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E PROCESSING

The present invention reiates to speech processing and
in partiéular to processing for speaker recognition.
Recognition processing includes speaker recognition, in
which the identity of the speaker is detected or &erified,
and speech recognition, in which a particular word (or,
sometimes, a phrase or a phoneme, or other spoken matter) is
detected. Speech recognition includes so-~called speaker-
independent recognition, in which speech data derived from
multiple speakers is used in recognition processing, and so-
calléd speaker dependant recognition, in which speech data
derived from a single speaker is wused in recognition
processing. In general, in' speech recognition, the
processing aims to reduce the effects on the spoken word of
different speakers, whereas in speaker recognition the
reverse is true.

Ié is common in recognition proceésing to input speech
data, typically in digital form, to a so-called front-end
processor, which derives from the stream of input speech data
a more compact, more perceptually significant set of data
referred to as a front-end feature set or vector. . For
example, speech is typically input via a microphone, sampled,
digitised, Eegmented into frames of length 10-20ms (e.gq.
sampled at 8 KHz) and, for each frame, a set of K
coefficients (typically 5-25) is calculated. Since there are
N frames e.g. 25-100 per word, there are N x K (in the order
of 1,000) coefficients in a feature vector. In speaker
recognition the speaker to be recognised is generally assumed
to be speaking a predetermined word, known to the recognition
apparatus and to the speaker (e.g. a PIN in banking). A
stored repfesentation of the word, known as a template,
comprises a reference feature matrix of that word previously
derived from a speaker known to be genuine. The input
feature matrix derived from the speaker to be recognised is
compared with the template and a measure of similarity
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between the two is compared .with a threshold for an
acceptance decision. '

A problem arises from.thé tendency of speakers to vary
the rate at which words are spoken, so that an input speech
matrix corresponding to a given word may be longer (i.e.
consist of more frames) or shorter than the template for that
word. It is therefore necessary for the recognition
apparatus to time-align the two matrices before a comparisoh
can be made, and one well known method of time—alignmént and
comparison is the Dynamic Time Warp (DTW) method described,
for example, in "Speaker Independent Recognition of words
usin§ Clustering Techniques®, Rabiner etal, IEEE Trans. on
ASSP, vol 24, no. 4, August 1979.

Various features have been used or proposed for
recognition processing. In general, since the features used
for -speech recognition aré intended to distinguish one word
from anothér without sensitivity to the speaker whereas those
for speaker recognition are intended to distinguish speakers
for a known word or words, a feature suitable for one type of
recognition may be unsuitable for the other. Some features
for speaker recognition are described in " Automatic
Recognition of Speakers from their voices”, Atal, Proc IEEE
vol 64 pp 460-475, April 1976.

One known type of feature coefficient is the cepstrum.
Cepstra are formed by performing a spectral decomposition
(e.g. a specétral transform such as the Fourier Transform),'
taking the logarithm of the transform coefficients, and
performing an inverse spectral decomposition.

In speaker recognition, the LPC (Linear Prediction
Coefficient) cepstrum and FFT (Fast Fourier Transform)
cepstrum features are known, the former being more widely
used. _

In speech recognition, a known feature is the mel-
frequency cepstrum coefficient (MFCC). A description of an
algorithm for calculating MFCC’'s, and calculating a distance
measure between an MFCC feature vector and a word template
using Dynamic Time Warping is given in "On the evaluation of
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Speech Recognisers and Data Bases using a Reference System®,
Chollet & Gagnoulet, 1982 IEEE, International Conference on
Acoustics, Speech -and Signal Processing, pp2026-2029,
incorporated herein in its @entirely  (including its
references).

.'An MFCC feature vector in general is derived by
performing a spectral transform (e.g. a FFT), on each frame
of a speech signal, to derive a signal épectrum; integrating
the terms of the spectrum into a series of broad bands, which
are distributed in an uneven, so-called ' mel-frequency’ scale
along the frequency axis; taking the logarithms of the
magnitude in each band; and then performing a further
transform (e.g. a Discrete Cosine Transform (DCT)) to
generate the MFCC coefficient set for the frame. It is found
that the useful information is generally confined to the
lower order coefficients.- The mel-frequency scale may, for
example, - be frequency bands evenly spaced on a linear
frequency scale between 0-1 Khz, and evenly spaced on a
logarithmic frequency scale above 1 KHz.

MFCC’s eliminate pitch information, which is useful
for speech recognition since this varies between speakers,
but wundesirable for speaker recognition. MFCC's have
accordingly not been preferred for speaker recognition.

In "Speaker Recognition by Statistical Features and
Dynamic ~Features", Review of Electrical Communications
Laboratories, Vol 30, No 3, 1982, PP 467-482, § Furui
describes and compares four speaker recognition methods. 1In
two of the methods, the spectral envelope is represented by
log area rations, and in the other two by LPC-cepstrum
coefficients. In the case of the use of LPC-cepstrum
coefficients, the coefficients are averaged over the duration
of the entire utterance, which may be several words (eg up to
7)., and the averaged values are subtracted from the cepstrum
coefficients of every frame to compensate for frequency -
response distortions introduced by the transmission system.
Time functions for the normalised cepstrum coefficients are
then expanded by an orthogonal polynomial representation over
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90ms intervals every 10 ms. The polynomial processing gives

rise to a polynomial representation which corresponds to the

mean value, slope and curvature of each cepstrum coefficient
in each segment. The original time fungtions of the cepstrum
coefficients are used in place of the zeroth order polynomial
coefficients, together with the first and second-order
polynomial coefficients, so that each utterance is
represented by a time function of a 30-dimensional vector.
From these 30 elements, a set of 18 elements is chosen with
a view to expanding the overall distance distribution of
customer and imposter sample utterances (determined during an
extehded training/enrolment phase). In an alternative
proééssing arrangement, LPC analysis 1is followed by a
statistical feature extraction process which involves the
generation -of, inter alia, Fourier cosine expansion
coefficients. with this'alternative processing, the final
feature set consists of §0 selected elements. This latter
processing arrangement ("Method 2") which used statistical
featuresﬂincluding'Fourier coefficients extracted from time
functions of LPC cepstrum coefficients and fundamental
frequency, was reported to produce a 99.9 recognition
accuracy on the particular training and imposter data used.
Furui concluded that the results “indicate that LPC cepstrum
coefficients are much more efficient than log area ratios”.
Furui proviﬁes no teaching to use any other cepstra, nor to
filter the input speech into a plurality of predetermined'
frequency bands. Moreover, Furui implicitly teaches the
value of wusing a very large feature set (eg up to 60
elements) - something which it is clearly desirable to avoid,
particularly if the relevant recognizer population is very
large. _
‘ In "Speaker Verification over Long Distance Telephone
Lines", ICASSP 89, Vol 1, 23 May 1989, Pages 524-527, J M
Naik et al compare speaker verification techniques using
either template~based Dynamic Time Warping or Hidden Markov
Modelling. Again, LPC analysis was performed to provide the
pre-processed information from which features were extracted.
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32 parameters were initially computed from each frime'of.LPC
data: )

* speech le;él estimate in 4B;

* RMS frame energy in dB;

* a scalar measure of rate of spectral change;

* 14 filter-bank magnitudes in 4B

- mel-spaced simulated filter banks
- normalised by frame energy

* time difference of frame energy over 40ms;

* time difference of 14 filter bank magnitudes over

40ms.

The speech features used to compare the reference and
test templates were obtained by a linear transformation of
these 32 parameters, to produce a set of 18 features for use
as a template. No explanatidn or reason is given for the use
of the mel-spaced filter banks and there~is absolutely no
suggestion to use any other form of cepstra than LPC.

It is an object of the invention to provide a method
and apparatus for speaker recognition, using an improved

front end feature.
Accordingly, the invention provides a method and

apparatus for speaker recognition in which a speech signal is
processed to derive recognition features comprising a
plurality of spectral amplitude coefficients, distributed on
an-. uneven frequency scale, at least one of which is
normalised by its-average level over a time intervai.

The normalisation acts to reduce the effect of any
long term filtering of the speech signal by, for example, a
telecommunications channel through which it passes.

' For ekample, the coefficients may be distributed on
the mel-frequency scale. In this case they may be Mel-
frequency Cepstral Coefficients. -The . normalisation is
conveniently performed by forming the long térm arithmetic
mean value of éach coefficient, and subtracting this from
each coefficient wvalue; since the <coefficients are
logarithmic, the subtraction corresponds to division by the
geometric mean of the source signal in each mel-frequency
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band.
It is found that mel-frequency cepstral coefficients,

when normalised in this manner, provide a reliable feature
set for recognising speakers, using only a relatively small
number of coefficients, and moreovef, that their use is
particularly suited to telecommunications applications:
because the dependence upon the characteristics of the
transmission channel between the speaker and the recognition

apparatus is significantly reduced.

Other aspects ‘and preferred embodiments of the
invention are as disclosed and claimed herein, with
advahtages that will be apparent hereafter.

The invention will now be described by way of example
only, with reference to the following description and
drawings, in- which:

- PFigure 1 shows_ schematically the employment of a
recognitiofli processor according to the invention in a
telecommunications environment;

Figure 2 is a block diagram showing schematically the
functional elements of a recognition processor according to
an embodiment of the invention;

Figure 3 is a flow diagram showing schematically the
operation of an MFCC generator forming part of Figure 2;

Figure 4 is an illustrative diagram in the frequency
domain illustrating part of the process of Figure 3;

Figure 5 is a flow diagram showing in greater detail
the operation of an end point detector forming part of Figure
2;

Figure 6 is an illustrative diagram of amplitude
against time to illustrate the process of Figure 5; '

Figure 7 is a flow diagram indicating schematically
the operation of a normalisation processor forming part of
Figure 2 in a preferred embodiment;

Figure 8a is a flow diagram illustrating the operation
of a comparison processor forming part of Figure 2 in a
speaker verification embodiment;

Figure 8b is a flow diagram illustrating the operation
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of a comparison processor forming part of Figure 2 in a
speaker identification embodiment;

Figure 9 is a flow diagram showing the operation of a
normalisation processor forming part of Figure 2 in an

alternative embodiment to that of Figure 7;
- Figure 10a is an illustrative plot of MFCC coefficient

values against time for each of two different
telecommunications channels; and

Figure 10b is a corresponding plot of coeﬁficients
normalised according to the preferred embodiment of Figure 7.

P R EMBODIM

Referring to Figure 1, a telecommunications system
including speaker recognition generally comprises a
microphone, 1, typically forming part of a telephone handset,
a telecomﬁ;nications network (typically a public switched
telecommunications network (PSTN)) 2, a recognition processor
3, connected to receive a voice signal from the network 2,
and a utilising apparatus 4 connected to the recognition
processor 3 and arranged to receive therefrom a voice
recognition signal, indicating recognition or otherwise of a
particular speaker, and to take action in response thereto.
For example, the utilising apparatus 4 may be a remotely
operated banking terminal for effecting banking transactions.

In maﬁy cases, the utilising apparatus 4 will generate
an auditory response to the speaker, transmitted via the
network 2 to a loudspeaker 5 typically forming a part of the
subscriber handset.

In operation, a speaker speaks into the microphone 1
and an. analog speech signal is transmitted from the
microphone 1 into the network 2 to the recognition processor
3, where the speech signal is analysed and a signal
indicatiﬁg identification or otherwise of a particular
speaker is generated and transmitted to the utilising
apparatus 4, which then takes appropriate action in the event

of recognition of the speaker.
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Typically, the recognition processor needs to acquire
data concerning the identity of the speaker against which to
verify the speech signal, and this data acquisition may be
performed by the recognition processor in a second mode of
operation in which the recognition processor 3 is not
connected to the utilising apparatus 4, but receives a speech
signal from the microphone 1 to form the recognition data for
that speaker. However, other methods of acquiring the
speaker -recognition data are also possible; for example,
speaker recognition data may be held on a card carried by the
speaker and insertable into a card reader, from which the
data is read and transmitted through the PSTN to the
recognition processor prior to transmission of the speech
signal.

Typically, the recognition processor 3 is ignorant of
the _route taken by the siénal from the microphone 1 to and
through th& network 2; the microphone 1 may, for instance be
connected through a mobile analog or digital radio link to a
network 2, or may originate from another country, or from one
of a wide variety of types and qualities of receiver handset.
Likewise, within the network 2, any one of a large variety of
transmission paths may be taken, including radio 1links,
analog and digital paths and so on. Accordingly, the speech
signal Y reaching the recognition processor 3 corresponds to
the speech signal S received at the microphone 1, convolved
with the transfer characteristics of the microphone 1, link
to network 2, channel through the network 2, and link to the
recognition processor 3, which may be lumped and designated
by a single transfer characteristic H.

Recognition Processor 3

In Figure 2, the functional elements of a recogniser
according to the preferred embodiment are shown. A high
emphasis filter 210 receives the digitised speech waveform
at, for example, a sampling rate of 8 KHz as a sequence of 8-
bit numbers and performs a high emphasis filtering process
(for example by executing a 1 - 0.95.z°! filter), to increase
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the amplitude of higher frequencies. A speech frame
generator 220 receives the filtered signal and forms a
sequence of frames of successive samples. For example, the
frames may each comprise 256 contiguous samples, and each
frame may be overlapped with the succeeding and preceding
frames by 50%, so as to give frames of length 32ms, at a rate
of 1 per 1léms. For example, a pair of frame buffers 221,
222, with a 16ms differential delay, may be filled in
parallel and read out in alternation. '

To eliminate spurious frequency artifacts due to the
discontinuities at the start and end of each frame,
preferably each frame is then passed through a Hamming window
processor 223, which (as is well known) scales down the
samples towards the edge of each window.

Each frame of 256 windowed samples is then processed
by _an MFCC generator 230 to extract a set of MFCC
coefficients (for example 8 coefficients). At the same time,
each windowed frame is supplied to an end point detector 240
which detects the start and finish of a speech utterance and
supplies a speech/non-speech control signal to a normaliser
250 comprising a coefficient store memory 251 and a
normalising processor 252. The normaliser 250, after
receiving a ’'speech start’ signal from the end pointer 240,
stores some or all of the 8 coefficients for each successive
frame in the normaliser coefficient_store 251 until the ’'end
of speech’ signal is received from the end pointer 240. At
this point, the normalising processor 252 calculates from the
stored coefficients for each speech frame in store 251 an
arithmetic mean coefficient value for each of the 8
coefficients. The arithmetic mean coefficient value for each
coefficient is then subtracted from the respective stored
coefficient value for each frame, to provide a normalised
matrix comprising 8 x N coefficients (where N is the number
of frames between the start point and the end point of a
spoken utterance). '

This normalised coefficient matrix is supplied to a
comparison processor 260, which reads a corresponding matrix
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associated with a given speaker from a speaker template 270,
performs a comparison between the two, and generates a
recognition/non-recognition output signal in dependence upon
the similarity between the normalised speech vector and the
speaker template from the speaker template store 270.

The high emphasis filter 210, window processor 223,
MFCC generator 230, end pointer 240, normalising processor
252 and comparison processor 260 may be provided by one or
more digital signal @processor (DSP) devices and/or
microprocessors, suitably programmed, with the frame buffers
221, 222, coefficient store 251 and speaker template store
270 .provided within read/write memory devices connected

thereto.

MFCC Generation
- Referring to Figuré 3, the process performed by the
MFCC generator 230 comprises performing a Fourier transform
on each frame, to provide. 256 transform coefficients, in a
step 40i; forming the power spectrum of the speech signal
from the Fourier coefficients by'summing the squares of the
Real and Imaginary components at each frequency, to provide
a 128 coefficient power spectrum in step 402; integrating the
power spectrum over 19 frequency bands in a step 403 as
discussed in greater detail below with reference to Figure 4,
to provide 19 band power coefficients; taking the log (for
example to base 10) of each of the 19 coefficients'in a stepl
404; performing a discrete cosine transform on the 19 log
values in a step 405, and selecting the lowest order 8
coefficients in a step 406.
The discrete cosine transform is well known and
described in, for example, the above referenced Chollet and
Gagnoulet paper; briefly, the Nth cosine component of M, is

given by
N _ _
EA(n) ‘Cos(mlI(n+0.5)) where
Y =n-1 -
m N N is

t h e
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number of discrete frequency bands (in this case 20, with a
frequency domain rotation applied to obtain the ZOth point)
and A(n) is the amplitude in the mth frequency band. The
effect of the DCT is to decorrelate the coefficients A(n) to
a large extent.

- Referring to Figure 4, Figure 4a notionally indicates
a portion of the power spectrum produced in step 402. Figure
4b shows a corresponding portion of the mel-frequency
triangular integration windows along the frequency axis. The
triangular windows comprise ten windows linearly spaced along
the frequency axis, each overlapping its neighbours by 50%,
between 0 ~ 1KHz and a further ten windows, triangular and
overlapping by 50% on a logarithmic frequency scale above 1
KHz. ’

Figure 4c shows schematically the effect of
multiplying, pointwise, each sample in the power spectrum by
the correéionding term in one of the triangular windows; for
clarity, only even number windows have been shown.

Next, the windowed values of Figure 4c¢ are integrated
across each window, to provide a single summed coefficient
corresponding to that window, as shown in Figure 4d.

The 19 coefficients thus produced (the zero frequency
coefficient M; being ignored) thus correspond to the power
which would be generated in the output of each of a
corresponding set of band pass filters, filters below 1 KHz
having equaf evenly spread band widths and those above 1 KHz
having band widths which are equal and evenly spread on a
logarithmic frequency scale.

Referring to Figures 5 and 6, the operation of the end
pointer. 240 of'Figure 2 will now be discussed in greater
detail. |

The endpointer 240 initially squares and sums the
signal values within each frame to provide a measure P of the

power or energy in the frame.
The value of P is tested against the first threshold

P,, which is set at a relatively low level such that it may

LI
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occasionally be crossed by noise signals. No action is taken
until a frame has a power level above this low threshold P,.
On a frame rising above the low threshold P, a flag
indicating a number assigned to that frame is stored (shown
as a variable "START" in Fig. 5).

When the value of the power P in a frame rises above
an upper threshold P,, which corresponds to the presence of
speech and which is at a level above likely noise levels,
speech is assumed to be present. The point taken as the
start point of the speech is a frame of predetermined number
("LEAD") of frames before that ("START") at which the signal
rose above the low threshold P,. In this way, although speech
is only confirmed to be present when the signal level rises
above the high threshold, the start of the utterance is not
lost. Accordingly, the number of the frame thus calculated
as the start point is eutput by the endpointer 240 to control
the normaliser 250.

If the level of the speech signal remains between the
two thresholds for longer than a predetermined time T, ,, the
value "START" is cleared.

On the frame energy dropping from the upper threshold
P, below the lower threshold P,, the end pointer 240 waits
through a predetermined number of frames termed the
"overhang" time T,. If the level rises above the lower
threshold P, again, within the overhang time, speech is
assumed still to be present. Once the power level of the
signal has fallen below the lower thréshold P, for more than
Ton
endpointer outputs an end point frame number which
corresponds to current frame number, less the number of
frames T, (i.e. the point at which the signal was last at the
threshold P ), plus a predetermined number of frames termed
the "LAG".

Normalisation

Referring to Figure 7, the normalisation process
carried out by the normaliser 250 will now be described in

frames, the utterance is assumed to be oirer, and the

greater detail.
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The frames of 8 MFCC coefficients per frame are stored
in the coefficient buffer 251 successively. After the
endpointer 240 detects the end of the spoken utterance, it
signals the start and end frame numbers to the normaliser
250. The normalising processor 252 then, for each of the 8
doefficients, recalls the value of that coefficient from the
memory for all frames between the start and the end frame and
forms the arithmetic mean by adding the coefficient values
and dividing by N, the number of frames between the start and
the end frames. This provides a set of 8 average values ﬁi
(i =1 to 8).

Next, for each coefficient of each frame, the
normalising processor 252 calculates a normalised coefficient
value G; v (where K is the frame number) by subtracting the
correspondiné average value ﬁ; from each coefficient value

ik - )
The set of 8 x N coefficients making up the normalised

vector G;, are then output by the normalisation processor

252.

M

arison P essin

A detailed description of the comparison processor 260
is unnecessary since its operation is conventional. Figure
8a indicates schematically the operation of the comparison
processor in speaker verification; in essence the comparison
processor reads the feature vector G comprising the.
normalised ﬁfCCS: reads a speaker template T comprising a
corresponding reference vector of coefficients; performs a
comparison between the two vectors using for example the well
known Dynamic Time Warp algorithm to time-align the two
(using, for example, the algorithm given in the above Chollét
and Gagnoulet paper) to'generate a scalar distance measure D
indicating the difference between the two vectors and tests
the distance measure D against the threshold. If the
distance D is lower than the threshold, the speaker is
accepted as corresponding to the stored template; otherwise
the speaker is rejected. Figure 8b shows the corresponding

operation of the comparison processor 260 in speaker
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identification; in this case, a plurality of different
vectors T, are read in succession from the template store 270,
and the speech vector G is compared with each in turn to
generate a corresponding distance metric D,. The speaker is
then identified as corresponding to the template from which
the speech vector differs the least (i.e. which gave rise to
the smallest metric D).

A NAT MBQD T

In the foregoing embodiment, as discussed in relation
to Figure 7, the normaliser 250 needs to know both the start
point and the end point of the utterance before it can
calculate N (the number of frames between the start point and
the end point), and the sum of the coefficient values M,
and hence the average value of each coefficient, and hence
the normalisédvalue of each coefficient. Accordingly, the
nordéliéer_zso must await detection of the end point by the
endpointer 240, and subsequent recognition processing is
delayed . until the end of the utterance. In nmany
applications, and with fast hardware, this delay may not give
rise to difficulties. However, in other applications it may
be preferable to begin normalisation before the end of the
utterance.

Accordingly, in a first alternative embodiment,
instead of .normalising the coefficients by subtracting the
arithmetic mean value of each coefficient over the whole
utterance, coefficients are normalised by subtracting a
running average which is updated periodically (for example,
on a frame by frame basis).

Referring to Figure 9, accordingly, in this embodiment
after the endpointer 240 signals the beginning of the
utterance, the normalisation processor 252 reads, for each
coefficient, the present average value for that coefficient

M.; subtracts this from the value M, of the MFCC coefficient

i
to form a normalised coefficient G;; increments a frame
counter N; adds the coefficient value ﬁito the current total
value M;,;, and divides the sum by the frame counter N, the

result being stored as the new value of the coefficient
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average value ﬁr The normalised coefficient values G{ for
each frame can therefore be released immediately.

It is anticipéted that a running average of this type
is likely to perform slightly less well than the preferred
embodiment, since initially the "average" value is not formed
from a representative number of samples. However, some
improvement in the performance is nonetheless anticipated
when compared to unnormalised coefficients. Naturally, other
methods of calculating a running average (for example, using
a moving window of past samples or updating less frequently
than every frame) are equally possible. In embodiments of
fhis.type, the coefficient store 251 may be dispensed with.

' In the foregoing embodiments, description has been
made of endpointing and normalising over a single contiguous
utterance (i.e. a single ‘word). If speaker identification
based on several separate words is to be performed, then the
process described in the above embodiments could be repeated
for each successive word in isolation. However, some
information useful in discriminating speakers may be found in
the relative level of the coefficient values of each word
relative to the others.

Accordingly, in a further embodiment the long term
average value ﬁi formed by the normaliser 250 is formed over
ali the words of the utterance. In a first example according
to this embodiment, this is achieved by forming the average:
over all the frames between the start and end points of each
word, as if the words followed immediately one after another
as a single utterance, and ignoring the non-speech frames in
between the words.

The same result is achieved in a second example, Dby
deriving separate averages as in the foregoing embodiments,
for each word, and then adding the avefages each weighted by
the respective number of frames in the word from which it is
derived, so as to form a weighted average from all the words,
and then dividing each coefficient of every word by the
weighted average derived across all words.

In the foregoing two examples, the weight given to the
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average corresponding to each individual word varies
depending upon the length of the word, which in turn varies
with the rate at which the speaker speaks the word (which is
variable independently of the spectral characteristics of the
way in which the speaker speaks the woxrd).

’ Accordingly; in an alternative embodiment, a long term
average is formed by forming the average over each word in
isolation as before, and then forming a weighted average from
the individual averages, but employing predetermined weights
corresponding, for examplé, to the 1length of the
corresponding stored template in the template store which
represents that word, rather than the actual duration of the
word as in the previous examples. In this way, the
dependence on the rate at which the words are spoken is
reduced. .

- Although it might under some circumstances be possible
to dispense with the end pointer 240 and form a long term
average over the entire duration of the telephone call, in
practice this is generally not preferred because during
periods of non-speech, the received signal level is generally
too low to provide a reliable indication of the spectrum of
the communication channel and, furthermore, it is difficult
to separate the spectrum of the channel from that 6f any
noise present.

In gpe above described embodiments, recognition
processing apparatus suitable to be coupled to a
telecommunications exchange has been described. However, in
another embodiment, the invention may be embodied on simple
apparatus connected to a conventional subscriber station
connected to the telephone network; in this case, analog to
digital conversion means are provided for digitising the
incoming analog telephone signal.

Although reference is made to the use of programmable
digital signal processing (DSP) devices; it will equally be

recognised that a conventional general purpose microprocessor

cperating at sufficient speed might instead be employed.
Likewise, a custom designed large scale integration (LSI)
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logic circuit could be employed.
The invention has been described with reference to

MFCC’s, but filter banks on uneven frequency scales
approximating to, or differing from, the mel-frequency scale
could be used. Whilst triangular windows have been described
above.for the integration in the frequency domain, it will be
appreciated that other window shapes could equally be
employed. Whilst a digital processor for calculating MFCC.
values has been described, it would in principle be possible
to provide instead a plurality of band pass analog or digital
filters,'corresponding to the bands shown in Figure 5b, and
to sample the power in each filter band.

) Whilst the invention has been shown to be surprisingly
advantageous in application to MFCC’s, its application to
other front ‘end features (preferably Cepstral features) is
not -excluded. -

Whilst a comparison process using the Dynamic Time
Warp (DTW) process has been discussed, the invention is
equally applicable to recognition employing other types of
comparison processing. For example, comparison processing

‘employing hidden Markov modelling (HMM), as disclosed in

British Telecom Technology Journal, Vol. 6, No. 2 April 1988,
S. J. Cox "Hidden Markov Models for Automatic Speech
Recognition : Theory And Application", pages 105-115, or
Neural Netﬁorks (for example of the well known multilayer
perceptron (MLP), or the "self-organising" types, both of
which are discussed in the same issue of the British Telecom
Technology Journal) may be used.

Whilst the application of the invention to speaker
recognition has herein been described, it will be apparent
that aspects of the invention may also be applicable to other
recognition tasks (e.g. speech recognition).

T LATE GE T

In general, the present invention employs a stored
reference model ("template" for DTW recognition) for the or
each speaker to be identified. Methods of deriving reference
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models are well known, and for understanding the present
invention it is therefore sufficient to indicate that each
template may be formed by a process of inputting a plurality
of utterances of the same word by a speaker; digitising the
utterances; deriving the normalised set of coefficients G, in
the same way as discussed above for each of the utterances;
aligning the utterances in time using, for example, a Dynamic
Time Warp process; and then averaging the ﬁime aligned
coefficient vectors of the utterances to derive an averaged
coefficient vector which provides the reference model T. In
other words, the process of forming a reference model for use
with a given feature set in subsequent recognition is
generally the same as the process of deriving the feature set
itself, a number of feature sets being averaged to give the

reference model.

EFFECTS OF THE INVENTION

Referring to Figure 10, Figure 10a (the left-hand
column) shows for each of the 8 MPCCs a graph of coefficient
value over time during an utterance. In each case, two
traces are shown; these correspond to the same recorded
utterance transmitted +via two different transmission
channels. It will be noted that, particularly in the second
and seventh coefficient, the channel results in a
substantial]_.y constant offset between the two traces,
corresponding to the difference in transfer characteristic in
the corresponding frequency bands between the two channels.

In the Dynamic Time Warp process, as in other
processés in which portions of two patterns to be compared
are brought. into time alignment, the Dynamic Time Warp
process essentially shifts portions of a waveform along the
time axis to find a match with another waveform. Where, as
here, two waveforms are vertically displaced, then this
process of shifting along the time axis. (i.e. horizontal
shifting) will result in a mismatch and hence in increased
likelihood of misrecognition or reduced likelihood of correct

recognition.



10

15

20

25

30

35

- 19 -

Referring to Figure 10b, in the right-hand column, the
corresponding plots of normalised MFCC’'s according to the

‘invention are shown. By referring to the 2nd, 6th and 7th

coefficients in parficular, it will be seen that removal of
the average value has in each case brought the two traces
into closer alignment. Thus, when a speech vector is
compared with a template which may have been derived through
a different communications channel, the Dynamic Time Warp
comparison processing is 1less 1likely to misidentify the
speaker due to the effect of the transmission channel.

~ As noted above, the (generally linear) path from the
speaker to the recognition processor can be represented by a
lumped transfer characteristic H, comprising the product of
cascaded transfer functions of successive stages of the path.
Thus, in the frequency domain, each spectral component of the
speeth signal received -by the recognition processor comprises
the producz of the spectral component of the voice of the
speaker with the corresponding spectral component of the
transfer function of the communication channel or path.
Thus, if the transfer characteristic H of the channel were
known the effect of the channel on the speech signal could be
removed by dividing each term of the received signal spectrum
by the corresponding term of the transfer characteristic H.

However, in a telecommunications system, because of
the pluralif& of diverse alternative signal paths it is not
possible directly to model the channel transfer function H.
However, it is observed that the channel transfer function is
generally spectrally stationary (i.e. does not change much
ovér time). Accordingly, if a time series of a single
spectral component is examined, the transfer function acts as
a constant multiplicative factor on each value in the series.
The geometric mean of each component in the time series is
therefore the product of this constant factor and the
geometric mean of the original time series. " Thus, the effect
of the channel is eliminated if each term in the received
speech signal spectrum is divided by its'long term average.
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In taking logarithms of each spectral term, rather
than forming the long term geometric mean and dividing
thereby it is possible to form the long term arithmetic mean
of the logged spectral term and subtract this arithmetic mean
from each spectral term. - '

. In the windowing and integrating stages of generating
MFCCs, it is thought that there is some transformation of
this relationship, so that the foregoing analysis does not
entirely apply to the normalisation of MFCCs but is merely
illustrative of the effect of the invention.

The normalisatioﬁ process removes not only the effect
of the channel, but also some speech and speaker information.
It might therefore be thought that this would reduce the
accuracy of recognition, by removing data which could be used
to distinguish between two speakers. In fact, surprisingly,
after extensive experimenﬁs we have found that this is not

the case.
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recognition feature data from an input speech signal, said
recognition feature data comprising a plurality of
coefficients each related to the speech signal magnitude in
a predetermined frequency band; comparing said feature data
with prédetermined speaker reference data; and indicating
recognition of a speaker in dependence upon the comparison;
characterised in that said frequency bands are unevenly
spaced along the frequency axis and in that the step of
generating said coefficients includes a step of deriving a
long term average spectral magnitude; and processing at least
one of said coefficients. so as to generate a normalised
coefficieng in which the effect of said long term magnitude

is substantially reduced.

2. A method according to claim 1, in which the frequency

bands are spaced on a mel-frequency scale.

3. A method accor&ing to claim 1, in which the frequency
bands are spaced linearly with frequency Dbelow a
predetermined limit and logarithmically with frequency above

said limit.

4. A method according to any of claims 1 to 3 in which
the step of generating said coefficients includes a step of
generating a logarithm of said magnitude, generating a
logarithmic long term average value and subtracting the
logarithmic long term average from the logarithmic magnitude.

5. A method according to any of claims 1 to 4, in which
said comparisqn is such as to time-align the feature data

with the reference data.

6. A method according to claim 5, in which the comparison
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employs a Dynamic Time Warp process{

7. A method according to any of claims 1 to 6, further
comprising the step of recognising a speech start point and
a speech end point within said input speech signal; and of
deriving said long term average over the duration between

said start point and said end point.

8. A'method"according to any of claims 1 to 7, in which

said long term average comprises the long term mean.

9. _ A method according to any of claims 1 to 7, in which
said long term average comprises a moving average which is
periodically updated.

10.7 A method according to any preceding claim, comprising
inputting a plurality of words one after another, and forming
said long term average over all of said words.

11. Apparatus for speaker recognition which comprises
means (210, 220, 230) for generating, in response to a speech
signal, a plurality of feature data comprising a series of
coefficient sets, each set comprising a plurality of
coefficients indicating the short term spectral magnitude in
a plurality of frequency bands, and means (260) for comparing
said featuré data with predetermined speaker reference data,
and for indicating recognition of a corresponding speaker in
dependence upon said comparison; characterised in that said
frequency bands are unevenly spaced along the frequency axis,
and by means (250) for deriving a long term average spectral
magnitude of at least one of said coefficients; and for
normalising the or each of said at least one coefficient by

said long term average.

12. Apparatus according to claim 11, in which the
frequency bands are spaced on a mel-frequency scale.
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13. Apparatus according to claim 11, in which the SR

frequency bands are spaced linearly with frequency below a
predetermined limit and logarithmically with frequency above

said limit.

14.  Apparatus according to any of claims 11 to 13 in which
the means (230) for generating said coefficients are arranged
to generate a logarithm of said magnitude, generate a
logarithmic 1long term average value and subtract the
logarithmic 1long term average from the logarithmic

coefficient magnitude.

15. ° Apparatus according to any of claims 11 to 14, in
which said comparison means (260) is arranged to time-align

the feature -data with the reference data.

16. Apparatus according claim 15, in which the comparison

means (260) employs a Dynamic Time Warp process.

17. Apparatus according to any of claims 11 to 16, further
comprising means (240) for recognising a start point and an
end point within said speech signal, in which said
normalising means (250) is arranged to derive said long term
average over the duration of the utterance between said start

point and said end point.
18. Apparatus acCording to any of claims 11 to 17, in
which said long term average comprises the long term mean.

19.  Apparatus according to any of claims 11 to 17, in
which said long term average comprises a moving average which

is periodically updated.

20. Apparatus according to any of claims 11 to 19,
arranged for inputting a plurality of words one after
another, in which said normalising means (250) is arranged to

form said long term average over all of said words.
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21. Apparatus aécording to any of claims 11 to 20 adapte@v%-f
to be connected to a telephone network. I

22. A telephone network comprising apparatus according to
claim 21.
23. Apparatus for recognition processing of a voice

signal, comprising means (210, 220, 230) for deriving
recognition data comprising a plurality of signals each
related to the short term amplitude in a corresponding
frequency band of said voice signal, and means (260) for
performing recognition processing in dJdependence thereon;
characterised by means (250) for periodically generating or
updating a moving long term average spectral amplitude in
said frequency bands, and for processing said feature data
using said long term average to reduce their dependence upon
stationary_spectral envelope components.



