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This paper reports the comparative recognition performance of two isolated
whole-word pattern matching recognition strategies.

The strategies were investigated as part of a project aimed at developing a low
cost near real-time voice actuator, for use with environments}. control
equipment and other side for the disabled, and have beendescribed elsewhere by
Taylor [1 L [2] and [3].

strategy A used a feature set consisting of the total number of speech frames J
from an utterance, the first two major spectral energy peaks 91 and 9 per
frame, and speech frame energy a . Linear time normalisation was use in an
attempt to overcome temporal variability.

strategy 3 used a reduced feature set composed of the total number of speech
frames J and the first two major spectral energy peaks 9 and a per frame.
Time normalisation was based on a symmetric dynamic time warping (DTH)
algorithm.
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Remition Model
The recogn set was based on the well known isolated word recognition model
shown in figure 1. The three major stages of this model include feature
measurement, pattern similarity computation and the application of a decision
rule . ‘

    

  

  

lane'ssawlusuv “Em”
Amusuc
season I ) 0) wont

     
  

  

__ l—b‘
PE“ PICIIM mWESY YO'AL: uoeuausmFIANE :nrnnv amps.“ msrmecutuunon mo

IEMPLAIES

Figure 1. Isolated word recognition model

Concurrent Digital and Analog 5152!. Processing
an s Ill-Ir 16/52 bit Hctorcls 66000 microprocessor was used to perform spectral
energy calculation, normalisation, and distinctive feature extraction. This
digital signal processing was performed concurrently with the analogue spectrum
analyzer acquiring new frames of speech data.
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muscle ANALYSIS

sisal Conditioning

he acoustic speech signal was detected by a head-worn Shore Brothers Sta-10
noise cancelling microphone and pro-emphasised at 5 dB per octave between I kill:
and 7 kill. -

chtrum Analyzer
0 pro-emphasised signal was passed through a spectrum analyzer based on 16

contiguous 4th order analogue filters, covering the frequency range 200 Hz -
'I has. The centre frequencies and bandwidths of the filters were chosen in an
attempt to resolve the first two formsnts of voiced speech and the two major
spectral peaks applicable to voiceless fricetivss, see [2] and [3 ].

each frames
The f lter bank spectrum analyzer transformed time domain representations of

the speech signal into time averaged frequency domain descriptions. known as

frames. ‘lhose consisted of ‘6 frequency related energy levels which
approximated to short-time speech spectra averaged over a 10 me time period '1‘.

The frames were read sequentially fromthe spectrum analyzer at a 100 Hz frame

rate and transferred by the CPU to a circular nsmry speech buffer-

Utterance find-Point Detection
An adepth backtracking utterance end-point detector based on the system
proposed by Rabinsr and sambur [d] was used to locate utterance start and and

frames. A complete description of the operation of the end-point detector may
be found in reference [t ].

1mm FEATURE 831'

utterance Long

The total number of speech frames :1. located by the utterance end-point

detector provided the coarsest parameter of the feature set for both
recognition strategies-

Hajor Spectral Energy Peaks, Ql And 92

m 16 energy levels within each speech frame were reduced to a description

consisting of only the two features 9‘ and 92. These approximated to
either the first two formenta of voiced speechor the frequencies of the two

major spectral energy peaks of unvoiced speech. The voiced/unvoiced decision
was based on a simple energy comparison between RV, the avenge speed; energy
in the range 200 ll: - 2 kHz, and 3‘, the average speech energy in the range
2.0 k!!! - 7 RH].-

Each spectrum ordinate energy en was obtained by calculating the square value

of each ordinate amplitude in, as suggested by Schafer and Rabiner [5 1.

ms speech signal was treated as voiced if

C(Iv) > B!

where a was an empirically optimised scaling factor of 0.8.

(1)
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Figure 2. Construction or feature patterns

vutterence Frame Energy. 93

The normalised spectrum energy Sci calculated for every frame within an
utterance wasused as feature {23 n recognition strategy n.
3% was found by dividing each averaged spectrum lrame energy level raj by
the mean energy value 8 or the complete utterance, as shown in equetion (3).

The mean utterenca energy value B was leund by the summation of all frame
energies er, divided by the number of frames J, see equation (2)-

J J I1
‘ . .. .1 ig':Z(=a),Z..Z°r-, m

3-1 3-1 n-1
1>J>130

N-IG
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Reference Templates
Inference Templates for recognition strategy A were constructed from speech
features so that a word of duration .1 x 1' seconds would be characterised by
9| x .1, 92 X .1 and 93 X a feature patterns.

3n
j (3)

 

Recognition strategy 8 need reference templates characterised by only 91 x J
and 92 x J feature patterns.

figure 2 shows the construction of typical feature patterns 91 x J, 92 x Jand
93 X .1 for the utterance 'srx'. 'lhe figure also shows how the Q1 and 92
features were extracted from an example frame of speech data.

  
  smothing alggrithm. The feature patterns 91 and 92 shown in figure 2 contain

several erroneous data points subsequently removed by a median smoothing
technique auggeatedby Rahiner et al [6 ].
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Linear Time Normaliaation
h “near t5 normalisation algorithm was used in recognition strategy a as a
wmwomiae between rohuat normalisation and real time operation. no algorithm
stretched the time axis of an utterance so that every feature template always
contained 0' data points, where J' was the maximum number of frames allowed for
a valid utterance. “me generation of additional data points was achieved by
applying an interpolation technique between known frame values [1].

Non Linear Time normalisation ~
a symmetric Dynamic Time Harping'w'i‘w) algorithm was used in recognition
strategy a which has been well described by Sakoe and Chiba [7]. ma
formlation for the dynamic programing calculation is the recursive expression
reproduced here as equation (4). Further descriptions may also be found in [2]
and [3 ]. although improved recognition performance was expected with this
algorithm it was also anticipated to be at the expense of real-time operation.
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“6.41.: min g(i-l.j—ll+ mini) (4)

gti—2,J—l)+ 2d(i-1,jl+d(i.J)
   
  
    

 

mums EXPERIMENTS

he sets of recognition trials were conducted with four different vocabularies
spoken by five adult male and five adult female naive speakers, in an
acoustically noisy laboratory. Ilene of the ten subjects chosen for the tests
was allowed any exposure to the recognition system prior to the recognition
tests, encept for the time necessary for input amplifier gain adjustments. The
background noise sound preaeure level was 66can with short-term acoustic noise
transients of 79 sea.
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Lexicons
The vocabularies used in the trials consisted of three 10 word lexicons and s
30 word lexicon consisting of the other three lexicons, see Table 1.

Table 1. Word and syllable contents or the four tested lexicons

m
syllable syllable syllable
Content Content content

Zero Birmingham Airconditioning
Manchester Central Nesting
Aberdeen Television
tendon lltelepnone
Edinburgh Down
Newcastle 0!!
needs Radio
Belfast

CerdiH on
Glasgow "9

Average Syllable Average Syllable Aversgs syllable
Content - 1.2 Content I 2.4 content - 2.5

Lexicon d Combines lexicons 1 2 s 3 and hes
Average syllable Content I- 2.
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Structure of erinents
Training. The recogniser was trained by every subject in order to generate two
templates for every word in each lexicon under test.

Reccnition. The recognition procedure was conducted with the assistance of en
observer who recorded the words recognised by the machine and ensured the tests
were cerried out in a consistent manner. hiring the performance tests the
confidence and rejection thresholds within the recogniser were disabled in
order to force a recognition decision.

Recognition Decision
The recogn t on dec sion rule was simply based on the Reference Template which
produced the lowest normalised total distance score during the similarity
computation .

Microaone asition. The microphone used by the subjects was initially set to
a 2 red stance Eton the side of each subject's mouth usingsn expanded
polystyrene slip gauge. During the performance tests the correct positioning
of the microphone was regularly checked. -
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RESULTS

Conhaaion matrices
Tables 2 and 3 are the confusion matrices for the combined male and female
subject gtwa speaking the iseieted digits contained in lexicon i, using
recognition strategies A and B respectively.

Table 2- Recognition strategy A. Contusien matrix obtained from 5 naive
tennis and 5 naive ma'ia speekers using lexicon 1 (digits 0-9)
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Table 3. Recognition Strategy 3. confusion mater obtained from 5 naive

femaie and 5 naive male speakers using lexicon I (digits 0-9)

necesmseo wean

uuhael ox
occulous Eu», KKEMADEmay. no Emma“
us con-sun an.“m
mums no. we
meal-055m:

c
a
n
:
x
m
e
o
n
u

 270 men. Vol 3 Pen mess)

 



  

Proceedings of The Institute of Acoustics

COHPARATIVB 150mm WORD RECOGNITION EXPERIMENTS

titative Race ition Performance
From a comparative examination of matrices obtained using the two recognition
strategies, it is clear that strategy 5 gives superior performance-

‘i'he wide spread of confusions shown in Table 2 are so scattered it is virtually
impossible to estimate how such misrecognitions could have occurred. Some of
the confusions shown in Table 3, however, are far more predictable,
particularly where the 'Pive' 'Nine' confusions occurred. For these digit
confusions it may be assumed that the initial frlcative /f/ tron the digit
'Pive' was lost in background noise! subsequent voiced frames, however, were
found to match against those from the reference template 'Nine'. This template
then returned the lowest overall distance penalty and was therefore recognised
as the spoken word.

The differences in overall recognition accuracy may be seen by comparing the
recognition results obtained using strategy a, tabulated in Table 4, with the
results using strategy 3, tabulated in Table 5. The differences in recognition
accuracy {or all speakers and lexicons are represented in Figure 3. It is
shown that, for every speaker and lexicon, strategy I gave superior
performance, the minimum difference being 10% and the maximum 46‘. lhe average
improvement in accuracy for all ten speakers and all four lexicona' using
strategy 3 was 26‘-

svrwe
96mm:
momma
“M1

 

I a s L
Lilltfll rulers

floor-ulna" minors FOR rEu NAIVE SPEAKERS

lg — :coaonrcn slum“
Finns: 5a "cums on «sun Plum-11,51va
«amen mu: mum :: ms»: nu: musalm

@- sroauumon smvsov s
Film“ 56! lull“! "(I (Ollll, PK?! an MD
Mml 1: In” men IIIIE Halli SAND"
[BUM "IE “HIM

Figure 3. comparative recognition accuracies

The increase in digit recognition using the DIV strategy, is worthy of further
comment, as it is contrary to the findings of white and Neely [s In their
experiments they found no» difference in digit recognition accuracy when using
either linear or UN based recognition algorithms.

Post utterance Processing Delays
The reeog'n t on strategy which used linear time normalisation gave a post
utterance processing delay of no greater than 200 ms. The mu based strategy,
although more accurate. had a considerably extended post utterance delay of up
to 3 s for the same 30 active word vocabulary.
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'l'ahle 4. Vstrategy A Recognition scores for naive female and naive male

speakers, recorded for every lexicon

 

   
  
 

   
    

 

  
  

 

     
   

  

  

  

 

Recognition accuracy scores in percentage (a)

Average
Speaker Age Lexicon Number Iacogni- Speaker Ag Lexicon Number Recogni-

l’emale Years 2 4 cion Per Male Yeara 1 2 3

25 12

O

1 3

6B 74 56 36
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39 79 76 82 64 21

29 76 56 62 60 37
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'35 66 52 61 32

 

   
Average recognition

accuracy - 65 68 62 56 accuracy - 72.4 72.8 69.9 68

per lexicon for female speakers per lexicon tor male speakers

Average recognition Average recognition

accuracy for female speakers - 63.0“ accuracy {or male speakers - 70.4“

Table 5. strategy a Reoognitiou scores for naive female and naive male

speakers, recorded tor every lexicon

Average recognition    

  

      
     

       

    

    

  

  

Recognition accuracy scores in percentage 1‘)

  

     

 

Average Average
Speaker Age Lexicon Number Recogni-

tion For Hale Years 1 2 tion Per
Speaker Speaker

  

    
      

       
    
  

 

96 96 98 91 37 ‘00 99 93.3
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Average recognition Average recognition

accuracy - 91.6,94.s,90, 81 accuracy - 92.4,99.2,94.4,93

per lexicon for female speakers per lexicon for male speakers

Average recognition Average recognition

accuracy for female speakers - 90-8! accuracy (or male speakers - 94."
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OONCLUSIONS

The results show that for recognition systems based on minimal distinctive

features, dynamic time warping makes a far more significant contribution to

recognition accuracy than an additional descriptive feature such as utterance

energy. as significant is the increase in recognition performance that it may

be concluded that even low cost systems should be designed with dynamic time

warping, or similar techniques, before attunpting to increase the number of

descriptive features employed in the speech pattern. Although the extra

computation load of a M‘H algorithm will cause a significant increase in

recognition transaction time, this may he reduced using variable frame rate

data acquisition techniques-
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