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Abstract: The double-end partial discharge (PD) measurement method is the most common method
for measuring and localizing PD sources in power cables. The sensitivity of the PD sensor, the
processing speed of the data acquisition unit, and the method of the PD localization algorithm are the
three main keys to ensuring the accuracy of the PD source localization on power cables. A new multi-
end PD localization algorithm known as segmented correlation trimmed mean (SCTM) has recently
demonstrated excellent accuracy in the localization of PD sources on power cables. The algorithm,
however, is only applicable to multi-end PD measurement methods. In this paper, the mathematical
equation of the SCTM algorithm is customized to match the double-end PD measurement method. A
MATLAB simulation was conducted to assess the performance of the SCTM algorithm in the double-
end PD measurement method. The maximum peak detection (MPD) algorithm, segmented correlation
(SC), and SCTM algorithm were compared as PD localization algorithms. The SC algorithms have
shown that identifying the correlation bond between two cues instead of the peak of the PD signal in
the MPD algorithm significantly increases the PD localization accuracy. The results show that the
SCTM algorithm outperforms the MPD and SC algorithms in terms of accuracy.

Keywords: partial discharge; double-end; maximum peak detection; segmented correlation; trimmed
mean data filtering

1. Introduction

Partial discharge is defined as an electrical discharge that occurs across a localized
region of insulation between two conducting electrodes but does not completely bridge the
gap [1]. It may be caused by gaps or imperfections in the insulation system. Most power
equipment is damaged due to insulation degradation caused by long-term operation,
insufficient grounding distance, insufficient discharge distance, poor contact, or poor
environmental quality [2]. As a result, PD source detection and localization are the best early
warning indicators of electrical insulation deterioration in the power network. Although
many of the cited research works focused on high-voltage (HV) and extra-high-voltage
(EHV) applications, our research will only focus on medium-voltage (MV) assets. As
illustrated in Table 1, PD detection and localization techniques [3-6] can be classified as
electrical, chemical, acoustic, electromagnetic, ultrasonic, and ultraviolet.
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Table 1. PD detection and localization techniques.

Localization Techniques

Descriptions

Electrical [7-9]

The high-frequency content is used to
estimate the presence of PD.

Allows for calculating the apparent
charge measured in picocoulomb (pC)
associated with PD.

Susceptible to low PD activity.

Allows precise calibration.

Must have a sufficiently high
signal-to-noise ratio (SNR).

Chemical [10]

Composition of dissolved gases is
examined to detect PD.

Acoustic [9,11-15]

Installed online acoustic monitoring
systems to provide a remote location with
an early warning of an impending fault.
Abnormal gas-in-oil test results or sounds
indicate PD.

Detection of sound waves emitted by PD
sources.

A non-invasive technique with lower
sensitivity to weak PDs.

Might be contaminated by the external
acoustic environmental noise.
Electromagnetic interference in the
measurement environment has no effect.
Based on the time difference of arrival
(TDoA) of signals.

Highly sensitive to noise.

Need at least four time-synchronized
sensors to operate.

Provide reasonable accuracy through
proper signal processing and appropriate
propagation paths from the PD sources to
the multiple sensors.

Electromagnetic [14,16-22]

Valve to measure the electromagnetic
emission from a PD source.

The tank’s metal surface filters out
external electrical interferences.

Detect electromagnetic waves emitted by
PD sources.

Ultra-High Frequency (UHF) radiation
(UHE-PD) is susceptible to weak PDs.
Based on the time difference of arrival
(TDoA) of signals.

Highly sensitive to noise.

Need at least four time-synchronized
sensors to operate.

Suffer from inaccuracies because of
inhomogeneities and scattering.
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Table 1. Cont.

Localization Techniques Descriptions

e  Itis areliable method of locating corona
discharges at locations with a high
signal-to-noise ratio and resolution.

e  Can quickly and accurately determine the
elevation angle and azimuth angle of a
corona source occurring outside of
electrical equipment.

Ultrasonic [23,24] e  Detect the sound waves produced by the
discharge with sensor arrays of various
shapes, such as circular and cross-shaped
arrays and measure the time difference
between subsequent channels to
determine the approximate location of the
source.

e  The UV imaging method has high
sensitivity, non-contact, anti-interference
capability and high positioning accuracy,
but it is costly and difficult to operate.

Ultraviolet [25-32] e UV Pulse Detection is light and
inexpensive; however, the detection
system must be extremely sensitive in
order to respond to weak UV signals.

Underground cable systems can transmit large amounts of power while minimizing
damage from natural disasters such as earthquakes and man-made accidents such as poor
cable joint workmanship. To avoid power cable interruption or breakdown, the insulation
status of the cable must be determined [1]. The location of PD sources is critical for
power cable monitoring and maintenance. For the localization of PDs, the time difference
of arrival (TDoA) method is widely used in the literature. In recent years, researchers
have developed numerous multi-end PD localization algorithms, including the “Partial
Discharge Localization Method in Transformers” [33], Multi-end Correlation-based PD
Location Technique (MEC) [34], Segmented Correlation and Trimmed Mean Data Filtering
Techniques for MV Underground Cable (SCTM) [35] and others. According to the paper,
SCTM [35] outperforms the MEC algorithm in terms of PD localization accuracy, but it
has limitations due to it being only used for multi-end PD measurement. This paper
proposes modified mathematical equations of the SCTM algorithm to fit in double-end
PD measurement. The SCTM algorithm for double-end PD measurement was created
specifically to address the issue of low accuracy in other PD localization algorithms.

2. PD Measurement Methods
2.1. Single-End PD Measurement

The PD measurement methods on power cables can be categorized into single-end,
double-end, and multi-end PD measurement methods. The single-end PD measurement
method requires a PD sensor mounted on the front end of the monitored power cable, and
the Time Domain Reflectometry (TDR) time delay estimation method is used to estimate
the PD localization [36]. The TDR method uses the time of the first arrival PD signal
and the time of the reflected PD signal to estimate the PD source on the power cable.
The mathematical equation of TDR for the single-end PD measurement method is as
follows [37]:

% PD location = ;<1 — TF) % 100 1)
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where:

TD—Time difference between consecutive pulses;
L—Cable length.

2.2. Double-End PD Measurement

The double-end PD measurement method is the most widely used method of PD
measurement for power cables. This method requires two PD sensors mounted on the
front end and the tail end of the monitored power cable. The mathematical equation for
double-end PD measurement method is as follows [38]:

1
PD location = 3 (vxTD+L) 2)

where:

v—Propagation velocity of the PD signal that travels along the cable;
TD—Time difference of the PD signal that arrives at two adjacent sensors;
L—Total length of the cable.

2.3. Multi-End PD Measurement

The multi-end PD measurement method had been proposed in [35] to measure a
power cable that is longer than 2 km by clamping multiple PD sensors on the power cable.
Three PD sensors were mounted on the monitored power cable as shown in Figure 1. The
result proves the workability of the concept.

PD Sensor A PD Sensor B PD Sensor C

@ PD Source @F\ /r%\
A " ' C
. \
) t 'i—tbb f g
(a)

PD Sensor A PD Sensor B PD Sensor C

= =) PD Source

=~
| A |
A.| B‘Q c.

t {—; N t

Figure 1. (a) PD occurs between A and B. (b) PD occurs between B and C.

The multi-end PD measurement method uses the TDoA method to estimate the PD
source on the power cable. However, the equation of TDoA for multi-end PD localization is
different from the equation of TDoA for the double-end PD measurement method because
the multi-end PD measurement method has three input measured signals while the double-
end PD measurement method only has two input measured signals. The mathematical
equation of TDoA for the multi-end PD measurement method is as follows [35,38]:

Case 1: ty, <t
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PD location = 1L <tab + 1) 3)
4 tb
Case 2: ty, > tu
PD location = 1L( - th) (4)
4 tab

where:
tapb—Time difference between signal A[n] and signal B[n];

te—Time difference between signal C[n] and signal B[n].
If t,p, is less than t,, then Equation (3) is applied. Otherwise, Equation (4) is applied.

3. Methodology
3.1. PD Localization Algorithm

Figure 2 shows a pictorial diagram of the online PD localization estimation system
for underground cables proposed in this research work. The double-end PD measurement
method is used in this proposed PD localization estimation system. Two PD sensors
are mounted 2 km apart at locations A and B to measure PD arrival signals from an
underground cable PD source.

PD location
—
|

I:l Substation I:l

PD Sensor A PD Sensor B

— PD Source —
| fn
\ A (‘\R B

Distance 2 km

Figure 2. Diagram of the online PD localization estimation system for underground cables.

The model of the PD signal is based on the transient signal mathematical model as
present in Equation (5) [39]:

S(t) = Ale ™' cos(wqt — ) — e 2" cos(g)] (5)
where:
A—The magnitude coefficient, assumed to be 0.01;
a;—1 Ms~1;
ay—10 Ms™1;
p—tan! ( Z—j);
Wd—27tfd;
fq—1 MHz.

In addition, the propagation velocity of the PD signal in the underground cable
depends on the cable’s dielectric and semiconducting screen layers. The propagation
velocity of the PD signal along the cable, v, is present in Equation (6) [40]:

Vs

NG (6)

Vi =

where:

vs—Propagation velocity in free space (300 m/ us);
e—Effective relative permittivity of the cable dielectric and semiconducting screen layers.
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A laboratory experiment had been conducted in [40] for the specific medium-voltage
three-core cable (50 mm?Cu/XLPE/PVC, 8.7/15kV). The propagation velocity of the
three-core cable is 156 m/us. Thus, the propagation velocity of the cable is used to simulate
the time delay of the PD signal from the PD source to the PD sensors assuming the three-
core cable is the monitored cable. Figure 3 show the simulated PD pulses measured at PD
Sensor A and PD Sensor B, respectively, using the PD mathematical model and shifted
corresponding to the propagation velocity. White Gaussian noise (WGN) that varies from
4 dB to —18 dB will be added to the PD signals and discrete wavelet transform (DWT) with
“bior3.5” mother wavelet will be used to de-noise the noisy signal. After obtaining the
de-noised signals, a robust algorithm is required for an online PD localization estimation
system to accurately estimate the PD location on underground cable even in the presence
of strong environmental noise. In this research, the MPD, SC, and SCTM algorithms will
be tested in the MATLAB environment using the online-PD source localization estimation
system model.

%1073

Voltage (V)
o

-5 : : : :
0 2000 4000 6000 8000 10,000
Sampling number
(a)
5 X10-3 T T T T
S
S 0
L
©
>
-5 C Il 1 1 L 3
0 2000 4000 6000 8000 10,000
Sampling number
(b)

Figure 3. (a) Simulated PD signals measured at PD Sensor A. (b) Simulated PD signals measured at
PD Sensor B.

3.2. Maximum Peak Detection Algorithm

The Maximum Peak Detection (MPD) algorithm determines the estimated PD location
by detecting the maximum peak in de-noised signals from PD Sensor A and PD Sensor B.
Figure 4 shows the process flow of the MPD algorithm. The MPD algorithm begins by load-
ing new de-noised signals from PD Sensor A (Signal A[n]) and PD Sensor B (Signal B[n]).
Second, using a peak detector, the de-noised signals will be checked for the presence of a
PD pulse. If the maximum peak of the de-noised signals is greater than 3 mV, the algorithm
will recognize the presence of a PD pulse. Otherwise, the algorithm will load new de-noised
signals and enter a loop. The threshold value is set to 3 mV because it is the lowest PD
value for the threshold value. If the threshold is less than 3 mV, the algorithm may detect
the noise as a PD signal. Once the PD pulse is detected in the de-noised signal, the time
that yields the maximum peak of the PD pulse in the de-noised signal is identified.
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Load new de-noised signal from /
PD Sensor A and PD Sensor B

l

Identify peak PD signal in de-noised signals by using
peak detector

PD signals over threshold
value?

Yes

|

Identify the maximum peak of PD pulse from de-
noised signals

y

Compute of the differences of time

I

Estimate PD source location on monitored cable

Figure 4. Process flow of the MPD algorithm.

The time difference (TD) can then be calculated using Equation (7):

D = tmax,A - tmax,B (7)

where:

tmax, A—The time that yields a maximum peak in Signal A[n];
tmax, B—The time that yields a maximum peak in Signal B[n]

Finally, the estimated PD localization in the monitored cable will be determined using
the time difference of arrival (TDoA) equation as shown in Equation (2) in Section 2.2.

3.3. Segmented Correlation (SC) Algorithm

The segmented correlation (SC) technique was introduced in [25] in order to drastically
reduce the program run time of the PD localization algorithm using a mathematical formula
to calculate the exact shifted sample difference. The SC algorithm is first applied to the
double-end PD measurement method in this paper after it was previously applied to the
multi-end PD measurement method. Figure 5 shows the process flow of the SC algorithm
for PD localization. The SC algorithm starts by loading new de-noised signals from PD
Sensors A and B. Second, the de-noised signals will be checked for the presence of a PD
pulse using a peak detector. The algorithm will recognize the presence of a PD pulse if the
maximum peak of the de-noised signals is greater than 3 mV. Otherwise, the algorithm
will load new de-noised signals and enter a loop. Once the PD pulse is detected in the
de-noised signal, the two de-noised signals will be absolute into positive vector signals and
cropped. Based on the MATLAB simulation setting, the de-noised signals from PD Sensor
A (Signal A[n]) will be the shifting signal and PD Sensor B (Signal B[n]) will be set as the
reference signal. (Signal A[n]) and (Signal B[n]) originally contain ten thousand samples
for a ten milliseconds signal that were simulated with the sampling rate of 10 MHz. Three
thousand samples are cropped from the shifting signal at its maximum peak while one
thousand samples are cropped from the reference signal at its maximum peak because the
shifting signal must be triple samples longer than the reference signal for the SC process.
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Load new de-noised signal from /

PD Sensor A and PD Sensor B

|

Identify peak PD signal in de-noised signals by using
peak detector

PD signals over threshold
value?

No

Yes

Cropped maximum PD signals from de-noised
signals

l

Perform cross-correlation on segmented PD
signals

I

Compute of the differences of time

l

Estimate PD source location on monitored cable

Figure 5. Process flow of the SC algorithm.

Equation (8) shows the mathematical equation of the SC process to find the segmented
correlation factor (SCF) between the shifting signal and reference signal.

3000
SCF = ) A[n] x B[n] 8)
k=0

Using Equation (8), the SCF can be determined by circularly shifting the shifting signal
by one sample, multiplying it with the reference signal, and summarizing the product of
two signals for three thousand times until the shifting signal is successfully shifted one
cycle. Table 2 shows the SC process. The shifting signal peak leads the reference signal
peak and yields a low SCF value in the left column of Table 2, the shifting signal peak meets
the reference signal peak and yields the highest SCF value in the middle column of Table 2,
and the shifting signal peak lags the reference signal and yields a low SCF value in the
right column of Table 2.

The time difference (TD) between (Signal A[n]) and (Signal B[n]) can be determined
by identifying the corresponding number of shifted samples that give the maximum seg-
mented correlation factor (NSCFpax). The NSCFphax will be used to determine the number
of shifted samples that give the maximum full correlation factor (NFCFnax). Equation (9)
shows the mathematical equation to obtain NFCFpay.
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Table 2. Segmented correlation process.
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Correlation profile

x10° /
2 T
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1000 1100

NFCFpax = NSCFax + SS )

SS is the sample of shifting difference between the number of samples in the reference
signal that yield a maximum peak (SSRmax) and the number of samples in the shifting
signal that yield a maximum peak (SSOmax ). If SSRmaxis more than SSOmay, the SS equation
is defined as in Equation (10). Otherwise, the SS equation is defined as in Equation (11):

SS = TSR + SSRmax — 530max — TSRcropped (10)

SS = SSRmax — SSOmax — TSReropped (11

where:

TSR—Total samples of the reference signal before the signal was cropped;
TSR ropped—Total samples of the reference signal after the signal was cropped.

Next, the sample difference can be determined using Equations (12) and (13). If
NFCFax is less than half of TSR, the sample difference equation is defined in Equation (12).
Otherwise, the sample difference equation is defined in Equation (13). Then, the TD can
be determined using Equation (14). Finally, the estimated PD location can be determined
using the TDoA equation as shown in Equation (2).

Sample difference = —NFCFpax (12)

Sample difference = TSR — NFCFpax (13)
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Sample difference
TD = ,
Sampling frequency

(14)

3.4. Segmented Correlation Trimmed Mean Data Filtering (SCTM) Algorithm

The segmented correlation trimmed mean data filtering (SCTM) algorithm is a PD
localization algorithm that applies the trimmed mean data filtering (TMDF) technique to
further enhance the accuracy in estimating PD location after the SCTM algorithm estimates
200 estimated PD localization samples using the SC technique. This is also the first SCTM
algorithm applied in the double-end PD measurement method which was previously
applied in the multi-end PD measurement method. The TMDF technique in the SCTM
algorithm is a statical analysis technique that trims out the potential inaccurate estimated PD
localization samples and finds the average of the high-precision estimated PD localization
samples to produce a new estimated PD location. Figure 6 shows the process flow of the
SCTM algorithm.

Apply SC algorithm to estimate /
200 estimated PD location

samples

Reach 200 samples of estimated
PD location?

Yes

Sort 200 samples of estimated PD location from
lowest value to highest value
Trim out samples lie outside of 1st quartile and 3rd
quartile
Cluster samples within interquartile range into 15
classes
Average mod class samples to compute new
estimated PD location

Figure 6. Process flow of the SCTM algorithm.

First, the SCTM algorithm will use the SC technique to estimate 200 samples of the
estimated PD location. The TMDF requires a large number of 200 estimated PD localization
samples to perform the statistical analysis. Second, the SCTM algorithm will sort the estimated
PD localization samples according to the ascending value as the pre-processing act for the
trimming process. Third, the SCTM algorithm will trim out the first quartile and third quartile
of the estimated PD samples as the first layer of data filtering. The mathematical equation for
determining the interquartile range (IQR) is defined in Equation (15).

IOR =Q3 - (15)

The lower twenty-fifth percentile and the upper seventy-fifth percentile of the esti-
mated PD localization samples have a PD localization value that differs from most of the
samples, making this the most robust scale for the trimming process. Table 3 depicts this
process by displaying 200 estimated PD locations derived from the SC algorithm. As the
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first data filtering step, the first 50 estimated PD locations and the last 50 estimated PD
locations were trimmed out. As shown in Table 3, any false detections will be listed in the
first 50 PD and last 50 PD sample locations.

Table 3. The 200 estimated PD locations for the trimming process.

128.3491
130.6901
1259.857
1264.539
1294.972
1295.753
1296.533
1296.533
1297.313
1297.313
1297.313
1297.313
1297.313
1297.313
1297.313
1297.313
1297.313
1298.094
1298.094
1298.094
1298.094
1298.094
1298.094
1298.094
1298.094
1298.094
1298.094
1298.094
1298.094
1298.094
1298.874
1298.874
1298.874
1298.874
1298.874
1298.874
1298.874
1298.874
1298.874
1298.874

1298.874
1298.874
1298.874
1298.874
1298.874
1298.874
1298.874
1298.874
1298.874
1298.874
1298.874
1298.874
1298.874
1298.874
1298.874
1298.874
1298.874
1298.874
1298.874
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654

1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1299.654
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435

1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1300.435
1301.215
1301.215
1301.215
1301.215
1301.215
1301.215
1301.215
1301.215
1301.215
1301.215
1301.215
1301.215
1301.215
1301.215

1301.215
1301.215
1301.215
1301.995
1301.995
1301.995
1301.995
1301.995
1301.995
1301.995
1301.995
1301.995
1301.995
1301.995
1301.995
1302.776
1302.776
1302.776
1302.776
1302.776
1303.556
1303.556
1304.337
1304.337
1305.117
1335.551
1336.331
1866.969
1866.969
1868.53
1873.212
1879.454
2467.838
2470.179
2472.52
2472.52
2473.301
2475.642
2476.422
2502.174

The clustering process will then be applied to the 100 estimated PD localization
samples that fall within the IQR, as shown by the 100 unshaded estimated PD locations in
Table 3. As shown in Figure 7, the 100 estimated PD localization samples will be divided
into 15 classes. Figure 7 depicts a bar chart depicting the estimated PD location during the
clustering process. The lowest PD localization value (Spn) and highest PD localization
value (Smax) from the 100 estimated PD localization samples will be used to determine the
class interval (k) as defined in Equation (16).

Kk = Smax - Smin

15

(16)
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Bar chart of estimated PD location in clustering process

4
I V] ] o o ] 1] o o ] o o .

Class1l Class2 Class3 Class4 Class5 Classb Class7 Class8 Class8 Class10CIass 11 Class 12 Class 13 Class 14 Class 15
Figure 7. Bar chart of the estimated PD locations in the clustering process.

The mod class that has the highest estimated PD localization samples will be selected
for the averaging process because all the samples in the mod class are high precision.
Finally, the new estimated PD location can be computed by determining the mean of the
mod class’s estimated PD localization samples as defined in Equation (17):

m
Meanpp = Ln;l Sn (17)

where:

n—1,2,3...m;

Sn—Estimated PD localization samples that enter the mod class;
m—Total number of samples that enter the mod class.

4. Result and Discussion

A series of simulations in the MATLAB environment was run to evaluate the accuracy
of the PD estimates for the MPD, SC, and SCTM algorithms. The results are divided into
two parts: maximum PD estimation error and average PD estimation error.

4.1. Maximum PD Estimation Error

The MPD, SC, and SCTM algorithms were run one hundred times in this section to
generate one hundred estimates of the PD location on the power cable for each signal-to-
noise (SNR) level. The SNR range, as shown in Table 4, varies from 4 dB to —18 dB with
a 2 dB decrease step. Figure 8 shows the PD signals added with 4 dB SNR, —10 dB SNR,
and —18 dB SN, respectively. Figure 9 shows the DWT de-noised PD signals with 4 dB
SNR, —10 dB SNR, and —18 dB SNR, respectively. The higher the noise in the measured
PD signal, the lower the SNR value.

Table 4. Maximum PD estimation error.

SNR (dB) MPD SC SCTM
4 0.1068 0.0102 0.0102
2 1.6490 0.0102 0.0102
0 1.6675 0.0288 0.0102

-2 1.6880 0.0288 0.0102
—4 1.6880 0.0492 0.0102
—6 1.7066 0.0492 0.0102
-8 1.7456 0.0678 0.0102
—10 1.7660 0.0883 0.0102
-12 1.8050 0.1273 0.0102
—14 1.8440 0.1273 0.0288
—16 58.7111 58.5160 0.0288

—18 59.9021 58.6925 0.0492
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The maximum PD estimate error is the largest error generated using each algorithm
out of one hundred estimated PD locations. When the SNR is reduced from 4 dB to —18 dB,
all three algorithms exhibit an increase in error percentage, as calculated using Equation
(18). The SC and SCTM algorithms have the same low maximum PD estimation error of
only 0.0102% when the SNR is 4 dB. Meanwhile, the maximum PD estimation error for the
MPD algorithm is 0.1068%. When the SNR value MPD decreases, the MPD algorithm has
the highest increase in maximum PD estimation error, followed by the SC algorithm and
finally the SCTM algorithm.

| Actual fault location — Estimated fault location| "

Yo Error = Total system length

100 (18)

Based on the comparison of the MPD algorithm and the SC algorithm in Table 4, the
segmented correlation technique in the SC algorithm improved the PD localization accu-
racy. The segmented correlation technique has demonstrated that in the MPD algorithm,
identifying the correlation bond between two signals rather than the peak of the PD signal
has a significant effect on improving PD localization accuracy.

When the SNR drops below —16 dB, however, both the MPD and SC algorithms
exhibit more than 50% error in the maximum PD estimate. This is because high noise
levels are possible, and DWT de-noising techniques fail to suppress a well-measured PD
signal. The graphs in Figures 10 and 11 show the maximum PD estimation error versus
SNR for the MPD algorithm and the maximum PD estimation error versus SNR for the
SC algorithm, respectively. The sharp increase in both graphs when SNR reaches —16 dB
and below indicates that both the MPD and SC algorithms are likely to lose accuracy after
—14 dB and are, therefore, unsuitable for performing PD localization estimation. As a
result, the effective operating range of the MPD and SC algorithms is SNR greater than
—16 dB.
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Figure 10. Maximum PD estimation error versus SNR for the MPD algorithm.
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Figure 11. Maximum PD estimation error versus SNR for the SC algorithm.
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As shown in Table 4, SCTM has the lowest maximum PD estimation error of the three
algorithms, with SNR ranging from 4 dB to —18 dB. As the SNR decreased from 4 dB to
—12 dB, the maximum PD estimation error for the SCTM algorithm remained constant.
After the SNR falls below —12 dB, the maximum PD estimation error increases slightly. The
maximum PD estimation error is still less than 0.05% when the SNR reaches —18 dB.

The maximum PD estimation error of the SCTM algorithm increased more slowly
than that of the SC algorithm as the SNR increased from 4 dB to —18 dB. Figure 12 depicts
a graph of the SCTM algorithm’s maximum PD estimation error versus SNR. According to
Figure 12, the accuracy of the SCTM algorithm begins to decrease after —12 dB and remains
below 0.05% when it reaches —18 dB, whereas the SC algorithm already has a probability
of having a false PD localization estimation.
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Figure 12. Maximum PD estimation error versus SNR for the SCTM algorithm.

The maximum PD estimation error of the SCTM algorithm is predicted to increase
further based on Figure 12 because the graph in Figure 12 shows the same exponential
upward trend line as in Figure 11. The trimmed mean data filtering technique, on the other
hand, slowed the increase in maximum PD estimation error as SNR increased. As a result,
the operating limit of the SCTM algorithm cannot be determined because the algorithm’s
maximum PD estimation error accuracy is still less than 0.05% when the SNR is —18 dB.

4.2. Average PD Estimation Error

In this section, the MPD, SC, and SCTM algorithms were run one hundred times to
generate one hundred estimates of PD locations on the power cable for each SNR level.
Similar to Section 4.1, the SNR level decreased from 4 dB to —18 dB with a 2 dB decrease
step, as shown in Table 5. One hundred PD localization error estimates for each level will
be averaged to identify the average errors of each PD localization algorithm. A lower PD
average estimate error indicates a higher accuracy of the PD localization algorithm. For
average PD estimation errors of less than 0.5%, the MPD algorithm can operate at SNR
above —10 dB, the SC algorithm at SNR above —14 dB, and the SCTM algorithm at SNR
below —18 dB as SCTM has a very low average PD estimation error at an SNR of —18 dB.
Thus, the SCTM algorithm is able to detect the early stage of the PD source on the power
cable because the amplitude of the PD signal from the PD source is low during the early
stage. The SCTM algorithm is the most noise robust, followed by the SC algorithm and,
finally, the MPD algorithm.
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Table 5. Average PD estimation error.

SNR (dB) MPD SC SCTM
4 0.0254 0.0102 0.0102
2 0.0367 0.0102 0.0102
0 0.0415 0.0113 0.0102

-2 0.1757 0.0127 0.0102
—4 0.2784 0.0134 0.0102
—6 0.3301 0.0167 0.0102
-8 0.4655 0.0204 0.0102
-10 0.5844 0.0215 0.0102
—12 0.5996 0.0257 0.0102
—14 0.7645 0.0391 0.0104
-16 1.3236 0.6343 0.0117
—18 3.1409 4.1756 0.0182

Figure 13 shows the graph of average PD estimation error versus SNR for the MPD
algorithm. The average error of the MPD algorithm exponentially increases with the
decrease in SNR. Figure 14 shows the graph of average PD estimation error versus SNR
for the SC algorithm. The average PD estimation error of the SC algorithm remains low
and almost static when the SNR decreases from 4 dB to —14 dB. When the SNR is less
than —14 dB, the average PD estimation error of the SC algorithm increases drastically.
This characteristic of the graph is also shown in the graph of average PD estimation error
versus SNR for the SCTM algorithm in Figure 15. This shows that the SC technique can
suppress the average PD localization error until a certain limit, although the noise level
keeps increases. When the noise level surpasses the limit, the average PD localization error
will increase severely. Although the trend in the SC algorithm and SCTM algorithm are
similar in term of average PD estimation error versus SNR, the value of the percentage
error for the SCTM algorithm is significantly lower than for the SC algorithm. This is
because the SCTM algorithm applies the TMDF technique to further suppress the PD
estimation error. The results of the maximum PD estimation error versus SNR and average
PD estimation error versus SNR coincidently show that the SCTM algorithm has the highest
noise robustness, followed by the SC algorithm, and lastly by the MPD algorithm.
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Figure 13. Average PD estimation error versus SNR for the MPD algorithm.
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Figure 14. Average PD estimation error versus SNR for the SC algorithm.
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Figure 15. Average PD estimation error versus SNR for the SCTM algorithm.

5. Conclusions

This research discovered that as the SNR decreases, the error of estimated PD local-
ization increases. In other words, the higher the noise in the environment, the lower the
accuracy of the PD localization algorithm. Among the three algorithms that use the double-
end PD localization method, the SCTM algorithm has the highest accuracy in estimating
the PD location on a power cable, followed by the SC algorithm, and lastly by the MPD
algorithm. The finding of this paper shows that the SC technique and TMDF technique
are suitable to apply in the PD localization for the double-end PD measurement method.
The accuracy of the estimated PD localization has been increased after applying both the
SC and TMDF techniques. Further research and development can be incorporated into
the trimming data filtering algorithm to obtain higher precision data. Determining the
total absolute difference between the reference sample and the PD localization sample, for
example, can reduce the PD localization estimation error and increase accuracy.
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