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A CNN-Regression-Based Contact Erosion
Measurement Method for AC Contactors
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Abstract— This article proposes a method that indirectly mea-
sures the contact erosion of alternating current (ac) contactors
via mapping electrical signals to the contacting alloy erosion
condition which is represented by the accumulated contact mass
loss (ACML). Electrical signal waveforms and their correspond-
ing ACMLs of every make-and-break operation are acquired
in endurance tests. A supervised convolutional neural network
regression (CNNR) architecture containing six 1-D convolution
layers is proposed to model the relation between waveforms and
ACMLs. We compare different CNNR architectures as well as
different training schemes by the test precision to obtain the
optimal solution. Experiments prove that the proposed CNNR
architecture with an optimized training scheme can achieve a
precise ACML measurement when only voltage waveforms of
make operations are used. The best results reach mean absolute
errors of 3.29% and 1.59% corresponding to two datasets,
respectively, which are superior to the results of other regression
methods in the comparison and prove the theoretical significance
and application values.

Index Terms— Alternating current (ac) contactors, con-
tact erosion measurement, convolutional neural network
regression (CNNR).

I. INTRODUCTION

ALTERNATING current (ac) contactors, including electro-
magnetic and permanent-magnetic types, are electrical

apparatuses used to switch ON and OFF circuits by control
signals [1]. AC contactors that perform switching by contacts
are the most widely used type for circuits with large currents.
Although the technology of solid-state contactors has been
developing quickly in recent years, the applications of solid-
state contactors are limited since, at present, their current
capacity is still far lower than that of traditional models.

AC contactors are most widely utilized in low-voltage
(lower than ac 1200 V) applications, especially for high-power
motor control. Hence, this article investigates ac contactors
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Fig. 1. Unused contact.

Fig. 2. Contact erosion after an ac-4 test contact carrier, contacting alloy.

in low-voltage circumstances. In an ac contactor, the driving
system drives the contacts to connect (termed “make”) and
separate (termed “break”) for circuit switching ON and OFF.
The electrical endurance, termed the electrical lifetime/
durability, is determined by the residual contacting alloy (nor-
mally AgSnO2 or AgCdO) on their contacts (see Fig. 1 where
the structure of an unused contact is shown). The alloy is of
low resistance, high hardness, and high thermostability and is
used to improve the connective performance and suppress the
erosion rate. Unlike circuit breakers [2], switching operations
are executed much more frequently with ac contactors and
therefore the alloy will be eroded quickly. A contact failure
occurs when the alloy is completely eroded, and a failed
contact causes welding or lose connectivity that leads to
circuit faults. Fig. 2 shows all contacts of an ac contactor
after an ac-4 test [1]. In Fig. 2, the photographs in each
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column show the four contacts of a phase. The erosion is
occurred in both making and breaking operations. In the
making process, a strong collision as well as several bounces
with arc discharges occur between the alloy parts of two
contacts. In the breaking process, a strong arc discharge with
a high temperature (higher than 6000 K) happens when two
alloy parts separate. These phenomena are the main causes of
erosion.

Hence, contact erosion measurement is eagerly required,
since users expect to monitor the residual electrical endurance
so that they can repair or replace ac contactor right before their
failure occurrences to guarantee the reliability of frequently
switching circuits. To evaluate the erosion condition of the
alloy, the most straightforward approach is to directly measure
the thickness or the mass of the alloy part. However, it is
impractical to frequently disassemble an operating ac contactor
for measurement. Hence, an online measurement method not
disturbing the working circumstance is expected. The tra-
ditional approach widely utilized in the past is to indicate
the erosion condition by counting the number of operations,
which is currently obsoleted owning to a critical weakness:
nonconstant load circumstance leads to varying erosion rate,
which cannot be reflected by simply counting operations.
Improved approaches normally apply acquired signals from
long-term monitoring to achieve erosion estimation. However,
using long-term monitoring data leads to the loss of real-time
capability.

Hence, this article proposes a novel contacting alloy erosion
measurement method employing convolutional neural network
regression (CNNR) with a specially designed 1-D CNNR
architecture. Compared with the existing methods, the pro-
posed method has outstanding advantages in the real-time
measurement capability, as well as in precision, flexibility, and
practicality.

II. PRIOR WORK

A. Review of the State of the Art

Erosion condition measurement approaches for different
types of electrical apparatuses, for example, contactors, circuit
breakers, relays, and so on, usually share common methods
and technologies. Some scholars consider the erosion condi-
tion measurement as a probability problem and model it by
the reliability distribution. Zheng et al. [3] illustrated that the
manufacturing dispersion degree determines the electrical life
distribution whether be the three-parameter Weibull distribu-
tion or the normal distribution. Li et al. [4] proposed an online
prediction method that estimated the contact erosion loss by
a Wiener-based degradation model and established the proba-
bility density function of the residual electrical lifetime. This
type of approach achieves probabilistic electrical endurance
under a general statistic pattern. However, the peculiarities
of an apparatus, that is, the individual quality, the working
circumstance, and so on, are not reflected in the estimation.

Mapping the contact condition of an electrical apparatus
from signals acquired during its operating time is another
approach that can distinguish different individuals and be prac-
tically applied in industry. In other words, users can achieve

remote, online erosion measurement by installing communi-
cable sensors and processing acquired signals by computers.
Considering that the characteristics are not significant when
the contacts are solidly connected or completely separated,
researchers focus on the fluctuation signals generated by make
and break operations when complex electro-mechanical cou-
pling occurs. The signals can be electrical, acoustic, or optic.
Briefly, there are two categories of this approach.

The methods of the first category extract physical char-
acteristics from the acquired data and construct models that
map the characteristics to the electrical endurance or contact
erosion. Sun et al. [5] presented a method that represents
the comprehensive evaluation indexes of the electrical life
from the probability-weighted means of the closing volt-
age and the breaking arc energy of every 1000 operations
by Spearman ran correlation and the weighted Euclidean
distance, and finally mapped the comprehensive evaluation
index to the electrical life via unitary regression modeling.
Mohammadhosein et al. [6] investigated the relationship
between eroded mass and characteristics such as the trans-
ferred electrical charge, the arc current, the arc energy, and so
on for SF6 circuit breakers and presented an online monitoring
scheme. Yoshida et al. [7] investigated the influences of
multiple characteristics, such as the arc duration time, the
bounce time, the arc energy, and the contact resistance, on the
electrode mass change of electromagnetic dc contactors, and
thus estimated the electrical endurance. However, the methods
of this category only work in the circumstance that the
entire operation lifetime of an apparatus is monitored, since
characteristics reflecting the endurance need to be calculated
statistically with a big number of operations or to be compared
with the initial status. In other words, they can neither be
applied to a used apparatus without historical data nor achieve
real-time measurement or prediction.

The methods of the second category do not explore char-
acteristics from the physical point of view, but extract the
representative information relating to electrical endurance
by machine learning. The methods of this category aim to
model the instant working information to reflect the electrical
endurance, inspired by the recent studies that applied deep
learning to perform fault detection and diagnosis in multiple
areas, for example, vehicle gearboxes [8], turbo engines [9],
bearings [10], chemical factories [11], manufacturing sys-
tems [12], and so on. Wu et al. [10] modeled the relationship
between the degradation and multisensory signals of bearings
by a long short-term memory (LSTM) autoencoder (AE).
Chen et al. [13] discretized the health status of turbo engines
by the enhanced fuzzy c-means algorithm and employed a
bi-LSTM network to achieve the remaining useful life (RUL)
prediction interval (PI). Li et al. [14] proposed an RUL
prediction method employing LSTM encoding and a temporal
convolutional network (TCN) for turbo engines to improve the
prediction precision and efficiency.

Unlike long-term, cyclically operating devices such as
engines and bearings, electrical apparatuses perform instanta-
neous operations. Therefore, the life conditions are reflected by
the signals of the transient process, and the machine learning
modeling methods are different from those for cyclically
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operating devices. Meanwhile, the modeling difficulty is raised
due to the complexity of the transient characteristics as
well as the constraints of practical purposes. Žarković and
Stojković [15] presented an artificial intelligence (AI)-based
method for SF6 circuit breaker health diagnosis. They built
three fuzzy expert systems indicating the state of the con-
tacts, the arc extinguishing fluid, and the drive mechanism,
and applied k-means clustering followed by artificial neural
networks to achieve end-life prediction. The method worked
effectively, but acquiring the working information was com-
plicated and costly. Hence, the method can be applied to high-
value HV circuit breakers, but is not suitable for frequent
switching, low-pricing ac contactors. You et al. [16] proposed
a fuzzy neural network that utilized acoustic signals caused by
mechanical vibrations in make and break operations to predict
electrical endurance, based on the phenomenon that contact
condition variation changed the acoustic amplitude and spec-
trum of structural vibrations. This method works efficiently
in the laboratory environment, but there are difficulties for
industrial applications due to the strong noise interference in
the industrial environment.

This article proposes a contacting alloy erosion measure-
ment method that uses the electrical signal waveforms acquired
during make and break operations to train a CNNR model that
estimates the corresponding contact condition of every single
operation. There are two advantages to this method: first, the
signals, that is, the voltage and current, are easy to acquire
and interference-free; second, the method can be applied
online and obtain real-time measurement without historical
knowledge.

B. Related Work of the Research Group

The work of this article evolved from the prior research of
our research group. The initial study [17] applied conditional
density estimation for residual electrical endurance prediction
for ac contactors, based on the investigation of the relationship
between electrical endurance and breaking arc characteristics.
A later paper [18] first proposed to map the break operation
signals of ac contactors to several stages of contact mass loss
by deep learning classification. Another conference paper [19]
preliminarily discussed the feasibility of using CNNR for
continuous contact mass loss estimation.

III. CNNR-BASED MEASUREMENT

A. Overview

In the beginning, the waveforms of the operations are
investigated. Fig. 3 shows a make-to-break process. It can
be observed that unnormal fluctuations are caused by the
instantaneous contacting and multiple bounces at the make
operation, as well as the instantaneous separation and the
arc discharge at the break operation. Previous studies have
proved that the behaviors of the operations change with the
variation of the contact condition [20] and also influence
the patterns of the signal fluctuations. Hence, we propose an
erosion measurement method that achieves the accumulated
contact mass loss (ACML) by analyzing the electrical sig-
nal fluctuation waveforms acquired during make and break

Fig. 3. Fluctuations caused by operations.

operations. Since most mass loss occurs on the contacting
alloy, it is reasonable to represent the erosion condition by the
ACML. This approach is a practical solution since acquiring
electrical signals is convenient and low cost.

Nevertheless, there is a key issue to be resolved: under the
ac condition, the initial phase angle of an operation, that is,
the contacting moment of two contacts in a make operation
or the separation moment of a break operation, remarkably
influences the characteristics of the waveforms. It causes
difficulties in determining waveform-extracted characteristics
that directly reflect the condition of the contacting alloy.
To resolve the issue, our research employs deep-learning-based
modeling methods that automatically extract representative
characteristics from operation waveforms. This article presents
an optimized architecture and modeling schemes of the CNNR
approach. Comparisons between the architectures and schemes
are made to obtain the best measurement result.

B. Data Acquisition and Preprocessing

The research employed the same testing system as what was
described in our previous paper [17]. The system runs an ac-4
test by timely performing making and breaking operations on
three-phase ac contactors and the amplitude power facture of
the current in the main circuit can be configured by setting
up the loads. We install a voltage sensor between the input
and output terminals of each phase to monitor the voltage
variation during operations. Meanwhile, the current of each
phase is measured by a current transformer on the wire.
All voltage and current waveforms are acquired and recorded
by a data acquisition (DAQ).

On the other hand, the contact erosion of a phase is
represented by the ACML of the corresponding four contacts
(see Fig. 2). The same as described in [18], the corresponding
ACML value of an operation is achieved by a piecewise
linear interpolation (1) of mass measurements after every
600 operations. Mi represents the corresponding ACML of
the i th operation, j is the count of the latest mass-measured
operation before the i th operation, and k is the count of the
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Fig. 4. ACML increment of three-phase contacts.

Fig. 5. Waveforms of a make (left) and a break (right).

next mass-measured operation after the i th operation

Mi = (Mk − M j ) · (i − j)

k − j
. (1)

Fig. 4 indicates the ACML increment with the operation
count of the three-phase contacts in Fig. 2. It can be observed
that the increment of each phase is approximately linear. It also
shows an important phenomenon that the erosion rates can
be different between phases even in a single ac contactor
with uniformly distributed random operation phase angles.
The reason is that in break operations, the residual magnet
in the driving coil shifts the breaking phase angles close to a
certain position and changes the uniformity of breaking phase
angles. This phenomenon causes asymmetrical erosion on the
contacting alloy of the three phases. The issue was described
in our earlier paper [21] in detail. Hence, it also proves that
estimating the electrical endurance by counting operations is
not reliable and robust.

Hence, the goal of the measurement method is to map the
waveform(s) generated by breaking or making an operation to
the corresponding ACML which reflects the contact condition.
In the previous work, only breaking waveforms are investi-
gated. While in this article, waveforms of making processes
are also applied. The length of both breaking and making
waveforms is an electricity period. Figs. 3 and 5 show the
waveform examples in making and breaking processes.

C. CNNR Architectures

In our previous work, traditional CNNs that performed
convolution operations over a space of two or three dimensions

were employed, since CNNs were originally designed for
applications of images or videos. However, in our research,
signals are initially 1-D waveforms. It is considered that
reforming 1-D waveforms to a higher dimensionality will ruin
the natural features or correlations within or between them.
Therefore, a novel architecture that develops our previously
proposed network [19] by replacing 2-D convolution layers
with 1-D layers is designed. In addition, the novel architecture
can also reduce computational complexity. Therefore, 1-D
arrays, each of which is an electrical signal waveform, are
applied as input features. Comparisons between 1-D and 2-D
architectures will be made in Section IV to find out the
superior one.

The upper graph of Fig. 6 illustrates the proposed CNN
architecture that consists of six 1-D convolution (“Conv”) lay-
ers, three max-pooling (“Pool”) layers, and two full connection
(“FC1” and “Output”) layers. The height of the convolution
and pooling layers indicates the array length of every example,
while the width indicates the number of channels in each
layer. Since 1-D arrays are used for features, the depth values
are all “1.” Every convolution layer is followed by a batch
normalization layer [22] as well as an activation layer, which
are indicated by the deep yellow bands on the right side
of each convolution block. The activation function ξ(x) can
be rectified linear units (ReLU) [23] or Swish [24]. At the
final stage, two full-connection layers (“FC1” and “Output”)
are designed with a single-value output which is the final
measurement result. Unlike classic deep learning networks, the
regression network does not employ an activation layer such
as SoftMax at the end. The core of the architecture is using
three “conv-conv-pool” blocks that increase the network depth
and keep the number of feature dimensions. Considering a 1-D
convolution layer can be represented as follows:

z(l)
u =

∞∑
i=−∞

x (l−1)
i+u · k(l)

i · χ(i) + b(l) (2)

where x (l−1) is the initial input of layer l, and k(l) and b(l)

are the convolution kernel and the bias, respectively. χ is the
valid convolution mask with a mask length n

χ(i) =
{

1, 0 ≤ i < n

0, others.
(3)

The activation layer is

a(l)
u = ξ

(
z(l)

u

)
. (4)

For two series 1-D convolution layers in a “conv-conv-pool”
block, we get

z(l+1)
v =

∞∑
i=−∞

a(l)
i+v · k(l+1)

i · χ(i) + b(l+1) (5)

a(l+1)
v = ξ

(
z(l+1)
v

)
. (6)

Hence, for the 1-D max-pooling layer with the pooling
length r , we get

z(l+2)
u = max

(
a(l+1)

ur , a(l+1)
ur+1 , a(l+1)

ur+2 , . . . , a(l+1)
ur+r−1

)
. (7)
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Fig. 6. CNNR architectures: 1-D architecture (upper graph) and 2-D architecture (lower graph).

TABLE I

SPECIFICATIONS OF THE DEVICES USED IN THE EXPERIMENTS (UNIT: g)

We also investigate a 2-D CNNR architecture that replaces
the 1-D convolution layers with 2-D ones (Fig. 6, lower
graph), and a reshaping operation that converts 1-D signal
arrays to the 2-D matrix is required before inputting data
to the network. Meanwhile, 2-D convolution increases the
computational complexity and thus reduces the processing
efficiency. A comparison between the two architectures is
made in Section IV.

D. Training Configuration

We propose several training schemes for comparison (see
Table I). We input waveforms occur in make and break

operations separately. For each operation, we use voltage
standalone, current standalone, as well as duo-channel (i.e.,
use both voltage and current signals) waveforms. For the
duo-channel scheme, voltage and current signals are formed
into two channels. We apply both mean squared error (MSE)
and mean absolute error (MAE) as the loss function, while
only MAE is applied for the validation metric (VM) and test
metric (TsM) since it can directly reflect the measurement
precision. The training, validation, and test data are randomly
divided to 3:1:1 among the entire dataset. Validation is per-
formed with the training running. The model parameters are
iteratively replaced according to the progress of the validation
precision. The maximum training epoch value is set to 10 000.
For the 1-D case, every convolution kernel is a 1 × 25 1-D
array, corresponding to the 5 × 5 kernel shape commonly
used in the 2-D architecture. In our experiments, we have also
examined kernels of 1 × 9, 1 × 49 for 1-D, as well as 3 × 3,
7 × 7 for 2-D, and finally find out that 1 × 25 and 5 × 5 are the
optimum, respectively. The Adam optimizer is selected since
it can adaptively adjust the learning rate and avoid massive
parameter tuning. The dropout rate within [0.00, 0.50] in the
FC1 layer is discussed, since normally the dropout rate should
not be larger than 0.50 in deep learning model training.

The test data is independent of the training and validation
data. The final TsM results are obtained by applying the
model parameters that achieve the best VM value, that is, the
minimum validation MAE, to the test data.

IV. EXPERIMENTS

We train and test CNNR models with TensorFlow 2 [25]
and NVIDIA Titan V GPU acceleration cards. The dataset
contains 17 925 examples corresponding to the contact mass
loss process shown in Fig. 4.
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Fig. 7. Training processes of different operations and signals (a) using
break-voltage data: left–TrL and TrM; right–VM, (b) using make-voltage data:
left–TrL and TrM; right–VM, and (c) using break-current data: left–TrL and
TrM; right–VM.

A. Waveforms From Different Operations and Signals

First, we compare the schemes of using waveforms of
different operations (make versus break) and different signals
(voltage versus current versus duo-channel). In the experiment,
the dropout rate equals zero and the loss function is MSE.
Only the 1-D CNNR is tested here. Fig. 7 shows three typical
examples of the training processes. The loss is converted to
the root mean square error (RMSE) from MSE so that the unit
of the loss and the metric (MAE) can be unified in the charts.

In Fig. 7, the charts in the left column show the training loss
(TrL) and metric values (the first 500 epochs are not presented
since the errors at the beginning are very high). Meanwhile, the
updating processes of the minimum VM MAEs are displayed
in the right column. The “train loss” and “train metric” are
smoothed by a sliding mean window of length 100 to form
curves (black curves with circular and triangular markers) so
that the trend can be easily observed. Obviously, the errors

TABLE II

TEST RESULTS OF DIFFERENT OPERATIONS AND SIGNALS (UNIT: g)

TABLE III

TEST RESULTS BY THE 2-D CNNR ARCHITECTURE (UNIT: g)

fall quickly and reach the minimum value at the end with the
make-voltage waveforms, as indicated in Fig. 7(a). A similar
result is obtained by applying the break-voltage data [see
Fig. 7(b)]. Nevertheless, Fig. 7(c) shows that the error is
significantly high when the break-current data is applied.

Table II shows the TrL, training metric (TrM), VM, and
test metric (TsM) at the epoch where the minimum VM MAE
is reached. In the column titled “opt.” (operation), “duo”
means using both make and break waveforms. While in the
column titled “channel,” “duo” stands for using both voltage
and current waveforms. It can be observed that using the make-
voltage data reaches the minimum metric errors for both val-
idation and testing. Meanwhile, obviously current waveforms
produce negative effects on error reduction, so using duo-
channel data increases the computation complexity without
precision improvement. Therefore, from the perspective of
data, voltage waveforms in make operations can strongly
reflect the characteristics of contact mass loss. In other words,
from the perspective of electrical and dynamics, the variation
of the contact condition changes the bounce behavior in
make operations. Table II also shows that the corresponding
validation and test MAEs are very close. Considering that
the validation and test datasets are randomly splinted in
every training process, the generalization of the model can
be proven.

B. 1-D and 2-D CNNR Architectures

We also apply the data in the same forms as Section IV-A
to our previously proposed 2-D CNNR architecture. The loss
and the metric values are shown in Table III. It is indicated
that briefly the errors are higher than those achieved by the
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Fig. 8. Training processes using the MAE loss function: (a) TrL. (b) VM.

TABLE IV

TEST RESULTS OF MAE LOSS FUNCTION (UNIT: g)

1-D architecture. In addition, the computation cost of the
2-D CNNR is also higher. Therefore, the 1-D CNNR has
superiorities in both measurement precision and computational
efficiency.

In addition, we also compared the measurement times
between the 1-D and 2-D architectures. The average measure-
ment time per example with the 1-D CNNR is 32 μs (including
the time of waveform preprocessing), while that with the 2-D
CNNR is 37 μs, due to the 2-D computation complexity and
the extra process of reshaping feature vectors. In brief, the
efficiencies of both 1-D and 2-D architectures can meet the
requirement of real-time measurement, owning to the powerful
GPU acceleration.

C. Training Parameters

Two important training parameters are investigated: the
loss function and the dropout rate. Here, we take the make-
voltage data scheme which performs the best in the previous
experiments to determine the optimum parameters.

The loss function can also be MAE so that the optimization
target of the loss and the metric can be unified. The results
are shown in Fig. 8 and Table IV. It is proved that there is a
significant improvement in both VM and TsM when employ-
ing MAE as the loss function, especially the make-voltage
waveforms being used. In addition, the training processes are
smoother and more efficient than those applying MSE as the
loss function.

TABLE V

TEST RESULTS OF DIFFERENT DROPOUT RATES (UNIT: g)

Fig. 9. ACML measurement versus ground truth.

Table V illustrates the results of applying dropout rates from
0.00 to 0.50 in the FC1 layer during training. It is proved
that changing the dropout rate cannot improve the precision in
our case. Therefore, finally, we achieve an optimum modeling
scheme that employs the 1-D CNNR architecture, make-
voltage waveforms, the MAE loss function, and the dropout
rate of 0.00. The scheme achieves an MAE of 0.0326 g for
the VM and an MAE of 0.0324 g for the TsM. In other words,
considering the maximum ACML of a phase is 0.984 g, the
error rate is 3.29% in absolute values.

In addition, we have also applied Swish as an alternative
activation function and achieve the optimal result with TrL =
TrM = 0.0087, VM = 0.0448, and TsM = 0.0452. According
to the results shown in Table IV, ReLU still reaches a higher
precision in our case. The corresponding measurement versus
ground-truth chart is displayed in Fig. 9, in which the test
examples are sorted by their ground-truth ACML values. It can
be observed that most measurement dots tightly surround the
ground truth.

D. Comparison Against Other Regression Methods

We implement several existing regression methods for
comparative study, including Gaussian process regression
(GPR) [26], kernel ridge regression (KRR) [27], support
vector regression (SVR) [28], ν-SVR (νSVR) [29], [30],
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TABLE VI

COMPARISON WITH OTHER METHODS USING VOLTAGE DATA

Bayesian ridge regression (BRR) [31], stochastic gradient
descent regression (SGDR) [32], deep neural network regres-
sion (DNNR) [33], and LeNet-5-like [34] 1-D-CNNR with
ReLU activation and max-pooling. The KRR, νSVR, and
SVR utilize the radial-basis function (RBF) kernel [26] which
obtained higher precision than other kernels, due to the
nonlinearity of the regression problem. The DNNR employs
a network architecture altered from our 1-D-CNNR archi-
tecture by replacing the convolution layers with full con-
nection layers and is trained by the same mechanism as
our 1-D-CNNR. GPR, KRR, SVR, νSVR, BRR, and SGDR
are implemented with scikit-learn [35], while DNNR and
LeNet-5-like 1-D-CNNR are implemented with TensorFlow 2.
Also, we implemented a regression model based on LSTM
which is commonly applied for RUL prediction. Nevertheless,
the supervised LSTM is applied since unsupervised learning
employed in [10], [13], and [14] does not work in our
experiment. We apply the methods above to both make-voltage
and break-voltage data. The parameters of all methods applied
are tuned to achieve the best test precision in MAE, and thus
the test results are presented in Table VI.

According to Table VI, obviously BRR and SGDR cannot
make the precision since they are linear modeling methods.
GPR, KRR, νSVR, SVR, DNNR, and LSTM performed
better due to their nonlinearity components. Finally, it can
be observed that the proposed CNNR reaches significantly
higher precision than all other methods. We also present the
average measurement time per example in the right column.
Since the deep-learning-based methods are accelerated by
GPUs, the times are within 100 μs and obviously meet the
requirement of contact erosion measurement. Other methods
of high computational complexity, such as GPR, SVR, and
νSVR, are very time-consuming since GPU acceleration is
not supported.

To further verify the proposed method, we also apply
another dataset acquired from the ac-4 test of the Tengen
TGC1-1811 model whose rated current is 18 A. As the
manufacturer requests, the ac-4 current is raised by 20%, that
is, 130 A, for a redundancy test. 7200 operations are performed
and finally 21 225 valid examples are obtained. At the end of
the test, the ACMLs of the three phases are 0.328, 0.298,
and 0.184 g, respectively. We apply the same preprocessing,

TABLE VII

RESULTS OF APPLYING THE DATASET OF THE TENGEN TGC1-1811

training, and testing schemes to this dataset, and Table VII
presents the results of the experiment.

It can be observed that the proposed method also obtains
the highest measurement precision (0.0052 g in MSE, i.e.,
1.59% of the maximum ACML) as well as a relatively high
processing efficiency (31 μs per example).

V. CONCLUSION

This article presents a CNNR method to indirectly mea-
sure the contact erosion of ac contactors. Architectural and
parametric optimizations are investigated to achieve the best
precision. After the comparison with other existing regression
methods, it can be concluded that the proposed CNNR method
is the optimum approach for the erosion measurement problem
at the state of the art.

The work of this article only discusses the measurement
with ac-4 test data. However, the load condition also influent
the waveforms in operations, and a load of an ac contactor
normally varies in practice. It also causes difficulty in applying
models to practical applications. The solution is to train a set
of models with the data of several typical load conditions,
respectively. For a working ac contactor, when an operation
is performed under one of the typical load conditions, the
corresponding model can be used to achieve the measurement.
In further work, data from different load conditions (e.g., ac-3
tests) are expected to be acquired and modeled. Furthermore,
multimodel-based contact erosion measurement is to be imple-
mented for varying load conditions. Meanwhile, we will also
contribute to developing a device prototype that performs DAQ
and contact erosion measurement.
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