::STU

SLOVAK UNIVERSITY OF
TECHNOLOGY IN BRATISLAVA

Journal of Electrical Engineering, Vol. 77, No. 2, 2026, pp. 130-138
https://reference-global.com/journal/JEE

Insulation diagnosis of power semiconductor
using a PCB based microstrip patch-type partial discharge sensor

Gyeong-Yeol Lee!, Sung-Wook Kim?**

Printed circuit board (PCB) based power semiconductors are essential elements in modern electrical systems by their fast and
reliable capabilities within compact miniaturized sizes. However, due to the recent trends of increased operating voltage and
frequency ranges, the dielectric strength of insulation systems in PCBs has been faced a lot of challenges regarding degradation
and acceleration of insulation properties, initiating partial discharges (PD). This paper proposes a PCB based microstrip patch-
type PD sensor to detect high frequency PD signals generated from insulation defects. Four typical types of PCB defect models
were fabricated to simulate the insulation defects within the power semiconductor. Phase-resolved partial discharge (PRPD)
patterns were obtained at 120% of each partial discharge inception voltage (PDIV) level, and various statistical PD features
were extracted to establish PD datasets. Four representative machine learning (ML) algorithms were comparatively analyzed,
and the random forest (RF) model achieved the highest performance with an accuracy of 96.9%.
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1 Introduction

In modern electrical systems, power semiconductors
have been widely employed owing to their compact size,
fast switching capability, and excellent reliability [1-3].
In particular, the advent of wide-bandgap (WBG)
devices, such as silicon carbide (SiC) and gallium nitride
(GaN), has significantly improved the capabilities and
performances of power semiconductor technologies.
These WBG-based power semiconductors can operate
under high voltage (HV) and high frequency switching
conditions, offering remarkable advantages in
efficiency, compactness, and overall functionality in the
power systems [4, 5].

In recent decades, as the application ranges of power
semiconductors continue to expand, insulation reliability
within the power semiconductors has become a critical
factor for stable operations. However, the elevated
operating voltage and switching frequency levels lead to
exposing a lot of electrical and mechanical stress to the
insulation materials, which can induce internal defects
and accelerate insulation degradation, eventually re-
sulting in the initiation of partial discharge (PD).
Although numerous studies have investigated PD
measurement techniques using electrical, thermal, and
acoustic methods, there still remains many challenges in
practical applications due to the limited installation
spaces and increasing complex and miniaturization of
printed circuit board (PCB) based power semicon-

ductors. Furthermore, it has not been established stan-
dardized procedures or diagnostic criteria for PD
measurement in the power semiconductors [6-9].

A lot of studies have been conducted to diagnose in-
sulation defects using various kinds of machine learning
(ML) algorithms. In[10, 11], researchers used multilevel
pulse width modulation (PWM) waveforms to simulate
switching voltage conditions (dv/df) on typical insu-
lation defects within the power semiconductors, such as
void and crack, and applied representative ML algo-
rithms, including random forest (RF) and artificial
neural network (ANN) models, to classify types of
insulation defects. In [12], researchers obtained phase-
resolved partial discharge (PRPD) patterns of various
types of PD defects within insulation systems and were
used artificial intelligence (Al) based ML algorithms for
PD classification. However, from the perspective of
reliable operations of the power semiconductors, PD
characteristics of various types of insulation defects have
to be investigated. To address these challenges, this
paper presents the insulation diagnosis using a PCB
based microstrip patch-type PD sensor capable of high-
frequency PD signals generated from insulation defects.
Four representative defect models were prepared to
simulate the typical insulation defects within the power
semiconductors. Distinguishable PD features were
extracted from PRPD patterns for defect models. Four
machine learning (ML) algorithms were applied for
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defect classification, and their performances were
compared using statistical indices.

Chapter 2 introduces a microstrip patch-type PD
sensor, proposed in this study. Chapter 3 describes the
experimental setups and procedures used to simulate
various types of insulation defects occurring in power
semiconductors. Chapter 4 presents PRPD patterns and
extracted distinguishable features corresponding to each
defect model. Chapter 5 compares insulation diagnosis
results of representative ML algorithms including per-
formance evaluation using multiple statistical evaluation
indices.

2 Design and fabrication of microstrip patch-type
PD Sensor

Figure 1 shows the photograph and configuration of
the microstrip patch-type PD sensor, used in this paper.
The sensor was designed on a standard plane FR-4
substrate with a thickness of 1.0 mm and a relative
permittivity (&) of 4.4, which is commonly used in PCB
manufacturing due to its cost effectiveness and ease of
fabrication. The radiating patch and the feed elements
were designed on both sides of the substrate based on
bipolar microstrip feed geometric structure using
a copper cladding with a thickness of 35 pm. A 50 Q
SMA connector was directly mounted between the
radiating patch and feed elements to connect with the
measuring equipment.
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Fig. 1. Microstrip patch-type PD sensor

To evaluate the impedance matching between the
microstrip patch-type PD sensor and the measurement
equipment, a return loss was measured using a vector
network analyzer (VNT, 37347C, Anritsu, Japan).
A lower value indicates reduced reflected power and
more efficient signal transfer into the sensor [13].
Figure 2 shows the return loss. The return losses in
a frequency range of less than 1 GHz were lower than
—20 dB while the return losses in a frequency range of
higher than 1 GHz were about —10 to —20 dB.
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Fig. 2. Return loss

3 Experimental setup and methods
3.1 Insulation defect models

Figure 3 shows a typical configuration of multilayer
PCB, composed of multiple prepreg and core layers with
copper traces. It plays essential roles in structural
integrity with mechanical strength and stability and
electrical interconnections. Modern PCBs have evolved
from single- or double-sided designs to multilayer
configurations to offer high power densities and
switching frequencies in compact power semiconductors
[14, 15].

FR-4 substrate-

I
[ ]

Fig. 3. A configuration of the multilayer PCB
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Figure 4 presents a cross-sectional diagram of the
multilayer PCB. In modern power systems, miniaturized
PCB designs has become an essential requirement for
achieving high integration density, reduced system
volume, and improved operational efficiency. The
spacing between adjacent copper traces is typically
within tens to a few hundreds of micrometers. Despite
significant advances in the electrical and mechanical
properties of PCB insulation materials, the compact
geometry intensifies local electric fields within narrow
insulation gaps, which can lead to partial discharges and
reduced dielectric strength, eventually compromising
system reliability [16-19].

ﬂ

Fig. 4. A cross-sectional diagram of the PCB

To simulate the various kinds of design cases of
copper traces, four different defect models were pre-
pared. Figure 5 shows photographs and drawings of
typical insulation defect cases within the PCBs [7].
A plane to plane (PP) defect was designed to simulate
parallelly positioned copper wires, as shown in Fig. 5(a).
Similarly, a right angle to right angle (RA) defect was
designed to simulate parallelly positioned copper wires
with a corner of 90 angles, as shown in Fig. 5(b).
A vertex to plane (VP) and plane to vertex (PV) defects
were designed to simulate incorporations of right-angled
edged copper wires with plane copper wires, as shown
in Fig. 5(c) and (d), respectively. Gaps between the HV
and ground electrodes were uniformly set at 500 um. All
electrodes were made of 1 ounce copper cladding on fire
resistance (FR-4) substrate with a thickness of 1.0 mm.
To minimize the unexpected external corona and field
enhancement, all edges were rounded.

(c) Vertex to plane (VP) defect

(d) Plane to vertex (PV) defect
Fig. 5. Photographs and drawings of defect models

3.2 PD simulation test setup

Figure 6 illustrates the photograph and configuration
of experimental setup used in this paper. An oil-
immersed HV transformer with maximum output
voltage of 20 kV and output current of 100 mA (Model
720-1, Hipotronics, CT, USA) was used to apply HV
source and the applied voltage levels were adjusted by
the AC regulator. A microstrip patch-type PD sensor was
parallelly positioned at a distance of 40 mm to measure
the EM waves generated from the defect models, and the
outputs were recorded using a digital storage
oscilloscope (DSO, MSO 5204B, Tektronix Inc., USA)
with a maximum sampling rate of 10 GS/s. The mea-
sured PD signals were compared to 1 nF coupling capa-
citor with a high-precision measurement device (MPD
600, Omicron Corp., Austria) as the conventional
electrical detection method based on IEC 60270 standard.
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The external noises were lower than 3 mV for the micro-
strip patch-type PD sensor and 2 pC for the MPD 600.
To ensure experimental consistency and reproducibility,
all conditions were kept constant for the measurement
processes.
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Fig. 6. Experimental setup

As mentioned above, the microstrip patch-type PD
sensor measures the electromagnetic waves generated
from the insulation defects. To evaluate the output
characteristics of the microstrip patch-type PD sensor in
accordance with the injected artificial calibration PD
pulses, the output voltages were measured using a pulse
generator (UPG 620, Omicron Corp., Austria) ranging
from 2 to 6 V with a rising time of several nanoseconds.
Fig. 7 shows example waveforms of injected artificial
calibration PD pulse of 5 V and its output signal of the
microstrip patch-type PD sensor. From the output signal
evaluation test, it was confirmed that the microstrip
patch-type PD sensor, used in this paper, had a linear
response in accordance with the injected calibration PD
pulses, as shown in Fig. 8.
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Fig. 7. Example waveforms of the calibration pulse
and output signal
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3.3 PD simulation test process

Figure 9 shows the PD simulation test process for
defect classification within the power semiconductors.
Firstly, the applied voltage was increased by 0.5 kV
steps and maintained at least 1 minute for stabilization.
Once the measured PD signals was higher than the
environmental noise level, in this paper 3 mV, the
applied voltage level was set as the PDIV and increased
to 120% of the PDIV for PD signal recording. A total of
400 PRPD patterns were recorded and processed to
extract distinguishable PD features. Each PRPD pattern
was recorded for 60 seconds at the commercial system
frequency of 60 Hz, corresponding to over 3,600 voltage
cycles, ensuring sufficient statistical representation of
PD activities. All extraction processes were conducted
under consistent and controlled conditions. Based on the
extracted features, PD dataset was established. After
then, four different kinds of ML algorithms were applied
to classify the types of PD defects. To compare and
evaluate the performance of ML algorithms, various
kinds of evaluation indices were calculated.
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Fig. 9. Experimental setup

4 PD measurements and feature extraction

Since PD mechanisms vary depending on insulation
defect types and applied voltage magnitudes, PRPD
pattern analysis have been widely used as an effective
diagnostic approach for identifying and classifying
insulation defects based on characteristic phase and
amplitude distributions of PDs [17].

Figure 10 shows the PRPD patterns measured at
120% of each PDIV for each defect model using the
conventional electrical detection method (MPD 600) and
the microstrip patch-type PD sensor.
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Fig. 10. PRPD patterns

The applied voltage and apparent charge levels were
3.8 kV and 16.2 pC for PP defect, 3.2 kV and 23.1 pC
for RA defect, 2.8 kV and 19.4 pC for VP defect, and 3.2
kV and 32.8 pC for PV defect, and the corresponding
output magnitudes of the microstrip patch-type PD
sensor were 10.8 mV, 154 mV, 8.9 mV, and 9.2 mV,
respectively. For the PP and PV defects, the PD pulses
measured using MPD 600 were observed in both the
negative and positive half-cycles, whereas the PD pulses,
measured by the proposed PD sensor, were pre-
dominantly observed in the negative half-cycle. The
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corresponding phase angles of the PD sensor were 244°
to 317° for the PP defect and 248° to 318° for the PV
defect, respectively. For RA and VP defects, the PD
pulse distributions of the PD sensor were narrower than
those of MPD 600. The corresponding phase angles of
the PD sensor were 47° to 61° and 197° to 248° for the
RA defect and 72° to 117° and 248° to 305° for the VP
defect, respectively. These differences may originate
from the electromagnetic detection principle of the
proposed sensor, which is sensitive to high-frequency
components of PD signals.
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Fig. 11. PD features extracted from PRPD patterns

Figure 11 shows the average magnitudes and pulse
count ratios distributed over 30° phase intervals. For the
PP and PV defects, PD pulses were exclusively observed
near the peak region of the applied voltage in the
negative polarity. In contrast, for the RA defect, more
than 95% of the PD pulses were concentrated in the
rising region of the negative polarity. In contrast to the
other defects, the PRPD pattern obtained from the VP
defect exhibited PD activities in both positive and
negative polarities, showing a relatively symmetric
distribution with respect to the voltage phase.

5 Insulation diagnosis

PD feature dataset, established in the previous
chapter, was divided into training sub-dataset (80%) and
testing sub-dataset (20%) [18]. To ensure reliable gene-
ralization performance, a 10-fold cross-validation was
employed. Then, four representative ML algorithm
models, including RF, k-nearest neighbor (KNN), sup-
port vector machine (SVM), and ANN, were applied to
classify typical insulation defects within PCB structures.
The performance results of each model were evaluated
using statistical indices such as accuracy, error rate,
sensitivity, precision, specificity, and F1-score.

RF model is an ensemble-based classifier that aggre-
gates predictions from multiple decision trees trained on
bootstrap subsets, thereby reducing variance through
bagging. It is inherently robust to feature scaling and
effectively captures nonlinear interactions via its
hierarchical tree structure, providing stable genera-
lization even with redundant or correlated features. KNN
model is a non-parametric, instance-based classifier that
assigns class labels by majority voting among k nearest
samples. It performs well for locally clustered data and
complex decision boundaries but is sensitive to high-
dimensional spaces and outliers. SVM constructs an
optimal separating hyperplane that maximizes the
margin between classes using linear and RBF kernels. It
is highly effective in high-dimensional feature spaces
with well-separated decision boundaries but depends on
appropriate kernel and parameter selection. ANN is a
multilayer perceptron with two to three hidden layers
using ReLU activation and dropout regularization. It
effectively learns nonlinear relationships but requires
sufficient data to prevent overfitting and ensure
convergence [17, 18, 23-25].

Figure 12 shows the accuracies and error rates of each
ML algorithm. Accuracy and error rate indices were
used to assess the overall performance and quantify the
misclassifications of algorithms, respectively. The KNN
model showed the second highest accuracy of 90.0%,
while the SVM and ANN models showed the accuracy
0f 89.4%, the lowest accuracy among the ML algorithms.
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Fig. 12. Accuracies and error rates

In addition, various kinds of statistical indices,
including sensitivity (recall), precision specificity, and
Fl1-score, were employed to evaluate the overall per-
formances in accordance with ML algorithms. Sensi-
tivity (recall) and precision indices were applied to
calculate corrected detections in actual positives and
predicted positives, while specificity index was used to
calculate correct actual negatives. Fl-score index was
employed to evaluate the balances between precision
and recall [26-29]. As shown in the performance
evaluation results in Fig. 13, RF model, in this paper,
showed the highest accuracy of 96.9% and the highest
Fl-score of 0.968, demonstrating the most balanced
classification among all algorithms.
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Fig. 13. Performance evaluation results

6 Discussion and conclusions

This paper deals with insulation diagnosis within
PCB-based power semiconductors using a PCB-based
microstrip patch-type PD sensor. Four representative
defect models were designed to simulate typical electric
field concentrations occurring between copper traces in
multilayer PCB structures.

Based on the PD simulation tests, it was confirmed
that the PRPD patterns exhibited distinct phase-resolved
characteristics and discharge activities depending on the
defect type. The PP and PV defects showed PD activities
predominantly in the negative half-cycle, whereas the
RA and VP defects generated PD pulses in both positive
and negative half-cycles. Various PD features were
systematically extracted from the PRPD patterns and
constructed the comprehensive PD feature dataset.
Subsequently, four ML algorithm models were com-
paratively evaluated for insulation defect diagnosis.
Among them, the RF model achieved the highest
classification accuracy and Fl-score, demonstrating
superior robustness as well as a balanced performance in
terms of sensitivity and specificity. The superiority was
attributed to the ensemble-based decision-making
mechanism of the RF model, which improves the
generation by reducing the variance based on the
aggregation of multiple decision trees. As a result, the
RF model was concluded to be the most robust and
practically viable classifier for the given PD datasets.

From the experimental results, the microstrip patch-
type PD sensor demonstrated effective detection
capability for PD signals generated from insulation
defects within PCB structures, indicating its strong
potential for application in compact and highly
integrated PCB-based power semiconductor designs.
Since the experiments were conducted under controlled
conditions, which may not fully reflect the electrical,
thermal, and electromagnetic environments encountered
in actual power semiconductor modules, further investi-
gations are required to conduct under realistic operating
conditions, including high switching frequencies, ele-
vated temperatures, and compact sized packaging
structures. In addition, future work will be conducted
focusing on optimizing sensor geometry for higher
bandwidth response and integrating sensing and classi-
fication algorithms into embedded systems for extension
of the diagnostic framework. In addition, considering
practical operational conditions of the PCB-based power
semiconductor modules, PD characteristics under fast
switching PWM voltages with high dv/dt and elevated
temperatures will be investigated.
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