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Abstract—Nowadays, electrical machines are commonly
driven by voltage source inverters in which the intrinsic
switching phenomenon can result in common mode voltage
which can further lead to high frequency bearing currents.
To accurately model the bearing impedance and in turn
bearing currents, this paper proposes a probabilistic
framework for bearing impedance modeling in inverter-
driven applications. The impedance distribution is
decomposed using the chain rule into a phase model and an
amplitude model. A multi-layer perceptron (MLP)-based
network is employed to predict the impedance phase
distribution under given conditions and the corresponding
amplitudes for different phases. This approach effectively
captures both the transition from capacitive to resistive
states, through phase behavior, and the associated
amplitude responses, making it applicable across a wide
range of shaft speeds, voltage amplitudes, and excitation
frequencies. This modular approach aligns well with the
physical processes, underlying the bearing breakdown.
Additionally, it could be readily extended to incorporate
additional parameters such as temperature and lubrication
condition.

Index Terms— Bearing currents, impedance analysis,
dielectric breakdown, multi-layer perceptron (MLP),
conditional probabilistic modeling.

[. INTRODUCTION

g I \HE rapid evolution of inverter-driven electrical
machines has brought renewed focus to the intricate
interplay between high-frequency common-mode

voltages and the dynamic electrical behavior of ball bearings.

With the advent of wide bandgap (WBG) devices and faster

switching speeds, the phenomena that lead to bearing

degradation have become more pronounced [1] [2] [3]. Inverter
switching generates a wide spectrum of voltage disturbances
that can induce parasitic currents in bearings, accelerating both
electrical breakdown and mechanical wear [4] [5]. Traditional

lumped parameter models that treat bearing impedance as a

fixed parameter are no longer sufficient for capturing the

complex, variable nature of these interactions.
Experimental studies [6] [7] [8] have shown that bearing
impedance is inherently stochastic: its phase and amplitude
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vary significantly with lubrication state, preload, temperature,
shaft speed, and excitation frequency. Phase jumps typically
indicate lubrication-film breakdown and the onset of resistive
current paths, while amplitude distributions often exhibit
multimodal peaks corresponding to different conduction
regimes [1] [9]. To better reflect these dynamics, improved
equivalent circuit models have introduced variable breakdown
resistances and frequency-dependent distributed elements [10]
[11]. Finite element analysis (FEA) has been used to calculate
parasitic capacitances, inductances, and their coupling within
the bearing structure [12] [13].

Despite these advances, existing models remain fragmented
and largely deterministic. For example, reference [14]
conducted a broad survey of inverter-induced bearing currents
and highlighted the need for a unified probabilistic framework
to capture variability across operating conditions. Building on
this, reference [15] refined the equivalent-circuit approach by
introducing a variable breakdown resistance term to model the
transition from capacitive (non-breakdown) to resistive
(breakdown) behavior. Earlier, reference [7] proposed a
detailed electrical model for rolling-element bearings that
incorporates dielectric constants, specific resistances, and
lubrication-film effects. Although each addresses aspects of
impedance variation or mitigation, no existing model provides
a fully probabilistic description spanning both non-breakdown
and breakdown regimes.

Accurate characterization of bearing impedance variation
under different operating conditions is crucial for developing a
model capable of predicting bearing currents [16] [17] [18]. In
particular, the impedance amplitudes in the breakdown state are
often difficult to predict. This paper proposes a machine
learning-based probabilistic modeling framework to capture the
nonlinear variations of bearing impedance under different shaft
speeds, applied voltage amplitudes, and frequencies (up to 1
MHz), covering the higher order harmonic components of
common-mode voltage (CMV) for PWM inverters. The main
novelty of this framework lies in its ability to probabilistically
describe bearing behavior across a substantial range of
operating conditions, including both non-breakdown and
breakdown regimes. This capability is achieved through a two-

Xiao Chen is with the University of Sheffield, Sheffield, S10 4DE, UK
(e-mail: xiao.chen@sheffield.ac.uk).

Xiangyu Sun is with the University of Sheffield, Sheffield, S10 4DE, UK
(e-mail: xiangyu.sun@sheffield.ac.uk).



IEEE TRANSACTIONS ON DIELECTRICS AND ELECTRICAL INSULATION

stage approach: First, the ball bearing impedance under various
operating conditions is modeled as a joint conditional
distribution. Then, following the chain rule of probability, it is
factorized into two conditional distributions: the one captures
how the impedance phase changes across different operating
conditions, and the other one describes the impedance
amplitude based on both the operating conditions and the
corresponding phase states. As a result, this work presents
several significant advancements compared to previous studies:

1) A probabilistic phase model using a bin-based neural
network and kernel density estimation (KDE) smoothing
to accurately represent complex, potentially multimodal
distributions.

2) Assuming that the conditional amplitude model follows
Gaussian distribution, a neural network is used to predict
its parameters, thereby simplifying the modeling.

3) The chain-rule factorization confers a strong physical
interpretation: a transition in phase often signals the onset
of electric breakdown, and the corresponding amplitude
distribution highlights the resistive or capacitive nature of
the bearing at that operating point.

4) The framework uses conditional probability models
which means it can be easily extended to other factors
such as temperature or lubrication states.

This study focuses on the capacitive-to-resistive transition in
bearing impedance, which is driven by high-frequency
dielectric breakdown phenomena. The proposed probabilistic
framework provides a quantitative characterization of the
impedance behavior across breakdown and non-breakdown
states, enabling improved understanding of the electrical
processes underlying such transitions.

The paper is organized as follows. Section II details the
development of the proposed probabilistic model and its
underlying methodology. Section III and Section IV introduce
the modeling of impedance phase and amplitude, respectively.
Section V presents the experimental validation of the
framework under various operating conditions. Finally, Section
VI concludes the paper and outlines future research directions
to further enhance bearing health monitoring and predictive
maintenance strategies.

I1. IMPEDANCE PROBABILITY DISTRIBUTION MODELLING

A. Problem Statement

Ball bearings typically have multiple rolling elements (balls)
running between inner and outer raceways. As the rolling
elements rotate, a thin lubrication film develops between the
rolling elements and inner/ outer races, acting as a dielectric and
thus isolating the balls from the raceways. Fig. 1 illustrates the
schematic and electrical model of a ball bearing. In non-rotating
conditions, the balls are in contact with the inner and outer
raceways, allowing the bearing to behave almost as a short
circuit. Under normal operating conditions, the bearing usually
exhibits a predominantly capacitive response, often modeled as
either a pure capacitor or a combination of capacitance and
resistance [6] [15], where the impedance strongly depends on
factors such as the lubricant relative permittivity, the contact
area, and the film thickness. Once the voltage across the bearing

exceeds a certain threshold, the dielectric experiences a
breakdown, transitioning to a conductive state. This event
typically triggers impulsive electrical discharge machining
(EDM) currents that can significantly shorten the bearing
lifespan [19] [20]. Based on these fundamental behaviors, the
next section introduces a probabilistic modeling framework,
designed to capture both the non-breakdown and breakdown
characteristics of ball bearings under a wide range of operating
conditions.

Inner raceway

Lubricant — Cp

QOuter raceway

Fig. 1. Ball bearing schematic and its equivalent circuit model [6].

B. Probabilistic Model of Ball Bearing Impedance

The impedance of a ball bearing is affected by several
operating parameters, including shaft speed, voltage amplitude,
and excitation frequency. Due to inherent randomness, even
under identical operating conditions, the impedance can exhibit
varying behaviors [6] [7]. Consequently, it is challenging to
describe impedance with a deterministic model based solely on
these parameters. A more appropriate approach is to treat
impedance as a conditional probability distribution, where the
operating parameters define the probability of different
impedance states.

This study aims to estimate the conditional probability
distribution of bearing impedance, under various operating
conditions characterized by rotational speed RPM, voltage
amplitude V, and excitation frequency f. As illustrated in Fig.
2, the conditional probability distribution of impedance is
represented as a collection of cloud points. Each dot in the
figure corresponds to a specific impedance data point, where
the horizontal axis represents the impedance amplitude, and the
vertical axis denotes the phase angle. Those measured data are
obtained by the work presented in [6]. Together, these dots form
the distribution of impedance in the phase-amplitude plane. To
better formulate the problem, the condition vector is denoted as
¢ = [RPM,V, f], x represents the measured phase angle and y
represents the measured impedance amplitude. Then, the
conditional probability distribution of impedance can be
expressed as the joint distribution of phase and amplitude

p(x,ylc).
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Fig. 2. Impedance distribution under different operating conditions.
(a) Measured at 1400 r/min, 3 V, 1 MHz. (b) Measured at 1200 r/min, 2
V, 900 KHz.

Direct modeling of the impedance distribution p(x,y|c) is
difficult due to the complexity of capturing the joint
dependencies between x and y as well as the variability
introduced by c. To address this issue, an alternative approach
is adopted, where the conditional probability distribution of the
bearing impedance phase, p(x|c) , is modeled first.
Subsequently, the amplitude distribution p(y|x,c) is
represented. By applying the probability chain rule, these two
distributions are combined as follows:

p(x ylc) = p(x[c) - p(ylx, c) 1

One strength of the framework lies in its interpretability: the
chain-rule factorization aligns well with physical intuition,
since the bearing phase shift typically signals the onset of
electric breakdown, and the impedance amplitude of the
breakdown (purely resistive state) depends on the voltage
amplitude and frequency. In addition, given that the phase angle
often directly reflects the transition from capacitive to resistive
behaviour in bearing electric breakdown phenomena,
independent modelling p(x|c) is crucial for monitoring and
predicting breakdown events.

Rather than producing discrete health labels (e.g., “healthy”,
“degraded”, “failed”), the proposed framework generates the
complete conditional impedance distribution in the phase-
amplitude plane for a given operating condition. This
probabilistic representation can be regarded as a digital twin of
the bearing’s electrical behavior, enabling downstream analysis
such as classification into capacitive/transitional/resistive states
using predefined phase thresholds, or direct computation of
derived quantities like bearing current. In this way, the model
can be applied to any particular case covered by the operating
range of its training data.

I1l. PHASE DISTRIBUTION MODELLING

This section focuses on a bin-based (discretized) formulation
of conditional probability, a neural network training strategy,
and kernel-based smoothing to reconstruct the predicted
continuous distribution.

A. Discrete Distribution of Phase

To better understand the phase distribution characteristics of
bearing impedance under various operating conditions, a
histogram of the phase distribution under specified conditions
can be plotted. This approach visually illustrates how the data
are distributed across different intervals. Subsequently,
employing the KDE method to draw a continuous probability
distribution curve of the phase provides a more comprehensive
depiction of the overall distribution and central tendency of the
phase data within the selected range [21].
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Fig. 3. Phase distribution under different operating conditions.
(a) 800 r/min, 3V, 500 KHz. (b) 600 r/min, 4 V, 300 kHz.
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Fig. 3 depicts the phase distribution of bearing impedance
under different operating conditions, and these distributions
under given conditions typically exhibit multimodal or heavy-
tailed behavior. It is challenging to adopt a single parametric
distribution (e.g., uniform, gaussian, exponential) model to
describe these distributions, making it difficult to directly fit or
model the phase distribution in a purely parametric manner.
Therefore, a binning approach is adopted to discretize the phase
angle into a finite set of bins. Since both the condition variables
¢ and the phase x can span different scales, each dimension is
first standardized separately. This transformation is performed
to ensure zero mean and unit variance for each dimension.
Specifically, the standardization is applied as follows:
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where 1, and o, are the mean and standard deviation of x,
while u., and g, are the mean and standard deviation of the i-
th component of ¢ . This standardization removes scale
disparities among features (e.g., voltage amplitude in the range
1—5 versus frequency in the range 10°—10°), accelerates
convergence, and prevents any single variable from dominating
the learning process. After standardization, the phase x’ is
normalized to lie within the range [@in, @max] - The
normalized phase is then discretized into B bins, which are
defined by boundaries {8y, B1, ..., Bg}. The number of phase
bins was set to B = 30, which provides a balanced trade-off
between resolution and statistical reliability: too few bins would
smear sharp phase peaks, while too many bins would lead to
sparsity and noisier probability estimates. Each observed phase
X, is assigned to an integer bin index k,, based on the condition:

k, = argmax; 1{By < x, < Bi+1}
with k=0,1,...,B—1

where 1 is the indicator function. Instead of modeling p(x|c)
directly, the discrete probabilities are expressed as:

pr(c) = p(x € [Bi, Br+1lc)
withk=0,1,..,B—1
By adopting this binning approach, the training objective is
simplified. The potential complexity of the phase distribution is
preserved within the network outputs in the form of predicted
discrete probabilities.

B. Neural Network Probability Model

To obtain p,(c), a feedforward neural network multi-layer
perceptron (MLP) was designed to map the condition vector ¢
to the probability of each bin, as illustrated in Fig. 4. An MLP
is a type of artificial neural network composed of multiple
layers of neurons, where each layer applies a weighted
transformation followed by a nonlinear activation function to
learn complex relationships in the data.

In this phase model, three standardized features (Let ¢ € R3
be standardized into ¢), i.e. rotational speed, voltage and
frequency, are served as input. The input vector passes through
three fully connected hidden layers with 128, 64, and 64
neurons respectively, each employing a ReLU activation
function. To mitigate overfitting, Dropout is applied within
these hidden layers. The network then outputs a B -dimensional
vector z, whose component {z, } are the logits for each bin k. A
softmax layer is subsequently used to convert these logits into
probabilities:

3

“
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If the observed phase for the n-th sample falls into bin k,,, the
network can be trained by minimizing the cross-entropy loss:
L
L==3 ) Y otk Inpe)  (©
n=1k=0

where & (k, k,)is the Kronecker delta, which equals 1 if k = k,,

and 0 otherwise. Once the network is trained, for any new
condition vector c¢*, it directly outputs {p,(c*)}, a discrete
probability distribution over phase bins.

C. Kernel-Based Distribution Reconstruction

Since the output of MLP is a discrete histogram representing
the impedance phase distribution under given conditions, a
KDE method is applied to transform this discrete distribution
into a continuous probability density function for data sampling.

To achieve this, a large number of data are first drawn from
the histogram bins, where each selected bin corresponds to a
normalized phase value. These sampled phase values are then
mapped back to the original scale via inverse normalization,

forming a sample set {xm}Zﬂ. A kernel function K(*),

typically Gaussian, is then used to reconstruct a smooth
continuous distribution:

f(x)=MihiK

where h is the bandwidth parameter, which is fixed at 0.2 based
on empirical evaluation. A smaller value produces overfitted,
spiky phase distributions that amplify noise, while a larger
value oversmooths the curves and masks narrow breakdown-
related peaks. This KDE approach effectively smooths the
probability density, capturing multiple peaks or sharp
transitions in the distribution. It also provides a clearer
understanding of the likelihood that the bearing transitions from
a capacitive (non-breakdown) state to a resistive (breakdown)
state at different phase angles.
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Fig. 4. Architecture of phase distribution model

IVV. AMPLITUDE DISTRIBUTION MODELLING

A. Amplitude Modeling under a Gaussian Assumption

Modeling the conditional amplitude distribution p(y|x, ¢) is
essential for capturing the complete bearing impedance
behavior. The phase x is already learned through p(x|c), but
the amplitude y depends strongly on both the operating
conditions ¢ = [RPM,V, f] and the phase x. A bin-based
approach similar to p(x|c) would require discretizing a higher-
dimensional space (phase plus conditions), leading to excessive
data sparsity and model complexity.

To address this, a more compact strategy was adopted by
assuming that, within a small phase interval, the amplitude
measurements can be approximated by a Gaussian distribution.
This approximation balances modeling tractability with
empirical and theoretical validity. Within a narrow 1° phase
window, amplitude variations exhibit relative smoothness and
are primarily influenced by numerous small, partially
independent perturbations, such as oil film thickness
fluctuations, contact resistance variations, micro-discharge
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energy, and sensor noise. By the Central Limit Theorem, the
aggregate effect of these bounded disturbances tends toward a
normal distribution. This is consistent with electro-tribo-
dynamic analyses of rolling element bearings [22], which
attribute local electrical variation to stochastic thermal and
mechanical factors, and with statistical studies on oil insulation
breakdown [23], which report near-Gaussian behavior under
fixed physical conditions despite globally skewed failure
distributions. Observations of electrically-induced bearing
damage [24] further link local impedance fluctuations to
microscale discharge events and tribological instabilities,
reinforcing the Gaussian assumption at the local scale.

For each operating condition, all amplitude samples are
pooled to estimate a single, phase invariant standard deviation
o.. The experimental phase spans from —90° to 10°, uniformly
divided into 100 one-degree segments. For each segment, the
corresponding amplitudes are collected and their sample mean
[; is computed. These statistics were then mapped to the center
point of each segment (for instance, —10° for the segment
[—11°,—10°)), forming a coarse lookup of amplitude behavior.
It is important to note that this segment-based statistical
3approach primarily serves as an initial reference for local
Gaussian parameters. Ultimately, the neural network described
below learns these parameters across the continuous space of
phase and operating conditions, thus mitigating data sparsity
issues that might arise from purely segment-based
discretization.

B. Neural Network Probability Model

Real-world impedance amplitude measurements can span
several orders of magnitude, especially during breakdown
events, where ball bearings transition from a capacitive to a
resistive state. This variability poses challenges for
transformations based on Gaussian distributions. To address
these issues, a small shift (e.g., 107°) is added to the raw
amplitude data to ensure all values are positive. Subsequently,
a Box-Cox transformation is applied, which is advantageous for
reducing skewness, stabilizing variance, and transforming the
data to better approximate a Gaussian distribution [25]. The
Box-Cox transformation is defined as:

7 -1

A )
Iny,

A=0

Yec =

where  is the shifted amplitude. Following the transformation,
the data is normalized to have zero mean and unit variance,
which accelerates network convergence and enhances model
stability.

After data preprocessing, a feedforward neural network (MLP)
is employed to model the conditional probability distribution
p(y|x, ¢). The architecture of the amplitude model is presented
in Fig. 5. The network takes four input features: rotational speed,
voltage, frequency, and phase. These inputs are processed
through three fully connected hidden layers with 64, 32, and 32
neurons, respectively. The output of each hidden layer is
activated by ReLU activation function. At the output stage, the
network splits into two parallel heads:

1) Mean head: predicts the conditional mean amplitude fi(u),

where u = [c, x].
2) STD head: predicts the phase-invariant standard deviation
6 (u), a soft-plus activation ensures strictly positive.
The conditional distribution is interpreted as Gaussian:

p(lx, c) = N (; f(w), 6(w)?) ©)
The network is trained by minimizing a mean-squared-error
(MSE) objective instead of the full negative log-likelihood to
avoid numerical instabilities when & is close to zero.
Given a training set {(Cy, Xy, fin, O, ) In=1, Where i, is the
empirical mean of the n-th phase segment and o, is the global
standard deviation for condition c,,, the loss function is

N
1 _ R 2
L=3 > G = 4@ + (0, - 3)’]  (10)
n=1
This criterion independently penalizes deviations in the

predicted mean and predicted standard deviation, driving the
network to regress both statistics simultaneously.
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Fig. 5. Architecture of amplitude distribution model

C. Generation of Impedance Distribution

For a complete bearing impedance model, the approach for
p(x|c) can be combined with a complementary model
p(y|x, ¢) to represent how the amplitude y depends on both the
phase x and the condition vector ¢. Once the joint distribution
p(x,ylc) is learned, sampling from it enables more
comprehensive simulation of bearing breakdown processes
under various speeds, voltages, and frequencies. Since the
learned results are consistent with underlying electrical and oil-
film thickness models, this probabilistic framework offers
valuable insights for accurate bearing current modelling.

To generate the complete impedance distribution, a large
number of phase samples {x,,} were first drawn from the
kernel-smoothed distribution of p(x|c). Each sampled phase
X, was then passed to the trained neural network together with
the condition vector ¢ to predict {, and G, , producing
amplitude samples {y,,,}. As a result, a synthetic cloud of points
{(xm, Ym)} was generated, providing a probabilistic view of the
bearing impedance under the specified RPM, V, and f. This
cloud not only revealed expected amplitude-phase relationships
in non-breakdown conditions (highly capacitive states) but also
captured potential shifts toward resistive behaviors at higher
speeds or voltages, enabling more accurate fault detection and
risk assessment for bearing breakdown events.

V. EXPERIMENT VALIDATION

A. Experimental validation method

To validate the effectiveness of the proposed method, ball
bearing impedance data under different working conditions was
obtained through experiments. The schematic and the platform
of experimental setup are illustrated in Fig. 6 and Fig. 7 [6],
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respectively. The bearing under test is an SKF 61 905 2RS1. An
impedance analyzer applies different voltage amplitudes and
frequencies between the shaft and the bearing holder. A carbon
brush, contacting the inner raceway of the bearing, and the
bearing holder, in contact with the outer raceway, establishes
the electrical connection. To reduce measurement noise, the rig
incorporates a dielectric plate with capacitive coupling, and
dielectric foils are inserted between the main platform and the
carbon-brush holder. By varying the shaft speed, voltage
amplitude and frequency, the system measures and records the
impedance (both amplitude and phase). A full factorial grid of
500 unique operating conditions is used, comprising 10 speed
levels (0, 100 r/min, 200 r/min, 400 r/min to 1600 r/min), 5
voltage levels (1 V to 5 V), and 10 frequency levels (100 kHz to
1 MHz). The distribution across levels is uniform by design. For
each combination of condition ¢ (rotational speed, voltage,
frequency), the system collects 500 impedance measurements
(including phase x and amplitude y), with a sampling time of
approximately 6 ms. In total, this yields 250,000 impedance
records. The observed phase distribution may fall into purely
capacitive (non-breakdown), transitional (mix of breakdown
and non-breakdown), or purely resistive (breakdown) states.
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Fig. 6. Schematic of the experiment setup [6]
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Fig. 7. Experiment platform [6]

A condition-based data partitioning strategy, defined by
combinations of rotational speed, voltage, and frequency is
employed to evaluate the model accuracy and generalization
capability. First, the entire dataset is divided into distinct groups
according to these operating conditions, with 80% allocated to
the development pool and the remaining 20% reserved for an
unseen test set.

To ensure model robustness and stability, key
hyperparameters were selected through lightweight grid and
random search procedures conducted solely within the

development pool. For both the phase and amplitude models,
we explored network depth (24 layers), width (32-128
neurons per layer), and dropout rate (0-0.5). Additionally, for
the phase model, we optimized the number of discretized phase
bins B in the range 10-50. The final selections balanced
resolution, generalization, and computational cost. The full
search space and selected optimal values are summarized in
Table 1.

TABLE |
HYPERPARAMETERS TO BE OPTIMZED
Component Hyperparameter Search space Optimal
Hidden layers 2,34 3
Phase Number of neurons 32,64, 128 128, 64, 64
model Dropout 0,0.1,0.2 0.2
Bins 10, 20, 30, 40, 50 30
Amplitude Hidden layers 2,34 3
model Number of neurons 3264 128 64,32,32
Dropout 0,0.1,0.2 0.2
Learning rate Se-4, 1e-3, 2¢e-3 le-3
Training Optimizer Adam Adam
Batch size 32 32

Given the relatively small dataset (500 instances), Group K-
Fold cross-validation (e.g., K = 5) is adopted in the
development pool: in each fold, samples from K—1 condition
groups are used for training, while the remaining group serves
as the validation fold for hyperparameter tuning and optimal
model selection. By ensuring that every validation fold contains
operating conditions never encountered during the
corresponding training phase, and by keeping the test set
completely out of the cross-validation loop, the approach
provides a realistic assessment of the model performance in
previously unobserved operating regions. While in practical
scenarios the entire dataset covering all operational conditions
is typically utilized to maximize predictive performance, this
condition-based Group K-Fold partitioning provides critical
insights into the robustness and generalizability of the proposed
method when confronted with states beyond the training range.

Model validation is performed in three main steps. The
flowchart is shown in Fig. 8. First, under the specified operating
conditions, the condition vector is fed into the trained phase
model to obtain the conditional phase probability distribution.
Next, random samples are drawn from this phase distribution
and, along with the same operating conditions, are used as
inputs to the trained amplitude model to produce the
corresponding amplitude probability distribution. Finally,
additional samples are drawn from the amplitude distribution
and paired with the previously sampled phases to form the
overall impedance distribution, providing a comprehensive
evaluation of bearing impedance under the given conditions.
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Fig. 8. Experiment validation flowchart.

B. Phase distribution prediction

Accurately estimating the impedance breakdown probability,
under various operating conditions, is crucial for predicting
EDM bearing currents. Fig. 9 compares four bearing impedance
states under four different conditions. These states are
categorized based on the impedance phase angle: a phase
greater than —20° typically indicates a resistive (breakdown)
state, between —20° and —70° indicates a transitional state, and
less than —70° corresponds to a capacitive (non-breakdown)
state. In Fig. 9 (a), the impedance is in a capacitive state (the
bearing is essentially at no risk of breakdown). In Fig. 9 (b), the
impedance is in a transitional state leaning toward capacitive
(the bearing has a relatively low breakdown probability). In Fig.
9 (c), the impedance is in a transitional state leaning toward
resistive (the bearing has a relatively high breakdown
probability). In Fig. 9 (d), the impedance is in a fully resistive
state (the bearing experiences breakdown).

Experimental results show that the predicted impedance phase
distributions align well with the actual measurements across a
range of operating conditions, demonstrating the effectiveness
of the proposed model.
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Fig. 9. Predicted phase distribution versus measured
distribution under four operating conditions. (a) 200 r/min, 1V,
500 kHz; (b) 400r/min, 3V, 300kHz; (c) 1400r/min, 2V,
100 kHz; (d) 1000 r/min, 4V, 700 kHz. C = capacitive state; T =
transition state; R = resistive state.

C. Impedance distribution prediction

The phase model evaluates the bearing breakdown probability
distribution under various operating conditions, while the
amplitude model provides the impedance magnitude for a given
phase, both of which are needed in a bearing current calculation.
To validate the accuracy of the amplitude model and the
effectiveness of the overall framework, Fig. 10 offers a visual
comparison between the predicted and actual impedance point
clouds across various operating conditions. In particular, the
real impedance shown in Fig. 10(a) is largely concentrated in
the non-breakdown region, whereas Figs. 10(b) and (c) exhibit
a distinctly multi-modal distribution. Other sub-figures reveal
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that the impedance amplitude can vary significantly across a
broad phase range. Fig. 10(d) illustrates a scenario where the
entire distribution falls within the breakdown region, and Fig.
10(e) similarly shows a large portion of the distribution in
breakdown. Finally, Fig. 10(f) spans from breakdown to non-
breakdown states, displaying a pronounced long-tail
distribution.

To quantify the accuracy of the model, the Earth Mover’s
Distance (EMD) was employed to assess the overall
discrepancy between the predicted and the real distributions.
EMD measures the minimal transportation cost required to shift
each discrete point in the predicted distribution to the
corresponding location in the real distribution within the two-
dimensional  (amplitude-phase) space. To eliminate
discrepancies arising from different measurement scales or
coordinate ranges under varied experimental conditions, the
amplitude and phase were both constrained to their respective
minimum and maximum values for each operating condition.
Subsequently, EMD was normalized to the [0,1] range to
define the point-cloud similarity:

dmax = \/(xmax - xmin)z + (ymax - ymin)2 (1 l)
EMD (12)

=1-
SEmD do
where X4 and X, denote the maximum and minimum
phases, Vi and Vi, denote the maximum and minimum
amplitudes, and d,,,, is the maximum possible distance in the
amplitude-phase plane. A similarity Sgp that approaches 1
indicates a smaller discrepancy and thus closer alignment of the
two distributions. The six impedance distribution comparisons
shown in Fig. 10, from (a) to (f), have point cloud EMD
similarities of 0.954, 0.937, 0.97, 0.92, 0.981, and 0.919,
respectively.

To complement EMD, the symmetric nearest neighbor root
mean square error (RMSE) is also reported to capture local
geometric alignment between the predicted and measured point
clouds. While EMD quantifies the global distribution shift,
RMSE measures pointwise similarity by matching each
predicted point to its nearest measured point, and vice versa,
averaging the squared distances in both directions before taking
the square root. Consistent with the EMD normalization in (11)-
(12), RMSE is mapped to [0, 1] as

RMSE

(13)

Spusg = 1— d
max

where a larger Spysp indicates closer alignment. For the six
operating conditions in Fig. 10, the corresponding S RMSE
values are 0.973, 0.992, 0.980, 0.976, 0.994, and 0.993,
confirming strong local agreement between predictions and
measurements.

The proposed model not only accurately captures these
features and flexibly predicts the coupled relationship between
phase and amplitude, but also maintains high accuracy in
predictions under diverse conditions, thereby demonstrating its
effectiveness for bearing impedance analysis and breakdown
risk assessment.
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TABLE Il
COMPARISON OF REPRESENTATIVE MODELLING APPROACHES FOR BEARING VOLTAGE/IMPEDANCE PREDICTION
Phase-amplitude Probabilistic / . .
Method Output form transition modelled distribution output Applicable operating range
Electromagnetic FEA + Time-domain transient Various desien and material
distributed-parameter and steady-state No (amplitude only) | No . &
. L . scenarios
equivalent circuit [12] bearing voltage
Equivalent circuit + Breakdown process . . o
variable breakdown voltage/current Ye§ (Fapac1t1ve - No High-frequency excitation
. resistive) breakdown tests
resistance [15] waveforms
Coupl'ed mechar'ncal- Impedance (resistance | Yes (breakdown Considers speed,
electrical analytical model . . No
[16] + capacitance) switch model) temperature, load
Single steel ball
experiment +Vthe_rmo_— Capacitance value No No Static and thermal effects
elastic load distribution
[17]
Data-driven regression Given speed, temperature,
(machine learning) [26] Impedance value Yes No and load
groposed (_(;haln— Joint amplitude-phase Yes (phase- . Yes (fu.ll. Cross-RPM, voltage, and
ecomposition impedance distribution dependent amplitude | probability frequency conditions
probabilistic model) P evolution) density) 4 y
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Fig. 10. Predicted impedance distribution versus measured
data under six operating conditions. (a) 400 r/min, 2 V, 500 KHz.
(b) 200 r/min, 2 V, 100 kHz. (c) 800 r/min, 2 V, 400 KHz. (d) 1200
r/min, 3 V, 800 kHz. (e) 200 r/min, 4 V, 900 KHz. (f) 800 r/min, 4
V, 900 kHz.

D. Comparison with Existing Works

To enhance clarity in reviewing prior studies, Table II
summarizes representative modelling approaches for bearing
voltage or impedance prediction. The comparison highlights

key aspects such as modelling type, output form, capability to
capture the capacitive-to-resistive transition, probabilistic
treatment, and applicable operating range. It is worth noting that,
except for [26], which employs a purely data-driven regression,
all other referenced works are fundamentally based on
analytical, physics-derived modelling, from equivalent circuit
formulations to coupled mechanical-electrical impedance
calculations, typically yielding point estimates rather than full
probabilistic descriptions. Each has its own strengths: for
example, Ref [12] achieves high-fidelity transient voltage
simulation via FEA; Ref [15] models the breakdown process
with variable resistance; Ref [16] offers physically interpretable
predictions across speed, temperature, and load; Ref [17]
provides precise capacitance evaluation using controlled single-
ball experiments; and [26] reduces analytical-experimental
discrepancies using machine learning. In contrast, the present
work integrates physical interpretability with a chain-
decomposition probabilistic framework, enabling joint
amplitude-phase modelling, explicit representation of
stochastic variability, and generalization across a wide range of
operating conditions.

Beyond this qualitative comparison, quantitative benchmarks
are also conducted on two classic regression methods (random
forest and gradient boosting) following the configuration in
[26], which, to the authors’ best knowledge, is the only machine
learning study on bearing impedance prediction so far. These
models were trained using the same input variables (rotational
speed, voltage amplitude, and frequency) to predict the average
impedance amplitude.

Since these baseline models cannot produce impedance
distributions or capture phase-dependent variations, the
comparison was restricted to five operating conditions in
predominantly capacitive states and five in predominantly
resistive states. For each case, the percentage deviation between
the predicted and measured average impedance amplitude was
evaluated. As shown in Table III, the proposed model achieves
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the highest accuracy in capacitive states (mean deviation
1.01 %), outperforming both baselines. In resistive states,
random forest achieves the lowest deviation (1.61 %), while the
proposed model outperforms gradient boosting. Importantly,
unlike the baselines, the proposed method also models the
complete impedance distribution and can capture phase-
dependent variations.
TABLE 11l
COMPARISON WITH OTHER MACHINE LEARNING METHODS

Mean deviation (%)

Methods — —
capacitive states resistive states
Proposed 1.01 3.07
Random forest 1.27 1.61
Gradient boosting 1.21 3.81

VI. CONCLUSION

A data-driven framework has been presented for modeling
the bearing impedance distribution, taking into account both
phase and amplitude across varying shaft speeds, voltage
amplitudes, and excitation frequencies. A two-part procedure,
involving the phase model and the conditional amplitude model,
is introduced and validated using experimental data. Following
the probabilistic chain rule, the two-dimensional point-cloud
distribution is factorized into two one-dimensional distributions,
each modeled with an individual MLP, which greatly reduces
the difficulty of predicting the full point-cloud distribution
directly. The primary findings can be summarized as follows:

1) Phase distribution: abrupt changes or multimodal trends
in phase are successfully captured by the bin-based neural
network and KDE, effectively distinguishing between
capacitive and resistive regimes.

2) Amplitude modeling: adopting a Gaussian assumption
within local phase intervals provides an efficient trade-off
between simplicity and representational flexibility.

3) Breakdown identification: There is a complex, nonlinear
relationship between shifts in the ball bearing impedance
and the input conditions. Using this machine learning
based model, the probability of failure under various
operating conditions can be estimated.

In addition to its current form, the proposed probabilistic
framework allows seamless expansion to account for more
diverse operating or environmental factors (e.g., temperature,
lubrication states) by augmenting the input condition vector.
The factorized form p(x|c)p(y|x,c) remains valid when c
includes additional variables, ensuring mathematical
consistency while preserving the interpretability of the model.
Although such variables were not included in the current
experiments, the modular design offers a scalable pathway for
future improvements. This structure also enables adaptation to
other bearing types via minor fine-tuning or by integrating basic
bearing descriptors into the input space. Ultimately, combining
impedance modeling with extended physical insights may yield
more comprehensive bearing current predictions and contribute
to improved reliability of inverter-fed electrical machines.
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