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ABSTRACT 

A methodological examination was performed in oider to investigate the applicability of the 
combination of the well-known Univariate AutoRegressive model and the classical binar, SPRT 
method. The signal was record« d by a vibration detector fixed at a white-noise excited fuel rod. During 
the experiments, the following abnormality (or minor changes) were simulated: loosening of the 
detector, changes in the underlying system (constraints and the environment), rod impact. The residual 
time series were generated by an UAR model while the hypothesis testing was performed by a binary 
SPRT applied for checkir g the variation of the variance of the residual. 
Although the results are very promising, few disturbing effects were recognized also, which are seems 
to be unexplained yet, therefore need more careful application of this familiar combination. 
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KIVONAT 

Módszertani vizsgálatnak vetettük alá a jól ismert egyváltozós autoregressziós modell (UAR), valamint 
a klasszikus bináris SPRT kombinációját. A mért jeleket egy fehér zajjal gerjesztett rúdra erősített 
rezgésdetektor szolgáltatta. A vizsgálat során változtatható volt a gerjesztő fehér zaj amplitúdója, a 
detektor felerősítésének jósága és a rúd befogása. Ezen kívül vizsgáltuk a rúd felütkdzéséböl eredő 
hatásokat. A reziduális idősort UAR modell segítségével származtattuk, a kis változások észlelését pedig 
a reziduális idősoron elvégzett ?zekvenziális hipotézisvizsgálati teszt (SPRT) szolgáltatta. 
A bíztató kezdeti eredmények mellett néhány olyan zavarbaejtő jelenségről is beszámolunk, mely 
egyrészt további elméleti vizsgálatokat tesz szükségessé, másrészt óvtosságra int az amúgy nagy 
népszerűségnek örvendő UAR+SPRT kombináció használatát illetően. 

KULCSSZAVAK 

Változasdetektálás, reziduálisképzés; UAR modell, SPRT módszer; rúdrezgés. 



INTRODUCTION 

In complex systems especially in nuclear power plants with rigorous safety regulations it is very 
important that the technological signals be continuously monii >red and checked. The reliability of the 
measurement values (or the signal generating devices) used for operation and control purposes is of 
primary importance. This is the reason why permanent attention is paid to signal measurement 
validation, change detection, early failure recognition, etc. The area has been continuously developed 
and numerous novel methods are applied in practice Just for illustration, neural networks are no more 
regarded as an interesting, however useless toy but are starting to be accepted in real applications. More 
impressive is the state of fuzzy controllers which successfully mimic the human attitude in certain sense 
therefore they are hopeful candidates in decision support and/or control areas Certainly, compared the 
problems can be arisen in a plant under normal (or, more important, abnormal) operations to e.g. a 
Palmcodcr or a Microwave Oven, it is easy to understand why so slow and careful the process of 
implementation them in power plants. In contrary, it can be thought that ancient (i.e. well-known) 
methods can be used since they had been provided to be reliable. However, that faith (not generally, but 
almost) is based on the following assumptions: 

• they are not brand-new methods 
• they are well-known 
• they are wide-spread 

therefore they must be excellent, theoretically well-established as well as thoroughly investigated and 
tested, too 

Certainly we did (i.e. thought) the same, thus our original goal was to select a well-known method 
(namely, the Univariate AutoRegressive model for residual generation combined with binary SPRT for 
hypothesis testing) and intended to practical problems. During the interpretation phase of the work, 
some interesting (and, to tell the true, quite disturbing) „side efTects" emerged. Now we are not in the 
position to judge whether they were the results at our incompetence or they are real efTects that need 
detailed investigations. The first explanation is the more plausible with a short comments, that articles 
are reporting spurious results combined with ambiguous explanations instead of stating that, 
unfortunately, the applied theory (which theories are usually simple qualitative rules) does not suit to the 
experimental results. 

The problem «s more serious when a theory (or an algorithm) is cited, and, therefore, accepted to be 
perfect and applicable for a problem in hand even if the results indicate that something is wrong. And 
now, when the diverge, we are disappointed. Probably our knowledge is incomplete but so far no 
expert could provide persuadable explanations. 

The presentation is built up as follows Section II describes the original aims and the expected results. 
The applied algorithms are briefed in Section III while the experimental equipment is described in 
Section IV. The results and interpretations are given by Section V. The Concluding Remarks also 
include unsolved, disturbing questions. 
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II. AIMS AND PRELIMINARY EXPECTATIONS 

As it was mentioned at the Introduction, change dett lion and signal validation is a permanently 
developing area both with earlier and novel methods. Henceforth we are concentrating only on change 
detection knowing that a signal validation process can be constructed almost similarly Without going 
into details, a change detection process can be divided into three parts, 

i. (signal) modelling with residual-generation, 
ii. hypothesis testing, 
iii. decision making. 

For more details see Rácz (1994). 
Having considered the residual in a brood sense, the first step can be either a black box model 
(MAR/UAR, ARMA, Neural Network, etc) or a white block model (Kaiman filter, Parity Space 
Method, etc) 
When the statistical properties of the residual satisfy certain simple conditions, the Sequential Probability 
Ratio Testing (SPRT) method developed by Waid is proper for hypothesis testing. 
The third step, i.e. the decision making can hardly be separated from the hypothesis testing itself. In 
fact, considering the b<nary SPRT. the testing procedure inherently involves a decision making process 
as well. 
When more than one hypothesis testing method is applied (sequentially or in parallel) then there is a real 
need of an inference engine to gather end judge the information. However, since in "pure" cases (e.g. 
the binary SPRT) the decision making is embedded in the hypothesis testing step thus we do not pay 
any attention to this part 
Although the residual generating process precedes the hypothesis testing, for clarity the backward 
explanation is followed, i.e. first the hypothesis testing procedure is overviewed. 

11.1. The Binary SPRT 

The main goal of a change detection procedure is to recognize when a system -having been at a certain 
state S, for a longer period of time- is to enter another state S,. As long as the transition from S, to S, 
is 

• known, 
• described and 
• deliberate, 

the process P from S, to S, denoted by P(S # => S,) is a normal behaviour of the system at hand. Every 
other situation is considered as an abnormal behaviour. The abnormality can be further classified as 

• change or 
• failure. 

We do not intend to overview the mathematical aspects of different abnormal modes. Just for 
orientation, when the distance between S e and S, is small (in a certain sense) then we are speaking 
about a change 
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In this sense a small failure (i.e. whe.i the extent or the magnitude of the failure is small), can be 
regarded as a change and vice versa, a change can also be regarded as a developing failure. Only the 
history (i.e. the time-variation of the abnormality) determines whether the off-normal (or abnormal) 
behaviour is a change or a failure However, this roblem is out of question in our case, since we are 
interested to recognize small deviation from the normal operation conditions 

i. as quick us possible and 
ii. as reliable as possible. 

In order to satisfy the above requirements, a representative quantity (the so-called residual) rh is 
selected and certain (statistical) features of the residual is observed. The more sensitive the investigated 
feature to the normal/abnormal transition the more appropriate the applied residual (and the testing 
method, too) for the change detection task 
Let us assume that there exists a parameter set Э of the residual rh with the following properties. Iff (if 
and only //) 9 еН, then the system is accepted to be in the normal mode. Iff в e E , then the system is 
accepted to be in abnormal mode. Let us introduce two hypotheses H 0 and H, for representing the 
normal and abnormal condition, respectively Then the generalization of the above problems can be 
done as follows. 
Having received a series of consecutive values of the residual {r,,r 2 , . . . ,r N} where N is finite, it is to be 
decided if the observed parameter 9 of rk takes the value from the set En (normal mode or null-
hypothesis H f t) or rather from Ej (abnormal mode or alternative hypothesis H,): 

H,:S e E . 
0) 

As long as the residual has good properties (in a statistical sense), the classical binary SPRT developed 
by Wald (1947) is applicable. In this case it is supposed, that the residual rk is a white-noise Gaussian 
process with mean value m and variance a1. Namely, rfc € N ( m , o 2 ) . It is also supposed that the 
difference between normal and abnormal mode can be characterized only either by the mean or the 
variance of the residual. Namely, if the system at hand is in normal mode, then m = m 0 ; if in abnormal 
•node, then m = nt,. The variance remains unchanged 
In our presentation we are concentrating on another situation, when the normal/abnormal transition 
P(S 0 => S,) affects the variance of the residual without influencing the mean value m of it. For normal 
mode the variance has a known value ( a 1 = oJ), while for abnormal mode only its minimal value is 
prescribed. Applying the above introduced general notions, 

• the feature Ä is the variance: 3 s o 2 , 
• the set S„ for normal mode is reduced into a scalar value E„ •--.. o\, 
• the set Ej for abnormal mode is a lower-bounded interval. E, ^[q-cij ,») , with the constraint 

q > l 

Using Rule 1, the hypothesis testing problem can be formulated as 

H,:o* e[q-oj,oo);q>1 
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When drawing a conclusion two different decision error can occur. In fact, accepting hypothesis H, 
when the null hypothesis H, is true is ihe so-called fr'se alarm (Type I error), while accepting 
hypothesis H, when the alternative hypothesis H, is true is the so-called missed alarm (Type II error). 
The probabilities 

ß = P(H t(H,) and a = P(!1,|H.) (3) 

of decision errors can be given by the user him/herself. 
Given the above four quantities {o£,q,ot,ß} the auxiliary variable m and the residual rk itself, the 
classical Wald-algorithm (Hancook and Wintz, 1966) goes as follows. 

The so-called log-likelihood ratio Ak is calculated recursively in every time-step: 

I K - m ) 2 1 
lo\ \-q 2 К» = \ +^тЧ-г-;Ия) (4) 

where Л, = О and m is the mean of the residual m = (rfc). Afterwards the so-called decision boundaries 
A and В must be determined as 

A = l n ( ^ ^ ) and В = l n ( - 5 - ) . (5) 
a 1 - a 

Next, at the k'h stage of the hypothesis testing procedure, Лк must be compared to the decision 
boundaries and act according to the following strategies: 

A) If A h 2: A then accept H, and set A„ = 0. 

B) If A h £ В then accept H, and set Ak = 0. 

C) If В < A„ < A then take another sample. (6) 

Two notes are proper here 

Any conclusion can only be drawn when boundary crossing occurs. 
The reliability of the concluded hypothesis is characterized by the previously fixed probabilities 
a = P(H,|H.) and ß = P(H,jH,) 

The crucial point of the above algorithm is the rigorous restrictions concerning the investigated signal 
(residual), namely it must be a white-noise Gaussian process. This is the reason why the measured (i.e. 
the real) data itself cannot be directly applied on the SPRT algorithm but it must be filtered (pre-
processed) in advance. One of the most popular filter is the autoregressive (AR) modelling of the signal. 
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11.2. Signal modelling for residual making 

The bask idea behind the application of the autor» ^jessive model to describe a stochastic signal is that 
the history of the signal is fully determined therefore it describes the signal at any time point. When only 
a finite series of data is available, some additional constraints must be set (Box and Jenkins, 1976). The 
familiar Univariate AutoRegressive (UAR) model then reads as 

•к = £Мк-1 + ̂  (7) 

where a, are the so-called AR-coefTkients, v k is the noise-terra and p is the AR-modei order. 
Now it is supposed that the {»,} coefficients are calculated somehow (e.g. via applying the Levinson-
Durbin recursive algorithm (Strobach, 1990) and the variance Q e of the v h noise-term is known as 
well. (In Section III we will return to the problems of computer calculations.) 
Having determined the AR-quantities (i.e. the coefficients and the variance of the noise-term) the AR-
modd can be used either for 

• prediction or 
• reference model for change detection. 

When not only the signal s, is used for modelling but auxiliary signals aux{L > are applied as well, the 
Multivariate AutoRegressiv (MAR) equation takes the vector-matrix form: 

\=£АЛ-,+Г к, (Я) 
IM 

where Yfc = [ s k , ami , ) , auxj 2 )

t . . . , aux | l ' J is the signal (or measurement) vector, Г к is the noise-vector 
and A, is the coefficients matrix. 
It is a living problem to decide whether the UAR model or an MAR model is more realistic for a 
particular problem (Pór and Horváth, 1992). 
Returning to the UAR-picture, let us investigate the following quantity: 

where i k denotes the calculated value of s kin the form 

1=1 

Those data where measured values are available for, are identically equal to their predicted values: 
i k = %k iff there is a measured value at time point k. 
The above generated quantity £ k has the following properties. If the applied ÜAR-model is adequate, (it 
is a real problem to define proper criteria for generating adequate autoregressive models) then £ k is a 
white-noise Gaussian process with zero mean and computable variance 

SkeN(0,fi); n = C,-i»tCki, (11) 
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where the Ck's are the autocorrelation functions of the signal s,. 
Comparing the above result to the necessary conditions for a signal being proper for SPRT method, it 
can b; seen that the difference signal £ k satisfies these conditions. This is the reason why £ k (which, in 
fact, is the residual) can be applied as input data for the SPRT algorithm. 
On the other hand, the residual £ k looses the above good properties if the applied UAR-model is 
improper in any sense A UAR-hiudel can easily be improper, if 

• the model order is wrong, or 
• the UAR coefficients a, do not describe the signal perfectly (in a statistical sense). 

As far as the UAR model order is considered, the residual is robust enough. However, improper UAR 
coefficients cause serious deviations from the ideal case, which are realized in the statistical properties of 
4 k • The most illustrative indication is that the residual has an increased variance Q compared to the 
ideal one Q:Q > Q (Box and Jenkins, 1976). The UAR coefficients can be improper if the underlying 
system, generating the signal is changing. 
Reverting the problem, let us suppose that there is an unknown signal x, to be investigated. Using the 
UAR coefficients a, calculated from the signal 5,, the 

ж к = * к - 1 а , ж к , (12) 
ti 

series does carry every necessary information to decide whether the underlying system assigned to signal 
x, is similar (in a statistical sense) to the underlying system generating the signal s,. In this context the 
signal s, can be regarded as reference signal for the comparison. 
Now we are ready to introduce the main directions of our investigation accompanied with the expected 
results. 

11.3. Aims and Expectations 

Having used a reference signal s, for UAR-coefficient calculations, the determined coefficients can be 
applied for residual making in case of a test signal. (The test signal is recorded and investigated in order 
to decide whether any change is happened at the underlying system.) 
Since a change increases the variance of the residual (Box and Jenkins, 1976), this quantity could play 
the role of indicator of any deviation at system under observation. The smaller the changes the smaller 
the increment of the variance, therefore a sequential test is desirable. The binary SPRT method 
inherently suits to the above requirements, since 

• it operates on white-noise signals and 
• it can test the variance of the investigated signal 

As a conclusion, a combination of a UAR signal modelling and a binary SPRT method for variance 
examination seems to be a proper tool for reliable change detection. 
In order to check the above statement in practice, the following experimental equipment was assembled: 

• The underlying system is an aluminium rod (manufactured for research purposes) excited by 
white-noise. 
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• The fluctuation signals are recorded from vibra.ion detectors attached to the rod. 

The following changes were investigated |I1|-|I4|: 

|I1] The effect of incrementing the amplitude of the exciting white-noise source. (It is intended to 
mimic changes at the environments.) 

112] Modifications at the constraints (pin-connection, built-in end, free end). 

(13) Loosening of the detector. (It is a real situation in itself, nevertheless loosening can also mimic 
either ageing of the detector and/or the degradation of detector sensitivity.) 

(14) Rod impact. 

(The two last investigation simulate changes at the underlying system.) 

Due to the general features of the UAR+SPRT combination, the following consquences are expected 
[E1J-IE4I: 

[El | As long as the increment is relatively small, direct examination of the signal shows nothing. 
Similarly, the autopower spectral density (APSD) calculated by conventional Fast Fourier 
Transformations (FFT) in case of different noise amplitude, must be the same. However, SPRT 
methods, since they are operating upon cumulative data, could recognize (small) deviations. 

|E2| The changes at the constraints can not be observed directly at the time series, however they cause 
determinable changes at the power spectra. Therefore sophisticated feature detection 
methodologies (Rácz, Kiss and Bende-Farkas, 1992) could recognize this kind of deviation. 
Though the methodology in hand (UAR+SPRT) is very simple, hopefully it is sensitive enough to 
indicate shifts at the constraints. 

[E3| The features of the APSDs can be calculated only for some pure situation (e.g. when the detector 
is almost free) In an intermediate state (which is more realistic) only qualitative statements can be 
concluded. (In contrary, the previously cited methodology inherently can process qualitative 
information as well.) 

[E4| The rare impacts cause burst-like signals at the time series. They probably can also be 
recognized by direct examination of the time series 

An overall note is proper here. As it can be seen, most of the situation can be treated by other, more or 
less sophisticated methods. Most of all of these methods based on the investigation of the spectrum of 
the signal in hand However, it must be kept in mind, that 

• if the change happens during the investigation time period (i.e. the normal/abnormal switch 
happens at an intermediate time point), the FFT calculation gives improper results; 

• these APSD-based methods need more additional information gathered previously (mostly by 
human experts) 

In this sense, the UAR+SPRT method is superior to the spectra-based technics. On the other hand, the 
UAR+SPRT method is not able either to 
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• select the type of the changes (<f there are more candidates), 
• predict tb" amplitude (or the extent) of the change 

since it manipulates with statistical models and not with physical ones. 

As a compromise, a UAR-iSPRT combination can be a trigger device for a sophisticated and 
quantitative examination. 

Finally let us consider again Eq.(2), where the q parameter is used to determine the lower bound of the 
abnormality (or change) The typical values recommended to use (Ciftcioglu, 1993) are from the 
interval [2.0, . . . ,3.0] . 
These recommendation coincides with the properties of the normal distribution, where randomly 
selected values are likely populated in the ±2o~? interval (or ±3a]) around the mean value. However, 
taking this q-value recommendation seriously, contradicts to our general purpose, namely to detea 
(small) deviations. Thus we intend to understand this phenonena, and investigate 

• if the residual time series generated by the UAR model does need so high a deviation parameter 
q; 

• if not, why so high parameter is usually recommended to use 

III. EXPERIMENTAL EQUIPMENTS AND COMPUTATIONAL TOOLS 

In order to accomplish the above mentioned investigations (I1)-|I4| and check the expectations |E1J-
|E4], the following experimental environment was developed (Figure 3.1). 

0 » > B « K 4 m 
• n i b n M l » 

С 
О 
м 
p 
и 
т 
в 
ж 

ДОС 

г 
1 
L 
т 
ж 
ш 
% 

VJbiwtf» «n i ter 
MMFLV1M 

mwfUBmw 

WkftB 

p m n b r 

ВАК 
2*3» 

ДОК 
2*35 

<nZ)IUC4at 

<DI> 

t n i m r U O n t 
№ • * * П 

* « 

T 
/4375 

Figure 3.1 The experimental environment. 

The recorded five signals for the multi-channel analyser and AD-converter were 
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Chi 
СЬ2 
СЬЗ: 
Ch4 
Ch5 

The investigated vibration detector (B&K 4375). 
Fix-fastened vibration detector (B&K 4375) (for calibration). 
Heater current to control loosening of detector Dl. 
Signal from the noise-exciter (B&K 4375). 
White-noise source. 

When performing investigation |I2|, a special fastening had to be applied to fix detector Dl to the rod, 
in order to change and control continue 'y the strength of the fastening. It was performed by heat-
sensitive wiring. The bigger the supported current the warmer the wire, therefore the looser the 
tightening (Figure 3.2). 

B&K 4375 
•ccelerometer 

с:::::::Эч 
-ДГ 

reslstanee 
к wire 

Rod 

Figure 3.2 Controllable fighting of the accelerometer. 

The tightening of the wire can be controlled by the applied current I(t). As long as no current is applied, 
the efficiency of detector Dl is the same as the fixed detector D2. The other extreme state is, when the 
applied current is so strong that the fastening wire breaks and the detector becomes free. A typical 
current diagram is depicted in Figure 3.3. 

' Current Kt) 

1 

H / 

II 

' Current Kt) 

1 

H / X V 

H / 

Legend H the text Time(t) 

Figure 3.3 The applied current l{t) for change the tightness of the fixing. 
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Legend for Figure 3: 

[I] Normal state, fixing is tight. 
[II] Slow heating. Beginning of degradation. 
[III] Steady-state current causes stabilized (not changing) detector performance 
[IV] The current supply is rapidly ceased. The original (normal) fastening is recovered. 
[V] Normal state again. 

The method has the following advantages: 

• There is no need to destroy the detector 
• Different fmrts of the same signal show different modes (e.g. normal, beginning of 

abnormality, developed abnormality, stabilized deviation, etc.) 
• The original (normal) behmiour can be repeated (during the same record), to check, whether 

the hypothesis testing method is able to recognize both the normal/abnormal and the opposite, 
abnormal/normal transition. 

• The applied current plays the role ofa reference for timing, i.e. the decisions presented by the 
hypothesis testing method can be compared to the time depending current I(t). Doing so, the 
sensitivity and the delay of the decision making procedure can easily be illustrated. 

The rod impact effect is caused by a small bumper (hammer) with variable strength and duration. 
During this experiment channel Ch3 records the current which represents the impact timing. 

111.2 Computer Codes 

The evaluation of the experimental data was performed by a general purpose software package (UAR) 
developed by one of the authors (S. Kiss). Here only the main features of the UAR-Package are 
introduced, leaviny the (mainly technical) details to the reference (Rácz et al, 1993). 

The package can determine (without limiting the model order) 

[01] UAR coefficients 
[02] The AIC function 
[03] Complex roots (for conver ""^ investigations) 
[04] Power spectra 
[05] Correlation function 
[06] Log-likelihood ratio 

The package can operate on different input data, namely 

|I1] Time series 
[12] Power spectra 
[13] Correlation function 
[14] UAR coefficients 

The organization of the package allows to use different input functions for the reference model and for 
the investigated signal. Apart from a few special investigation (these will be reported at Section V), the 
following combination is applied: 
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• The reference model is calculated from power spectra (|I2|) 
• The investigated signal is a time series J11J 

The 512-point power spectra (AFSD) were calculated via FFT. The whole process is shown at Figure 
3.4. 

Time Serie« for 
Reference 

Time Scries for 
Test 

User-Defined 
Parameters 

FFT ~ i 

l!M».P,q) 

ITAR 
сое ГГ. 

<u 
Resi
dual 
gene
rating 

lAR-litelihood 
ratio 

SPRT 
_ i 

K M ) 

VAR 
Program package 

Display 

Figure 3.4 The UAR Programme Package 

Changing the user-defined parameters, namely the 

• UAR model order ( p ) 
• deviation ratio ( q ) 
• false alarm probability ( a ) 
• missed alarm probability ( ß) 

can test the sensitivity of the UAR+SPRT method for different values {p,q,ct,ß}and try to find criteria 
for optimal settings. 

IV. RESULTS 

The most impressive way to support our statements would be to present 

• the investigated signal, 
• the control signal (the current) and 
• the log-likelihood ratio 

However, the recorded signals are too long to display, therefore only representative sections can be 
presented here, with the user-defined parameters {p,q,a,ß}. 
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IV.1 First Investigation [11] 

First a representative setuon of the recorded 4-channd t me series displayed here. (Figure 4.1) The 
naming of the signals follows the nomenclature introduced in Section III. 

Ch It 01 .Results 

'»i'wvi»»i«if»M^AI^^|<yfr4fyy^>^^>^^^^»Hfc<M^*fr^^ftft^tyy^A»WH»*^A»« »^^^»Ai^yt* , . 

Ch 2i D2_IM«r«nc» 

»ViV»«"«^! •^^*<^#^^^^^^^>|^»^^Aft i *^*<HArt<V^^^y\^^^V*^W^^ > ^ A # ^' * *V^^y^ l ^'y lA • 

Ch 4i 03_UibrCxdt«r 

, ^V'fcf^fryW ^^^у^Д^Лп^^^А^Т^^чЛЛ^^у^у^^Цу^^у^^ч^^у^ЛНУЛ^АУЧ^ -fA • 

Ch 8i Nois*_8ourc» 
. i i i i i i i i • | 

' 1 I I I I I I I 1 I 

Figure 4.1 A recorded 4-channel time series. 

The calculated 512-point FFT spectra are displayed in Figure 4.2. 
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Figure 4.2 Typical 512-point Fourier spectra 
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Two types of investigation were performed. First the insensitiveness of the vibration spectra to the 
amplitude of the exciting noise source was tested Corresponding to our expectation, although the 
intensity of the white nor* generator was increased by a factor 3, the power spectra were similar. (The 
graphical proof is not displayed here.) 

The second investigation, connected to the main problems, namely the UAR+SPRT combination gives 
a more interesting result. Since in this case no signal exists to use to measure the timing of the change of 
the exciting noise, an indirect method had to be applied In fact, the SPRT method was used directly to 
the noise-signal, since it inherently satisfies the necessary conditions (white noise, zero mean). And an 
increasing amplitude is equivalent to an increasing deviation ratio q. Therefore the log-likelihood ratio is 
a proper quantity to parametrize the process. 
Figures 4.3 and 4.4 show the beginning and the ending of the change, indicated by decision boundary 
crossing. It can be seen that both changes can be clearly identified 

U s - U M i l w * * Rati» »f ŰM ГЫм Savna 

d u n e * bagia* att ее«. N N 

Figure 4.3 A log-likelihood ratio function with normal/abnormal switching during investigation l[1J 

Lag UkaUJutaa Rati* a/Nab» Sam« 
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Figure 4.4 A log-likelihood ratio function with abnormal/normal switching during investigation l[1J 

Accepting the above method to follow (and parametrize) the process, it can be seen, that the excitation 

• began at around the 8800 t h discrete time point, and 
a end at around the 20000 l h discrete time point 

These reference points can be used to test the sensitivity of particular user-defined 
{p, q,ot, p} combinations. 
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In this investigation the model order was determined according to the Akaiké Information Criteria 
(AIC). It has a clear minimum at p = 22 (See Figure 4 5) 
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AIC 

A 
L 
U 
I 
S 

-100-

-200-

-263 

Ltcal minim» at» «22 m»fcl •*!•* 

Figure 4.5 The AIC function with a clear minimum 

• M i l • !*>-

At this investigation the decision error probabilities were also fixed to the following values 

a = 0.001 
ß = 0.001 

Therefore only the deviation ratio remained undefined (which, in fact, is the most questionable 
parameter) Three different values were applied. The results are summarized in Table I, where the N/A 
or the A/N columns show the predicted time point of the normal/abnormal and the abnormal/normal 
transition, respectively. 

Table I 

q N/A A/N 
и 9400 20050 
2.5 9800 20055 
3.5 10500 20050 

Since the amplitude of the noise generator was gradually increased, stabilized and finally abrubtly turned 
back to the original position (See Figure 3.3), before the abnormal/normal transition there is a well-
developed change. Therefore the abnormal/normal transition is hardly sensitive to the deviation ratio (In 
accordance with the third column of Table I). 
However, it can be seen from the second column, that the smaller the deviation ratio, the closer the 
predicted transition time to the accepted one (i.e. 8800). In addition, before the real transition started, 
even the smallest deviation ratio did not caused more false alarm decisions, than its probability was 
previously fixed. Thus our first expectation |E1] was justified. 
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IV. 1 Second Investigation p2] 

An attempt is made here to recognize the change M" the undelying system (in our case the rod). As it 
was mentioned prevoiusly, various constrains were applied, namely 

• pin-connection 
• built-in end 
• free end 
• intermediate state (between pin connection and built-in end) 

The FFT spectra for the above listed four situation are displayed in Figure 4.6. It can be seen, that the 
features of the spectra seriously differ in the different cases, therefore other methods are expected to be 
also applicable. 

Pln-Comtction 

i 
I 

Built-in End 

:oo 100 
Frequency CHxJ <LIN> 

Frew End * • * ' 
Frequency CNzl <1ЛЮ 

Intermediate St*«» 

100 
Frequency CHxJ <LIN) Frequency CMz! (LIN) 

Figure 4.6 The 512-polnt FFT spectra with different constraints 

Apart from the intermediate state, qualitative results can be derived for the peak frequencies (Lipcsei, 
Kiss and Pór, 1992). Table il gives the frequencies of the main peaks This table also shows the minima 
of the AIC functions Unfortunately, no clear minimum could be selected (see Figure 4.7), thus oniy an 
interval can be given. 

Table If 

I. IHzl II. IHzl 1П. (Hz] , MC 
Pin 8.6 32.8 80.4 (15:33) 
Built-in End 13.1 38.7 85.9 (15:33) 
Free End 15.0 94.1 94.1 (15:33) 
Intermediate 11.0 83.6 83.6 (15:33) 
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Figure 4.7 The AIC functions for the diffemt constraints 
во 

To check the robustness of the UAR model to the model order, three different p-values (15, 25 and 35) 
were applied to determine the power spectra and compare them to the 512-point FFT spectra. For the 
Built-in End, the results are represented in Figure 4.8. 

Built-in End <ПЧхМ Ordert p - 36) 
Built-in End <Mod»l Ordwi p - 15) 
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! 
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| «н| 

E-oe 
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0 10 20 30 tO 90 60 70 
Frequency CHxl <LIN) 

Figure 4.8 The FFT and the UAR spectra of a buiH-in end connection. 

To close this investigation, the following (two) experiments were performed. Starting from a well-
defined constraint (namely either from pin connection or from built-in eid), the constraints is gradually 
changed and transformed into the other state. The opposite change was al&o performed during the same 
session. Doing so, two possible reference models exists. Consider the case, when we start from a pin 
connection and move towards the built-in end state. Then using a pin connection model as a reference, 

16 



the intermediate and the built-in states are abnorma. However, using a built-in state, the opposite is 
true, namely, the SPRT procedure should decide abnormal state until the built-in case occurs. There are 
two different scenarios evaluated oy two different reference mode's. 

• Scenario 1: Gradual transition from pin connection to built-in end; 
rapid return to pin connection (SI) 

• Scenario 2. Gradual transition fror., ilt-in end to pin connection; 
rapid return to built-in end (S2) 

• Reference model 1: Built-in End (Rm 1) 
• Reference model 2: Pin Connection (Rm2) 

The decision making procedures were able to recognize the above transitions Table III shows the first 
time, when the change was detected. 

Table HI 

Rml Rm2 
SI 22761 23005 
S2 23080 22810 

The inverse process, i.e. when the original state is reached again has similar results. 

IV. 1 Third Investigation [13] 

Just for completness, a typical S-channel signal is given in Figures 4 9 and 4.10, showing the beginning 
and the end of the heating. The starting point is at around 14600, while the endpoint is at around 
27000. These discrete time points are used only for reference time to compare the first time of 
recognizing change. 
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Figure 4.9 Section of the time series recorded during investigation [13] 
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Figure 4.10 Section of the time series recorded during investigation [13] 

The following three figures show different parts of the log-likelihood function Л к . The applied 
parameter set was {25,1.3,0.001,0.001}. Considering Figure 4.11 it can be seen, that the decision 
making procedure was able to recognize the change without serious delay. 

L#f-LikelikooiR»ti# 

Dccltfe» ItownJaiy 
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Beginning tithe Change 

Figure 4.11A log-likelihood ratio function with normal/abnormal switching at l[3] 

During the abnormal mode, the applied parameter set provides realtively short time intervalls between 
two consecutive decision (see Figure 4.12). 

Lag U*»lifc"4JUtfe 
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Figure 4.12 A log-likelihood ratio function during the abnormality at 1(3] 
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As a consequence, when the abnormal/normal transition happens, the decision making procedure can 
realize it almost without any delay. 

Ug-UkeMkwiBatfa 

BwktidttOiiKiiulMofc 
Figure 4.13 A tog-likelihood ratio function with abnormal/normal switching at l[3] 

IV. 1 Fourth Investigation [14] 

As it was indicated previously, rare impacts cause burst-like sections in the recorded time series with a 
characteristic, therefore well-distinguishable patterns (see Figure 4.14). 

Detector Signal (DD 

Rmimytcte 

Figure 4.14 A burst-like pattern at a ttime series for investigation l[4]. 

Therfore other methods (eg direct examination of the time series and limit-crossing investigation) 
could recognize rare impacts. 
However, using SPRT the experts can define the sensitivity of the test by changing the decision error 
probabilities and the deviation ratio. Without completness, three tesi-results will be presented in Figures 
4.15-17. (Figures 4.16 and 4.17 are two different parts of the same log-likelihood ratio function.) 
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The user-defined parameters were the followino; 

• Case 1: {22,1.2,0.OO1,0.001} 

Using small deviation ratio and/or a reliable decision making procedure (very low error probabilities) 
has the following consequence: The test recognizes only the burst-rrode. 

Decfeira B*«*4»iy 

:_^—-mwu^' LJH—' • 
Def feioH Bowtiaiy 

Figure 4.15 Detecting a burst during l[4]. 

• Case 2: {15,1.5,0.001,0.001} 

Using higher deviation ratio has the following consequence: Both modes (i.e. no-burst and burst) are 
concluded. Comparing to the previous setting, when only the change (i.e. the hurst) is recognized it can 
be said, that recognizing the no-burst mode as well allows the expert to deduce reliable conclusions. 
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Figure 4.16 Different section burst-detection (compare to Figure 4.15) 
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Figure 4.17 Different section of burst-detection (compare to Figure 4.15) 
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Detailed analysis need to map the sensitivity of the test for a different user-defined parameter values It 
can be performed via fixing three of the parameters while one is changing methodologically. 
This method could be utilized at different area, where burn-like patterns appear at the time series 

CLOSING REMARKS 

In this wot familiar change detection procedure, the UAR+SPRT combination was tested in order to 
check 

• whether it is applicable to real signals 
• the sensitivity fo the procedure to different user-defined settings. 

The second item is the important one for practical purposes, since the procedure itself is simple enough. 
However, if an algorithm can not be run in an automatic mode (just interactively), then the algorithm 
can only be used for research purposes and not for daily, repetitive diagnostics. Therefore the method at 
hand was applied to different (but realistic) situation and its performance was evaluated. 
An overall conclusion is, that the second part of the combination, i.e. the SPRT-based hypothesis testing 
procedure is sensitive enough to recognize (and reliable indicate) small deviations (changes) using the 
UAR-generated residual time series. However, as it is well-known, the proper model order selection for 
autoregression modelling is hardly algorithmizablc. As a consequence, the generated time-series is 
(probably) far from the ideal one, thus the residual-based SPRT investigation could fail. 

As it was mentioned at the Introduction, an interesting contradiction was found between the practically 
applied deviation ratio (q) and the theoretically proposed one In fact, the sensitivity of the SPRT 
method would allow to use deviation ratios close to one in order to detect developing changes at the 
very beginning. In contrary, experimental investigations recommended relatively high [2.5 - 3.0J q-
values Now this phenomena is (hopefully) understood. The explanation is based on the above 
mentioned drawback. In fact, applying improper model order increases the variance of the residual. 
Therefore, applying low deviation ratio, the SPRT would conclude anbormal mode even in normal 
mode. Certainly it could be compensated by high false alarm probability. However, setting the decision 
error probabilities too a high causes 

• delays in the decision procedure, when the system is in abnormal mode 
• a decrease in the efficiency of detecting small deviations 

Thus a [2.5-3.0] interval is a compromise dictated only by practical reasons. 

As a conclusion, it can be said that the UAR+SPRT combination could be a promising tool for change 
detection, if 

• an operative criterie for model order selection is elaborated 
• a thourough (theoretical and statistical) investigation calnfies the connections among the 

following user-define parameters: 
• model order, 
• deviation ratio, 
• false alarm probability, 
• missed alarm probability. 
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