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ABSTRACT

Power Quality has been one of the great concerns recently; it due to the
increasing number of loads which sensitive to the power disturbance. One of the main
issues in power quality problems includes how to localize each disturbance event and
recognize its respective type of disturbance more efficiently. Another problem is
harmonics problem which is due to nonlinear loads and the source of fault is difficult to
detect and diagnose. Thus, it is important to propose an effective feature extraction
method in order to build a system with DSP approach to overcome this problem as well
as to maintain the power quality. This thesis utilized the concepts of time frequency
analysis (TFA), which provides information of the disturbance signa as a function of
time and frequency in order to analyze the power disturbance signals due to those
signals is finite energy or non-stationary signals. By choosing real and simulated
power signals, this study has been carried out over 30 normal signals and 90 signals
with power disturbance including sag, swell, interruption, harmonics, transient and
frequency variation. Those signas are transformed into time frequency plane using B-
distribution algorithm. Then the important feature vectors or components are extracted
using Singular Vaue Decomposition (SVD) and Principle Component Analysis (PCA).
Finally, the distance metric, J, as class separibity between two classes of vectors can be
measured using Maximum Margin Criterion (MMC). From the results obtained, the
most two of the right singular vector (SVs) become most powerful feature vectors to
describe the TFD. The lowest SVs have cyclic structure becomes less significant
feature vector which contains noise or redundancy. Furthermore, the projection
between two SVs of normal power signa and disturbance power signa shows the
plotting of these vectors are overlap or not overlap respectively. If the last two SVs (or
either oneis last SV) are projected, the plotting ailmost approached to zero. The most
discriminates vectors is the distance between them, MMC shown either that vectors are
close to those in the same class (ranges of J is 0.0006 to 0.0045) or far from those in
different classes (ranges of J is 0.0045 to 0.0426). The accuracy of using these
methods is 95.24%, the sensitivity (or normal signal performance) is 100% and the
specificity (performance of power disturbance signal) is 94.4%. Asaconclusion, SVD
and PCA are useful to apply in TFD to extract important feature vectors then MMC can
measure the distance metric between those mean vectors. Furthermore, al the features
obtained are useful features and can be used for power disturbance classification and
recognition with DSP approach as well asto maintain power quality.
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ABSTRAK

Kualiti Kuasa telah mendapat perhatian kebelakangan ini, penambahan beban
boleh mengakibatkan gangguan kuasa. Satu daripada isu utama dalam masalah kualiti
kuasa adalah bagaimana untuk mengetahui dan mengenalpasti jenis gangguan dengan
efisien. Antara masalah lain yang sama pentingnya adalah isyarat harmonik dimanaia
disebabkan oleh ketidaklinearan bebab dan menyebabkan gangguan kuasa yang mana
puncanya sukar untuk dikenalpasti. Maka amat penting mencadangkan kaedah
mendapatkan ciri yang berkesan dalam membina satu sistem berasaskan pemprosesan
isyarat digital bagi mengatas masalah ini seterusnya mengekalkan kualiti kuasa. Tesis
ini lebih kepada konsep analisis masa-frekuensi, dimana memberi informasi mengenai
isyarat gangguan dalam fungsi masa dan frekuensi serentak bagi menganalisa isyarat
gangguan kuasa dimana ia amat sesuai bagi isyarat berubah atau tidak tetap. Dengan
menggunakan isyarat kuasa yang sebenar dan simulasi, dimana 30 isyarat normal dan
90 isyarat gangguan kuasa seperti kurang voltage, lebih voltage, gangguan, harmonik,
ketidaktetapan and varias frekuensi. Kesemua isyarat ditukar kepada domain masa-
frekuens menggunakan algoritma taburan-B. Vektor ciri atau dikenali sebagai
komponen dapat dikenalpasti dengan menggunakan kaedah Singular Vaue
Decomposition (SVD) dan Analisis Prinsip Komponen (PCA). Kriteria Margin
Maksima (MMC) sebagai kaedah mendapatkan jarak, J, di antara vektor-vektor. Dari
keputusan yang didapati, dua vektor ganjil kanan (SVs) pertama adalah vektor terbaik
bagi menerangkan taburan masa-frekuens (TFD). Namun vektor ganjil kanan terakhir
dengan struktur yang kompleks adalah vektor tidak penting dimana mengandugi
pertindihan maklumat atau hingar. Manakala jika salah satu dari kedua-dua vektor
adalah dari vektor yang terakhir maka kesemua plot adalah menumpu ke sifar. Apabila
dua vektor pertama ini di plot dengan vektor kedua melawan vektor pertama, dapat
dilihat bentuknya adalah bertindih atau tidak bertindih dengan merujuk kepada isyarat
tersebut samada ia normal atau mengalami gangguan. Faktor membezakan antara
vektor-vektor adalah jarak diantaranya, J, dan dapat ditentu ukur melalui kaedah
Kriteria Margin Maksima (MMC). MMC boleh menentu ukur jarak antara vektor
samada ia dekat jika didalam kelas yang sama iaitu antara 0.0006 to 0.0045 atau jauh
jika daam kelas yang berbeza 0.0045 to 0.0426 dan ketepatan adalah 95.24%.
Manakala kepekaan (prestas isyarat normal) dan (ketepatan) prestasi isyarat gangguan
kuasa adalah masing-masing 100% dan 94.4%. Kesimpulannya SVD dan PCA amat
baik untuk diadaptasi didalam TFD bagi mengenalpasti ciri-ciri TFD tersebut dalam
bentuk vektor. Manakala, MMC dapat menentu ukur jarak min/purata antara vektor.
Dengan ini kesemua ciri-ciri tadi boleh digunakan untuk tujuan klasifikasi gangguan
isyarat bagi menentukan jenis gangguan kuasa dalam sistem kuasa dengan pendekatan
pemprosesan isyarat digit dan seterusnyaia dapat mengekalkan kualiti kuasa.
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CHAPTER 1

INTRODUCTION

1.1 I ntroduction

Power Quality has been one of the great concerns recently, due to increase the
number of loads which sensitive to power disturbance, whereby power disturbance
corresponds to any deviation from the nominal value of the input AC power
characteristics. One of the main issues in power quality problems is how to localize
each disturbance event including recognize its respective type in the disturbance group
more efficiently. Harmonics is one of the power quality problems due to non-linear
load which this type of power disturbance is difficult to detect and diagnose the source

of fault. These problems can be solved using signal processing approach.

Power quality is a main concern because today’s electricity egquipments which
ranging from personal computers in offices to automated manufacturing processes is
much more susceptible to power quality problems than older equipments, such as
conventiona lighting and motors. The deviation of the power system is fundamental
frequency from its specified nominal value. For example 50 or 60Hz which depends on
the country specification. The U.S. electricity system is one of the examples which had
been described as one of the most reliable in the world.



Power quality variations fall into two basic categories:

1. Disturbances

Disturbances are measured by triggering on an abnormality in the
voltage or the current. Transient voltages may be detected when the
peak magnitude exceeds a specified threshold. RMS voltage variations
(e.g. sags or interruptions) may be can be detect when the RM S variation
exceeds a specified level.

Electrica disturbances come in many forms and one of a reality to electrical
distribution systems. Recommended Practice for Monitoring Electrical Power, |EEE
Standard 1159-1995 (see appendix C) has been categorized by most of the disturbances
into one of the following:

Short duration variations (i.e. interruptions, sags or swells)
Long duration variations (i.e. interruptions, sags or swells)
Transients

Voltage imbalance, and

a ~ w DN PP

Wave form distortion (i.e. harmonics).

Electrical disturbance which written above can not be over emphasized and
these electrical phenomena will occur on al typical systems at some point and time.
The impact of the phenomena depends on the sensitivity of the equipment. Every
facility should consider the impact of electrical disturbances on the various equipments

and implement the appropriate mitigation.
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a) b)
Figurel.l  Short duration variation a) Voltage sags, and, b) Voltage swells

Al

Figurel.2 Interruptions @) Momentary interruptions, b) Temporary interruption,

and c) Long term interruption

2. Steady State Variations.

Steady state variations are including normal RM S voltage variations and
harmonic distortion. These variations must be measured by sampling
the voltage or current over time. Thisinformation is best presented as a
trend of the quantity (e.g. voltage distortion) over time and then analyzes
using statistical methods (e.g. average distortion level, 95% probability
of not being exceeded, etc.).



Figurel.3  Freguency variations

There is no steady state on the power system. Loads are continualy changing
and the power system is continually adjusting to these changes. All of these changes
and adjustments result in voltage variations which are referred to long duration voltage
variations. These can be under voltages or over voltages, depending on the specific

circuit conditions.

b)

Figurel.4  Long duration voltage variations @) Over voltage, and b) Under voltage



According to the American National Standard ANSI C84.1 (see appendix A)
which proved that nominal voltage ratings and tolerances for 60-hertz (alternating
current, AC) electric power systems is above 100 volts and within 230, 000 volts.

V oltage operating ranges are recommended for two voltage categories:

1) The service voltage, typically the point of connection between utility

and customer; and

2) The utilization voltage, typically the termination point to equipment.

The utilization voltage range takes into account that a voltage drop within the
end user’s distribution circuits. The ANSI C84.1 expects equipment to operate the
service voltages from 95% to 105%, with utilization voltage ranges of 87% to 106%
(120V to 600V). Refer to ANSI CB84.1 for additional operating voltage ranges.
Voltage levels outside this range may occur because of the conditions beyond the
control of the supplier, user or both. Equipment may not operate satisfactorily under
these conditions and protection devices may be utilized to protect against equipment

damage.

ANSI CB84.1-1995 specifies the steady state voltage tolerances for both
magnitudes and unbalance expected on a power system. Long duration variations are
considered to be present when the limits are exceeded and greater than 1 minute.

The characteristics of the steady state voltage are best expressed with long
duration profiles and statistics. The important characteristics include the voltage
magnitude and unbalance. Harmonic distortion is also a characteristic of the steady
state voltage but this characteristic is treated separately because it does not involve

variations in the fundamental frequency component of the voltage.



Harmonic distortion of the voltage (see figure 1.6) and current are results from
the operation of nonlinear loads and devices on the power system. The nonlinear loads
that cause harmonics can often be represented as current sources of harmonics. The
system voltage appears stiff to individual loads and the loads draw distorted current

waveforms.

The harmonic standard, |IEEE 519-1992 (see appendix D), has proposed two

way responsibilities for controlling harmonic levels on the power system.

1 End users must limit the harmonic currents injected onto the power
system.
2. The power supplier will control the harmonic voltage distortion and

make sure the system resonant conditions do not cause excessive
magnification of the harmonic levels.

Harmonic distortion levels can be categorized by the complete harmonic
spectrum with magnitudes and phase angles of each individual harmonic component. It
is also common to use a single quantity, the Total Harmonic Distortion, as a measure of
the magnitude of harmonic distortion. For currents, the distortion values must be
referred to a constant base (e.g. the rated load current or demand current) rather than
the fundamental component. This provides a constant reference while the fundamental

can vary over awide range.

Harmonic distortion is a characteristic of the steady state voltage and current. It
iIs not a disturbance. Therefore, characterizing harmonic distortion levels is
accomplished with profiles of the harmonic distortion over time (e.g. 24 hours) and
statistics.



3rd order harmonic

b) C)
Figurel.5 Waveform distortion a) Harmonic (3" order), b) Notching, and
¢) Switching notches caused by a three-phase rectifier

The term transient is normally used to refer to fast changes in the system
voltage or current. Transients are disturbances, rather than steady state variations such
as harmonic distortion or voltage unbalance. Disturbances can be measured by
triggering on the abnormality involved. For transients, this could be the peak
magnitude, the rate of rise, or just the change in the waveform from one cycle to the
next. Transients can be divided into two sub-categories, impulsive transients and

oscillatory transients, depending on the characteristics.

Transients are normally characterized by the actual waveform, although
summary descriptors can also be developed (peak magnitude, primary frequency, rate-
of-rise, etc.). Capacitor switching transient waveform is one of the most important
transients that is initiated on the utility supply system and can affect the operation of

end user equipment.
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b)
Figurel.6  Transientsa) Impulsive transient and b) Transient damped oscillation

A summary based on power quality variation categories and its criteria for the
low voltage side of the supply network refer to the appendix E and appendix B
respectively.

1.2  Project Objectives

The main objectives of this project are:

1 To understand the concepts of time frequency analysis (TFA).

2. To study an efficient feature extraction methods in time frequency
distribution (TFD).
3. To extract the important feature from time frequency distribution of

the power disturbance signals.



1.3  Scopesof Project

Power disturbances are finite energy transient or non stationary signals, it may
not be sufficient to analyze them in the time-domain or frequency-domain alone. To
solve such problems, signal processing approaches based on joint time-frequency signal
representation can be used, where the time-frequency structure of each disturbance
signals is exploited as its distinguish feature of respective types of power disturbances
[2]. Being the two dimensional representation of a one dimensional signal, the time-
frequency signal representation encodes in a redundant fashion in the information of
one dimensiona signal [26]. Thus, for effective use of joint time-frequency signal
representations, it is practical important to apply a data compression to the time-
frequency representations [2]. In this project, the B-Distribution (BD) is utilized as a
bilinear or quadratic time frequency representation with multi resolution which can
achieve a better time frequency of the input signal and it significantly to suppress the
cross-terms [1]. The effective data compression is accomplished by employing
matrices analysis called Singular Value Decomposition (SVD) of the B-Distribution
and Principle Component Analysis (PCA). This results in an efficient feature vector
extraction [27]. Finally, seven classes of disturbance data include the normal signals,
are tested by using a method called Maximum Margin Criterion (MMC), where the
distance metric or margin between each class of vectors can be represented. Finally,
MMC outperformed the dissimilarity either those feature vectors are close to those in
the same class or far from those in different classes within specific margin in order to
represents types of power signals.
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14 Thesis Outline

This thesis is organized in five chapters as follows. Chapter 1. Introduction;
Chapter 2: Literature Review; Chapter 3: Research Methodology; Chapter 4: Result,
Analysis and Discussion; and Chapter 5: Conclusion and Future Work. It follows by

the references and appendices.

Chapter 1 provides a general introduction to the power disturbance and power

quality including the project’ s objectives and scopes.

Chapter 2 deals with literature review of previous works which is close related
to the time frequency analysis, matrix decomposition namely SVD/PCA and a method

in order to determine the margin between groups of vectors that isMMC.

Chapter 3 more concentrates on project methodology. It covers all aspect in
project’s implementation process starting with time frequency analysis using TFSA 5.4
which is a time frequency signal analysis toolbox; matrix decomposition using
SVD/PCA and margin determination by implement the maximum margin criterion
(MMC).

Chapter 4 explainsin detail results of tested signals. It illustrates how important
feature vector can be extracted from time frequency distribution (TFD) from power
disturbance signal. It also covers the accuracy, sensitivity, specificity and shows the
probability density function (pdf) of the entire distance metrics or margin obtained from
MMC. Moreover, some experiments on data with different constraint such as number

of samples, per unit (pu) level, is discussed.
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Chapter 5 is presents some recommendations related to this project for further

interesting research topics.

All valuable references cited in this thesis have been listed in the list of
references at the end of the last chapter.

Finaly, appendix A, B, C, D and E represents some power quality standard
such as ANSI C84.1, BS EN 50160:2000, |EEE 1159, IEEE 519 and etc.



10.

11.

76

REFERENCES

Kamarulafizam Ismail, S.Hussain, Sh-Hussain, M.M Mokji, S. Ronisham, A.
Ghani, M. Yusof . Time Frequency Analysis of Power Sgnal: Application of
Substation Monitoring and Management. UTM.

J.Y.Lee T.JWon, Jeong and SW.Nam. Classification of Power Disturbances
Using Feature Extraction In Time Frequency Plane. 2002.

Z. Chen, Senior Member, |IEEE, and P Urwin. Power Quality Detection &
Classification Using Digital Filter. 1EEE, 2001.

Y .J Shin, Antony C.Parsons, Edward J.Powers, W.M. Gardy . Time-
Frequency Analysis of Power System Disturbance Sgnals for Power Quality.
pp 402-407,1999

Michael E.Wall, Andreas Rechtsheiner, Luis M. Rocha. Singular Value
Decomposition and Principal Component Analysis. 2003

Derrick Pisani. Matrix Decomposition Algorithms for Feature Extraction.
University of malta.

Micheal EWall. Sngular Value Decomposition and Principal Component
Analysis. Los Alamos national Laboratory, US

Haifeng Li and Tao Jiang. Efficient and Robust Feature Extraction by
Maximum Margin Criterion. 1999

R. E. Bellman. Adaptive Control Precesses. A Guided Tour. Princeton
University Press, Princeton, NJ, 1961.

A. K. Jain and B. Chandrasekaran. Dimensionality and Sample Sze
Considerations in Pattern Recognition Practice. InP. Krishnaiah and L.
Kanal, editors, Handbook of Statistics, volume 2, pages 835-855.

Amsterdam, North Holland, 1982.

S. J. Raudysand A. K. Jain. Small Sample Sze Effects in Satistical Pattern
Recognition: Recommendations for Practitioners. |EEE Transactions on
Pattern Analysis and Machine Intelligence, 13(3):252—264, 1991.



12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

77

S. J. Raudys and V. Pikelis. On Dimensionality, Sample Sze, Classification
Error, and Complexity of Classification Algorithms in Pattern Recognition.
|EEE Transactions on Pattern Anaysis and Machine Intelligence, 2:243-251,
1980.

L. Breiman, J. H. Friedman, R. A. Olshen, and C. J. Stone. Classification and
Regression Trees. Wadsworth & Brooks, Monterey, CA, 1984.

D. H. Foley. Considerations of Sample and Feature Sze. |EEE Transactions
on Information Theory, 18(5):618-626, 1972.

I. T. Jolliffe. Principal Component Analysis. Springer-Verlag, New Y ork,
1986.

R. A. Fisher. The Use of Multiple Measurements in Taxonomic Problems.
Annual of Eugenics, 7:179-188, 1936.

C. R. Rao. The Utilization of Multiple Measurements in Problems of
Biological Classification. Journal of the Royal Statistical Society. Series B
(Methodological), 10:159-203, 1948.

K. Fukunaga. Introduction to Statistical Pattern Recognition. Academic
Press, New Y ork, 2nd edition, 1990.

T.R. Golub, D. K. Slonim, P. Tamayo, C. Huard, M. Gaasenbeek, J. P.
Mesirov, H. Coller, M. L. Loh, J. R. Downing, M. A. Caligiuri, C. D.
Bloomfield, and E. S. Lander. Molecular Classification of Cancer: Class
Discovery and Class Prediction by Gene Expression Monitoring. Science,
536:531-537, 1999.

J. Khan, J. S. Wei, M. Ringn“er, L. H. Saal, M. Ladanyi, F. Westermann, F.
Berthold, M. Schwab, C. R. Antonescu, C. Peterson, and P. S. Meltzer.
Classification and Diagnostic Prediction of Cancers Using Gene Expression
Profiling and Artificial Neural Networks. NatureMedicine, 7(6):673—-679,
2001.

S. L. Pomeroy, P. Tamayo, M. Gaasenbeek, L.M. Sturla, M. Angelo, M.
E.McLaughlin, J. Y. Kim, L. C. Goumnerova, P. M. Black, C. Lau, J. C.
Allen, D. Zagzag, J. M. Olson, T. Curran, C. Wetmore, J. A. Biegel, T.
Poggio, S. Mukherjee, R. Rifkin, A. Califano, G. S. G, D. N. Louis, J. P.
Mesirov, E. S. Lander, and T. R. Golub. Prediction of Central Nervous
System Embryonal Tumour Outcome Based on Gene Expression. Nature,
415(6870):436-442, 2002.



22.

23.

24,

25.

26.

27.

28.

29.

30.

31

32.

33.

78

V. N. Vapnik. Satistical Learning Theory. John Wiley & Sons, New Y ork,
1998.

W.JWilliam, M.L Brown, A. O Hero I1l. Uncertainty, Information, and
Time-Frequency Distributions, Advanced Sgnal Processing Algorithms,
Architectures, and Implementations 11. SPIE, vol.1566, p-p 144-156, 1991.
J.Y.Lee Y.J Won, J-M. Jeong and SW. Nam. Classification of Power
Disturbances Using Feature Extraction in Time-Frequency Plane.
ELECTRONICS LETTERS 18th July 2002 Vol. 38 No. 15

Cohen L. Generalized Phase-Spaced Distribution Function. J. of math. Phys.,
7, pp. 781-786, 1966.

Mecklenbrauker, W., and Hlawatsch, F.(Eds). The Wigner Distribution-
Theory and Applicationsin Sgnal Processing. Elsevier, Amsterdam, The
Netherlands, 1997.

Lee, C.H and Nam, SW. Efficient Feature Vector Extraction for Automatic
Classification of Power Quality Disturbances. Electronic Letter, 1998, 34, pp.
1059-1061.

Wilkinson,W.A. Discrete Wavelet Analysis of Power System Transients.
|EEE Trans. Power Deliv., 1996, 11, (4), pp. 2038-2044.

Surya Santoso, E.J Powers, W.M. Grady, Peter Hoftmann. Power Quality
Accessment Via Wavelet Transform Analysis. |EEE Transactions on power
delivery, Vol.11, 2, pp.924-930, April 1996.

B. Boashash. Signal Processing Research. QUT, Australia, Short Course,
2004.

H.I. Choi, W.JWilliams. Improved Time-Frequency Representation of Multi-
component Sgnals Using Exponential Kernels. IEEE Tran. Acoust., Spech,
Signal Proc, Vol.37, pp. 862-871, June, 1989.

J.Jeong, W.J. Williams. Kernel Design for Reduced Interference
Distributions. |EEE tran. Sig. Proc., Vol.40, pp. 402-412, Feb. 1992

Hamid Hassanpour, Mostefa Mesbah, And Boualem Boashash. Time-
Fregquency Feature Extraction of Newborn EEG Seizure Using SVD-Based
Techniques. EURASIP Journal on Applied Signal Processing, Vol. 2004,
Issue 16, pp.2544-2554.



34.

35.

36.

37.

38.

39.

40.

Ed.,
41.

42.

43.

79

Cohen, L. Time-Frequency Distributions - A Review. Proceedings of the
IEEE Volume 77, Issue 7, July 1989, pp.941 - 981

B. Boashash. Time-Frequency Sgnal Analysis, Advances in Spectrum
Analysis and Array Processing. S. Haykin, Ed. Englewood Cliffs,

NJ: Prentice-Hall, 1991, val. 1, ch. 9, pp. 418-517.

M. G. Aminand W. J. Williams. High Spectral Resolution Time-Frequency
Distribution Kernels. |EEE Trans. Signal Processing, vol. 46,

pp. 2796-2804, Oct. 1998.

B. Boashash and M.Mesbah. A Time-Freguency Approach for Newborn
Seizure Detection. |EEE of EMBS Magazine, vol. 20, no. 5, pp. 54-64, 2001.
S. S. Abeysekera and B. Boashash. Methods of Sgnal Classification

Using the Images Produced by The Wigner-Ville Distribution. Pattern
Recognition Letters, vol. 12, no. 11, pp. 717-729, 1991.

B. Boashash. Part I: Introduction to the Concepts of TFSAP, In Time-
Frequency Sgnal Analysis and Processing: A Comprehensive Reference.
pp.1-81, Elsevier, Oxford, UK, 2003.

B. Boashash and B. Barkat. Introduction to Time-Frequency Sgnal Analysis,
In Wavelet Transforms and Time-Frequency Sgnal Analysis. L. Debnath,
pp.321-380, Birkh auser, Boston, Mass, USA, 2000.

W. J. Williams, B. Boashash, Ed. Reduced Interference Time-Frequency
Distributions, in Time-Frequency Sgnal Analysisand Processing: A
Comprehensive Reference. Chapter 5, pp. 168177, Elsevier, Oxford, UK,
2003.

G. Nakosand D. Joyner. Linear Algebra with Applications. Brooks/Cole
Publishing Company, Pacific Grove, Calif, USA, 1998.

B. Barkat and B. Boashash. A High-Resolution Quadratic Time-Fregquency
Distribution for Multicomponent Sgnals Analysis. |EEE Trans. Signal
Processing, vol. 49, no. 10, pp. 2232—-2239, 2001.

N. M. Marinovic and G. Eichmann. Feature Extraction and Pattern
Classification in Space-Spatial Frequency Domain. SPIE Intelligent Robots
and Computer Vision, vol. 579 of Proceedings of SPIE, pp. 19-25, September
1985.



45,

46.

47.

48.

49.

80

S. Gu, J. Ni, and J. Yuan. Non-Sationary Sgnal Analysis and Transient
Machining Process Condition Monitoring. International Journal of Machine
Tools and Manufacture, vol. 42, no. 1, pp. 41-51, 2002.

D. Groutage and D. Bennink. A New Matrix Decomposition Based on
Optimum Transformation of The Sngular Value Decomposition Basis

Sets Yields Principal Features of Time-Frequency Distributions. In Proc.

10th |EEE Workshop on Statistical Signal and Array Processing, pp. 598-602,
Pocono Manor, Pa, USA, August 2000.

D. Groutage and D. Bennink. Feature Setsfor Non-Sationary Sgnals
Derived From Moments of the Sngular Value Decomposition Of Cohen-
Posch Positive Time-Frequency) Distributions. |EEE Trans. Signal
Processing, vol. 48, no. 5, pp. 1498-1503, 2000.

V. Venkatachalam and J. L. Aravena. Nonstationary Sgnal Classification
using Pseudo Power Sgnatures. Thematrix SVD approach. |EEE Trans. on
Circuits and Systems 11: Analog and Digital Signal Processing, val. 46, no. 12,
pp. 1497-1505, 1999.

D. Bernal. Damage Localization Using Load Vectors. In European COST F3
Conference, pp. 223-231, Madrid, Spain, June 2000.





