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Abstract: This study presents an optimized design for a Segmented Sinusoidal Parameter Winding with Magnetic
Wedge Variable Reluctance Resolver (SSPWMW-VRR), addressing challenges like winding asymmetry and
harmonic distortion in conventional designs. By integrating Particle Swarm Optimization (PSO) for winding
design, Magnetic Equivalent Circuit (MEC) analysis for leakage flux, and machine learning techniques (XGBoost
and Multi-Layer Perceptron), the stator slot shape was fine-tuned for improved accuracy. XGBoost outperformed
MLP in prediction accuracy with a Mean Absolute Error (MAE) of 0.1172. Finite Element Analysis (FEA)
simulations and experimental validation demonstrated a reduction in position errors from +30’ in conventional

VRRs to +5” in the optimized design, along with significant harmonic reduction.

Keywords: Variable Reluctance Resolver 1; machine learning 2; electromagnetic field simulation 3

0. Introduction

Variable Reluctance Resolvers (VRRs) have emerged as critical components in precision control systems,
particularly in advanced fields such as electric vehicles (EVs) and aerospace applications [1-14]. With the
increasing demand for high-efficiency and high-precision motor control, VRRs have become indispens-
able for detecting angular positions and enhancing system performance in harsh environments [15-19].
Their robustness and reliability in providing absolute position information make them essential for the
accurate control of Permanent Magnet Synchronous Motors (PMSMs) and other electric drive systems
in electric and hybrid vehicles [6,20].

Despite their advantages, conventional VRR designs face several limitations. One of the primary
issues lies in the asymmetry of the stator winding structure, which results in non-orthogonal signal
output and contributes to harmonic distortions [4,6,7,12,14-18,21-23]. Inductance harmonics caused by
imperfections in the resolver’s construction can lead to significant position errors [18,19]. Additionally,
fluctuations in slot leakage flux further degrade the accuracy of the resolver, negatively affecting motor
control precision [3-6,8,11,24,25]. Mechanical imperfections such as rotor eccentricity and uneven
magnetic fields can also introduce significant position errors [2,3,7,8,10,20,23,26]. These challenges are
exacerbated by manufacturing inaccuracies and mechanical misalignments, leading to position errors
that are detrimental in high-performance applications. Consequently, there is a pressing need for
innovative solutions that can address both structural and electromagnetic inefficiencies in conventional
VRRs.

Previous studies have attempted to address these challenges through various approaches. Struc-
tural modifications, such as optimizing rotor contour design to inject auxiliary air-gap permeance
harmonics, have been proposed to reduce harmonic distortions and improve detection accuracy [27].
The adoption of non-overlapping tooth-coil windings with uniform coils has been suggested to sim-
plify manufacturing and reduce winding asymmetry [1,16]. Rotor pole shape optimization using
genetic algorithms has also been explored to minimize harmonics in the air-gap permeance [15,28].
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Advanced electromagnetic modeling techniques have been employed to analyze and predict
the behavior of VRRs under various conditions. Finite Element Analysis (FEA) simulations have
been widely used to validate design improvements and analyze the effects of eccentricity, short
circuits, and material defects on resolver performance [2-5,19,22,26,29]. Analytical models have
been developed to calculate air-gap inductance and leakage fluxes more accurately, enhancing the
understanding of electromagnetic interactions within the resolver [24,25,29]. Precise modeling of
air-gap and zigzag leakage fluxes in permanent magnet machines has been shown to significantly
improve torque predictions and machine optimization [24,25]. While these methods have shown
promise, they often rely heavily on computationally intensive simulations and may not fully address
the complexities of stator design flaws.

Signal processing techniques have also been proposed to minimize position errors caused by
non-ideal resolver signals, including errors due to amplitude imbalance, imperfect quadrature, and
inductance harmonics [17,18]. These methods address issues such as amplitude imbalance and
quadrature errors, which can introduce significant position errors if not properly managed. However,
while effective, these approaches often involve complex design adjustments or elaborate calibration
processes, which can be impractical for widespread industrial adoption.

The advent of artificial intelligence (Al) and machine learning (ML) techniques offers new avenues
for optimizing electromagnetic devices [30-33]. Al techniques have been integrated with computational
electromagnetics to enhance the efficiency, accuracy, and speed of electromagnetic simulations, focusing
on applications like electrical machine design, topology optimization, and fault diagnosis [30]. Machine
learning models, such as neural networks and support vector machines, have been used to model
electromagnetic fields, predict system performance, and optimize designs with less computational
effort compared to conventional methods [30,34,35].

In the context of electric machines, ML techniques have been applied to optimize parameters and
improve performance. For example, neural networks have been used for model order reduction in
PMSMs, enabling accurate and computationally efficient surrogate models [31]. ML-based optimiza-
tion methods have been employed to enhance the design of PMSMs, achieving better performance
with reduced computational costs [32,33,36,37]. Hybrid approaches combining machine learning
algorithms with optimization algorithms like genetic algorithms and NSGA-II have shown signifi-
cant improvements in motor design efficiency and performance [36,37]. However, the application of
advanced ML techniques such as Extreme Gradient Boosting (XGBoost) and Multi-Layer Perceptron
(MLP) to VRR optimization remains relatively unexplored.

Recently, machine learning techniques have shown promise in addressing complex nonlinearities
in electromagnetic systems. Hybrid machine learning models, such as those combining Random Forest
Regressor with K-Nearest Neighbors or Support Vector Machines, have been effective in predicting and
optimizing performance parameters in electrical machines [38,39]. Reinforcement learning and neural
network architectures have been applied to minimize torque ripples in variable reluctance motors,
improving control precision [40,41]. Furthermore, fuzzy-based multiple instance learning has been
employed for transparent and accurate classification in biomedical signal processing, demonstrating
the versatility of machine learning approaches [42].

These advancements underscore the potential of integrating machine learning techniques into
VRR design optimization. By leveraging machine learning models to analyze and predict electro-
magnetic parameters, it is possible to systematically reduce harmonic distortions and flux leakage
caused by design flaws. Moreover, integrating ML with model-based approaches has shown promise
in other areas of electric machine design and fault diagnosis, suggesting potential benefits for VRR
optimization [43,44].

To overcome the challenges associated with conventional VRR designs, this study aims to optimize
the stator structure of the VRR by leveraging advanced machine learning techniques, namely XGBoost
and Multi-Layer Perceptron (MLP). By analyzing and predicting electromagnetic parameters using
these models, we seek to reduce the harmonic distortions and flux leakage caused by stator design
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imperfections. This approach enables us to systematically improve the accuracy of the resolver without
necessitating complex structural modifications or extensive calibration, leading to more precise motor
control in applications such as electric vehicles and robotics.

1. Model Design and Methods

This study focuses on enhancing the accuracy of a Segmented Sinusoidal Parameter Winding
with Magnetic Wedge (SSPWMW) Variable Reluctance Resolver (VRR) by simulating and optimizing
its stator structure. The key components under analysis include the segmented sinusoidal windings,
magnetic slot wedges, and the rotor-stator configuration. Through a combination of Particle Swarm
Optimization (PSO) for winding design, Magnetic Equivalent Circuit (MEC) analysis for slot leakage
flux, and machine learning for stator slot shape optimization, aim to improve resolver accuracy by
addressing both structural and electromagnetic inefficiencies.

1.1. SSPWMW-VRR Structure and Components

The Segmented Sinusoidal Parameter Winding with Magnetic Wedge (SSPWMW-VRR) is de-
signed to minimize harmonic distortion and improve signal integrity through a specialized winding
configuration. As shown in Figure 1, the prototype consists of key components including the stator, a
printed circuit board (PCB) connection board, a salient pole rotor, and a magnetic slot wedge with its
supporting structure.

PCB Connector Signal wires

Bracket PCB Connector

J Stator Signal Winding \

Stator

Excitation Winding

(a) Disassembled View (b) CAD Exploded View
Figure 1. SSPWMW-VRR prototype

A crucial feature of the SSPWMW-VRR design is the use of a PCB connection to create a more
uniform and reliable electrical connection between the stator windings. This method streamlines the
manufacturing process and enhances the spatial symmetry of the two-phase windings. By enabling
interleaved winding phases, the design significantly improves winding symmetry and orthogonality,
which are essential for accurate signal generation.

Another important component is the magnetic slot wedge, which plays a vital role in directing the
magnetic field within the stator slots. Comprising a thin magnetic strip fixed to a supporting structure,
it is strategically positioned to enhance the magnetic interaction between the rotor and stator. The
presence of the magnetic slot wedge effectively diminishes the air gap between these components,
leading to improved signal quality and reduced position error.

1.2. Optimization of Winding Turns Using Particle Swarm Optimization

In the design of the resolver, the sine and cosine windings should ideally follow a continuous
sinusoidal distribution to achieve perfect orthogonality and minimize harmonic distortion. However,
in practical implementations, the number of turns in each slot must be an integer, necessitating the
rounding of the continuous winding functions into discrete values. This rounding process introduces
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challenges in maintaining the orthogonality and symmetry of the windings, both of which are crucial
for accurate signal generation.

To ensure that the rounding process maintains these critical properties, the following conditions
must be met:

* The inner product between the sine and cosine windings must be zero to ensure orthogonality.

* The sum of the winding turns over a complete cycle must be zero for both windings to preserve
symmetry.

* The number of positive and negative turns must be balanced to maintain the symmetry of the
induced signal.

Achieving these conditions becomes particularly challenging in resolver design due to the discrete
nature of winding turns and the limited number of slots available on the stator. These constraints
reduce the flexibility in distributing winding turns evenly, making it difficult to achieve perfect
orthogonality and symmetry. To address this, the continuous winding functions are scaled by a
winding distribution coefficient, K,, which adjusts the amplitude before rounding. Finding suitable
values of K, that satisfy the above conditions after rounding requires a robust global search algorithm.

Particle Swarm Optimization (PSO) is employed to tackle this optimization challenge. As an
evolutionary computation technique inspired by the collective behavior of bird flocking and fish
schooling, PSO excels at solving complex, multidimensional problems. In this context, PSO is used to
systematically explore the parameter space, searching for values of K, that satisfy the orthogonality
and symmetry requirements after rounding.

The optimization objective is formally defined to ensure that the rounded winding turns meet the
following conditions:

Minimize f(Ns, Ng) = 0 if (N4, Np) =0and ij:ol N4, =0and z].zzol Np; =0,
co otherwise,

where NA,j = round(K;NA4,j) and NB,j = round(K,NB,j) represent the rounded integer
turns for the sine and cosine windings at slot j, respectively. The inner product (NA, NB) ensures
orthogonality, while the sums Z].Z:(’l NA,j=0and Y j = 14K, ,; = 0 enforce symmetry.

Through iterative exploration, the PSO algorithm efficiently identifies optimal values of K;,
ensuring that the discrete winding turns maintain orthogonality and symmetry across various pole
pairs and slot configurations. This minimizes harmonic distortion and enhances resolver accuracy.As
the first optimization step, PSO provides a robust winding configuration, forming the basis for
subsequent analyses, such as Magnetic Equivalent Circuit (MEC) modeling and machine learning-
driven stator shape optimization.By optimizing the winding design using PSO, the resolver achieves
reduced harmonic distortion and improved signal quality, contributing to higher overall accuracy.

1.3. Analysis of Slot Leakage Flux Using Magnetic Equivalent Circuit

To accurately analyze the impact of slot leakage flux on the resolver’s performance, the Magnetic
Equivalent Circuit (MEC) method is employed. MEC provides a detailed representation of the magnetic
flux distribution, allowing for precise simulation of magnetic behavior within the stator slots. The key
factor contributing to accuracy degradation in the resolver is the periodic fluctuation of slot leakage
inductance as the rotor rotates, which distorts the magnetic field and negatively affects signal accuracy.

The MEC model, depicted in Figure 2, is constructed based on the SSPWMW-VRR stator design,
including the segmented sinusoidal windings and magnetic slot wedges. By applying Ohm’s law to
the magnetic circuit, the model divides the magnetic path into the main magnetic circuit and three
leakage magnetic circuits: (1) leakage between adjacent stator teeth, (2) leakage between excitation and
signal windings, and (3) leakage from the tooth top to the stator yoke.
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Figure 2. SSPWMW-VRR slot leakage flux MEC model.

The role of the magnetic slot wedge is critical in regulating the distribution of slot leakage flux. By
adjusting the wedge’s thickness and its positioning relative to the slot, the leakage flux can be controlled
to minimize distortion in the resolver’s magnetic field. This fine-tuning reduces the variability of the
slot leakage inductance, helping to stabilize the resolver’s output signal.

MEC analysis offers several advantages:

Accurate Simulation: It provides a precise simulation of the magnetic behavior, capturing complex
interactions between the stator, rotor, and magnetic slot wedge.

Key Input for Machine Learning: The insights gained from MEC analysis, including flux densities
and inductance variations, serve as critical features for machine learning models that will be
used in later stages to optimize the stator slot design.

Complementary to PSO: The optimized winding configuration obtained from PSO is further refined
through MEC, which identifies how the magnetic circuit behaves with these optimized windings.
This sequential approach ensures that both winding and magnetic circuit optimizations are
aligned.

By modeling the intricate magnetic properties using MEC, this analysis plays a crucial role in the
integrated optimization framework. It not only enhances the accuracy of the resolver by mitigating the
adverse effects of slot leakage flux but also serves as a foundational step in generating high-quality
data for machine learning-driven stator slot shape optimization. Thus, MEC analysis bridges the gap
between winding optimization and machine learning, ensuring that the entire system is fine-tuned for
optimal resolver performance.

1.4. Stator Slot Shape Optimization Using Machine Learning

The final step in optimizing the SSPWMW-VRR involves the use of machine learning models
to fine-tune the stator slot shape based on the results obtained from previous stages, including the
Particle Swarm Optimization (PSO) for winding design and the Magnetic Equivalent Circuit (MEC)
analysis of slot leakage flux. Machine learning enables more precise predictions and optimizations,
minimizing the need for exhaustive physical simulations.

By employing advanced models such as XGBoost and Multi-Layer Perceptron (MLP), the opti-
mization framework utilizes data from both finite element analysis (FEA) and MEC simulations. These
models are trained on datasets constructed from key electromagnetic features, including flux density,
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inductance variations, and other critical parameters. This allows the models to predict how different
stator slot configurations impact the resolver’s accuracy, performance, and overall signal quality.

1.4.1. Simulation System Framework

The machine learning-driven optimization process is structured into three distinct layers (as
illustrated in Figure 3:

Figure 3. Framework combining XGBoost with finite element analysis (FEA)

1. Inner Layer (Simulation Layer): This layer is powered by CST Studio Suite and Opera FEA
software, where detailed electromagnetic simulations of the VRR are performed. These simulations
provide foundational data regarding key parameters such as magnetic flux density distribution,
field lines, and other electromagnetic characteristics, which serve as critical inputs for the machine
learning models. The data collected at this stage is crucial for the training and validation of
machine learning algorithms.

2. Middle Layer (Data Processing and Feature Extraction): In this layer, data generated from FEA
and MEC simulations are processed and decoded using Python scripts. This step is responsible
for extracting relevant electromagnetic features, such as flux density values and slot leakage flux
behavior, which are then transformed into a format suitable for machine learning models. The
processed data is essential for creating the input features and target variables for the predictive
models.

3. Outer Layer (Machine Learning and Optimization): This layer is where machine learning models,
specifically XGBoost and MLP, are trained on the data extracted from the previous layers. The
models are used to predict the impact of various stator slot shapes on resolver accuracy, allowing
for rapid evaluation and optimization of slot parameters. Machine learning provides insights
into the optimal slot configurations, enhancing resolver performance without requiring extensive
trial-and-error physical tests.
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(a) (b)
Figure 4. Magnetic field distribution in SSPWMW-VRR. (a) Magnetic flux density distribution in the
stator slots; (b) Magnetic field line distribution in the stator slots.

1.4.2. Machine Learning Models: XGBoost and Multi-Layer Perceptron (MLP)

Two machine learning models, XGBoost and Multi-Layer Perceptron (MLP), are employed to
optimize the stator slot shape. These models are designed to capture complex relationships between
slot parameters and resolver performance. The optimization process is described as follows:

1. Data Preparation: Electromagnetic data from FEA and MEC simulations are compiled into a
comprehensive dataset. This dataset includes key features such as stator slot width, jaw width,
and slot wedge thickness, as well as target variables like magnetic flux densities, torque ripple
values, and induced voltage errors. The dataset is then divided into training and testing sets to

facilitate model training and evaluation.
2. XGBoost Model Training: XGBoost is employed to model the non-linear relationships between

stator slot parameters and resolver performance. The model is trained using the dataset, with
hyperparameters such as learning rate and tree depth optimized via Grid Search. XGBoost is
particularly useful for quickly assessing the impact of individual slot parameters on performance,

providing feature importance rankings that guide further optimizations.
3. Multi-Layer Perceptron Model Training: For more complex parameter interactions, a Multi-

Layer Perceptron (MLP) is employed. The MLP is trained using backpropagation and the Adam
optimizer, with multiple hidden layers to capture intricate relationships between slot shape and
resolver accuracy. Neural networks are particularly effective in cases where the data exhibits
high-dimensional, non-linear dependencies, making them a powerful tool for refining stator slot

designs.
4. Model Validation and Comparison: After training, both models are evaluated on the test dataset.

Metrics such as Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) are used to
compare their performance. While XGBoost offers faster training times and immediate insights
into parameter importance, MLP provides deeper insights into more complex patterns, yielding
higher accuracy in certain cases. The results from both models are then validated against the FEA
simulations to ensure their reliability.

Through these steps, XGBoost and Neural Network models were able to quickly and accurately
evaluate the effect of stator slot shape on the performance of the VRR. The combination of machine
learning-based optimization results and finite element simulations not only improved design effi-
ciency but also allowed for the stator slot shape optimization without requiring extensive physical
experiments.
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1.5. Integrated Optimization Framework

The optimization framework for the SSPWMW-VRR combines several advanced techniques into
a cohesive process to improve both accuracy and overall performance. The core components of this
framework include Particle Swarm Optimization (PSO) for winding configuration, Magnetic Equiva-
lent Circuit (MEC) analysis for detailed magnetic behavior assessment, and machine learning models
for refining the stator slot shape. Together, these methods ensure that the resolver’s electromagnetic
properties are optimized through a multi-stage, integrated process.

1. Particle Swarm Optimization (PSO): The first step in the integrated framework is the op-
timization of the sine and cosine windings using PSO. This step focuses on minimizing the inner
product between the two windings, thereby ensuring their orthogonality, which is crucial for reducing
harmonic distortion. By achieving an optimal winding configuration, PSO provides a solid foundation
for the resolver’s performance, laying the groundwork for further refinements in the magnetic circuit
and slot design. This initial optimization not only minimizes harmonic distortion but also enhances
the signal quality, improving the overall resolver accuracy.

2. Magnetic Equivalent Circuit (MEC) Analysis: Following PSO, the MEC method is employed
to provide a detailed analysis of the stator slot leakage flux. MEC models the magnetic behavior of the
stator and rotor, taking into account the fluctuations in leakage inductance caused by rotor movement.
This step refines the understanding of the resolver’s magnetic circuit, enabling the accurate modeling
of magnetic flux distributions and interactions. The MEC analysis outputs critical data on magnetic
characteristics, which are subsequently fed into the machine learning models. The insights gained
from MEC ensure that the magnetic properties of the stator are robust, preparing the system for precise
shape optimization.

3. Machine Learning-Based Stator Slot Shape Optimization: The final step in the integrated
framework is the fine-tuning of the stator slot shape using machine learning. Based on the optimized
winding configuration from PSO and the detailed magnetic data from MEC, machine learning mod-
els—specifically XGBoost and Multi-Layer Perceptron (MLP)—are trained to predict the resolver’s
performance under various slot shape configurations. These models analyze the impact of slot di-
mensions such as width, jaw size, and slot wedge thickness on the resolver’s accuracy. By leveraging
FEA-generated datasets, the machine learning models enable a rapid exploration of the design space,
providing precise recommendations for slot shape optimizations.

XGBoost excels in handling non-linear relationships between stator slot parameters and resolver
performance. Its feature importance analysis identifies which slot parameters most signifi-
cantly affect the resolver’s accuracy, making it particularly effective for rapid, iterative design
adjustments.

Multi-Layer Perceptron (MLP) are used to capture more complex, deep interactions between the slot
parameters. By training the MLP model on the same dataset, it uncovers intricate patterns that
may not be apparent in simpler models, providing a more nuanced optimization of the resolver
design.

Both models are integral to predicting the optimal stator slot dimensions and are trained on data
generated from FEA simulations of various stator configurations. The machine learning models take
advantage of the data insights provided by the earlier stages—PSO and MEC—allowing for precise and
efficient stator slot shape optimization. By integrating these models, the framework ensures that the
final design exhibits minimal harmonic distortion and enhanced signal quality, all while minimizing
the need for time-consuming physical simulations.

4. Benefits of the Integrated Approach: The integrated optimization framework, as shown in
Figure 5, demonstrates the synergy between each step in the process. PSO provides an optimized
winding configuration that minimizes harmonic distortion. MEC offers a detailed understanding of
the magnetic circuit and slot leakage flux, and machine learning allows for the precise optimization
of the stator slot shape. Together, these techniques create a comprehensive, data-driven process that
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significantly improves resolver accuracy while reducing harmonic content. This leads to superior
performance in applications requiring high-precision motor control.

By combining global search algorithms like PSO with detailed magnetic analysis and advanced
predictive modeling, this framework provides an efficient pathway to optimizing the SSPWMW-VRR
design. The resulting system is both robust and adaptable, capable of achieving high accuracy without
the need for extensive physical testing or iterative design adjustments.
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Figure 5. Integrated Optimization Framework.

2. Experimental Design and Results Analysis

This section provides an in-depth analysis of the results obtained from the PSO, MEC, and
machine learning optimizations discussed in the previous section.

2.1. PSO Results and Winding Turn Optimization

After running PSO for winding optimization, a significant reduction in harmonic distortion and
improved orthogonality were achieved. The optimized winding configurations were validated through
analytical calculations and simulation data, demonstrating marked improvements in resolver accuracy.

By varying the winding distribution coefficient K, within a range of 20 to 500 using PSO, the
algorithm seeks values that minimize the inner product of the sine and cosine windings and ensure
the balance of positive and negative turns. As the winding configurations are discrete, only specific
K, values satisfy both these conditions. Figure 6 illustrates the distribution of K, values for multiple
pole-pair configurations in a 10-slot stator, highlighting the instances where the inner product is zero
and the sum of positive and negative turns is balanced, thus achieving orthogonality and symmetry.

The PSO optimization was performed for 1-pole, 2-pole, 3-pole, and 4-pole configurations with a
10-slot stator. The results reveal significant differences between odd and even pole-pair configurations
in terms of achieving optimal K, values that satisfy both the inner product and winding turn balance
conditions.

1. 1-Pole, 10-Slot Configuration:The PSO results for the 1-pole, 10-slot configuration identified five
K, values where the inner product equals zero and the sum of positive and negative turns is
perfectly balanced (i.e., the sum is zero). This suggests that achieving orthogonality and symmetry

is more straightforward in odd-pole configurations like the 1-pole setup.
2. 2-Pole, 10-Slot Configuration:For the 2-pole, 10-slot configuration, two K, values resulted in

zero inner product and balanced positive and negative winding turns. However, there was
also one case where the inner product was zero, but the positive and negative turns were not
balanced, indicating an imbalance in the winding distribution. This suggests that while even-pole

configurations can achieve orthogonality, they are more prone to winding turn imbalances.
3. 3-Pole, 10-Slot Configuration:In the 3-pole, 10-slot configuration, similar to the 1-pole case, five

K, values were found where both the inner product was zero and the positive and negative turns
were balanced. The results reinforce the observation that odd-pole configurations have a higher
likelihood of achieving both orthogonality and symmetry.
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4-Pole, 10-Slot Configuration:For the 4-pole, 10-slot configuration, two K, values resulted in both
zero inner product and balanced winding turns, while one case exhibited zero inner product but
an imbalance between the positive and negative turns. This pattern is consistent with the 2-pole
configuration, where even-pole configurations tend to face more challenges in achieving winding

symmetry.
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Figure 6. Distribution of K, for different pole-pair and slot combinations.

The analysis reveals that odd pole-pair configurations (1-pole and 3-pole) have more instances of
K, values that satisfy both orthogonality (zero inner product) and symmetry (balanced positive and
negative turns), making them more favorable for achieving optimal winding design. In contrast, even
pole-pair configurations (2-pole and 4-pole) tend to show fewer instances of balanced turns, despite
achieving orthogonality, which makes them less optimal in simultaneously fulfilling both conditions.
These insights provide valuable guidance for optimizing resolver winding designs, especially when
selecting the appropriate pole-pair and slot combinations.

2.2. MEC Analysis and Slot Leakage Flux Optimization

Following the PSO optimizations, the MEC method was applied to reduce slot leakage flux. The
first leakage circuit passes from tooth top i to tooth top i+1. The second leakage circuit passes through
the gap between the excitation and signal windings, entering tooth i. The third leakage circuit starts
from tooth top i, passes through the slot and slot bottom and enters the stator yoke. The transmission
and distribution of leakage flux can be affected by adjusting the size of the magnetic slot wedge and
the gap between it and the slot bottom, thereby influencing SSPWMW-VRR performance and output.
If we consider exciting current I (f) as Lx(t) = I sin(wt), where I is amplitude, and w is the angular
frequency, the total magneto motive force F can be expressed as:

F = Nex - Lex(t) = Nex - Isin(wt) (1)

Here, ® represents the total magnetic flux, and A denotes the total magnetic conductance.
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Figure 7 shows the air gap magnetic field distribution when the rotor salient pole’s centerline
corresponds to the slot centerline at 0°, 90°, 180°, and 270° positions, allowing for a detailed observation
of how the slot leakage flux fluctuates with the rotation of the salient pole rotor. To accurately analyze
this phenomenon, an equivalent magnetic circuit model based on the variations in the slot leakage flux
was established. As shown in Figure 2, this study introduces Ajq ;, Ajg ;, /\lup/i’ Amw,irand Ay, - within
the slot to comprehensively describe the influence of the slot leakage flux on the output signal. Unlike
conventional motor slot leakage inductance, the asymmetrical positions of Aj; ; and Ajg; at opposite
sides of the slot opening are due to the salient pole effect. Assuming a minimal influence of the salient
pole on the slot leakage flux, it can be approximated that I, ; is equivalent and I7; can also be treated
as approximately similar. To simplify the analysis, a star-to-delta (* — A) transformation is applied
to certain sections of some components. Figure 8 shows the resultant simplified equivalent magnetic
circuit. Observation reveals that the induced voltage on the secondary winding considering ®;, ®»,
and ®; linked with turns can be expressed as follows:

Egin =444 Nyjnf (@1 + @, + P3) @
Here, ®; can be expressed as:
f
Q1=+ 1 1 1 1 1 (3)
E + /\q,i+1 + /\ste,i + Asts,i + Trl + E

(a) 0° (b) 90°

(c) 180° (d) 270°
Figure 7. Magnetic field distribution in the rotor at various positions.

®; can be expressed as:

F
P2=73 1 1 1 1 1 1 (4)
/\Il,i + /\/mn,i + T&z + /\sts,i + /\ste,i + Tr,l + E
and ®3 can be expressed as:
}'
D3 = 2 1 1 ()

A + A, + Astei  Astsi
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In the expressions,
HopfeA HopfeA
)\sts,i = - i fe /Aste,i = - I fe (6)
SIS ste
Hoptfe A Hopfe A
/\r,i [ lff:‘ //\y,i —— lfe (7)
r Y

Here, Agss i, Aste,is Arisand )‘y,i represent the magnetic conductance of the tooth signal winding section,
tooth magnetizing winding section, rotor, and stator core yoke , respectively; lsts, Iste, Ir,and I, represent
the corresponding core magnetic path lengths at their positions. A denotes the cross-sectional area of
the iron core.A,,;, ; denotes the magnetic permeance of the magnetic slot wedge expressed as follows:

_ ﬂO,upermAh

Ly

A

mw,i (8)
Here,yperm represents the relative magnetic permeability of the magnetic slot wedge; Aj;, denotes
the cross-sectional area of the slot wedge; I, denotes the width of the slot wedge. Given that
Mup,ir Amw,iA0d Algown,i are connected in parallel, a composite magnetic permeance )\; down.i €an be
derived accordingly as (12).

;mu,i = Alllp/i + Amw,i + Aldawn,i (9)

Figure 8. SSPWMW-VRR simplified MEC

Due to the convex pole effect, assuming that the leakage flux path of the slot can be approximated
as a Witch of Agnesi curve, Ay, ; can be expressed as follows:
1

e/ (dx)P+(j(x4dx,a;)—j(x,0;))2
i Ho 7T dx

(10)

Alyyi =
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The a value in the Cartesian equation j(x) changes with the convex pole effect and can be expressed as

(14):
8a;?’

i(x,a;) = 11
](.X al) X2 +4ﬂ12 ( )

Similarly, A;; ; and Ajg ; can be expressed as follows:
Mii= ! (12)

Y, Ve )P g,
— i Ho7j(x,a;)
Mii= ! (13)
ni= 27tr/n \/(dx)2+(j(x+dx,a,»)—j(x,ui))zd
27Tr/n—l'”Tw Ho7j(xa;) X

Additionally, the magnetic fluxes A;; ; and Ajg; at both ends of the magnetic slot wedge display
periodic changes similar to A;, ~due to variations in the salient pole rotor position. The model
comprises essential elements, such as segmented winding, sinusoidal and cosine distribution winding,
and magnetic slot wedges that limit fluctuations in slot leakage flux while accounting for the influence
of the salient pole rotor position on magnetic fluxes and conductance. Figure. 9 depicts errors obtained
using the values from Table II to compute an analytical model.

Table 1. Geometrical parameters of the studied resolver.

Parameter Definition Value | Unit
L Core stack length 7.0 mm
Dstator out Stator outer diameter 37.0 mm
Dstator in Stator inner diameter 10 mm
O/ Air-gap length factor 1.5 mm
50 Air-gap shape factor 0.65 | mm
Npp Number of Pole Pairs 3!
Mieoth Number of Slots 10
e Iron relative permeability 5000
Hperm Permalloy relative permeability 20000
Nex Excitation winding parameter 15
Nsignal Signal winding sine distribution parameter 58.7
Lste Ex Winding length 2.0 mm
Lsts Signal Winding length 3.0 mm
Amw Magnetic slot wedge thickness 0.05 | mm
Linw Magnetic slot wedge width 14 mm
Dy Magnetic slot wedge distance from slot opening 0 mm
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Figure 9. SSPWMW-VRR magnetic equivalent circuit model inductive harmonic error.

Despite challenging calculations involving numerous variables, the MEC model offers valuable
insights into the impact of various design parameters on SSPWMW-VRR performance through its
magnetism attributes. Figure 9 shows that rounding off turns in the winding decreases output signal
accuracy, similar to that observed with conventional VRR; however, incorporating magnetic slot
wedges at slot openings helps mitigate this effect by enhancing signal precision. Utilizing optimization
studies along with performance evaluation using MEC models combined with FEA allows a more
precise examination of the electric circuit properties.

2.3. Electromagnetic Field Simulation and Dataset Construction

In advancing the resolver optimization process, we constructed an artificial dataset by system-
atically varying key stator slot parameters using Finite Element Analysis (FEA) simulations. The
dimensions of the stator slots—including slot width (Dgj), jaw width (Dyayw), slot wedge thickness
(Dslotwedge) and the spacing between windings—are crucial in determining the resolver’s performance.
These parameters influence magnetic flux distribution, leakage flux, and the electromagnetic coupling
between the stator and rotor.

2.3.1. Simulation Process and Parameter Selection

The simulation process was structured into the following stages:

1. Input Parameter Variations: We systematically varied key stator slot dimensions to generate
multiple resolver designs. The parameters were adjusted based on the ranges and step sizes
outlined in Table 2.

2. FEA Simulation: Each design configuration was evaluated using FEA simulations, provid-
ing detailed analyses of electromagnetic behavior, including magnetic flux distribution and
performance metrics such as torque ripple and induced voltage.

3. Data Collection: The simulation results were compiled into a dataset containing both the input
parameters (stator slot dimensions) and the output performance metrics (e.g., magnetic flux
densities, torque ripple, induced voltage waveforms, and position errors).

The key parameters selected for optimization are summarized in Table 2, and their physical
representations are illustrated in Figure 10.
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Table 2. Stator Slot Parameter Ranges for Optimization

Parameter Range (mm) | Step Size (mm)
Slot width (Dgyo;) 1.0-5.0 0.5

Jaw width (Djaw) 1.5-3.5 0.5
Spacing between signal and excita- 0.5-1.5 0.5

tion windings (Ds3)

Spacing between excitation winding 0.0-0.5 0.1

and stator ID (Dgy)

Spacing between slot wedge and sta- 0.0-1.2 0.4

tor ID (Dgs)

Slot wedge width (Dgjotwedge) 0.5-2.0 0.2

Figure 10. Stator Slot Parameters: 1. Dgot, 2. Djaw, 3. Ds3, 4. Ds4, 5. Ds5, 6. Dsjotwedge-

2.3.2. Dataset Construction and Analysis

The dataset generated from Finite Element Analysis (FEA) simulations captures the intricate
relationships between stator slot design and resolver performance metrics. These metrics serve as
output features for machine learning models used to optimize resolver design. To better understand
the initial performance characteristics before optimization, the dataset was analyzed using statistical
visualizations.

* Error Distribution: The error distribution, shown in Figure 11a, provides insight into the spread
and frequency of different error magnitudes. By identifying prevalent error ranges, this analysis
helps highlight areas that require further optimization.

* Parameter Correlations: The correlation heatmap (Figure 11b) highlights relationships between
key stator slot parameters and resolver errors. Understanding these correlations enables efficient
prediction of how changes in one parameter affect others, influencing overall resolver accuracy.

* Parameter Relationships: The scatter plot matrix (Figure 12) illustrates pairwise relationships
between the stator slot parameters. This analysis helps identify patterns and interactions that may
significantly influence resolver performance.

These insights formed the basis for the machine learning model development, revealing key
parameters that influence resolver performance. By leveraging this dataset, the optimization of
stator slot designs is guided by both empirical data and machine learning predictions to enhance
resolver accuracy.
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Figure 11. Error distribution and parameter correlation analysis.
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Figure 12. Scatter plot matrix showing relationships between stator slot parameters.

2.4. Machine Learning-Based Stator Slot Shape Optimization

These insights formed the basis for the machine learning model development, revealing key
parameters that influence resolver performance. By leveraging this dataset, the optimization of stator
slot designs is guided by both empirical data and machine learning predictions to enhance resolver
accuracy.

2.4.1. XGBoost Model for Error Prediction

XGBoost is an ensemble algorithm known for its efficiency in handling large datasets with complex
features. In this study, XGBoost was employed to model the relationship between stator slot parameters
and the position error of the VRR.The input features for the model included:
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Stator Slot Dimensions: Slot width (Dg),t), jaw width (Djaw), and slot wedge thickness (Dsjorwedge)-

Winding Spacings: Spacing between signal and excitation windings (Ds3), spacing between excitation
winding and stator inner diameter (Dsy), and spacing between slot wedge and stator inner
diameter (Dss).

The model’s target variable was the position error obtained from FEA simulations. After training,
the XGBoost model was capable of predicting position errors quickly, eliminating the need for repeated,
time-consuming FEA simulations. The feature contribution analysis (Figure 13) identified the most
influential parameters for resolver accuracy, offering critical insights for further optimization.

Features Contribution from XGBoost Model

0.5

o
IS

Contribution

[
)

0.1

0.0

o o\”*A § § S
QO & & & &
0‘1 o'o S {1\0

Features

Figure 13. Features Contribution from XGBoost Model.

2.4.2. Multi-Layer Perceptron for Complex Parameter Optimization

To capture complex nonlinear relationships between the stator slot parameters and position
error, a Multi-Layer Perceptron (MLP) model was employed. The MLP model, with its multi-layer
architecture, is well-suited for learning intricate patterns from the dataset.The MLP model structure
consists of:

Input Layer: Six neurons corresponding to the six slot design parameters (Dgjot, Djaw, Ds3, Ds4, Dss,

and D SlotWedge)~
Hidden Layers: The number of neurons and layers was optimized using GridSearchCV.

Output Layer: A single neuron representing the position error.

The MLP used ReLU activation functions for nonlinearity and the Adam optimizer to minimize
the mean squared error (MSE) loss function, improving model convergence and prediction accuracy
(Figure 14).

2.4.3. Model Performance Comparison and FEA Validation

Both models were evaluated based on predictive accuracy, convergence speed, and computational
efficiency. The key performance metrics used for comparison were Mean Absolute Error (MAE) and
Root Mean Squared Error (RMSE).

XGBoost Model: Demonstrated faster training and prediction times, efficiently handling the dataset
and providing clear feature contribution insights. It is especially effective for capturing simple
relationships between parameters and outputs.

MLP Model: Exhibited superior performance in modeling more complex nonlinear interactions
among parameters. However, it required longer training times and greater computational
resources.
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Figure 14. Schematic diagram of the Multi-Layer Perceptron (MLP) architecture for stator slot shape
optimization.

To validate the optimized designs from the machine learning models, FEA simulations were
conducted. Key performance indicators assessed included a comparison between the model predictions
and the FEA results. The results from the simulations revealed substantial improvements in the
optimized designs:

® Reduction in position errors.
e Enhanced signal orthogonality.
¢ Lower harmonic distortion in induced voltages.

The effectiveness of the machine learning-driven optimization is demonstrated in Figure 15,
which compares the predicted values from both the XGBoost and MLP models with the actual results
from the FEA simulations. Both models exhibit a high degree of trend consistency with the FEA values,
with only minimal differences. This strong alignment and low discrepancy between the predicted
values and the FEA results highlight the success of both models in achieving accurate predictions.

FEA vs. Predicted Values with Error Bands
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Figure 15. FEA vs. Predicted Values with Error Bands.

The analysis of Figures 16 and 17 provides a detailed comparison of the offset and absolute error
between the XGBoost and MLP model predictions with the actual FEA values.
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Model Predictions vs. Real Values: Offset Comparison
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Figure 16. Model Predictions vs. FEA Values: Offset Comparison.

In Figure 16, the offset comparison illustrates how the predictions from both models deviate from
the FEA values. The plot shows that while both models follow the overall trend of the FEA results, the
XGBoost model consistently exhibits smaller offsets. This suggests that XGBoost is more effective at
minimizing prediction errors and maintaining a closer alignment with the true FEA values.

Absolute Error Comparison: XGBoost vs. MLP

XGBoost Error
1.75 == MLP Error

i
]

Absolute Error (°)

o
@

0

1
1
l,
|||| | | “h
200

o
®
2]

“ . hl ‘
I ‘ H ’
‘. | ||||I'” .I"'|

100
Sample Index

| “| | | | |
|HH| LA
. J ||
T
0 50

'J\|||‘| :

5

) W ‘
B 'I| | '|-|h||ll“||-l'||,| .Ill i

Figure 17. Absolute Error Comparison: XGBoost vs. MLP.

Figure 17 further supports this conclusion by comparing the absolute errors between the two
models. The graph highlights the differences in prediction accuracy, with the XGBoost model demon-
strating a lower absolute error across most data points. This suggests that XGBoost provides more
reliable predictions compared to the MLP model when applied to the optimization of stator slot
parameters.

Moreover, when examining the overall prediction performance through the Mean Absolute Error
(MAE), the XGBoost model achieved an MAE of 0.1172, whereas the MLP model had a slightly higher
MAE of 0.1258. This small but significant difference in MAE values indicates that while both models
perform well, the XGBoost model outperforms the MLP model in terms of prediction accuracy, making
it a more effective choice for this particular optimization task.

In summary, both visual and numerical analyses show that the XGBoost model provides better
optimization results, reducing errors more effectively and aligning more closely with FEA simulation
values.

2.4.4. Experimental Results and Discussion

Following the optimization of the stator slot design using the machine learning models, prototypes
of the SSPWMW-VRR were manufactured based on the optimized parameters. These prototypes were
then tested to validate the effectiveness of the optimization process in comparison with a conventional
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VRR. Figure 18a shows the experimental setup for testing the SSPWMW-VRR prototype on a high-
precision rotary table. To reduce the influence of eccentricity on the output signal, fine adjustments
were made to the center position of the resolver using a two-axis horizontal slide table. Any static
installation eccentricity was minimized by precisely aligning the stator and shaft. Figure 18b displays
the dynamic test system for evaluating the prototype.

®

YR

B North Atlantic
API8810A

3 § BN smartbrx integrated analyzer
High Precision Rotary Table S8 Resolver Dynamic Test Analysis System

(a) High-precision rotary Table (b) Experimental setup
Figure 18. High-precision low-speed dynamic test system for resolver.

The structure of the dynamic test system is shown in Figure 19. The setup includes a High-
Precision Rotary Table that synchronously drives both the resolver and an encoder. The system is
designed to generate stable excitation signals, sample resolver output synchronously, and decode the
resolver’s position using a high-precision 32-bit encoder to calculate error deviations.
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Figure 19. Schematic of resolver test and analysis system
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As shown in Figure 20a, the oscilloscope captures the waveform from the SSPWMW-VRR proto-
type, demonstrating significant improvements in signal stability when compared to the conventional
VRR output (Figure 20b). The optimized design effectively reduces amplitude and phase variations,
highlighting the success of the machine learning-driven optimization process. Comparative exper-
iments were conducted on resolvers with a 37-mm outer diameter to evaluate the accuracy of the
optimized design, with prototypes of the conventional VRR and SSPWMW-VRR being tested.

(a) SSPWMW-VRR signal (b) conventional VRR signal
Figure 20. Experimental output signal waveform.

The error evaluation in Figure 21 indicates that the maximum error in the output signal is not
confined to zero position or fixed angle positions, as was often assumed in traditional methods. The
use of RDC (Resolver-to-Digital Converter) calculations allows for a more accurate understanding of
continuous signal variations and their associated errors. While the conventional VRR demonstrated an

error of 30", the SSPWMW-VRR prototype significantly reduced this to +5’, further validating the
effectiveness of the optimized design.

151
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Figure 21. Evaluation of VRRs: conventional vs. SSPWMW.

Harmonic analysis, shown in Figure 22, further supports these findings. The fourth harmonic,
primarily attributed to slot leakage flux, was present in all VRR prototypes. The conventional VRR
exhibited the highest harmonic amplitude of 6.40, with multiple significant harmonic components. In
contrast, the SSPWMW-VRR prototype reduced the harmonic amplitude to 1.94 and showed fewer
significant harmonics. These results underscore the improvement in signal quality and reduction in
error magnitudes achieved through the optimization process.
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Figure 22. Harmonic analysis of VRR prototypes.

In summary, the experimental results demonstrate the effectiveness of the machine learning-driven
optimization algorithm. By comparing the optimized SSPWMW-VRR prototype to a conventional
VRR, it is clear that the SSPWMW-VRR offers superior accuracy and signal stability, with significantly
lower errors and reduced harmonic distortion. These findings validate the practical application of the
optimization techniques developed in this study.

3. Conclusions

In this study, the performance of a Segmented Sinusoidal Parameter Winding with Magnetic
Wedge Variable Reluctance Resolver (SSPWMW-VRR) was optimized through a multi-layered ap-
proach, integrating Particle Swarm Optimization (PSO), Magnetic Equivalent Circuit (MEC) analysis,
and advanced machine learning techniques such as XGBoost and Multi-Layer Perceptron (MLP). The
goal was to address the design limitations of conventional VRRs, particularly issues related to winding
asymmetry, signal orthogonality, and harmonic distortions.

The Particle Swarm Optimization (PSO) algorithm was instrumental in optimizing the winding
distribution to achieve sinusoidal orthogonality and minimize harmonic distortion. MEC analysis
further provided detailed insights into the magnetic behavior within the stator slots, enabling the
fine-tuning of slot leakage flux, thereby improving the overall electromagnetic performance. The
application of machine learning techniques, particularly XGBoost and MLP, was a key innovation in
this research. These models allowed for precise optimization of the stator slot shape, reducing the
reliance on traditional trial-and-error methods and extensive physical simulations.

The optimized designs were validated through Finite Element Analysis (FEA) simulations and
real-world experimental tests. The machine learning models demonstrated a high degree of accuracy,
with XGBoost exhibiting a Mean Absolute Error (MAE) of 0.1172, compared to 0.1258 for MLP, thus
confirming that XGBoost provided superior performance in this context. Experimental results further
validated the efficacy of the optimized design, as the SSPWMW-VRR prototype achieved a significant
reduction in position errors (from +30” to £5”) and harmonic distortion compared to a conventional
VRR.

Overall, this study demonstrates the potential of combining optimization algorithms, detailed
electromagnetic modeling, and machine learning techniques to improve the design and performance
of VRRs. The proposed SSPWMW-VRR exhibits enhanced accuracy, signal stability, and reduced
harmonic content, making it a promising solution for high-precision applications such as electric
vehicles and aerospace systems.

Future work could focus on expanding this optimization framework to other types of electrical
machines and exploring hybrid machine learning models for even more refined design improve-
ments. Additionally, further investigation into reducing computational overhead and speeding up
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the optimization process could enhance the applicability of this methodology in industrial design
processes.
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