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OVERVIEW OF MODERN METHODS FOR MODELLING DYNAMIC
PROCESSES

Lazarieva N.M.
Ukrainian State University of Railway Transport
(Ukraine)

Introduction. The control of many complex systems and objects requires
intellectualization of the process with the introduction of modern methods and tools that have
proven their effectiveness and are able to replace the human operator to a certain extent.

Relevance of research. Open real-time systems have complex relationships that are
difficult to write analytically. Control of rolling wagons is one of the examples of such systems,
due to the impossibility of accurately determining the number of influencing factors acting on the
process. Taking into account the incompleteness and vagueness of information, the construction
of a control model for such a process is an important scientific and practical problem.

Statement of the problem. The purpose of the study is to review the methods of modelling
dynamic objects and processes that do not require complex mathematical calculations. At the same
time, high requirements for real-time operation are imposed on efficiency.

Research results. Control of dynamic objects is based on the use of differential equations
to describe objects. Among the numerical methods for solving ordinary differential equations, the
basic ones are the Euler, Runge-Kutta and a number of others. The Euler method [1] does not
require complex calculations and provides high performance by finding a solution to the recurrent
equation

yi+1 =yi +h'f(xi:yi)a

where 4 is the discretization step. The limitation of the application is accuracy, because it depends
on the compromise between the discretization step and the speed of calculations.

The Runge-Kutta method [2] allows to avoid finding high-order derivatives and is able to
provide high accuracy, but it is quite laborious: when expanding 4y; into a Taylor series, it is
necessary to calculate the coefficients of the equation

Ay, :é(k1 +2k, +2k, +k,),

which reduces the performance.

The accuracy and speed of calculations when switching to difference equations is
determined by the discretization step and the complexity of the systems being modelled. Despite
the simplicity of the calculations, a calculation error can accumulate.

Now the approach to modelling has changed towards the transition from classical
numerical methods to the use of neural network approach. One of the directions is the use of
Physics-Informed Neural Networks, which support the conservation of physical laws and allow
modelling the motion of dynamic objects [3]. Learning is based not only on the discrepancy, but
also on compliance with physical conservation laws.

Another approach is Neural ODEs networks [4], which allow modelling based on
differential equations using classical methods, ensuring the accuracy of the calculation and the
ability to approximate complex dynamics

P _
dt —f(h,f,Q),

where h = [x,y,z,vx,vy,vﬂ,m,V ] is the state vector;

vind
Q is the network parameters.
By creating a continuous velocity field, which is the desired variable, a system is modelled
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where the physical parameters are components of the input data vector. The Neural ODE network
determines the complex nonlinear relationship between the weight of the object and all other

parameters.

Computer simulation of the movement of wagons down a hill in an open system under the

influence of environmental factors was carried out (Fig. 1).
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Figure 1 — The influence of environmental factors on movement dynamics
Source: developed by the author based on modelling

As can be seen from the figure 1, the influence of environmental factors is quite significant
and must be taken into account. The neural network during training must approximate the
dependence and predict the speed of the object at a given point on the path based on the current

values of the input data vector.

To train the neural network, data synthesized by the author according to a heuristic formula
under the conditions of seasonal factors (temperature, wind) within the variability of the values of
the object parameters were used [5]. The convergence of the model based on the training results is

shown in Figure 2.
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Figure 2 — Model convergence

Source: developed by the author based on modelling
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The use of a neural network allows the approximation of the function y(x, #) as continuous,
avoiding discretization errors. However, there is a constant error caused by the limitations of

network training, which is demonstrated by the results of computer simulations presented in Figure
3.

Forecast vs Benchmark (Test Sample)
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Figure 3 — Test results
Source: developed by the author based on modelling

Velocity variability due to external factors can reach 3,251 m/s. At the same time, the mean
absolute error (MAE) on the test set is 1,1256 m/s.

Conclusion. The presented study of methods based on neural networks, in particular
Neural ODE, showed that, like numerical methods, the neural network approach has significant
shortcomings in modelling dynamic objects in open systems due to a number of reasons, including:

— limited awareness of factors and their effect on the control object;

— the inaccessibility of the identity of neural network modelling due to limited accuracy;

— inaccuracy and incompleteness of data, etc.
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