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Abstract. The problem of on-line recognition and retrieval of relatively weak
industrial signal such as Partial Discharges (PD), buried in excessive noise has
been addressed in this paper. The major bottleneck being the recognition and sup-
pression of stochastic pulsive interference (PI), due to, overlapping broad band
frequency spectrum of PI and PD pulses. Therefore, on-line, on-site, PD measure-
ment is hardly possible in conventional frequency based DSP techniques. We pro-
vide new methods to model and recognize the PD signal, on-line. The observed
noisy PD signal is modeled as linear combination of systematic and random com-
ponents employing probabilistic principal component analysis (PPCA). Being a
natural signal, PD exhibits long-range dependencies. Therefore, we model the
random part of the signal with fractional Brownian motion (fBm) process and
pdf of the underlying stochastic process is obtained. The PD/PI pulses are as-
sumed as the mean of the process and non-parametric analysis based on smooth
FIR filter is undertaken. The method proposed by the Author found to be effec-
tive in recognizing and retrieving the PD pulses, automatically, without any user
interference.

1 Introduction

Inspite of advances in the areas of manufacturing, processing optimal design and quality
control, the high voltage (HV), high power apparatus have continued to fail in service
prematurely. Investigations reveal that, in most cases insulation failure is the primary
cause. In this context, power utilities are increasingly resorting to on-line, on-site di-
agnostic measurements to appraise the condition of insulation system. Amongst others,
the PD measurement is emerged as an indispensable, non-destructive, sensitive and
most powerful diagnostic tool.

A major constrain encountered with on-line digital PD measurements is the cou-
pling of external interferences, that directly affect the sensitivity and reliability of the
acquired PD data. The more important of them being, discrete spectral interferences
(DSI), periodic pulse shaped interferences, external random pulsive interferences and
random noise generic to measuring system itself. In most of the cases, external interfer-
ences yield false indications, there-by reducing the credibility of the PD as a diagnostic
tool. Many researchers, have proposed signal processing techniques to suppress the
different noise component such as, FFT thresholding, adaptive digital filter, IIR notch
filter, wavelet based method with varying degree of success [1]. Due to the inherent dif-
ficulties involved in signal modeling and pattern analysis of PD signal, on-line, on-site
PD measurement is still elusive which forms the subject matter of this paper.
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1.1 Problem Enunciation

Discrete spectral interfrences can be identified and eliminated in frequency domain as
they have a distinct narrow-band frequency spectrum concentrated around the dominant
frequency, whereas, PD pulses have relatively a broad band spectrum. Periodic pulse
shaped interferences can be gated-off in time domain (any PD occurring in that time
interval is lost). But, it is very difficult to identify and suppress PI, as they have many
characteristics in common (both in time and frequency domain) with PD pulses. Also,
PI is a random occurrence like PD, which aggravates the process of separation. Thus,
PI continues to pose serious problems for reliable on-line, on-site PD measurement.

In this paper, we analyze the PD time series in statistical perspective to model and
classify the PD data. Locating the PD/PI pulses are the first step in further analysis of
the signal. In this regard, we enhance the observed noisy signal using wavelet based
soft thresholding method and the pulses are detected using simple peak-detector. Win-
dowed signal of appropriate length is then taken around the detected location and further
analysis is undertaken on the windowed signal. Considering the signal structure of the
observed PD signal, we incorporate a combination of PPCA and fBm process based
methodology, which effectively models the systematic component and random compo-
nent in the observed PD signal. Since the PD signal is combination of different sinu-
soidal and random noises, this method is quite realistic, also, the long-range dependence
of this natural signal is effectively modeled by fBm process. The pure PD/PI pulses are
modeled as mean of the process and Non-parametric analysis based on smooth FIR
filters is undertaken to extract the features of the pulse. The procedure adopted in this
work is completely different from the research work reported in the literature, which is
generally based on deserved signal frequency and noise frequency.

1.2 PD/PI Pulse Detection

It has been observed that, PD and PI pulses randomly occur in time. Therefore de-
tection of the pulses is a primary requirement in further analysis of the signal. The
signal-to-noise ratio of the PD signal is generally less (around -25dB) and it is diffi-
cult to visualize the location and the form of pulses in the observed noisy signal. In
this regard, we denoise the noisy observed signal using wavelet based sureshrink soft
thresholding method and make use of a simple peak detector to detect the location
of pulsive activity. A minimum of S scale discrete wavelet transform is taken, where,
S = � log(Fs)−log(Fd)

log(2) − 1�. Here, Fs is the sampling frequency and Fd is the upper
cutoff frequency of the PD detector. A windowed signal of appropriate size is taken
around the detected location for further analysis.

2 Probabilistic PCA

Principal Component Analysis (PCA) is a widely used tool for data analysis. Given a set
of d−dimensional data vector y, the q principal axes Uj , j = 1, 2, ..., q, are those onto
which the retained variance under projection is maximal. These principal axes are the
q eigenvectors corresponding to the q dominant eigenvalues of the sample covariance
matrix of the data y. The analysis using PCA does not involve any probability model for
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the data. Tipping and Bishop [2] showed that by assuming a latent variable model for the
data vectors, the data vectors can be represented in terms of its principal components.
This approach is very useful because, we not only represent the data in terms of its
principal components, but also a probability model for the data can be derived. This
model in turn can be used for the tasks like estimation and detection of signals.

2.1 Probability Model for PCA

Any d−dimensional data vector y can be related to q−dimensional (q < d) latent
variables z as:

y = h + Lz + γ (1)

where, γ and z are independent random processes. h is the mean of the data vectors.
By defining a prior pdf to z, the above equation induces a corresponding pdf to y. If
we assume z ∼ N(0, Iq) and γ ∼ N(0, Cγ), then, y is also a Gaussian with,
y ∼ N(h, LLT + Cγ) , where, Iq and I are q × q and d × d identity matrices. With
the above pdf’s for z and γ, we can show that the columns of L are the rotated and
scaled principal eigenvectors of the covariance matrix of the data vector y. In the above
model, the observed vector y is represented as the sum of systematic component (Lz)
and random noise component (γ). It is shown in [2] that the ML estimate of L and
σ2 are given by, L = Uq(Λq − σ2I)1/2R , where, the q column vectors in Uq are the
eigenvectors of the covariance matrix of the data with the corresponding eigenvalues in
the diagonal matrix Λq. R is an arbitrary rotation matrix. The energy in the remaining
(d − q) eigen vectors is given by σ2. The model order (q) is estimated using Akaike
information criterion (AIC), which is found to be two.

3 A Combination of PPCA and fBm Time-Series Model

We propose a model for the analysis of PD/PI pulses buried in noise, as:

y(t) =
d∑

t=0

x(t − k)h(k) + w(t), t = 0....d − 1 (2)

where, y, x and w are observed time series, system impulse response and noise compo-
nent respectively. We model h by non parametric model based on smooth FIR filter. The
eqn. 2 can be written in matrix form as, y = Xh+w , where, X is the convolution ma-
trix, which is identity matrix Id. In this, the noise w can be represented using the latent
variable model as explained in section 2. i.e, w = Lz + γ , where z is a q−dimensional
(q < N ) latent variable and γ is a random noise component. This method is quite real-
istic in modeling the PD signal, since the observed PD signal is combination of pulses,
DSI and other random components. The matrix L is called as systematic noise matrix,
which characterizes the systematic noise component by considering q principal compo-
nents of w, corresponding to the first q dominant eigenvalues. Assuming Gaussian pdf
models as described in the section 2, the pdf of noise can be given as, w ∼ N(0, Cy) ,
where, Cy = LLT + Cγ . Finally, the observed time series can be represented as,

y = Xh + Lz + γ (3)
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Therefore, the probability model for the observed PD/PI time-series y for a given h is
distributed as,

y|h ∼ N(Xh, Cy) (4)

The physical phenomena like PD exhibits long-term dependencies and 1/f type of be-
haviour over wide range of frequencies [3]. Also, the natural signals are non-stationary
in nature. Therefore, the standard assumption of independence of noise random vari-
ables are not valid in modeling the natural signals. We model the noise component (γ)
as, γ = γd + γi , where, γd describe the long-memory process and γi represent the in-
dependent random noise. One well-known model of long-memory processes proposed
by Mandelbrot and VanNess [4] is fractional Brownian motion. Among others, self-
similarity property makes wavelet transform, a preferred tool for analysis of the fBm
processes. Thus, By taking DWT of scale m, we have Wγ = Wγd + Wγi. Exploiting
the Karhunen-Loeve-like properties of the wavelet decomposition for 1/f type of pro-
cess, we have, Wγd and Wγi uncorrelated and independent of each other. The variance
of the wavelet coefficients for each scale is: var(Wγ) = σ2

γ = σ2
dβ−m + σ2

i . The
parameter β is related to Hurst component (H), which describes the fBm process com-
pletely. The Hurst component is given by, H = (log2β −1)/2. The covariance function

of the self-similar process with H is: Rd(t, s) = σ2
H

2 (|s|2H + |t|2H −|t−s|2H) , where,
σ2

H = Γ (1 − 2H)cos(πH)/(πH). The parameter set Θ = [H, σ2
d, σ2

i ] are estimated
using ML technique in wavelet domain. The likelihood function L is given by,

L(Θ) = p(Wγ ; Θ) =
∏

m,n∈R

1√
2πσ2

γ

exp

(
− (Wγm

n )2

2σ2
γ

)
(5)

where, n represents the number of wavelet coefficients in scale m. The covariance ma-
trix (Cγ) is obtained as, Cγ = Cd + Ci. The covariance structure (Cd) is estimated
using H and Ci is given by, Ci = σ2

i Id.
A set of training data (yt) for noise (i.e. non-pulsive region of the data) is required

to estimate Cy , which requires the prior knowledge of absence of PD/PI pulse in the
observed data. To extract the random noise component from yt, we project yt on to DSI
space (given by UqU

T
q ) and γ is obtained using the additive model as given in Eqn. 3.

Finally, the overall covariance matrix Cyis obtained using, Cy = LLT + Cγ .

4 Feature Extraction Based on Smooth FIR Filter

In this section we attempt to extract the feature of PD and PI pulses by completely
representing them using a smooth FIR filter, irrespective of the shape of the pulse. This
method aspire to estimate the function at each time sample making no assumption of
the PD/PI shape and robust enough to withstand low SNR, without over constraining
the problem. The basic approach to model pulses by a FIR filter is taken from Marrelec
[6] in which, the noise space is assumed to be spanned by a third order polynomial
functions. In our work, we evaluate the basis vectors for the noise subspace at each
windowed section using PPCA and fBm combination model.
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In this methodology, the coefficients of the filter emulate the desired pulse. There-
fore, estimating the filter coefficients at each windowed signal is the task at hand. The
estimation problem is ill poised, since, the number of coefficients to be estimated are
large. We assume that, PD/PI pulses are smooth and regularize the problem by intro-
ducing smoothing priors. Therefore, we choose to work in a Bayesian framework. The
smoothing constraint is imposed by setting up a Gaussian prior for the norm of second
derivative of the pulse. The relative weight of this prior to data is controlled by the
hyperparameter ε.

The pdf of observed data (y) conditioned on h can be written as:

p(y|h) =
1

(2π)
k
2 |Cy| 1

2
exp[−1

2
(y − Xh)T C−1

y (y − Xh)] (6)

The smoothing prior for h is given by, p(h|ε) ∝ (ε2)
k−1
2 exp(− ε2

2 hT Mph) , where, ε
is the hyper parameter which is a measure of relative weight of the prior. The higher ε,
the more the prior constraint taken into account. Mp is called as concentration matrix
of the dimension k−by−k. A Jeffrey’s non-informative prior [7] is used for ε, which is
given by, p(ε) = 1

ε . Using Bayes rule, the joint posterior pdf for h and ε can be written
as, p(h, ε|y) ∝ p(y|h, ε)p(h|ε)p(ε) . Therefore, the required marginal posterior pdf for
h is given by, p(h|y) =

∫
p(h, ε|y)dε . The closed form solution to this marginal pdf

is not possible and therefore numerical optimization is required to find the maximum
aposteriori probability (MAP) estimate of h. To over come this problem, we first esti-
mate ε by MAP and approximate the aposteriori pdf for h as, p(h|y) ≈ p(h|y, ε = ε̂) ,
where ε̂, the MAP estimate of ε which is given by, ε̂ = arg maxεp(ε|y) , The marginal
posterior probability for ε is given by:

p(ε|y) ∝ |M(ε)|−1/2εk−2exp(
−1
2

ytC−1
y y − µ̂B

tM(ε)µ̂B) (7)

wherein,
M(ε) = XtC−1

y X + ε2Mp

µ̂B = M(ε)−1(XtC−1
y y)

Equation 7 is maximized w.r.t ε, to get the MAP estimate. Now the task is to esti-
mate the filter coefficients h. We have, p(h|y, ε = ε̂) ∝ p(y|h, ε = ε̂)p(h|ε = ε̂) . i.e
p(h|y, ε = ε̂) ∝ exp[− 1

2 (y − Xh)T C−1
y (y − Xh)] + ε̂2hT Mph. The filter coefficient

h is obtained by maximizing the posterior probability of h, which is given by,

ĥ = [XT C−1
y X + ε̂2Mp]−1XT C−1

y Y (8)

Estimates of a PD and PI pulses considering both real and simulated signal is shown in
Fig. [1].

In simulated data (as shown in first part of Fig. [1]), the estimated pulse (h) was
found to be very close to the added pulse. This shows the power of the method in mod-
eling the PD data. The estimated PD and PI pulse considering the real data is shown in
second part of Fig. [1]. A PCA based binary classifier, one correspond to PD and other
one corresponding to PI is employed to extract PD and reject PI. In this methodology,
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Fig. 1. Demonstration of pulse extraction using simulated and real data
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Fig. 2. Output of non-parametric method considering real and simulated data

subspaces are found for the training data of each class which are estimated from the us-
ing the non-parametric model as explained earlier. The overall output of the method on
simulated data is shown in the first part of fig. [2]. The added PD pulses (we have this as
we simulate the data), denoised signal and the retrieved signal are shown in (II), (III) and
IV respectively. It can be seen that, all of the PD pulses have been retrieved rejecting all
PI pulses. Also, the height of the retrieved pulses are close to that of added pulses, which
is very important in making and diagnostic/prognostic decisions. The performance of
the method in dealing with the real signal is shown in the second part of Fig. [2]. To the
best of Authors knowledge, there is no general technique which can automatically re-
trieve the PD pulses rejecting PI. Therefore, we have not compared the performance of
the method demonstrated in this paper with other techniques reported in the literature.

5 Conclusion

The problem of on-line recognition of PD signal is approached in a different perspec-
tive than conventional DSP techniques. A combination of PPCA and fBm process based
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techniques have been developed and applied to the problem in hand. The methodology
is found to be effective in PD signal modeling and recognition. Thus, Author has devel-
oped an statistical pattern recognition methodology for on-line, on-site measurements
of PD signal.
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