









	
 Home

	 Add Document
	 Sign In
	 Create An Account














[image: PDFKUL.COM]






































	
 Viewer

	
 Transcript













DETECTION OF ABRUPT CHANGES IN POWER SYSTEM FAULT ANALYSIS: A COMPARATIVE STUDY Abhisek Ukil, Rastko Živanović Tshwane University of Technology



Abstract: Detection of abrupt changes in signal characteristics has significant role to play in failure detection and isolation (FDI) systems; one such domains viz., power systems fault analysis is the focus of this paper. Two most promising techniques viz., wavelet transform and recursive identification used to detect the abrupt changes in the signals recorded during disturbances in Eskom power network are presented in a comparative manner in detail with application results. Main focus has been to estimate exactly the time-instants of the changes in signal model parameters during the pre-fault condition, after initiation of fault, circuit-breaker opening, auto-reclosure of the circuit-breakers and the like. After segmenting the fault signal precisely into these event-specific sections, further signal processing and analysis can be performed on these segments, leading to automated fault recognition and analysis. Keywords: Abrupt changes detection, Power system fault analysis, Wavelet transform, Recursive identification. 1



INTRODUCTION



The analysis of faults and disturbances in power systems is a fundamental foundation for a secure and reliable electrical power supply. In this project, we focus on automated fault and disturbance recognition for the Eskom power transmission network, South Africa. In the direction towards a recognition-oriented task, we would first apply the abrupt changes detection algorithms to segment the fault recordings into different segments, viz., pre-fault segment, during the fault, after circuit-breaker opening, after autoreclosure of the circuit-breakers. Then we would construct the appropriate feature vectors for the different segments; finally pattern-matching algorithm would be applied using those feature vectors to accomplish the fault recognition and associated tasks. In the scope of this paper, focus is laid on the first task i.e., segmentation of the fault recordings by detecting the abrupt changes in characteristics of the fault recordings obtained from the digital fault recorders from Eskom power network. We examine and classify different techniques of abrupt changes detection and segmentation. Also, we analyze the applicability of those techniques in regard to our application in a comparative manner and most promising techniques are discussed in details.
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ABRUPT CHANGES DETECTION



Detection of abrupt changes in signal characteristics is a much studied subject with many different approaches. A possible approach to recognition-oriented signal processing consists of using an automatic segmentation of the signal based on abrupt changes detection as the first processing step. A segmentation algorithm splits the signal into homogeneous segments, the lengths of which are adapted to the local characteristics of the analyzed signal. This can be achieved either online or off-line [1]. Mathematically, we can consider a sequence of observations depending only upon one scalar parameter θ . Before the unknown change time t 0 , the parameter θ is equal to θ 0 , and after the change it is equal to θ 1 ≠ θ 0 . The problems are then to detect and estimate the changes in the parameter and the change time-instant t 0 [1]. 3



DIFFERENT TECHNIQUES



In the scope of this paper, we focus on power system fault and disturbance signals. Many of these signals are quasi-stationary in nature i.e., these signals are composed of segments of stationary behavior with abrupt changes in their characteristics in the transitions between different segments. It is important to find the time-instants when the changes occur and to develop models for the different segments during which the system does not change. To accomplish the abrupt changes detection, hence segmentation of the fault and disturbance signals, the following approaches are considered.



•



Simple methods o Superimposed Current Quantities [2] o Linear Prediction Error Filter [3] o Adaptive Whitening Filter [4]



•



Linear Model-based approach o Additive Spectral Changes [1] o Auto-Regressive (AR) Modeling and Joint Segmentation [5] o State-Space Modeling and Recursive Parameter Identification [6]



•



Model-free approach o Support Vector Machines [7]



•



Non-parametric approach o Discrete Fourier Transform [8] o Wavelet Transform [9]



Among the different techniques studied, the following are the most promising ones in respect to our application domain. •
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Linear Model-based approach ¾ State-Space Modeling and Recursive Parameter Identification Non-parametric approach ¾ Wavelet Transform



assumption about when the system actually changed. The relative reliability of these assumed system behaviors is constantly judged, and unlikely hypotheses are replaced by new ones. This is followed by smoothing filtering operation. A typical recursive identification algorithm is:



θˆ(t ) = θˆ(t − 1) + K (t )[ y (t ) − yˆ (t )] θˆ(0) = θ 0 ,



(1)



where θˆ(t ) is the estimate of the parameter vector θ at time t , and y (t ) is the observed output at time t . yˆ (t ) is a prediction of the value y (t ) based on observations up to time t − 1 and also based on the current model (and possibly also earlier ones) at time t − 1 . The gain K (t ) determines in what way the current prediction error y (t ) − yˆ (t ) affects the update of the parameter estimate. An optimal choice of the gain K (t ) can be computed using the Kalman filter [6]. In Fig 1, we show the application results for a fault signal obtained from Eskom DFRs implemented using MATLAB based on recursive identification algorithm.



POWER SYSTEM FAULT ANALYSIS



We focus on automated fault analysis for the Eskom power transmission network, South Africa. Presently, 98% of Eskom transmission lines are equipped with digital fault recorders (DFRs) on feeder bays, with an additional few installed on Static Var Compensators (SVCs) and 95% of these are remotely accessible via a X.25 communication system [2]. The DFRs trigger due to reasons like, power network fault conditions; protection operations; breaker operation and the like. Following IEEE COMTRADE standard [10], the DFR recordings are provided as input to the analysis software which uses Discrete Fourier Analysis and Superimposed current quantities [2]. Fig 1 RED Phase Voltage signal segmentation The purpose of this study is to augment the existing automated fault analysis and recognition system with more robust and accurate algorithms and techniques. 5



RECURSIVE IDENTIFICATION



As power system has a deterministic system model, we can apply the model based approach for abrupt change detection. In the proposed Recursive Identification [6] technique, several Kalman filters that estimate the parameters are run in parallel, each of them corresponding to a particular



In Fig 1, the upper plot shows the original DFR recording for voltage during the fault in the REDPhase. The lower plot shows the time-instants of the changes in signal characteristics indicating the different signal segments owing to different events during the fault, e.g., segment A indicates pre-fault section and fault inception, segment B indicates the fault, segment C indicates opening of circuitbreaker, segment D indicates auto-reclosing of circuit-breaker and system restore.
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WAVELET TRANSFORM



Signal Decomposition



Wavelet transform is particularly suitable for the power system disturbance and fault signals which may not be periodic and may contain both sinusoidal and impulse components. In particular, the ability of wavelets to focus on short intervals for high-frequency components and long intervals for low-frequency components improves the decomposition of the fault signals into finer and detailed scales, facilitating further effective signal processing and analysis. In this application, wavelet transform is used to transform the original fault signal into finer wavelet scales, followed by a progressive search for the largest wavelet coefficients on that scale [9]. Large wavelet coefficients that are co-located in time across different scales provide estimates of the changes in the signal parameter. The change timeinstants can be estimated by the time-instants when the wavelet coefficients exceed a given threshold (which is equal to the ‘universal threshold’ of Donoho and Johnstone [11] to a first order of approximation). Wavelet Transform Analysis Wavelet analysis is the breaking up of a signal into shifted and scaled versions of the original (mother) wavelet which is an oscillatory waveform of effectively limited duration that has an average value of zero. The continuous wavelet transform (CWT) is defined as the sum over all time of the signal multiplied by scaled, shifted versions of the wavelet function ψ . The CWT of a signal x(t ) is defined as ∞



CWT (a, b) =



∫ x(t )ψ



* a ,b



(t )dt ,



(2)



−∞



where ψ a ,b (t ) =| a | −1 / 2 ψ ((t − b) / a ) .



(3)



ψ (t ) is the mother wavelet, the asterisk in (2) denotes a complex conjugate, and a, b ∈ R, a ≠ 0, ( R is a real continuous number system) are the scaling and shifting parameters respectively. By choosing a = a 0m , b = na 0m b0 , t = kT in (2), where T = 1.0 and k , m, n ∈ Z , and Z is the set of positive integers, we get the discrete wavelet transform (DWT), DWT (m, n) = a 0− m / 2



(∑ x[k ]ψ



*



)



[(k − na 0m b0 ) / a 0m ] .



(4)



The multiresolution signal decomposition (MSD) technique [12] decomposes a given signal into its detailed and smoothed versions. MSD technique can be realized with cascaded Quadrature Mirror Filter (QMF) banks [12]. A QMF pair consists of two finite impulse response filters, one being a low-pass filter and the other a high-pass filter. The output of the low-pass filter is the smoothed version of the input signal and used as the next QMF pair’s input. The output of the high-pass filter is the detailed version of the original signal. For our application, Daubechies 1 & 4 [12] mother wavelets are used. Using these mother wavelets and MSD technique the original fault signal is transformed into the smoothed and detailed versions. We use the detailed version for threshold checking to estimate the change time-instants. Application of Threshold Method After transforming the original fault signal using the wavelet transform, we will search progressively across the finer wavelet scales for the largest wavelet coefficients on that scale [9]. As wavelet coefficients are changes of averages, so a coefficient of large magnitude implies a large change in the original signal. Large wavelet coefficients that are co-located in time across different scales provide estimates of the cusp points [9] hence time-instants of abrupt changes. The change time-instants can be estimated by the instants when the wavelet coefficients exceed a given threshold which is equal to the ‘universal threshold’ of Donoho and Johnstone [11] to a first order of approximation. The universal threshold T is given by



T = σ 2 log e n ,



(5)



where σ is the median absolute deviation of the wavelet coefficients, divided by 0.6725 [11] and n is the number of samples of the wavelet coefficients. In Fig 2, we show the application results for a fault signal obtained from Eskom DFRs implemented using MATLAB based on wavelet transform. In Fig 2, the original DFR recording for current during the fault in the RED-Phase is shown in the top section, wavelet coefficients for this fault signal (in blue) and the universal threshold (in black, dashed) are shown in the middle section and the change time-instants computed using the threshold checking (middle section) followed by smoothing filtering is shown in the bottom section. It is to be



noted that only the high-pass filter output of the QMF pair is shown, so the wavelet coefficients in the middle section and time-instants in the lower section indicate half of the total samples of the original signal due to downsampling. The timeinstants of the changes in signal characteristics in the lower plot in Fig 2, indicate the different signal segments owing to different events during the fault, e.g., segment A indicates pre-fault section and fault inception, segment B indicates the fault, segment C indicates opening of circuit-breaker, segment D indicates auto-reclosing of circuit-breaker and system restore.
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Fig 2 RED Phase Current signal segmentation 7



CONCLUSIONS



In this paper, we have discussed the automatic segmentation of the fault signals obtained from Eskom DFRs based on detection of abrupt changes in signal characteristics. Different techniques for abrupt changes detection are examined among which the techniques using recursive identification algorithm [6] and wavelet transform [9] are the most promising ones in respect to our application domain. From the detail discussion and application results for these two techniques, we see that segmentation of the fault signals based on abrupt changes detection is quite effective for further recognition oriented signal processing. 8
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