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Abstract: Technologies of Industry 4.0 lead to changes in industry,
society. Industry 4.0 – automation of industrial enterprises when modern
technologies are used. Data analytics is playing a significant role in the
development of industry and others spheres of life’s work of humans.
Among use cases of predictive analytics for industry there is predictive
maintenance that allows ensure the maximum level of reliability. Thanks
to the development of the Internet of Things, Industrial Internet of Things,
Big Data analytics, Machine Learning technologies, it became possible
predict different characteristics with great accuracy, control them.
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1. INTRODUCTION
In our time the data produced by humans and machines has reached high
levels. Everyday large amounts of data, received from different sources and with
different formats, are created and made available to organizations. The
development of Big Data (BD) technologies and analytics, Internet of Things (IoT)
has led to their greater use for industrial automation. At this time, the concept of
Industry 4.0 (I4.0), which refers to the era of the fourth industrial revolution,
appeared.
I4.0 has changed the approaches in the work of industry and significantly
increases the efficiency of production processes.
The strategy of many countries is using of the computing technologies such as
“BD analytics”, the technologies of Artificial Intelligence (AI). The apply of Data
analytics, Machine Learning (ML), deep learning to problems in human health,
physics, materials science, maintenance and others becomes an important tasks of
our time.
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Data analytics is playing a significant role in the development of smart
industry. Data analytics application are generally divided into three groups:
descriptive, predictive and prescriptive. Prediction of events that can occur in the
future is a function of predictive analytics thanks to the development of predictive
model. Predictive analytics can help improve customer relationships, operational
processes and others. Capabilities of predictive analytics are unlimited: there are
use cases for manufacturing, for retail, for healthcare and others. Among use cases
of predictive analytics for industry there is predictive maintenance (PdM), for retail
– pricing and others.
Any breakdown of machine or equipment may lead to disruption for the
supply chain, so maintenance aims to reduce the number of failures occurred
during production [1]. PdM is one of the most priority topics in maintenance. The
data such as current consumption, voltage, vibration and others are collected and
transmitted through an IoT gateway and other sources to a centralized storage,
where the factory managers see them on a monitor in real-time.
The purpose of this work is: researching of different technologies, tools for
predictions, control in industrial enterprises; researching of PdM, technologies,
tools, which are applied for PdM; to make different predictions of indices of
activity of different interprises, to find coefficients of the correlation R ,
coefficients of determination R 2 of obtained models and to find the model
which is most adequate to experimental data.
Data analytics, ML and other technologies help predict different
characteristics, control them, predict times of equipment failure and repair
equipment with minimal downtime, i.e. increase income in systems using
machines.
2. INDUSTRY 4.0
I4.0 is taking place in our time. Now we live in the time of the end of the third
digital revolution, which began in the second half of the last century. Its specific
traits are the development of information and communication technologies,
automation and robotization of production processes. The specific traits of I4.0 are
fully automated production facilities where controlling of all processes are carried
out in real time and taking into account changing external conditions.
Cyberphysical systems (CPS) are creating. They have a relationship and
coordination between computing and physical resources. Computing resources
control physical processes and make decentralized decisions. They are able to unite
in one network, interact in real time, self-adjust and self-learn. An important role is
played by IoT which provide communications between personnel and machines,
machine and machine. Enterprises create products in accordance with the
requirements of the individual customer, optimizing the cost of production.
The concept of digitalization, so popular over the past few years, refers to the
stack of the 4th industrial revolution - the massive introduction of CPS in
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production and other areas of human life, work and leisure. The term Industry 4.0
got its name in 2011 from one of 10 projects of the state strategy for technological
development of Germany until 2020. The German government in 2011 have
brought into the world a new theme called Industry 4.0 - the fourth industrial
revolution [2, 3] . I4.0 aim is to increase level of automatization achieving a higher
level of operational productivity and efficiency [3], connecting the physical and
virtual world. It will bring computerization and inter-connection into the industry.
I4.0 can be understand as Cyber-Physical Systems production [4]. It is based on
knowledge and data integration and it can be summed as an manufacturing process.
This process is connected with algorithms, BD and high technologies - the IoT
and Internet of Services (IoS), Industrial Automation, Cybersecurity (CS), Cloud
Computing (CC) or Intelligent Robotics [5]. I4.0 is built not on one technology, but
on combining data, tools and processes from different application areas in order to
reduce overall costs, reduce risks and increase efficiency using CPS. I4.0 based on
the following key technologies: BD and analytics; IoT; Cloud Computing; methods
and tools of AI, including ML; virtual and augmented reality; 3D printing;
quantum computing; blockchain. I4.0 means the universal digitalization of
industrial production. I4.0 includes reasonable production and industrial use of AI.
Predictive production maintenance is the element of I4.0.
The created CFS have many advantages. The real-time feedback loop,
implemented by sensors, minimizes errors, provides control of the production line
and makes it possible to take the necessary measures to eliminate all potential
problems. The high speed of data access provides the making of more competent
and informed decisions in real time. And this list of advantages goes on. The key
advantages of I4.0 include: mass wares of production with individual
characteristics; increasing of security; quality improvement; productivity
increasing. The new forms of interaction between man and machine, machine and
machine (M2M), for example, sensor interfaces and augmented reality system,
appear; the methods to transfer digital commands to the physical world, for
example, advanced robotics and 3D printing, improve. Supercomputers, smart
homes, smart cities appear.
3. PREDICTIVE MAINTENANCE
I4.0 fundamentally changed the approach in work of the industrial business.
One of the key requirements is to reduce equipment maintenance costs by
increasing its efficiency, reducing downtime and increasing the productivity of
technical specialists.
Untimely maintenance of industrial equipment is not only direct losses from
breakdowns in the form of new parts costs. It is also a reduction in production
volumes, costs of reorganization and re-planning of processes. In addition,
disruption of supply plans, reputation losses among customers and partners, which
lead to even greater costs in the future.
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Currently, several methods of equipment maintenance have been formed,
among them there are three main: reactive, planned, predictive [1].
The first type is the maintenance of equipment after its failure. This approach
is justified when servicing simple, inexpensive equipment, when there is a
reservation, and replacement will be cheaper than repair work to restore equipment.
The second type of maintenance is planned preventive maintenance of
equipment in accordance with the regulations. In this case, maintenance is carried
out in accordance with the manufacturer's recommendations at regular intervals.
Equipment maintenance work is carried out with a certain period, which is
determined by the methods of statistical analysis. When maintenance is on the
regulations, the ability to use the manufacturer’s warranty is not lost. But it turns
out that at least 50% of all maintenance on the regulation are performed without
their actual need.
The third type of maintenance is predictive [6, 7], also known as maintenance
by actual technical condition. In this type of maintenance, the state of the
equipment is controlled continuously or periodically. Depending on the results
obtained, a prediction is made of the technical condition of the equipment and
maintenance programs are formed. PdM systems are able to predict the state of the
system based on the current state of the equipment and determine the necessary
maintenance measures [8]. This improves maintenance efficiency and system
productivity and reduces maintenance costs.
The I4.0 methodology offers the approach – remote control and monitoring
(RCM) and PdM. PdM technology is based on maintenance methodology on the
basis of reliability. PdM allows make not scheduled repairs, but when it becomes
necessary. Due to this, it is possible, on the one hand, not to spend money and time
on scheduled maintenance of equipment that can work normally a few more
months without repair, and on the other hand, the probability of unplanned
downtime caused by an unexpected breakdown is reduced.
This is achieved by: collection of data of the technical condition of equipment
and their preprocessing; early fault detection; predicting the time of failure;
maintenance planning; optimization of resources allocated for equipment
maintenance. PdM is a method of predicting of failure by analyzing production
data to identify patterns and predict issues before they happen. Most of all planned
maintenance activities are ineffective. PdM has become a leading I4.0 use case for
manufacturers and asset managers.
The following base components are required for PdM: sensors – sensors for
data collection are installed on the physical product or machine; data
communication – the communication system that allows data to flow between
sensors, the monitored asset and the central data store, may be it is IoT facilities
and other sources; central data store – the central data store in which asset data and
business data are stored, processed and analyzed; predictive analytics – predictive
analytics algorithms are applied to the data to identify patterns and generate
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insights; root cause analysis – data analysis tools are used by maintenance and
process engineers to determine the corrective action to be performed [9].
As the IIoT develops due to installing on the equipment the various sensors,
data about its technical condition can be collected not periodically, but
continuously, without interrupting of the equipment exploitation. Timely detection
of even small deviations in operating parameters will allow to quickly take
measures to ensure the normal operation of the equipment. BD technologies will
allow you to predict the time of failure with high accuracy.
Predictive analytics is based on statistical methods. It is important to
understand that the predictive analytics system is related to BD too, AI, ML.
Key advantages of the PdM system: increased efficiency – analytics-driven
approach improve overall equipment effectiveness (OEE) by reducing unnecessary
maintenance, increase asset life and enable analysis of causes of a system failure;
prevention unexpected failures; increased production safety; reduction of the
number of accidents with negative impact on the environment; formation of an
optimal set of spare parts and materials; reduced downtime; growth of incomemanufacturers get profit when they propose customers services which based on
analytics: PdM dashboards, optimized maintenance schedules or a technician
dispatch service [10].
Data from IoT devices is not the only source. The ability to combine data from
a large variety of sources for the most accurate predictions is the advantage of
predictive maintenance. Other data sources might include: data from programmable
controllers; manual data from human inspection; geographical data; manufacturing
execution systems; static data, like manufacturer service recommendations for each
asset; equipment usage history data; building management systems; external data
from APIs, like weather; parts composition.
Any source of data can augment IoT data and be used to build and test a PdM
model. It is necessary to determine which data sources are the best indicators of
failure, wear, or breakdown and add or remove features to improve the final model.
Industrial AI can be applied to PdM in the manufacturing industry. We are in
the beginning of using this technology, but there are already many advantages from
industrial AI. It offers a variety of techniques to analyze the great amounts of data
collected from the manufacturing process for creating the models. These techniques
are called ML algorithms.
ML, deep learning are suitable for PdM data processing because the increasing
number of sensor data streams makes manual monitoring and analysis impossible.
PdM is already widely used in the production of aircraft and helicopters, and
this method has already shown its advantage over traditional planned
maintenance in practice, the use of predictive maintenance is actively spreading
with the growing popularity of electric vehicles. Large oil platform operators
use PdM to reduce downtime for pumping equipment. The initial data to the PdM
system usually comes from the IoT systems, equipment which fitted out with the
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sensors that transmit information to the system for PdM, etc. BD specialists then
use ML technology to creating models. This provides the planning of the existence
functions of the researched object, taking into account the BD obtained in time of
the researching of the object. PdM uses in follows spheres: railway; manufacturing;
oil and gas industry and others.
4. BIG DATA AND INTERNET OF THINGS
Every day every person leaves a lot of traces. We sent a request to a search
engine, walked along the street with a smartphone equipped with a GPS module,
used the navigator, made a purchase in a store using a credit card, download music
or installed the application - any of these actions generates a stream of information.
If consider the number of people living on Earth, we understand, that a lot of
information is accumulating. Even more data are produced by machines, whose
working is based on digital technology or suppose the digitization of physical or
chemical processes, as, for example, this happens at petrochemical enterprises.
There is no generally accepted definition for the concept of “Big Data”. Sometimes
this concept is means only the volumes of heterogeneous and quickly incoming
digital information (over 100 GB per day) that cannot be processed with traditional
tools. The term BD appeared in 2008 with the help of editor of “Nature” Clifford
Lynch. Technologies for working with BD are a whole complex of various tools,
approaches and methods of working with information.
Big Data (BD) is characterized by parameters that are denoted as 3V according to the first letters of the English words volume, velocity and variety. For
BD, the values of these parameters are high, and with time they only become
higher. With the volume everything is obvious: the volume of BD is large and it is
constantly growing. Over time two more “V” were added to three “V”: veracity
and value (some call others “V”). Everything is not clear with veracity: with the
growth of volumes and speed of data receipt, their quality and veracity are more
difficult to control. So BD is not just a lot of data, but a quantity that has already
gone to a new, previously inaccessible quality. Recently BD has found application
in many such areas as smart homes, increasing the income of banks and retail
chains, increasing the efficiency of a wide variety of industries.
Internet of Things. Already in 2018 the volume of world data traffic may
exceed two zettabytes, and this growth is not associated with the use of the network
by human users, but with an increase in the number of devices, machines and
mechanisms connected to it, interacting both with a person and with each other.
This is the so-called Internet of Things. The term "Internet of things" appeared in
1999, it was formulated by the American researcher Kevin Ashton. And the first
thing that was connected to the Internet was presented in 1990: at the Interop
exhibition a toaster connected via the Internet was shown. According to Cisco
estimates, in 2009 the number of devices connected to the Internet exceeded the
population of the Earth. At that moment the “Internet of people” became the
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“Internet of things.” Now the number of devices connected to the network is about
10 milliards.
The segment of the IIoT is actively growing, where units and whole
production facilities, transported goods and office equipment are combined into a
single information space. The IIoT provides full machine interaction (M2M). It is a
means of implementing I4.0, because this system combines software, computer
networks, production facilities with integrated sensors in a single cycle for
collecting and exchanging data.
5. ARTIFICIAL INTELLIGENCE AND MACHINE LEARNING
Some definitions of AI are presented below. For the first time the term AI was
used by computer scientist John McCarthy in 1956. “AI is the science and
engineering of making intelligent machines, especially intelligent computer
programs” [11]. M. Haenlein and A. Kaplan said, that AI is the ability of a system
to correctly interpret external data, learn from such data and use the received
knowledge to achieve specific goals and tasks using flexible adaptation [12]. AI the property of intelligent systems to perform creative functions that are
traditionally considered the prerogative of a person [13]. In Fig. 1 the relationship
between AI and ML is shown.
AI technology has reached
true popularity today during
increasing of data volumes,
improvement
of
algorithms,
optimization of computing power
and data storage. The ability of AI
to
independently
receive
knowledge in the process of work
is closely related to the problems
of ML. This direction has been
central from the beginning of the
Fig. 1. The relationship between
AI and ML
development of AI.
5.1. Machine Learning
The ML algorithms must analyze input (historical or a training set of data) and
output data. A machine monitoring system includes different input factors from
temperature to pressure and engine speed. The system predicts when a breakdown
will occur. ML is a subset of AI that has been booming over the last decades,
interfacing between theoretical computer science, statistics, and numerical
methods. The most successful is the term "restoration of dependencies from
empirical data" [14]. The main task of ML is to identify hidden patterns in the
aggregate of the same type of objects based on a priori assumptions about the
character of these patterns. The terms “Machine Learning” and “Artificial
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Intelligence” are often confused with each other. ML is part of AI. ML is
sometimes confused with predictive analytics (or predictive modeling). ML can
be used for predictive modeling, but this is just one type of ML, and its
application is wider than predictive modeling. ML is an AI subsection that
explores methods that allow computers to improve their performance based on
received experience. T. M. Mitchell gave the definition of the term “training”: It
is said that a computer program is learning on the basis of experience E with
respect to a some class of problems T and quality measure P if the quality of the
solution of problems from T, measured on the basis of P, improves with getting
of experience E [15]. Already in 1957 the first neural network model was
proposed that realizing ML algorithms similar to modern. Currently a variety of
ML systems are being developed for using in such technologies as the IoT, the
IIoT, the concept “smart” city, when creating unmanned vehicles and many
others. Siri from Apple, M from Facebook and Amazon Echo were created with
the help of ML [16] . The scope of ML application is constantly expanding.
Tasks in science, manufacturing, business, transport, healthcare of forecasting,
control and decision-making often transfer to learning on precedents.
5.2. Formulation of the ML problem
Let X - a quantity of objects descriptions, Y - a quantity of admissible
answers. There is an unknown target dependence – a representation y* : X → Y
whose values are known only on the objects of the finite training data set
X m = {(x1 , y1 ),...,(x m , y m )} . It is required to construct an algorithm a : X → Y that
would approximate the unknown target dependence both on the elements of the
data set and on the whole quantity X . A pair ( xi , yi ) ∈ X × Y is called observation
or precedent. Learning algorithms operate not with the objects themselves, but with
their descriptions. The most common is a feature description. With this approach,
x is represented as a vector x = (x1 , x2 ,..., xm ) ,
the
object
where x j ∈ Q j ( j = 1,2 ,...m ) . In this way X = Q1 × Q2 × ... × Qm . A component x j is
called the j-th attribute or property, or feature of an object x .
It is also said that the algorithm should have the ability to generalize empirical
facts, or derive general knowledge (regularity, dependence) from particular facts
(observations, precedents). How to choose the algorithm that will satisfy us from
the predictive model? For this, the so-called loss function is introduced. Empirical
risk is the average error of an algorithm on the training set. The method of
minimizing empirical risk (Empirical Risk Minimization, ERM) is a general
approach to solving a wide class of training problems by precedents, primarily
learning tasks with a teacher, including classification and regression tasks.
Loss Functions. A loss function is introduced L y , y' that characterizes

( )

the deviation of the response y = a( x ) from the correct response y' = y* ( x ) on a
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random object x ∈ X . Typical loss function selection: in classification task

[

]

L( y , y' ) = y' ≠ y , the indicator function is 1 if the condition is satisfied, 0- if it

(

)2

is not satisfied; in regression task L( y , y ′) = y' − y .
A functional is introduced that characterizes the average error (empirical risk)
of an algorithm a on a random data set X
Q ( a, X m ) =

1
m

m

m

∑ L(a( xi ), y * ( xi ))

(1)

i =1

The ERM is one of the most common approaches to learning algorithms on
precedents. It consists in finding an algorithm in a given model of algorithms
A = {a : X → Y } that minimizes the average error on the training data set

(

a = arg min Q a, X m
a∈ A

)

(2)

Unfortunately, the small value of the functional on the training data set does
not guarantee that the constructed algorithm will well restore the target dependency
all over the space X . There is a danger of over-fitting or retraining when an
attempt is made to describe specific data more accurately than the noise level in the
data and the error of the model itself allows in principle.
5.3. Types and algorithms of Machine Learning
Standard types of ML tasks are following:
- Supervised learning (learning with a teacher) is the most general case. This
learning method is used in cases where there is a large amount of data with markers
(tags, labels). Each precedent is a pair of "object, response." It is required to find
the functional dependency of the responses on the descriptions of the objects and
build an algorithm that receives a description of the object at the input and
produces a response at the output.
•
The classification task is different in that the set of valid responses is
finite. They are called the labels of classes.
•
The regression task is different in that the valid response is a real number
or a numerical vector.
•
The task of ranking (learning to rank) is different in that the responses
must be obtained right away on the quantity of objects, and then sort them by the
values of the responses.
- Unsupervised learning (learning without a teacher). The task of the machine
is to find the connections between the separate data, identify patterns, select
templates, organize data or describe their structure, perform data classification.
•
The task of clustering is to group objects into clusters using data on
pairwise similarity of objects.
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•
The task of finding association rules (association rules learning). The
initial data are presented in the form of feature descriptions. It is required to find
such sets of features, and such values of these features that are especially often (not
accidentally often) found in feature descriptions of objects.
•
The task of dimensionality reduction is according to the initial features,
using the conversion functions, go to the smallest number of new features without
losing any essential information about the objects of data set.
•
The task of filling in the missing values is to replace the missing values in
the matrix of objects – attributes with their predicted values.
- Semi-supervised learning takes an intermediate position between learning
with and without a teacher. The responses are known only on a part of precedents.
- Transductive learning. The final training set of precedents is given. It is
required to make predictions on these partial data for the test data set.
- Reinforcement learning. The role of the objects is played by the pairs
“situation, accepted decision”, the responses are the values of the functional,
characterizing the correctness of the accepted decisions (environmental reaction).
- Dynamic learning (online learning) can be either learning with a teacher or
without a teacher. Precedents flow. It is required to immediately make a decision
on each precedent and at the same time finish learning the model of dependency
taking into account new precedents.
- Active learning is different in that the learner has the opportunity to
independently assign the next precedent, which will become known.
- Neural networks and deep learning. At the end of the 20th century more
attention began to be paid to artificial neural networks (ANNs). ANN is a system
of connected and interacting artificial neurons based on simple processors. Usually
neurons are located in the artificial network by levels, or layers. Input, or neurons
of the first level, receive data from outside. Then neurons process impulses and
transmite them to the neurons of the next level, or hidden. And so on, until
impulses reach the output level. The scheme of a neural network, where: x1 ... xn
are input parameters; Input- input layer; Hidden-hidden layer, is shown in Fig.
2. Deep learning applied to complex ANNs.
Tasks that can be solved by ML are following: forecasting: demand, sales,
stock filling, equipment loading, further development of the enterprise, etc.;
detection: trends, hidden relationships, anomalies, repeatable elements, etc.;
recognition: photo, video, audio content, fraud attempts, lie, internal threats,
external attacks on the security system, etc.; automation: the work of operators in
online chats, telephone operators, etc.; classification: analysis of customers, clients
and their segmentation according to various parameters; clustering; chat bot
development.
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Some classes of ML algorithms
are presented below. Regression
algorithms are used for statistical
analysis. Regression algorithms can
evaluate the strength of relation
between variables in a data set.
Regression analysis can be useful for
predicting the future values of data
based
on
historical
values.
Regularization is used to avoid the
problem of over-fitting such a
technique to modify models. It is
possible to apply regularization to any
Fig. 2. Neural network scheme
ML model
The Bayes method (Naive Bayes, NB) refers to probabilistic classification
methods [17, 18]. The advantages of the method are as follows: high speed of
work, support for incremental learning, simple implementation of the algorithm in
the form of a program, easy interpretability of the results of the algorithm. The
Bayes method has disadvantages.
The method of k-Nearest Neighbors (KNN) refers to metric methods and is
considered the simplest classifier [19]. An object is assigned to the class that is
most common among the neighbors of this element. The disadvantages include:
insufficient productivity in real tasks, because the number of neighbors used for
classification will be big enough; difficulty in finding suitable weights and
determining which features are necessary for classification; dependence on the
chosen metric of distance between examples.
The Support Vector Machine (SVM) is a linear classification method,
currently called one of the best methods [20]. The potential disadvantages of the
support vector machine are as follows: the impossibility of calibration the
probability of hitting the specific class, suitable only for solving problems with two
classes, the model parameters are difficult to interpret.
The Decision Trees method refers to logical classification methods [21]. A
decision tree is an acyclic graph used to classify documents described by a set of
characteristics.
Dimension reduction helps systems remove data that are unnecessary for
analysis. The algorithms are used to remove needless data, outliers, and other nonuseful data.
Neural networks are actively used in connection with the appearance of large
volumes of data and large computational capabilities [22]. Their efficiency is
enough high. Deep learning is being used now in different applications.
Some ML tasks are presented below.
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The regression model is presented: y = β 0 + β 1 x1 + β 2 x 2 + ...β m x m + ε , where
ε - the error of the empirical value from the “true” line , the coefficients
β k (k = 0,1,...m) - the regression parameters or the coefficients of regression. Then
the forecasted value ŷ of value y is presented:
yˆ = βˆ 0 + βˆ1 x1 + βˆ 2 x 2 + ... + βˆ m x m . In the matrix form it is obtained: Y = Xβ + ε .

For find the vector β RSS, residual sum of squares, should be minimal:
RSS = (Y − Xβ )T (Y − Xβ ) = ε T ε → min .

Coefficients β̂ : βˆ = arg min  y i − β 0 −

β
i =1 
n

∑

2


x ij β j  . βˆ = X T X

j =1

p

n 

rid
ˆ
In ridge regression: β = arg min   y i − β 0 −
β
 i =1 


∑

(

obtained βˆ rid = X T X + λI

)

−1

(

∑

)

−1

X TY

2

p

2

x ij β j + λ β j  . It is

j =1
j =1



p

∑

∑

X TY .


1
In Lasso regression: βˆ las = arg min 
β
2



y −β −
0
 i
i =1 
n

∑

2


x ij β j  +

j =1

p

∑

p




j =1




∑ β j .

 µ (x ) 
 = α + β 1 X 1 + ... + β p X p , where
The logistic regression model: log
 1 − µ (x ) 
binary value µ (x ) = Pr (Y = 1 X ) . It is necessary to find the maximum of logn



i =1



likelihood (in the two-class case): l (β ) = ∑  y i β T x i − log1 + e β


Tx
i

 . β = {β , β } .

10
1


MARS is multivariate adaptive regression splines. MARS model uses
piecewise basis functions in the form (x − t )+ and (t − x )+ . It is obtained:

( x − t )+

 x − t , if x  t ,
=
0, otherwise,

and

( x − t )+

t − x, if x  t ,
=
.
0, otherwise

{

The collection of basis function is: γ = (X j − t )+ , (t − X j )+

.

}{

t∈ x1 j , x2 j ,... xnj
j =1, 2... p

}.

M

The MARS model has the form: f ( X ) = β 0 + ∑ β m hm ( X ), Each hm ( X ) is a
m =1

function in γ or combination of one or two such functions. β m are find from
minimizing the RSS from standard linear regression.

International Journal on Information Technologies & Security, № 4 (vol. 12), 2020

59

6. EXPERIMENTS AND RESULTS
Let’s consider the predictions of the cost of sales, net income of different
interprises. It is regression analysis applied for this. Operating costs and costs of
sales of PJSC “Wimm-Bill-Dann Ukraine” (Kyiv region) are presented in Table
1.
Table 1. Operating costs and costs of sales of PJSC “Wimm-Bill-Dann Ukraine”
Years

2009

2010

2011

2012

2013

2014

2015

Material costs

453272

522895

711787

660252

734600

793749

875404

Labor costs

57151

72426

57270

14584

75836

73355

79290

Deduction for
social needs

18142

24824

29688

33973

26012

24784

27260

Amortization

25836

27746

35646

53193

64143

34535

61679

Other opera-ting
expenses

68878

159658

184341

287002

139879

107783

111041

The cost of sales

514860

768845

830025

887780

988363

982500

1106766

Costs, uah

Source: data of PJSK “Wimm-Bill-Dann Ukraine”

The regression equation describing the relationship between the cost of
sales and operating costs: material costs, labor costs, deductions for social
needs, amortization, other operating expenses, - has the form:
y = a 0 + a1 x1 + a 2 x 2 + a 3 x3 + a 4 x 4 + a 5 x5
(3)
After the analysis had carried out the equation is obtained [23]:
y = 8027,264971 + 1,000955 x1 + 2,8936104 x 3 + 2,40821339 x 5
(4)
n

n

i =1

i =1

The coefficient of determination R 2 : R 2 = ∑ ( yˆ i − y )2 / ∑ ( y i − y )2 .
The multiple coefficient of the correlation R is 0,9566841, the coefficient
of determination R 2 is 0,91524451, which indicates that the model can be
considered adequate to experimental data and based on this model it is possible
to conduct forecasting of the cost of sales of this enterprise.
Let’s consider the prediction of net income of the enterprise PJSK
“Evrocement-Ukraine” (Kharkiv region). The output data are presented in Table
2. The analysis is carried out, and the regression equation is obtained:
y = 83192,21 + 1,07089 x
(5)
where y-Net income, x-costs of sales.
Years
Costs, uah
Net
Income
Costs of
sales

Table 2. Net income and the costs of sales of PJSK “Evrocement-Ukraine”
2009

2010

2011

2012

2013

2014

2015

2016

2017

1306463

1182794

1374123

1134838

1053014

804662

659392

738484

673427

10677948

1115900

1199375

921214

936110

690623

579533

568392

557981

Source: data of PJSK “Evrocement-Ukraine”
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Let’s build the dependence of net incomes from the years. The prediction of
net income of the enterprise during 2018-2020 is obtained. It is presented on
Fig. 3: a), b).

a)

b)

Fig. 3. Predicted level of net income of PJSK “Evrocement-Ukraine”
a) logarithmic trend line, b) polynomial trend line.

Analysis of this solutions show that the most adequate to experimental data is
a model which presented the polynomial trend line due to analysis of
coefficients R 2 . It is obtained: for polynomial trend line R 2 = 0,9253 , for
logarithmic trend line - R 2 = 0,8547 .
The obtained regression models and trends allow predict seeking
characteristics of activity of enterprises during several years ahead.
The managers then analyze and make decisions about the project, changing
of some parameters for increasing of enterprises income.
7. CONCLUSIONS
The using of I4.0 technologies such as IoT, BD analytics, ML will increase
productivity, reduce costs and reduce customer service time. CPS arises in which
embedded computers and networks check and control physical processes, with
feedback loops where physical processes influence on computation and back to
front. The new forms of interaction between man and machine, machine and
machine appear; the methods to transfer digital commands to the physical world
improve. As presented in this work, increasing the productivity of industrial
enterprises, reducing downtime is achieved through the using of predictive
maintenance in enterprises - one from use cases of predictive analytics for industry.
Large amounts of data received from sensors, IIoT devices and other sources are
used. Such technologies as BD analytics, ML and deep learning, help build models
with which it is possible to get highly accurate predictions about different
characteristics of activity of enterprises, the failure of equipment and others. Then,
managers make decisions about changing of some parameters of enterprise activity,
repairing equipment or it parts and others.
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The predictions of indices of activity of different enterprises are executed with
the help of regression analysis, the model which most adequate to experimental
data is found. Understanding the principles of ML, Data analytics will help in
building models that allow get high precision predictions about different
characteristics, equipment failures and others and then control them. This will
cause an increasing of production efficiency, an increasing of enterprise income,
etc.
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