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Abstract
Gas dischargewill produce rich electromagnetic, optical as well as acoustic signals. Comparedwith the
other signals, acoustic signals are also significant andwould offer non-contact, low cost and easy-
operation approach for online dischargingmonitoring, which requiremore attention and intensive
study. In this paper, we studied the characteristics of acoustic signals in the corona, transient glow,
spark, and glowdischargingmodes generated in aDCpin-to-pin configuration and developed a
method using acoustic signals to classify the different dischargemodes. The acoustic signals of the
discharge at different gapswere recorded by adjusting the gap distance. 250 sets of acoustic signal
samples were collected for each dischargingmode. It was found that acoustic signals behave differently
in differentmodes. Based on the short-time Fourier transform (STFT) of the acoustic signals, a novel
method for dischargemode classification using the support vectormachine (SVM) approachwas
developed. Thefinal predictive accuracy of the trained classifier exceeds 90%.

1. Introduction

Plasma produced by gas discharge has beenwidely used inmany fields [1–4]. There are several device
configurations for generating plasma in the atmosphere [5–9]. Comparedwith other plasma sources, the pin-
pin configuration is simple and easy to control. Four typical dischargemodes are usually observed in the pin-pin
DCdischarge, namely the corona, transient glow, spark, and glowmodes [8, 10]. Owing to their different
characteristics, plasmas in differentmodes have various applications. Corona discharge has prevalent industrial
applications such as the electrostatic precipitator (ESP) for treatment of harmful gases [11]. Ozone generation is
another common application of corona as an ion source, which can be used for disinfection of water supplies
[12]. Because glowdischarge operates in the steady-state regime, it is favorably applied in surfacemodification
[13] and biomedical treatment [14]. Spark discharge is typically utilized in plasma ignition systems [15].

Under unsteady operating conditions, the dischargingmodesmay transform fromone to another.
Therefore, distinguishing andmonitoring the different types of dischargemodes is a key issue in different
applications. During discharge, electric, optical, electromagnetic, and acoustic signals are always produced
[16–19]. The currentmethods used to classify dischargemodes are usually based on these signal characteristics
of plasma. The signal characteristics of plasma in differentmodes have distinct features and contain a large
amount of information that can be used formode classification. Comparedwith the traditional electromagnetic
method, the acousticmethodmay provide a non-contact, low cost and easy operating approach for online
dischargingmonitoring, therefore, the acoustic signal has become a popular classificationmethod in recent
years [19–24]. For example, based on the frequency domain characteristics of acoustic signals, artificial neural
networks can be built to distinguish partial discharges in outdoor insulation systems, which is essential to the
safety of equipment [23, 24]. This approach has the advantages of fast response, low cost, and non-contact,
which are important for industrial application. Compared to other signals in plasma, the characteristics of
acoustic signals in different dischargingmodes still lack a systematic study, and the use of acoustic signals for
mode classification requires further development.
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In this study, the acoustic signals of different DCdischargemodesweremeasured and analyzed. The short-
time Fourier transform (STFT) of eachmodewas then extracted. Based on this feature, the support vector
machine (SVM) approachwas proposed to train the classifier to identify dischargemodes.

2. Experimental setup andmethods

2.1. Experimental setup
Figure 1 illustrates the schematic of the experimental setup. Two stainless needles were used as electrodes to
generate plasma driven by aDCpower supply (Spellman SL30PN300) andwerefixed on the slide rail. The gap
between the two needle tipswas adjusted to obtain different dischargemodes. A ballast resistor (R= 10MΩ)was
connected in series in the circuit. For all the experiments, the applied voltage wasfixed at 14 kV. The data of all
signals were acquired simultaneously using an oscilloscope (TektronixMDO3034). The applied and discharge
voltagesweremonitored using voltage probes (Tektronix P6015A). A current probe (Pearson 2877)was used to
measure the pulsed current. The voltageVr across the small resistor (r= 930Ω)wasmeasured using a differential
probe (Tektronix P5200A). Subsequently, the direct current in the circuit was calculated according to I=Vr/r. A
microphone (BSWAMPA401)was used to record the acoustic signal generated by the plasma. It was situated at
the same altitude as the discharge region but 10 cm away. The images during discharge were captured by a digital
camera (NIKOND750)with an exposure time of 0.4 s.

2.2.Methods of feature extraction
The extraction of suitable features is an important issue in the classification of dischargemodes. Generally, to
fully characterize the acoustic signal, the time-frequency diagram calculated by STFT [25, 26] is used to analyze
how the frequency content of a nonstationary signal changes over time. Figure 2 shows the basic steps of signal
processing.

Burrs and electromagnetic interference commonly exist in thewaveformof the collected acoustic signal;
therefore, noise reduction is necessary before feature extraction. Amedianfilter is widely applied to remove
glitches fromwaveform. The basic principle is to replace the value of each point in the signal to be processedwith
themedian value of all points in its neighborhood. First, a slidingwindowof odd length is specified tomove over
the signal to befiltered, sample by sample. Then the data in thewindow is sorted by size, and themedian is taken

Figure 1.Experimental setup.

Figure 2.Process of STFT feature extraction.
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as the newdata in themiddle point of the original window. Samples of the denoising results are presented in
figure 3. This approach eliminates isolated noise points without destroying signal characteristics.

Since the acoustic signal is not stationary, it is commonly segmented into frames of the same length; the
signal is considered to be fairly stable within each frame. To avoid loss of dynamic information, the
overlapped frames are usually specified, which compensates for signal attenuation at the edges. In addition, to
reduce spectral ringing, each frame is oftenmultiplied by aHammingwindow function, which tapers off at
the edges. Subsequently, the nth frame of the signal obtained after framing andwindowing is xn(m), which is
defined as

x m w m x n m m N0 1, 1n( ) ( ) ( ) ( )= + - 

wherew(m) is thewindow function,N is the frame length, n is the frame number, andm is the time sequence of
frame synchronization.

The Fourier transform (FT)was then performed on eachwindowed frame, and the calculation results were
added to the STFTmatrix that contained themagnitude and phase for each point in time and frequency. The
mth element of this STFTmatrix is
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whereXn(k) represents the amplitude estimation of x(n). The power Pn(k) of the acoustic signal was estimated by
determining the square normof the amplitude spectrum as follows:
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2.3. Principle and application of SVM
Currently, there aremany classificationmethods, such as k-nearest neighbor (k-NN), artificial neural network
(ANN), and support vectormachine (SVM). Among these, SVM is a simplemethod for solving classification
problems involving few samples and nonlinear high-dimensional conditions, and is thus suitable for this study.

SVM ismainly intended for binary classification, and its basic principle is to construct the separating
hyperplanewith the largestmargin between the two classes [27]. Based on this principle, SVMcan be expanded
to solvemulticlass problems via a one-against-one strategy [28]. This strategy constructs SVMmodels between
every pair of classes to form a parallel architecture. For the training data from the ith and jth classes, SVM solves
via the following formulation [29, 30].

Figure 3.Denoising result of acoustic signal.
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The decision function of SVMbetween the ith and the jth classes is

y x bsign . 5ij ij T ij
new new[ ( ) ( ) ] ( )w f= +

For new data, the voting strategy is used for classification; if predicted to belong to the ith class by the decision
function, a favorable vote is added for the ith class. Otherwise, the jth-class votes are increased by one. Then
according to the votes for two classes, the final decision is taken based on the ‘MaxWins’ rule.

A diagramdemonstrating the SVMapproach used in this study for the classification ofDCdischargemodes
is shown infigure 4. First, the acoustic signals in different dischargemodes are collected. Next, the features that
distinguishmembers of different signal classes are extracted as the input to train the SVMclassifier. For the
acoustic signals of the unknownmodes, the predicted classification of the dischargemodes can be obtained as
long as the extracted features are input into the pre-trained classifier.

3. Results and discussion

3.1. Features andmeasurement in dischargemodes
In order to achieve accurate classification, the characteristics of different dischargemodeswere recorded and
analyzed in detail. As shown infigure 5, the powered electrodewas on the upper side, whereas the grounded
electrodewas on the opposite side. Based on existing research, in this study, different dischargingmodes were
categorized according to their appearance during discharge [8, 10]. Four dischargemodes could be clearly
observed by adjusting the discharge gap. The electric and acoustic signals of differentmodesweremeasured, and
the characteristics of the plasma sound in the time-frequency domainwere analyzed.

The time, frequency, and intensity are the three significant characteristics of acoustic signal. However,
neither the time domain nor the frequency domain characteristics can completely describe the change of
acoustic signal, then a time-frequency diagramof STFT is commonly used to solve this problem. Three
characteristics can be displayed in the 2Dplot, realizing the visualization of acoustic signal. This diagram takes
time as the abscissa and frequency as the ordinate and the points with color represent the power of the acoustic
signal.

Corona discharge appeared at 17–20 mm, and the discharge frequency ranged between 80 and 130 kHz. As
shown infigure 5(a), at 20 mm, there is weak plasma around the two needle tips; the air gap does not break down
completely. In each discharge cycle, the peak value of current pulse is about 1.5 mA and the drop voltage is
approximately 10 V.Noobvious audible sound could be heard in the actual experiment because the amplitude
of the acoustic signal was small—mainly between−0.04 and 0.04 Pa.With regard to the time-frequency
domain, the corona generally operated in a steady state, with no sudden change during 10 ms. The component of
the spectrum in the coronamodewasmainly below 50 kHz, of which the acoustic signal had a characteristic
spectrumwith approximately 46 kHz and−42 dB, whichwas beyond the auditory response range of the
human ear.

Figure 4.Diagram of SVM framework.
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The dischargemode changed to transient glow discharge when the distance was reduced to approximately
13–16 mm, and the repetition frequency of the discharge ranged between 13 and 20 kHz. An image of the
transient glow discharge is presented in figure 5(b). It can be seen that there is a bright plasma column, a brief
dark region, and a small bright area in that order from anode to cathode. The drop voltage increases to
approximately 300 V and the peak value of current increases to approximately 60 mA.Meanwhile, during
discharge, a weak sibilant sound could be heard clearly. The time-domainwaveformof the acoustic signal is
composed of a series of random sound pressure pulses with bipolar properties, and the amplitude is not large.
Here, the collected signal at 15 mm is taken as an example, in which the first positive amplitude Pm is
approximately 1.12 Pawhereas the first negative amplitudeNm is approximately−1.28 Pa. From the STFT
graph, three distinct frequency bands can be observed: approximately, 20 kHz, 44 kHz, and 66 kHz. It should
be noted that the spectral components in the audible range have amplitude of approximately−20 dB, which is
lower than that of other high-frequency components, and the value of the power spectrum around 44 kHz is
the greatest, at approximately−14 dB.

Figure 5.Discharging image, signalmeasurements, and STFT of acoustic signal. (a)Corona; (b)Transient glow; (c) Spark; (d)Glow.
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As the discharge distance decreased to 7–11 mm, spark discharge occurred, and the discharge frequencywas
approximately 4–9 kHz. As shown infigure 5(c), the air gap is completely broken down, accompanied by intense
white-light emission and a loud buzzling sound. The peak-to-peak value of discharge voltage is relatively high,
approximately 9 kV, and the peak value of current increases to approximately 2.1 A. Thewaveformof the
acoustic signal is also a bipolar pulse, but the amplitude of the sound pressure ismuch larger than that in other
modes. Themeasurement shown infigure 5(c) is obtained at 11 mm, inwhich thefirst positive amplitude Pm of
the acoustic signal is approximately 24.6 Pa and the first negative amplitudeNm is approximately−39.8 Pa. As
displayed in the STFT graph,more frequency bands can be observed, containing approximately 6 kHz and
multiples of basic frequency. Furthermore, the power spectrumof the frequency components within the
auditory response range of humans is approximately−12.8 dB, which ismuch lower than that of the
components outside the audible range, approximately 13.5 dB.

Finally, thefinalmodewas glowdischarge, which occurred at less than 6 mm, andwasDCdischarge. As
shown in the image of 5 mm infigure 5(d), it is evident that the regime includes a positive column, Faraday dark
space, and negative glow. In thismode, the discharge current and voltage are both in theDC state, where the
voltage is approximately 2.8 kV and the current is approximately 1.2 mA. The amplitude of the filtered acoustic
signal had almost nofluctuation, whichmeans that no soundwaves could bemeasured. In fact, no soundwas
heard during glowdischarge in the experiment. The STFT graph also shows that the spectrummainly consists of
aDC component, and its intensity is approximately−58 dB.

It should be noted that there exists the phasemismatch between electric and acoustic signal, especially
obvious in transient glow and sparkmodes. There is about 320 μs time delay between the sound pulse and the
current pulse, which ismainly determined by themeasuring distance. The speed of sound under atmospheric
pressure is about 340 m s−1, and in our experiment, themicrophonewas∼10 cm away from the discharge gap,
whichmay cause∼300 μs time delay. Simultaneously, considering the factors such as the propagation delay of
the signal cable, thesewould both lead to the phasemismatch of signal in time domain.

From the above results, itmight be inferred that the generation of acoustic signal is related to electric signal.
The air gap is broken down owing to the injection of discharge energy. Hence, a large amount of heat is produced
in a short time via electron-impact and dissociative quenching reactions [31, 32]. This leads to hydrodynamic
expansion of the air, and then soundwave is generated during the gas discharge process.

3.2. Classification of dischargingmodes
According to the STFT features discussed above, the SVMapproachwas proposed for classification of different
dischargemodes. The acoustic signals of the discharge at different gaps were collected by adjusting the discharge
distance. In this study, 250 sets of acoustic signal samples were collected for eachmode, of which 80%were used
for training the SVMclassifier and the remaining 20%were used to verify the prediction accuracy of the trained
classifier. The training accuracy of the SVMclassificationmethod based on the STFT features of the acoustic
signal reached up to 92.6%. Simultaneously, the final results of the validationwere analyzed using a confusion
matrix, where the rows of the confusionmatrix represented the true classes whereas the columns represented the
predicted classes. As shown infigure 6, one of the sparkmodes ismistakenly classified as a transient glowmode,

Figure 6.The confusionmatrix of prediction results.
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two coronamodes aremistakenly classified as glow, and two glowmodes aremistakenly classified as corona. The
prediction accuracy of the classifier for the fourmodes was as follows: 96% for corona, 98% for transient glow,
100% for spark, and 96% for glow. The overall prediction accuracy of the classifierwas as high as 97.5%.

To ensure the stability of the classificationmodel, acoustic signal samples without predicted labels were used
for the test. Eighty sets of data were input into the trained classifier each time, that is, 20 samples for eachmode.
The test was repeated thrice, and the results are presented in table 1. The prediction accuracy of all the tests
exceeded 90%,which proves that the classificationmethodwas effective.

Gas discharge in air under atmospheric pressure is affected bymany factors, such as the temperature, the
ambient humidity, the air impurity and so on [33, 34]. These factors will also the propagation characteristic of
the acoustic wave [35, 36]. In this primary study, we aimed at investigating the characteristics of acoustic signal in
different dischargemodes, and developing a newmethod formodes classification based on acoustic signals.
How these factors that will affect the dischargemodes and the characteristics of acoustic signal will be further
investigated in our followingwork.However, it’s obvious that the acoustic signals of different dischargemodes
have different characteristics and can be taken as the feature formode classification.

4. Conclusion

In this study, the acoustic signal characteristics of fourDCdischargingmodes generated in a pin-to-pin
configurationwere presented.Moreover, based on the time-frequency domain feature STFTof eachmode, an
SVMmethodwas proposed to train the classifier to identify dischargemodes. Thefinal predictive accuracy of
the trained classifier exceeds 90%. Accordingly, the acoustic signal of discharge could be an effectivemethod for
mode classification. Futureworkswill focus on the investigating the influential factors on the characteristics of
acoustic signal in different dischargemodes and utilizing other features of acoustic signals or classifiers to
improve classification accuracy according to different discharge configurations.
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