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Abstract 

This licentiate thesis deals with two different problems. The first problem is how to 
estimate a signal, when the signal is disturbed by additive independent, identically 
distributed non-gaussian noise (part 	The second problem is how to classify 
signals measured during a welding process in order to achieve a quality measure of 
the produced weld joint (part IV-V). 

The first problem treated is signal estimation. In the discrete time signal model 
used the observed signal r is the sum of a known signal s and additive independent, 
identically distributed noise  n  (r = s -F  n).  The signal s is depending on an unknown 
parameter 0 and the task is to use the information contained in the observed signal r 
to make an estimate of this parameter. When this problem is dealt with in different 
works, it is normally assumed that the noise is gaussian distributed, which implies 
a restriction of the applicability of the results. Part 1-III in this thesis deals with 
the above problem, but without the restriction to gaussian noise. 

Part I treats the problem of arrival time estimation. In this part the parameter 0 
is the time of arrival, the signal .s is rectangular and the noise  n  is either laplace or 
gaussian distributed. An  ML-estimator (maximum likelihood) for laplace distributed 
noise is derived, and it is shown that this estimator consists of a limiter followed by 
a matched filter. By simulations the performance for the  ML-estimator is compared 
to the performance of a least squares estimator and the performance of a moving 
median estimator for gaussian and laplace distributed noise. 

Part II deals with the same problem as part I, but for generalized gaussian 
distributed noise. A MAP- (maximum a posteriori) and a MMSE- (minimum mean 
square error) estimator is derived for this class of noise. These estimators consist 
of a non-linearity followed by a matched filter. By simulations the performance of 
these estimators is compared to the performance of a least squares estimator and a 
moving median estimator when the noise is gaussian or laplace distributed. 

Part III deals with the problem of estimating 0 in a more general case. There 
are no restrictions on the pulse shape and the noise distribution function may be 
arbitrary. The only requirements are that the noise distribution function should 
be known, the noise independent, identically distributed and independent of the 
signal .s. As a solution to this problem, a generalized form of the matched filter 
is derived. The generalized matched filter has the same structure as the matched 
filter and it is shown how for gaussian noise the generalized matched filter is trans-
formed into a matched filter. The only difference is to be found in the fact that the 
multipliers in the matched filter have been replaced by non-linearities. 

The second problem treated is quality monitoring. The task is to make quality 
classification of a produced weld joint, using signals measured during the welding 
process. Part IV and V describe the develoW data acquisition system and the dif-
ferent signal processing methods developed for the analysis of the measured signals. 
In part IV eigenfunction expansion, voltage-current diagrams and spectral analysis 
are used and in part V eigenfunction expansion and spectral distance analysis are 
used for the classification of the signals. At tests on real welding data especially 
eigenfunction expansion and spectral distance analysis have shown promising results 
in ability to classify the welds in respect to their quality. 
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Preface 

This licentiate thesis deals with two different problems. The first problem is how 
to estimate a signal, when the signal is disturbed by additive independent, identi-
cally distributed non-gaussian noise. The second problem is how to classify signals 
recorded during robotic welding in order to achieve a measure of the quality of the 
weld joint produced. 

The thesis consists of five parts, of which the first three treat the estimation 
problem and the two last ones treat the classification problem. The five parts are 

Part I 
Part I was a project work for a course in 'Median and morphological filtering in 
signal and image processing' at Tampere University of Technology in August 1989. 
It is also available as a research report 

J-0. Gustaysson. Project work for course in 'Median and Morphological Filter-
ing in Signal and Image Processing'. Research Report RR-1, Division of Signal 
Processing,  Luleå  University of Technology,  Luleå,  Sweden, August 1989 or Re-
search Report TULEA 1990:06,  Luleå  University of Technology,  Luleå,  Sweden, 
1990. 

Part  II  
Part  II  has  been published  as 

J-0.  Gustaysson  and  P.O.  Börjesson.  `Ankomsttidsskattning  av  rektangulära  
pulser  i  en  klass  av  icke-normalfördelat  brus'. In  B.O.  Rönnäng,  editor,  Proceed-
ings of RVK  90,  Chalmers Institute of Technology, Gothenburg, Sweden  April 
1990.  SNRV. 

iThe separate parts can be ordered from 
Department of Signal Processing, University College of Karlskrona/Ronneby, 372 25  Ronneby,  
Sweden or from Division of Signal Processing,  Luleå  University of Technology, 951 87  Luleå,  
Sweden. 
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Part III 
Part III is available as a research report 

J-0. Gustaysson and P.O.  Börjesson.  A generalized matched filter. Research Re-
port RR-17, Division of Signal Processing,  Luleå  University of Technology,  Luleå,  
Sweden, October 1991 or Research Report TULEA 1991:26,  Luleå  University of 
Technology,  Luleå,  Sweden, October 1991. 

Part IV 
Part IV has been published as 

J-0. Gustaysson,  B.  Ågren  and S.  Adolfsson.  Quality monitoring and control 
for robotic welding of aluminium. In Proceedings of Robotikdagar',  Linköping,  
Sweden, May 1991. 

Part V 
Part V has been published as  

B.  Ågren,  J-0. Gustaysson and S.  Adolfsson.  Quality monitoring and control 
for pulsed arc welding of aluminium. In Proceedings of Eurojoin I, Strasbourg, 
France, November 1991. 



A statement of motives 

Signal estimation in non-gaussian noise 

A very common assumption about the noise in signal models is that the noise is 
gaussian distributed'. But in reality this is not always the case, e.g. in many under-
water applications that assumption is not always valid'. Therefore it is important 
to study signal models where the noise is described by other statistical distribu-
tions. Examples of such distributions are laplace distributed or generalized gaussian 
distributed noise. 

One important signal processing problem is how to estimate a signal when the 
observations of the signal are disturbed by additive, independent, identically dis-
tributed noise. A lot of research has been done about these problems under the 
assumption that the noise is gaussian'. However, there is not so much research 
published on this problem for other types of noise. In parts I—III of this thesis this 
problem is dealt with without the usual assumption that the noise is gaussian. 

In reality it is also hard to know exactly the statistical distribution of the noise 
which has disturbed a measured signal. Even when the noise distribution is assumed 
to be known, the assumed noise distribution is almost always only an approximation 
of the real noise distribution. Therefore it is very interesting to study signal esti-
mators which work well for a broad class of noise, and which is not so sensitive for 
bad assumptions about the noise distribution. In part I and II of this thesis some 
studies are carried out about this type of robustness. 

Signal classification of welding signals for quality 
monitoring of robotic welding 

Today it is very common that robots are used in manufacturing processes to carry 
out different operations. One of these possible operations is welding. When robots 
are used for welding, one severe problem is that it is not possible to make on-
line monitoring and control of the quality of the weld'. If this were possible it 
would increase productivity and decrease costs for robotic welding. Today off-line 
inspection has to be carried out to secure the quality of the welds. 

1See part III including the references. 
2See part V including the references. 
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There is much research on the problem of quality monitoring of robotic welding. 
In most of these works short arc welding has been studied'. Many results have been 
published but, as far as known to the author, there are no really good methods 
developed which can be used in practice for monitoring weld quality. In part IV and 
V of this thesis this problem is studied for pulsed arc welding of aluminium. 

2See part V including the references. 



Outline 

Part I — Project work for course in 'Median and Morpho-
logical Filtering in Signal and Image Processing' 

In part I of this thesis arrival time estimation is treated. The signal model used is 
r(k) = s(k — 0)+ n(k), where r(k) is the observed signal, s(k — 0) is a delayed version 
of a given signal s(k) and n(k) is additive, independent, identically distributed noise. 
The parameter 0 to be estimated is unknown. It is assumed that the signal s(k) is 
a rectangular pulse and that the noise is independent of the signal. 
Three different noise distributions are considered: 

• gaussian noise with zero mean and a constant standard deviation 

• laplace distributed noise with zero mean and a constant standard deviation 

• gaussian noise with zero mean and a constant standard deviation during 99% 
of the time, but with bursts of gaussian noise with zero mean and nine times 
higher energy during 1% of the time. 

Three different estimators for estimation of 0 are studied 

• a least squares (LS) estimator, which is based on a matched filter. 

• a maximum likelihood  (ML)  estimator for laplace distributed noise. This es-
timator is derived, and it is shown that the estimate can be calculated from 
the output from a limiter followed by a matched filter. 

• a suggested moving median estimator based on a median filter. 

For all three kinds of noise the performance of the different estimators according to 
the least squares criteria has been studied by simulations. A comparison between the 
different estimators is made, and the distribution of the estimates from the different 
estimators is investigated. A conclusion drawn from the result of the simulations, is 
that the maximum likelihood estimator is less sensitive for bad assumptions about 
the noise than the least squares estimator. 
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Part II — Arrival time estimation of rectangular pulses in 
a class of non-gaussian noise 

(The title of the original is: `Ankomsttidsskattning  av  rektangulära  pulser  i  en  klass  
av  icke-normalfördelat  brus'.  This part was written in Swedish, since it was a con-
tribution to a Scandinavian conference held in the Swedish language.) 

In part II of this thesis arrival time estimation is treated. The signal model used is 
r(k) = s(k — 0)-1- n(k), where r(k) is the observed signal, s(k — 0) is a delayed version 
of a given signal s(k) and n(k) is additive, independent, identically distributed noise. 
The parameter 0 to be estimated is unknown. It is assumed that the signal s(k) is 
a rectangular pulse, the noise independent of the signal and that that the noise is 
generalized gaussian distributed. 
Four different estimators for estimation of 0 are studied 

• a maximum a posteriori (MAP) estimator for generalized gaussian distributed 
noise. This estimator is derived, and it is shown that the estimate can be 
calculated from the output from a non-linearity followed by a matched filter. 

• a minimum mean square error (MMSE) estimator for generalized gaussian 
distributed noise. This estimator is derived, and it is shown that the estimate 
can be calculated from the output from the same non-linearity followed by a 
matched filter as in the MAP-estimator. 

• a least squares (LS) estimator, which is based on a matched filter. 

• a suggested moving median estimator, based on a median filter. 

The performance of these estimators according to the least squares criteria has been 
studied by simulations for gaussian and laplace distributed noise. The statistical 
distribution of the estimates has also been analysed. One conclusion drawn from 
the results of the simulations is that the MMSE and MAP estimators are much 
more robust than the LS estimator in the sense that they are less sensitive for bad 
assumptions about the statistical distribution of the noise. 

Part III — A generalized matched filter 

In part III of this thesis signal estimation is treated. The signal model used is 
r(k) = s(k, 0) +n(k), where r(.) is the observed signal, se , 0) is a known signal,  n(-)  
is additive, independent, identically distributed noise and  k  is a 'time' variable. The 
parameter 0 to be estimated is unknown. The shape of the signal .s(., 0) and the noise 
density function can be arbitrary, but it is assumed that the noise is independent of 
the signal and that the density function for the noise is known. 

Under these assumptions a generalized form of the matched filter is derived. It 
is shown that the outputs from a set of generalized matched filters contain sufficient 
information to calculate the a posteriori distribution of 0 given the observed signal 
r(.) and a known a priori distribution of 0. The corresponding ordinary matched 
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filters have the limitation that they provide this information only when the noise is 
gaussian. 

The structure of the generalized matched filter is independent of both the signal 
shape and the distribution of the noise, and the structure is the same as the structure 
of the matched filter. In order to emphasize the similarity it is shown how for gaus-
sian noise the generalized matched filter will be transformed into a matched filter. 
The only difference between the filters is that the multipliers in the matched filter 
are replaced by non-linearities in the generalized matched filter. The characteristics 
of the non-linearities depend on both the signal shape and the noise distribution. 

Part IV — Quality monitoring and control for robotic weld-
ing of aluminium 

In part IV of this thesis signal classification is treated. The application dealt with 
is quality monitoring of robotic welding of aluminium. 

To make the welding experiments a commercial welding equipment has been 
used and for the data acquisition a PC-based system has been developed. The weld 
process which has been studied is pulsed arc welding of aluminium and the signals 
measured are arc voltage and welding current. To extract a quality measure from 
the measured signals different methods of analysis have been developed and tested. 
The methods are 

• analysis of the signal shape. This method uses signals from an acceptable 
weld to teach the system what the shape of an adequate signal should be. The 
shape of a measured signal is then compared to the learnt 'reference shape'. 
The deviation after low-pass filtering is used as a measure of the quality of the 
weld. 

• voltage-current time diagram. This method uses signals from an acceptable 
weld to teach the system how the voltage-current time diagram for an adequate 
signal should be. The voltage-current time diagram for a measured signal is 
then compared to the learnt 'reference voltage-current time diagram'. The 
deviation is used as a measure of the quality of the weld. 

• spectral analysis. This method analyses the spectral content in the signals 
measured. When the weld produced is acceptable, the signals have a higher 
fractional part of low-frequency components. 

The different methods are tested on real welding signals. Especially the pulse shape 
analysis has given promising results with high correlation between the 'quality mea-
sure' and the quality of the weld joint. 

Part V — Quality monitoring and control for pulsed arc 
welding of aluminium 

In part V of this thesis signal classification is treated. The application dealt with is 
quality monitoring for pulsed arc welding of aluminium. 
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To make the welding experiments a commercial welding equipment is used and 
for the data acquisition a PC-based system has been developed. The weld process 
which has been studied is pulsed arc welding of aluminium and the signals measured 
are arc voltage and welding current. To extract a quality measure from the measured 
signals different methods of analysis have been developed and tested. The methods 
are 

op analysis of the signal shape. This method uses signals from an acceptable 
weld to teach the system what the shape of an adequate signal should be. The 
shape of a measured signal is then compared to the learnt 'reference shape'. 
The deviation after low-pass filtering is used as a measure of the quality of the 
weld. 

• analysis of the spectral contents in the signals. This method uses signals 
from an acceptable weld to teach the system what the spectral content in 
an adequate signal should be. The spectral content for a measured signal is 
then compared to the learnt 'spectral content'. After low-pass filtering the 
deviation, which is calculated by two different methods, is used as a measure 
of the quality of the weld. 

Both methods have been tested on real welding signals and have given promising 
results with high correlation between the 'quality measure' and the quality of the 
weld joint. 
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This part is a revised version of a research report. Alterations have been made only in the sense 
that the language has been improved and some notations have been changed to make the thesis 
uniform. 
The earlier version was published as 
J-0. Gustaysson. Project work for course in 'Median and Morphological Filtering in Signal and 
Image Processing'. Research Report RR-1, Division of Signal Processing,  Luleå  University of Tech-

nology,  Luleå,  Sweden, August 1989 and Research Report TULEA 1990:06,  Luleå  University of 
Technology,  Luleå,  Sweden, 1990. 

The research report is a slightly modified version of a project work report for a course in 'Median 
and morphological filtering in signal and image processing' at Tampere University of Technology in 
August 1989. (Internal report  IR-0, Division of Signal Processing,  Luleå  University of Technology).  

Jan-Olof  Gustaysson:  Luleå  Unversity of Technology, Division of Signal Processing, 951 87  Luleå,  
Sweden. 
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Abstract 

This paper compares three different methods for estimating the 
arrival time of a rectangular pulse in a noisy signal. The methods 
are based on a 

• least squares estimator, for which all the necessary information 
is based on the output from a matched filter. This is also the 
maximum likelihood estimator of the arrival time, assuming 
that the noise is Gaussian distributed. 

• maximum likelihood estimator, assuming that the noise is 
Laplace distributed and the pulse amplitude is known. This 
uses the output from a matched filter, to which the input is 
the received signal preprocessed in a limiter. 

• moving median estimator. This estimator maximizes the me-
dian sample during the pulse. 

The results with three different types of additive noises are com-
pared. The different noises are Gaussian distributed noise, Laplace 
distributed noise and Gaussian distributed noise with bursts of high 
amplitude Gaussian distributed noise. All noises are assumed to 
have zero mean. Simulations are made to evaluate and compare 
the different estimators for the three kinds of noise. Results and 
conclusions are presented. 
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1 Introduction 

The purpose of this work is to compare the ability of three different estimators to 
estimate the arrival time of a rectangular pulse. The pulse is disturbed by additive 
noise of different distributions. The system model is described in section 2 and in 
section 3 different methods to estimate the arrival time are derived, assuming that 
the noise is Laplace distributed. These estimators are evaluated by simulations, 
when the noise is both Laplace distributed and Gaussian distributed. The results of 
the simulations are presented in section 4 and conclusions are given in section 5. 

2 System model 

The results described in this paper are based on the following discrete time system 
model (see figure 1). The transmitted signal, y[k], to the system is a pulse disturbed 

Noise 

Transmitted 	Received 
signal 	 signal 

 

Estimator 	Estimate of the 
	 arrival time 

       

       

x[k] 	 e  

Figure 1: The system model 

by additive noise. The signal is  n  samples long, the pulse is rectangular and has the 
length of m samples, starting with sample number O. Three different types of noise 
are studied: 

Type L : This noise is Laplace distributed  (bi-exponential) with zero mean and a 
constant standard deviation a, Lap(0, (7). 

Type  N:  This noise is Gaussian distributed with zero mean and a constant stan-
dard deviation (7, N(0, cf). 

Type NB: During 99% of the time this noise is N(0, u) distributed, but during 
1% of the time there are bursts of high amplitude noise which is N(0, 3) 
distributed. When a burst appears it lasts for the length of 5 samples. 

The sample sequence is analyzed using an estimator to estimate the arrival time, 0, 
of the pulse. 

y[k]  
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3 Description of the estimators 

The estimators in this work are derived assuming that the noise is Laplace dis-
tributed. A measure of the performance of an estimator,  ö,  is the expected squared 
error around the true value, 0. But minimizing this expression would be complicated, 
so in this work, three other methods are chosen. They are based on: 

Method A: a least squares estimator, which is independent of the distribution of 
the noise. This is also a maximum likelihood estimator if the noise is Gaussian 
distributed. 

Method  B:  a moving median estimator. This is the maximum likelihood estima-
tion of the mean value, assuming that the noise is Laplace distributed and the 
pulse shape rectangular. 

Method  C:  a maximum likelihood estimator, assuming Laplace distributed noise 
and known pulse amplitude. 

It is assumed that the transmitted signal y[k] is 

y[k] u[k — 0] — u[k — — m] 

where u[k] is the time discrete step function, and 0 is the starting position of the 
pulse. The received signal x[k] is 

x[k] = y[k] v[k] 

where v[k] is noise with a given distribution. The elements of the sequence v[k] are 
assumed to be independent of each other. 

3.1 Method A. The least squares estimator 
The least squares estimate of 8 is the value  ö  which minimizes Q[0], where 

Q[0] = 	(x[k] — y[k — 0])2  

Q[0] can also be expressed as 

CO 	 00 	 00 

Q[0] =  E  x2 [k] 	E  y2[k — 0] — 2  E  x[k]y[k — 0]  
k=  —oo 	k=—co 	 ic=---co 

The first two sums in this expression are constant, so the problem is to choose 0 so 
that the last sum is maximized. Defining s[k] = y[—k], this is equal to maximizing 
the convolution q[0], where 

00 

q[0]= E x[k]s[0 — k] 
k= —cc 
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This is equivalent to processing the input sequence with a filter matched to the 
transmitted signal, and determining the position of the pulse when the output is 
maximal. The starting point of the pulse in this position is the least squares estimate 
of the arrival time. When the transmitted signal is a rectangular pulse, the matched 
filter is the same as an m-point moving average. Thus the same result is achieved 
by choosing the position of the pulse that maximizes the moving average. 

3.2 Method  B.  The moving median estimator 

The maximum likelihood estimate of a fix mean value assuming Laplace distributed 
noise is the median of the observations. That makes the median interesting as an 
estimator of the signal level. When the m-point median is calculated in the position 
of the pulse, the expectancy value of the median is maximal. The median estimator 
is also known to be more robust than the least squares estimator (the average value) 
because it will not be influenced by extreme values in the signal. It might therefore 
be a good estimator when the noise is Laplace distributed. 

The median estimate of  C  is the value  ö,  which maximizes the median of the 
samples from the pulse. This can be written as 

= arg{m2x{median(x[0], 	+ 11, 	, x[0 + m — 1])}} 

This is done by taking m samples in the position of the assumed pulse from the 
received signal, and then estimating 0 as the starting point of the pulse in the 
position giving the largest median. 

3.3 Method  C.  Maximum likelihood estimators 
We assume here that the noise has Laplace distribution with zero mean, and that 
we know the amplitude of the pulse to be equal to one. The density function for a 
Laplace distribution with zero mean is 

1 
fx(x) = —2aCM/a  

where a is a constant which determines the standard deviation of the distribution. 
The maximum likelihood estimator of 0 is the value  b,  which maximizes the proba-
bility for the received signal. This is the same as maximizing the likelihood function 

1 	 n  

L(0) = 
{}fl 

exp {—  E  lx[k] — y[k — 811/a} 2a k.1 

Maximizing L[0] is the same as minimizing V[0], if 

V(0) = 	— y[k — 

It can be shown, that V[0] can be calculated recursively by 
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Let d[0] = Ix[0]I — lx[0] — 11 and we can write 

V[0 + 1] = V[0] + d[0] — d[0 rn] 

The function d[k] is a limiter of the amplitude of the input sequence x[k]. The 
mapping from x[k] to d[k] is shown in figure 2. V[0] is obtained by calculating an  

d [k] 

1 

	 x[k]  

Figure 2: The input-output relation for the limiter d[k]. 

m-point moving average of d[0]. Taken as a whole, this is the same as letting the 
sequence x[k] first go through a limiter, and then through a matched filter (see figure 
3). The estimate 0 of 0 is the value of 0 which minimizes V[0], that is, the output 
from the matched filter in figure 3. 

Limiter 	 Matched filter 

x[k]  

            

   

abs(.)  

        

           

         

V[k — +1] 

     

—1+ 

        

    

abs(.)  

    

        

         

             

             

Figure 3: The maximum likelihood estimator. 

4 Results of simulations 

Simulations have been made to evaluate the performance of the estimators described 
in section 3. In the simulations the signal length  n  has been set to 100 and the pulse 
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has been centered around sample number 50. The pulse length has been set to 20. 
Three different types of noise have been added to the transmitted signal: 

Type L: Lap(0, u). cr is varied from 0.5 up to 2.5 times the amplitude of the pulse. 

Type  N:  N(0, u). a.  is varied from 0.5 up to 2.5 times the amplitude of the pulse. 

Type NB: During 99% of the time this noise is N(0, cr), and during 1% of the time 
the noise is N(0, 3o-). a-  is varied from 0.5 up to 2.5 times the amplitude of the 
pulse. 

In order to simplify the notations we normalize the amplitude of the pulse to 1, so 
o- is varied between 0.5 and 2.5. 

As a measure of an estimator's performance the expected squared error from the 
true value, 

E[(ô — 0)2 ] 

is used. This expectation is estimated as the mean value of the squared errors of 
the position estimations, which is given by 

E*[(0 —  0)2 ]  = I . (ök  —  0)2  

where s is the number of simulations. 

4.1 	The estimations as a function of the standard deviation 
of the noise 

Simulations have been made for all three types of noise, in which the standard 
deviation has been varied from 0.5 times the amplitude of the pulse to 2.5 times the 
amplitude of the pulse. This is equivalent to a signal to noise ratio (squared pulse 
amplitude/variance of the noise) which varies from +6 dB to -8 dB. The results of 
500 simulations for the three different types of noise are shown in figures 4-6. 

As expected the estimate of the squared error of the arrival time increases, when 
the standard deviation of the noise increases. This is due to the fact that more and 
more of the energy in the signal comes from the noise. The differences between the 
estimators also seem to increase significantly for Laplace distributed noise (L) when 
the standard deviation of the noise increases. That is not true to the same extent 
as far as the other types of noise  (N  and NB) are concerned. 

A major difference between the estimators is that the least squares estimator 
(A) has the best performance of the three for Gaussian distributed noise  (N),  and 
for Gaussian distributed noise with bursts of high amplitude Gaussian distributed 
noise (NB), but the worst performance for Laplace distributed noise (L). This is not 
unexpected since the medium  (B)  and maximum likelihood  (C)  estimators are more 
insensitive to extreme values than the least squares estimator (A). 

The simulations also show that the maximum likelihood estimator  (C)  always has 
a better performance than the moving median estimator  (B).  Further, the moving 



Median and Morphological Filtering in Signal and Image Processing 	 29 

median estimator is better than the least squares estimator (A) if the noise is Laplace 
distributed (L), but not as good with the other types of noise  (N  and NB). 

For a given standard deviation of the noise, the simulations show that the lowest 
squared error of the estimates will be the result if the noise is Laplace distributed 
(L). The figures also show that the least squares estimator (A) is rather insensitive 
to the type of noise. The performance of the moving median  (B)  and maximum 
likelihood estimators  (C)  is more sensitive to the type of noise. Their estimates are 
best if the noise is Laplace distributed (L). This is expected, since the moving median  
(B)  and maximum likelihood  (C)  estimators are insensitive to extreme values and 
the shape of the Laplace distribution is a relatively thin peak, but with probable 
extreme values. 

4.2 The distribution of the estimates 

It is also possible to draw histograms based on the simulations showing the distri-
butions of the different estimators. These histograms are based on 500 simulations 
with each estimator on the same input sequence. Figures 7-9 show this histogram 
for the different noise distributions. 

If the noise is Laplace distributed (L), the most frequent number of correct 
estimates, (0 =  ö),  is achieved by the maximum likelihood estimator  (C),  as figure 7 
shows. Important to notice is that the least squares estimator (A) is more likely to 
estimate the arrival time of the pulse totally wrong, due to the fact that the least 
squares estimator (A) seems to be less robust than the moving median estimator  
(B)  and the maximum likelihood estimator  (C).  This effect is more clearly seen in 
figure 10, where the noise is Laplace distributed (L), with a standard deviation of 
1.5 instead of 1. 

For the Gaussian distribution  (N)  and the Gaussian distribution with bursts 
(NB), figures 8 and 9 show that the number of correct estimations, (0  ö),  is most 
frequent with the least squares estimator (A). The moving median estimator has the 
least number of correct estimations. The histograms also show that the estimates 
from the moving median estimator  (B)  are more widely spread than the estimates 
from the other estimators. 

5 Summary 

This work has analyzed three different estimators for estimation of the arrival time 
of a pulse, when the pulse is disturbed by additive independent noise of different 
kinds. The estimators are a 

• least squares estimator 

• maximum likelihood estimator assuming that the noise is Laplace distributed 
and the pulse amplitude is known 

• moving median estimator 
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Three types of noise have been considered: 

• Laplace distributed  (bi-exponential) noise with zero mean and a constant stan-
dard deviation 

• Gaussian distributed noise with zero mean and a constant standard deviation 

• Burst noise. During 99% of the time this noise is Gaussian distributed with 
a standard deviation a, but during 1% of the time there are bursts of high 
amplitude noise which is Gaussian distributed with a standard deviation of 
3a. When a burst appears it lasts for 5 samples. 

The three estimators have been simulated for the described types of noise. These 
simulations gave as a result that 

• the maximum likelihood estimator gives the best results of the three for Laplace 
distributed noise 

• the least squares estimator is the best for Gaussian distributed noise and for 
Gaussian distributed noise with strong bursts of noise, if the bursts do not 
appear too frequently 

• the moving median estimator has a larger squared error of the estimate around 
the true value than the maximum likelihood estimator for all types of noise, 
but smaller than the least squares estimator for Laplace distributed noise. 

• the maximum likelihood estimator and the moving median estimator are not 
sensitive to extreme values in the noise in the same way as the least squares 
estimator. 

• if the noise is unknown, it might be better to use a maximum likelihood esti-
mator than a matched filter. 

• if the amplitude of the pulse is not known, and extensive calculations are 
undesirable, the moving median estimator is the best one to use if the noise is 
Laplace distributed. 
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Standard deviation of the noise in the received signal (Laplace noise) 

Figure 4: The estimated standard deviation of the arrival time estimation as a 
function of the standard deviation of the Laplace distributed noise (type L). 
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Figure 5: The estimated standard deviation of the arrival time estimation as a 
function of the standard deviation of the Gaussian distributed noise (type  N).  
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Standard deviation of the noise in the received signal (Gaussian 
distributed with bursts) 

Figure 6: The estimated standard deviation of the arrival time estimation as a 
function of the standard deviation of the Gaussian distributed noise with bursts (type 
NB).  

Figure 7: The distribution of the estimators when the noise is Laplace distributed 
(type L) with a standard deviation of I. 
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Figure 8: The distribution of the estimators when the noise is Gaussian distributed 
(type  N)  with a standard deviation of 1. 
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Figure 9: The distribution of the estimators when the noise is Gaussian distributed 
with bursts of high amplitude Gaussian distributed noise, (type NB). 
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Figure 10: The distribution of the estimators when the noise is Laplace distributed 
(type L) with a standard deviation of 1.5. 
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Abstract 

The structure and performance of some different non-linear arrival 
time estimators are investigated. A derivation of the estimators and 
their structures is made, assuming a rectangular pulse shape and 
a class of non-normal distributed noise. The estimators are based 
on either a zero-memory non-linearity followed by a linear filter, 
or on a median filter. To illustrate the performance of these non-
linear estimators, simulations have been made assuming Laplace 
and normal distributed noise. 
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1 Introduktion  

Mycket  forskning har  bedrivits  om  hur  man  skattar ankomsttiden  av en puls, då den  
mottagna signalen är störd  av  additivt  brus.  Skattningsmetoder i allmänhet finns 
behandlade i  van  Trees[1].  De metoder som  används för skattning  av ankomsttid 
har  stora likheter  med de metoder som  används  vid detektering av signaler. Vid  
normalfördelat  brus  erhålls i båda  fallen strukturer med  ett signalanpassat  filter, se 
van  Trees[1]  eller  Börjesson  et  al.[2]. I  den  senare behandlas  både detektering  och 
ankomsttidsskattning  simultant.  I  de  arbeten  som  behandlar ankomsttidsskattning  
har  ofta förutsatts att  bruset  varit normalfördelat,  se  Zehavi[3]  m  fl.  Schwartz  har  
redovisat några  resultat  för  hur  signaler  detekteras i Laplacefördelat brus[4] och 
Miller och  Thomas  för några  klasser av  icke normalfördelat brus[5]. I denna  rapport  
härleds och jämförs några icke-linjära estimatorer för skattning  av  ankomsttiden  av 
en  rektangulär  puls  i  en signal som  är störd  av brus,  vars täthetsfunktion  kan  skrivas  
på formen  f(x) =  k1  • expf—k2  •  Ix  PI. De  estimatorer  som  behandlas är  en  

• MAP  (Maximum  A  Posteriori) estimator  

• MMSE  (Minimum  Mean Square  Error)  estimator  

• LS (Least Squares) estimator  

• MM  (Moving  Median)  estimator  

En analytisk  härledning görs  av de tre  första estimatorerna. Alla estimatorerna 
jämförs  sedan  genom simuleringar  under  antagande att  bruset  är  Laplace-  eller  nor-
malfördelat. Vissa  av  dessa  resultat  och några andra finns redovisade i Gustavsson[6].  

2  Systemmodell  

De resultat som  presenteras i detta arbete baserar  sig på den  systemmodell  som 
visas  i  figur 1. Den  transmitterade signalen y[k —  01,  är  en  rektangulär  puls med 
amplituden A  och längden  L samples, som  sänds  med  början i  sample nummer O.  
För övrigt är y[k —  01  -=  0.  Detta innebär att y[k] =  A  för  k  =  0, 1, 	,  L  —  1  och 
y[k] =  0  för övriga  k.  Parametern  0  är okänd och antar endast diskreta värden.  
Den  transmitterade signalen störs  sedan av  additivt vitt  brus. Den  mottagna sig-
nalen, x[k], studeras  under n  stycken  samples, x[1],.  , x[n],  med  syfte att skatta 
ankomsttiden  O.  Denna bearbetning  sker med en  s.k.  estimator,  vars utsignal är  en  
skattning ö  av O. Det brus,  n[k],  som  stör  signalen antas  ha en  täthetsfunktion  som 
kan  skrivas 	 • 

fu[ki(x) = ki  • e-k2.1'Iß 	 (1)  

där  k1  är  valt så  att normeringsvilkoret för täthetsfunktionen är uppfyllt,  se  Miller 
och Thomas[5]  eller  Kanefsky och Thomas[7]. Notera att  med ß  =  2  är  bruset  
normalfördelat  samt  att  med i3  =  1  är  det  Laplacefördelat. Vidare  kan enligt  Algazi 
och Lerner[8] vissa atmosfäriska störningar beskrivas genom att välja  0.1  < 	<  
0.6.  
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Brus,n[k] 

Transmitterad 	Mottagen  
signal 	 signal  

Estimator  Skattning av 
ankomsttiden 

 

x[k]  

Figur 1:  Systemmodell  

3  Beskrivning av estimatorerna 

Av de  estimatorer  som  presenteras här är MAP, MMSE och  LS  en  följd  av  olika 
vedertagna optimeringskriterier.  MM  maximerar  en  glidande  median. Enligt mo-
dellen  är  den  mottagna signalen x[k] = y[k —  0]  + n[k], där n[k]  har en  täthetsfunktion  
enligt (1).  Dä  pulsen  startar i  sample 0  blir täthetsfunktionen för x[k] 

4109(x[k]10) = fr,[4(x[k] — y[k —  0])  =  k1  • Ck2.14k1-911P 	(2)  

Täthetsfunktionen för  den  mottagna  sekvensen x  =  (x[1], x[2],.  , x[n]) blir 

fl 	 n 

fge (IO) = 	fx[kji9(X[k]10) = kr • expf—k2  • E ix[k] — y[k —  0]1a} 
k=1 	 k=1 

Med hjälp av Bayes sats kan täthetsfunktionen för ankomsttiden givet  en  viss mot-
tagen  signal  x skrivas som 

Pel.(01x) 	f)110(_x10) • Po(0) .  
1-3(Z) 
	 (4)  

Observera att  40(40)  är  kontinuerlig  i  x, men  att poi.(01x) är  diskret  i  0. An-
tag  vidare att apriori  informationen om 0  är att po(0) =  1/(n  —  L  +  1)  för  0  =  
1, 2,3,  ...  ,n  —  L  +  1  och att  WO)  =  0  för  0  <  0  och för  0  >  n  —  L  +  2.  Detta 
innebär att  vår  enda  information om 0  är att  0  är ett  heltal  i  intervallet [1,n  —  L +1].  
Uttryck poigi(OIL)  som  poIL(OIL) = 	0)  •  40(40), med  h(x,  0)  =  
där h(x,  0) har  betydelsen  av en normeringskonstant.  Dä  blir blir h(x,  0)  oberoende  
av 0, om det  antas att  0 ligger  i  intervallet [1,n  —  L +1].  För att beräkna  40(x10)  
utnyttjas att signalen är rektangulär. Sätt 

Q(i)= lx[k] — y[k —  i]13 (5) 
k=1  

Dä  pulsen  är rektangulär  kan  Q(i) skrivas  om rekursivt enligt  

Q[i  +1]  — Q[i] = ix[i]la — lx[i] — AIP + lx[i +  L]  —  AI  — lx[i + L]r 	(6)  

y[k]  

(3)  
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och genom att införa 

kan  (6)  skrivas som 

d[i] =lx[i]r - lx[i] - Ala  (7) 

Q[i +  1]  = Q[i] + d[i] - d[i +  Li 	 (8)  

Startvärdet  Q[1]  kan beräknas med hjälp av  (5). En  filtersstruktur som använder  
(7)  och  (8)  för att beräkna  (5) visas  i figur  2. 

r 

Q[k - L + 1 

z-1  

blinjär förstärkare,  g(0, 	Signa1anpassat  filter 

-1 + z- 

Figur 2: Filterstruktur  för beräkning av Q[i] ,  se (5). 

Strukturen  består av  en  icke-linjär förstärkare utan minne, följd av ett modifierat 
signalanpassat  filter.  Förstärkningskarakteristiken för  den  icke-linjära förstärkaren  
g(13, A) visas  också i figur  2,  för några olika värden på  ß  och för det  fall  då  A  =  1.  
Utsignalen från filtret blir  (5),  utifrån vilken  man  enkelt kan erhålla poix(Olx), genom  

(3)  och  (4) samt  genom  normeringskravet  på täthetsfunktionen  7)9  (0Ix). Eftersom -  
0  i systemmodellen är ett heltal, görs optimeringen över  Z+. 

3.1  Maximum  a  Posteriori  estimatorn, MAP 

MAP-estimatorn skattar ankomsttiden  av pulsen med det heltalsargument  öreAp  
som  maximerar täthetsfunktionen  (4). (Se van  Trees[1].) Observera att  med den  
givna apriorifördelningen för  0  är detta detsamma  som  att maximera fie(I0)  med  

ayseende  på 0  över  intervallet [1,n  -  L  +  1],  dvs  det  är detsamma  som  maximum  
likelihood  skattningen  av 0  över  det  givna  intervallet.  Att söka  det argument 0 som  
maximerar  (4)  är detsamma  som  att söka  det argument som  minimerar  (5) eller (8),  
dvs utsignalen i fig  2. En  begränsning för MAP-estimatorn är att  den  kräver att  
den  mottagna  pulsamplituden A  är känd.  

3.2 Minimum  Mean Square  Error  estimatorn, MMSE 

MMSE estimatorn skattar ankomsttiden  av pulsen som den  tidpunkt ömmsE  som  
minimerar väntevärdet  av  kvadraten  på  felet i skattningen. I  van  Trees[1]  visas  att 
ömmsE  är medelvärdet  av  aposteriorifördelningen  (4). Man kan visa  att  den  optimala 
heltalsskattningen  av 0  blir  det  avrundade medelvärdet  av (4),  vilket  enkelt  erhålls 
från utsignalen  (5)  i fig  2.  



Arrival time estimation of rectangular pulses in a class of non-gaussian noise 	43 

3.3  Least Squares  estimatorn,  LS 

LS  estimatorn skattar ankomsttiden  av pulsen med det heltalsargument  ÖLS  som  
minimerar  (5), eller  utsignalen i fig  2 då ß  =  2.  Detta är detsamma  som  att 
maximera utsignalen från ett signalanpassat  filter med x som insignal. 

3.4  Moving  Median  estimatorn,  MM  

Utöver  de  estimatorer  som  härletts ovan utifrån olika optimeringskriterier  har den  
glidande medianestimatorn testats.  Den  skattar ankomsttiden  av pulsen med det 
heltalsargument  ökmi  som  maximerar  den  glidande  medianen,  dvs  det argument k 
som  maximerar 

medianfx[k],x[k +  11,  . . . , x[k  L  —  1]}, k  =  1,2, 	,n  —  L 	1  

I många andra sammanhang är  medianen en robust  estimator,  varför  den  utvärderas 
för  den  klass  av brus som  här behandlas.  

4  Simuleringar 
Simuleringar  har  genomförts för att jämföra estimatorerna, dels med Laplacefördelat 
brus och dels med normalfördelat brus. I simuleringarna  har  följande värden använts: 
n =  200, L  =  20,0  =  91, A  = 1,E(n[k]) =  0  och V(n[k]) =  4.  Detta ger ett 
SNR =  -6 dB.  I figur  3 visas histogram  över hur skattningarna b fördelade sig på 
olika värden för  de  olika estimatorerna, då dessa är optimerade för Laplacefördelat 
brus, dvs för =  1  i  (1).  Dessa  histogram  kan ses som  en  skattning av väntevärdet 
av  (4) m a  p x, givet att  0  =  91.  Histogrammen visar att MAP  har den  smalaste 

MAP MMSE  LS MM  

Figur 3: Histogram  över skattningen  av 0 med de  olika estimatorerna  dä  bruset  är 
Laplacefördelat.  (Den  lodriita skalan är  0.05 per  streck).  

fördelningen, medan MMSE  har den  bredaste fördelningen. MMSE  ger  däremot  en  
mycket  låg  sannolikhet för mycket stora fel i skattningen  av  ankomsttiden. Detta 
framgår också  av  tabell  1, som  jämför prestanda mellan  de  olika estimatorerna.  De  
estimatorer  som  använts  vid  framtagandet  av  tabell  1  är optimerade för Laplaceförde-
lat  bras.  Dock  gäller att minsta  kvadrat  estimatorn  (LS)  blir  identisk med  maximum 
aposteriori estimatorn (MAP) för normalfördelat  brus. De  utvärderingskriterier  som  
används i tabell  1  är 
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Kl:  en  skattning av roten ur väntevärdet av skattningsfelet i kvadrat, då  0  =  91  

K2:  en  skattning av sannolikheten för  en  helt  korrekt  skattning av  0,  då  0  =  91. 

Kriterium Brus  MAP MMSE LS MM  
Kl  Laplace 23(1.4) 16(1.0) 32(2.0) 26(1.6) 

Gaussian 35(1.5) 24(1.0) 32(1.3) 36(1.5) 
K2 Laplace 0.22 (1.00) 0.09 (0.41) 0.16 (0.73) 0.15 (0.68) 

Gaussian 0.10 (0.67) 0.04 (0.25) 0.15 (1.00) 0.08 (0.50)  

Tabell  1:  Jämförelse mellan  de  olika estimatorenas prestanda  dä  de  är optimerade 
för Laplacefördelat  brus.  Värdena inom  parentes anger kvoten med  utfallet för  den  
optimala estimatorn.  

5 Slutsatser 

Det har  visats att MAP-skattningen  av  ankomsttiden för  en  rektangulär  puls enkelt 
kan  erhållas  med  hjälp  av en  olinjär förstärkning åtföljd  av en  linjär  filtrering, då  
täthetsfunktionen för  bruset kan  skrivas  på formen  f x(x) =  k1  • exp(—k2  • lx1P),  se  
fig  2.  För  ß  <  2 sker en  dämpning  av  stora störningar,  se  fig  2,  varför MAP för 

<  2  är  en  robustare  estimator  än  LS  (MAP för  ß  =  2).  Detta framgår också  av  
simuleringsresultaten,  enligt  vilka MAP  har  bra egenskaper. Simuleringarna visar 
vidare att  MM  är robustare än  LS.  Dessutom framgår  av  simuleringarna, att MMSE-
estimatorn  har en låg  och  bred  fördelning  1)0  (01x).  , 	_  
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Abstract 

The present report deals with parameter estimation in non-gaussian 
noise. Because the noise is non-gaussian, the ordinary matched fil-
ter is not appropriate since it is not utilizing the statistical prop-
erties of the noise, as it does in the case of gaussian noise. In this 
report the estimation procedure is described as a two-step process. 
The first step is a pre-processor which takes into account the differ-
ent shapes of the parameter controlled signal and the distribution 
of the noise. It is shown that this pre-processor will be based on a 
generalized form of the ordinary matched filters, where the multi-
pliers in the ordinary matched filters are replaced by non-linearities. 
When the noise is gaussian the pre-processor is based on ordinary 
matched filters. The output from the pre-processor contains suffi-
cient information for calculating the a posteriori distribution of the 
parameter provided that the a priori distribution of the parameter 
is known. This makes it possible in the second step of the estima-
tion procedure to make MAP-, MMSE- and  ML-estimates of the 
parameter. 
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1 Introduction 

1.1 Background 

There are many real problems where the task is to estimate a parameter in an 
observed signal[15]. Examples of such problems are those of estimating the numerical 
value of a parameter (e.g. arrival time estimation) or to choose one hypothesis out of 
several hypotheses (e.g. detection of a signal). In many cases these problems can be 
dealt with by using the signal model r(k) = s(k, 0) v(k), where 7-0 is the observed 
signal, s(-,0) is a signal controlled by the parameter vector 0, v(•) is independent 
noise,  k  is a 'time' and 0 is an unknown parameter vector which is to be estimated 
from the observed signal r(.). 

There are a number of studies about how to estimate 0 in an optimal way accord-
ing to given optimization criteria assuming the signal model given above. Usually in 
these works it is assumed that the noise is gaussian distributed[2, 10, 15, 17]. There 
are at least two reasons why this assumption is so common. One reason is that the 
noise in many real applications is at least approximately gaussian distributed ac-
cording to the central limit theorem[13, 14], and another reason is that the gaussian 
assumption is analytically tractable. But situations also exist where the statistical 
distribution of the noise in the above model is non-gaussian[1, 5, 9, 11]. Johnson and 
Rao[5] state that "Gaussian processes would seem to be imprecise representations 
of physical measurements." The authors claim that this is due to the fact that the 
entropy always increases when something is measured implying that measurement 
noise can never be gaussian distributed. During the last few years the problem of 
parameter estimation in non-gaussian noise has been an active field of research, and 
many results have been published[3, 4, 6, 7, 8, 12, 16]. 

When the noise is gaussian, the optimal estimates of 0 according to many differ-
ent criteria can be derived from the outputs from ordinary matched filters[15] when 
r(.) is the input to the filters'. That is because when the noise is gaussian, the 
outputs from the ordinary matched filters contains sufficient information to make 
it possible to calculate the a posteriori distribution for 0, given the observed signal 
signal 7(.) and a known a priori distribution for 0. When the noise is non-gaussian, 
this information is not contained in the outputs from ordinary matched filters. But 
it has been shown that according to the above for s(., 0) being a rectangular pulse 
and for some different distributions of the noise, sufficient information for estimating 
o can be obtained from the output from a modified form of the ordinary matched 
filter. Gustaysson has discussed the case with independent, identically distributed 
Laplace distributed noise[3] and the authors have discussed the case with indepen-
dent, identically distributed generalized gaussian distributed noise[4]. In both cases 
it is assumed that 0 is a time of arrival. The modified form of the ordinary matched 
filter mentioned above will in both cases consist of an ordinary matched filter whose 
input is pre-processed by a non-linearity. 

Since Gustavsson[3] and the authors[4] have assumed that the signal s(., 0) is a 

'To be more specific, the outputs from filters matched to s(•,O) for all possible values of 0 are 
needed. 
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rectangular pulse, all the multipliers of the corresponding ordinary matched filter 
will have the same value. Consequently the pre-processing by the non-linearity 
can be included in the ordinary matched filter and substituted for the multipliers. 
Therefore the modified form of the ordinary matched filter can be seen as an ordinary 
matched filter, where the multipliers have been replaced by non-linearities. 

1.2 The present report 

In this report it is shown that the structure just described holds for a more general 
estimation problem with an arbitrary pulse shape and an arbitrary noise distribu-
tion. To be more specific, the purpose of this report is to show that it is always 
possible to obtain the a posteriori distribution of 0 from the outputs from a gen-
eralized form of the ordinary matched filters, given the observed signal r(.) and a 
known a priori distribution for 0. The generalization is not in the filter structure 
which remains unchanged. It is in the multipliers in the ordinary matched filter be-
ing replaced by non-linearities. This result is valid for a known arbitrary signal shape 
and for a known arbitrary density function for the noise, assuming that the noise is 
independent, identically distributed[14] and that the signal s(., 0) is independent of 
the noise. 

2 Description of a generalized matched filter 

2.1 The signal model 

In this report parameter estimation is treated for the class of problems, where the 
observed signal r(.) can be modeled as (see figure 1) 

r(k) = s(k, 0) -I- v(k),  k E  I. 	 (1) 

In the model s(., 0) is a signal depending on the unknown parameter vector 0, v(.) is 
independent, identically distributed noise[14] with a known density function f v(-),  

k  is a 'time' variable and I the observation interval. The signal s(k,0) =- 0 outside 
the interval m(0) <  k  < m(0) -1- n(0), s(k, 0) = 0,  k e  I and 0 is independent of the 
noise v(.). The parameter 0 is either a random or a non-random vector. Further 
let  ö  denote an estimate of the unknown parameter 0. There are applications where 

Estimator —.- 
s( , 0) 

Modulator 
	

Channel 

  

 

	-  

 

  

Figure : The signal model and the estimator. The observed signal r(.) is the input 
to an estimator, which makes an estimate ij of 0. 

this model can be used for instance in radar technology, where the parameter vec-
tor 0 controls both signal shape and the arrival time of the signal[15]. The model 
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can also be used in modeling communication systems where 0 is the transferred 
information[15] or for modeling signals in medical applications e.g. electrocardio-
grams where the parameter vector 0 can be defined so that detection and estimation 
can be treated simultaneously[2]. 

2.2 A generalized matched filter 

A rather general structure of a filter for estimating 0 is shown in figure 2. This filter is 
built up of two parts. The first part, the pre-processor, processes the observed signal 
r(-) and gives as outputs L(0), for all possible values of 0. These outputs contain 
sufficient information to calculate the a posteriori distribution of 0, provided that 
the a priori distribution of 0 is known. The second part, the estimator, uses this 
information about 0, to make an estimation of 0 according to a given criterion. This 
filter structure can be used to estimate 0 according to e.g. the Maximum Likelihood-, 
the Maximum A Posteriori- or the Minimum Mean Square Error criteria. 

L(1)  

L(2)  
r(.) 

Pre-processor L(3)  Estimator  ö  

Figure 2: A general block-structure of a two-step process for estimating 0. The 
output from the pre-processor is L(0) for all possible values of 0. 

The filter structure of the pre-processor which can be used for estimating 0 is derived 
in appendix A and a part of the structure is shown in figure 3. This structure is 
repeated in the pre-processor for all possible values of 0, to give the output L(0),  VO  
from the pre-processor. In the rest of this section one arbitrary generalized matched 
filter in the pre-processor is treated. The output L(0) from the filter is a function of 
the received signal r(.), the signal s(.) and the density function of the noise, fv(-). 
The dependence of s(.) and fv(.) is in the non-linear function l(.). However, the 
structure of the filter is independent of both the signal s(.) and the density function 
of the noise. Observe that the summation is carried out only over the interval where 
se , 0) 0, and not over the whole observation interval I (see equation (A.5)). 
The filter structure in figure 3 is very similar to the structure of an ordinary matched 
filter'. The only difference lies in the function l(.). In the ordinary matched filter the 

'Normally the 'matched filter' to a signal is defined as any filter structure with an impulse 
response  h  equal to the signal reversed in time. In this report the term 'ordinary matched filter' 
means a filter structure with an impulse response equal to  h  or equal to  h  minus half the signal 
energy. 
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Figure 3: A filter structure for the generalized matched filter. Observe that the length  
n  of the filter is a function of 0,  n  = n(0). 

/(bk  (0), .) is a linear function, but in the filter in figure 3 the /(bk (0), •) is a non-linear 
function defined by (see equation (A.10) and (A.11)) 

{ f v(x — b)1 

f v(x) I 

bk(0) = sern(0) +n(0) — k, 0), k= 0 , 	, n(0) 

A block structure for a circuit for calculating l(.) is shown in appendix A, figure A.I. 

2.3 Comparison between the generalized and the ordinary 
matched filter 

To emphasize the similarity between the generalized matched filter and the ordinary 
matched filter it will now be shown how for gaussian noise, the filter in figure 3 will 
be transformed into an ordinary matched filter (see appendix  B  for details). To 
show this, the filter structure shown in figure 4 is used. The input-output relation 
of this filter is equal to the input-output relation of the filter shown in figure 3, if 
the function g(b,  x)  is defined by (see equation (B.1)). 

g(b,  x)  = 1(b,  x  + b/2) ln 
f v(x —  b  /2)  1 

(4) 
f v(x +  b/  2) f 

The characteristics for g(b,.) are shown in figure 5 for some values of 0, when the 
noise distribution function can be written on the form 

-02 ITIß  f v(x) = e (5) 

The constant ß depends on the distribution of the noise, the constant a2  depends 
on the energy in the noise and al  is a normalization constant. The plots in figure 5 
are all scaled by choosing the appropriate energy to make them pass through the 
coordinates (-0.5,-0.5) and (0.5,0.5), because this makes it easier to compare the 
characteristics of the function  g(.)  for different values of O. The figure is drawn for  
b  = 1, but other values of  b  would only cause a scaling of the axis in the plots. 
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Figure 4: An alternative filter structure for the generalized matched filter. Observe 
that the length  n  of the filter is a function of 0,  n  = n(0). 

Figure 5: Examples of the non-linearities, g(1,.) when the noise distribution is gen-
eralised gaussian, that is, fy(x) =  i  • exp{—er2  • 1x113}. Note that for gaussian noise 

=- 2) the non-linearity for the generalized matched filter is identical with the 
multipliers in the ordinary matched filter. 

As shown in equation (B.4), g(b,.) becomes linear when the noise is gaussian with 
zero mean and unit variance. This can also be seen in figure 5. The filter structure 
in figure 4 will then be the one which is shown in figure 6 and 7. The only difference 
between these last two figures is that in figure 7 half the signal energy is subtracted 
at the end of the filter, instead of inside the filter as it is in figure 6. Both these 
figures show different structures of an ordinary matched filter. 
To summarize the discussion above, compare the generalized matched filter in fig-
ure 4 and the ordinary matched filter in figure 6. The two filters have the same 
structure. The only difference between the filters is that each multiplication by bk (0) 
in the ordinary matched filter, in the generalized matched filter is replaced by the 
non-linear function g(bk (0),•). The non-linear function  g(.)  is given in equation (4). 
Since the non-linear function g(bk(0),.) is a function of bk (0), it also depends on the 
signal s(-, 0) (see equation (3)). Besides the input signal, g(bk (0), .) also depends on 
the distribution of the noise, and becomes linear when the noise is gaussian with zero 
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Figure 6: An alternative filter structure for the generalized matched filter when the 
noise is gaussian with zero mean and unit variance. The filter shown here is an 
ordinary matched filter. Observe that the length  n  of the filter is a function of 0,  
n  = n(0). 

Figure 7: The alternative filter structure for the generalized matched filter when the 
noise is gaussian with zero mean and unit variance. This filter is also an ordinary 
matched filter. Note that half the signal energy is subtracted before the output is 
obtained and that the length  n  of the filter is a function of 0,  n  = n(0). 

mean (see equation (B.3)). An example of a class of non-linear functions g(bk(0), •) 
is shown in figure 5 for generalized gaussian distributed noise. 

3 Conclusions 

It has been shown that there exist a generalized form of the ordinary matched filter, 
which deals with an arbitrary noise distribution. While the ordinary matched filters 
can be used for estimating a parameter according to the Maximum Likelihood, 
Maximum a Posteriori- or Minimum Mean Square Error criteria only when the 
noise is gaussian, the generalized matched filters can cope with an arbitrary noise 
distribution. In order to emphasize the similarity between the generalized matched 
filter and the ordinary matched filter it has been shown how for gaussian noise, the 
generalized matched filter will be transformed into an ordinary matched filter. 

The structure of the generalized matched filter is independent of both the signal 
shape and the distribution of the noise and is identical with the structure of the 
ordinary matched filter. However, the multipliers in the ordinary matched filter 
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are replaced by non-linearities in the generalized matched filter. The characteristics 
of the non-linearities depend on both the signal shape used and the distribution 
function of the noise. 

A 	Derivation of a generalized matched filter 

For the signal model given in section 2.1, the probability to observe r(k),  k E  I for 
a given value of 0 is 

P(r(k)10) = f v(r(k) — s(k 0)) 
	

(A.1) 

Set L1  (0) to the probability for observing the set {r(k),  k E  I} for a given value of 
0. Due to the fact that the noise is independent, identically distributed, L1(0) can 
be calculated by 

L1(0) 	fl  P(r(k)I0) = fl f v(r(k)— s(k,0)) 
vk:kei 	 vk:kEt 

Equation (A.2) can be written 

L1(8) = fl exp{q(r(k) — s(k,0))} exp 	E  q(r(k) — s(k,0))} 	(A.3) 
vk:kEi 	 vk:kei 

where 
q(x) = In(fv(x)) 	 (A.4) 

Denote the exponent in equation (A.3) by L2(0). L2(0) can be expressed as 

L2(0) =  E  q(r(k) — s(k,0)) 

= 	E  {q(r(k)— s(k,0)) — q(r(k))} +  E  q(r(k)) 
vic:k€1 	 Nik:k€1  

E  {q(r(k)— s(k,0)) — q(r(k))} +  C  

= 	E 	{q(r(k) — s(k,0)) — q(r(k))} +  C  
vic..(k,owo 

where  
c= E  q(r(k)) 	 (A.6) 

vkdcE/ 
Observe that  C  is independent of 0. Note the shortening of the summation interval 
between equation (A.3) and equation (A.5). In Equation (A.3) the summation 
is done over the whole observation interval, but in Equation (A.5) the summation 
interval is reduced to the part of the observation interval where the signal s(•, 0) is 
not equal to zero. With L(0) defined by 

L(0) = 	E  {q(r(k) — s(k , 0)) —q(r(k))} 	 (A.7) 
vk:s(k,owo 

(A.2) 

(A.5)  
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Li  (0) can be calculated by using 

Li  (0) _, eL2(9) = eL(0)+C 

By using s(k , 0) = 0,  k e  [m(0),m(0) + n(9)] equation (A.7) can be written 

m(0)4-n(0) 

	

L(0) = 	E  fq(r(k) — s(k, 0)) — q(r(k))} 
k=m(0) 

n(0) 

	

. 	E  {q(r(m(0) -F  k)  — s(m(0) -I-  k  , 0)) — q(r(rn(0) -I-  k))}  

(A.8)  

k=0 

n(0)  
= 	E  fq(r (m(0) -F n(0) —  k)  — s(m(0) -I- n(0) —  k,  0)) —  

k=o  

— q(r(rn(0) -I- n(0) — k))1 

By defining 1(b,  x)  as 

1(b,  x)  = q(x —  b)  — q(x) = ln { 	
I 

b)1  
f r(x)  

and bk(0) as 
bk(0) = s(rn(0) +n(0) —  k  , 0),  k  = 0,... , n(0) 

equation (A.9) can be written 

n(0) 

L(0) = E 1(bk(0),r(m(0) -F n(0) — k)) 
k=o 

(A.9)  

A filter structure based on equation (A.12) for calculating L(0) is shown in figure 3. 
To calculate the non-linear function 1(b,  x)  in figure 3 a circuit with the block struc-
ture shown in figure A.1 can be used. In order to achive the output L(0),V0 the 
pre-processor in figure 2 is based on parallel filters according to equation (A.12) for 
all possible values of 0, that is each filter is matched to one possible signal alternative 
s(., 0).  

B 	The generalized matched filter when the 
noise is gaussian 

To show how for gaussian noise the generalized matched filter in figure 3 will be 
transformed into an ordinary matched filter, rewrite equation (A.12) using a new 
non-linear function g(b,  x),  defined by (see equation A.10)) 

g(b, x) = 1(b, x + b12) = q(x — b 12) — q(x + b /2) 	(B.1) 
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x 1(b,x)  

q(.) 

Figure A.1: The block structure of a circuit for calculating the non-linear function 
1(b,  x).  

L(0) is then given by (see equation (A.9)) 

n(9) 

L(0) = El(bk(0),r(m(0)+ n(0) — k)) 
k=0 

(B.2) 
n(0) 

= E g(bk (0),r(m(0)+ n(0)— k) — bk(0)/2) 
k=0 

A filter structure based on the non-linear function  g()  for calculating L(0) is shown 
in figure 4 The input-output relation for the filter in figure 4 is identical to the 
input-output relation for the filter in figure 3. 

Now assume that the noise is gaussian with zero mean and unit variance. The 
non-linear functions g(b,-) will then become linear 

g(b,  x)  =  b  •  x 	 (B.3) 

This is a result of (see equation (A.4) and equation (B.1)) 

g(b, x) = q(x — b/2) — q(x + b/2) 

= ln 	
 

f v(x + b 2) f 
(B.4) 

1 
= —

2 
{—(x — b/2)2  (x b/2)2} 

b • x  

The output L(0) from the generalized matched filter with this noise will be given by 

n(0) 

L(0) = Elr(m(o) + n(0) —  k)  — bk (0)12} • bk (0) 	(B.5) 
k=0 

or by 
n(0) 

L(0) = Elbk (o) • r(m(0) -1- n(0)—  k)  — b12,(0)/2} 	(B.6) 
k=0 

q(.) 



A Generalized Matched Filter 	 61 

The structure of a filter based on equation (B.5) is shown in figure 6. Since the 
functions g(b,•) have become linear, the summation of all bi(0)/2 can be done at 
the end of the filter instead of inside the filter (see equation (B.6) and figure 7). 
Figure 6 and figure 7 show different structures of the ordinary matched filter. 
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Abstract 

The possibility to design a computer-based monitoring system for 
robotic pulsed GMA welding of aluminium has been investigated. 
Electrical signals from the welding process have been measured, e.g. 
arc voltage and welding current together with a laser detector for 
drop detachment verification. The signals have been processed by 
different signal processing techniques including pulse-shape analysis 
and spectral analysis. The results of the analyses show that it is 
possible to detect defects in the welds and there are indications that 
the different types of defects can be classified. The work has also 
shown that it is possible to build an on-line monitoring system for 
robotic GMA welding. 
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1 Introduction 

Gas metal arc welding is widely used for welding aluminium and its alloys. How-
ever, due to the fact that the welding process itself is difficult to control, not many 
robotized applications have been established. First of all this can be related to the 
problems associated with the task of welding aluminium with short arc welding, 
which in turn limits the range of plate thicknesses to those above 3 mm. 

Over the years improvements have been made, introducing fixed pulsed power 
sources giving the opportunity to weld thinner sections, but the problem remained. 
The process was still too unstable to be possible to use in an automated environment. 
Later synergic power sources which had the ability to keep a controlled spray arc 
at low mean currents were introduced. These new power sources had the ability to 
keep a controlled spatter-free arc at a wide range of currents and was ideally suited 
for robotic welding. 

But even though the process has been much more stable when welding with these 
new power sources, there are still great difficulties in detecting and correcting weld 
errors during the weld pass. In the case of welding steel a great deal of research 
has been done in trying to monitor the weld quality, but in the case of aluminium 
hardly anything has been done. 

To deal with the problems of welding aluminium, some research is presented here 
in the area of detecting weld-quality defects in pulsed arc welding. The goal has 
been to build a system for sampling some weld signals and then identify weld errors 
by analyzing the measured signals by signal processing methods. 

2 Experimental Equipment 

2.1 Welding set-up 

For the experiments a commercial welding equipment consisting of a robot,  ABB  
IRb 2000 AW, and a transistorized welding power source,  ESAB  LAK  500  R,  have 
been used, The welding power source has the ability to weld with synergic pulsed 
spray transfer[11 which has been used in the experiments. The welded tests have 
been made on aluminium plates,  SIS  41401, and the electrode filler material has been  
ESAB  OK 18.15. All the runs have been made with the bead-on-plate method. 

2.2 Data acquisition system 

For the data acquisition a PC-based system was built, which is not the ultimate 
solution, but has proved satisfactory so far. The system, see figure 1, is built around 
an IBM PS/2 model 60. The computer is equipped with an analog-digital I/0-
board connected to different sensors to be able to measure the arc voltage, the 
welding current and to coordinate the data acquisition with the motion of the robot. 

'ISO eqv. A1Mg4.5 
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LAK 500  

Welding 
process  

Robot 

Macintosh and MatLab 
for 

analysis and presentation 

Figure 1: Block scheme of the data-acquisition system connected to the robot and 
the welding power source 

Measurements have also been made using laser technique to find the correlation 
between the drop detachment and the weld signals. 

Opinions vary concerning the sample rate that is necessary to sufficiently measure 
the weld signals. According to Rehfeldt[3] the minimum sample rate for short-arc 
welding is about 1 MHz but due to the more stable welding that occurs in the pulsed 
arc we have found 20 kHz to be satisfactory for our purpose. 

3 The signals measured 

Examples of data collected from an acceptable weld are shown in figure 2. In the 
left figure the continuous line shows the arc voltage and in the right figure the weld 
current. In both figures the dotted line shows the result of the drop detection. A 
low level on the curve indicates that a laser beam is broken. Normally that is the 
result of material being transferred from the electrode wire to the weld pool. 

In the ideal case this signal is perfectly cyclostationary, where every period of 
the signal consists of one part with high current and one part with low current. 
Let one period of the signal be denoted a pulse. It is easy to see that the weld 
voltage is more fluctuating than the weld current and this is easy to understand 
since the system is inductive. A consequence of this is that the arc voltage will 
contain more information than the weld current. The arc voltage will also be much 
more sensitive to disturbances than the weld current. By comparing the arc voltage 
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Figure 2: Examples of the signals measured. Left diagram: arc voltage and drop 
detection. Right diagram: weld current and drop detection. 

and the signal from the drop detection it is possible to see that for every pulse, 
one droplet of material is transferred from the electrode wire to the weld pool. It 
ought to be like that for an adequate pulse, compared to an inadequate pulse, during 
which several droplets can be transferred from the electrode wire to the weld pool[5]. 
When this happens it is normal for the arc voltage to assume its maximum value. 
For an acceptable weld this can be expected to happen at the end of the high current  
p  erio  d  [2] . 

4 Analysis of signals measured 

The analysis of the signals can be made in many different ways. Which method to 
use depends mainly on the goal of the analysis. In this study the aim is to develop 
methods for monitoring the quality of the weld, and investigate the possibility to 
improve the control of the welding process. The signals measured can be seen as a 
cyclostationary process, and there are two main features on which the analysis has 
been based. They are 

• the absolute shape of the signal during one pulse. Here the deviations from 
an ideal pulse are analysed. 

• the variations of the signal between different pulses. This analysis builds on 
the assumption that a defect weld is less stable than an acceptable weld, and 
therefore shows more variations between different pulses. 

Different methods to analyse the pulse can be based either on the shape of the 
pulse, on the relations between arc voltage and weld current or on the frequency 
content in the signal. 
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4.1 	Analysis of the pulse shape 

This method is based on the assumption that for an acceptable weld with given 
welding parameters the pulse shape will always be the same. This gives the oppor-
tunity to study the residuals between an assumed adequate pulse and a given pulse 
extracted from the signal measured. This analysis has been based on measurements 
of the arc voltage for several different welds of different quality. Some of the accept-
able welds are used to teach the system what an adequate pulse should look like. 
The arc voltage is low-pass filtered with a cut-off frequency of 9 kHz before it is 
sampled with 20 kHz during approximately 4 s. The welding speed is 15 mm/s and 
the weld is made on a plate of aluminium. With the given welding parameters the 
pulse length is 150 samples. 

The method to calculate the quality of the weld is based on the assumption 
that an adequate pulse can be approximated as a weighted sum of a few suitably 
chosen base functions. To choose the base functions the following method has been 
used: Assume that the  n  pulses u„i = 1,  ,n  are examples of adequate pulses 
measured from an acceptable weld. Put the pulses into a matrix U, where the us 
are the column vectors. By using singular value decomposition, this matrix U can 
be written as U = QIEQT, where the columns of Qi  are the eigenvectors of UUT, 
the columns of Q2 are the eigenvectors of UTU, and where the diagonal elements 
of  E  are the square roots of the non-zero eigenvalues, in decreasing order, of both 
UUT  and UTU[4]. The matrices Qi  and Q2 are both orthonormal. Now choose 
the columns of Qi  as an orthonormal set {(p1}.7=, of base functions. It is clear that 
all the columns u, of U can be expressed as  

n  

(1) 

3.1 

Since all the us were chosen as adequate pulses, the coefficient c1  is much larger 
than the rest of the c,s. In this test the number of adequate base functions,  n,  has 
been set to 25 and the ratio between c1  and c2  is about 60 to 70. This is because the 
fact that the pulses in the columns of U can be fairly well approximated by using 
only the first term in the sum (1). Example of the base functions col , 	, co, are 
shown in figure 3. 

4P1 	 V'2 	 403 	 504 

Figure 3: This diagram shows the first four base functions which have been used 
in the example. Observe that the amplitude is scaled so that the energy for a base 
function is 1. 

In figure 3 the base function co, can be looked upon as the "basic shape" of the 
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pulse for an acceptable weld. The functions {rp3}7;_2  are then added to tp, to make 
the weighted sum fit a given pulse as well as possible. The main variation between 
adequate pulses takes place at the moment when the droplet leaves the electrode 
wire, normally at the end of the high-current period. An adaptation of the sum to 
this variation can be made by using only (p2  and go3. This is due to the fact that 
for an acceptable weld the variation in time should be inside the interval where the 
peaks in w2  and w3  are located. 

The above given set of functions, {(o};` 	is then used to analyse a given arc 
voltage signal from the welding process. Extract from the signal a sequence of pulses,  
p„  i  = 1,. . . , m. A given pulse  p,  can be written as 

3 
(2)  

where es  represents the residuals between the given pulse and the approximated 
pulse by the sum in (2). Observe that only three base functions have been used. 
The  c„,  are chosen according to the least squares criterion, which means that they 
are chosen to minimize the length of the residuals  e,.  That is, the c„s are given by 

3 

min (Pi — Ec1i9eJ)2  cii E R Cii 

The residuals  e,  contain information about how large the deviation is between the 
analysed pulse and an assumed adequate pulse. lithe pulse shape is close to the 
shape of an adequate pulse this deviation should be small, otherwise it should be 
large. This implies that the residuals can be used as a measure of the status of the 
welding process, and as an indicator of the quality of the weld. Since the welding 
process it rather slow, it is not the status of single pulses that decides the quality of 
the weld. More important is the status of a sequence of pulses. That means that one 
can allow a few inadequate pulses if the surrounding pulses are adequate. Therefore 
a new sequence of values based on the residuals  ei  can be formed, which is not so 
sensitive for the shape of single pulses. 

One way of doing this is to first form a sequence yt ,  i  = 1, . . .  ,n,  where ys  is the 
mean energy per component in the residuals  ei.  Since the length of the vectors used 
are 150 elements, the yis will be given by 

1 	T  
= —150 et es 	 (4) 

Let then this sequence of yi  pass through a moving median filter of length 13, and 
call the output sequence xi. Then xi  is given by xi = median(ys-s, • • • , Yi, • • • ,  
i  = 7, ... , in — 6. This filter allows in principle 6 inadequate pulses in a sequence of 
13 pulses without indicating any defects in the weld. That corresponds to a time of 
less than 0.05 seconds, which is an acceptable time for the welding process, because 
a disturbance of less than 0.05 seconds should not cause any real defect on the weld. 
The reason to choose a median filter instead of a filter which gives the mean value as 

(3)  
j=1 
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output is that a median filter is more robust against extreme values, and is therefore 
not so sensitive for single pulses. The outputs, xt , can be seen as a measure of the 
residual effects after they have passed through a low-pass filter. Some results of this 
method on real signals are shown in figure 4. 
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Figure 4: This diagram shows an example of the analysis of real welds. To the left 
is the arc voltage and to the right the filtered residual effect. 

The first part of the signal (0 - 0.9 s) is an example of an acceptable weld, the 
second part (1 - 3.4 s) is an example of a weld where there have been disturbances 
to the wire feeding, and the third part (3.5 - 5.5 s) is an example of a weld which 
has been disturbed by a wire crossing the weld pool. All the peaks above 30 units 
on the plot of the xis, are coupled to a defect which can be seen on the weld pool. 
The defects in part two are much more severe than the defects in part three, which 
also can be seen on the plot of the xis. By setting an alarm level on the xis it is now 
possible to construct an on-line quality-monitoring system for the welding process. 

4.2 Voltage-current-time diagrams 
If we plot momentary samples of arc voltage and welding current over some weld 
periods, we will get a voltage-current time diagram (well known from fundamental 
electronics as a Lissajou's figure). For a good quality weld the different weld periods 
follow an ideal curve with very small deviation. This ideal curve is dependent on 
welding parameters, welding power source type, length of cables between welding 
power source and welding gun etc. The ideal curve is constructed by measuring volt-
age and current under normal conditions with welding parameters and environment 
chosen to produce a good weld quality. The points which span the curve are calcu-
lated as mean values from several weld periods of a good quality weld. If something 
in the welding process goes wrong, we will get a deviation from this ideal curve. 
Since the welding process is relatively slow, a deviation from the ideal curve during 
a few samples is no danger but, if the deviation from the ideal curve lasts over sev-
eral welding periods, we will get a defect in the welding joint. Figure 5 below shows 
some examples of the connection between the arc voltage and the welding current. 
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a b  C  

Figure 5: Lissajou's figures of arc voltage and welding current. The figures show: a. 
Measured and computed ideal curve.  b.  A weld joint with a minor defect.  c.  A weld 
joint with a serious defect. 

4.3 Spectral analysis 

Spectral density of welded signals 

Figure 6 shows an example of the welding voltage for the type 'acceptable' and 
'defect' weld, where the welding signal can be described as a cyclostationary process. 
To get some apprehension how spectral density varies with time a three dimensional 
'waterfall' diagram was used, see figure 7. 

In the figure the z-axis corresponds to the amplitude of the spectrum and the 
x-axis corresponds to frequencies up to 16.67 kHz. The third axis represents the 
time. Each individual spectrum was based on 256 samples ( 7.6 ms ) of the weld-
ing voltage with 50 % overlap between each data record, low-pass filtered with a 
cut-off frequency at 1.6 kHz, multiplied by a Blackman window and then fourier 
transformed. 
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Figure 6: Welding voltage for an acceptable weld and for a defect weld, the sample 
frequency is 33.33 kHz 

Figure 7 shows that 'unacceptable' welds contain more energy in the upper range 
of the frequency band than an 'acceptable' weld. This suggests that a classification 
method based on differences in spectral properties is possible. 

One simple method could be to high-pass filter the signal with appropriate cut-off 
frequency and then calculate the mean value and energy in each weld period to detect 
defect welds. However with this method it is not possible to classify different types 



Quality Monitoring and Control for Robotic Welding of Aluminium 	 75 

Figure 7: The figure presents three-dimensional diagrams of the spectral density of 
the welding voltage. The left diagram shows an acceptable weld and the right diagram 
a defect weld. 

of inadequate pulses. Consequently, we have to use more complex methods such 
as parametric models of  autoregressive  type for estimating the spectrum in order 
to make a correct classification between adequate and different types of inadequate 
welding pulses. 

5 Conclusions 

In this project a data acquisition system has been built in order to collect signals from 
a robotic welding process. The system is based on a PC equipped with an  analog-
digital  I/O-board  connected to different sensors, which measure the arc voltage and 
the weld current. The signals measured are analysed using different methods based 
on the shape of the signal or on the frequency content in the signal. It has been shown 
that it is possible to detect defects in the weld using this  metods,  and especially the 
analysis of the signal shape has proved useful. That method is based on a model 
of the ideal signal shape for a good weld, and investigates the deviations from this 
signal shape. There are also indications that it is possible to classify different types 
of weld defects, and also to go further and use the information to try to control the 
welding process, for the purpose of avoiding defect welds. 

Bibliography 

[1] M. Amin. Synergic pulse  MIG  welding. .Metal Construction, 13(6), 1981. 

[2] F. Matsuda, M. Ushio,  Y.  Tanaka, and  K.  Itonaga. One-drop transfer and process 
parameter. Transactions of JWRI, 13(2), 1983. 

[3] D.  Rehfeldth. Microcomputer-based instrumentation for analysing and mon-
itoring arc welding processes. In  Proc  of Third International Conference on 
Computer Technology in Welding. The Welding Institute, 1990. 



76 	 Quality Monitoring and Control for Robotic Welding of Aluminium 

[4] G.  Strang. Linear algebra and its applications. Harcourt Brace Jovanovich Inc, 
USA, third edition, 1988. 

[5] E.M. Trinidade and C.J. Allum. Characteristics in steady and pulsed current 
GMAW. Welding and Metal Fabrication, 52(7), 1984. 



Part V 

Quality Monitoring and Control 
for Pulsed Arc Welding of 

Aluminium 



Quality Monitoring and Control for Pulsed 
Arc Welding of Aluminium  

Björn Ågren 
Jan-Olof Gustaysson  

Stefan  Adolfsson  

November 1991 



80 	Quality Monitoring and Control for Pulsed Arc Welding of Aluminium 

This part is a revised version of a conference paper. Alterations have been made only in the sense 
that the language has been improved and some notations have been changed to make the thesis 
uniform. 
The original paper has been published as  
B.  Ågren,  J-0. Gustaysson and S.  Adolfsson.  Quality monitoring and control for pulsed arc welding 
of aluminium. In Proceedings of Eurojoin I, Strasbourg, France, November 1991.  

Björn  Ågren:  Lund University, Department of Production and Materials Engineering, 221 00 Lund, 
Sweden.  
Jan-Olof  Gustaysson: University College of Karlskrona/Ronneby, Department of Signal Processing, 
372 25  Ronneby,  Sweden and  Luleå  Unversity of Technology, Division of Signal Processing, 951 87  
Luleå,  Sweden. 
Stefan  Adolfsson:  University College of Karlskrona/Ronneby, Department of Signal Processing, 
372 25  Ronneby,  Sweden and  Luleå  Unversity of Technology, Division of Signal Processing, 951 87  
Luleå,  Sweden. 



Quality Monitoring and Control for Pulsed Arc Welding of Aluminium 	81  

Abstract 

The possibility to design a computer based monitoring system for 
robotic pulsed  OMA  welding of aluminium has been investigated. 
Electrical signals from the welding process have been measured, e.g. 
arc voltage and welding current together with a laser detector for 
drop detachment verification. The signals have been processed by 
different signal processing techniques, especially pulse-shape anal-
ysis and spectral analysis. The results from the analysis indicate 
that it is possible to detect defects in the welds. The work also 
indicates that it might be possible to build an on-line monitoring 
system for robotic  OMA  welding. 
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1 Introduction 

Gas metal arc welding is widely used for welding aluminium and its alloys[1]. How-
ever, due to the fact that the welding process itself is difficult to control, not many 
robotized applications have been established. This can first of all be related to the 
problems associated with the task of welding aluminium with short arc welding, 
which in turn limits the range of plate thickness to that above 3 mm. 

Over the years improvements were made, introducing fixed pulsed power sources 
giving the opportunity to weld thinner sections[2], but the problems have remained. 
The process was still too unstable to use in an automated environment. Later 
synergic power sources[3] which had the ability to keep a controlled spray arc at low 
mean currents were introduced. These new power sources had the ability to keep 
a controlled spatter-free arc at a wide range of currents and was ideally suited for 
robotic welding. 

But even though the process has been much more stable when using these new 
power sources, there are still great difficulties in detecting and correcting weld er-
rors during the weld pass. In the case of welding steel a great deal of research has 
been done, trying to monitor the weld quality, but in the case of aluminium hardly 
anything has been made. In the field of short arc welding of steel, both theoret-
ical analysis of the welding process[4, 5, 6] and statistical analysis of real welding 
signals[7, 8, 9, 10] have been made. One of the problems in the statistical analysis 
of the measured signals from the welding process is the large proportion of welds 
which are difficult to classify according to their quality[11]. 

The present study describes some ideas related to the problem of detecting qual-
ity defects in pulsed arc welding of aluminium. The goal has been to build a system 
for sampling some weld signals and then identify weld errors by analyzing the mea-
sured signals by different signal processing methods. Some of the methods presented 
here have been presented before by the same authors[12]. 

2 Experimental equipment 

2.1 Data acquisition system 
A PC-based system has been built for the data acquisition. The system is built 
around an IBM PS/2 model 60 (see figure 1). 

The computer is equipped with an analog-digital  I/O-board  which is connected 
to different sensors. The sensors are used for measuring the arc voltage, the welding 
current and to coordinate the data acquisition with the motion of the robot. 

Discussions are going on concerning the sample rate which is necessary to mea-
sure the weld signals with sufficient exactitude. According to Rehfeldt[13] the min-
imum sample rate for short-arc welding is about 1 MHz, but while the pulsed arc 
welding is more stable[2] a sample rate of 20 kHz has been used in this experiments. 

The weld signals, the arc voltage and the welding current, are low-pass filtered 
through a 12th order Butterworth filter with a cut-off frequency of 9 kHz before it 
is sampled with 20 kHz for 4 s. That gives an attenuation of approximately 11 dB 
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Figure 1: The principles for the data acquisition system connected to the robot and 
the welding power source. 

at 10 kHz. The  A/D  converter has a resolution of 12 bits and the welding speed has 
been set to 15 mm/s for the experiments. 

2.2 Welding set-up 

For the experiments a commercial welding equipment consisting of a robot,  ABB  
IRb 2000 AW, and a transistorized welding-power source,  ESAB  LAK  500  R,  have 
been used, The welding-power source has the ability to weld with synergic pulsed 
spray transfer[3] which has been used in these experiments. The experiments have 
been made on aluminium plates,  SIS  41401, and the electrode filler material has been  
ESAB  OK 18.15, that is similar to the alloy of the base material. All the runs in the 
experiments have been made with the bead-on-plate method and the classification 
of acceptable and defect welds has been made according to bead-shape appearance, 
where irregular beads or beads with porosities have been classified as not acceptable. 
Irregular bead shape caused by uneven wire feed speed or insufficiently cleaned plates 
has been investigated. The current has been chosen to produce signals which have 
a pulse period of approximately 150 samples, which in the case of the  LAK  500 
corresponds to 140 A. 

3 The signals measured 

Examples of data collected from an acceptable weld are shown in figure 2. In the left 
diagram the continuous line shows the arc voltage and in the right diagram the weld 
current. The dotted line in both diagrams shows the result of the drop detection. 
A low level on the curve indicates that a laser beam is broken by material which is 
transferred from the electrode wire to the weld pool. 

In the ideal case this signal is periodic[3], where every period of the signal consists 
of one part with high current and one part with low current. Let one period of the 
signal be denoted a pulse. Divide the pulses into two kinds, adequate and inadequate 
pulses. In this paper an adequate pulse will be regarded as a pulse which has been 

1IS0 eqv. AlMg4.5 
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Figure 2: Examples of measured weld signals. Left diagram: arc voltage and drop 
detection. Right diagram: weld current and drop detection. 

measured when an acceptable weld has been produced by the welding system. All 
other pulses will be regarded as inadequate pulses. 

In figure 2 it can be seen that the weld voltage is more fluctuating than the weld 
current. This is understandable since the system is highly inductive[4], which also 
implies that the arc voltage will be much more sensitive to disturbances than the 
weld current. By comparing the arc voltage and the signal from the drop detection 
in figure 2, it is possible to see that for every pulse in this experiment, one droplet 
of material is transferred from the electrode wire to the weld pool. This ought to 
be the case for an adequate pulse, whereas in an inadequate pulse several droplets 
can be transferred from the electrode wire to the weld pool[14]. When the droplet 
is detached from the electrode wire it is usually so that the arc voltage takes its 
maximum value[14]. For an acceptable weld, this transition should take place just 
before the current decreases to the low level[15}. Examples of an adequate and an 
inadequate pulse are shown in figure 3. 

4 Analysis of signals measured 

Assume that the signals considered satisfy the following conditions: 

• the signals are cyclostationary[16]. 

fo an ideal pulse can be written as a weighted sum of three suitably chosen base 
functions. 

The first item given above is approximately valid for real welding signals. This 
assumption is based on the physical properties of the welding process[14]. Consid-
ering the second item, the analysis has shown that in the experiments performed an 
adequate measured pulse can be fairly well approximated as a sum of three suitably 
chosen base functions. The suitable base functions have to be chosen according to 
the welding parameters. 
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Figure 3: Examples of measured pulses. The left diagram shows an example of an 
adequate pulse which has been used in calculating the spectral distance. The right 
diagram shows an example of a pulse which is classified as an inadequate pulse. 

The analysis of the signals can be made in many different ways depending mainly 
on the goal for the analysis. In this study the aim is to develop methods for moni-
toring the quality of the weld, and investigate the possibility to control the welding 
process. Based on this goal the following two methods have been investigated: 

• analysis of the absolute shape of the pulse. Here the deviations in shape from 
the closest pulse in a set of master pulses are analysed. 'Closest' here means 
the least residual. 

• the spectral content in a pulse. The spectral content is compared to the 
spectral content in a set of master pulses. 

The above mentioned set of master pulses is derived from real measured signals. 

4.1 	Analysis of the pulse shape 

The method presented here is based on the assumption that for an acceptable weld 
with given welding parameters, the pulse shape will almost always be the same. 
This gives an opportunity to study the residuals between a set of assumed adequate 
pulses and a given pulse extracted from the measured signal. This analysis has 
been carried out on measurements of the arc voltage for several different welds of 
different quality. Some of the acceptable welds are used to teach the system what 
an adequate pulse should look like. 

The method to calculate the measurement of the quality of the weld is based on 
the assumption that an adequate pulse can be better approximated as a weighted 
sum of a few suitably chosen base functions than an inadequate pulse when the 
residuals of the shape are used as a distance measure. To choose the base functions 
the following method has been used: Assume that then pulses u„  i  = 1,  ,n  are 
examples of adequate pulses measured from an acceptable weld. Put the  n  pulses 
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into a matrix U, where the us are the columns in U. By using SVD2, the matrix 
U can be written as U = Q1EQ2T, where the columns of Qi  are the eigenvectors 
of UUT, the columns of Q2 are the eigenvectors of UTU and where the diagonal 
elements of  E  are the square roots of the non-zero eigenvalues, in decreasing order, 
of both UUT  and UTU[17]. The matrices Qi and Q2 are both orthonormal. Now 
choose the columns of Qi as an orthonormal set {co}r_i  of base functions. What  
SVD  does is that it sorts the base functions in decreasing order with respect to the 
energy content in the part of the signals which is built on that base function. This 
energy can be derived from the values of the elements in  E.  It is clear that all the 
columns u, of U can be expressed as  

n  
11, = 	co", 	 (1) 

)=1 

In this experiment the number of adequate base functions,  n,  has been set to 25 
and the ratio between the energy in the part of the signal which is built of cpi , and 
the part which is built of  (p,  is in average about 4000. This is due to the fact that 
the pulses in the columns of U can be fairly well approximated by using only the 
first term in the sum (1). An example of the base functions  cp,..  ‚(p4  is shown in 
figure 4. In the figure the base function soi  can be looked upon as the "basic shape" 
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Figure 4: Example of the first four base functions. The base functions are derived 
from real voltage data. The first three base functions have been used in the analysis 
of the pulse shape. Observe that the amplitude is scaled so that the energy for all 
base functions is equal to one. 

of the pulse for an acceptable weld. The functions 	are then added to (pi  
to make the weighted sum fit a given pulse as well as possible. The main variation 
between adequate pulses takes place at the moment when the droplet leaves the 
electrode wire, before the current decreases to the low level[3]. An adaptation of the 
sum to this variation can partly be made by using only yo, and ‘03. That is because 
for an adequate pulse the main variation in time should be inside the interval where 
the peaks in  cp,  and  cp,  are located. 

A part of the above given set of functions,  {(p},  is then used to analyse a given 
arc voltage signal from the welding process. Extract from the signal a sequence of 
pulses, pi,  i  = 1,... m. A given pulse pi  can be written as 

3 
(2) 

j=1 

2Singulat value decomposition 
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where et  represents the residuals between the given pulse and the approximated 
pulse by the sum in (2). Observe that only three base functions have been used. 
The cij  are chosen according to the least squares criterion, which means that they 
are chosen to minimize the length of the residuals  e,.  That is, the ciis are given by 

3 

min (Pi —  E  ci,cia;)2  cii  E R 	 (3) 
3=1 

The residuals  ei  contain information about the deviation between the analysed pulse 
and an assumed adequate pulse. If the pulse shape is close to the shape of an 
adequate pulse this deviation should be relatively small, otherwise it will be larger. 
Consequently the residuals can be used as a measure of the status of the signal and 
as an indicator of the quality of the weld. 

Since the welding process it rather "slow", it is not the status of single pulses 
that decides the quality of the weld. "Slow" here means that the process is thermally 
slow, so the important issue is not the amount of energy transferred in every pulse, 
but the average energy in an interval of a given length[18]. A consequence of this is 
that in the analysis the central issue will be the status of a sequence of pulses and 
not the status of single pulses. Thus one can allow a few inadequate pulses if the 
surrounding pulses are adequate. Therefore a new sequence of values based on the 
residuals  ei  can be formed, which is not so sensitive for the shape of single pulses. 

One way of doing this is to begin by forming a sequence yi,  i  = 1,...,m, where 
yi  is the mean energy per component in the residuals  e,.  If the length of the base 
functions mentioned above are  k  elements the yis will be given by 

1 T  
Yi = 	ei  

Let this sequence of yis pass through a moving median filter of length 1, and call 
the output sequence  x:.  In the experiments 1 was set to 13. Then xt  is given by  
si  = median(yi_6, 	,  y„  . . . , yi+6),  i  = 7 , . . . 	— 6. This filter allows in principle 
6 inadequate pulses in a sequence of 13 pulses without indicating any defects in 
the weld. 6 pulses correspond to a time of less than 0.05 seconds, which in the 
experiments is a much shorter time than the acceptable time for failure during the 
welding process. The reason to choose a median filter instead of a filter which gives 
the mean value as output is that a median filter is more robust against extreme 
values, and is therefore not so sensitive for single pulses. The outputs,  x„  can be 
seen as a measure of the residual effects after passing through a low-pass filter. 

Some results of this method on measured signals are shown in figure 5. The 
first part of the signal (0 - 0.9 s) is an example of an acceptable weld, the second 
part (1.0 - 3.4 s) is an example of a weld where there have been disturbances to the 
wire feeding and the third part (3.5 - 5.5 s) is an example of a weld which has been 
disturbed by a wire crossing the seam. All the peaks above 30 units on the plot of 
the xis, are related to a defect which can be seen by inspection of the welded joint. 
The defects in part two are more severe than the defects in part three, which are 
also indicated on the plot of the xis. This indicates that is should be possible to 
construct an on-line quality monitoring system for the welding process by setting 
an alarm level on the xis. 

(4) 
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Figure 5: This diagram shows an example of the analysis of a  rea/  weld. To the left 
is the arc voltage and to the right is the filtered residual effect when the pulses are 
analysed with respect to the pulse shape. The measured signal to the left consists of 
three parts: The first part of the signal (0 - 0.9 s) is an example of an acceptable 
weld, the second part (1.0 - 3.4 s) is an example of a weld where there have been 
disturbances in the wire feeding and the third part (3.5 - 5.5 s) is an example of a 
weld which has been disturbed by a wire crossing the seam. Note that the disturbances 
observed in the arc voltage are clearly seen in the residual effect too. 

4.2 Spectral distance measure 

Two distance measures which use ratios of the spectra of two transients are presented 
below. The justification for using spectral distance measures lies in the fact that 
spectral information is important for discriminating an acceptable weld from a defect 
weld[12]. 

The Symmetrized Itakura distance measure between two spectra U(w) and P(w) 
is defined as[19] 

1  
ds f (U, P) =  —

2 
 log((ruip(0)rp/u(0)) 	 (5)  

dw 
(6) rufp(0) = 	11/(w)12 / 1 P(w)127-

7r 
 

du, 
rp/u(0) = 	IP(w)12 / 1U(w) 12 —27r 	 (7) 

—Sr

If the two spectra U(w) and P(w) are equal their distance is zero. This distance 
measure effectively provides a comparison between the two spectra of the process u 
and p[20]. Another distance measure proposed by Itakura and Saito is[21] 

dis(U,  P)  = ( —crulj
p

) .11:1U (w)12  11)(4412 	—log(4) —1 	(8) 

The theoretical background leading to Symmetrized Itakura and Itakura-Saito dis-
tance measure is beyond the scope of this paper. However, there is one impor- 

where 

and 
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tant  difference between the two measures that ought to be mentioned. The Sym-
metrized Itakura distance is insensitive to the level of the transient signal, i.e. it 
does not depend on the amplitude of the signal. This can be expressed as[191 
ds/(aU, bP) =  ds  1(U,  P),  for a,  b>  0. 

Classification procedure 

The classification procedure is as follows[211: create a reference class of  n  adequate 
weld pulses  uj, j  -= 1,...,n; calculate the spectral distance di,  i  = 1, ..., m between 
the unknown experiment pulses pi,  i  = 1,..., m and the adequate reference pulses 
u3,  j  = 1, ...,  n  ; average the  n  distance values and denote it di ; let this sequence of di  
pass through a moving median filter of length 1, see section 4.1, and call the output 
sequence xt. If xi is found smaller than a threshold value, the weld is classified as 
an acceptable weld, otherwise as defect and the alarm signal turns on. 

Experimental procedure 

This experiment uses the theory described above. The effective data length for 
discriminating between adequate and inadequate pulses is 70 samples, (see figure 
3). The reason why only 70 samples out of 150 samples were used from each pulse is 
that the interesting part of the pulse is the transient, which here is caused by drop 
detachment. The transient lies between the 10th and the 80th sample, (see figure 3), 
which is cut out for further calculation. Successive sections are then multiplied by a  
Hanning  window and spectra calculated using an 512-point FFT. The two distance 
measures are then calculated using the spectra and the energy, cf.', in the transient. 

In the experiment one pulse, ul, was used to represent the reference class 'ad-
equate' pulse. The left diagram in figure 3 shows the reference pulse used in the 
experiment. The discrimination procedure to be taken is as follows. 

1. For the reference pulse, ul , cut out the transient. Calculate cr.!. Multiply the 
time series by a  Hanning  window and compute the IU(w)12  

2. For each pulse,  p„  cut out the transient. Calculate (7. Multiply the time 
series by a  Hanning  window and compute the I(w)I2 

3. For each pulse pi  calculate a distance  d,  using the reference pulse, ul , in the 
category 'adequate' pulses and determine the average distance, which in this 
experiment is the same as  dt,  i.e  -= d.  

4. Let this sequence of  d,  pass through a moving median filter of length 1=13. 

Results achieved using this procedure by analysing real data are shown in figure 6. 
These results indicate that it is possible to detect defects in the weld using the two 
distance measures. 
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Figure 6: The left diagram shows Symmetrized Itakura distance measure and the 
right diagram shows Itakura - Saito distance measure for the welding voltage in 
figure 5. Note that Itakura - Saito distance measure is logarithinisized before plotting. 
Also note that the disturbances seen in the arc voltage are clearly seen in the distance 
measure too. 

5 Summary 

In this project a data acquisition system has been built for collecting signals from 
a robotic welding process. The system is based on a PC equipped with an  analog-
digital  I/O-board  which is connected to different sensors, which measure the arc 
voltage and the weld current. A laser detector for drop detachment verification 
has also beed tested. Since the measured signals are periodic they can be divided 
into pulses consisting of one period of the signal. These pulses have then been 
used in the analysis. The analysis of the pulses is based on different methods using 
either the shape of the pulses or the frequency content in the pulses. The analysis 
of the shape compares the pulses measured with master pulses which are known 
to be measured when an acceptable weld has been produced. The difference is 
transformed into a distance measure. The spectral analysis compares the spectra of 
a part of the measured pulses with the spectra of a part of master pulses. The ratio 
is transformed into a distance measure. In both methods of analysis the distance 
measure is low-pass filtered to take into consideration the physical properties of the 
welding process. The output from a floating median filter is used as an indicator 
of the weld quality. Analysis of real welding signals using either of these methods 
indicates that it is possible to detect defects in a weld joint. 
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