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1. INTRODUCTION

Today, balancing economic development and environmental preservation is critical, particularly in
the transportation sector, where internal combustion engines (ICEs) contribute to pollution. This has led to a
growing focus on electric vehicles (EVs) as a cleaner alternative, driven by the need for energy efficiency
and performance improvements [1]-[4]. Among the motor options for EVs, induction motors (IMs) are
popular due to their robustness, cost-effectiveness, and high initial torque, despite limitations such as
efficiency losses [5]-[9]. Control strategies like field-oriented control (FOC) are commonly used for IMs,
offering independent control of rotor flux and torque [9].

This paper explores the role of optimal control theory in improving induction motor performance in
EVs, focusing on active disturbance rejection control (ADRC) to handle unknown system disturbances [10],
[11]. While traditional ADRC excels in performance, it does not address energy consumption, a critical factor
for EV range. We propose a modified ADRC that incorporates disturbance weighting and use a hybrid
metaheuristic algorithm combining particle swarm optimization (PSO), simulated annealing (SA), and tabu
search (TS) to tune both control and disturbance rejection parameters [12], [13]. We identify several gaps in
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the literature: traditional ADRC neglects energy use in disturbance rejection, and current control schemes
often rely on conventional algorithms, overlooking newer or hybrid approaches. To improve performance, we
propose using advanced methods to optimize ADRC parameters, with a specific focus on disturbance
weighting [14]-[19]. This approach shows that disturbance weighting could improve the system’s efficiency
while maintaining robustness. Considering the above, our main contribution includes:

The implementation of a modified ADRC where disturbance weighting is considered, showing
improved performance, and demonstrating that the disturbance weighting value depends on the chosen
performance criteria. Simulation results compare the traditional ADRC with the modified version under the
rotor FOC scheme, optimizing energy use and performance. Experimental results further validate the
proposed control scheme.

This paper is structured as: section 2 reviews the method, briefly describing the dynamics of EVs
and IMs under the FOC scheme, along with the problem statement and the optimal control design using a
modified ADRC. Section 3 presents the results and discussion, including simulation outcomes and
experimental findings. Section 4 concludes the paper.

2. METHOD
This section introduces the dynamics of EVs and IMs, outlines the control problem, and presents a
case study using a hybrid algorithm for controller tuning.

2.1. Induction motor and electric vehicle dynamics
2.1.1 Vehicle dynamics

EVs dynamics involve forces such as rolling resistance (F,,), acrodynamic drag (F,4) and climbing
resistance (F,), influencing road [20]-[22]. The total road load is expressed as:

FwZEo+Fad+Er+st (1)
where the forces are:

E., = {mgcos(a),F,qy = %anFA(v +vy), F = £mgsin(a), Fsp = kyv (2)

Here, m is the vehicle mass, g gravity, a the slope angle, and { depends on tire pressure and speed. K, is the
drag coefficient, v, the headwind speed, v the vehicle speed, 7 air density, F4 the frontal area, and k, Stokes’
coefficient. Ff is often negligible compared to F.,. While the total motor torque 7, (t) is:

w(6) = 77 (0) + ¢ + T (0) 3)

where 77, (t) relates to wheel torque, R,, the wheel radius, G, the transmission ratio, and 7, the shaft friction
torque. The motor torque dynamic (4):

dw
Jevf = Te ) —7.(8) “4)
where 7, (t) is motor torque, and Jg is the total motor inertia:

1

Jov =7+ 2 (22) my +2(2) m(1 - 5,) 5)

2\G,
where J is motor inertia, m,, the wheel mass, and s,, wheel slippage.
2.1.2. Induction motor

IMs, widely used in EVs, are often controlled with rotor FOC [23], [24], leveraging Clarke (a/f
scheme) and Park (d/q scheme) transformations:

Sa0)] _[ cosp(®)  sin(p)|[52O] _ s (bre _ z :
[0 | =[Sty cosoon] 5] # =507 () ¥a© = pra(®? + s )
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where s represents the currents and voltages. Thus, the dynamic induction motor model under FOC scheme
is:
de(t)

w(t) (7
w2 = wpa(Dig(®) = (D) ®)
L — —na(£) + nMig(t) ©)
B0 = Zyig(©) + 2y (©) + mp@ig(0) + D 1 Ly (1 (10)
0 = —ig(O) + 22 Pa(®) = mpo(ia(t) + D 4 g (6) an
d;;(tt) = n,w w(t) + nIIZL,Zt()t) (12)

The parameters are:
w P= o‘LRLS' Y= uLZZRLR 0 =17 LI:;

Key variables include: rotor position (6), angular speed (w), load torque (7;), and magnetic flux
(Wa). uq(t) and u,(t) represent voltages, while i;(t) and i;(t) are stator currents under d/q. Rg and R are
rotor and stator resistances; Lr and Lg are rotor and stator inductances; M is magnetizing inductance and n,,
the pole pair count. The FOC offers control over direct current (igz(t)), quadrature current (i, (t)), flux
magnitude, and angular speed [25].

2.2. Problem statement and optimal control design
2.2.1. Problem statement

Considering the dynamics of the induction motor and its control using ADRC, the following
performance criterion is proposed:

J= ftt()f(KlP(t) + Kye(t) + Kste(t))dt, s.t g;(x) < ay,i€ {1,23,..,n}, a; ER. (13)

In (14), P(t) represents the motor’s power consumption, calculated as the sum of the absolute
values of the product of currents and voltages under the two-phase a/ f scheme using Clarke’s
transformation. The term e(t) denotes the angular speed tracking error, and t¢.(t) represents the settling
time, weighted by the operation time. The weights K;, K, and K; balance the relative importance of these
components. To improve the performance of control laws, it is essential to address the limitations of current
ADRC methods. While parameter tuning in ADRC using optimization algorithms enhances performance, it
often overlooks energy efficiency. This highlights the need for a new ADRC-based control scheme that
explicitly incorporates energy consumption considerations.

—  Global optimum in ADRC approach - motivational example

Consider the nonlinear system:

() = Ax (), %,(t) =Bx2(t) + ax,(t) + Cu(), {B, o, A} ER, (14)
where 1 € R™ ensures stability. For A = —1 and { = a = § = 1, under ADRC, the system becomes:
%) =x{(0) + %) + u®) - y=xu(t) +§), (15)

with £(t) = x2(t) + x,(t) where k = 1. The disturbance dynamics are £(t) = —&(t) + 2x,(t) + u(t). Thus,
the extended system dynamics, considering the disturbance model, are:
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%1 (¢) -1 0 071 [x@®| 10
X, (£) =[0 0 1] @)+ 1] u®). (16)
&) 0 2 —-1l[&® 1

Using a linear quadratic regulator (LQR) framework, the optimal control gains are:
k= —[0 1.707 0.07071]. (17)
The resulting control law is u(t) = —1.707x,(t) — 0.7071 é(t). This demonstrates that the

disturbance should not be fully rejected for optimal performance. Consequently, this research proposes the
control strategy shown in Figure 1, which incorporates disturbance weighting in the ADRC scheme:

Nonlinear and Disturbed ‘ E(t)
System based on tracking error.
u(t) 1 | -{J 1 i €y (t)
‘ K \_J/ —— i >
] T
1 60
I- q

b ESO
~ kﬂL H0) u(t)

Figure 1. Proposed control strategy

The proposed strategy includes disturbance weighting via parameter k; and stability gain tuning
through k. achieved via error state feedback. To optimize both disturbance weighting and controller
parameters effectively, an optimization algorithm is required.

—  Hybrid algorithm

A hybrid algorithm is employed in this research due to the complexity of the problem. The
algorithm is composed of three sub-algorithms: The PSO algorithm, TS, and SA. The algorithm diagram is
shown in Figure 2.

Upgrade
new
particles

Selection of
Cun?pule the the global
Particles N Performance Update new N Find best: . N SA process: Candidate N TS process: L] best between
initialization| | of any positions By - e solution: By By solution: By, | | B BBy,

particle By

Cowp\lle new Candidate

and END

v
v

START [

Figure 2. Hybrid algorithm scheme

Particles initialization: in this step, the particles of the traditional PSO algorithm are initialized.

Compute the performance of any particle: the performance of each particle is computed based on a
predefined performance criterion.

Update new positions: new positions are computed following the traditional PSO scheme.

Find best: By, : the best particle is selected.
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Compute new positions and speeds: all new positions and speeds are computed considering the particles
updated information.
Candidate solution: By, : the best solution from the PSO algorithm, By, is used as the initial solution for the
SA algorithm.
SA process: Bs,: the SA algorithm processes the initial solution and produces a new best solution, B,.
Candidate solution: Bg,: the best solution from the SA algorithm, By,, is used as the candidate solution for
the TS algorithm.
TS process: Bgz: the TS algorithm processes the candidate solution and produces a new best solution, B;.
Selection of the global best between By, Bs,, Bgs: the best solution is selected from Byq, By, and Bgs. If the
termination condition is not met, the algorithm is repeated.
—  Control design

The control design considers the dynamics of angular speed, direct current, and quadrature current
within the framework of ADRC, based on the system dynamics from Section 2.1.2.

0 = Mg Oig® + 81 (0,42 = 24y + 5 ©, 2= 0O +5u®  (8)

at
where &,1(t), §iq1(t) and &;qq(t) represent unified disturbances for each controlled variable. These
dynamics are simplified as first-order systems for control design:

2O = u(®) +&® (19)

where y(t) is the output, u(t) the control signal, k an average value, and &(t) the unified disturbance. By
introducing the tracking error e,(t) = y(t) —y*(t) and using an internal model assuming constant
disturbance, the extended state is defined as x;(t) = e, (t) and x,(t) = £(t), leading to the state-space
dynamics:

x1(8)
x, ()

xl(t)] _ [0 1
%, (6)

0 0 +[o] ww+ [(1)] §® (20)

with the output:

x1(t)

(0 =e,@® =01 0 [x ©

e2))

using the extended state observer (ESO), the estimated states (é,,(t) and (1)) facilitate the control law for
each variable. For angular speed:

200 — 1y (O, (6) + &, (£) (22)

with the control law:

1
upa(t)

Uy (t) = (_kw éw (t) - kfw éw (t) ) (23)

Substituting into the dynamics and expressing in the laplace domain:

(S + kw)ew(s) = (1 - kfw)fw(s) - kiwA Ew(s) - k(.oA ew(s) (24)

where k, manages stability, kg, regulates tracking performance, and A represents the estimation error.
While for the direct current dynamics:

dejq(t) 1
= = ua (D) + G (©) (25)

the control law is:
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Ui (8) = 0Ls(—kig 8a(t) — keig £1a(t)) (26)

leading to similar stability and performance trade-offs as angular speed. The quadrature current control
follows analogous principles. In summary, Kg;q, ksiq, and kg, represent disturbance weighting parameters,
while kg4, kiq, and k,, manage stability. To simplify optimization and maintain linearity, kg, = 1 is selected.
Figure 3 illustrates the induction motor under the FOC scheme, where the proposed hybrid algorithm is used
for offline optimization.

Hybrid Algorithm

km, k{id Saturation
Scheme

Wy
Voltage Uabe m
Source A A IM /DCG
Inverter TL\

* e
Wy, : _,—',
—{ { u "
+ + q B X
@ lﬁd Saturation i Saturation
m Scheme d dq Scheme
/ g w
T abc m
¢ Fi} Flux
Estimator
| p Ya

Figure 3. Proposed control scheme

The controllers C;q, Ciq and C,,, based on the Figure 3, incorporate flux estimators for the rotor FOC scheme:

ap(t) _

~ . dp(t) ig(t)
—= = () + 1 M ig (D), == = —npw(t) +nM =

Palt)

27

A saturation scheme ensures the control signal remains within practical bounds, while offline simulation
determines disturbance weighting parameters and evaluates the vehicle dynamics through a direct current
(DC) generator.
—  Induction of motor and vehicle parameters

Details the parameters of the induction motor and the electric vehicle: the nominal speed per pole
pair is 1500 rpm, operating at 70 V and 50 Hz with a nominal current of 1.2 A. The stator and rotor
resistances are 6.575 Q and 19.577 1, respectively. The nominal torque is 0.6 Nm, and the nominal power is
100 W. The motor’s magnetization inductance is 243.4 mH, while the rotor and stator leakage inductances
are 5.4 mH and 55.2 mH, respectively. Regarding the vehicle, its mass is 98 Kg, with a wheel radius of

0.3594 m and a fixed gear ratio of 9.73. The frontal area measures 2.4 m? and the air density is 1.1839 %.
The aerodynamic drag coefficient is 0.24, the rolling resistance coefficient is 0.002, and y is 5.3475.

3.  RESULTS AND DISCUSSION
This section presents simulation and experimental results. The disturbance weighting is determined
through the simulation results, and the parameter tuning is validated through the experimental results.

3.1. Simulation results
3.1.1. Reference considered

This subsection presents an analysis using the hybrid algorithm under offline simulation. It
compares traditional ADRC with a modified ADRC based on disturbance weighting. The reference used in
the optimization problems is shown in Figure 4 and is based on the urban dynamometer driving schedule
(UDDS), commonly used in electric vehicle tests.
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Figure 4. Reference for the optimization problems

The weighting parameters for the cost function /| were selected through simulation tests. The comparison
between the traditional ADRC and the modified version was based on the following optimization problems.

3.1.2. ADRC (disturbance rejection)

J = [,°°(0.35P(t) + 50e(t) + 500t,.(t))dt. (28)
S.t60 <k, <300, 60 < k;y <300, 60 < k;; < 300.
The objective of the first optimization problem is to tune the parameters of the control law to guarantee the
stability of the system. In this case, disturbance weighting is not considered, in other words Kgjq = Kgiq =
ke, =1
§w :

3.1.3. Modified ADRC (disturbance weighting)
For this case, the optimization problem is given by:

J = [,°°(0.35P(t) + 50e(t) + 500¢,.(t))dt. 29)
S.t60 <k, < 300,60 < ki < 300,60 < ki < 300,0.990 < kg < 1.1,0.990 < kyq < 1.1.

In this case, the disturbance weighting for the currents is considered, and the constraints of all variables for
both optimization problems are related to the ADRC capabilities and numerical stability.

3.1.4. Results of the first comparison analysis

Parameters for the hybrid algorithm used to tune control strategies. For tuning k;4, k;q, and k,, in
disturbance rejection, three variables are optimized with limits ranging from 60 to 300. The algorithm
employs 10 particles and a maximum of 30 iterations, with C; and C, set to 0.7, and inertia weights W,,,,, and
Winin at 0.9 and 0.2, respectively. The initial temperature is 10 or 5, with an annealing rate of 0.7. A tabu list
of length 10, a neighborhood size of 3, and 3 TS iterations are also used. For tuning k;q, kiq, Ko, ksiq, and
ksiq, five variables are optimized with limits from (60, 60, 60, 0.990, 0.990) to (300, 300, 300, 1.1, 1.1),
using the same setup. The initial temperature is adjusted depending on the current temperature and the
comparison between PSO and hybrid performance: if the temperature is 1 or the hybrid algorithm
outperforms PSO, the new initial temperature is set to 5 to refine the search space. Considering the results,
disturbance weighting demonstrates better performance compared to disturbance rejection, although the
number of iterations suggests that it may involve higher complexity, as further detailed in Table 1.

Optimal active disturbance rejection control with applications in electric vehicles (Juan Quecan-Herrera)
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Table 1. Results of tuning-disturbance rejection and disturbance weighting

Variable Disturbance weighting  Disturbance rejection
kiq 71.0542 60
kiq 300 300
ke 300 300
ksia 1.0273 Not considered
ksig 1.1 Not considered
Number of iterations 23 3

3.2. Experimental results
3.2.1. Experimental conditions
The following conditions were taken into account for the experiment:

—  In this research experiment, the system’s slope is disregarded, and the dynamics are modeled using a
DC motor. The objective is to model the machine’s current reference to describe the torque.
Consequently, the climbing force is not considered, meaning @ = 0 (the road slope angle is ignored),
and Fy is excluded (as per (1)).

—  For the ESO design in the induction motor, the eigenvalues associated with the currents are located at -
650 and the eigenvalues for the speed are located at -610.

—  The reference for the direct current is set to a constant value of ij;(t) =1.2[A].

3.2.2. Experimental setup

This subsection details the experimental implementation of control strategies, involving a global
experiment comparing two control strategies: one focused on disturbance rejection and the other on
disturbance weighting, with each strategy undergoing ten trials to mitigate uncertainties in measurement
equipment and motor conditions. The system’s angular speed response is averaged, and the cost and standard
deviation of both strategies are compared.

The experimental setup includes an induction motor, an XPC target for real-time control, a three-
phase rectifier, three-phase inverter, DC-DC converter, and measurement systems for voltages and currents.
The system operates by connecting a three-phase source to a VARIAC, which feeds a rectifier supplying DC
voltage to an inverter controlled by pulse width modulation (PWM) signals through the XPC target. The
inverter’s output, filtered by an inductor-capacitor (LC) filter, drives an induction motor connected to a DC
motor that acts as a load, with the DC motor’s current regulated by a DC-DC converter. The entire setup,
including measurement instruments and control signals, is managed in real-time using MATLAB, with
components interconnected through a transmission control protocol/internet protocol (TCP/IP). The
experimental setup is illustrated in Figure 5.

DC Generator iflinduction motor S

Figure 5. Experimental setup

3.2.3. Experimental results

In this subsection, the experimental setup of Figure 5 was used using the control parameters listed in
Table 1. A comparison between the traditional ADRC and the modified version was made using different
performance criteria. Results show the modified version outperforms the traditional ADRC.
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—  Reference and experimental setup

The experiment evaluates vehicle performance under urban conditions using the UDDS driving
cycle, depicted as Figure 6(a). This cycle simulates typical urban scenarios. Ten trials per strategy are
conducted to reduce uncertainties from measurement noise and communication protocols. The analysis
includes disturbance rejection and disturbance weighting strategies, focusing on energy use, performance,
and cost variations.
—  Comparison analysis

Table 1 lists the parameters for implementations. Figures 6(a) and (b) show the arithmetic mean
(AM) of angular speed response and costs for both strategies. Disturbance weighting shows greater
variability but higher overall performance, while disturbance rejection incurs higher costs, showing that
disturbance weighting can improve the performance of the disturbance rejection algorithm. Additionally,
energy and performance are evaluated using parameters (Ep, (t)) and (E,(t)), defined as

En(® = [/ (pn@)dr, Ep(©) = [ (len(@Ipm())dr, (30)

where p,,(t) represents power, and e,,(t) is the tracking error. Figures 6(c) and (d) illustrate these

parameters, showing better performance for the disturbance weighting strategy. To assess cost variation,
Arithmetic mean of costs

parameter R is used, where R = ( ) For the disturbance rejection case the parameter

Standard deviation of costs

R is equal to 4.788, while for the disturbance weighting case the value is equal to 9.804, showing higher cost
variability for disturbance weighting due to its nonlinear control scheme.

Angular speed 107 Costs Eo (1) Parameter i,(t) Parameter
140 = 10 3000 . . 3000 | - ,
—D.W (AM) D.W (AM) DWW -
—D.R (AM) 9f——D.R (AM) i - --D.R A A
120 Reference . D.R (BC) 2500 L 2500 | /
iEos e DLW (BCY) ’f K
o 100 "\'V 7H- - -D.R (WC) 2000 P
& J " D.W (WC) _ 200y ‘
T & 8 = 1500 S o e’
g ; g '
7 M 5 ] g = 1500
Z 60 ; AN = ’ = N
fo g . Swor :
a0 p
2 ) L 1000 ,'
< 40 2 500 = y
e
2 & .
20 ok’ 500 | =
1 ’
‘.
[ = g is ¢ plome™ . . | 500 p bt !
0 200 400 0 200 400 0 200 400 0 200 400
Time [s] Time [s] Time [s] Time [s]
(a) (b) () (d)

Figure 6. Experimental results; (a) angular speed comparison, (b) cost comparison, (c) E,, parameter, and (d)
E,, parameter

4. CONCLUSION

IMs are widely used in EVs due to their robustness and efficiency. However, vehicle range remains
a critical concern. This work proposed a modified ADRC approach, incorporating a disturbance weighting
factor and tuning its parameters through a metaheuristic algorithm. This method demonstrated improved
performance compared to traditional techniques. Nevertheless, the increased complexity of the problem may
limit the capabilities of conventional ADRC, especially when complete disturbance rejection is not achieved.
As a result, the disturbance weighting factor was designed to remain close to one, accounting for system
uncertainties and the nonlinear dynamics of the induction motor. However, this strategy represents a new
opportunity for ADRC-related optimization problems because the traditional methodology does not consider
the impact of incorporating control flexibility into the design because the methodology assumes perfect
disturbance rejection. For future work, it is recommended to extend this approach to other types of motors,
integrating disturbance weighting strategies with alternative metaheuristic algorithms commonly found in the
literature to validate its generalizability and performance across different motor drive systems.
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