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Abstract 

This article is devoted to solving the scientific and technical problem of increasing the energy 

efficiency of electromechanical systems driven by asynchronous electric drives, which is an important 

task in industry, transport and energy in the context of sustainable development and rational use of 

resources. Due to the large number of drives, energy efficient operation is increasingly important in 

drive control. In this context, one of the promising areas is the application of a predictive control 

strategy that allows for reducing energy losses in dynamic modes of electric drives. For a systematic 

parametrisation of such algorithms, this paper proposes a computerised method for multiparameter 

optimisation of predictive control algorithms for asynchronous electric drives. In the course of the 

study of this article, a computer model was built in Matlab & Simulink based on the gradient-based 

model predictive control strategy. A series of simulation experiments were carried out with variation 

of the sampling step, number of iterations, prediction horizon, loss function parameters and 

maximum linear search step to identify their impact on the control quality indicators. For the 

multicriteria optimisation a taxonomic approach is proposed. The study results show that the optimal 

setting of the algorithmic parameters improves the accuracy of task processing, reduces energy 

consumption and reduces computation time. The results obtained can be used to design and operate 

energy-efficient control systems for asynchronous electric drives in industrial and transport 

applications. Prospects for further research include the development of hybrid intelligent 

architectures to increase the adaptability of predictive control and its integration into automated 

control systems. 

Keywords: energy efficiency; computer model; method; GRAMPC; electric drive 

 

1. Introduction 

1.1. Relevance of the Topic and Research Motivation 

Improving the energy efficiency of electromechanical devices and systems, in particular with the 

use of an electric drive, is one of the key tasks of the industrial, energy and transport sectors in the 

context of global requirements and sustainable development goals to improve energy efficiency and 

rational use of resources during technological and production processes [1]. According to recent 

research data, the share of electricity consumed by electric drives is up to 46 % of the total, with the 

vast majority of it falling on dynamic modes of operation (up to 80 %) in the context of the industrial 

and commercial sectors [2]. The most typical example that proves the above statistical indicators is 
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the functioning of electric vehicle drives, where the speed and torque dynamically change throughout 

the entire operating cycle [3–5]. 

In dynamic modes, power losses are not constant and significantly depend on changes in stator 

current, rotor flux, switching frequency, and other parameters of electromechanical systems. While 

steady-state modes are already well researched and in most cases provided with energy-efficient 

solutions (maximum torque per ampere (MTPA) strategy, field-oriented control (FOC) methods, 

direct torque control (DTC) methods), the vast majority of available technological solutions require 

further development to optimise transient losses, which, in particular in most production processes 

of industrial facilities and electric transport, account for a significant proportion of the operating time 

[6–9]. 

The above problem is further complicated by the limitations associated with the need to take 

into account factors as voltage and current limits, as well as nonlinear effects such as magnetic circuit 

saturation, losses in the core, and others. Most existing models do not allow the implementation of 

hardware and software accounting for these parameters and effects in real time, which reduces the 

overall efficiency and adaptability of control systems. All this proves the relevance and necessity of 

solving the scientific and applied problem of developing and further elaboration of adaptive methods 

and model predictive control algorithms of electric drives capable of minimising energy losses in 

dynamic modes, taking into account destabilising factors and limitations. 

1.2. Analysis of the Latest Research and Publications 

The results of the analysis of scientific and technical literature show significant progress in the 

research of algorithms for predictive control of electric drives to minimise losses, both on the basis of 

offline and online control strategies. For example, a scientific article [10] proposes the use of model 

predictive control by means of dynamic programming methods to design optimal rotor flux and 

current trajectories based on an approach in which templates are predefined offline and then adapted 

to a profile specific to each application. The studies [11,12] demonstrate approaches to determine the 

optimal motor size and duty cycle duration through loss minimisation. At the same time, although 

offline methods provide significant results in terms of efficiency, they have certain limitations in 

terms of versatility and adaptability. 

The well-known online methods, which are described in detail in scientific publications [13–16], 

are based on the application of adaptive models using various control laws. For example, the authors 

of [14] studied the efficiency of the ANFIS controller under variable load conditions. The authors of 

[15] considered the combination of direct torque control (DTC), fuzzy logic, and teamwork 

optimisation (TOA) algorithms, which provides an increase in the efficiency of an asynchronous 

motor by 10–15 % under dynamic operating conditions. The study of the authors, which is described 

in [16], focuses on the practical increase in the mileage of an electric vehicle through the development 

and implementation of energy-efficient control methods and tools. 

A significant step forward is the development of model predictive control (MPC) strategies that 

take into account a number of nonlinear constraints [17]. To date, a significant number of high-quality 

research results are available on various approaches to control electromechanical systems using MPC 

algorithms with a fixed optimisation horizon, sliding window, adaptive strategies, and other [18–20]. 

The authors of these scientific publications demonstrated that adaptive schemes allow better 

adaptation to changing conditions, but require flexible mechanisms for recalculating constraints and 

loss models in real time, which in practical conditions requires significant computing resources using 

specialised DSP and FPGA modules. Also, the authors of [21] studied approaches and models for 

probabilistic analysis of dynamical systems, which at random moments in time, transit from one state 

to another, taking into account limited computing resources [22]. 

Today, the interest of the scientific and engineering community in using computer modelling 

methods to accelerate online optimisation is growing rapidly. In particular, the latest approaches use 

various methods of fast optimisation, which allow implementing predictive control even on 

computationally limited platforms [23]. However, the accuracy of such simplified models largely 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 June 2025 doi:10.20944/preprints202506.2096.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202506.2096.v1
http://creativecommons.org/licenses/by/4.0/


 3 of 17 

 

depends on the correct identification of model parameters and consideration of constraints, which 

negatively affects their universality. 

In addition, studies that combine MPC methods with neural network predictive models are of 

particular interest [24,25]. Such hybrid architectures allow for the compensation of the inaccuracies 

of mathematical models caused by magnetic circuit saturation, temperature effects, or material 

degradation. Such models demonstrate an increase in the accuracy and adaptability of automated 

control performance without a significant increase in computational load. 

Therefore, based on the logical generalisation of the above-mentioned known scientific works in 

the subject area, it is worth emphasising the fact that, taking into account the significant progress in 

the development and application of predictive control methods, including asynchronous electric 

drives, the vast majority of approaches have limitations associated with insufficient consideration of 

destabilising factors (iron losses, saturation, etc.) or the lack of practical solutions for hardware and 

software implementation of models due to high real-time computation power requirements. 

Consequently, the known research results require further development to create models for the 

formation of control influences for asynchronous electric motors, taking into account multifactorial 

constraints in real time. 

1.3. Aim, Objectives, Object and Subject of the Study 

Based on the above reviewed scientific works it has been established that for the application of 

MPC algorithms these algorithms must be parametrised by the user and that this parametrisation 

decides upon the quality of the result. Therefore, the main aim of this article is to improve the 

hardware and software provision for controlling asynchronous motors by developing and validating 

a computerised method for multiparameter optimisation of predictive control algorithms based on 

the criteria of reducing computational costs and increasing the accuracy of task development, which 

is achieved by applying methods and approaches of multiple-criteria decision-making (MCDM) in 

determining the optimal combinations of control parameters and influences. 

The objectives of this study are as follows: 

– analysis of the influence of the main parameters of the prediction algorithm (length of the 

prediction horizon, sampling step, number of iterations, indicators of the loss function) on the 

efficiency of electric drive control in the dynamic mode; 

– development of a computer model that allows conducting a series of simulation experiments 

to identify and configure the parameters of predictive control tools, followed by a comparative 

analysis of the results in terms of accuracy, computation time and energy efficiency; 

– studying the feasibility of using the taxonomic method as a basic mechanism for 

multiparameter selection of optimal combinations of control parameters; 

– analysis of computer experiment results at qualitative and quantitative levels for different sets 

of parameters in order to identify those configurations that provide the best balance between speed, 

accuracy and energy consumption; 

– validation of the obtained research results through a series of simulation experiments with a 

modelled load on the electric drive and variable control settings. 

The object of the study is the process of multiparameter optimisation of gradient algorithms for 

predictive control of electric drives with a rotating magnetic field in real time. 

The subject of the study are algorithms and methods for reducing computation time, improving 

control accuracy and reducing energy consumption of electromechanical systems based on electric 

drives with a rotating magnetic field. 

2. Materials and Methods 

The methodological basis for solving the formulated scientific and practical problem and 

achieving the main aim of the article is a set of interrelated theoretical and applied research methods 

that combine the general scientific principles of systematicity, modelling, formalisation, optimisation 

and structural and functional analysis. In particular, a critical review and logical and analytical 
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generalisation of modern scientific approaches and practical results in the field of energy-efficient 

control of asynchronous electric machines is carried out. The basic research approaches are based on 

the theory of electromechanical systems, including electric drives, as well as on the concepts of 

optimal and predictive control of nonlinear dynamic systems. Formalisation, verification and 

validation of the research hypotheses were carried out using a computer experiment and numerical 

analysis of electromechanical control systems. 

The present study aims at improving the methods and means of energy-efficient and precision 

control of asynchronous electric drives, the results of which were previously reported in [26,27]. 

In the course of this article, an asynchronous machine with the technical characteristics given in 

Table 1, which correspond to typical parameters for electric motors with the rated power of 370 W, is 

considered as a controlled electromechanical object. 

Table 1. Typical technical and functional characteristics of an electric motor with the rated power of 370 W. 

Parameter Value Parameter Value 

PN 

Zp 

nN 

370 W 

2 

1370 rpm 

TN 

JM 

 

2.59 Nm 

22·10-4 kg·m2 

 

R1 

R2 

27.8  

20  

L 

L 

0.142 H 

0.88 H 

P1 

P2 

P3 

-0.669 

3.606 

-6.622 

P4 

P5 

P6 

 4.415 

-0.743 

0.754 

C1 0.0013 C2 0.5778 

2,1  52.36 rad/s  500 rpm 2,2  157 rad/s  1500 rpm 

The following notations are used in Table 1: PN − nominal power; Zp − number of pole pairs; nN 

− nominal speed; TN − nominal torque; JM − total moment of inertia of the asynchronous machine and 

the load machine, as well as the coupling between the two machines and the torque sensor; R1 − stator 

winding resistance; R2 − equivalent rotor winding resistance; L − stray inductance in the inverse 

gamma equivalent diagram; L − magnetisation inductance in the inverse gamma equivalent 

diagram; P1−P6 − coefficients of the magnetisation inductance polynomial 

( ) 5 4 3 2

1 1 1 2 1 3 1 4 1 5 1 6d d d d d dL I PI P I P I P I P I P= + + + + + , where 1dI  is the d-component of the stator current 

vector 1I ; C1, C2 – are coefficients for setting the torque dependence on speed reference trajectory; 

2,1 , 
2,2  are the initial and final values of the speed reference trajectory, respectively. 

The functional basis for the parametric optimisation of predictive control algorithms based on 

the criteria for reducing computational costs and increasing the accuracy of task execution is the 

developed computer model in the Matlab & Simulink simulation environment. The GRAMPC 

toolbox [28] is used as the framework for the MPC algorithm implementation. In order to reduce 

computational time and improve the accuracy of electric drive control, a set of parameters was 

selected for optimisation within the GRAMPC predictive algorithm, in particular: the number of 

sampling points over the prediction horizon (Nhorizon), the maximum number of gradient search 

iterations (NMaxGradIter), the weighting coefficients of the cost function (PCost), the prediction horizon 

(Thorizon), and the maximum optimisation search step (LineSearchMax). For each of these parameters, 

numerical simulations with variable combinations were conducted to determine the impact on: 

− accuracy of system operation in accordance with a given reference trajectory; 

− computation time; 

− energy consumption. 

To objectively assess the effectiveness of various combinations of parameters, the taxonomic 

method of multicriteria analysis (MCDM) was applied. This approach is based on building a matrix 

of initial indicators for each test object, normalising the data, forming a reference vector, calculating 
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the distance to the reference, and ranking based on the deviation from the optimal value using the 

least squares method [29,30]. 

The algorithmic implementation included the following steps: 

1. Formation of the input matrix of indicators for ranking N objects by M indicators (accuracy of 

system operation in accordance with a given speed trajectory – Ns (Accuracy, in %), calculation time 

for parameters – Ts (Calculation time, in seconds), energy consumption – EL, accuracy of system 

operation in accordance with the magnetisation current trajectory – characterised by the coefficient 

of determination R2), as shown below in the form of a generalised matrix (1). In this case, the 

indicators were compared with the reference values obtained using the fmincon algorithm [31]. 

11 1 1

1

1

... ...

... ... ... ... ...

... ... , where and

... ... ... ... ...

... ...

j N

i ij iN

M Mj MN

x x x

x x xX     i=1...M  j=1...N,

x x x

 
 
 
 =
 
 
 
 

  (1) 

 

where X is the matrix of indicators for each object under study; i is the current indicator number; j is 

the current object number; M is the number of indicators; N is the number of objects. 

2. Normalisation of indicators, which is a mandatory stage due to the fact that the indicators 

reflect different values and have incomparable values, which allows for the elimination of the 

influence of absolute values, as shown below using formulas (2)–(5): 

11 1 1

1

1

... ...

... ... ... ... ...

... ... ,

... ... ... ... ...

... ...

norm norm norm

norm norm norm

norm norm norm

j N

i ij iNnorm

M Mj MN

x x x

x x xX

x x x

 
 
 
 =
 
 
 
  

 (2) 

,
norm

ij i

ij

i

x x
x

−
=


 (3) 

1

1
,

N

i ij

j

x x
N =

=   (4) 

( )
2

1

1
,

N

i ij i

j

x x
N =

 = −  (5) 

where Xnorm is the matrix of normalised indicators for each object under study; 
ix  is the average 

value of the i-th indicator for the corresponding number of objects; i  is the standard deviation of 

the i-th indicator for the corresponding number of objects; i is the current number of the indicator; j 

is the current number of the object; M is the number of indicators; N is the number of objects. 

3. The next step is to generate a vector of benchmark values based on the optimal values of the 

indicators for each row of the Xnorm matrix. Based on this, the vector (6) will be formed, as shown in a 

generalised form below: 

1

2

...

norm

norm

norm

e

e

e

norm

e

M

x

x
X

x

 
 
 

=  
 
 
 

,  (6) 

where e

normX  is a vector of normalised benchmark values for each studied indicator. 
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4. The final step is the selection of the best object, which is carried out on the basis of the least 

squares method, comparing each normalised indicator with the corresponding benchmark value 

according to (7): 

( )
2

1
norm norm

N
e

j j ij j

j

R a x x
=

= − ,  (7) 

where aj is the weighting coefficient of the significance of the respective indicator (with aj=1 if all 

indicators are equivalent). 

The best object is the one characterised by the minimum value of the parameter Rj calculated by 

(7). 

Therefore, the application of the above-mentioned methodology based on the taxonomic 

approach allowed the formation of an objective integral assessment of the quality of the GRAMPC 

implementation of the algorithm for the predictive control of asynchronous electric motors, which in 

the course of further studies of the article became the basis for selecting parameters that provide 

multiparameter optimisation based on the simultaneous consideration of accuracy, computation time 

and energy consumption. 

3. Results 

3.1. Computer Model 

To implement the model of predictive control of an asynchronous machine, shown in Figure 1 

and Figure 2, the Matlab & Simulink simulation environment was used. The developed architecture 

includes both, the control subsystem and the model of the control object (asynchronous machine), 

which is built in the form of structurally connected blocks. 

The top level of the system architecture is shown in Figure 1. The GRAMPC subsystem 

implements the predictive control algorithm with the subsequent generation of the control signal of 

the three-phase voltage U_uvm in the Motor Control subsystem based on measured values and the 

desired speed N_ref. The asynchronous machine model asm model receives the control signals U_uvm 

and the load level M_L. In addition, the currents I_uvm and the angular velocity Omega_Rm are 

measured in the asm model. The Load_ref_lookUP block generates the load torque as a function of time. 

The PWM-Interrupt and initialisation blocks provide system setup before starting the simulation, as 

well as compilation and initialisation of the GRAMPC library. 

 

Figure 1. The top level of the structure of a predictive control computer model. 
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Figure 2. GRAMPC subsystem of the predictive control computer model. 

The GRAMPC subsystem from Figure 1 is illustrated in detail in Figure 2. Here, the main 

component is the MPC-Subsystem block, which is the GRAMPC kernel [28] that accepts the vector of 

the current system state, the vector of desired values, and the configuration of userparam parameters. 

The output is the optimal control action U_next (two components of the stator voltage phasor ud and 

uq), which is fed to the Motor Control subsystem. Userparam1, ramp1.mat, and ramp1_TLvar.mat provide 

individual optimisation parameters and desired trajectories in the form of vectors containing the 

values of the desired speed and load torque at each of the discretisation steps. The Analyzer_Block 

monitors and records simulation parameters for further analysis. This allows tracking the stability 

and efficiency of the model during computer experiments. The newUserParam parameter generation 

module is responsible for determining the depth of the ‘look ahead’ in the predictive control task for 

the desired trajectories of speed and load torque. In this implementation, the desired values of speed 

from ramp1.mat file and load torque from ramp1_TLvar.mat file are fed to the MPC-Subsystem as arrays 

of Nhorizon length as components of the userparam vector. This allows the MPC-Subsystem controller 

with modified probfct.c not only to react to the current system state, but also to proactively take into 

account future operating conditions, such as expected torque fluctuations or speed setpoint changes. 

This extension to the GRAMPC made by the authors of this research is critical for improving stability 

and energy efficiency in dynamic operating conditions. 

Thus, the developed computer model makes it possible to evaluate the performance of 

commands by speed and torque in the MPC closed loop. 

3.2. Results of the Analysis of the Influence of the Prediction Algorithm Parameters 

For each set of the varying parameters to be optimised within the GRAMPC predictive algorithm 

described in Section 2, ten simulations (with the same set of the parameters) were made to avoid 

random errors. The average values were used in the process of finding the optimal values. 

Visualisation of the obtained measurements is shown in Figures 3–6. 

The accuracy of system operation in accordance with a given speed trajectory – Ns (Accuracy, in 

%) is calculated using formula (8) below: 

,

1 ,

1
1 100%

N
ramp j j

s

j ramp j

n n
N

N n=

  −
 = −  
    

 ,  (8) 
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where N is the total number of sampling points; nramp,j is the speed setpoint at sampling instant j; nj is 

the result of the actual model execution at sampling instant j. 

The coefficient of determination (R2), calculated using (9), was used as a quantitative measure of 

the accuracy of system operation in accordance with the magnetisation current trajectory: 

( )

( )

2

1 , 1 ,12

2

1 , 1 ,1

1

N

d j d jj

N

d j d avgj

I I
R

I I

=

=

−
= −

−




,  (9) 

where N is the total number of sampling points; I1d,j is the desired result at sampling instant j; 
1 ,d jI  

is the result of the actual model execution at sampling instant j; I1d,avg is the average value of the 

desired result. 

The weighting coefficients of the significance of the indicators (accuracy of system operation in 

accordance with a given speed trajectory – Ns (Accuracy, in %), calculation time for parameters – Ts 

(Calculation time, in seconds), energy consumption – EL, accuracy of system operation in accordance 

with the magnetisation current trajectory – R2) when varying different algorithmic parameters are 

given in Table 2. The initial values of the algorithmic parameters are given in Table 3. 

Table 2. Weighting coefficients. 

 Nhorizon + NMaxGradIter PCosts Thorizon LineSearchMax 

EL (J) 5 5 1 5 

Ns, Accuracy (%) 5 5 1 5 

Ts, Calculation time (s) 0.01 - 1 0 

R2 10 1 1 10 

Table 3. Comparison of algorithmic parameters. 

Parameter Initial guess Optimal values 

Nhorizon  50 50 

NMaxGradIter 2 2 

PСost (loss) 10 2 

PСost (speed) 5 2 

Thorizon 0.1302 0.1408 

LineSearchMax 0.5 40 

In Figure 3, the dependence of the indicators on the parameters Nhorizon and NMaxGradIter is shown. 

Figure 4 displays the dependency on PCost, whereas in Figure 5 the effect of the variation of the 

parameter LineSearchMax, and in Figure 6 the effect of the Thorizon is given. 

  
(a) (b) 
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(c) (d) 

Figure 3. Plots of EL, Accuracy, Calculation time and R2 versus Nhorizon and NMaxGradIter. 

The Nhorizon parameter determines the number of sampling points on the Thorizon prediction horizon. 

According to [28], this parameter is one of the key parameters that affects both the performance and 

computational load of the MPC. A larger number of points usually improves stability and control 

accuracy, but increases the amount of computation. 

The energy consumption EL is shown in Figure 3а. For each fixed NMaxGradIter, the generalised trend 

is a decrease in energy consumption with increasing Nhorizon. For example, at NMaxGradIter=4, the EL 

decreases from ~80.5 J (Nhorizon=5) to ~44.3 J (Nhorizon=20), which means more efficient operation with a 

larger number of Nhorizon points. At the same time, with a small number of NMaxGradIter iterations, 

anomalies arose: for example, for NMaxGradIter=1, EL was initially ~82 J at Nhorizon=20, and at NMaxGradIter=2, 

the value of EL sharply decreased to 45.6 J. In general, the smallest EL is provided by the largest Nhorizon 

and NMaxGradIter, indicating that a deeper gradient search allows finding better solutions. 

The results for the Ns metric for Nhorizon and NMaxGradIter are shown in Figure 3b. It is evident that 

with an increase in Nhorizon, the accuracy of speed increases: for example, for a fixed number of 

NMaxGradIter iterations, the Ns (Accuracy, in %) increases to almost 100 % with sufficient values of Thorizon. 

At the same time, anomalies can be seen: for high NMaxGradIter and small values of Nhorizon, this leads to a 

sharp drop in Ns, which indicates the instability of optimisation when the number of discretisation 

points Nhorizon on the Thorizon prediction horizon is insufficient. 

In Figure 3c, the Calculation time, in seconds Ts is shown. It practically does not depend on Nhorizon 

within the studied range of values: for all combinations of parameters, Ts remains within a narrow 

range of approximately 1.8–2.1 s at small values of NMaxGradIter. Thus, an increase in the number of 

sampling points does not lead to a significant increase in computation time (the computer load hardly 

changes) at small values of NMaxGradIter. 

The dependence of R2 on NMaxGradIter and Nhorizon is illustrated in Figure 3d. At small values of 

NMaxGradIter and Nhorizon, R2 has large negative values (up to –74), which means that the model is a very 

poor fit. As Nhorizon increases, R2 gradually increases (approaching zero and even +0.5…+0.9 at large 

parameter values). NMaxGradIter>2 has almost no effect on R2. 

From the results in Figure 3, it can be seen that a larger number of Nhorizon points reduces the 

tracking error in the speed profile (higher Ns) and improves current fitting (higher R2) with a sufficient 

number of iterations NMaxGradIter>1. In practice, this means that Nhorizon should be chosen to match the 

dynamics of the system without overcomplicating the solution. On the other hand, increasing the 

number of gradient iterations NMaxGradIter improves the convergence of optimisation, resulting in higher 

solution accuracy. However, after a certain threshold (approximately 2–3 iterations), the 

improvements are minor such that an additional increase is not justified. 
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(a) (b) 

 
(c) 

Figure 4. Plots of EL, Accuracy and R2 versus PCost (loss) and PCost (speed). 

The PCost parameter consists of two weighting factors: for speed deviation PCost(speed) and for 

energy loss PCost(loss). It determines the compromise in the cost function between the accuracy of the 

speed profile and energy efficiency. 

In Figure 4a, it is shown that increasing the weight of PСost(speed) leads to a slight increase in EL: 

for example, when PСost(loss)=1, EL increases from ~43.1 J (PСost(speed)=1) to ~44.1 J (PСost(speed)=100). 

This is due to the priority of maintaining speed resulting in a higher energy consumption. On the 

other hand, increasing PСost(loss) reduces EL (for example, when PСost(speed)=1, EL drops from 43.1 J 

(PСost(loss)=1) to 42.2 J (PСost(loss)=75)). However, these changes are quite small. 

Figure 4b shows Ns depending on the ratio of PСost(loss) and PСost(speed). Practically for all 

combinations, Ns≈99–100%, i.e., the speed setpoint is successfully achieved. Only for combinations of 

PСost(speed)=1 and PСost(loss)>40 the accuracy drops significantly. Thus, the balance of PCost weights has 

a negligible effect on the accuracy of the speed profile itself – it remains high. 

Figure 4c illustrates R2 depending on PСost. Here, a clear compromise can be seen, as in the case 

of Figure 4b: at high PСost(loss) weight, R2 drops significantly (even to negative values), indicating a 

deterioration in current regulation. Conversely, at low PСost(loss) weight and moderate PСost(speed) 

weight, R2 approaches 1.0 (the best values ~1.0 are observed at PСost(loss)≥2 and PСost(speed)≤10). Thus, 

prioritising speed accuracy leads to better current regulation and vice versa. 

Setting the PСost weight allows balancing between two objectives. Higher weights for speed 

ensure almost perfect profile tracking (Ns≈100%), but result in increased energy consumption. 

Conversely, focusing on minimising energy consumption slightly reduces speed accuracy. This 

trade-off is to be expected with multidimensional functionality: increasing one indicator 

stochastically harms the others. 

The LineSearchMax parameter sets the maximum possible step size of the line search algorithm 

in the gradient method. This is critical for the convergence speed and stability of the optimisation. 

GRAMPC uses specialised line search strategies optimised for fast and resource-efficient 

implementation [28]. 
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Figure 5 shows that at very low values of LineSearchMax (0.01–0.05) the system demonstrates 

unsatisfactory results: Ns≈92–97 %, losses EL are very high (78.9–47.1 J), and the R2 indicator is equal 

0, and in some cases negative values are observed, i.e., the model clearly did not converge. With an 

increase in LineSearchMax to 0.1–0.4, Ns grows rapidly (up to ≈99.8 %), EL drops to ≈42.8 J, and R2 

becomes positive and reaches 1.0. With LineSearchMax ≥0.5, all indicators stabilise: Ns≈99.8 %, EL≈42.8 

J, R2=1.0, Ts≈2.4 s. Thus, line search with a larger maximum permissible step ensured a stable and 

rapid transition to the optimal solution. 

A small maximum step size (LineSearchMax <0.1) will ‘lock’ the algorithm with a small NMaxGradIter 

and lead to an inefficient solution (low accuracy Ns, high energy consumption EL and unstable R2). 

Increasing LineSearchMax allows for wider gradient steps, which significantly speeds up convergence 

and stabilises the solution. This is consistent with practical experiments, which show that in some 

cases it is necessary to increase LineSearchMax for reliable convergence. 

 

Figure 5. Plots of EL, Accuracy and R2 versus LineSearchMax. 

The parameter Thorizon specifies the prediction horizon (the end time of the control segment). 

Figure 6 shows the following trends: when Thorizon is increased from very small values ≈0.09 s, there is 

a noticeable improvement in performance. In particular, the accuracy of Ns increases from ≈98.7 % 

(Thorizon ≈0.044 s) to ≈99.3 % (Thorizon ≈0.088 s). At the same time, energy consumption decreases (from 

43.3 J to 42.9 J), and R2 improves significantly (from ≈0.5 to ≈0.8). Further, in the range Thorizon≈0.13–

0.20 s, the metrics almost stabilise: Ns≈99.2–99.3 %, EL≈42.8–42.9 J, R2≈0.9. At very large Thorizon (greater 

than 0.20 s), R2 decreases slightly (~0.8). In general, Thorizon ≈0.14 s proved to be optimal in terms of the 

accuracy/cost ratio. Increasing the time horizon of predictions usually allows for longer system 

behaviour to be taken into account, which improves control quality and increases stability. 

The analysis showed that optimising GRAMPC parameters significantly affects the performance 

of electric drive control. In particular, increasing Nhorizon and, to a lesser extent, NMaxGradIter contributed 

to an increase in profile tracking accuracy (increase in Ns), improved current control (increase in R2) 

and reduced energy consumption. Increasing Thorizon improved performance to a certain level (Thorizon 

≈0.14 s), after which the gains plateaued. This is consistent with MPC theory, as a longer prediction 

horizon and deeper search allow for better control actions to be found. LineSearchMax is a critical 

convergence parameter: too small LineSearchMax value significantly worsened all metrics, while 

LineSearchMax=40 provided nearly perfect results without a significant increase in computation time. 

Adjusting the PCost weighting coefficients revealed a balance between two objectives: with a high 

weighting of speed, the profile accuracy increased to almost 100 %, but at the same time, energy 

consumption increased, and the accuracy of the desired magnetisation current waveform decreased 

slightly. 
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Figure 6. Plots of EL, Accuracy, Calculation time and R2 versus Thorizon. 

3.3. Results of Applying the Taxonomic Approach and Simulation Experiment 

To determine the optimal combination of values for the algorithmic parameters Nhorizon, NMaxGradIter, 

Thorizon and LineSearchMax, as well as the weight coefficients PCost of the cost function, it is necessary to 

thoroughly analyse the empirical data obtained. Given the large dimension of the option space and 

the presence of multiple evaluation criteria, such a task is difficult to perform using visual methods 

alone. 

According to the proposed methodology given in Section 2, the taxonomic method involves 

normalising indicators, forming a benchmark vector and calculating the distances between the objects 

of observation and the benchmark, taking into account the weighting coefficients of the criteria. As a 

result, for each set of parameters, the integral distance Rj was calculated using formula (7), which 

serves as a measure of the distance from the conditionally best option. The results are shown in Figure 

7. 

The value of Rj as a function of the LineSearchMax parameter is shown in Figure 7a. There is a 

sharp drop in Rj when the parameter increases from 0.01 to ≈40, after which the values stabilise at a 

minimum level. This indicates the need to use a sufficiently large maximum line search step to ensure 

effective convergence of the algorithm at low values of NMaxGradIter. 

  
(a) (b) 
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(c) (d) 

Figure 7. Plots of Rj versus LineSearchMax, Nhorizon, NMaxGradIter, PCost and Thorizon. 

The distribution of Rj values for different combinations of Nhorizon and NMaxGradIter parameters is 

shown in Figure 7b. There is a clear minimisation of the distance Rj at medium or moderately large 

values of both parameters: in particular, Nhorizon ≈ 35–50, NMaxGradIter ≥ 2. This corresponds to the zone 

where a good compromise between accuracy, energy consumption and current control quality is 

achieved. At the periphery of the diagram, where the parameters have extreme values (too low or too 

high), Rj increases, indicating a deterioration in overall performance. 

The dependence of Rj on the values of the weight coefficients PCost, i.e., the ratio between loss and 

speed deviation, is shown in Figure 7c. The lowest values of Rj are observed for sets where Pcost(loss) 

≈ 2 and Pcost(speed) ≈ 2–3, which demonstrates an optimal balance between energy saving and 

dynamic quality. At the same time, excessive growth of any of the components (for example, speed 

weight up to 100 or more) causes a deterioration in the overall Rj index, i.e., overloading the cost 

function with one goal leads to degradation in other criteria. 

Figure 7d shows Rj when Thorizon changes. The curve has a clear minimum at Thorizon ≈ 0.14 s, which 

approximately in 3.18 times greater than the rotor time constant. This confirms the earlier conclusion 

about the existence of an optimal prediction zone. Values less than 0.1 s or greater than 0.2 s lead to 

an increase in Rj, indicating insufficient or excessive consideration of the future dynamics of the 

system. 

The application of the taxonomic method made it possible to form an objective rating assessment 

of the parameters of predictive control (see Table 3). 

This approach ensured comprehensive multi-factor optimisation, taking into account conflicting 

criteria such as speed accuracy, energy consumption, calculation time and current trajectory quality. 

The method can be extended to other model variants or control configurations and is a promising 

tool for automated system configuration in multi-criteria optimisation mode. 

Figure 8 shows the results of the developed model (see Figures 1 and 2), where a comparison of 

the benchmark (calculation using fmincon [31]) with the indicators from Table 3 based on GRAMPC 

before and after optimisation of the algorithmic parameters is presented. In this case, the initial guess 

of the algorithmic parameters was chosen by the authors to be quite close to the optimal ones, so the 

difference between the trajectories is minimal. 

Table 4 presents the percentage fit of two optimisation results, Before and After (see Figure 8) 

for each state variable, compared to the benchmark solution obtained using fmincon. The fit is 

evaluated using the coefficient of determination R2, expressed as a percentage. 

Thus, the final results show that objective multiparameter optimisation of GRAMPC settings can 

improve the performance of the control system. This is confirmed by a comparison of the initial and 

optimal parameters in Tables 3 and 4, where, for example, a decrease in PCost weights and an increase 

in LineSearchMax led to better control quality with almost unchanged Thorizon and NMaxGradIter. In general, 

the optimal parameters provide high tracking accuracy and system stability with minimal energy 

consumption, which proves the effectiveness of the chosen approach to MPC tuning. 
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Figure 8. Simulation results, where Fmincon are plots obtained using fmincon; Before are plots obtained using 

GRAMPC with initial guess settings; After are plots obtained using GRAMPC with optimised settings. 

Table 4. Fit percentage of optimisation results compared to fmincon reference. 

Parameter Before After 

I1d (A) 97.54 99.01 

I1q (A) 98.89 99.61 

Ψ2 (V*s) 97.72 99.05 

n (rpm) 100.00 100.00 

4. Discussion and Prospects for Further Research 

The study proved that the proposed computerised method of multi-criteria optimisation of 

predictive control parameters for asynchronous electric drives, which includes a formalised 

description, simulation model and algorithmic principles of predictive control, allows for effective 

coordination of the main performance indicators of electromechanical systems, such as the accuracy 

of system operation in accordance with a setpoint trajectory, energy consumption, and computational 

costs. The proposed combination of taxonomic analysis with computer modelling in the Matlab & 

Simulink environment provided the possibility of adaptive and optimised adjustment of the main 

technical and functional parameters of the predictive algorithm, which is confirmed by the 

quantitative results obtained. 

The practical value of the presented approach lies in the creation of a computer model, which is 

a means of configuring algorithmic software for predictive control of asynchronous electric drives for 

various purposes, allowing automated control systems to be adapted to changes in operating 

conditions without significantly complicating the process of deployment and integration into existing 

technological and production processes. This is particularly relevant for industrial sectors where 

electric drives operate under variable load conditions and require flexible control to ensure optimal 

energy efficiency. 

At the same time, the scientific and applied results obtained open up prospects for further 

research in the following areas: 

– scaling up the proposed method by introducing hybrid methods, in particular using neural 

networks and machine learning methods for automatic real-time adjustment of predictive models; 
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– researching the effectiveness of the developed method on electric drives with other types of 

motors; 

– validating and adjusting the results obtained based on practical experiments in various 

industry applications; 

– integrating the developed approach into modern automation and digitalisation complexes for 

production and technological processes. 

Therefore, the results of this study form the technical and technological basis for the further 

development and improvement of computer technologies for controlling electric drives. 

5. Conclusions 

Based on the results of studies conducted to develop and validate a computerised method for 

multiparameter optimisation of algorithms for predictive control of asynchronous electric drives, the 

following results have been obtained: 

1. The effectiveness of applying a multiparameter optimisation method for the parameters of 

predictive control algorithms, based on a combination of computer modelling and taxonomic 

analysis methods, has been proposed and proven. This has made it possible to comprehensively take 

into account the criteria of accuracy of system operation in accordance with a setpoint trajectory, 

energy consumption, and computational costs. 

2. A computer model of a predictive control system for an asynchronous electric drive has been 

developed and validated in Matlab & Simulink based on the GRAMPC strategy, which provides an 

adequate model of the dynamic behaviour of an asynchronous electric drive in a wide range of 

operating modes. 

3. During a series of computer experiments, the optimal parameters of the predictive control 

algorithm have been established: Nhorizon=50, NMaxGradIter=2, Thorizon=0.14 s, LineSearchMax=40, which 

ensures stable operation of the algorithm when controlling an asynchronous motor with a power of 

370 W in dynamic modes. 

4. It has been demonstrated that the application of a taxonomic approach to effectiveness 

analysis allows for the automated determination of optimal combinations of control algorithm 

parameters for different operating modes, which increases the adaptability and practical applicability 

of the proposed method of predictive control in industrial electric drives. 

5. The results obtained form a methodological and applied basis for a further development of 

hybrid intellectualised predictive algorithms with increased adaptability to changing operating 

conditions and integration into real industrial automated control systems. 
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