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Abstract 

Torque ripple caused by uneven torque transfer during phase commutation limits the low-speed steady-state 

performance of switched reluctance motors (SRMs). This paper proposes a control strategy that uses iterative 

learning control (ILC) to optimize the torque sharing function (TSF). Starting from a cosine TSF, the method 

uses the torque error recurring within each electrical cycle to update the TSF in the commutation region from 

one cycle to the next. The resulting reference torque distribution progressively approaches the actual 

electromagnetic torque response, thereby improving torque transfer between phases. An 8/6-pole SRM drive 

model is developed using ANSYS/Maxwell and MATLAB/Simulink to evaluate the proposed strategy. 

Compared with conventional TSF control, the proposed strategy reduces the torque ripple rate of the SRMs 

by 39.69%,38.86%, and 38.29% under low-speed steady-state operating conditions of 100 r/min, 200 r/min, 

and 400 r/min, respectively, demonstrating its effectiveness in suppressing torque ripple. 

Keywords: Switched reluctance motor, Torque ripple suppression, Iterative learning control, Torque sharing 
function 

1 Introduction 

Switched reluctance motors (SRMs) offer a simple and robust structure, reliable operation, high energy 
conversion efficiency, and freedom from rare-earth materials, making them promising candidates for electric 
vehicle traction applications1,2. However, their doubly salient structure and pronounced magnetic saturation 
produce substantial torque ripple at low speeds, limiting their wider application in electric vehicles3,4. 

Control strategy optimization is a major approach to torque ripple suppression5. Among the available 
methods, torque sharing function (TSF) control has attracted considerable attention because of its simple 
structure and ease of implementation 6,7. Ye et al.8 and Li et al.9 optimized the distribution of phase reference 
torques using TSFs to improve torque transfer during commutation. Fei et al.10 proposed a modified TSF 
method that combines TSF profile optimization with closed-loop torque control to suppress torque ripple. 
Chen et al.11 combined a cosine TSF with current compensation to reduce torque ripple at high speeds. 
Nevertheless, existing TSF strategies still rely on predefined function profiles and have limited adaptability to 
motor nonlinearities, leaving a mismatch between the actual and reference torques. 

Iterative learning control (ILC) has received increasing attention as a means of improving SRM torque 
control accuracy because it uses errors from repeated operation to learn and apply corrections from cycle to 
cycle12. Lai et al.13 used iterative learning to optimize the PWM duty cycle online at different rotor positions, 
improving current tracking under nonlinear operating conditions. Liu et al.14 subsequently incorporated ILC 
into indirect torque control of SRMs, iteratively correcting the reference current using recurring torque errors 
to improve the torque-current mapping. Mahalakshmi et al. 15 compared the reference and actual torques and 
updated the phase current reference trajectories over successive iterations to optimize the current waveforms 
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and reduce torque ripple. Ren et al.16 incorporated an iterative learning observer into deadbeat predictive 
current control to compensate for disturbances caused by parameter mismatch, thereby improving current 
control accuracy and robustness to parameter variations. The convergence, tracking performance, and 
robustness of PID-type 17 and PD-type 18 iterative learning algorithms have also been investigated, providing 
a theoretical basis for applying ILC to different control systems. 

Building on these studies, this paper proposes an ILC-based TSF optimization strategy that combines a 
simple control structure with torque ripple suppression. For low-speed steady-state SRM operation, the 
method iteratively corrects the TSF using periodic torque errors, improving agreement between the reference 
and actual torques without substantially increasing control complexity. Simulation results indicate relatively 
fast convergence and a substantial reduction in torque ripple under the operating conditions considered. 

2 Mathematical model of the SRM 

The SRM has a doubly salient structure, with both the stator and rotor constructed from laminated silicon 
steel sheets, and exhibits pronounced nonlinear characteristics. Analysis of its mathematical model, together 
with finite-element modeling in Ansys, helps explain the mechanisms responsible for torque ripple and 
supports the development of more accurate control strategies. 

SRM operation follows the principle of minimum reluctance 19, according to which magnetic flux tends 
to follow the path of least magnetic reluctance. The flux linkage j  of phase j  can be expressed as the 

product of the phase inductance ( ),j jL i  and winding current ji . Thus, j  is a function of current ji   

and rotor position angle  : 

 ( ) ( ), ,j j j j ji L i i  =  (1) 

Neglecting mutual inductance between phases, the voltage equation of the SRM is given by 
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Where jU  is the terminal voltage of the phase- j  winding and jR  is its resistance. 

The mechanical dynamics are expressed as 

 j L
d

T J T F
dt

 = + +  (3) 

where jT   is the electromagnetic torque of phase j  , J   is the moment of inertia,    is the rotor 

angular velocity, LT  is the load torque, and F  is the viscous damping coefficient. 

Current i   and electromagnetic torque 
e
T   are related through the magnetic field energy 

f
W   and 

magnetic co-energy 'W . According to the principle of virtual displacement, the electromagnetic torque is 
obtained from the partial derivative of the magnetic co-energy with respect to rotor position angle: 
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Substituting Eq. (5) into Eq. (4) yields 
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The nonlinear magnetic circuit of the SRM makes the relationships among flux linkage, inductance, 
current, and rotor position difficult to characterize, posing a substantial challenge to accurate modeling20. 
Finite-element simulations are therefore used to obtain the electromagnetic characteristics. Figure 1 shows the 
structure of a four-phase 8/6-pole SRM with clockwise rotor rotation. In the finite-element model, the initial 
position is defined by alignment of the rotor slot axis L1 with the stator winding axis A-A1. The rotor then 
rotates clockwise until the adjacent rotor slot axis L2 aligns with A-A1. This interval represents the 
electromagnetic interaction of one phase with a rotor pole over one cycle and corresponds to a mechanical 
rotation of 60°. 

 

Fig. 1. Structure of the 8/6-pole SRM. 

3 ILC-based TSF optimization 

3.1 Torque sharing function 

At low speeds, the SRM back electromotive force is relatively small, allowing the winding currents to 
track their commands effectively. The electromagnetic torque therefore closely reflects the distribution of 
phase currents, making coordinated phase torque allocation a suitable approach to low-speed torque ripple 
suppression. TSFs are widely used for this purpose because they provide an intuitive formulation, a clear 
physical interpretation, and straightforward integration with current control. For a specified total torque, a TSF 
distributes the torque among the phases according to a prescribed sharing law to generate the phase torque 
references. During commutation between adjacent phases, the current in one phase increases as that in the 
other decreases, maintaining a constant total torque and suppressing torque ripple. The phase sharing functions 
must sum to unity at every instant: 
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where i  is the number of SRM phases and ( )j
f   is the sharing function of phase j . 

Common TSF profiles include linear, cubic, cosine, and exponential functions. The reference torque 
( )ref

T j  assigned to each phase is related to the total reference torque 
ref
T  by 

 ( ) ( )ref ref j
T j T f =   (8) 

To enable the actual phase torques to track their TSF-based references accurately, the TSF should not 
vary excessively rapidly. A cosine TSF is therefore adopted in this study: 
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where on , ov , and 
off

  denote the turn-on angle, commutation overlap angle, and turn-off angle, 

respectively. The corresponding TSF profile is shown in Fig. 2. 

 

Fig. 2. Schematic of the cosine TSF. 

As illustrated by the torque ripple mechanism in Fig. 3, when the k th phase rotor approaches the on  
position of the incoming phase, the phase winding has just entered the conduction stage, and substantial 
alignment between the stator and rotor teeth has not yet been established. The phase inductance is therefore 
low, and its rate of change with rotor position is also relatively limited. According to the electromagnetic 
torque production mechanism of the SRM, rapid tracking of the reference torque at this stage requires the 
phase current to rise within a short interval. However, the available winding voltage, winding current dynamics, 
and operating capability of the power converter limit the rate of current rise. Consequently, the actual phase 
current cannot immediately reach the level required to produce the reference torque, causing the incoming-
phase torque to lag behind its reference. 
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Similarly, as the k th phase rotor approaches the off ov +  position of the outgoing phase, its reference 

torque gradually decreases. However, residual current continues to flow in the winding and cannot decay 
rapidly enough to follow the reference torque reduction. This results in a discrepancy between the actual and 
reference torques of the outgoing phase. Thus, delayed torque buildup in the incoming phase and delayed 
torque decay in the outgoing phase coexist during commutation, preventing the actual phase torques from 
following the ideal torque transfer prescribed by the conventional TSF. 

 

 

Fig. 3. Mechanism of torque ripple in TSF control. 

The limitation of the conventional TSF therefore lies in the difficulty of consistently matching its 
prescribed torque distribution to the actual operating characteristics of the motor. Although it can reduce torque 
ripple, its ability to suppress periodic torque errors remains limited. A periodic learning strategy is therefore 
introduced into TSF control to learn and compensate for recurring errors online. 

3.2 Iterative learning control 
ILC is a control method for repetitive tasks. It updates the control input using errors recorded during the 

preceding cycle, progressively improving tracking performance over successive iterations. Since steady-state 
SRM operation is periodic, ILC is well suited to compensating for periodic torque errors. 

Consider a control system operating over a prescribed time interval [0, ]t T . At iteration k , the control 

input is ( )
k
u t , the actual output is ( )k

y t , and the desired output is ( )d
y t . The objective of ILC is to use the 

error ( )
k
e t  obtained at iteration k  to update the input for iteration 1k + , so that the output progressively 

approaches the desired trajectory. A typical learning law can be written recursively as 

 ( ) ( )
1
( ) ( ) ( ( ))

( )

k k k

k d k

u t u t L e t

e t y t y t

+ = +


= −
 (10) 

where ( )L   is the learning operator that converts the previous iteration error into a control correction. 
For open-loop ILC, ( )L   can be expressed as 

 ( )( ) ( ) ( ) ( )
k p k I k D k

d
L e t G e t G e t dt G e t

dt
= + +  (11) 

The values of the learning coefficients 
p

G , 
I
G , and 

D
G , including whether individual coefficients are 

set to zero, determine whether the algorithm is of the P, PI, PD, D, or PID type. 
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Proportional-type ILC (P-ILC) is widely used because of its simple structure, ease of implementation, 
and practical applicability. It progressively compensates for repetitive errors by introducing a correction 
proportional to the previous iteration tracking error into the input update. Let ( )

k
u t  denote the control input 

at iteration k , ( )k
y t  the system output, and ( )d

y t  the desired output trajectory. The P-ILC update law is 

given by 

 
1
( ) ( ) ( )

   ( ) ( ) ( )

k k k

k d k

u t u t e t

e t y t y t

+ = +
 = −

 (12) 

where   is the learning gain, which governs the learning rate and influences system stability. The input 
for the next iteration consists of the current input and an error-based correction. 

In practical SRM operation, magnetic saturation, parameter nonlinearities, and modeling errors prevent 
the torque output associated with a conventional TSF from matching the reference exactly. These deviations 
recur in the commutation region. Incorporating ILC into TSF optimization allows the reference torque to be 
corrected from cycle to cycle using periodic torque errors, consistent with the repetitive nature of low-speed 
steady-state SRM operation. 

3.3 P-ILC-based TSF optimization 

The proposed P-ILC-based optimization starts from a conventional cosine TSF and uses the actual torque 
error in each electrical cycle as the learning signal. The function values or local shape parameters are updated 
from cycle to cycle so that the resulting reference torque distribution better matches the electromagnetic 
response of the motor at the operating point. As learning proceeds, the torque distribution in the commutation 
region approaches an optimized trajectory for the operating conditions, reducing fluctuations in the total torque 
during commutation. 

The standard discrete P-ILC law is expressed as 

 1
( ) ( ) ( )

k k k
u u e   + = +  (13) 

where ( )
k
u   is the control input at the discrete rotor position   during iteration k ,   is the learning 

gain, and ( )
k
e   is the corresponding error. 

In this study, ILC is applied at the torque level to optimize the cosine TSF. The control input ( )
k
u   in 

the preceding equation is therefore replaced by the TSF ( )
k
f   at iteration k, giving 

 1
( ) ( ) ( )

k k k
f f e   + = +  (14) 

where ( )
k
f   is the TSF value at the discrete rotor position   during iteration k , ( )

k
e   is the torque 

error at that position, and   is the learning gain. Figure 4 shows the ILC-TSF control architecture. 
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Fig. 4. Block diagram of the ILC-TSF control system. 

The torque error is defined as the difference between the total reference torque and the actual output 
torque: 

 ( ) ( ) ( )
k e act
e T T  = −  (15) 

Where ( )
e
T   is the total reference torque and ( )

act
T   is the actual torque at the discrete rotor position 

  during iteration k . When the actual electromagnetic torque at a given position is below the reference,
( ) 0
k
e   , and the TSF value at that position is increased in the next cycle. Conversely, when the actual torque 

exceeds the reference, ( ) 0
k
e   , and the corresponding TSF value is decreased. This error-based adjustment 

uses the operating history to refine the sharing profile so that the reference torque allocation during 
commutation better matches the motor response. Figure 5 illustrates the construction of the TSF update law. 

 

Fig. 5. Construction of the TSF update law. 

The P-ILC update is applied primarily to the commutation region between adjacent phases. Let ( )
k
f   

denote the sharing function of the outgoing phase. Because the two sharing functions must sum to unity in this 
region, the sharing function of the incoming phase is 1 ( )

k
f − . Only one profile therefore needs to be updated 

iteratively; the other is obtained directly from the complement. 

To satisfy the TSF constraints in Eq. (7), saturation is applied during the update. The resulting learning 
law is 
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 1
( ) ( ) ( )

k k k
f sat f e   +  = +   (16) 

where [ ]sat   denotes the saturation function. 

The conventional cosine TSF is used as the initial sharing function: 

 0 cos
( ) ( )f f =  (17) 

where 
cos

( )f   denotes the conventional cosine TSF. At the end of each operating cycle, the torque error 

recorded in that cycle is used to update the TSF-based reference torque for the next cycle. Repeated updates 
progressively reshape the conventional TSF toward a converged profile. 

The learning gain determines the balance between stability and convergence speed. Different gains are 
therefore evaluated in simulation to identify the value that minimizes torque ripple while maintaining stable 
operation. 

In this study, the operating condition of 200 r/min with a load torque of 10 N·m is selected as the baseline 
condition for tuning the learning gain. This speed lies between the other two test speeds of 100 r/min and 400 
r/min, while the load torque is kept consistent with that used in the subsequent speed-comparison tests. 
Therefore, this operating point provides a unified reference for both learning-gain tuning and the subsequent 
validation of the proposed strategy at lower and higher speeds. 

To ensure consistency in the comparison, all candidate learning gains are evaluated using the same initial 
cosine torque sharing function, identical initialization procedures, and the same torque-ripple evaluation 
method, while all other simulation settings are kept unchanged. The corresponding comparison results for 
different learning gains are presented in Fig. 6 and Table 1. It should be noted that the selected learning gain 
is an empirically tuned value determined under the baseline operating condition, and its effectiveness at other 
operating speeds is independently verified through the subsequent simulations. 
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      (b) Enlarged view of the local region   

Fig. 6. Torque ripple ratio versus learning gain. 

Table 1. Torque ripple ratio for selected learning gains in the low-gain range. 

Learning gain λ Torque ripple ratio Remark 

0 6.51  Without ILC 

0.003 4.01  Low ripple 

0.008 3.98  Selected value 

0.01 4.06  Increased ripple 

0.012 4.00  Increased ripple 

0.015 4.02  Increased ripple 

Figure 6(a) shows that the torque ripple ratio generally increases as the learning gain increases. As can 
be observed from the global curve in Fig. 6(a), the torque ripple rate initially decreases and then increases as 
the learning gain increases, indicating that an excessively large learning operator coefficient may lead to error 
overcompensation and consequently aggravate torque fluctuations in the system. 

To identify an appropriate value in the low-gain range, Fig. 6(b) provides an enlarged view, while Table 
1 summarizes representative results. Gains between 0.001 and 0.015 reduce torque ripple, although the degree 
of suppression varies. The lowest steady-state torque ripple ratio is obtained at   = 0.008, indicating the best 
correction of periodic torque errors among the gains evaluated under these conditions. Accordingly,   = 
0.008 is used in the subsequent simulations. 

The torque ripple ratio is used as the primary indicator for assessing convergence of the ILC-based TSF 
optimization. Let ,rip kT  denote the torque ripple ratio at iteration k . Its change between successive iterations 

is defined as 

 , , , 1rip k rip k rip kT T T − = −  (18) 

When ,rip kT  falls below a prescribed threshold, further iterations provide little additional improvement 
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in torque ripple suppression, and the learning process is regarded as approximately converged. Considering 
the numerical precision of the simulations and the requirements of engineering analysis, a threshold of   is 
adopted. Thus, when 

 , , 1 0.1%rip k rip kT T −−   (19) 

the system is considered approximately converged after iteration k . 

Figure 7 shows the relationship between torque ripple ratio and iteration number at low speed. 

 

Fig. 7. Torque ripple ratio versus iteration number. 

As can be observed from Fig. 7, the torque ripple rate exhibits an overall decreasing trend as the number 
of iterations increases, reaching its minimum at the 9th iteration. According to the statistical results and Eq. 
(19), the maximum change in the torque ripple rate between two successive iterations from the 9th to the 20th 
iteration is only 0.05 percentage points. With further iterations, the torque ripple rate does not decrease further 
but remains consistently stable at a relatively low level, indicating that the additional improvement achieved 
by subsequent iterations is limited. Therefore, the ILC is considered to have reached convergence at this stage, 
where the periodic torque error has been sufficiently suppressed. 

  In conclusion, the torque sharing function obtained at the 9th iteration is selected as the final optimized 
TSF. In the subsequent simulations, the iterative update is disabled, and the optimized function is directly 
employed for torque control. Since the optimized TSF is defined as a function of the rotor mechanical angle, 
it can be applied at the same angular positions under different operating speeds. However, this does not imply 
that the function remains optimal at other speeds. Therefore, simulations at 100 r/min, 200 r/min, and 400 
r/min are conducted to evaluate the cross-speed reuse performance of the same optimized TSF after the 
learning process is terminated, thereby verifying its capability to suppress torque ripple under the tested 
operating conditions.  

4 Simulation results and analysis 

An 8/6-pole SRM model is implemented in MATLAB/Simulink to evaluate the proposed strategy. The 
motor specifications are listed in Table 2. A lookup-table approach is used for nonlinear modeling: flux linkage 
and torque data are obtained using the RMxprt and Maxwell 2D modules in Ansys Electronics and imported 
into two-dimensional lookup-table blocks. The actual motor torque is determined from the torque data using 
the instantaneous current i  and rotor position angle  . 
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Table 2. SRM specifications. 

Parameter Value 

Stator/rotor poles 8/6 

Rated power (kW) 4 

Rated speed (r/min) 1500 

Stator outer/inner diameter (mm) 120/74.5 

Rotor outer/inner diameter (mm) 74/30 

Stack length (mm) 65 

The torque ripple ratio is defined as21 

 
max min

100%
r av

T T
K

T

−
=   (20) 

Where maxT , minT , and avT  are the maximum instantaneous torque, minimum instantaneous torque, 
and average torque, respectively. 

Conventional TSF control and the proposed control strategy are compared at a load torque of 10 N · m. 
Three representative steady-state speeds, 100, 200, and 400 r/min, are considered. The torque and phase 
current waveforms are examined to compare the performance of the two strategies. 

Figure 8 compares the torque and phase current waveforms obtained with conventional TSF control and 
the proposed ILC-TSF strategy at 100 r/min. The corresponding torque ripple ratios are 6.50  and 3.92 , 
respectively. 
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(a) Conventional TSF control at steady state 

 

(b) ILC-TSF control at steady state 

Fig. 8. Simulation results for the two control strategies at 100 r/min. 

Figure 9 compares the torque and phase current waveforms at 200 r/min. Conventional TSF control 
produces a torque ripple ratio of 6.51 , whereas the proposed strategy reduces it to 3.98 . 
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(a) Conventional TSF control at steady state 

 

(b) ILC-TSF control at steady state 

Fig. 9. Simulation results for the two control strategies at 200 r/min. 

Figure 10 presents the torque and phase current waveforms at 400 r/min. The torque ripple ratios obtained 
with conventional TSF control and the proposed ILC-TSF strategy are 6.32  and 3.90 , respectively. 
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(a) Conventional TSF control at steady state 

 

(b) ILC-TSF control at steady state 

Fig. 10. Simulation results for the two control strategies at 400 r/min. 

Table 3 summarizes the torque ripple ratios at the three speeds. Relative to conventional TSF control, the 
proposed strategy reduces the torque ripple ratio by 39.69 ,38.86 , and 38.29  at 100 r/min, 200 r/min, and 
400 r/min, respectively. These results demonstrate effective torque ripple suppression under the low-speed 
steady-state conditions considered. 
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Table 3. Comparison of torque ripple ratios at different speeds. 

Method Speed (r/min) Tmax (N·m) Tmin (N·m) Kr (%) 

TSF 100 10.34 9.690 6.50 

TSF 200 10.36 9.709 6.51 

TSF 400 10.38 9.748 6.32 

ILC-TSF 100 10.21 9.818 3.92 

ILC-TSF 200 10.23 9.832 3.98 

ILC-TSF 400 10.27 9.880 3.90 

5 Conclusions 

An ILC-based TSF optimization strategy is proposed to reduce torque ripple in SRMs operating at low 
speed under steady-state conditions. The method iteratively corrects the TSF using periodic torque errors, 
improving agreement between the reference and actual torques and smoothing torque transfer during 
commutation. Compared with conventional TSF control, the proposed strategy reduces the simulated torque 
ripple ratio by 39.69 ,38.86 , and 38.29  at 100, 200, and 400 r/min, respectively. These results demonstrate 
the effectiveness of the strategy for low-speed steady-state torque ripple suppression. 

However, its performance at medium and high speeds requires further improvement. The present 
validation is limited to simulation, and experimental verification using a physical prototype remains necessary. 

Future work will address three aspects. First, the ILC parameters and learning algorithm will be further 
optimized to improve torque ripple suppression at medium and high speeds and extend the applicable speed 
range. Second, a more comprehensive efficiency assessment will be developed, accounting for copper loss, 
iron loss, and other losses to evaluate the effect of the strategy on SRM efficiency. Third, prototype 
experiments will be conducted and compared with the simulation results to further assess the feasibility and 
effectiveness of the proposed method. 

Data availability 

All data generated or analysed during this study are included in this article. 
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Legends 

Figure legends 

Fig. 1. Structure of the 8/6-pole SRM. 

Fig. 2. Schematic of the cosine TSF. 

Fig. 3. Mechanism of torque ripple in TSF control. 

Fig. 4. Block diagram of the ILC-TSF control system. 

Fig. 5. Construction of the TSF update law. 

Fig. 6. Torque ripple ratio versus learning gain. (a) Overall variation curve;(b) Enlarged view of the local 
region. 

Fig. 7. Torque ripple ratio versus iteration number. 

Fig. 8. Simulation results for the two control strategies at 100 r/min. (a) Conventional TSF control at 
steady state;(b) ILC-TSF control at steady state. 

Fig. 9. Simulation results for the two control strategies at 200 r/min. (a) Conventional TSF control at 
steady state;(b) ILC-TSF control at steady state. 

Fig. 10. Simulation results for the two control strategies at 400 r/min.(a) Conventional TSF control at 
steady state;(b) ILC-TSF control at steady state. 

Table legends 

Table 1. Torque ripple ratio for selected learning gains in the low-gain range. 

Table 2. SRM specifications. 

Table 3. Comparison of torque ripple ratios at different speeds. 
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