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Abstract—Torque ripple mitigation is a critical topic in
the field of permanent magnet machine drives, and current
harmonic injection is regarded as an effective approach to
address this issue. However, traditional harmonic injection
methods heavily rely on model-based calculations that
necessitate various precise motor equivalent parameters.
Additionally, they struggle to account for the iron loss
effect. Furthermore, due to the nonlinear nature of motor
parameters, these approaches frequently result in
suboptimal torque ripple mitigation and elevated injection
losses. To overcome these limitations, this paper proposes
a data-driven-based harmonic injection method. In contrast
to model-based techniques, the proposed method offers
the advantages of independence from motor parameters,
unaffected torque ripple reduction by magnetic saturation,
and overall minimization of injection copper and iron losses.
The key of the proposed method lies in establishing precise
correlations between injected current harmonic, torque
ripple, and losses through a meta-model. Moreover, a multi-
objective optimization process is applied to identify the
optimal injection currents, leading to minimizations in
torque ripple and injection losses.

Index Terms—Permanent magnet machines, torque,
harmonic, loss, optimization.

[. INTRODUCTION

HE electromagnetic torque is a crucial aspect of rotary
electric machines, defining the conversion between
mechanical and electrical energy. In real-world motor
operations, torque often fluctuates cyclically, generating what
is known as torque ripple. This ripple can greatly affect
performance by impacting operational stability, control
precision, and the fatigue of the rotor shaft [1]. Given its
significance, reducing torque ripple in electric machines is a
key area of research, especially in the domain of permanent
magnet synchronous machines (PMSMs) [2]. PMSMs are
highly valued for their high-power density and reliability,
making them widely applied in various industrial settings [3].
Techniques for mitigating torque ripple generally fall into
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two categories: motor design-based methods and control-based
methods. Design approaches aim to minimize torque ripple by
optimizing structural parameters like winding arrangement [4],
PM layer shape [5], profiles of rotor core [6] and stator core [7].
While design-based methods have shown effectiveness, they
may encounter limitations due to manufacturing deviations and
the challenge of achieving effective ripple reduction across all
operating conditions.

On the other hand, controlling motor current to mitigate
torque ripple offers a versatile solution, effectively addressing
torque fluctuations stemming from design and manufacturing
discrepancies, applicable across various motor types. Control
strategies can be classified into two main pathways: learning
control and active harmonic injection. Learning control
involves monitoring and adjusting current commands based on
torque or speed variation trajectories, employing methods like
iterative learning control [8], [9], and repetitive control [10],
[11]. Active harmonic injection, another strategy, counteracts
design-induced torque ripples by injecting current harmonics,
resulting in smoother torque output [12], [13].

However, injecting current harmonics into the dg-axis
currents inevitably leads to additional losses. Therefore, to
effectively minimize torque ripple and decrease harmonic
injection losses, optimizing the amplitude and phase of the
injected d- and g-axis currents is crucial.

Analytical solutions based on torque ripple models have been
investigated [14], [15], [16], [17], [18], [19] focusing on
compensating for inherent torque ripple by introducing minimal
dg-axis current harmonics. These solutions heavily depend on
PMSM equivalent parameters like dg-axis inductance and flux
linkage, which can be notably affected by motor saturation. As
a result, researchers have started integrating saturation effects
into these analytical solutions [20]. However, accurate
understanding of equivalent parameters under saturation
conditions is crucial for effectively applying these analytical
techniques, thereby presenting implementation challenges.

Alternatively, a data-driven strategy can bypass the need for
precise parameter information. By collecting extensive motor
operating data, including details on injected current harmonics
and torque ripple, and fitting this data to a surrogate model that
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mirrors the motor's behavior. Subsequently, optimization
techniques such as genetic algorithm [21] and particle swarm
optimization algorithm [22] can be utilized to minimize both
torque ripple and current harmonic-induced loss by setting them
as objective functions.

Existing injection-based methods, whether analytical or data-
driven, primarily focus on minimizing torque ripple and copper
loss, often neglecting iron loss. In practical motor applications,
iron loss induced by injected current can exceed copper loss due
to the heightened frequency of injected current. Ignoring iron
loss in current injection strategies could result in amplified
energy wastage and equipment heating due to excessive losses.

The neglect of iron loss in existing approaches can be
attributed to the following factors:

e Accurately calculating and integrating iron loss into the
equivalent dg-axis model presents challenges. Achieving
precision in quantifying this loss and integrating it into the
equivalent dg-axis model is inherently complex [23].

* Iron loss follows a nonlinear function based on motor
operating conditions, adding complexity into determining
the optimal current injection solution for minimization.

Therefore, finding an optimal solution to achieve torque
ripple and injected losses minimization is challenging.

Furthermore, as the patterns of losses and torque ripple (both
amplitude and phase) might vary notably across different
current and speed conditions, traditional single-condition
optimization approaches fail to achieve torque ripple and loss
minimization across a wide range of torque-speed conditions.

In response to these challenges, this paper proposes a novel
data-driven approach to seek for the optimal solution of dg-axis
current harmonics suitable for a wide range of machine
operating conditions. The objective is to concurrently minimize
torque ripple, injected copper and iron losses. To accomplish
this aim, the paper highlights the following key contributions:

* The numerical model, fine-tuned with experimental data,
ensures precise torque and loss data collection. This
adjustment expedites subsequent dataset sampling since
experiments are solely dedicated to the correction process.

* Implementing a comprehensive procedure, involving the
design of experiments (DoE), model fitting, and global
optimization, to compute the optimal current trajectory for
reducing torque ripple and total injected losses.

* Separate optimization of multiple motor operating points
based on the meta-model ensures that the current harmonic
trajectories are optimized across a wide range of operating
conditions, taking into account issues such as magnetic
saturation effects and high-speed iron losses.

The proposed method is well-suited for integrated machine-
controller products such as transportation electric drives, power
generation equipment, and household appliances. It effectively
addresses the common limitations of lengthy calibration times
and the difficulty in ensuring global optimality that are
prevalent in existing harmonic injection-based torque ripple
suppression methods.

The paper is organized as follows: Section II discusses the
effects of harmonic injection on torque ripple and losses.
Section III introduces the proposed method. Section IV details
the optimization process step by step. Section V provides a
comparison and validation using the finite-element method
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Fig. 1. Illustratlon of PMSM harmonlc forms, torque ripple sources, and
the principle of current harmonic injection method.

(FEM), followed by experimental verification in Section VI.
Finally, Section VII concludes the study.

[I. ANALYSIS OF THE EFFECTS OF CURRENT HARMONICS
ON TORQUE RIPPLE AND LOSSES

In order to provide a comprehensive understanding of the
harmonic forms in PMSM, the causes of torque ripple, and the
principle of current harmonic injection method, a schematic
diagram is presented in Fig. 1. This diagram illustrates that
despite sinusoidal current excitation; torque ripple remains
inherent in PMSMs owing to the persistence of various spatial
harmonic forms. The interaction of these harmonics leads to
different types of torque ripple, including cogging torque,
synchronous torque ripple, and reluctance torque ripple [6].
Although the sources of ripple are complex, the resulting torque
ripple pattern in three-phase PMSMs is typically characterized
by the 6n-th electrical frequency [6]. Fortunately, this inherent
torque ripple can be mitigated through specialized current
harmonic configurations, effectively balancing out the ripple.
Nevertheless, additional losses stemming from the current
harmonics are inevitable. These relationships will be
thoroughly examined in the subsequent section.

A. Effect of Current Harmonics on Torque Ripple

The electromagnetic torque of three-phase PMSMs under
sinusoidal current excitation can be expressed as follows:

T.= Y Tulk)sin(k6. + pu(k)) (1)

k=0,6....,6n

where &, Tu(k), (k) represent the frequency, amplitude,
and phase of the % -th harmonic of torque, and 6. is the
electrical rotor position. It is observed that the machine exhibits
torque ripple frequency in 6n form, where & = 0 represents the
DC component, and k =6,12,...,6n represents the torque
ripples generated by the inherent spatial harmonics in PMSM.

From the viewpoint of the field-oriented control for three
phase PMSMs, the relationship between dg-axis currents and
torque is described as:

To = 1.5px (W + Laia )i ©)

where py and y,, represent the pole-pairs number and rotor
flux-linkage, while 74, 4, are the d- and ¢- axis currents. L,
signifies the inductance difference between the d- and ¢- axes.

In (2), if the i, 4, consist only of DC components, then the
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Tc remains constant. Thus, to generate a pulsating torque
capable of counterbalancing the torque ripple illustrated in (1),
the 4y, 4, must incorporate AC components following a 6n
pattern in frequency. The expression of i, 4, is as follows:

z Idk sm(kHe + Qux (k))
Dﬁz Ly (k) sin (k6. + puc (k) ®

k=0,6,...,6n

4 =

la

where Ia(k), @a(k), Ix(k), and @u(k) are the amplitude
and phase of the % -th frequency of 44 and 4, currents.

By substituting (3) into (2), and disregarding the DC torque
component, the resulting k -th torque ripple induced by the
current harmonic can be expressed as follows:

Tox =Ta + Tio + Tis = Tex (k) Sin(k@e + Qe (k)) “)
Ta = 1.5pxywla (k) sin(k@ + @uc(k )

T = 1.5pxLalao (0) e (k) sin (k6. + (k)
Tis = 1.5pxLnloo (0) L (k) sin (k6. + puc (k)

and

where Tox (k) and @ (k) are the amplitude and phase of the
k -th injected torque ripple. Despite the intricate components of
T, T, and Ty, the finalized ripple frequency adheres to the
k = 6n pattern with the ripple conditions of Te(k) and
oo (k) . Notably, these ripple conditions are closely related to
the parameters of dg- axis current harmonics, i.e., Iu(k),
pac(k), La(k), and uc (k).

To achieve torque ripple counterbalancing, combine (1) and
(4) and ensure the following conditions are met:

To(k) = =Toc(k), - por(k) = gu(k) ®)

Moreover, to minimize additional copper loss, the current
harmonic should satisfy the condition:

It is a common optimization challenge in the Lagrangian
framework to minimize the injecting copper loss as per (6)
while ensuring torque ripple elimination as specified in (5).
Several insightful studies have delved into analytically
determining the optimal solutions for the injecting current
parameters (Lu(k), @ac(k), Iu(k), @u(k)) as follows:

Laly

(l//m + Lal dU)
Laly

(l//m + LAIdO + QquIqO)

In Refs. [15],[16]: I = Ly, pac =

(7

In Ref [20} : Idk = qu,(pdk = Qqk

where Li, denotes the mutual inductance between d- and g-
axes. In (7), both solutions simplify the optimization of dg-axis
currents by reducing the number of current parameters from
four to two. The remaining two parameters are then dictated by
the specific torque ripple amplitude Ti(k) and phase @ (k)
conditions. Notably, these amplitude and phase values vary
under different current conditions, underscoring the need for
precise torque data acquisition. Furthermore, the optimal

relationships in (7) requires accurate torque and PMSM
parameters, including Lx, Wu, Lo, la, and Ly .

Hence, achieving copper loss minimization and torque ripple
elimination necessitates comprehensive consideration of motor
conditions and equivalent parameters. It's essential to note that
in these solutions, the impact of iron loss has been disregarded.

B. Effect of Current Harmonics on Losses

Previous studies [14], [15],[16], [17], [20] have assumed that
meeting condition (6) leads to minimized current loss. However,
this conclusion is only applicable to the dg-axis model. In a
practical three-phase model, the 6n-th dg-axis currents can
produce both the (6n-1)-th and (6n+1)-th harmonics with varied
amplitudes in the windings. The resulting winding currents for
the &-th injected dg-axis currents can be expressed as:

bt (M) = Gmges1 (M) + fmger(m), m =123 ®)
g (M) = l[l cos sin sin k + 1 m 1)2—7[ +
m k41 = 3 dk Pax — ql< (qu 3

1 |:Idk sm(pdk +]],\C05¢k COS (]C +1 €c m 1)2£

3 ! ! 3

1 2
fmx1(m) = 3 [Idk cos @k + I sin (oqk sin [(/ﬂ 1 0. + m— 1);] +

1 2

5[1(“‘ sin @ax — I cos qoqucos[(k 1) 0. + (m 1);)

where iymi+1 and w1 represent the (k+1)-th and (k-1)-th
harmonics in the phase windings, respectively. Their values are
influenced by the amplitude and phase of the dg-axis currents.
Furthermore, these winding current harmonics contribute to
copper and iron losses. Their relationships are as follows:

FPoun = Z 3[:11{31)11

ki=6n+tl

2 ©)
Par= Y [Ae[ B (L) (k) + A BLu)] (kif)}vc

ki=6n+l

where k; is the frequency of winding currents, with k=6n+1.
I,y is the amplitude of ki-th current, R, is the phase
resistance, B.(lwyx ) is the flux density in the iron core
generated due to the ki-th current, f is the electrical frequency,
and A., A, are the coefficients of eddy current loss and
hysteresis loss, respectively. Ve is the volume of the iron core.

From (9), it is evident that the iron loss is more intricate and
potentially more significant than copper loss due to the
substantial impact of the harmonic frequency on iron loss,
following power levels of 1 to 2. Traditional studies have
frequently overlooked iron loss, given that the dg- axis model
fails to account this winding harmonic effect. Additionally,
accurately predicting the factors A. and A, poses challenges.

Fig. 2 illustrates the additional copper and iron losses due to
harmonic injection in the studied PMSM to mitigate torque
ripple, as derived from the FEM analysis. The results emphasize
the significant impact of current harmonics on iron losses
compared to copper losses under rated torque and varying
speeds. Overall, identifying the optimal solution to effectively
reduce torque ripple while minimizing overall losses presents
analytical challenges.
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Fig. 2. lllustration of additional copper and iron losses due to harmonic
injection.

[ll. METHOD PRESENTATION

The preceding analysis highlights the challenge of reducing
torque ripple while minimizing current harmonics-induced
losses through model-based methods. This section proposes a
data-driven approach to solve this nonlinear multi-objective
optimization problem and details the necessity and
implementation of each step.

Fig. 3 shows the schematic diagram of the proposed data-
driven approach. In general, the method consists of three key
steps: 1) numerical model correction; 2) meta-model
construction; 3) multiple conditions optimization. The
functions of each step are illustrated in the subsections, with
specific implementation discussed in Section I'V.

A. Numerical Model Correction

To address a nonlinear optimization problem, a model that
can predict input and output characteristics is essential. The
accuracy of the model directly influences the effectiveness of
the optimization results. FEM is a preferred option for
forecasting machine torque and losses under diverse operational
scenarios. While FEM excels at accurately predicting copper
loss by considering AC effects, it often struggles to predict iron
loss with the same precision.

To overcome this limitation, experimental data is gathered to
refine the FEM iron loss model, enhancing its suitability for
predicting torque and losses effectively.

Fig. 4 shows the energy flow, power measuring method, and
losses separation method of the investigated motor system. The
power balancing equation is presented as follows:

(10)

where P, Fow, Pcu, Pre, Ppwm, Dad Tepresent input power,
output power, copper loss, iron loss, inverter supply and
switching loss, and additional loss, respectively. P, and Fou
are measured by power analyzer and torque transducer, while
Pcu 1s calculated based on measuring current and resistance.
Ppwm and paq are determined at low-speed testing, where iron
loss can be disregarded in this condition. Consequently, the
remaining loss is classified into iron loss. By fitting the FEM
model into the test iron loss data under variable speed
conditions, the iron loss coefficients in the FEM model can be
corrected.

B. Meta-Model Construction
The refined FEM model will be further utilized as the base
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model to generate a dataset, which will then be used to train a
meta-model for optimization purposes. The FEM model is not
directly employed as the optimization model due to the
computational intensity required for optimization involving a
large number of cases to cover various operating conditions.
Conversely, a meta-model, serving as a fitting model, offer
rapid computational speeds, effectively addressing this
challenge, thereby significantly accelerating the optimization
process. However, it is important to ensure the fidelity of the
meta-model to ensure the optimization effectiveness.

Fig. 5 shows the proposed meta-model construction process.
The initial step involves generating a comprehensive sampling
matrix that spans the entire parameter range, necessitating the
use of DoE. Subsequently, each motor case within the sampling
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matrix undergoes analysis using the corrected FEM model to
acquire torque and loss data. This data is then utilized to train a
meta-model that serves as a surrogate for the FEM model.

C. Multiple Conditions Optimization

The final stage involves conducting iterative optimization to
determine the optimal current injection parameters for reducing
torque ripple while minimizing losses. A visual representation
of this stage is provided in Fig. 6.

From Fig. 6, it can be observed that optimization is
repeatedly performed across multiple operating conditions,
yielding different solutions. This necessity arises from the fact
that torque ripple and losses vary with changing operating
conditions, leading to different current harmonic solutions for
each condition. Fortunately, even with a large number of
optimizations to be conducted, meta-model can significantly
accelerate this process.

Ultimately, this method generates a solution set for the
injecting current that is applicable across the entire operational
spectrum, offering an optimal trajectory for current harmonic
injection.

IV. METHOD IMPLEMENTATION

To offer a clearer explanation of the proposed method, this
section provides a step-by-step implementation aligned with the
optimization process detailed in Section III.

A. Numerical Model Correction

Three machine performance indicators need to be analyzed
using the FEM model: torque, copper loss, and iron loss.

Initially, torque correction can be achieved by adjusting the
structural model in FEM to mirror actual motor manufacturing
processes. These structural adjustments include modifications
such as chamfering of PMs, adjusting the plating gap between
the PMs and the core.

Additionally, correcting copper loss is straightforward by
offline measurement of winding resistance.

The most challenging task in this stage is correcting iron
loss. In this study, a loss separation analysis is conducted.
Referring to (10), when the motor is operated at low speed,
the iron loss can be ignored, allowing for the determination of
the inverter loss and additional loss. Consequently, all losses
except iron loss are meticulously calibrated.

Subsequently, the PMSM is operated at various speeds to
record the overall losses and compute the iron losses. A
comparison between the FEM-predicted and measured iron
losses is then carried out to determine the amplification factor
required for adjustment in the corrected FEM model. After
these corrections, the comparison between the FEM and
measured iron losses is illustrated in Fig. 7, demonstrating a
notable improvement in fitting accuracy. The corrected FEM
model will be further used as the base model for subsequent
dataset collection, and its accuracy characteristic can ensure
the reliability of the dataset.

B. Meta-Model Construction

It is crucial to comprehensively collect datasets on input
parameters and output performance. Optimal Latin Hypercube
Sampling (OLHS) [24], as an advanced and widely used DoE
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method, achieves the objective of capturing a wide range of
data features using a minimal number of points. This is
accomplished through a hierarchical approach that guarantees
the uniform distribution of sampling points across the design
variable range.

In this study, the input parameters include motor speed
( @n ), the DC component of g-axis current ( I, ), and the
amplitude and phase of the injected dg-axis currents ( Jac, Lok ,
@ax , Qg )- Recognizing the significant impact of motor speed
on iron loss, a hybrid OLHS strategy is implemented, managing
four parameters ( lax , I, @ax, @q ) In a matrix with 500
randomized samples. Three-dimensional (3D) scattered plots of
these samplings are depicted in Fig. 8, illustrating the
interrelations among the input parameters. Notably, the
sampling points are evenly distributed across variation ranges,
facilitating comprehensive information gathering.

Subsequently, this sampling matrix is computed iteratively
for speed points of 50, 500, 1000, 1500 rpm, and [, points of
0,1,2,3,4,5 A, resulting in a total of 12,000 samples. The
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output metrics to be evaluated include average torque T ,
torque ripple 7}, (peak-to-peak of torque), copper loss pcu ,
and iron loss pre .

After conducting FEM calculations on all samples, the
resulting matrix is fed into an Elliptical Basis Function Neural
Network (EBFNN) for meta-model approximation. The
EBFNN is adept at addressing nonlinear problems owing to its
flexible basis function shapes [25]. Given the pronounced
nonlinear nature of torque ripple and losses, this method is
selected for approximation. The EBFNN training parameters
include a smoothing filter set at 0.08 and a maximum of 20
iterations used to fit an EBFNN model for each response. These
settings are guided by the feedback on the approximation
accuracy.

To assess the approximation accuracy, cross-validation error
analysis is employed, with 20 samples chosen. A 3D plot
displaying the three most critical input parameters of these
samples is depicted in Fig. 9(a). The actual and predicted output
metrics ( Tove , Th2p, Pou s Pre ) for these samples are illustrated
in Fig. 9(b), (¢), (d), and (e). The comparison reveals highly
accurate approximation results, with average errors of 0.0052%,
0.492%, 0.0062%, and 0.04%, respectively.

The resulting meta-model can accurately and quickly predict
motor performance, which provides the basis for stochastic
optimization and greatly speeds up the optimization process.

C. Multiple Conditions Optimization

The optimization necessitates multiple implementations
across various torque and speed conditions. These conditions
are discretized and grouped into distinct levels. The defined
points C(@w, ) are presented as:

Iqoe[L 3, 5}

C(a)m,Ir ),
! a;me[50, 500, 1000, 1500]

an

The design variables and variation ranges are defined as:

Idk7lqk € [0706]A7 Pdic; Pk € [_ﬂ'a 7[] (12)

A constraint condition is set to ensure the current harmonic
injection does not compromise the average torque. This
implies that the average torque does not decrease after
harmonic injection compared to no injection, as defined by:

(13)

The optimization objectives include minimizing losses and

Sub. to: T:ﬂg(X) > T;vg(ldk = O, le = 0)

peak-to-peak torque ripple, as shown below:
(14)

To realize multi-objective optimization, NSGA-II is adopted
for its efficacy in addressing this challenge [26]. The algorithm
parameters are configured as follows: 200 generations, a
population size of 100, a crossover probability of 0.8, a
crossover distribution index of 10, and a mutation distribution
index of 50. Through multi-objective optimization, the Pareto
fronts for the 12 operating conditions in (11) are generated, and
the results are shown in Fig. 10. It is noteworthy that the criteria
for selecting the optimal solution from Pareto fronts include: 1)
ensuring torque ripple does not exceed 0.15 Nm, with this value
chosen to ensure that the ripple is less than 5% at rated points,
and 2) maintaining a balance between average torque and losses.
In some Pareto fronts, the losses are significantly lower than
nearby points, and these points have been selected.

After 12 optimization procedures, 12 sets of current
harmonic solutions were obtained. These 12 sets of solutions
can be further fitted to create an optimal surface covering all
torque and speed ranges. The current parameters corresponding
to these 12 scatter points and their fitted surface are shown in
Fig. 11, where (a), (b), (c), and (d) correspond to the 3D
distribution patterns of Ilau , Ig , @ax , @q regarding the
torque-speed range.

Objl : min(pcy + pre); Obj2 : min T,

D. Highlights of the Optimization Process

In the above, a comprehensive methodology for determining
the optimal current harmonics to minimize torque ripple and
injected losses is elaborated in detail. The distinctive features
of the proposed methods are outlined as follows:

In comparison with the model-based approach, the proposed
data-driven technique offers the following advantages: 1)
enhanced optimization outcomes for torque ripple and injecting
losses by considering iron loss effects and employing global
stochastic optimization; 2) effectiveness across all torque-speed
operating conditions through the utilization of multi-conditions
optimization and the incorporation of motor saturation effects
via the refined high-fidelity FEM predictions.

When compared to the practical testing calibration method,
the proposed method presents the following benefits: 1)
substantial reduction in calibration time by employing a
combination of DoE, high-precision fitting, and optimization
techniques; 2) improved torque ripple and losses minimization
as real-world testing often struggles to precisely measure torque
ripple, particularly under high-speed conditions, a challenge
overcome by the corrected FEM model.
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Fig. 12. Contour plots illustrating various losses across the entire speed and torque spectrum. (a) Total losses of the motor without injection. (b)
Total losses of the motor with injection. (c) Total losses due to injection. (d) Copper losses from injection. (e) Iron losses from injection.

V. FEM VERIFICATION

To validate the effectiveness of the proposed method, a
verification based on FEM simulation was performed. Since the
data source for the multi-objective optimization stems from
FEM simulations, and considering the inherent high fidelity of
FEM, using it for validation is considered reliable.

The FEM verification consisted of two current control sets:
one with conventional sinusoidal current excitation and another
involving both fundamental and harmonic injection. Each set of
simulations encompassed multiple operating conditions with
varying torques and speeds. Notably, the solutions of the
harmonic injection simulation were derived from the
optimization surface, as presented in Fig. 11.

For a visual representation of motor losses with and without

harmonic injection across diverse operating conditions, 3D
contour plots illustrating various losses for both sets of motor
simulations throughout the torque and speed range are
presented in Fig. 12. From (a) and (b) in Fig. 12, there appears
to be no significant disparity in total motor losses pre- and post-
harmonic injection. Specifically, the distinctions in losses pre-
and post-injection, inclusive of total injecting losses, injecting
copper losses, and injecting iron losses, are elucidated in (c),
(d), and (e) in Fig. 12, respectively. It is worth noting that there
is negligible variance in copper losses across the entire
operational spectrum, with a marginal increase of merely 0.3W
at a 120% load condition. Conversely, the addition in iron
losses is more noticeable, peaking at an additional 1.3W under
maximum torque and speed conditions. Nonetheless, the overall
rise in losses remains insignificant, with the highest increase
accounting for only 1.28% of the total losses.
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On the other hand, concerning torque ripple suppression, Fig.
13 shows a comparison of multi-load torque before and after
harmonic injection. It can be seen that effective suppression
across various torque conditions is achieved after injection,
ensuring smooth motor operation with low torque ripple.

VI. TEST VALIDATION

A. Motor Control Strategy and Test Platform

Fig. 14 presents the block diagram of the control strategy for
testing PMSM. It can be observed that, based on speed-current
dual-loop field-oriented control, additional harmonic currents
need to be injected in the d- and ¢- axes to suppress torque
ripple. The command for harmonic currents is calculated based
on optimized surface functions shown in Fig. 11 and real-time
operational data (W, iqo, and 6).

Furthermore, to achieve precise control for the current
harmonics, a quasi-proportional-resonant (QPR) controller is
utilized. This controller inherits the high bandwidth response
capability of the proportional-resonant (PR) controller,
ensuring accurate amplitude and phase control of current
harmonics while mitigating the narrow resonant bandwidth
constraint often seen in PR control [27]. Hence, this controller
not only exhibits outstanding harmonic control capabilities but
also effectively prevents deterioration in dynamic performance.

Motor parameters are as follows: 24 slots and 4 poles; a DC-
bus voltage of 270V and a rated speed of 1500rpm; a flux
linkage of 0.415Wb; a phase resistance of 1.660hm; and d- and
g-axis inductances of 14.3mH and 40.9mH.

The motor test platform, as shown in Fig. 15, comprises the
analyzed PMSM, DSP28335-based motor controller, magnetic
powder brake load, torque transducer, power analyzer, and
oscilloscope. Notably, to ensure accurate torque measurement,

a measurement kit comprising high-precision torque transducer,

anti-interference junction box, and signal amplifier is utilized
to reduce data acquisition errors and disturbances.

During operation, the input power to the motor system is
measured by the power analyzer, while the torque and output
power are measured by the torque transducer. This setup
enables the determination of the motor's torque and losses
during operation.

B. Static Performance

The validation of the motor's static performance focuses on
the effectiveness of the proposed method in suppressing torque
ripple under various typical operating conditions, specifically at
25% (Ig0 = 14), 50% (Igo = 24), 100% (I = 4A), and 125%
(Iz0 = 5A) of the rated torque. The outcomes depicting the
motor's three-phase currents and shaft torque waveforms under
sinusoidal current excitation and harmonic injection conditions
are presented in Fig. 16. These results showcase pronounced
torque ripples during sinusoidal current excitation, which
significantly diminish upon the introduction of harmonic
currents, demonstrating notable improvements across multiple
loading conditions. Crucially, the transition from sinusoidal
excitation to harmonic injection does not induce abrupt
fluctuations in phase current and torque.

C. Dynamic Performance
The validation of the motor's dynamic performance focuses
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Fig. 13. Comparison of multi-load torque with and without injection.
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Fig 15. Mtortesting platform.

on assessing the effectiveness of the proposed method under
switching between harmonic injection and non-injection states,
as well as under varying load torques, aiming to determine
whether the motor exhibits any dynamic disturbances.

The validation comprises three sets of experiments. Firstly,
current injection switching at rated load is shown in Fig. 17(a).
Subsequently, experiments involve the motor descending from
100% load to 50% load after harmonic injection, and dropping
from 100% load to 0% load, with results shown in Figs. 17(b)
and (c) respectively. Notably, in addition to torque and phase
current, the given and actual g-axis currents are also included
in these waveforms. From Fig. 17, it can be observed that
neither the harmonic injection switching nor the operation
under varying loads resulted in abrupt changes in the phase
current, g-axis current, or shaft torque. This suggests that the
method does not lead to a deterioration in the motor's dynamic
performance. Moreover, based on the behavior of the given and
actual g-axis currents, it is evident that QPR control can
effectively achieve harmonic current control. Furthermore, the
proposed method demonstrates sustained effectiveness in
suppressing torque ripples under varying load conditions.
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Fig. 16. Waveforms depicting the influence of the proposed current harmonic injection method on shaft torque and phase currents under different
torque loads. (a) 25% Load. (b) 50% Load. (c) 100% Load. (d) 125% Load.
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Fig. 17. Waveforms illustrating the impact of the proposed method on various motor dynamic processes. (a) Repetitive current harmonic injection
switching. (b) Harmonic injection and load descent from 100% to 50%; (c) Harmonic injection load descent from 100% to 0%.

D. Comparison with Other Advanced Methods

Finally, it is crucial to compare similar methods to validate
the superiority of the proposed approach. In direct comparison
with this study are model-based methods, with advanced
techniques including the solutions proposed in Refs. [15], [16],
and [28]. The advantage of model-based solutions lies in their
capability to find the specific harmonic solution for minimizing
torque ripples. However, these methods require detailed torque
ripple and model parameter information and are difficult to
account for minimal overall losses. Fig. 18 shows the effects of
torque ripple suppression using both the model-based method
(in Refs. [15] and [16]) and the proposed data-driven method.
The comparison reveals that both methods significantly
suppress torque ripples, with slight variations in the magnitude
of suppression effects. However, the model-based method
requires a larger g-axis current, implying higher losses.

Moreover, this paper conducts a comparative analysis of the
injection losses at varying speeds and around the rated torque
level among the methods presented in Refs. [15], [16], [28],
with results depicted in Fig. 19. To ensure measurement
accuracy, the test captures power over a continuous period and
calculates the average. It is clear that the proposed method holds
superiority in mitigating excessive injected losses.

VII.

The paper proposes a data-driven harmonic injection method
for torque ripple mitigation, which offers the following unique
advantages over conventional model-based approaches:

1. The current solution can suppress torque ripple across all
load conditions without the need for precise measured torque
information and motor equivalent parameters.

CONCLUSION

2. The current solution avoids excessive injection losses and is
applicable across the entire torque-speed operating range.
3. The method can account for magnetic saturation effects and

determine the solution under motor parameter nonlinearities,
a challenge that model-based methods struggle to address.
Based on the above features, the proposed method is ideally
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Fig. 18. Comparison of torque ripple and current effects between the
model-based method (in Refs. [15], [16]) and the proposed method.
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suited for integrated machine-controller electric drives and power
generation equipment. It enables the effective determination of
the optimal current harmonic trajectory, ensuring stable machine
operation with low torque pulsation and reduced losses.

Furthermore, data-driven methods not only tackle torque
ripple and harmonic losses minimization but also offer potential
applications in control parameter design, system efficiency
maximization, fault diagnosis, and fault tolerance. Areas for
further exploration include optimizing current trajectory for
multifaceted performance enhancements, optimizing switching
modulation, precise fitting using limited sampling data, and real-
time data collection with iteration strategies. Prospective data-
driven approaches will free motor operations from model
parameter dependencies and effectively address various
unknown challenges.
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