. In [11] an

analysis of the presentation of multidimensional data in
the form of a pictograph, for example, based on Cher-
nov's faces [12]. Many illustrative examples of visualiza-
tion results are provided in [13]. In [14] was introduced a
new transparent approach to rendering on the web,
where designers selectively bind inputs to arbitrary
document elements, applying dynamic transformations
to both create and modify content. In [15] the application
of analytical methods and big data models for the Inter-
net of things and visualization is considered. Visualiza-
tion of multidimensional data can be based on neural
networks using principal sensitivity analysis to image
brain activity [16]. Authors [17] created a new t-SNE
method that visualizes multidimensional data on 2D or
3D planes. Demonstration of this method on many data
samples showed its advantage over other nonparametric
visualization methods: Sammon mapping, Isomap, Lo-
cally Linear Embedding. To simplify the visualization,
the dimension of the data can be reduced [18]. Dimen-

sion reduction methods are given in [19].

In practice, two-dimensional relationships be-
tween all pairs of variables, which can be quantitative
and categorical, are often used to visually describe a
multidimensional data set. A scattering matrix is a natu-
ral tool for the graphical exploration of these relation-
ships. In [20] using a generalized matrix method that
allows you to simultaneously use both quantitative and
categorical variables was proposed. In [21] method was
improved by introducing interactive approaches. The
HyperSlice method is described in detail in [22]. Visu-
alization of functions of two and three variables is per-
formed by traditional methods. If there are more vari-
ables, it is necessary to fix the value of some variables so
that the number of free variables is less than four, and
then use the standard visualization. So, slices of multi-
dimensional data are initially selected and visualized
sequentially. The geometric coordinates denote two
variables, and the gray or color value denotes the value
of the function. However, one slice only shows a very
limited subset of the higher-dimensional space. There-
fore, the HyperSlice method was developed, in which the
function is presented simply and understandably and all
parameters are processed in the same way. The central
concept is the representation of a multidimensional func-
tion as a matrix of two-dimensional orthogonal slices.

4. Description of the experimental research
results

To explain the method of visualization of the mul-
tidimensional random process CHG, let us consider its
normalized realizations obtained at the TPP. Normaliza-
tion is necessary so that the concentrations are expressed
in the same units and can be compared with each other.
TPP gases that are emitted into the atmosphere must be
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controlled and not exceed the norms established by the  measuring realizations of the multidimensional random
National Standards of Ukraine. As a result of experimen-  process of the CHG is shown in Fig.1-5. The analysis
tal measurements of CHG at the plant, an array of data  shows that at some intervals of time, CHG exceeds the
was obtained on five parameters for CO, Dust, NO,, O,, permissible values, which can be detected during visu-
and SO,. A graphical representation of the results of alization.
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Fig. 4. Time dependence of the normalized concentration of CO gas
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Fig. 5. Time dependence of the normalized concentration of O2gas

5. The essence of the proposed visualization
method

Therefore, we have n realizations of normalized
random processes (n = 5). Each process is discretized in
time by m normalized values. The number of digital data
is nxm, and this number can be very large. At a discrete
point in time k, we have the numerical value of the i-th
measured parameter ai, i.e. in n-dimensional Euclidean
space there is a Ax point that evolves in this space over
time. It is necessary to follow this point visually over
time to make some conclusions about the CHG emission
system.

Let us denote the values of these parameters at the
initial moment of time a,, a,, ... , a,, where n is the num-
ber of parameters. The other indices (i = 1, 2, ..., n)
refer to the parameter number. The set of these parame-
ters can be considered as a vector with components (pro-
jections) a,, a,, ... , a,. Let us consider a multidimen-

sional vector as a two-dimensional image using a basis
of orthonormal functions {y75( )};’io, which, in particu-

lar, can be orthonormal functions of Gegenbauer, Her-
mite, Laguerre, Legendre, Chebyshev, etc. The authors
conducted a study of the visualization of random proc-
esses using different functions.

The most informative visual representations are

provided by the Legendre functions {Ii(T)}?‘;0 on an

interval [0,1] where 7 is a parameter that combines all the
other parameters on which the state of the object de-
pends. A similar equation for data processing in [23] was
given. A point (vector) in a multidimensional space

i-= T can be associated with the function (1).

e a )

n n-1
py= ak(). 1
i=0

To visually analyze the behavior of a multidimen-
sional point, you can build a three-dimensional graph
p(z, t) or look at the behavior of the function p(z) at
consecutive discrete points in time. Such a function can
be a test function, that is, defined at the initial time with
sufficient accuracy. Thus, each point in multidimen-

sional space corresponds to one abstract curve of the
plane. The need for abstraction is discussed in the
introduction. This curve describes the set of parameters
at a certain point in time. The visualization of a point in
a multidimensional space cannot be represented. Moving
to an abstract curve means representing a multidimensio-
nal point in two-dimensional space, which can now be
easily represented.

Therefore, equation (1) includes the normalized
experimental values of the harmful i-th gas concentration
a; and the corresponding orthogonal functions I;(z). The
set of such curves for different moments creates some
abstract visual image that needs to be learned to
interpret. We will call it the characteristic image. The
creation of such a view is the essence of the proposed
visualization method. Figure 6 shows the dependencies
pt ) for the different order of the parameters ai alter-
nation in equation (1).

The order of the CHG, such as CO, dust, NO,, O,
SO, or NO,, O,, dust, SO,, CO, affects the view of the
image. So that the conclusion regarding the state of CHG
does not depend on the order of recording the concentra-
tions of these gases, one must choose any order and then
always use it.

Now let's consider the influence of the jumps of
the CHG on the image view. To do this, we artificially
exclude jumps in dust and O, concentrations from the
results of experimental studies. Figure (7, a) shows an
abstract image of CHG with jumps of the indicated con-
centrations, and Figure (7, b) shows the same picture, but
with the extracted jumps.

From Fig.7 follows that the characteristic image
changes after the jumps are extracted: the lower curves
disappear (Fig. 7, a), which describes the jumps of the
CHG in the abstract space. Next, the statistics of such
images with different jumps exceeding the DSTU
thresholds and without jumps are collected. This may be
the subject of a separate study that will help create a
characteristic image pattern. Exceeding its limits will
indicate the presence of anomalous emission of the con-
centration of one of the harmful gases, the name of
which can be determined by a specially developed algo-
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rithm similar to that developed in [24]. One pattern, for
example, a rectangle, an ellipse, etc., is superimposed on
the obtained characteristic images (Fig. 6, 7). A change

p(1)

in the size of the pattern means a different probability of
CHG jumps detection for a given value of the probability
of a false alarm.

Fig. 7. The results of the jumps impact on the visualization of the CHG: a — with jumps: b — without jumps.

6. Conclusions

Most of the visualization methods are aimed at
describing the local properties of the data. For the
estimation of general properties, the article proposes a
method for visualizing multidimensional random pro-
cesses using the example of the concentration of harmful

gases, the number of which can be large. To obtain a
characteristic image, it is enough to have a set of data
that characterizes the results of measuring individual
parameters of random processes, and orthogonal func-
tions. So, the article solves the problem of visualizing a
multidimensional process that describes the behavior of
various harmful gas concentrations.
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