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Automatic Classification of Power
Quality disturbances Using S-transform
and MLP neural network

P. Kalyana Sundaram* & R. Neela**

Abstract: The paper presents an S-Transform based multilayer perceptron neural network (MLP) classifier for the
identificati on of power quality (PQ) disturbances. The proposed method is used to extract the threeinput features
(Standard deviation, peak value and variances) from the distorted voltage waveforms simulated using parametric
equations. The features extracted through S-transform are trained by a MLP neural network for the automatic
classification of PQ disturbances. MLP neural classifier has been implemented and tested for ninetypes of power
quality disturbances. Theresults clearly show that the proposed method has the ability to identify and characterize
PQ disturbances. The performance of the proposed technique is compared with the kalman based MLP neural
network.
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Nomenclature

h(t) — Red sgnd

qt, f) — Stransform

f — frequency

t - time

WT(t,f) — Continouswavelet transform

g — Phasefactor

T — timevariadle

d- — differentid timevariable

WH —  Complex conjugate of wavelet trandform
W, f) — Timefrequency resolution of wavelet transform

1. INTRODUCTION

Intherecent years, power quality has becomeanimportant issueinthe electric power system. Thereare various
typesof power quality issuesinthetransmisson and distribution linessuch assag, swell, interruption, harmonics,
sag with harmonics, swell with harmonics, flicker and notches. In order to improve power quality, the sourcesand
causes of such disturbances must be known before the appropriate mitigating actions can betaken. Thevarious
typesof power quality disturbances weredetected and classified using wavelet transform analysisasillustrated in
[1]. Thetimeand frequency of multi resolution wavelet has been presented in[ 2] to analyze the electromagnetic
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power sysemtransients. Analysis of the power quality transent Sgnalsusing wavelet transform hasbeenillustrated
in[3].

Theshort timeFourier transforms (STFT) based power frequency harmonic analyzer hasbeen discussed in
[4] for thenon stationary signals. Thewindowed FFT whichisthe time windowed version of discrete Fourier
transform has been applied for power quality andyssto classfy avariety of disturbancesin[5]. Wavelet transform
along with multi-resolution signal decomposition for the classification of power quality disturbancesin[6]. A
combination of Fourier and wavelet transform along with fuzzy expert system hasbeen presented in [ 7] for the
automatic monitoring and analysis of power quality disturbances.

Wavelet multi resolution analysis based neural network classifier is presented in[8] for the detection and
extraction of power quality disturbances. An automated online power quality disturbances classification usng
wavelet based pattern recognition techniquehasbeenillustrated in[9]. Discrete STFT along withwavelet transform
for theanalysisof power quality disturbancesin[10]. Thedetection, localization and classfication of power quality
disturbances are based on S-transformand compared with wavelet multi resolution analysis has been presented in
[11]. Multi resolution S-transform along with fuzzy system was discussed for the classification of power quality
classficationin[12].

A two dimensional representation of analyzing the various typesof power quality disturbancesusing DWT
decomposition technique hasbeenimplemented in[ 13]. A combination of DSP hardware system aong with kalman
filter for the real time detection and analysis of the power quality disturbanceshasbeenillustrated in[14]. The
classification of the power quality disturbancesin both single and multiple naturesusing S-transformand Pattern
recognition techniques has been implemented in [ 15]. The S-transform extract important information froma
disturbance signal and trained by PNN to determine the type of disturbance that caused power quality (PQ)
problemto occur has been presentedin[16].

An Stransformbased fuzzy and Particle swarm optimization has been presented in [ 17] and this combinesto
identify thetime series PQ disturbance dataand also classified it. A rule based technique long with S-transform
has been discussed in [ 18] whichdiagnosisthe Power quality disturbanceinthetime-frequency nature. Probabiligtic
neura network method based on optimal feature selection for power quality event dassfication hasbeenillustrated
in[19]. Thewindowed Hilbert huang transform (HHT) used to anayze the non-stationary signal in power quality
analysis hasbeen discussed in [20]. An S-transform based ML P neura network classifier for analysis of power
quality disturbancesin which thefeatures are extracted using S-transform and disturbances are classfied usng an
ML P based neurd network is presented in this paper.

2. PROPOSED METHOD
The proposed method hastwo stages namely
I. Featureextractionusing S-transform
ii. Classfication stage usng MLP neurd network

Strandformisused for extracting features such as peak value, variancesand standard deviation. MLP neurd
network isused for dassifying the power quaity disturbances. A set of parametric equationsgeneratethe disurbance
waveforns.

2.1. FeatureExtraction Stageusing S-transform

The S-trandformisagenerdization of the Short-time Fourier transform (STFT) and an extension of the continuous
wavelet transforms (CWT). The S-transform will perform multi-resolution analysis (MRA) onatime varying
power sgnal, asitswindow width variesinversaly with the frequency. Themain function of the S-transformisa
Gaussian modulation cosinusoid. The output of the S-transformisan N x M matrix called the S-matrix whose
rowspertainto thefrequency and columnsto time.
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A spectrogramor sonogramisavisua representation of the spectrum of frequencies. Spectrogramsare usualy
created in one of two ways. They are approximated asafilter bank that resultsfrom a series of band passfilters,
or calculated fromthe time signal using the short-time Fourier transform (STFT). Thesetwo methods actualy form
two different Time-Frequency Didtributions, but areequivdent under some conditions. S-transform using spectrogram
analysisprovidesbetter visual analyze of the signal.

The Stransformof asignd isdefined as

S(t, f) =j°‘; h(z)W (z —t, f),e % "*dr 1)
Where S(t, f) = LINpEREE @)
a2z

Theintegration of S-transformover timeresultsinthe Fourier spectrumisgivenas

H(f) =j:S(t, f)at ©)

For the gaussan window J: S(t, f)dt=1 (4)

Theoriginal sgna can be obtained from S-transform as

ht)= [ {j‘” (e, f)dr}ejz””df 5
The Strandformisalso represent asthe amplitude and phase correction of the continuouswavelet transform

\/T j2rfr
S, f)=""—¢e"""" WT(t, f) (6)

2ra
fai \/|f| _t2f2/2a% j2xf?
Wavelet transformisgivenas WT (t, f) = +— ,e "' "/%" el?” (7
(04

The Strandformisnow expressed intimefrequency resolution as
S(t, f) = j“’ H (v, f)W (v, f),e/?™dv 8)
W(V, .I: ) — e72;r2052v2 /t? (9)

2.2Multi-Layer Perceptron (MLP) Neural Network

A multilayer perceptron neura network isafeed-forward artificia neural network that hasaninput layer, output
layer and one or more hiddenlayers. A ML P based neural network consists of multiple layersof nodesinwhich
each layer connected to the next onefully in adirected graph.

Except for theinput nodes, each nodeisaneuron with anonlinear activation function. ML P based neural
network utilizesasupervised learning technique called back propagation for training the network. ML P based
neurda network architecturediagramisshown asinthefigure 1.

Further, MLP networkshave redundant networking and are very robust, providing amathematical flexibility.
Thetraining parametersand the sructure of the ML Pused inthiswork areshownin Table 1.
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Figure 1: Architecture of MLP Neural Network
Tablel
ML Parchitectureand training parameters
Architecture
The number of layers 3
The number of neuron on the layers Input: 13, hidden: 10, output: 9
Theinitial weightsand biases Random
Activation functions Tangent sigmoid
Training parameters
Learningrule Back-propagation
Learningrate 0.75
Mean-sguared error 1E'08

2.3. Back propagation learning algorithm
BP hastwo phases.

» Forward pass phase: Computesthe ‘functional signal’ and feed forward propagation of input pattern
sgndsthrough network.

» Backward passphase: Computesthe‘error signal’ and propagatesthe error backwardsthrough network
garting at output units (The error isthe difference between actua and desired output values).

3. CLASSIFICATION STAGE

Inthisstage, features extracted throughthe S-transform are gpplied asinputsto the multi-layer perception based
neura network in order to classfy the disturbances. MLP networks are very useful for the classification of those
input signalswhich cannot be defined mathematically.

3.1. Flowchart of the Proposed M ethod
The flowchart for the Classification of Power Quality disturbancesisshown in below.
It hasthreedifferent blocks.
Block-(a) — Features extraction such asstandard deviation, peak vaue and variances
Block-(b) —Detectionand classfication of the power quality disturbances
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Figure 2: Flowchart for the Classification of Power Quality disturbances

4. SIMULATIONAND TEST RESULTS

Training and Test datafor variousclasses of disturbances usng aset of parametric equations and thismethod of data
generation offersthe advantages such asawide range of parameterscan begenerated in acontrolled manner. Ssgnds
closer tored gtuation canbesmulated. 100 casesof each dasswith different parametersweregenerated for traning and
another 100 caseswere generated for testing. Thefeatureextraction of thesesgnashasbeen doneby S-trandform. Tota
szeof thetraining dataset is3* 900, where 3 representsthe number of featuresextracted for eachtype of disurbance
and 900 representsthetota number of samplesat therateof 100 samplesfor eachone of the 9 disurbances. Theseinput
sgnas, whenapplied to the MLP neurd network to get accurate classified disturbances. The varioustypes of power
qudlity disurbancesarepresented to highlight thesuitahility of the gpplication of the proposed method.

Puresnewaveisthenormd voltage sgnal of at frequency 50 Hz and itswaveformisas showninthefigure
3(a). Thetimefrequency anadyssof S-transformand spectrogram representation of the pure sinewave are shown
inthefigures 3(b) and 3(c). The standard deviation, peak vaue and the variances of the pure snewave are shown
inthefigures3(d) and 3(f).
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Voltage sag (or) voltage dips causesthe decrease of system voltage and itswaveformis asshowninthe
figure 4(a@). Thetimefrequency analysis of S-transformand spectrogram representation of thevoltage sag are
shown inthe figures4(b) and 4(c). The standard deviation, peak value and the variances of the voltage sag are
showninthefigures4(d) and 4(f).
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Voltage swell causestherise of system voltage and itswaveform is as shown in the figure 5(a). The time
frequency analysis of S-transform representation and spectrogram of the voltage swell are shown inthefigures
5(b) and 5(c). The standard deviation, peak value and the variances of the voltage swell are shown inthefigures
5(d) and 5(f).
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Outages may be seen asaloss of voltage on the syssemfor the short duration and itswaveformisas shown
inthefigure 6(a). Thetimefrequency analysesof S-transform representation spectrogram and of the voltage swell
areshowninthefigures6(b) and 6(c). The standard deviation, peak value and the variances of thevoltage swell

areshowninthefigures6(d) and 6(f).
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Harmonicsare generated by the connection of non linear load to the system duration and itswaveformisas
showninthefigure 7(a). Thetimefrequency andysisof S-transformrepresentation and spectrogramof theharmonics
areshowninthefigures7(b) and 7(c). The sandard deviation, pesk value and variances of harmonicsare shown

inthefigures7(d) and 7(f).
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Sagwith harmonicsiscaused by the presence of anonlinear load and itswaveformisas showninthefigure
8(a). Thetime frequency analysis of S-transform representation and spectrogram of the harmonicsareshownin
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thefigures8(b) and 8(c). The standard deviation, peak valueand the variances of the harmonicsare showninthe

figures8(d) and 8(f).

Swell with harmonicsiscaused by the presence of nonlinear load and itswaveformisasshownin thefigure
9(a). Thetimefrequency anaysis of S-transform representation spectrogram and of the swell with harmonicsis
shown inthefigures 9(b) and 9(c). The standard deviation, peak value and the variances of the swell with harmonics

areshowninthefigures9(d) and 9(f).
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Flicker iscaused by the continuousand rapid variation of the system load and itswaveformisasshowninthe
figure 10(a). Thetimefrequency anadlyssof S-transform representation spectrogramand of theflicker isshownin
thefigures10(b) and 10(c). The standard deviation, peak value and the variances of the flicker are showninthe

figures 10(d) and 10(f).
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Notch isadisturbance of the nomina power voltagewaveformlasting for lessthan haf acycle. Thedisturbance
isinitidly of oppogite polarity and henceit isto be subtracted from the waveformand shownin thefigure 11(a). The
time frequency analysis of S-transform representation spectrogram and of thenotchisshown inthe figures 11(b)
and 11(c). Thestandard deviation, peak value and variances of notch are showninthefigure 11(d) and 11(f).
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Table3
Classfication accur acy
Sho  PQ Disturbances Per centage of Accuracy

Input Kalman filter based Stransformbased
Features MLP neural network MLP neural network

Voltage Sag

Voltage Swell
Outages

Harmonics

Sag with Harmonics
Swell with Harmonics
Hicker

Notch

Overall accuracy
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5. CONCLUSION

Inthis paper, anew technigue to detect and classify the varioustypes of Power quality disturbances using S-
transformand MLP neura network. The Power qudity disturbance waveforms weregenerated through parametric
equations. By using S-Transformtheinput features such as standard deviation, peak value and variances were
extracted and MLP based neural network has been applied for classifying the various PQ disturbances. The
classification accuracy hasbeen validated by comparing the results obtained by the proposed technique against
kaman based neural classifiersand it has been concluded that the proposed method performsbetter than those
technique. The proposed techniqueenablesthe accurate dassfication of al ninetypesof PQ disturbances Smulation
results demongtrate that the performance and accuracy of the S-transform. Neural Network isaversatile classfier
that canbetrained for any input combination and its application makesthe suggested technique particularly suitable
for classfication of disturbancesof varying nature. The resultsshow that the proposed technique performsvery
well indetection and classfication of PQ disturbances.
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