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ABSTRACT the automatic determination of weights to be applied to audio and
This paper investigates the use of lip information, in conjunc- visual classifiers, so as to maximize verification performance over
tion with speech information, for robust speaker verification in the arange of operating conditions.
presence of background noise. It has been previously shown in
our own work, and in the work of others, that features extracted
from a speaker’s moving lips hold speaker dependencies which
are complementary with speech features. We demonstrate that th .
fusion of lip and speech information allows for a highly robust 2.1 Audio Sub-System

speaker verification system which outperforms the performance of The audio sub-system feature extraction is quite standard, with
either sub-system. We present a new technique for determiningmel-cepstral features [6] being extracted from the speech. Mel-
the weighting to be applied to each modality so as to optimize the cepstral features have been shown in the past to be well suited for

performance of the fused system. Given a correct weighting, lip speaker identification purposes [1], hence their use in this applica-
information is shown to be highly effective for reducing the false tjon.

acceptance and false rejection error rates in the presence of back-
ground noise.

2. SYSTEM FEATURE EXTRACTION

2.2. Visual Sub-system

1. INTRODUCTION To extract features from moving lips, a system must be able to
o o automatically locate and track the lip contour. This is by no means
Speaker verification can be thought of as person authentication sy simple task and much research has gone into the topic of lip
ing the class of information which arises from the production of tracking in itself.
speech. Within this class, the most obvious source of features  \ye have presented in detail [2] a new method for lip track-
is speech information itself. In ideal or clean conditions, auto- ing using a combined chromatic-parametric approach, where the
matic speaker recognition (ASR) systems perform very well using parametric lip contour model is derived directly from chromatic
speech characteristics alone. However, considerable decreases ii'i’lformation. This technique provides computational advantages

performance are observed as a result of adverse variables such ag; no minimization procedure is required to fit the contour model
background noise, channel distortion or reverberation [1]. to the lips.

A less obvious source of information related to speech pro-
duction is that of visual lip information. Lip movement is a natural
by-product of the various positions the oral cavity must take to 3. AUDIO AND VISUAL SYSTEMS
produce the range of phonetic sounds we understand as speech. In
noisy conditions, a listener makes considerable use of lip informa- 3.1. Audio and Visual Classifiers
tion to aid in the speech intelligibility process. We have shown in
our previous work that speaker recognition of reasonable accura-
cies can be obtained by using lip information only [2].

Previous work in acoustic-labial speaker verification has been

Classification of both audio and visual data was achieved via the
use of the Gaussian Mixture Model (GMM). These models have
been used extensively in the past for the modelling of the output
performed via the use of Hidden Markov Model (HMM) classi- probability digtribution of speech features for a pe}rticular speaker
fiers usingfixedacoustic conditions [3]. Other recent audio-visual [6]: The multi-modal nature of the model allows it to cater for a
authentication work has considered the fusion of facial and speechVide range of voice characteristics for each speaker.

information, however once again the fusion systems assume fixed ~EXperiments also showed that ttlistribution patternsof fea-
acoustic and visual conditions [4][5]. tures from a speaker's moving lips, over a period of time, held

The work presented in this paper considers the fusion of speaker dependent qualities [2]. The Gaussian mixture density for

speech and lip information given that audio conditions can dif- & given modeh; is given by:
fer greatly from training to testing. We develop an algorithm for

M
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whereZ is the observation vectop;, is the mixture weight 4. AUDIO-VISUAL FUSION SYSTEM
for mixture m, of M mixtures, for speaket, andT'(Z, u, ) is a
multivariate Gaussian function with mearand covariance matrix ~ 4.1. System Structure

3. . . . .
Two main approaches can be taken for fusion, being thati-of

P - rect fusion, andoutputfusion [8]. In direct fusion features from
3.2. Verification Decisions each source are combingdior to classification, whereas in out-
In any verification system the aim is to determine whether to ac- Put fusion, features from each source are separately classified, with
cept or reject a speaker based on how well their data fits the modefthe classifier outputs then being combined. Past research [9] has
of the claimed speaker. We can categorize the verification decisionShown thabutputfusion is in general superior for audio and visual
as a two class problem where the clasiksand H, are the ac-  fusion.
ceptance and rejection classes respectively. The simplest approach The basic structure of our fusion system is thatasn-
is to compare the score from the model to a threshold and make achronous linear outpufusion. Here the verification decisioff

class decision as: is based upon a linear combination of outputs from the audio and
visual classifiers. This can be expressed for the general case [10]
P(X™% AT ) > Trioae = Ho 2 as:
mode |y mode
P(X |/\claim) < Tmode = Hi (3) assign H — Hj fOT'j =0,1 1f
where:

Trode
mode |\ mode 1 mode |\ mode aPH'Xaud+1_aPH'XUiS =
POX™ gty = 15 log (o \es) () (H;|Kawa) + (1= @) P(H; [Xuio)
T = max {aP(Hy|Xaud) + (1= ) P(Hi[Xuis)} ()
where \™°% is the model for the claimed speakét,is the

claim

. ; where Hy and H; are theacceptand reject classes respec-
number of frames for input featureg*°#¢, 7.4 is the threshold 0 ! P ) P

tively, X,.0qe are the input featuresy € [0, 1], and we assume

value andnode C |aud, vis]. thea priori class probabilities?(Hy) and P(H,) are equal.
o Rather than attempting to compute theposteriori proba-
3.3. Background Normalization bilities P(H«|X04e) the verification decision is based upon a

speaker independent thresholding of cohort normalised seores

In general, superior verification performance can be obtained via ) . .
9 b P from each modality. This can be expressed mathematically as:

the use of background normalisation or cohort speaker models [7].
Rather than only thelaimedspeaker model score being used for
thresholding purposes, we also make use of background model
scores. Anormalisedscore is calculated as:

U(Xm0d6|sclaim) = logp(XmOdep‘Zng;iri) -

assign H — Ho if

a~u(Xaud|sclaim) + (]— - Q)U(Xvis|sclaim) > T (8)

_ lOg Z p(Xmode |A£node) (5) . .
beB(i) assign H — H, if
wheres iqim is the claimed speaker andode C [aud, vis] aw(Xaudlsetaim) + (1 — @)u(Xois|Setaim) < T (9)

as before, and is the background speaker set.

To increase the robustness of each client's model to both sim- | . .
ilar and dissimilar impostors, we incorporate botbar and far defined in quatlon 6. .
speakers into our background speaker cohort selection. We fol- Th_us we first calculatf_s the cohort normal_lsed Scores fo_r e"’.‘Ch
low a procedure similar to [6] where we select maximally-spaced modality, and th_en comblne these scores via a linear weighting
speakers from a close set, and maximally spaced speaker’s fronpefore thresholding the final value.
a far set, thus decreasing redundancy in the choice of background
speaker characteristics. 4.2. Determination of Optimal Classifier Weightings

The final normalized score is calculated as:

where T is the score threshold value, andX,,oqe|s:) are

In any classification system, the output probability is really an es-
W(X %S p1aim ) = log p(X ™% | ATo%e ) — timate of the true posterioriprobability with an associated error

claim
~log Z p(X ot | Amodey _ factor. Hence we can express the output estinfdtd |X;) as:

beC (i) Is(Hk|Xmode) = P(Hk|Xmode) + €mode (10)
—lo Xmode )\mode 6
gb;i)p( A ©) wheremode C [aud,vis] andk C [0, 1].

We seek to find a way to automatically allocate the optimum
whereC andF are the close and far cohort sets for the claimed weightinga € [0, 1] to classifiers so as to minimise the error con-
speaker respectively. tributionsemode, to the overall verification problem. To determine
In the case of our experiments we chose close and far cohortsthe resulting confidences for each classifier, we treat the problem
sets of 5 speakers each from initial groups of 10 close and 10 faras a large-sample test of the hypothesis for the difference between
speakers. Hence our final cohort set contained 10 speakers. two sample means. In our case, the two sample mgar®d zi1



represent the means of the normalised scergs/en true clients ROC curve represents verification performance under a particular
and given true impostors respectively. level of audio degradation.
Hence we are testing the hypothesis:

1 m 1 n ROC curve for audio data
Hy: - E w(Xmode|client;) — o E w(Xmode [impos;) > 0 el .
i=1 i=1 \
(11) o X e——o clean ’
o ; o5l \ xx  SNR=20.0dB
It can be shown statistically, that tiseandard error¢ for this X +- -+ SNR=17.0dB
i is: 8 . *--x SNR=15.2dB
estimate is: 5oal . =—=a SNR=13.0dB
g \ o 6 SNR=122dB
> P & @ N v---v SNR=10.0dB
mode gy 251 8
de = 0P =4/ L2 4 L 12 Zoaf
Emode Xo—-X1 m n (12) :;03

wherem andn are the number of client and imposter tests
respectively, ang ando} are the sample class variances deter-
mined from the training set. RN

We assume that the standard error for a classifier gives a rela- SR
tive indication of the ability of the classifier to consistently sepa- of &+
rate client scores and imposter scores. The less variation there is o o1 02 it fase et os os
in client and imposter scores, the lower the standard error for that
classifier will be, and the better the verification performance. Figure 1: Audio ROC curves

Based on this we determine an "optimal” valuenoés:

; 1
- optim -
— modade mode - 13 .
ASSIN Ymode Gmed Zf Gmode ¢ Emode ( ) 5.2.2. Llp Tests
wheremode C [aud, vis]. Figure 2 shows the ROC curve for verification using lip informa-
~ Hence based on the assignmentwdh Equation 7, we deter-  tion only. For the purposes of these tests, the quality of visual
mine« as: ¢ information has been held constant and not degraded in any way.
o= vis 14
gaud + gvis ( ) oc . L
5. EXPERIMENTS osr

o
@

5.1. Experiment Details

We trained and tested the audio and visual verification systems us-
ing the M2VTS multi-modal database [11]. The database consists
of over 27000 colour images of 37 subjects counting fa@roto

neuf in French over a number of different sessions, with a week
between each session. We used the first three recording sessions
as training data, and the fourth session as test data.

The verification tests consisted of a series of bfatlse re-
jection (FR) tests andalse acceptancéFA) tests. The first 30
speakers were chosen to be clients, whilst the remaining 7 speakers
were used as impostors only. Cohort speakers for each of the client o o1 02 o3 oz o5 o6
speakers were obtained from the other remaining client speakers. Froebity offelse reecton
For FR tests, all 30 speakers were used as clients to their own mod-
els resulting in 30 tests. For FA tests each of the 7 impostors were
used against all 30 client models resulting in 210 tests.

One of the key aims of the experiments was to evaluate the ef-
fectiveness of the choice af as speech data quality was degraded
with noise. Given that the technique for choosing, described 5.2.3. Audio-Visual Fusion Tests
in Section 4.2 is optimised for clean audio and visual data, we de-
liberately change conditions to extreme levels to evaluate system
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Figure 2: Visual ROC curves

The verification results after fusion of speech and lip information
are presented in Figure 3. The valuenofised to form the results

robustness. is determined as per Section 4.2. Given clean audio and visual
training dataq,,: was calculated to b@.901.
5.2. Results To evaluate how good the choice @, is, Figure 4 gives a

comparison of the EER’s for the "optimal” system with a range of
other values ofv € [0, 1].

In Figure 1 thereceiver operating characteristi®ROC) curves are For clean data, the optimal fused system can be seen to main-
presented for the verification system using speech data alone. Eackain the speech only EER rate of 0.47%. At very high noise levels,

5.2.1. Audio Tests
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Figure 3: Audio-visual ROC curves
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Figure 4: Comparison of EER's for varying weights

the optimal fused system reduces the EER from 29.0%, for speech
only, to 15.0%.

It can be observed that values@tuch ag).70 and0.85 out-
perform the optimal system at high noise levels, however for clean
data the corresponding EER'’s for these valuea afre 2.4% and
1.0%, which is a step backwards from the excellent performance
using speech only.

Given that a verification system would be ideally operating in
clean or low noise conditions, the choiceaf,: = 0.901 made
by the system does indeed appear to be almost optimal. If a sys-
tem were to be continually operating in high noise conditions, we
would need to determine the standard error for audio ¢ata
based on highly noisy training data and find the ney: accord-

ingly. [

6. CONCLUSIONS [
This paper has presented the use of lip information as a secondary
source of information for robust speaker verification under varying

noise conditions. We have previously shown that speaker depen-

dent lip information can be obtained by classifying the distribution
pattern of features from a speaker’s moving lips over time.

Results show that speaker verification performance using
speech information only, decreases considerably as background
noise increases. The fusion of lip and speech information al-
lows the system performance to remain relatively high even when
speech information is highly degraded.

We present a technique for automatically determining the
weighting of audio and visual classifiers to maximise overall veri-
fication performance over a range of operating characteristics. Re-
sults from experiments are encouraging and show that the tech-
nigue is able to select a value aofto match the excellent per-
formance, in clean conditions, of speech-only verification, whilst
greatly improving results over speech-only in high noise.
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