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ABSTRACT
Digital twins are one of the key technologies behind the
Fourth Industrial Revolution. In the coming years they will be
introduced on a large scale in the industry and in other
spheres. A wide range of digital twins will be in demand: from
separate components to complex technical facilities, such as
automobiles, airplanes, manufacturing lines, factories,
corporations, etc. To provide their successful interaction, it is
important to create digital twins on the uniform principles.
Currently, creating a digital twin is a complex scientific issue.
It presents difficulties because it is necessary not only to
describe physical (or chemical, biological, etc.) processes
going on in the object, but also to envisage significant changes
of its properties in the course of its operation. In this case the
digital twin is supposed to adapt to the changes in the original
object in accordance with the data received from the sensors.
When the real object is in operation, its properties and
specifics of the physical processes going on in it can change.
The model is supposed to adapt in accordance with these
changes, which is rather difficult if a model is generated by
applying computer-aided engineering software packages
(CAE) based on the finite element method (FEM).
We think that another approach is more promising. It involves
building an adaptive model at the second stage. This model
can be specified and redesigned in accordance with the
observations on the object. Since neural networks have
proved to be efficient in solving complicated problems related
to data processing, we recommend using them as the basic
class of mathematical models for creating digital twins.
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1. INTRODUCTION
Industry 4.0 is largely based on the digital twin technology.
Digital twins corresponding to particular physical objects will
work in computational nodes that control manufacturing
lines, robots, complex technical installations (airplanes,
automobiles, vessels, etc.) Digital twins appear to be the most
useful when the properties of the object change over its
lifetime. These changes can be undesirable, for instance, wear
and tear of friction surfaces or the formation of cracks in
metal components. In [1] it is suggested that it should be used
for monitoring supply chains, which will both lead to
improvements in the manufacturing process and provide
feedback with the supplier of raw materials. In [2] the authors
consider a number of spheres in which digital twins can be
applied: smart homes, hotels and hospitals; smart cities,
classes and campuses, smart stores, warehouses and
production floors; virtual and augmented reality, smart and
safe hospitals. Digital twins for autonomous / self-driving cars
can make decisions about planning the route and interacting
with other vehicles.
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Currently, digital twins have been defined in a number of
ways by various authors. For example, the Defense Acquisition
University defined a digital twin in the following way: “an
integrated multiphysics, multiscale, probabilistic simulation of
an as - built system, enabled by Digital Thread, that uses the
best available models, sensor information, and input data to
mirror and predict activities/performance over the life of its
corresponding physical twin”. In the article [1] a digital twin is
defined as:
-

A model of the object;

-

An evolving set of data relating to the object, and

A means of dynamically updating or adjusting the
model in accordance with the data.
In the article [2] the authors give the following definition of a
digital twin: ” a digital twin is a computer program that takes
real-world data about a physical object or system as inputs
and produces as outputs (predications or simulations of how
that physical object or system will be affected by those
inputs)”.
In the article [3]“DT is regarded consistently as a high ﬁdelity
virtual replica of the physical asset with real-time two-. way
communication for simulation purposes and decision-making
aiding features for product service enhancement”. Söderberg
with a group of researchers [4] define a digital twin as "Using
a digital copy of the physical system to perform real-time
optimization". According to Kannan and Arunachalam [5] a
digital twin is a “Digital representation of the physical asset
which can communicate, coordinate and cooperate the
manufacturing process for an improved productivity and
efficiency through knowledge sharing”.
Problems: Once digital twins are embedded in a
computational node, they cannot be kept unchanged since the
simulated object undergoes changes in the course of
functioning. A virtual twin of the real object should change in
accordance with the information received from the sensors.
The algorithms of such changes should be implemented in the
above mentioned computational node. For example, it is clear
that a unified DT modeling framework is needed urgently [3].
In order to make a digital model of a physical object it is
necessary to obtain information about its geometry and the
properties of the material it is made from. One reason that the
digital twin concept is so valuable in manufacturing is that it
allows for development of individual models of individual
objects within a unifed framework that makes model
development, validation, and updating simple. An individually
tailored model can be used for many applications during
manufacture and service [1].
When complex technical facilities are designed, it is common
to apply computer-aided engineering software packages
(CAE) based on the finite element method (FEM) - ANSYS,
ABAQUS, etc. However, using them for modelling a real object
poses a number of major difficulties. Firstly, to apply FEM it is
necessary to know differential equations describing the
behavior of the object. Adequate information about these
equations is not usually available because it is difficult to
describe physical processes going on in the object which is
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being emulated. Secondly, applying FEM requires knowledge
of initial and boundary conditions, but this information is
generally even less accurate and adequate. Thirdly, when the
real object is in operation, its properties and specifics of the
physical processes going on in it can change. The model is
supposed to adapt in accordance with these changes, which is
rather difficult if a model is generated by FEM.
In the article [6] it is argued that one of the priorities is
developing a unified approach and a consolidated definition of
a digital twin. It applies primarily to transition from niche,
intra-industry projects to a general one, in which all
implementations of digital twins will be compatible and
capable of integration.
Recently a number of approaches to creating digital twins
have been used. Emuakpor et al. integrated a nondestructive
material determination technique, a water displacement
method, and an iterative Ritz method for the DT to measure
the material property. The technique was verified through an
experiment on nickel alloys [7]. [«Digital Twin in Industry:
State-of-the-Art» Fei Tao, Senior Member, IEEE, He Zhang, Ang
Liu, and A.Y.C. Nee]. Majumdar et al. studied the behavior of
synergistic materials based on the multi-physics modeling,
which was used as the foundation for building the DT model
[8]. [«Digital Twin in Industry: State-of-the-Art» Fei Tao,
Senior Member, IEEE, He Zhang, Ang Liu, and A.Y.C. Nee].
5G technologies [6] have played an increasingly significant
part in creating digital twins since their development has
opened up more opportunities for faster providing and
exchanging data.
In the course of transition to Industry 4.0 it is essential to
create appropriate mathematical and algorithmic tools, which
will be conducive to addressing a wide range of issues in a
uniform and consistent way. It will be the next significant
milestone for transition to Industry 4.1, which will involve the
same production processes as Industry 4.0, but the
implementation of these processes will be achieved on the
basis of cheaper unified technologies.

2. METHODS
We consider neural networks to be one of such key
technologies. We suggest that neural networks should be
applied for creating digital twins. [9],[10],[11].
Currently neural networks are widely used in Big Data
problems, image processing, pattern recognition, controlling
complex systems and other artificial intelligence issues. They
can be applied to some of the problems related to creating
digital twins. For example, in article [12] a general model of
ignition processes and forest fire propagation was developed.
This model was built on the same principles as digital twins.
The general model includes several “submodels”, which form
a hierarchy. A discrete empirical “submodel” tracks the
trajectory of airborne hot particles. A topographical
“submodel” takes into consideration the ambient combustible
material, airborne embers capable of starting secondary fires
as well as updrafts (due to hot air). The third “submodel”,
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based on machine learning allows considering data received
from sensors and cameras.
Each “submodel” is supported by theoretical and empirical
evidence. Empirical models are expressed by algebraic
equations for movement of hot particles and heat transfer
coefficients [13], [14]. In semi-empirical models, which
improve empirical models, more precise ratios for fire
propagation velocities expressed by linear differential
equations are used [15]. Physical models combine differential
equations of thermodynamics with forest fire parameters
[16], [17].
Machine learning models use the genetic algorithm to draw on
the results of measurements obtained from a number of
sensors and cameras placed in different topographical areas.
The genetic algorithm is designed to optimize of all types of
“submodels” by minimizing the error of general modelling
expressed as a percentage of the forest destroyed by the fire
and the time when the event occurred.

3. OUR APPROACH
At the moment it is vital to move from solving individual
problems to the common methodology for solving them,
which was described in our monograph [9].
To explain our methodology, we need to point out that the
transition to Industry 4.1 requires a paradigm shift in
mathematical modelling. The traditional mathematical
modelling of a real object involves two stages. At the first
stage the object is described with a differential equation or a
system of differential equations (ordinary or partial
derivatives) with initial, boundary and another additional
conditions. The second stage involves numerical solution to
these equations with maximum precision; designing the
control system on the basis of the differential model, etc. If
further observations of the object conflict with the
calculations that have been made, the ongoing processes are
studied additionally. The model of the object is refined on the
basis of these observations. Then computational studies of
this model are conducted again.
Such an approach does not require many intellectual
resources, and it is not time-consuming. To make
mathematical modelling more efficient we suggest changing
the traditional perspective on the differential model of an
object. We do not perceive it as accurate background
information for further research, but rather as approximate
data about an object along with the measured data. On the
basis of this information we make a set of mathematical
models for the object. The parameters of these models can be
changed while the object is in operation. The model which
best matches the object at a particular stage of its lifecycle can
be chosen from this set.
Our methodology involves three simple steps [9]. The first
step is an assessment of the quality of the mathematical model
through the functional. In [9] this step was illustrated with a
number of sample problems. The second step involves
choosing the type of a neural network which is the most
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appropriate for solving the problem. In [9] we described the
types of neural networks which we consider to be the most
useful. We also offered recommendations on how to choose a
certain type of a neural network in accordance with the
characteristics of the problem that needs solving. The third
step is neural network training, by which we mean minimizing
the functional mentioned above and characterizing the quality
of the model. The algorithms of such training were considered
in the third chapter of our monograph [9]. A major part of the
algorithms entails simultaneous adjustment of the neural
network parameters as well as its structure. The book
contains the results of a considerable number of
computational experiments. The examples of building neural
network models of the real objects can be found in the articles
[18-32].
The procedure of creating a neural network model of a
particular element (process) in the object for which we are
developing a model will be described here. The element
(object) in question is described as a boundary problem for a
differential equation:

A(u) = g , u = u( x), x  R p , B ( u ) = h

(1)

Here u is a function describing the condition of the element or
process under consideration, A ( u ) is a differential, integrodifferential or differential-algebraic operator, i.e. an algebraic
expression that contains derivatives, integrals or algebraic
relations of function u, B ( u ) , is an operator determined by
the boundary conditions, Γ is a boundary of the domain 
The approximate solution to the problem (1) will be
presented as an output of the artificial neural network (ANN)
with the specified architecture:
N

u ( x, w ) = ci v ( x, ai )

(2)

i =1

Here w is a vector of weights, which aggregates linear input
parameters ci and non-linear input parameters 𝑎𝑖 . The basis
neural network element (function of v ) is set by choosing the
type of a neural network and the activation function.
The vector of ANN weights is founded as the result of the
process of the stepwise network training, which, in general
terms, is based on minimization of a particular error
functional. For problem (1) it is made up of two summands,
where the first one is the estimation of the equation
satisfaction, and the second one - of the boundary condition.
Since the model used as the digital twin is supposed to
consider the results of observations on the target object, the
third summand is added to the functional. It shows how
precisely the model (2) conforms to these data.
The computational experiments have illustrated that using
a fixed number of test (trial) points does not make sense
because in this case minor errors in these trial points will
entail errors in other points of area  . It appeared that the
problem could be solved by using periodically regenerated
test points in area  , and, if necessary, on its boundary  .
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The regeneration of the test points after a certain number of
steps of neural network training process will be conducive to
its sustainability. In addition to that we organize the
calculations as the process of the functional set minimization.
Each functional is obtained by a specified selection of the test
points and is not totally minimized (only several steps of the
selected minimization method are made between the
regenerations of the test points). In particular, such an
approach allows avoiding the problem of falling into the local
extremum. This problem is quite common for most methods
of the global non-linear optimization. Furthermore, in the
course of error functional optimization, we can include new
observations as additional summands.
In addition to that in the monograph [9] the authors offer the
methods of designing approximate multi-layer solutions to
differential equations on the basis of classical numerical
methods. We use well-known formulae of numerical methods
to solve differential equations to generate a set of adaptive
functional solutions rather than to generate tables of
numerical solutions. We have considered a number of
problems with real measurements, for which our models
represent the object more accurately than exact solutions to
the original differential equations.
The specific features of our approach can be illustrated with
the following example. In the article [33] the authors define a
digital twin for a single-degree-of-freedom dynamic system,
the equation of motion of which is described by the following
equation:

m

d 2u ( t )
dt

2

+c

du ( t )
dt

+ k u (t ) = f (t )

(3)

Here m, c and k are the mass, damping and stiﬀness
coeﬃcients. The forcing function and the dynamic response is
denoted by f ( t ) and u ( t ) respectively.
If the coefficients are fixed, the problem has an analytical
solution. In the course of finding the solution, the authors
introduce the values which can be measured with sensors,
suggesting that the model describes an aircraft.
If the coefficients are fixed, the problem has an analytical
solution. In the course of finding the solution, the authors
introduce the values which can be measured with sensors,
suggesting that the model describes an aircraft. Such values
can be undamped natural frequency  =
factor  =

c
2 km

k
and damping
m

.

The model corresponding to the equation (3) a bi-time-scale
model reproducing the dynamics of the physical system at
both time-scales, the system time and a “slow time”, is defined
as a digital twin. The concept of a slow time is used to separate
the evolution of the system properties from the instantaneous
time. The “slow” time corresponds to the data about the
condition of the measured system parameters that are
received from the sensors.
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The article only considers the situations when the mass and
stiﬀness coeﬃcients change separately or together. It also
addresses the issue of error in measuring values  and 
and its influence on the result. In addition, the authors of the
article do not suggest explicitly using the data about the object
that cannot be easily inserted in the differential equation.
However, in our neural network approach such data are
certainly taken into consideration by applying the common
error functional.
In particular, the equation (3) can apparently be regarded as
quite an approximate model of an aircraft. We solved the
problems in which the differential equation was considered to
be one part of the information about the behavior of the real
object, whereas the results of measurements were the other
part. Moreover, our approach allows solving the problems of
building the models on the basis of the equation (3) without
any information available about the slowly changing
coefficients in the situation when they are restored while the
object is operating in accordance with the measurements of
the value u ( t ) .

5. CONCLUSION
We recommend using classical methods to create digital twins
of the technical objects, in which the processes are accurately
described with differential equations. If the accurate
differential models of the technical objects are unknown, we
recommend using neural network modelling to create their
digital twins [9].

REFERENCES
[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

Wright L., Davidson S. 2020. How to tell the difference between a model and
a digital twin. Adv. Model. and Simul. in Eng. Sci. 7, 13. DOI:
https://doi.org/10.1186/s40323-020-00147-4
Pethuru R., Preetha E. 2020. Digital twin: The industry use cases Pethuru
Raja, Chellammal Surianarayanana, a Reliance Jio Infocomm Ltd. (RJIL),
Bangalore, India Bharathidasan University Constituent Arts & Science
College, Tiruchirrapalli, India
Lim K.Y.H., Zheng P. & Chen C. 2020. A state-of-the-art survey of Digital
Twin: techniques, engineering product lifecycle management and business
innovation perspectives. J Intell Manuf 31, 1313–1337. DOI:
https://doi.org/10.1007/s10845-019-01512-w
Söderberg R., Wärmeford K., Carlson J. S. and Lindkvist L. 2017. Toward a
digital twin for real-time geometry assurance in individualized production.
CIRP Annals - Manufacturing Technology, 66(1), 137–140. DOI:
https://doi.org/10.1016/j.cirp.2017.04.038
Kannan, K., & Arunachalam, N. 2019. A digital twin for grinding wheel: An
information sharing platform for sustainable grinding process. Journal of
Manufacturing Science and Engineering, 141(2), 021015. DOI:
https://doi.org/10.1115/1.4042076.
Minerva R., Lee G. M. and Crespi N. Digital Twin in the IoT Context: A
Survey on Technical Features, Scenarios, and Architectural Models.
Proceedings of the IEEE, DOI: https://10.1109/JPROC.2020.2998530.
Emuakpor O. S., George T., Beck J., Schwartz J., Holycross C. and Schwartz
J., 2014. Material property determination of vibration fatigued DMLS and
cold-rolled nickel alloys, ASME. Turbo Expo: Power Land Sea Air, pp.
V07AT28A008-V07AT28A008.
Majumdar P. K., Faisalhaider M.and Reifsnider K. 2013. Multi-physics
response of structural composites and framework for modeling using material
geometry, Proc. 54th AIAA/ASME/ASCE/AHS/ASC Struct. Struct. Dyn.
Mater. Conf.
Tarkhov D., Vasilyev А. 2019. Semi-empirical Neural Network Modeling
and Digital Twins Development Academic Press, Elsevier, 288pp.

Connectionist Modeling as a Method for Creating Digital Twins:
From Industry 4.0 to Industry 4.1

[10]

[11]

[12]

[13]
[14]
[15]

[16]

[17]
[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

https://www.elsevier.com/books/semi-empirical-neural-network-modelingand-digital-twins-development/tarkhov/978-0-12-815651-3
Antonov V., Tarkhov D., Vasilyev A. Unified approach to constructing the
neural network models of real objects. Part 1 // Mathematical Models and
Methods
in
Applied
Sciences,
2018;
1–8.
DOI:
https://doi.org/10.1002/mma.5205
Budkina E. M., Kuznetsov E. B., Lazovskaya T. V., Tarkhov D. A.,
Shemyakina T. A., Vasilyev A. N. 2017. Neural network approach to intricate
problems solving for ordinary differential equations // Optical Memory and
Neural Networks. Vol. 26. — No. 2. — P. 96–109. DOI:
https://link.springer.com/article/10.3103/S1060992X17020011
Zohdi T.I. 2020. Machine learning framework for rapid adaptive digital-twin
based fire-propagation simulation in complex environment. Computer
methods in applied mechanics and engineering. Elsevier.
Fernandez-Pello A.C. 2017. Wildland fire spot ignition by sparks and
firebrands. Fine Saf. J. 91 () 2-10.
Stokes A.D. 1990. Fire ignition by cooper particles of controlled size. Aust.
J.Elect Electron Eng. 1. 188-194.
Malykhina, G. F.; Guseva, A. I.; Militsyn, A. V. 2017. Early Fire Prevention
in the Plant. International Conference on Industrial Engineering, Applications
and Manufacturing (ICIEAM)
Malykhina, G., Guseva, A. 2020. Application the Evolutional Modeling to
the Problem of Searching the Optimal Sensors Location of Fire-Fighting
System. Communications in Computer and Information Science.
Zohdi T.I. 2018. Electrodynamic machine learning enhanced fault-tolerance
of robotic free-form printing of complex mixtures. Comput. mech.
Vasilyev A., Tarkhov D., Guschin G. Neural Networks Method in Pressure
Gauge Modeling// Proceedings of the 10 th IMEKO TC7 International
Symposium on Advances of Measurement Science, Saint-Petersburg, Russia.
– 2004. – Vol. 2. – pp. 275-279
Kuznetsov E.B., Leonov S.S., Tarkhov D.A., Vasilyev A.N. 2019. Multilayer
method for solving a problem of metals rupture under creep conditions.
Thermal Science. Т. 23. № S2. С. S575-S582.
Shemyakina T., Tarkhov D., Vasilyev A., Velichko Y. 2019. Comparison of
two neural network approaches to modeling processes in a chemical
reactor.Thermal Science. Т. 23. № S2. С. S583-S589
Tarkhov D., Vasilyev А. 2019. The Construction of the Approximate
Solution of the Chemical Reactor Problem Using the Feedforward Multilayer
Neural Network International Conference on Neuroinformatics
NEUROINFORMATICS 2019: Advances in Neural Computation, Machine
Learning, and Cognitive Research III pp 351-358 Studies in Computational
Intelligence book series (SCI, volume 856)
Zulkarnay I.U., Kaverzneva T.T., Tarkhov D.A., Tereshin V.A., Vinokhodov
T.V., Kapitsin D.R. 2018. A two-layer semiempirical model of nonlinear
bending of the cantilevered beam Journal of Physics: Conference Series
Measurement Science Challenges in Natural and Social Sciences.
Symposium: Measurement Science Challenges in Natural and Social
Sciences&quot;. 012005
Vasilyev A.N., Tarkhov D.A., Tereshin V.A., Berminova M.S.,
Galyautdinova A.R. 2018. Semi-empirical Neural Network Model of Real
Thread Sagging Studies in Computational Intelligence Volume 736, Springer
p.138-146
Tarkhov D, Bortkovskaya M , Kaverzneva T , Kapitsin D , Shishkina I,
Semenova D, Udalov P., Zulkarnay I. Semiempirical Model of the Real
Membrane Bending Advances in Neural Computation, Machine Learning,
and Cognitive Research II V 799, Springer Nature Switzerland p.221-226
Lazovskaya, T.V., Tarkhov, D.A., Berezovskaya, G.A., Petrischev, N.N.,
Zulkarnay, I.U. 2017. Possibilities of neural networks for personalization
approaches for prevention of complications after endovascular interventions
Springer Lecture Notes in Computer Science 10261. – pp. 379-385
Vasilyev A., Lozhkin V., Tarkhov D., Lozhkina O. and Timofeev V. 2017.
Physical and mathematical modeling of pollutant emissions when burning
peat Journal of Physics: Conference Series V. 919
Shemyakina T. A., Tarkhov D. A., Vasilyev A. N. 2016. Neural Network
Technique for Processes Modeling in Porous Catalyst and Chemical Reactor
Springer International Publishing Switzerland L. Cheng et al. (Eds.): ISNN
2016, LNCS 9719, pp. 547–554
Lozhkina O., Lozhkin V., Nevmerzhitsky N., Tarkhov D., Vasilyev А. Motor
transport related harmful PM2.5 and PM10: from onroad measurements to
the modelling of air pollution by neural network approach on street and urban

SPBPU IDE’20, October 22-23, 2020, Saint - Petersburg, Russia

[29]

[30]

[31]

[32]

[33]

level
Journal
of
Physics:
Conference
Series
V.
772 http://iopscience.iop.org/article/10.1088/1742- 6596/772/1/012031
Bolgov I., Kaverzneva T., Kolesova S., Lazovskaya T., Stolyarov O.,
Tarkhov D. Neural network model of rupture conditions for elastic material
sample based on measurements at static loading under different strain rates
Journal
of
Physics:
Conference
Series
V.
772 http://iopscience.iop.org/article/10.1088/176596/772/1/012032
Kaverzneva T., Lazovskaya T., Tarkhov D., Vasilyev А. Neural network
modeling of air pollution in tunnels according to indirect measurements
Journal
of
Physics:
Conference
Series
V.
772 http://iopscience.iop.org/article/10.1088/1742-6596/772/1/012035
Filkin V., Kaverzneva T., Lazovskaya T., Lukinskiy E., Petrov A., Stolyarov
O., Tarkhov D. Neural network modeling of conditions of destruction of
wood plank based on measurements Journal of Physics: Conference Series
V.772 http://iopscience.iop.org/article/10.1088/1742-6596/772/1/012041
Lozhkin V., Tarkhov D., Timofeev V., Lozhkina O. and Vasilyev A.
Differential neural network approach in information process for prediction of
roadside air pollution by peat fire Journal of Physics Conference Series:
Materials
Science
and
Engineering,
Volume
158,
Number
1 http://iopscience.iop.org/article/10.1088/1757-899X/158/1/012063/pdf
Ganguli R., Adhikari S. 2020. The digital twin of discrete dynamic systems:
Initial
approaches
and
future
challenges,
DOI:
https://doi.org/10.1016/j.apm.2019.09.036, Applied Mathematical Modelling,
Volume 77, Part 2, Pages 1110–1128.

