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Abstract: We introduce a new approach for online and offline soft fault diagnosis in motor power
cables, utilizing periodic burst injection and nonintrusive capacitive coupling. We focus on diagnosing
soft faults because local cable modifications or soft faults that occur without any indication while
the cable is still operational can eventually develop into hard faults; furthermore, advance diagnosis
of soft faults is more beneficial than the later diagnosis of hard faults, with respect to preventing
catastrophic production stoppages. Both online and offline diagnoses with on-site diagnostic ability
are needed because the equipment in the automated lines operates for 24 h per day, except during
scheduled maintenance. A 1D CNN model was utilized to learn high-level features. The advantages
of the proposed method are that (1) it is suitable for wiring harness cables in automated factories,
where the installed cables are extremely short; (2) it can be simply and identically applied for both
online and offline diagnoses and to a variety of cable types; and (3) the diagnosis model can be directly
established from the raw signal, without manual feature extraction and prior domain knowledge.
Experiments conducted with various fault scenarios demonstrate that this method can be applied to
practical cable faults.

Keywords: cable fault; 1D CNN; soft faults; industrial robots; online detection

1. Introduction

With the growth of fully automated production lines in modern manufacturing, the
early detection of faults in the motor power cable of automation machinery has become a
demanding requirement to reduce unscheduled maintenance. A single hard fault in the
motor cable could result in unplanned production line downtime because the machines
need to be taken offline to ensure safety during inspection. Depending on the industry, this
catastrophic production line stoppage could result in a huge loss of productivity. For this
reason, the integrity of the motor cables in manufacturing automation, such as automotive
factory floors, must be ensured for safe operation. Therefore, online diagnostics of cables
are crucial, because unscheduled maintenance occurs when the machine is working; thus,
the suspicious cable cannot be isolated from production lines but exhibits intermittent fault
symptoms. Offline diagnostics are still required for regular maintenance when the machine
can be offline for preventive maintenance.

In factory floors, power cables with connectors are installed close to vibrating motors
and welding machines; these have high current consumption and produce heat. The
harsh industrial environment around cables can cause aging degradation of the cable [1],
resulting in cable faults, i.e., soft and hard faults. Local modifications to the cable or soft
faults due to the stressful environment can, while the cable is still working and without any
indication, be transformed into hard faults by subsequent partial component damage, e.g.,
to the cable conductors, coatings, and shield [2]; this makes it difficult to observe ongoing
aging damage to the cable.
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Cable fault diagnostic methods have been broadly studied and applied in many fields,
such as automotive engineering [3], power plants [4], ship buildings [5], and aircraft [6].
Nowadays, cable condition assessment for factory automation has become significant to
increase productivity by decreasing downtime. There are several requirements for the
methods to be applicable in automated factory fields, as follows:

(1) Early detection of soft faults before they transform into hard faults.
(2) Applicable to very short cable.
(3) Both online and offline diagnostic ability with an identical scheme for unscheduled

and scheduled maintenance.
(4) No manual feature extraction and no prior knowledge.
(5) Nonintrusive and nondestructive diagnostic techniques.
(6) Runnable with limited computing resources (for machine controllers).

We conclude that there are no perfect traditional or recently studied methods for cable
diagnosis in the field of automated factories.

Traditional cable condition monitoring methods can be largely categorized into me-
chanical (elongation at break), chemical (oxidation induction time), and electrical tech-
niques (partial discharge) [7]. These techniques are limited in on-site diagnostics because
only some cable parts are accessible on the factory floor. Moreover, online diagnosis of
on-voltage cables is not possible using these methods because the machine needs to be
turned off for inspection and online partial discharge methods are too sensitive to noise
and time [1].

Over the last decade, reflectometry-based methods—such as time domain reflectome-
try (TDR), frequency domain reflectometry (FDR), and (joint) time–frequency domain reflec-
tometry (TFDR)—have been introduced as effective methods for cable diagnostics [3–15].
TDR uses an impulse signal as an incident signal and analyzes the reflected signal to diag-
nose and locate faults in the time domain. In contrast, FDR analyzes the reflected signal
in the frequency domain using a set of sinusoidal signals as an incident signal. Moreover,
TFDR diagnoses faults based on the time–frequency domain using a Gaussian-enveloped
linear chirp signal as the incident signal. Among these advanced reflectometry-based meth-
ods, TFDR demonstrates the robust capability of fault diagnosis on various cables because
TFDR has characteristics in both time and frequency domains. Although these techniques
tend to effectively diagnose hard faults, owing to their huge reflection, they cannot always
diagnose small anomalies, such as soft faults. Owing to the physical limitations intrinsic
to how soft faults respond to incident signals, the extension of TDR from hard faults to
soft faults needs to be further considered before applying them to practical problems [2].
Moreover, to accurately diagnose soft faults using TDR, FDR, and spread spectrum TDR
(SSTDR) that utilizes the sinusoidal PN sequence to diagnose live wires, Ref. [16] suggested
that the impedance variation in the environment of the wiring system must be smaller than
that due to the soft fault. Primarily, these reflectometry-based methods need to address
proper compensation of the reflected signal, because the propagated signal experiences
time dispersion and amplitude attenuation.

In addition, the accuracy of reflectometry-based methods can be degraded by blind
spots for excessively short fault distances when the incident and reflected signals over-
lap [17]. Blind spots can be a fundamental issue when applying reflectometry-based
diagnostics. To the best of the authors’ knowledge, these methods did not sufficiently focus
on extremely short cables; thus, they cannot guarantee high diagnosis accuracy for cables
used in automated factories. Unlike the power cables in power plants, where the power
transmission line length is in the range of kilometers, those in automotive factories and
factory automation machines are extremely short and have fixed lengths according to the
factory layout and manufacturers’ specifications.

Online detection of cable faults has been studied for fault detection in aircraft during
flight [6]. This method demonstrates that the proposed spread-spectrum time-domain
reflectometry (SSTDR) is suitable for online detection and performs better than spectrum
time-domain reflectometry (STDR) because of the wider spectrum and sharper correlation
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peak. However, this method is not suitable for soft fault detection and offline detection.
In [18], the authors proposed a cable diagnosis based on online monitoring of the metal
sheath current to identify cable sheath faults in power distribution networks. This approach
allows an online fault diagnosis of the metal sheath of the HV cable. However, this method
requires link boxes for cross-bonded metal sheath connections for each section of the HV
cable. In addition, this method cannot diagnose the soft faults in the conductor and cannot
conduct an offline diagnosis.

Some studies have demonstrated that the baseline method using the resultant signal
of the faulty cable to compare with the signal from the normal cable could detect and locate
soft faults [16]. This approach is thought to be suitable and precise for soft faults; however,
a perfect baseline signal is difficult to obtain, because the resultant signal—from even a
healthy cable—can vary according to the installation conditions, machine vibration, and
cable movement. Moreover, this method requires manual feature extraction and prior
knowledge during the analysis of the input and resultant signals. In addition, online
detection of cable faults is not possible for this method because the baseline signal changes
under the influence of the motor control signal and incident signal.

In this paper, a new data-driven approach to satisfy all required demands based on
the periodic burst injection (PBI) method and 1D convolutional neural network (1D CNN)
is proposed for the early detection of soft faults. The 1D CNN has a simple structure, with
a small number of learnable parameters and sensitivity to one-dimensional time series. In
addition, we utilize the resultant signal rather than the reflected signal to eliminate the
blind spot issue and diagnose very short cables. First, an incident signal is injected into
the cable using nonintrusive capacitive coupling, and the resultant voltage signal is then
collected from the other end of the cable to extract features from soft faults. The sequence
of distinct pulses is utilized as the periodic incident signal to extract features from the
faulty cable, even when the machine is working.

The rest of this paper is organized as follows. The theoretical background of the
diagnosis model is introduced in Section 2. Sections 3 and 4 demonstrate the algorithm,
using three cable settings. Finally, Section 5 presents the achievements and conclusions of
this study.

2. Theory of Fault Detection Method
2.1. Cable Soft Fault and Degrees of Severity

Advance diagnosis of soft faults is more beneficial than the later diagnosis of hard
faults, because soft faults have a high probability of becoming hard faults. In addition, these
days hard faults can be detected from error codes generated by automated machines, such
as industrial robots, which are designed to produce errors when hard faults are detected,
alerting the maintenance staff and entering a safe state until the fault is cleared [19]. For
example, if a hard fault, such as an open circuit, occurs on the servomotor power cable
that controls the third servomotor of an industrial robot, the robot will generate an error
code that describes the cause of failure, for example, power loss in the third servomotor.
The maintenance staff can then analyze the cause of failure—e.g., an open circuit in the
third power cable—to repair the robotic system. This implies that hard faults are easy to
diagnose if they have already occurred; thus, we need to focus on diagnosing soft faults in
the case of automated machines.

Fault localization is a good way to analyze the cause and improve the cable installation
process. However, to immediately restart the production lines, the faulty cables tend to be
replaced first and analyzed later; this is because wiring harness cables in the field are very
short and easy to disconnect, owing to heavy-duty connectors, which allow easy locking
and unlocking at both ends of the cable. Therefore, diagnosing soft faults and taking proper
measures at an early stage is the best strategy for reducing downtime.
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To simulate soft fault damage with various degrees of severity, we gradually increased
the wire characteristic impedance by reducing the cross-sectional area of the target wire
while fixing the damage length to 40 mm. We denote the cross-sectional area of the normal
wire as So, and the remaining cross-sectional area, which corresponds to the damaged wire,
as Sf. Sf and So are related by Sf = α So, where α is the ratio of the damaged area with
0 < α ≤ 1. For the experiment, we varied α from 1.00 to 0.066, while maintaining a fixed
soft damage length to regulate the damage level. We demonstrate that the early stage of
soft fault, i.e., the small α, is detectable by the proposed method in the experiment section.
The hard faults cases, which consist of open circuit (α = 0) and short circuit (α > 1), are not
considered in this paper.

The target cable in this study was a COVV-SB 32C × 1.5SQ cable from the LS cable. A
cross-sectional view of the cable is presented in Figure 1. It has 32 stranded wires, which
are composed of small wires wrapped together to form a larger conductor to resist metal
fatigue. Each stranded wire consists of 30 strands of 0.25 mm small-diameter wire, with a
total cross-sectional area of 1.5 mm2. The soft fault cases in this study comprised shield
and conductor damage. Shield damage refers to damage to the sheath and braided shield,
as shown in Figure 2b,c. For the shield damage case, the sheath and braided shield were
removed cleanly in this study. Conductor damage refers to damage to the insulator and
conductor, as shown in Figure 2e,f. The cross-sectional area of the stranded wire can
be reduced as α decreases by removing a fixed damage of length w of the conductor in
each strand.
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Figure 2. (a) A normal cable with intact sheath. (b) A faulty cable without sheath (the braided shield
is visible). (c) A faulty cable without shield (the wires are visible). (d) A normal wire inside the cable.
(e) A faulty wire without an insulator (the conductor is visible). (f) A faulty wire with damaged
conductor (some strands are cut).

2.2. Periodic Burst Signal

The burst signal is a sequence of a limited number of distinct pulses or an oscillation
of limited duration [20]. In the proposed method, this signal is used as the incident signal
to extract as many features as possible. The repeated incident signal was injected into
the on-voltage motor power cable at a specific frequency. However, the performance of
the robot manipulator will not be degraded because the robotic system is immune to
this kind of fast transient disruptive signal, as verified during the prototype stage of the
manipulator in accordance with the international EMC standard [21,22]. Immunity tests
are mandated by the international EMC standard. Therefore, industrial robots installed in
the manufacturing field can be regarded as having passed these tests and possess immunity.
Protective measures to protect control circuits from fast transient disruptive signals are
incorporated into industrial robots. Therefore, the burst signal with a specific condition
will not cause any functional degradation of the target system, regardless of whether the
machine is online or offline. By analyzing the extracted features, it is possible to build an
anomaly detection algorithm that detects a variety of soft faults.
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The characteristics of the burst pulses were defined in the international EMC standard.
A mathematical description is presented in [23,24]. The time dependence of the voltage is
expressed as:

vEFT = kv

 V1

kEFT
·

(
t
τ1

) nEFT

1 +
(

t
τ1

) nEFT
·e

−t
τ2

 (1)

where kv is the peak voltage value under no-load condition and kEFT is:

kEFT = e−
τ1
τ2

·( nEFT ·τ2
τ1

) 1
nEFT (2)

where V1 = 0.92, τ1 = 3.5 ns, τ2 = 51 ns, and nEFT = 1.8, according to the EMC standard.
According to the EMC standard, the burst signal should have a rising time of 5 ns

and a width of 50 ns, with some tolerance, as shown in Figure 3. These relatively quick
nanosecond-scale pulses should be repeated for durations of 15 ms or 0.75 ms (Td), and
frequencies of 5 kHz or 100 kHz (Fs), for a period of 300 ms (Tr).
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Figure 3. The ideal waveform of a single pulse into a 50 Ω load with nominal parameters tr = 5 ns
and tw = 50 ns.

Figure 4 shows the sequence of burst signals for the use of the incident signal. For
feature extraction, we designed a burst signal with Fs = 80 kHz, Td = 10 ms, and Tr = 80 ms,
which were empirically determined to allow the extraction of many features from the fault
response. The peak amplitude was set to be 1 kV.
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2.3. Nonintrusive Capacitive Coupling and Periodic Burst Injection (PBI) Method

The intensity of the reflected signal is strongly affected by the bandwidth of the
incident signals and the length between the incident point and soft fault. The resultant
signal is similarly affected by passing through the faulty cable. A larger reflection of
the incident burst signal reduces the intensity of the resultant signal. In this study, the
bandwidth of the incident signal was determined using the periodic burst signal design
process described in Section 2.2.

A capacitive coupling clamp (CCC) can be utilized to inject nanosecond burst pulses
into a live (online) or dead (offline) target cable [25]. In the conventional method, the inci-
dent signal is typically injected directly into the cable. Directly injecting the incident signal
can be unsafe and requires a protective circuit to protect the machine and maintenance
people, because the live target cable, which delivers motor power to the robot manipulator,
carries a lethal amount of current. Moreover, production lines cannot operate around the
unplanned downtime by turning off the machine so that the wiring harness cable can be
disconnected from the machines to directly inject the burst signal. Therefore, a suspicious
cable can be diagnosed without interrupting plant operation via a capacitive coupler.

The coupling efficiency of a CCC is determined by the coupling capacitance between
the target cable and clamp. CCC conforms to the specifications of international standards,
as shown in Figure 5. This guarantees that each diagnosis can be conducted under identical
conditions. The target cable was placed inside the clamp and the coupling plates were
closed for capacitive coupling. The burst generator was then connected to either side of the
coupling clamp.
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Figure 6 shows a diagram of the nonintrusive periodic burst injection and its simplified
equivalent coupling circuit. Here, Cclamp is the capacitance of the clamp and Ccoupling is the
coupling capacitance between the clamp and target cable. The circuit can be simplified, as
shown in Figure 6b, because the dominance of the capacitive coupling between the clamp
and cable in the coupling mechanism allows the clamp inductance to be ignored [24].
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Figure 6. (a) Nonintrusive periodic burst signal injection method. (b) Equivalent circuit.

The coupled incident signals are shown in Figure 7. The actual signal differs from
the ideal signal in Section 2.2, owing to the effect of the existing shield and the variation
in the impedance with cable condition. The large pulse contains numerous small pulses
that decay over time, as shown in Figure 7b. Figure 8 shows the coupled signal in the
on-voltage motor power cable when the robot is working. There are fluctuating PWM
power signals in the figure, which are generated by the controller inverter to control the
servomotors of the robot manipulator. The burst signal can be autonomously isolated in
the input layer and delivered to the learning network. The main frequency of the motor
control signal was 9 kHz, whereas the frequency of the pulses was 80 kHz, with a duration
of 10 ms and a period of 80 ms.
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3. Proposed Soft Fault Diagnosis Method Using PBI and 1D CNN

Figure 9 shows the architecture of the cable fault diagnosis model using nonintrusive
PBI. The signal is injected into the cable using a CCC. According to the law of reflection,
when the incident signal is transmitted to the fault point, some of the signal is reflected,
depending on the reflection coefficient, and the remainder is transmitted to the detection
device at the other end of the cable. The detection device then extracts features and classifies
the state of the cable condition using a 1D CNN. In this study, the detectable soft faults are
the damage to the shield and conductors, with varying degrees of severity. Damage to the
cable changes the transmission parameters and, thus, changes the shapes of the reflected
and transmitted signals, as shown in Figure 10. The pulse shapes in the online and offline
cases differed according to the severity of the fault. The voltage amplitude and traveling
time of the bust signal changes as the degrees of severity change.
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The need for manual feature extraction and prior knowledge when analyzing the
resultant signal makes it hard to extract the deep characteristics of signals from various
types of motor cables in a factory. Moreover, the computing power of machine controllers,
such as programable logic controllers (PLCs) from automated factories, is very limited; even
if they have a CPU and memory, they are only enough for the normal operation of machines.
Therefore, recent works that use complicated algorithms running on high-performance
computers cannot be applied in this field.

The use of a simple 1D CNN for soft fault diagnosis can overcome this problem. A
CNN model utilizes multiple convolutional layers to extract higher-level features from
the raw input signal. Compared with other CNN-based models, a 1D CNN model has a
simpler structure and guarantees high classification accuracy using a restricted training
dataset with sensitivity to one-dimensional time series signals [26,27]. In addition, the
kernels of a 1D CNN can be properly set using only a small number of back-propagation
epochs, thereby making the 1D CNN fast enough to apply for various types of motor
power cables from automated machines, which have a varied capacity of motors, and
motor power cables with proper conductor thickness. For example, cables with thicker
conductor are needed for the motors with greater capacity. Therefore, 1D CNN is adopted
as a classifier for the proposed method, because it has a relatively small number of learnable
parameters so that the time for the learning process can be shortened and the machine
controller with limited computing resources can conduct this algorithm on-site.

The proposed 1D CNN consists of convolutional layers, batch normalization layers,
dropout layers, max-pooling layers, fully connected (FC) layers, and a softmax classifier, as
shown in Figure 11. The architecture allows one-dimensional feature extraction without
handcrafted manipulation. A batch normalization layer was followed by a dropout layer.
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Figure 11. Construction of the proposed 1D CNN model.

The batch normalization layer allows the proposed model to achieve higher validation
and test accuracy on datasets with stable gradient propagation, whereas the dropout layer
was adopted to avoid overfitting. A softmax classifier is adopted after the fully connected
layers to classify the data into two classes, i.e., normal and fault.

The voltage amplitude of each transmitted periodic burst signal was sampled as
1D time-series data using a data acquisition device. Then, several pulses from this raw
signal were captured, normalized, and loaded into the next convolution blocks. The
dimensions of the captured signal were 3000 × 1, at a sampling rate of 5 GHz, as per the
proposed architecture. To generalize the diagnosis model and reduce the effect of different
parameter values, such as the locations of the clamp/fault and the length of the cable, an
affine transformation is applied to the training dataset as a data augmentation method.
Affine transformations preserve collinearity and distance ratios [28], and include geometric
contraction, expansion, dilation, reflection, rotation, shear, similarity transformations,
spiral similarities, and translation. Here, a randomly changing scale was adopted for
affine transformation.

The parameters of each layer must be properly set according to the type of cable and
classification task. The detailed architecture of the proposed online and offline 1D CNN
model is shown in Figure 12. The four convolutional blocks with different parameters
are connected in series to learn the hierarchical features of the fault response. The first
convolution block has 512 kernels, and the second, third, and final convolution blocks
each have 256 kernels. The convolution kernel sizes were fixed at three for all blocks. This
hierarchical architecture reduces the number of learnable parameters in each convolutional
block and enables the diagnosis model to learn low- to high-level features. ReLU was used
as the activation function of each convolution block, and the batch size was fixed at 20.
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Figure 12. Detailed configuration of 1D CNN model.

4. Experimental Setup

Figure 13 shows the proposed fault diagnosis system, which comprises an incident
signal-generating part, a signal measurement part, and a signal-processing part. The burst
generator created the designed incident signal described in Section 2.2. This signal is
coupled to the target cable using a nonintrusive CCC. The transmitted signal was measured
using a digital phosphor oscilloscope (DPO) at the end of the cable. Then, the signal-
processing system collects the measured signal and performs 1D CNN classification based
on the time sequence raw signal.
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Figure 13. Schematic diagram of the fault diagnosis system.

An Emtest UCS 500N was used as a burst generator to generate the designed incident
signal, and a Tektronix DPO 4104 B phosphor oscilloscope was used to acquire the trans-
mitted signal at a sampling rate of 5 GHz. An Emtest HFK was used as the CCC to couple
the burst signal to the cable. A Hyundai Hi5a-T10 industrial robot controller was used
to control the Hyundai HH7 manipulator with a payload of 7 kg. To collect the output
signal in this study, we used the test point located in the junction box of the manipulator.
Using this test point ensures accurate collection of the fault response under normal and
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faulty conditions. For offline fault detection, the burst signal was injected into the target
cable while the controller was turned off and the manipulator remained stationary. For
online fault detection, the controller was turned on so that the inverter inside the controller
generated power and delivered it to the robot manipulator through the wiring harness
cable. A burst signal was then injected into the target cable. The target cable consists of
32 wires, and the burst was injected into all the wires.

To verify the feasibility of the proposed algorithm for offline and online cable fault
diagnosis, we conducted experiments corresponding to the three scenarios, as shown in
Figure 14, under different locations of the clamp and fault. We also prepared an intention-
ally damaged cable with one level of normal condition and 11 levels of damage severity
on the third and fourth wires of the cable. The conductors in these target wires were
intentionally damaged by cutting out the strands, reducing the cross-sectional area of the
conductor. The severity of each damage level is listed in Table 1. There were, therefore, a
total of 72 cases corresponding to 12 levels of cable condition (one normal and 11 faulty)
× 3 settings × 2 wires. For each case, at least dozens of pulses were transmitted, because
the burst generator sent consecutive periodic pulses with an 80 ms period for 2 min for
each diagnosis. This allowed sufficient features to be obtained from the pulse train on
each diagnosis, facilitating the learning process by providing sufficient raw data to the
input layer.
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Table 1. Degrees of damage severity.

# of Strands Cut (Out of 30) Degree of Conductor Damage Degree of Shield Damage

1 3.3% -
4 13.3% -
7 23.3% -

10 33.3% -
13 43.3% -
16 53.3% -
19 63.3% -
22 73.3% -
25 83.3% -
28 93.3% -

Remove all - 100%

The length of the prepared cable was 3 m and the cable ends were connected to a
heavy-duty connector. In the first scenario, for dataset 0, we placed 11 degrees of soft fault
at 2.4 m along the cable and the CCC at 0.3 m along the cable. In the second scenario, for
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dataset 1, we placed 11 degrees of soft fault at 2.4 m along the cable and the CCC at 0.6 m
along the cable. In the last scenario, for dataset 2, we placed 11 degrees of soft fault at 2.7 m
along the cable and the CCC at 0.3 m along the cable. The positions of the capacitive clamp
in the first scenario differ from those in the second scenario so that the effects of different
clamp positions with the same fault position could be learned. In addition, the positions
of the fault position in the first scenario differ from those in the third scenario so that the
effects of different fault positions with the same clamp position could be learned.

The experimental data obtained from these scenarios are summarized in Table 2.
Dataset 0 was used as the training and validation sets for this study. Datasets 1 and 2 were
used as test sets.

Table 2. The number of collected datasets for Data 0, Data 1, and Data 2. Each dataset is measured according to the
3 scenarios from Figure 14: (a) offline data set; (b) online data set.

Dataset

Damage Severity Degrees

Normal Conductor (1- α in Percentage) Shield

0% 3.3% 13.3% 23.3% 33.3% 43.3% 53.3% 63.3% 73.3% 83.3% 93.3% 100%

# of Data 0 48 48 48 48 48 48 48 48 48 48 48 48
# of Data 1 608 576 576 576 576 576 288 576 576 576 576 576
# of Data 2 576 642 642 642 642 642 642 642 642 642 642 576

(a)

Dataset

Damage Severity Degrees

Normal Conductor (1- α in Percentage) Shield

0% 3.3% 13.3% 23.3% 33.3% 43.3% 53.3% 63.3% 73.3% 83.3% 93.3% 100%

# of Data 0 22 24 24 24 24 24 20 24 24 20 20 24
# of Data 1 252 287 288 288 288 288 320 288 252 288 288 288
# of Data 2 288 319 279 287 318 318 318 318 300 318 318 288

(b)

5. Results and Discussion
5.1. Offline Detection Results

The robot controller was turned off to conduct an offline fault diagnosis. The controller,
manipulator, and wiring harness cables between them were installed under the same
conditions for online fault diagnosis. The transmitted pulses were collected by the DPO,
and each pulse was isolated and delivered to the learning process.

Dataset 0 in Table 2a was used as the training and validation sets for the 1D CNN.
Datasets 1 and 2, which had different fault locations and clamp locations from dataset 0,
were used as the testing sets. The results obtained from the 1D CNN classifier are presented
in Table 3.

Table 3. Offline fault detection accuracies of soft faults in the cable.

Dataset

Damage Severity Overall

Normal Conductor (1- α in Percentage) Shield

0% 3.30% 13.30% 23.30% 33.30% 43.30% 53.30% 63.30% 73.30% 83.30% 93.30% 100%

Dataset 1 100% 100% 100% 100% 100% 100% 100% 100% 78% 100% 100% 98% 98.97%
Dataset 2 100% 100% 100% 66% 100% 100% 100% 100% 100% 100% 100% 100% 98.76%

One normal mode and 11 gradually increasingly damaged conductor modes, includ-
ing the damaged shield at the outer part of the cable, were classified correctly. The average
classification accuracy of the 1D CNN was 98.97% for dataset 1 and 98.76% for dataset 2.
Each dataset had a different setting for CCC and fault location. Random affine transforma-
tion, with scales varying from 0.95 to 0.99, was applied for data augmentation. The data
augmentation method reduced the effect of different settings and improved the accuracy
through generalization. Therefore, even though learning dataset 0 had a different setting,
the 1D CNN algorithm could effectively classify the abnormalities in datasets 1 and 2.
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From the experimental results, it is clear that the proposed cable fault diagnosis using
PBI and capacitive coupling detected the abnormalities correctly. Even for the early stage of
soft fault cases, which include the damage of the shield and the damage of a small portion
(α = 3.3%) of the conductor, the proposed method was diagnosed well. Therefore, we could
first detect the shield ruined by the harsh environment, and the beginning of the conductor
damage after the shield was totally damaged, because the reduced cross-sectional area
of the conductor is detectable too. The minimum decrease in the cross-sectional area
of a conductor in the experiment was 3.3% and it was detected well. In addition, the
normal condition was well diagnosed. This verifies the feasibility and effectiveness of the
proposed method.

5.2. Online Detection Results

The robot controller was turned on to move the manipulator as programed for online
fault diagnosis. The controller, manipulator, and harness cable running between them
were installed under the same conditions as in offline fault diagnosis, except that the six
servomotors of the manipulator were powered on and the harness cable carried a voltage.

The incident burst signal was the same as that in the offline experiment. In addition,
there was a PWM squared base signal of approximately 400 V amplitude due to the control
signal delivered from the inverter of the robot controller to the manipulator through the
wiring harness cable. The controlled pulse width changed according to the command from
the CPU, but the burst was still detectable. The pulse capture unit in the input layer of the
algorithm can capture the pulse signals from the squared signal, as shown in Figure 8.

Dataset 0 from Table 2b was used as the training and validation sets for the 1D CNN,
and datasets 1 and 2, with different fault positions and clamp positions, were used as the
testing sets. The results obtained from the 1D CNN classifier are presented in Table 4.

Table 4. Online fault detection accuracies of soft faults in the cable.

Dataset

Degrees of Damage Overall

Normal Conductor (1- α in Percentage) Shield

0% 3.30% 13.30% 23.30% 33.30% 43.30% 53.30% 63.30% 73.30% 83.30% 93.30% 100%

Dataset 1 97% 100% 100% 100% 100% 100% 100% 100% 100% 100% 95% 100% 98.00%
Dataset 2 95% 85% 100% 85% 100% 100% 40% 10% 75% 100% 95% 100% 89.00%

The fault classification results indicate that the proposed 1D CNN method can be
applied to automated production lines for fault diagnosis, even when the robot is oper-
ating, that is, when the power generated by the inverter of the robot controller is being
delivered to the robot manipulator. Random affine transformation, with random scales
varying from 0.95 to 1.00, was applied for data augmentation. The average classification
accuracy of the proposed algorithm was 98.00% for dataset 1 and 89.00% for dataset 2. The
detection accuracy of the normal condition was 95–97%, which is sufficiently high for use
in actual applications.

The overall accuracy of dataset 1 was higher than that of dataset 2, because the
accuracies for damage severity in dataset 2—from 53.3 to 63.3%—were relatively lower
than those of the other damage cases. In addition, the damage accuracies for the other
damage severities—from normal to 43.3% and from 73.3 to 93.3%—were sufficiently high
to detect an ongoing soft fault in the target cable, even in the presence of a low-accuracy
region, because a cable tends to become gradually damaged over time and external stresses
are accumulated in the cable until the damage becomes severe. Therefore, the algorithm
can detect ongoing soft fault damage in the fault lifecycle as the soft fault develops from
the normal condition, through the early stage (with minimum damage), to the highest
damage severity. In this experiment, the highest damage severity of conductor was the
removal of 93.3% of the cross-sectional area of the target wire.
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5.3. Comparison with Other Methods

To evaluate the abilities of the proposed fault diagnosis method, the proposed method
was compared with other fault diagnosis methods, as shown in Table 5. The mechanical
techniques, such as the elongation at break (EAB), are considered classical cable diagnosis
methods, but they are destructive, and both specialized training and experience is required
to operate the polymer tensile testing machine. On the other hand, the chemical techniques
include the oxidation induction time (OIT), which is a measure of the time at which
rapid oxidation of a test material occurs in a flowing oxygen environment. The measured
time can be correlated to the remaining life of the target cable by estimating the level
of antioxidant, but OIT test needs a sample of the target cable to diagnose its condition,
because it needs to be performed in a laboratory setting only. This can be destructive and
undesirable. The electrical techniques, such as partial discharge (PD) and dielectric loss
(tan δ), are representative diagnosis methods for field testing. However, the PD test is
susceptible to noise and requires disconnecting the cable terminations from automated
machines. Interpretation of the test results requires an extremely high skill level. Besides,
tan δ measurement can be unreliable on unshielded cables because of irregular ground
path. The reflectometry-based methods (TDR, FDR, TFDR, SSTDR) need to address proper
compensation of the reflected signal due to time dispersion and amplitude attenuation.
Moreover, the accuracy of these methods can be degraded by blind spots for excessively
short cables when the incident and reflected signals overlap.

Table 5. Comparison with other fault diagnosis methods.

Proposed
Method

Mechanical
(EAB)

Chemical
(OIT)

Electrical
(Tan δ, PD) TDR FDR TFDR SSTDR

Soft fault detection capability O ∆ ∆ ∆ ∆ ∆ O ∆
Applicable to very short cable O O O O X X X X

Online diagnosis O X X ∆ X X X O
Offline diagnosis O O O O O O O O

No prior domain knowledge required O X X X X X X X
Nonintrusive and nondestructive O X X O O O O O

Applicable to installed cables O X X O O O O O

The most significant difference between the previous methods and the proposed
method are that (1) it needs no prior domain knowledge; (2) it can diagnose both offline
and online cables; and (3) it can be applied to very short cables. The proposed method
demonstrates that soft fault diagnosis can be achieved under various operating conditions,
such as automated machines having different types of cables in the automotive factories.

6. Conclusions

Motor power cables play an important role in automated manufacturing facilities.
Cable faults can result in a costly reduction in productivity and customer trust and an
increase in workplace injuries, because safety devices and industrial equipment are op-
erated through cables. A new and effective approach is needed to diagnose extremely
short cables and conduct online and offline diagnoses with the same architecture. For
applicability to the factory floor, diagnosis methods with few parameters and no manual
manipulation are required, in contrast to other methods, which require prior knowledge of
the prerequisite parameters and raw data preprocessing involving special skills. A new
method of satisfying these requirements, based on a data-driven approach using a compact
1D CNN model and nonintrusive PBI, is proposed in this paper.

A Hyundai HH7 robot manipulator and controller were used for the experiment
in this study. A burst generator produced an incident signal, which was coupled to the
harness cable between the robot manipulator and the controller by a nonintrusive CCC.
The transmitted signal was measured using a DPO at the end of the cable. Then, the signal
processing system collected the resultant signal and performed a 1D CNN classification.
The average classification accuracy on datasets 1 and 2 was sufficient for practical use
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in diagnosing actual cable issues. For example, offline diagnosis can be used when the
robot is turned off for scheduled maintenance and online diagnosis can be used while the
robot is operating; however, emergency diagnosis is needed because of intermittent faulty
symptoms in the live cables.

In future work, the real-time fault diagnosis of a U-motion moving cable is a suitable
but challenging problem. The main drawback of the currently proposed method is that
a large number of accurate datasets are required to ensure classification accuracy. To
overcome this problem, the applied data augmentation method needs to be developed and
expanded. In the near future, we will focus on data augmentation methods to improve
diagnostic accuracy.

Author Contributions: Methodology, H.K.; investigation, H.L.; resources, H.J.; supervision, S.W.K.
All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by Hyundai Robotics (K2020120). Also, this research was
supported by the MSIT (Ministry of Science and ICT), Korea, under the Grand Information Technology
Research Center support program (IITP-2021-2020-0-01612) supervised by the IITP (Institute for
Information & communications Technology Planning & Evaluation).

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The data presented in this study are available on request from the corre-
sponding author. The data are not publicly available because it is company confidential information.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Chang, S.J.; Park, J.B. Multiple chirp reflectometry for determination of fault direction and localization in live branched network

cables. IEEE Trans. Instrum. Meas. 2017, 66, 2606–2614. [CrossRef]
2. Cozza, A. Never Trust a Cable Bearing Echoes: Understanding Ambiguities in Time-Domain Reflectometry Applied to Soft Faults

in Cables. IEEE Trans. Electromagn. Compat. 2019, 61, 586–589. [CrossRef]
3. Chang, S.J.; Park, J.B. Wire mismatch detection using a convolutional neural network and fault localization based on

time–frequency-domain reflectometry. IEEE Trans. Ind. Electron. 2019, 66, 2102–2110. [CrossRef]
4. Lee, C.K.; Kwon, G.-Y.; Shin, Y.-J. Condition Assessment of I&C Cables in Nuclear Power Plants via Stepped-Frequency Wave

form Reflectometry. IEEE Trans. Instrum. Meas. 2019, 68, 215–224.
5. Wang, J.; Crapse, P.; Shin, Y.; Dougal, R. Diagnostics and Prognostics of Electric Cables in Ship Power Systems via Joint Time-

Frequency Domain Reflectometry. In Proceedings of the 2008 IEEE Instrumentation and Measurement Technology Conference,
Victoria, BC, Canada, 12–15 May 2008; IEEE: Piscataway, NJ, USA, 2008; pp. 917–921.

6. Shi, X.; Liu, Y.; Xu, X.; Jing, T. Online Detection of Aircraft ARINC Bus Cable Fault Based on SSTDR. IEEE Syst. J. 2021, 15,
2482–2491. [CrossRef]

7. Wang, X.; Liu, E.; Zhang, B. Reflectometry based Cable Insulation Aging Diagnosis and Prognosis. IEEE Trans. Ind. Electron. 2021.
[CrossRef]

8. Parkey, C.; Hughes, C.; Locken, N. Analyzing artifacts in the time domain waveform to locate wire faults. IEEE Instrum. Meas.
Mag. 2012, 15, 16–21. [CrossRef]

9. Shi, Q.; Kanoun, O. A new algorithm for wire fault location using time-domain reflectometry. IEEE Sens. J. 2014, 14, 1171–1178.
[CrossRef]

10. Sommervogel, L.; Sahmarany, L.E.; Incarbone, L. Method to compensate dispersion effect applied to time domain reflectometry.
IET Electron. Lett. 2013, 49, 1154–1155. [CrossRef]

11. Shin, Y.-J.; Powers, E.J.; Choe, T.-S.; Hong, C.-Y.; Song, E.-S.; Yook, J.-G.; Park, J.B. Application of time-frequency domain
reflectometry for detection and localization of a fault on a coaxial cable. IEEE Trans. Instrum. Meas. 2005, 54, 2493–2500. [CrossRef]

12. Chang, S.J.; Lee, C.K.; Shin, Y.J.; Park, J.B. Multiple resolution chirp reflectometry for fault localization and diagnosis in a high
voltage cable in automotive electronics. Meas. Sci. Technol. 2016, 27, 125006. [CrossRef]

13. Lee, C.K.; Chang, S.J. Fault Detection in Multi-Core C&I Cable via Machine Learning Based Time-Frequency Domain Reflectometry.
Appl. Sci. 2020, 10, 158.

14. Wang, J.; Stone PE, C.; Shin, Y.J.; Dougal, R.A. Application of joint time-frequency domain reflectometry for electric power cable
diagnostics. IET Signal Process 2010, 4, 395–405. [CrossRef]

15. Wang, J.; Stone PE, C.; Coats, D.; Shin, Y.J.; Dougal, R.A. Health monitoring of power cable via joint time-frequency domainreflec-
tometry. IEEE Trans. Instrum. Meas. 2011, 60, 1047–1053. [CrossRef]

http://doi.org/10.1109/TIM.2017.2700178
http://doi.org/10.1109/TEMC.2018.2830404
http://doi.org/10.1109/TIE.2018.2835386
http://doi.org/10.1109/JSYST.2020.3010334
http://doi.org/10.1109/TIE.2021.3075873
http://doi.org/10.1109/MIM.2012.6263978
http://doi.org/10.1109/JSEN.2013.2294193
http://doi.org/10.1049/el.2013.1042
http://doi.org/10.1109/TIM.2005.858115
http://doi.org/10.1088/0957-0233/27/12/125006
http://doi.org/10.1049/iet-spr.2009.0137
http://doi.org/10.1109/TIM.2010.2058730


Sensors 2021, 21, 5936 18 of 18

16. Griffiths, L.A.; Parakh, R.; Furse, C.; Baker, B. The invisible fray: A critical analysis of the use of reflectometry for fray location.
IEEE Sens. J. 2006, 6, 697–706. [CrossRef]

17. Lee, C.K.; Chang, S.J. A Method of Fault Localization Within the Blind Spot Using the Hybridization Between TDR and Wavelet
Transform. IEEE Sens. J. 2021, 21, 5102–5110. [CrossRef]

18. Dong, X.; Yang, Y.; Zhou, C.; Hepburn, D.M. Online Monitoring and Diagnosis of HV Cable Faults by Sheath System Currents.
IEEE Trans. Power Deliv. 2017, 32, 2281–2290. [CrossRef]

19. American National Standard for Industrial Robots and Robot Systems-Safety Requirements ANSI/RIA R15.06; 4.5.4 Control Reliable;
Robotic Industries Association: Ann Arbor, MI, USA, 1999.

20. International Electrotechnical Commission IEC 60050, International Electrotechnical Vocabulary (IEV); 161-02-07; International Elec-
trotechnical Commission: Geneva, Switzerland, 1990.

21. International Electrotechnical Commission IEC 61000-4-4: 2012, Electromagnetic Compatibility (EMC) Part 4-4: Testing and Measurement
Techniques—Electrical Fast Transient/Burst Immunity Test; International Electrotechnical Commission: Geneva, Switzerland, 2012.

22. Cormier, B.; Boxleitner, W. Electrical fast transient (EFT) testing—An overview. In Proceedings of the IEEE 1991 International
Symposium on Electromagnetic Compatibility, Cherry Hill, NJ, USA, 12 July–16 August 1991; IEEE: Piscataway, NJ, USA, 1991;
pp. 291–296.

23. Cerri, G.; De Leo, R.; Primiani, V.M. Electrical fast-transient test: Conducted and radiated disturbance determination by a
complete source modeling. IEEE Trans. Electromagn. Compat. 2001, 43, 37–44. [CrossRef]

24. Caniggia, S.; Dudenhoeffer, E.; Maradei, F. Full-wave investigation of EFT injection clamp calibration setup. In Proceedings of
the 2010 IEEE International Symposium on Electromagnetic Compatibility, Fort Lauderdale, FL, USA, 25–30 July 2010; IEEE:
Piscataway, NJ, USA, 2010; pp. 602–607.

25. Radman, S.; Bacic, I.; Malaric, K. Capacitive coupling clamp. In Proceedings of the 2008 16th International Conference on Software,
Telecommunications and Computer Networks, Split, Croatia, 25–27 September 2008; IEEE: Piscataway, NJ, USA, 2008; pp. 75–79.

26. Yang, H.; Meng, C.; Wang, C. Data-driven Feature Extraction for Analog Circuit Fault Diagnosis Using 1-D Convolution Neural
Network. IEEE Access 2020, 8, 18305–18315. [CrossRef]

27. Kiranyaz, S.; Ince, T.; Gabbouj, M. Real-time patient-specific ecg classification by 1-D convolutional neural networks. IEEE Trans.
Biomed. Eng. 2016, 63, 664–675. [CrossRef] [PubMed]

28. Weisstein, E.W. Affine Transformation. From MathWorld—A Wolfram Web Resource. Available online: https://mathworld.
wolfram.com/AffineTransformation.html (accessed on 22 April 2021).

http://doi.org/10.1109/JSEN.2006.874017
http://doi.org/10.1109/JSEN.2020.3035754
http://doi.org/10.1109/TPWRD.2017.2665818
http://doi.org/10.1109/15.917933
http://doi.org/10.1109/ACCESS.2020.2968744
http://doi.org/10.1109/TBME.2015.2468589
http://www.ncbi.nlm.nih.gov/pubmed/26285054
https://mathworld.wolfram.com/AffineTransformation.html
https://mathworld.wolfram.com/AffineTransformation.html

	Introduction 
	Theory of Fault Detection Method 
	Cable Soft Fault and Degrees of Severity 
	Periodic Burst Signal 
	Nonintrusive Capacitive Coupling and Periodic Burst Injection (PBI) Method 

	Proposed Soft Fault Diagnosis Method Using PBI and 1D CNN 
	Experimental Setup 
	Results and Discussion 
	Offline Detection Results 
	Online Detection Results 
	Comparison with Other Methods 

	Conclusions 
	References

