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Analysis of Low-Order  Autoregressive  Models for 
Ultrasonic  Grain  Signal  Characterization 

Tao  Wang,  Jafar  Saniie, Member, I.&%, and  Xiaomei  Jin 

Abstracf-In testing  materials  nondestructively with ultrasound,  the 
grain  scattering  signal  provides  information  that may  be correlated  to 
regional  microstructure  variation.  In  the  Rayleigh  scattering  domain, 
grain  scattering  results  in  an  upward  shift in the  expected  frequency 
of broadband  echoes, while attenuation  caused by scattering  and  ab- 
sorption  affects  the  shift  in  a  downward  direction.  Both  upward  and 
downward  shifts  are  known  to be dependent  on  grain  size  distribution. 
In this  paper,  the  second-  and  third-order  autoregressive  (AR)  models 
are used to  evaluate  the  spectral  shift in grain  signals by utilizing  fea- 
tures  such  as  resonating  frequency,  maximum  energy  frequency  or AR 
coefficients. Then,  Euclidean  distance,  based  on  these  features,  is  ap- 
plied  to classify grain  scattering  characteristics. Using both  computer 
simulated  data  and  experimental  results,  the  probability of correct 
classification is found to be  about 75% for  the  second-order AR model 
and 88% for  the  third  order A k  model,  when  the  conditions are  such 
that  the expected  shift  between  the  center  frequency of echoes is less 
than 4%. 

INTRODUCTION 

W HILE the  ultrasonic  grain scattering  signal  conveys mi- 
crostructure  information,  this  information is often  born 

in such  a  complex  manner  that  the  signal  exhibits  a  great  deal 
of variability in time  domain.  Thus,  spectral  analysis is often 
adopted as an  alternative  method  for  signal  characterization. A 
reasonably  accurate  model for  the  grain  signal  consists  of a con- 
volution of components  representing the  contributions  of  a  mea- 
suring  system  impulse  response  (basic  ultrasonic  wavelet)  and 
the  grain  scattering  function [ l ] ,  [2]. As shown in Fig. 1, the 
grain  signal from a  given  region  of  the  specimen  can  be  repre- 
sented  as  a  convolution  of U ( t ) ,  the  impulse  response  of  the 
measuring  system,  and  the  grain  impulse  response, h ( l ) ,  in- 
cluding  the  effects of scattering  and  the  attenuation  character- 
istics of the  propagation  path, 

r ( r )  = u ( t )  * h ( r ) .  ( 1 )  

The  amplitude  spectrum of measured  data  can  be  obtained by 
taking  the  Fourier  transform of (1) :  

R ( f )  = Wf>Wf) ( 2 )  
where [ 2 ]  is 

N 

W f )  = [ ( d f ) )  e - l ( a ( f j > C ] " 2  I.= c l p L , - J I T f 7 L  . ( 3 )  

The  summation in (3) represents  the  composite  nature  of  back- 
scattered  echoes  associated with  grain scattering.  The random 
variable N is the  number of echoes  detected  at  random  arrival 
time, 7k ,  and ok represents  the  random  amplitude of the  detected 
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Fig. I ,  (a) Range  cell geometry. (b) Grain scattering  model. (c) Ultrasonic 

measured  grain signal. 

echoes.  The  term (Q, ( f  ) ) is the  expected  frequency-depen- 
dent  scattering  behavior  of  grains in the region of interest  within 
the material.  The  term e - 2 ( n (  f ) ) - '  . 1s the  frequency-dependent 
attenuation of the echo  while it propagates  through  the  material 
at distance x. The  shape of U (  f ) is governed by the  transfer 
function  of  the  ultrasonic  pulser  and  the  transmittinglreceiving 
transducers.  Since  the  measuring  system  characteristics  are 
fixed,  the  function U (  f ) is known  and is often  modeled  as  a 
bandpass  Gaussian  shape  spectrum. 

Substituting (3) into ( 2 )  yields 
N 

R ( f )  = ( U ( f ) )  c Pke-.'2"f7L 
k =  I 

where 

In (4) and ( 5 ) ,  the  term ( U (  f ) ) is referred to  as  the  transfer 
function of the  expected ultrasonic  wavelet in the  material, in- 
cluding  the  effects of scattering  and  attenuation. Both the a, ( f ) 
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and CY ( f ) are  dependent  on the  grain size, 0, and  the frequency 
of ultrasonic  waves. If the  measurement is  in the  Rayleigh  scat- 
tering  region [ l ] ,  then, 

where c,  is the  absorption  constant, c2 is the  scattering  constant, 
and ( Q, ( f ) ) is proportional  to c2D3f4. 

It  should be noted  that  the  transfer  function  model  presented 
here,  utilizing  a  linear  system  theory, is only  a  heuristic  model 
which  represents  the  frequency  dependent  losses of ultrasonic 
energy in the propagation  path.  The beamwidth assumes to be 
much  larger  than  the  grain  size  where  the  model by no  means 
corresponds to  the  individual  grain  size  boundary or its  exact 
position in the propagation path. However, the  microstructure's 
backscattered echoes  are  a  composite signal  proportional  to  the 
overall  characteristics of the  ultrasonic  measuring  system in 
terms of bandwidth  and beamwidth, the  scattering  properties of 
the  propagation  path,  and  the  attenuation caused by absorption, 
scattering,  and  beam  spreading  (diffraction  effect).  Since we 
have  confined our measurement  and  analysis  in  the far field of 
the  transducer  over  a  small  range  within  the  material, the beam 
spreading  and  diffraction  losses  are minimal.  Furthermore, the 
parameter of interest for  microstructure  characterization  is  the 
frequency  content of the  signal  which is sensitive  to  the  disper- 
sive  properties of materials,  rather  than  the  effect  of  diffraction. 

In  the  Rayleigh  scattering  region  multiple  reflections  between 
grain boundaries  are negligible  and as( f ) shows high  sensitiv- 
ity to  the  grain  size  distribution.  Also,  in  this  region,  high  fre- 
quency  components  are  backscattered with larger  intensity when 
compared  with  low  frequency components.  Consequently, this 
situation  results in an  upward  shift in the expected frequency of 
the power spectrum of broadband echoes.  Since the spectral  shift 
is grain  size  dependent,  the  estimate of the  upward  shift  can  be 
used for grain  size  characterization.  Furthermore,  an  inspection 
of (4) and (5)  reveals  that  the  term e - 2 ( a ' f ) ) x  influences  the 
frequency  shift in a  downward  direction.  The downward  shift 
is dependent  on  the  position of the  scatterers  relative  to  the 
transmittingireceiving  transducer.  The  two  opposing  phenom- 
ena  have  important  potential for  evaluating grain size. 

An estimation of the expected frequency  shift  can only be 
achieved  from random  patterns of grain  scattering  echoes. In 
this  paper we examine the  application of the  linear  predictive 
technique [3], a  method of spectral  estimation  which is also 
known  as  the  maximum entropy method (MEM),  for grain  sig- 
nal characterization. In particular,  linear  predictive  analysis is 
applied to grain  signals  using  the  second  and  third  order  auto- 
regressive  processes. Then, the  spectral  features  obtained by 
this  method  are  used for pattern  recognition  and  grain  size char- 
acterization. Low order AR models  are  used  because of their 
computational efficiency. Furthermore, low order models em- 
phasize  a  high energy  frequency  range and  are  less  sensitive  to 
random  spectral  peaks  and  pits  due  to  the  random  detection of 
multiple  interfering  grain  echoes.  In  this  study, both computer- 
simulated  data  and  experimental  results  are  examined,  and  a 
Euclidean  distance  classifier  is designed  for  classifying grain 
scattering.  Methods  provided in this paper  are  also  applicable 
in evaluating  spectral  shifts  resulting  from  ultrasonic  tissue 
scattering  used  in  medical  imaging  [7]-[ IO]. 

LINEAR  PREDICTIVE  THEORY 
Autoregressive  techniques  have  been  extensively  applied  to 

speech  processing [4], [ 121, and more  recently,  to  seismic [ 131 

and  radar  signal  processing [ 141. The  autoregressive  parameter 
identification  process is closely  related to the  theory of linear 
prediction. 

Assume the  measured  grain  signal r ( n )  is an AR process 
withp parameters,  then  the  predictive  value of the  sampled  grain 
signal i (  n )  is defined  as 

D 

F(n)  = - C a , r ( n  - 2 )  
( = l  

where  the a, refers  to  the AR coefficients  and  the p is the  order 
of the AR model. Then, any error  between  the  actual  value r ( n )  
and  the  predicted  value i ( n )  can  be given by 

e ( . )  = r ( n )  - i ( n )  ( 8 )  

the  term e ( n )  is also  known  as  the  residual. The  energy of the 
residual  is 

E = C r ( n )  + C a i r ( n  - i )  
,I [ ,I, ;2 (9) 

where C, represents  summation  over  the  length of data. 
The best  estimate  of a, can be obtained by minimizing E,  i.e.. 

which  can  result in 131 
P 

+ ( o , j )  + C a i * ( i , j )  = 0; I ~j 5 p (11) 
i =  l 

where  the  correlation  function ( i ,  j ) is 

Equation ( 1  1 )  is known  as  the  normal  equation  and  can  be  used 
for  solving ai since  there are p equations  and p unknown AR 
coefficients. 

If the  signal is an AR process, then  the optimum  linear pre- 
dictor  parameters  are  the AR coefficients. These coefficients  can 
be estimated  from  the sample  data by using  existing  processing 
techniques  such  as  autocorrelation,  autocovariance,  and  the  lat- 
tice  method [ l  l]-[15].  When  the  signal is not an AR  process, 
but  an  AR  model  is  used,  the number of linear  predictive  pa- 
rameters of the  optimal  predictor is generally  infinite.  Theoret- 
ically,  as  the  number of the  predictor  parameters  increases,  the 
error  will  decrease.  A low guess for  model  order  results in a 
highly  smoothed  spectral estimate, and  a  high order  introduces 
spurious  and  undesired  details into the  spectrum.  Therefore, 
choosing  the order of the  model becomes  a key problem in lin- 
ear  predictive  analysis. For example,  Fig.  2 shows  a  measured 
grain  signal  and  several  typical linear  predictive  spectral match 
processes.  Fig.  2(a) is a  typical example of the  backscattered 
grain  signal  using  a 5-MHz transducer  and  Fig.  2(b) is the  mag- 
nitude spectrum of the  grain  signal  in  a  normalized  logarithmic 
scale.  Figs.  2(c)  and  (d)  show  the  spectral  match  for  a  low  order 
AR model ( p  = 2 and 3).  The low  order of the AR process 
smoothes the  randomness of the  grain  signal  spectrum  and  dis- 
plays  the  trend of spectral  shift.  Figs.  2(e)-(h) show  the  higher 
order  (i.e., p = 10, 50, 100, 150) of the  linear  predictive  spec- 
trum  match  processes.  As demonstrated in  these  figures,  a 
higher-order  of  AR  process  introduces  additional  details in the 
spectrum due to  the  random  detection time of interfering  echoes 
which  are not informative  as  far  as  the  frequency  shift is con- 
cerned  and  also  require  higher computational  time.  Hence, in 
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Fig. 2.  (a) Backscattered  ultrasonic  grain signal from the steel  sample. (b) Log spectrum of  grain signal.  (c)-(h) Log spectrum 
of grain signal and the AR spectral models forp = 2,  3 ,  10, 50, 100, and 150. 

this  paper,  we  will  use  both  the  second  and  third  order  model 
to  characterize  the  spectral  shift in the  expected  frequencies of 
returned echoes. A comparison between  the  classification  per- 
formance based  on  the  probability  of  error  using  both  the  sec- 
ond  and  third order model  is  presented. 

RESONATING AND MAXIMUM ENERGY FREQUENCIES 
RELATIONSHIP 

It is important  to  point out that  the  linear  predictive  spectrum 
matches  the  signal spectrum much  more  closely in  the fre- 
quency  regions of large  signal  energy (i .e. ,  near spectrum 
peaks).  This is especially  true  in  the  case of low-order AR 
models. In spite of the  highly  smooth  spectral match,  second- 
or third-order AR models  can efficiently  estimate  the  resonating 
and maximum  energy  frequencies.  Estimating resonating and 
maximum  energy  frequencies of ultrasonic  echoes  using  second 
order model  was  studied by Kuc  and  Li [15]. In this  section, 

we  develop the mathematical  relationships  involved in the  low 
AR models (i.e.,  second  and third  orders)  to  evaluate  the  spec- 
tral-shift for grain size classification  using  backscattered  grain 
signals. 

Second-Order AR Model 
The general  model  for  a  discrete time grain  signal r ( n )  in a 

stationary segment is  shown  as (7). Assume the  predictive  error 
is a  white  noise  process, then,  the grain  discrete  transfer  func- 
tion, H ( z ) ,  for  a  second-order AR model can be  written  as [12]: 

The poles of the  system are 

Authorized licensed use limited to: Illinois Institute of Technology. Downloaded on October 02,2020 at 05:07:20 UTC from IEEE Xplore.  Restrictions apply. 



WANG rt al.: ANALYSIS OF LOW-ORDER AUTOREGRESSIVE MODELS I19 

-a ,  - m 
z,  = 2 (15 )  

Since H ( z )  represents  the  transfer  function  of  ultrasonic  echoes, 
which is a  bandpass  signal,  the  poles  must  be  complex, i.e.,  
a:  - 4a2 < 0. The  phase of the  complex  poles is the resonating 
frequency  of  the  second-order AR process, f r .  which  can  be  pre- 
sented  as  [5], [151: 

(T) 
l H ( f ) l *  = H ( z )  H(!) I I = r , ’ r f T  ( 1 7 )  

-. . -  

f, = ~ tan-’  (16) 
Re2 

27rT 

where T i s  the  sampling  period. 
The  power  spectrum  of  the  second-order  model  is 

Z-plane 

The Of the power ’pectrum (‘“’l en- Fig. 3 .  Relation between the resonating frequency and  the maximum-en 
ergy  frequency)  can  be  found by differentiating  (17) with  re- ergy frequency for the second-order AR model. 
spect tof,  and  setting it to  zero,  i.e., 

The  solution  to  (18) results in, 

1 
f = - cos-, 

m 2 a T  

In  general,  the  maximum  frequency, fm, is not  equal  to  the 
resonating  frequency, f ,  [5], [6],  [15].  As  shown in Fig. 3 ,  the 
phase  of  poles is the  resonating  frequency. The maximum  en- 
ergy  frequency is defined as the  phase in which  the  product of 
distance  from  the  point  at  unit  circle  to  the  poles  is  minimum. 
When  the  bandwidth of the  system  decreases  (this situation  oc- 
curs  as poles  approach  to  the  unit  circle, i.e., a, + l ) ,  thef,, 
will  approach to f r .  This  can be  confirmed by evaluating  (16) 
and (19). 

The difference  between the  maximum  energy at the  frequency 
fn and  the  resonating  frequency f r  is 

The numerical  evaluation  of  (20) is shown in Fig.  4. This  figure 
indicates  that  the  normalized difference  between f, and f;,l is 
small  for a  range  of  typical  values  of a ,  and a? ( A  typical  range 
for a, is - 1.9 < a ,  < - 1.6,  and  for a, is 0.9 < a2 < 0.99). 
This  implies  that  the  resonating  frequency  of a  second-order  AR 
system  can be approximately  represented  by  the  frequency  of 
the  maximum  energy,  and  can  also  be  correlated to the  fre- 
quency  shift  inherent  to  random  grain  signals. 

Third-Order AR Model 

A closer  spectral  match  can  be  obtained  using a  third-order 
autoregressive  system: 

Fig. 4.  Normalized difference between the  resonating frequency and the 
maximum-energy frequency for a second-order AR model. 

According  to  Cardino’s  formulas [ 171, the  general  expressions 
for the  poles of (2 I )  are 
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where 

and 

a: p = a , - -  
3 

q = a , - - + -  
3 27 

ala* 2a: 

A = l$) + (:r 
If A < 0, (21) will have  three  real  poles, and  the system  has 

no resonating frequency.  Note that  ultrasonic  echoes  are  band- 
pass  signals  that  have  resonating  frequencies.  Therefore, A > 
0 and  under  this condition, the  pole z I  will  be  real while z2 and 
z ,  will be  a  pair  of complex  conjugate  poles.  The  resonating 
frequency  specified by the  complex  conjugate  poles will  be 

where 

B = 14 + 
The  maximum energy frequency of  a  third-order  system  can  be 
obtained by taking  a  derivative of the power  spectrum with  re- 
spect tof, and  setting it equal to zero, that is, 

After  a number of  algebraic  steps,  solutions  for the  maximum 
energy  frequency can be  obtained: 

ters  are examined in order to find their  correlations  to  the  grain 
size  distribution.  In  order  to  classify  the  specimens  with  differ- 
ent  grain sizes,  a  Euclidean  distance  classifier, D,, which  mea- 
- sures  the  distance between  the  class j with  the  clustering  center, 
aij and  the  estimated  parameters ai [18], is used, 

(33) 

where p is  the  number of parameters,  and, if the  AR  coefficients 
are  used, p also  represents the order of the AR model. In this 
study,  the  clustering  center, i f , j ,  is  computed using  a  set of train- 
ing  signals. 

Computer  simulations  were  used in evaluating  the  perfor- 
mance of the  second- and  third-order  linear  predictive  models 
for  classifying  the  grain  signals  representing  different  grain 
sizes.  The  simulation was implemented based  on  the  principle 
that  different  grain  sizes  backscatter  echoes  with  different  shifts 
in  their expected  frequencies.  Thus, by generating  grain  signals 
with different  center  frequencies,  backscattered  signals from 
specimens with  different  grain  sizes  can  be  simulated. The  grain 
signals  were  generated by superimposing  multiple  echoes with 
random  positions  and  amplitudes.  It  is  assumed  that  the  transfer 
function of the expected ultrasonic  wavelets, ( V( f ) }, are 
Gaussian in shape  with  center  frequencies of 5.0, 5.2 ,  and 5.4, 
MHz, and  3dB bandwidth of 2.5 MHz.  The  entire  simulated 
data is made up of 2048 sample  points  with  a 100 MHz  sam- 
pling  rate. It is also assumed  that  about 512 random echoes will 
be  detected by the  transducer in the  duration of 20.48 ps of  the 
backscattered  signal.  To  depict the amplitude  intensity of the 
detected echoes,  a random number generated with a  Rayleigh 
probability  distribution is used  [2]. In  addition,  a  uniformly  dis- 
tributed  random number  generator  is  used  for  determining  the 
position of the  scatterers.  The  Euclidean  distance  classifier  uti- 
lized  in  this  study measures  the  distance between two  sets of 
linear  predictive  parameters or the  differences  between  the 

1 
27rfT fm = - 

2 1  

Similar to a  second-order AR model, the  third-order  model 
results in different maximum  energy and  resonating  frequen- 
cies.  Through an  analysis of a  large  number of computer  sim- 
ulated data, the  normalized  difference of these  two  parameters 
( 1 fr - fm 1 ) were  found to  be  less than 20%, and  the  estimated 
values for both fr and f, were  also found to be highly  correlated 
with  the  actual center  frequency of ultrasonic  wavelets.  The 
plots of normalized 1 fr - f ,  1 as  a  function  of a ,  and a2 for two 
different  values of a3 are  shown  in  Figs.  5(a) and (b).  These 
figures  indicate  that,  using  the  third-order AR model,  the  dif- 
ference offr andf,  can  vary in a  range of 3 to 15 % or possibly 
higher.  Furthermore, this  difference is much larger than  that 
which  exists  between f, and f, when  a second-order model  is 
used (see  Fig. 4). 

COMPUTER SIMULATION 
In our  earlier study [19], it  was  shown  that  grain  scattering 

influences  the frequency content of detected  echoes. Backscat- 
tered echoes from specimens with  different  grain  sizes  result in 
different  values for the  resonating  frequency,  the maximum  en- 
ergy  frequency,  and AR coefficients. Therefore  these parame- 

resonating  frequencies, or between  the  frequencies of maximum 
energy.  The  decision is  made  based on the nearest neighbor 
rule.  The  cluster  centers  are  formed by using fifteen  sets of 
training  data (i.e., five sets  for  each  cluster  center). 

Tables  I-A and I-B present  the  estimated  mean  values  of  the 
resonating  and  maximum energy  frequencies  for  second- and 
third-order  AR  models  along  with  their  standard  deviations. As 
shown in this  table,  both  estimated  resonating  and  maximum 
energy  frequencies  are  closely  related  to  the  actual  value of sim- 
ulated  center  frequencies, although consistently  biased. Fur- 
thermore,  estimates  are  consistent  since  the  variances  are  very 
small  and can be considered to be negligible in comparison with 
the  actual  value of estimates. For example, the  estimated 
resonating  frequencies  and  maximum  energy  frequencies of a 
second-order AR method  are  consistently  higher  than the actual 
center  frequencies  with  nearly  the  same  variances.  However, 
estimated  resonating  frequencies  and  maximum energy  frequen- 
cies of a  third-order  AR  model  have  a  different  tendency.  The 
estimated  resonating  frequencies  show  a low  bias  with  the  ac- 
tual  center  frequencies,  while  the  maximum  energy  frequencies 
show  a  higher  bias for all  three  classes of signals with very 
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(b) 
Fig. 5 .  Normalized difference between the  resonating  frequency  and  the 
maximum-energy  frequency  for a third-order  AR model.  (a) When a3 = 
-0.93.  (b) When a3 = -0.94. 

TABLE I 
THE ESTIMATED RESONATING A N D  MAXIMUM-ENERGY FREQUENCIES 

A-Second-Order Model 

Center 
Frequency 

Resonating 
Frequency 

Maximum-Energy 
Frequency 

5.0 MHz 5.12 MHz f 0.0053 5.14 MHz f 0.0053 
5.2  MHz 5.31 MHz & 0.0058 5.35 MHz f 0.0058 
5 . 4  MHz 5.52 MHz & 0.0062 5.55 MHz It 0.0062 

B-Third-Order  Model 

5.0 MHz 4.67 MHz f 0.0041 5.60 MHz & 0.0074 
5.2 MHz 4.82 MHz f 0.0042 5.82 MHz & 0.0065 
5 . 4  MHz 4.97 MHz f 0.0042 6.04 MHz & 0.0065 

small  variances.  It  is  evident  from  Tables I -A  and I-B that  the 
estimate of resonating  frequencies or maximum  energy  frequen- 
cies  tracks or correlates with the  actual  simulated center fre- 
quencies.  Consequently, these  estimates  can be used  as  features 
representing  the  spectral  properties of the  random  grain signal. 

TABLE I1 
CLASSIFICATION RESULTS? 

A-Using  AR  Coefficients 

74.5% (second-order model) 
88.3% (third-order model) 

B-Using Resonating  Frequencies 

76.5% (second-order model) 
81.7% (third-order model) 

C-Using  Maximum-Energy 
Frequencies 

78.3% (second-order model) 
81.7% (third-order model) 

"Where  the  parameters  are  the  probabil- 
ity of correct decision. 

Furthermore, the  estimation of both  resonating  and maximum , 

energy  frequencies  for  a  second-order AR model  follows  the 
actual  center  frequency much more  closely  and  consistently  than 
that of a  third-order AR model. This  observation  implies  that 
in order to  estimate  the  center  or  maximum energy  frequencies, 
the second  order model  would  be  a  better  choice,  and is con- 
sistent  with  the  work  of  Kuc  and  Li [l51  who used  a second- 
order AR model for  estimating  center  frequency. 

Table I1 shows  the  classification  results  using second- and 
third-order AR models for  three  classes of signals  with  center 
frequencies 5,  5.2, and 5.4  MHz.  Tables 11-A-11-C present  the 
classification  results  using AR coefficients,  resonating  frequen- 
cies  and  maximum  energy  frequencies,  respectively.  The  re- 
sults  shown in the  tables  confirm  that  low  order  linear  predictive 
models (AR) can  effectively  characterize  the  random  grain sig- 
nals. A comparison of  the  results  for second-  and  third-order 
AR models  indicates  that  the  probability of correct  classifica- 
tion of the  third-order AR model is higher  than  that of the sec- 
ond-order AR model.  That is expected  since the  third-order AR 
model  extracts  more  frequency  information  from  the  random 
spectrum  than  the  2nd order AR model. 

The  computer  simulation  shows that  misclassification  is  most 
likely  to occur in the  region  between  two  adjacent frequency 
classes, (e .g . ,  5.0 and 5.2  MHz  or  5.2 and 5.4  MHz).  This 
observation  indicates  that,  when  the  frequency  difference  be- 
tween  the  two  adjacent  signal  classes  increases,  the  misclassi- 
fication  will decrease.  Hence  the probability of error  will  ap- 
proach  zero  as  the frequency difference among  the classified 
signals  increases  to  a  certain  value.  For  example,  only  four  out 
of 30 sets of data  were  misclassified  and  all  misclassification 
results  are between  adjacent  classes: 5.0 and 5.2,  or  5.2 and 
5.4 MHz.  Similar  observations  can be made by examining  the 
scatter  plots  for AR coefficients. In particular,  the  scatter  plot 
for the third order model is shown in Fig. 6 and  confirms  earlier 
discussions. A further  inspection of Fig. 6 reveals  that U ,  and 
u2 individually  show  a  good  sensitivity  to  the frequency  content 
of the  signal,  while  the  parameter u3 is  rather  insensitive. 
Nevertheless,  the  feature  including U , ,  u2 ,  and u3 will provide 
the  best  classification outcome  at  a relatively  insignificant  ad- 
ditional  computational  time. It  should  be  noted  that  the simu- 
lated  backscattered  signal  contains  only  multiple  echoes  re- 
flected  from  multiple  scatterers and no additional  noise  due  to 
the  measuring system  has been  considered.  Therefore, in the 
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Fig. 6 .  Third-order AR scatter plots using the  computer simulated data. 
( A  for 5.0 MHz  class, 0 for 5.2 MHz class and X for 5.4 MHz  class.) 
(a)  Scatter plot of features ( a , ,  a z ) .  (b)  Scatter plot  of features ( a , ,  a3) .  

presence  of measuring  noise,  estimation  errors of  AR parame- 
ters  become  significant  and  as  a  result  the performance of clas- 
sification  will  deteriorate. 

Results  shown  in  Table I1 suggest  that  the  classification  per- 
formance with  AR  coefficients,  resonating  and  maximum  en- 
ergy  frequencies  are  nearly  the  same  for  the  second-order AR 
model, with  the  slight  difference being  caused by an estimation 
error or by the  relatively  small number of  training  patterns  used 
for  this  study. The probabilities of correct  classification by using 
the  AR  coefficients,  the  resonating frequency and  the  maximum 
energy frequency  are significantly  different for  third-order  AR 
model.  This is not  surprising  since  both  the  resonating  and  max- 
imum  energy  frequencies  are  functions of AR  coefficients  (see 
(28)  and  (32))  and represent  only  a  reduced  feature  vector of 
the  estimated AR Coefficients. As a  result,  classification  perfor- 
mance will degrade,  although this degradation is  not  that  sig- 
nificant. Another  interesting  observation  worth  noting is that 
the second-order AR model more  closely  follows  the  center  fre- 
quency  than  the  third-order  AR model.  This could  be because 
the  third-order  AR  model  matches  the  random  pattern  more 
closely  than  the second-order  model. As  a  result,  the  contribu- 
tion of random  pattern  to  the  estimated  AR  coefficients  can cause 
an error in the  estimate of center  or  maximum  energy  frequen- 
cies. In summary, the classification  results  shown  in  Table I1 
reveal  that  the  feature  vector formed by  AR  coefficients  can 
effectively  characterize  the  frequency  difference of the  grain 
signals, and  the  correct  classification can be  as  much  as 88% 
for  the  situation in which  the frequency  shift is  less  than  4 % . 

EXPERIMENTAL RESULTS 
The  experimental  studies were conducted using  a Pana- 

metric broadband  transducer  with  6.22-MHz  center  frequency 
and  a  3-dB bandwidth of 2.75  MHz.  Two  specimens  examined 
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Fig. 7. Experimental setting and the micrographs of steel blocks. 

in this  study  are  steel  blocks  type  1018.  One  steel block  has an 
average  grain  size of 14  pm  (referred  to  as “Steel”) and  the 
other  was  heat-treated at 2000”F, resulting  in  an average grain 
size of 50 pm  (referred to as  “Steel-2000”).  The grain  size of 
the samples was analyzed by the  intercept  method  that corre- 
sponds to  the  average  grain  boundary  spacing  [20].  The  micro- 
graphs and  general  equipment  setting  are  shown in Fig. 7. The 
specimens  were placed at the  far field of the  transducer  and  data 
was  acquired  with a 100-MHz  sampling  frequency.  The  ex- 
periments with  the same  equipment  setting  (i.e.,  the  same  sam- 
pling  rate,  trigger level,  damping and  gain)  were  repeated  at  20 
different  locations for  each  specimen.  These  20  observations  are 
used to  design  and  test the performance of the  classifier  using 
AR coefficients. The  measured  data  were  obtained  at different 
locations  to  ensure  that the correlation  among the backscattered 
data  would be minimal.  This is important  for  our  evaluation 
since  a  class of diversified  signals  is capable of providing more 
unbiased  results.  Each measurement was  obtained by averaging 
256  measurements in order to  eliminate  system  noise,  and  each 
data  string  consists of 2048  samples. 

The  experimental results  were  proccssed in order to  obtain 
the  linear  predictive  coefficients,  resonating  frequency  and 
maximum  energy  frequency.  Fig. 8 shows  the  scatter plot of 
the  third  AR  coefficients  using experimental  data.  This figure 
reveals  that  any two  parameters ( a ,  or a2 ) or ( a ,  or a, )  are 
insufficient to  display  the  scattering  characteristics of specimens 
with  different  grain sizes.  To form  the  cluster  center of different 
grain  signals,  five  sets of the measurements have been used  as 
training  patterns  while  the remaining fifteen sets of grain  signals 
were  used  for  classification.  Probabilities of correct  classifica- 
tion  were  computed  using  the simple Euclidean  distance  as de- 
scribed in (33)  and  the  final  results  were  tabulated in  Tables 111 
and IV. An inspection of results  given in Table 111 reveals  that 
the  difference  between  the  estimation of resonating  frequency 
and  the  maximum  energy  frequency  for  a second-order AR 
model  is  smaller  than  that of a  third-order  AR  model.  This  is 
not surprising  since  the real pole  in  a  third-order  model  contrib- 
utes  to  the  estimation of maximum  energy  frequency  (for  clar- 
ification,  see (32)). Another  important  observation  one  can  make 
from the  values given in Table 111 is that  both  the  resonating 
frequency  and  maximum energy frequency  are  shifted  down  as 
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Fig.  8.  Third-order AR scatter plots using experimental data. ( A  for the steel block, and X for the steel-2000  block.)  (a) Scatter 
plot of features ( a , ,  a> ) .  (b)  Scatter plot  of features ( a , ,  a 3 ) .  

TABLE 111 
THE  ESTIMATED  RESONATING A N D  MAXIMUM-ENERGY  FREQUENCIES 

(EXPERIMENTAL  DATA) 

Estimated 
Samples Resonating 
(Steel) Frequency 

Estimated 
Maximum-Energy 

Frequency 

Steel 6.32 MHz + 0.0215 

6.13 MHz k 0.0072 

6.31 MHz k 0.0220 
(second order-model 

6.97 MHz & 0.0197 
(third-order  model) 

Steel-2000 5.68 MHz f 0.0362 

6.03 MHz f 0.0177 

5.63 MHz + 0.0388 
(second-order model) 

6.87 MHz f 0.0494 
(third-order model) 

TABLE IV 
CLASSIFICATION  RESULTS  USING  EXPERIMENTAL  DATA 

AR Resonating  Maximum-Energy 
Parameters  Coefficient  Frequency  Frequency 

Probability of 72.5%  67.5%  67.5% 
Correct Decision (second-order model) 

Probability of 85.0% 62.5%  67.5% 
Correct Decision (third-order model) 

the  grain  size  increased  from 14 pm  (Steel)  to 50 pm (Steel- 
2000). This  observation  is  consistent  with  our  previous  inves- 
tigation performing  spectral  analysis using homomorphic pro- 
cessing [ 5 ] ,  [19]. An inspection of standard  deviation  suggests 
that  the  estimates of resonating  frequency  and  maximum  energy 
frequency  are  highly  consistent in spite of random  patterns of 
grain  scattering.  This  can  be  confirmed by evaluating  the  ratio 
of standard  deviation of estimation  over  the  expected  value. 
Using  the  values given in Table 111, this  ratio is less  than 1 %.  

Consistent  estimates of AJt coefficients,  resonating  frequen- 
cies  and  maximum  energy  frequencies,  make  them  suitable  for 
grain  scattering  feature  vectors  to  be  used  for  classification.  The 
results given in Table IV indicate  that  resonating  and  maximum 
energy  frequencies  for  both  second-  and  third-order  AR  systems 
can classify  the  grain  scattering  signals  effectively  with  a  prob- 
ability of correct  classification  higher  than 62%. Better  classi- 
fication  performance  can  be  obtained  using AR coefficients. The 
probability of correct  classification  with  a  third-order  model  is 

S5 %, significantly  higher  than  that  of  the second-order model 
at 72.5%. This implies that, by increasing  the order of the AR 
model, the  frequency  information  extracted  from  the  random 
signal is increased  that can result in obtaining  a  better  classifi- 
cation. 

CONCLUSION 
In this  paper, we have  developed  a  mathematical basis  for 

second  and  third order  autoregressive models to  evaluate  the 
spectral  shift in grain  signals.  Grain  signal  characterization is 
performed  utilizing  a Euclidean  distance  classifier based on AR 
coefficients,  resonating  and  maximum energy  frequencies. 
Comparisons of performances  between two  AR  models  have 
also  been  provided.  Results  obtained from both computer  sim- 
ulated  and experimental  data  are very encouraging, and  the 
probability of correct  classification is found to be  as high  as 
88 % for  the  third-order  model  under  the  condition  in  which  the 
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expected frequency shift  is less than 4%. Further improvement 
can  be  expected  by  increasing  the  order  of the AR processes, 
which  demands a higher  computational  effort. This analysis  has 
application for investigations  characterizing  the  microstructure 
of materials  and for ultrasonic  tissue  characterization. 
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