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Abstract: At the Faculty of Engineering, University of Debrecen, we have long been
engaged in the design and development of self-constructed, predominantly electric, single-
seat prototype race cars. To enhance the efficiency of both vehicle design and competitive
performance, the authors previously developed a modular technical data optimization soft-
ware. This tool comprises two key modules: a vehicle dynamics simulation program that
derives driving dynamics from technical specifications (parameters) and an optimization
module that fine-tunes these parameters for various racing scenarios. However, the large
number of input variables often renders the optimization process computationally intensive
and time-consuming. To address this challenge, we introduce a novel filtering process
designed to streamline the optimization process. This method systematically identifies and
excludes parameters whose uncertainties exert minimal influence on the simulation out-
comes. This approach significantly reduces computational overhead, thereby accelerating
the optimization process.

Keywords: prototype race car; dynamic simulation; data optimization; filtering process

1. Introduction
The Faculty of Engineering at the University of Debrecen has a longstanding tradition

in designing and constructing custom-built, predominantly electric, single-seat prototype
race cars [1,2]. These vehicles have successfully competed in various national and interna-
tional student engineering competitions, such as the Shell-ECO Marathon [3], the MVM
Energy Race organized by Hungarian Electricity Works Ltd., and the Pneumobile competi-
tion [4], achieving numerous podium finishes. Building on this foundation, a new initiative
has been launched to further expand our racing activities by developing purpose-built
electric race cars to compete in both the Hungarian National Slalom Championship and the
internationally renowned Formula Student competition.

Competitiveness in motorsport is highly dependent on tailoring a race car’s technical
parameters to the specific demands of each competition. For example, slalom events
require intense acceleration and deceleration between 0–100 km/h, as well as superior
cornering performance. Achieving such capabilities necessitates the use of vehicle dynamics
simulations and parameter optimization.

Numerous studies have addressed vehicle dynamics simulation in various con-
texts [5–8], often employing advanced simulation environments such as MATLAB/Simulink
(R2022b) [9]. These works explore topics, including land vehicle modeling with active
safety and four-wheel drive systems [5], longitudinal dynamics of automatic transmission
systems [6], powertrain modeling and development for electric vehicles [7], and energy con-
sumption analysis under varying vehicle parameters [8]. Optimization techniques are also
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widely used in various engineering fields [10–13] to refine performance parameters. These
include classical and intelligent algorithms such as Fuzzy Logic [14,15], Adaptive Neuro-
Fuzzy Inference Systems [16,17], Taguchi Methods [18,19], Grey System Theory [20,21],
Teaching–Learning-Based Optimization [22,23], Genetic Algorithms [24], Particle Swarm
Optimization [25], Tabu Search [26], and Simulated Annealing [27–30]. There are many
publications available on optimization with the above-mentioned algorithms related to the
field of the vehicle industry. For example, the publications [31,32] use a genetic algorithm
for optimization, with which the vehicle’s driving dynamics characteristics (e.g., accelera-
tion) and other characteristics (fuel consumption, emissions) are optimized. Reference [33]
applies an evolutionary algorithm to solve a multi-objective optimization problem regard-
ing vehicle powertrain cost and energy consumption. In [34], the particle swarm algorithm
is used for a different type of application, namely, the optimization of vehicle fleets. In
publications [35–37], the simulated annealing algorithm is used for optimization. In [35],
the powertrain of electric vehicles is optimized in terms of grade ability and range. The
publication [37] presents the optimization of the vibration damping of a vehicle’s drivetrain.
In [36], the attachment of a vehicle’s engine and powertrain to the chassis is optimized.

To support our diverse vehicle platforms and competition goals, a specialized modular
software system was developed in-house [10,11]. This system integrates a vehicle dynamics
simulation module [10] that generates the car’s performance curves from input technical
parameters and an optimization module [11] that allows for task-specific tuning of these
parameters. Its modular design enables flexible adaptation to various vehicle architectures,
including electric, pneumatic, and internal combustion drivetrains. This modular architec-
ture is particularly advantageous given the substantial variation in vehicle designs—for
instance, powertrains may be electric, pneumatic, or internal combustion-based. Without
such modularity, adapting the simulation framework to accommodate different drivetrain
configurations would necessitate extensive reprogramming, making the development pro-
cess significantly more labor-intensive. The current version of the simulation program
has been fully developed and validated for linear (straight-line) track sections, while an
extension of the model to incorporate cornering dynamics is presently underway. The
optimization component incorporates two methodologies: a graphical approach and an
algorithmic procedure based on Adaptive Simulated Annealing (ASA) [11,30]. Although
numerous technical parameters define a vehicle, only a few have a significant impact on its
dynamic behavior, making full-scale optimization both inefficient and unnecessary. Conse-
quently, the optimization process can be confined to the most critical parameters. To support
this, the present study introduces a novel filtering process (see Section 4) that identifies
and excludes parameters with negligible influence on simulation outcomes. This approach
significantly streamlines optimization and accelerates the overall vehicle design process.

Despite the extensive literature on simulation and optimization in automotive engi-
neering, the specific filtering methodology proposed in this study has not been previously
documented and, therefore, represents a novel contribution to simulation-assisted race
car design.

In Section 2, we give a brief description of the applied vehicle dynamics model and
the simulation program, which is tailored for prototype race cars. In Section 3, the applied
optimization method is described. The novel filtering methodology, which is applied to the
input parameters of the above program, is introduced in Section 4.

2. Brief Description of the Applied Vehicle Dynamics Model and
Simulation Program

The filtering methodology introduced in this study is applied to the input parameters
of a custom-developed vehicle dynamics simulation program tailored for prototype race
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cars [10]. Those input parameters whose minor variations do not significantly affect the
simulation results relevant to the given competition task are filtered out. As a result,
only the technical data that meaningfully influence vehicle performance are retained
for optimization. We demonstrate the filtering process using our previously developed
simulation program tailored for prototype race cars. This simulation program is based
on our own vehicle dynamics model, the structure of which is shown in Figure 1. It is
important to note that the proposed filtering approach is not limited to this particular
model and can be extended to other vehicle dynamics simulation platforms.

Figure 1. The vehicle dynamics model for the race car, together with the forces and torques acting on
it [10].

The foundational model, shown in Figure 1, was developed for a single-seater, elec-
trically powered prototype race car featuring a rigid frame and a drivetrain comprising a
series-wound DC motor transmitting torque to the rear wheels via a chain drive. It must
be remarked that the car has a rigid suspension, so the whole vehicle can be modeled as
having a rigid frame structure. This model conceptualizes the vehicle as comprising four
primary subsystems: the vehicle body, including the motor housing (stator), the motor
rotor, the front and rear wheels, and associated rotating components. The relationship
between the motor torque (Mmotor) and the torque delivered to the rear wheels (Mwheel) is
the following:

Mwheel = −η·i12·Mmotor (1)

where
i12 =

z2

z1
(2)

The meaning of the notations in Equations (1) and (2) and in Figure 1 can be found in
the Nomenclature.
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The modeled race car was powered by a series-wound DC motor. The developed
model of this motor [10] is shown in Figure 2.

L
a

R
r

L r

Rs Ls

Mmotor Mres
Mload

dI/dtI

-

+

Rbatt

Vbatt

Rwire

Mmotor=Lsr  I2

Figure 2. The model of the series-wound DC motor applied for the simulation [10].

Based on the models presented in Figures 1 and 2, a complete vehicle dynamics
simulation program was developed in MATLAB Simulink [10]. The modular structure of
the simulation program is shown in Figure 3.

Figure 3. The simulation program developed in MATLAB Simulink [10].

The complete simulation program, developed in MATLAB Simulink, is modular in
structure (Figure 3), reflecting the logical organization of the dynamic model. It consists of
five discrete modules: the vehicle body, front wheel assembly, rear wheel assembly, motor,
and drivetrain. A comprehensive description of each module’s functionality and internal
architecture can be found in [10]. In Section 3, a drag race is simulated, which is short in
duration (~10 s), so thermal effects (e.g., changes in tire pressure due to tire heating) do not
cause significant errors in the simulation. The maximum speed reached by the vehicle is not
very high (~55 [km/h]), so errors resulting from aerodynamic changes are not significant.

The inputs of this program and its output functions are listed in the Nomenclature. The
input data for the simulation include various vehicle and motor parameters. These may be
sourced from the manufacturers’ catalogs and the scientific literature or determined through
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experimental measurement [38–44]. While certain data may be readily available, others
can require custom measurement setups [45]. To address this, a bespoke experimental
measurement system was developed and implemented, as described in [46].

3. Brief Description of the Applied Optimization Method
The parameter optimization process implemented in our software comprises two

distinct approaches: a graphical analysis method and an algorithmic technique based on
Adaptive Simulated Annealing (ASA) [30]. While a comprehensive exposition of these
methods is available in [11], this section provides a concise overview of the ASA-based
approach, which plays a pivotal role in the framework.

The ASA method was realized using MATLAB’s Global Optimization Toolbox, specifi-
cally the “simulannealbnd” function, which is designed to perform bounded simulated
annealing. To illustrate its application, we present an example optimization scenario:
minimizing the time required for a race car to accelerate from a standstill to a velocity of
40 [km/h] by adjusting the gear ratio of the chain drive (i12). The first step was to create a
MATLAB function that calculates the time required to reach a speed of 40 [km/h], applying
different gear ratios. The program code developed for this is shown in Figure A1. Using the
above MATLAB code, the program code for optimization with the ASA method is shown
in Figure A2 (Figures A1 and A2 can be found in the Appendix A).

The codes in Figures A1 and A2 determine the optimal gear ratio and the correspond-
ing acceleration time to reach 40 [km/h]. During execution, the program outputs dynamic
visual feedback, including (a) the current value of the optimization variable, (b) the cal-
culated time for each tested ratio, (c) the evolution of the minimum time over iterations,
and (d) the best solution found to that point—all visualized in Figure 4. Upon completion,
the optimal gear ratio (i12 = 4.03) and corresponding acceleration time (tmin = 4.64 [s]) are
displayed in the command window.

 
Figure 4. MATLAB windows for monitoring the parameter values in real time ((a) the current value
of the optimization variable, (b) the calculated time for each tested ratio, (c) the evolution of the
minimum time over iterations, and (d) the best solution found to that point) [11].
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To emphasize the practical implications of parameter optimization, another use case
is presented. In this scenario, the objective is to minimize the time required to complete a
100 m drag race. Again, the chain drive gear ratio is selected as the optimization variable.
Figure 5 illustrates the vehicle’s distance–time functions resulting from three gear ratio
configurations: the optimal value (3.871) and two suboptimal alternatives (3.0 and 5.0).
This simulation clearly demonstrates that the optimal ratio yields a time advantage of
approximately 0.3 s, a margin that can be decisive in competitive racing.
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Figure 5. The covered distance–time functions obtained by simulation, applying the optimal (3.871)
and two other gear ratios [11].

As previously discussed, it is neither necessary nor efficient to optimize all vehicle
parameters indiscriminately. Many variables exhibit minimal influence on performance
outcomes in specific competition contexts. Therefore, identifying the subset of influential
parameters is essential. To this end, we introduce a systematic filtering process, described
in detail in the following section, which determines which variables merit inclusion in the
optimization process.

4. Description of the Filtering Process
The objective of the proposed filtering methodology is to streamline the optimization

process by identifying and excluding those input parameters whose uncertainties exert
negligible influence on the simulation outputs. This enables a focused optimization strategy,
significantly reducing computational demands and experimental effort. The filtering
process comprises two main stages: (1) assessing the propagation of input uncertainties into
simulation outputs and (2) determining thresholds for excluding non-influential parameters
from the optimization.

4.1. Determination of the Uncertainties of the Simulated Values

As a preliminary step, we evaluated the sensitivity of the simulation results to uncer-
tainties in the input parameters. Specifically, we analyzed how the uncertainty of each input
propagates to the uncertainty of the vehicle speed calculated by the simulation using the
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Gaussian Error Propagation Law [47] (3). To illustrate this approach, we selected a scenario
in which the vehicle accelerates from rest to 40 [km/h]. The estimated uncertainties of
relevant input parameters—based on prior experimental data and the literature values—are
listed in Table 1. Using these data, the propagated uncertainties in the simulated vehicle
speed were computed and are presented in Figure 6.

∆vs =

√
∑n

i=1

(
∂vs

∂xi

)2
·∆x2

i (3)

Table 1. Estimated uncertainties of the input data.

lf[m] lb[m] w[m] m0[kg] mf[kg] mb[kg]
0.735 ± 0.007 0.615 ± 0.030 0.240 ± 0.012 247.7 ± 0.500 8.000 ± 0.010 16.90 ± 0.017

Jf
[
kg·m2] Jb

[
kg·m2] Jr

[
kg·m2] i12 η R

0.182 ± 0.010 0.230 ± 0.011 0.020 ± 0.001 4.000 ± 0.004 0.970 ± 0.020 0.220 ± 0.011

C A
[
m2] µrollf µrollb µbearing d[m]

0.300 ± 0.060 1.000 ± 0.100 0.014 ± 0.001 0.018 ± 0.002 0.002 ± 0.0002 0.025 ± 0.00002

U[V] Ubrush[V] Rr[Ω] Rs[Ω] Rwire[Ω] Mres[Nm]
48.00 ± 2.400 1.200 ± 0.120 0.01 ± 0.0001 0.016 ± 0.0002 0.006 ± 0.0001 0.600 ± 0.030

ρair
[
kg/m3] Lsr[H] Ls[H] Lr[H] µs and µc

1.200 ± 0.024 0.00120± 0.00012 0.000340 ± 0.000034 0.00010± 0.00001 0.90 ± 0.09 and
0.74 ± 0.074
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Figure 6. Simulated velocities and their uncertainties.

In Equation (3), ∆xi and ∆vs denote the uncertainties of the input data (xi) and the
simulated vehicle speed (vs), respectively. Partial derivative ∂vs

∂xi
was approximated by the

ratio ∆vsi
∆xi

, where ∆vsi and ∆xi are the uncertainties that belong to the 5% relative uncertainty
of variable xi if the uncertainties of the other variables are zero.
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The definitions of the symbols used in Table 1 are provided in the Nomenclature
section. The uncertainty values were estimated based on previous experimental measure-
ments and relevant literature sources. The simulated vehicle speeds and their associated
uncertainties, corresponding to the input data and uncertainty estimates from Table 1, are
depicted in Figure 6.

The results indicate that the relative uncertainty of the simulated speed ranges from
5% to 9% within the analyzed velocity interval (1–40 [km/h]), confirming the model’s
robustness while highlighting the variable sensitivity of the output to different inputs.

4.2. The Filtering Process

As an initial step, we calculated the uncertainty in the simulated maximum vehicle
speed (40 [km/h]) caused by applying a 5% relative uncertainty to each input parameter
individually while assuming zero uncertainty for all other parameters. The resulting
relative uncertainties in the output are visualized in Figure 7. (The tabulated data can be
found in Table A1 in Appendix A).
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Figure 7. Relative percentage uncertainties of the simulated maximum vehicle speed (40 [km/h])
caused by 5% uncertainties in each input data separately.

It can be concluded that optimization should be restricted to those parameters whose
induced uncertainties, as shown in Figure 7, are significant. It should be remarked here
that the Gaussian error propagation method is very effective in early filtering, as it assumes
linearity between inputs and outputs, but as a result, it can oversimplify the effect of
nonlinear interactions inherent in vehicle dynamics. In the case where the simulated value
is highly sensitive to the uncertainty of an input parameter, the calculated error might be
inaccurate. Therefore, if, after filtering is performed assuming the linearity above, we are
uncertain whether a parameter should be excluded from the optimization or not, then it
can be advisable to perform the error calculation also with a nonlinear approximation for
the given parameter.

As a second step, we demonstrated that to ensure a simulated vehicle speed uncer-
tainty of less than 10%, the relative uncertainty caused by each input parameter must be
limited to 2%, assuming that all inputs contribute equally. Figure 8 illustrates the relative
uncertainties of each input parameter that would individually result in a 2% uncertainty in
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the simulated maximum vehicle speed (40 [km/h]). (The tabulated data can be found in
Table A2 in Appendix A).
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Figure 8. Relative percentage uncertainties for each input data that cause a relative uncertainty of 2%
in the maximum vehicle speed (40 [km/h]).

As shown in Figure 8, the 2% uncertainty in the simulated vehicle speed is the result
of applying 1.6% and 4% relative uncertainties to the battery terminal voltage (U) and the
vehicle mass (m0), respectively. The corresponding values for the electric resistance (Rr)
and moment of inertia (Jr) of the rotor of the electric motor are 34% and 75%, respectively.
Practically, this implies that the battery terminal voltage (U) and vehicle mass (m0) must
be determined with much greater precision than the electric resistance (Rr) or moment
of inertia (Jr) of the rotor. Naturally, while all parameters should ideally be determined
as accurately as possible, uncertainties of 20–30% in the electric resistance or the rotor’s
moment of inertia would not introduce significant errors in the simulated vehicle speed.

In the example analyzed, it is advisable to maintain the input parameter uncertainties
within or below the limits indicated in Figure 8. This requirement implies that the uncer-
tainty in the battery terminal voltage (U) should be ≤2%, potentially necessitating more
detailed dynamic battery modeling [48,49] or measuring the battery terminal voltage in
real-time during the drag race and then using these voltages as input data when running
the simulation. It can be solved, e.g., by applying a NI 9239 voltage input module in
real-time in in situ measurements. Regarding the vehicle mass (m0), an uncertainty of ≤4%
is sufficient, which is easily achievable, as mass (m0, m f and mb) can typically be measured
with less than 1% uncertainty. It is advisable to know the chain drive efficiency (η) with an
uncertainty of less than 7%, but according to the literature, it is typically known with an
uncertainty of 2% or less [50]. In the case of the brush voltage (Ubrush), an uncertainty of
less than 8% is required, for which it is advisable to measure the value of the brush voltage
as a function of the intensity of the current flowing through the motor as accurately as
possible. The resistances of the motor windings (Rr and Rs) should ideally have uncertain-
ties of 20% or less, though, in practice, measurement accuracies better than 2% are readily
achievable [38]. Similarly, uncertainties below 20% for the wheel radius (R) and gear ratio
(i12) are easily attainable.
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The rolling resistance coefficients (µroll f
and µrollb

) should be known with uncertainties
below 40%, achievable either through direct measurement or by using reliable literature
estimates.

In the given example, it is sufficient to know the Lr, Jr, and Mres characteristics of
the motor with an uncertainty of less than 70% and the characteristics of Ls and Lsr with
an uncertainty of less than 170% [38]. It should be emphasized that if the motor model
itself is to be validated separately, considerably higher precision is required for these motor
parameters, necessitating direct measurement if catalog data are unavailable [38,39,44,46].

For other inputs, estimated values may be safely used, and in some cases, parameters
such as µbearing can even be omitted without introducing significant error into the simulation
results. However, in other competition scenarios, a significantly higher level of accuracy
may be necessary for certain parameters.

Overall, the parameters requiring precise knowledge vary according to the specific
competition requirements. Consequently, for different competition tasks, the diagrams
analogous to Figures 7 and 8 would exhibit different uncertainty contributions for the
same inputs.

Thus, prior to selecting optimization variables, it is essential to generate and interpret
uncertainty diagrams similar to Figures 7 and 8.

5. Summary
In this study, we have presented a modular software framework for simulating and

optimizing the technical data of prototype race cars and introduced a novel filtering
process to enhance the efficiency of parameter optimization. By quantifying the impact
of input uncertainties on simulation results through error propagation, we identified
which parameters significantly influence vehicle performance and which are the ones
worth optimizing. This approach not only reduces computational time and effort but also
provides practical guidance on measurement accuracy and the recommended measurement
technique during experimental data collection. The use of MATLAB/Simulink combined
with Adaptive Simulated Annealing after performing the presented filtering process proved
to be an effective and practical solution for optimizing vehicle parameters in various
competitive scenarios. Since no comparable filtering method was found in the existing
literature, the proposed procedure represents a unique and valuable contribution to racing
car design, supported by dynamic simulation and optimization.

During the filtering process, it was found that the parameters whose value most affects
the vehicle’s travel time in the drag race presented in the example are the following: the bat-
tery terminal voltage, the vehicle mass, the chain drive efficiency and gear ratio, the wheel
radius, the brush voltage, and the coil electrical resistance of the electric motor. Therefore,
the parameters for which the optimization is performed must be selected from these.

In the near future, we plan to apply and test our filtering process under more complex
dynamic scenarios (e.g., braking, cornering, and varying track conditions). Of course, to
do this, we first need to further develop our simulation program or apply other available
simulation programs. We also plan to investigate the possibility of integrating the filtering
process into other available vehicle dynamics simulation programs. We also plan to test
the applicability of other global optimizers, such as genetic algorithms or particle swarm
optimization, and to perform a head-to-head comparison of the different methods under
identical conditions.

Author Contributions: Conceptualization, A.S. and G.Á.S.; methodology, A.S. and G.Á.S.; software,
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Nomenclature

Input parameters and characteristics of the simulation program
Notation Description Source of input data

Mbrake f , Mbrakeb[Nm] the braking torques on the front and rear (back) wheels -
η the efficiency of the chain drive literature data [10]
z1, z2 the number of teeth on the driver and driven sprockets -
C drag coefficient of the vehicle estimated data [10]
A maximum normal surface area of the vehicle own measurement [10]
ρair

[
kg/m3] the density of air literature data [10]

l[m]
the distance between the front and rear (back) shafts in the
tangential direction

own measurement [10]

l f , lb[m]
the distance of the centre of mass of the vehicle from the front and
rear (back) shaft in the tangential direction

own measurement [10]

w[m]
the distance of the centre of mass of the vehicle from the front and
rear (back) shafts in the normal direction

own measurement [10]

m0[kg] the mass of the vehicle body, including the driver own measurement [10]

m f , mb[kg]
the mass of the front and rear (back) wheels with the rotating
machine parts connected to them

own measurement [10]

J f , Jb
[
kg·m2] the moment of inertia of the front and rear (back) wheels with the

rotating machine parts connected to them
own measurement [10]

µroll f , µrollb
the coefficients of rolling resistance for the front and rear (back)
wheels

estimated data [10]

µbearing
the coefficients of bearing friction for the front and rear (back)
wheel shafts

catalog data [10]

d [m] diameter of the front and rear wheel shafts own measurement [10]
R[m] the effective wheel radius own measurement [10]
µsandµc the factors characterizing wheel friction estimated data [10]
Rbatt[Ω] the internal electric resistance of the battery own measurement [38]
Vbatt[V] the electromotive force of the battery own measurement [38]

Rwire[Ω]
the resultant electric resistance of the wires connecting the battery
to the motor

own measurement [38]

Rs, Rr[Ω] the electric resistances of the rotor and stator windings own measurement [38]
I[A] the intensity of the current flowing through the motor -
Ls[H] the self-dynamic inductance of the stator winding own measurement [38]
Lr[H] the self-dynamic inductance of the rotor winding own measurement [38]
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Lsr[H] the mutual dynamic inductance own measurement [38]
Jr
[
kg·m2] the moment of inertia of the rotor of the motor own measurement [39]

Mres[Nm]
the sum of the bearing and brush friction torques on the rotor of the
motor

own measurement [39]

Output vehicle dynamic functions generated by the simulation program
Notation Description

as(t), vs(t), s(t) the acceleration, velocity, and covered distance of the vehicle
ω f (t), ωb(t), ε f (t), εb(t) the angular velocity and acceleration of the front and rear (back) wheels

Ft f (t), Ftb(t), Fn f (t), Fnb(t)
the forces that the road exerts on the front and rear (back) tires in the tangential
and normal directions

Tf (t), Tb(t), N f (t), Nb(t) the front and rear (back) shafts’ loading in the tangential and normal directions
Mroll f (t), Mrollb(t) the rolling resistance torques
slip(t) the tire slip
Fair(t) the air resistance force
I(t) the intensity of the current flowing through the motor
Mmotor(t), ωmotor(t) the torque and angular speed of the motor
Econs(t) the vehicle energy consumption

Other notations
Notation Description

Mwheel [Nm] the magnitude of the torque exerted by the chain drive on the back shaft
Mmotor[Nm] the magnitude of the torque exerted by the stator of the motor on its rotor
Mroll f , Mrollb[Nm] the magnitude of the rolling resistance torque on the front and rear (back) wheels
Fair[N] the resultant of air resistance force

Ft f , Ftb[N]
the magnitude of the force exerted by the road on the front and rear (back) wheels
in the tangential direction

Fn f , Fnb[N]
the magnitude of the force exerted by the road on the front and rear (back) wheels
in the normal direction

T f , Tb[N] the load on the front and rear (back) shaft in the tangential direction
N f , Nb[N] the load on the front and rear (back) shaft in the normal direction
S f , Sb, S[m] the centre of gravity of the front and rear (back) wheels and the whole vehicle
i12 the gear ratio in the chain drive
Mload[Nm] the loading torque on the rotor of the motor

Appendix A

function [ t_out ] = GENERAL_func_vel40_i12_eng( i_g )

assignin('base', 'i12', i_g);      % Change the value of i12 in the Workspace to the
% value of i_g obtained in the parameter

sim('GENERAL.slx');                % Run the simulation

ind_v=1;
while speed(ind_v,2)<40        % Search for an index to reach a speed of 40 km/h

ind_v=ind_v+1;
end

t_out=speed(ind_v,1);

end

Figure A1. The MATLAB code for calculating the time required to reach 40 [km/h] speed at different
gear ratios (i12) [11].
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clear all
% Loading data for simulations:
GENERAL_model_data
% Open Simulink model:
open('GENERAL.slx');

% Initial ratio tip:
i_init=3.5;
% Lower limit:
i_l=3;
% Upper limit:
i_u=5;

% Running parameters (continuous plotting of partial results):
options = saoptimset('PlotFcns',{@saplotbestx,@saplotbestf,@saplotx,@saplotf});

% Run an optimization:
[i_opt,fval,exitFlag,output] = simulannealbnd(@GENERAL_func_vel40_i12_eng,i_init,i_l,i_u,options);

% Print results:
fprintf('Number of iterations : %d\n', output.iterations);
fprintf('Optimal ratio : %d\n', i_opt);
fprintf('Best function value (shortest time) : %g\n', fval);

Figure A2. The program code for the optimization [11].

Table A1. Relative percentage uncertainties of the simulated maximum vehicle speed (40 [km/h])
caused by 5% uncertainties in each input data separately.

U m0 η Ubrush R Rs i12 Rr mb µrollb

(∆v/v)·100%6.2301 2.4704 1.551279 1.2817 0.5853 0.4972 0.3157 0.294016 0.2319 0.2295

Rwire µrollf mf Lr Jr Mres lb C A ρ

(∆v/v)·100%0.1774 0.1629 0.149842 0.138 0.1369 0.1283 0.1114 0.103202 0.1032 0.1032

w lf µbearing d Ls Lsr Jb µs and
µc Jf

(∆v/v)·100%0.0984 0.0962 0.068368 0.0684 0.0585 0.0512 0.0464 0.020672 0.0036

Table A2. Relative percentage uncertainties for each input data that cause a relative uncertainty of 2%
in the maximum vehicle speed (40 [km/h]).

U m0 η Ubrush R Rs i12 Rr mb µrollb

% 1.6051 4.048 6.446293 7.8022 17.086 20.113 31.678 34.01172 43.125 43.573

Rwire µrollf mf Lr Jr Mres lb C A ρ

% 56.355 61.371 66.73718 72.459 73.061 77.949 89.771 96.89778 96.898 96.898

w lf µbearing d Ls Lsr Jb µs and
µc Jf

% 101.65 103.91 146.2675 146.27 171.05 195.35 215.67 483.7421 2796.4
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