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278 - COMPUTERS IN MEDICINE 

J.C.Campor l. A.D.Linney l and J.P.Moss ' 
Dcpvvnem of 'Medid Physics and Y)nhodoniics. Univasity Cdkge London. 
ln f lax ShmpshVe Houx. 11-20 Cdppa Svca. London WCIEóA. England. 

llntroducibnl Thc dcscripion of the face h. over thc post few yeprp. been an inandve iopic of research nceiving considnable iitention 
in irur ruch u psychology. biaaawmeüy. piillcrn n!mgni<ion. fawwic pcicna. achodoniics m d  compum vision. l n  thc case of clinical 
uulysisoffrial fani.incraUngiponirrehcbeuiruchcdlotheibility ofa<hodai<icands~pknning methodrtopwideapndiction 
in tnms d facial -e. Mnsidauig iu vi id imporuice lo paciwiu undagoing facid wguy. Luidmarks play an imponinl m k  in 
xgmcnting thc profile u a prccumr for uulysis and an aulomatic meihod is h g h t  m m v e  sibjcctivity i n h e m  in bis p c s s  so ihai 
qwt¡uiive.nrlysis has a high mpmtability. The work p e ~ i c d  hae has thc aim of producing m obpnive m e h d  of idm<ilying landmarks 
to xgaaii Lhe humui pdik inio n g h a  d inbxeñ 10 thc ciinicUns(e.g. nosc. chin. ex.). for thc pwposc.9 of msesdng S in the pmfile 
duemrc~layagmwth. W e n p M 4 ü y  i n ~ n o i m m u c h  inrclativemovemenudlandmulrsu inthechangesin shapeoflhesegmenu 
becwcenLheLndmarlu 
[ M a w t l  .id Methodr] Thcvppach dopcLd on ihir VMLcmbinn lhe a ípcu  o t  the well ~ n i 7 m l  impnriance of curvatun variation 
dona Lhe c o n w ,  lhe view o f c w ~ r r  u 8 issuk of pausts r i i n g  on thc S+, use of crimia that invdvc mcvic information exuneied 
han curvaüm d y s u  ami thc use ofcomou xgmenu bwnded by prccpually nkvmt  poinu(e.g. inflcction and exvcmal poinu). Thc 
m& urcs S d e  S p w  icchnqueg extensively e x p b d  in chc f ~ l d s  of digiid image and s i p l  processing. Thm &e u x  of filuring the 
si@ -a coniinuum of siles by rpplying Gwsain f i l m  uid ihm üacking thc exvcmal poinis aná iheir derivatives m thcy move wilh 
silechangcs. allowing thc c u r v m  valucs lo becompuced. Thc nsuli b adescription called Curvaturc S u k  Spaee Imagc(CSS1). which is 
indeaendeni d omfik orienuiion. The CSSl mav bc reduce to a s i m ~ k  interval vec rrwescniinn a qualilativc dcscriptiai of ibe pmfilc ~ . .  - .  ~ - - 

nmulunmulry udl suks. ~hisdc&p& ir &uxd toauünnalical~~ identifY and lodite f u u i i s  in ihe facial profi~e~~~diffenncimevic 
u thcn daived using thc folbwing lechniqucs: bcnding enugy. spsiial differaias and curvaiurc v d w .  A medicil graphiu workstahn is 
urd for data uulysn aüowing thc dcriniiion m d  uartion of a numbcr of arbriuary scctions(seu of x-y coordinale poinu) fmm a lhrcc 
d i m m s i a u l m o d e l o f t h c f r ~ g ~ f m n , f ~ ~ w f ~ t d i u . T h c d r u u s c d  intheanalysisconsiiedof m i d - l i ~ f a c i a l p m ~ n g  
thc prr and pos-iraüncnt nutr of i pticnl folbwing siirgcry to the middle ihird of the face. 
[Rcsultrl Thc rcsulu show the aulmuif scgmcntation of be  pmfiles on a saics of eight convex and concavc curves cmnponding m: sal1 
tistuc nasion. nose. nasio-labid fold. uppalip.mwth.lowalip, labio-mmcnl fold andchin. Thecurvaiun valuc forcach poinialong lhepmfile 
is pbucd against the palh kngih and uc u x d  to quantify thc changn occumd. The bending magy is used to cxprcss whether thc segment 
h~clongicedorcompfuscd.  
[Coaclis&l The iduofx@ng the pr0r1k using d e  spcc icchniqucs pmvcd U) bc eR¡i«rt m i t  avoids thc problems of identificr<ion 
of Lndmvtrby using mathemrnlly consuucced poinu. Thenpmducibiliiy of lhis m e W  wm rwcedby repealncordingandme~surcmmtes 
on sevad sepuet occapions. Ahhough thc coniours in WCSSl may vary. ihe segmenucan alwiys be idcntificd. Thecurvaturc valuet within 
the scgment gives a valuable shap dcscripion comsponding to lhe clinical prceplion of the pmfik. 

<'OI\.lPARISON BEI'WEEN WAVELETS AND FOClRlER ANI\I,YSIS 
AS SPEECH RECOGNI'rION PHEPROCESSING TE<:IiNIQIiES 

L Rufiner. L Gainero. M E Torres, D.zapata, A .  Sigura 
1:acultad de Ingenieria. Bioingenieria, Universidad Nacional de Entre Rios - Ruta I 1 Km 10. E Rios. Argentina- 
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1 Introduction 1 Tlie use o f  ncural nct\\orks for spccch rccogiiition \\as fundamcntall\ oricntcd to\\ard~ stationan pattcrns To 
dcal \\ith tlic d\naniic aspccts of  spccch signal. thc usc of  Tiinc Dcla\ Ncural Nctvork (TDNN) that takcs siiiiuitan~vus 
iiiforniatioii o f  diiTcrcnt instaiits \\as proposid Thc good use of  this fcaturc dcpcnds stronglt on ho\\ adcyustcl\ tlicsc ctcnts 
can bc prcscntcd to thc ndnork In particuhr thc Discrctc Wa\clct Transfom (DWT) is o f  intcrcst for tlic aiialssis o f  iwii- 
statioiian sigtials bccaiisc 11 pro\ idcs an alicrnati\c to thc classical Short Timc Fouricr Transforni (STFT) 
This papcr studics thc pcrfoniiancc of  anal!sis tlirmigli DWT of  spccch sigiial against thc STFr B\ pcrfomancc in this 
coiitc.it \\e nicans tlic qualit\ o f  prcproccssing that niakcs tlic iinportant charactcristics o f  \oicc sigiial c\idcnt in ordcr to achic\c 
11s autotiiatics rccogiiition tliroiigli a TDNN 11i iq iiiil>ro\onciit i q  sccii as a dccrcasc iii traiiiiiig tiiiics or aii iiicrcaw 111 thc 
rccogmtion ratc 
1 Analysis Tcchnique i n d  Mcthods 1 As a rccognitioii task. thc spcakcr-dcpciidcnt rccognitioii o f  thc diphoncs 'bd 'de' aiid 'gc' 
\\as choscn T\\o training cupcrimcnts on thc sakc data ha\c bccn prcparai Half o f  the data \\as u s ~ d  for training and thc othcr 
Iialf for \alidation In t k  first cax  an FFT o f  256 points nith 20 ms Hanuning \\iiido\\ and 10 nis owrlap \\crc used as a 
prcproccssing block Thc quantit\ o f  points \\as choscn to obtain no morc than 128 cocfficiciits sincc this makcs t k  nct\\ork 
stnicturc iimrc coiiiplc\ li icsc rcsults ncrc conil>arcd \\ltli thc DWT nit l i  thc sanic quantit\ ofcocííicicnts Wc ha\c considcrcd 
thc spccial case iii \\hicli thc basic functms are cubic pol\iwmial splincs I l i c  nctllork stnictiirc \\as tlw saiiw iii hli 
c\pcrimcnts and thc? ncrc t r a i d  thraigh thc backpropagatim algorithm in idcnt~al  si tuatiw 
1 Results 1 Onc of  thc major dra\\backs 1s thc TDNN training times According to prcliminan rcsults bascd on this raiuccd sct 
oftraining scqiiciiccs that includcd thc diphones m c n t i d  a bcttcr pcrfonnancc of  thc Wa\clct apprmch o f  about a 1OoA in thc 
rcxogniiion ratc for t k  samc numbcr of  traintng c!clcs could bc obscncd. aAcr t k  stabilization of  coiincction \\cights 
1 Conclurions 1 Thc TDNNs has p m \ d  to bcc cfficicnt in spccch recognitm duc to their abilit' to idcntifi rclationships among 
ncar transiton c~cnts This is ostcnsibl\ impro\cd n i th  the u x  of prcproccssing tcchniqucs oricntcd to t k  anal\sis of  transiton 
signals such as thc DWT in cmtrast to thc classics tcchniqucs To makc a more completc asscssmcnt o f  thc charactcristics and 
adtantagcs of  thc DWT for this t>pc o f  tasks. i t  \ \ w M  be ncccssan to incrcasc thc quantit\ o f  trainiiig data and training c\clcs 
as \\cll as to use diphones ~ 8 t h  a diffcrcnt transiton c~olution 
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COMPARISON BETWEEN WAVELETS AND FOURIER ANALYSIS  
AS SPEECH RECOGNITION PREPROCESSING TECHNIQUES 

L. Rufiner, L. Gamero, M.E.Torres, D.Zapata, A. Sigura 
Facultad de Ingeniería, Bioingeniería, Universidad Nacional de Entre Ríos - Ruta 11 Km 10, E.Ríos, 

Argentina- 
TE (54)(43)230992 FAX (54)(43)230884 - Postal Address: CC 57 Suc. 3 (3100) Paraná. 

 
[ Introduction ] The harmonic nature of the sound and the characteristics of the source of stimulus of 
the human speech production system lead us to think that these aspects should be analyzed in the 
frequency domain. But the voice signal is the product of a complex generative process whose 
parameters vary in time in a continuos form. For example, the particular movement of  a formant in 
time is an important cue for identifying a voice stop. This fact reveals that it is necessary to relate 
temporal events represented in terms of frequency features. 
The use of neural networks for speech recognition was fundamentally oriented towards stationary 
patterns. To deal with the dynamic aspects of speech signal, the use of  Time Delay Neural Network 
(TDNN) that takes simultaneous information of  different instants was proposed [1, 2]. This type of 
neural net allows to discover acoustic-phonetic features and their time relationships. The good use of 
this feature depends strongly on how adequately these events can be presented  to the network. The 
TDNN learns decision surfaces automatically using error backpropagation. The morphology of the 
solution space and the separability of the classes are fundamentally important in order to decrease 
training time. 
This paper studies the performance of analysis through Discrete Wavelet Transform (DWT) of speech 
signal against the Short Time Fourier Transform (STFT). By performance, in this context, we means 
the quality of preprocessing that makes the important characteristics of voice signal evident in order to 
achieve its automatics recognition through a TDNN. This improvement is seen as a decrease in training 
times or an increase in the recognition rate. 
[ Analysis Technique and Methods ] Historically, digital processing of voice signals for coding, 
synthesis or recognition has been based on the adaptation of  long term signal processing techniques to 
the analysis of nonstationary characteristics through the concept the short time analysis. Such is the 
case of the Fourier Transform and its STFT version, which, together with the Short Time Linear 
Prediction Coding (STLPC) analysis, have been widely applied in speech processing. In spite of the 
good results achieved, this type the analysis has not been originally thought for this type of task. That 
is why it is expected that better results will bee achieved using techniques specifically designed to deal 
with the transient aspects of the signal. 
In particular, the Wavelet Transform (WT) is of interest for the analysis of non-stationary signals, 
because it provides an alternative to the classical STFT or to the Gabor Transform. The basic 
difference is as follows: in contrast to the STFT, which uses a single analysis window, the WT uses 
short windows at high frequencies and long windows at short frequencies. The wavelet decomposition 
of a continuous-time signal g(x) is an expansion of the form 
  g x d k x ki

i

k Zi Z
( ) ( ) ( )( )= −∑∑ −

∈∈
ψ 2  

where the basis functions are generated by dilatation and translation of a single prototype ψ(x). The 
wavelet function ψ(x) must satisfy certain properties: there must exists a linear one-to-one mapping 
between a function g(x) ∈ L2(R) and its wavelet coefficients {d(i)(k), (i,k) ∈ Z2}; this mapping 
defines the discrete wavelet transform. We have considered the special case in which the basic 
functions are cubic polynomial splines and we have used  Fast computational algorithms [3, 4]. 
The discrete wavelet representation has a number of attractive features that have contributed to its 
recent growth in popularity among mathematicians and signal processors. First, its hierarchical 
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decomposition that enables the characterization of signal over scale (multiresolution analysis) [5]. 
Second, the  wavelet transform is in essence a subband signal decomposition; in fact it is closely 
related to a variety of multirate decomposition techniques [6]. Finally, there is a fast wavelet transform 
algorithm. All these features have led us to the use of the multiresolution analysis as a preprocessing 
technique for the recognition of diphones through a neuronal network.  
The performance of the system was assessed using TDNN. As a recognition task, the speaker-
dependent recognition of the diphones 'be', 'de' and 'ge' was chosen. Two training experiments on the 
same data have been prepared. The emissions of one male speaker who pronounced each diphone 20 
times at different moments were digitized totaling 60 emissions taken at 12 KHz, 16 bits. Half of the 
data was used for training and the other half for validation. In the first case an FFT of 256 points with 
20 ms Hamming window and 10 ms overlap were used as a preprocessing block. The quantity of points 
was chosen to obtain no more than 128 coefficients since this makes the network structure more 
complex. These results were compared with the DWT, with the same quantity of coefficients. The 
network structure was the same in both experiments and they were trained through the backpropagation 
algorithm in identical situations. Each network output node correspond to each of the training 
diphones. 
[ Results ] One of the major drawbacks is the TDNN training times. According to preliminary results 
based on this reduced set of training sequences that included the diphones mentioned, a better 
performance of the Wavelet approach of about a 10% in the recognition rate for the same number of 
training cycles could be observed, after the stabilization of connection weights.  
[ Conclusions ] The TDNNs has proved to bee efficient in speech recognition due to their ability to 
identify relationships among near transitory events. This is ostensibly improved with the use of 
preprocessing techniques oriented to the analysis of transitory signals such as the wavelet transform in 
contrast to the classics techniques. To make a more complete assessment of the characteristics and 
advantages of the WT for this type of tasks, it would be necessary to increase the quantity of training 
data and training cycles as well as to use diphones with a different transitory evolution. 
[ References ] 
1. Waibel A., Hanazawa T., Hinton G., Shikano K. and Lang J., "Phoneme Recognition Using Time 

Dealy Neural Networks", IEEE Trans. on Acoustic Speech and Signal Processing; Vol ASSP 37, 
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