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Abstract

In this paper, we demonstrate that use of a recently proposed feature set, termed Maximum Auto-Correlation Values, which
utilizes information from the source part of the speech signal, signi�cantly improves the robustness of a text independent
identity veri�cation system. We also propose an adaptive fusion technique for integration of audio and visual information in
a multi-modal veri�cation system. The proposed technique explicitly measures the quality of the speech signal, adjusting the
amount of contribution of the speech modality to the �nal veri�cation decision. Results on the VidTIMIT database indicate that
the proposed approach outperforms existing adaptive and non-adaptive fusion techniques. For a wide range of audio SNRs,
the performance of the multi-modal system utilizing the proposed technique is always found to be better than the performance
of the face modality. ? 2002 Pattern Recognition Society. Published by Elsevier Science Ltd. All rights reserved.
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1. Introduction

Access control systems are becoming an increasingly im-
portant part of our life. As an example, Automatic Teller Ma-
chines (ATMs) employ a simple identity veri�cation where
the user is asked to enter their Personal Identi�cation Num-
ber (PIN), known only to the user, after inserting their ATM
card. If the PIN matches the one prescribed to the card, the
user is allowed access to their bank account. Similar veri-
�cation systems are widely employed to restrict access to
rooms and buildings.

The veri�cation system such as the one used in the ATM
only veri�es the validity of the combination of a certain
possession (in this case, the ATM card) and certain knowl-
edge (the PIN). The ATM card can be lost or stolen, and
the PIN can be compromised (e.g. somebody looks over
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your shoulder while you’re entering the PIN). Hence new
veri�cation methods have emerged, where the PIN can be
replaced by, or used in addition to, biometrics such as the
person’s speech, face image or �ngerprints. The use of bio-
metrics is attractive since they cannot be lost or forgotten
and vary signi�cantly between people. The basic operation
of a speech-based veri�cation system is as follows:

(1) A claim for an identity is presented along with a sup-
porting sample of the person’s speech.

(2) The system extracts person-dependent information
(known as feature extraction) from the speech and
compares it against a model of features from the per-
son whose identity is being claimed. Let us refer to the
result of this comparison as the client likelihood, LC .

(3) The system also compares the information against a
model of possible impostors. Let us refer to the result
of this comparison as the impostor likelihood, LI .

(4) An opinion, O, on the claim is found using O = LC=LI .
A relatively high opinion indicates the person is a true
claimant, while a relatively low opinion suggests the
person is an impostor.
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(5) The opinion is thresholded to achieve the �nal decision
to either accept or reject the claim.

The performance of a veri�cation system is measured in
terms of False Acceptance rate (FA%) and False Rejection
rate (FR%), de�ned as

FA =
IA
IT

100%; FR =
CR

CT
100%;

where IA is the number of impostors classi�ed as true
claimants, IT is the total number of impostor classi�ca-
tion tests, CR is the number of true claimants classi�ed as
impostors, and CT is the total number of true claimant clas-
si�cation tests. To quantify the performance into a single
number, Equal Error Rate (EER) is often used. Here the
system is con�gured so the false acceptance rate is equal to
the false rejection rate.

Speech-based veri�cation systems fall into two cat-
egories: text dependent and text independent. In text-
dependent systems, the claimant must recite a phrase
speci�ed by the system. In text independent systems, the
claimant can say whatever he or she wishes. In this paper
we will concentrate on the latter category.

The speech signal can be thought of as being composed
of two parts [1]:

1. The source part. Here the source signal may be either
periodic, resulting in voiced speech, or noisy and ape-
riodic, causing unvoiced speech. The periodic signal is
generated in the larynx where periodic opening and clos-
ing of the vocal cord determines the pitch of the voice.

2. The system part. Here the source signal is �ltered by
the vocal tract. The vocal tract includes the oral cavity
which is continuously changing due to the movement of
articulators, such as the tongue, jaw, lips, etc.

Popular speech-based veri�cation systems use information
from the system part in the form of an instantaneous spec-
trum represented by Mel Frequency Cepstral CoeHcients
(MFCCs). Veri�cation systems using MFCC features have
proven to be quite eIective [2]. However, their performance
easily degrades in the presence of a mismatch between train-
ing and testing conditions. Usually this is in the form of a
channel distortion and=or ambient noise. There are two pop-
ular techniques to reduce the eIects of mismatch: use of
delta (regression) features [3] and Cepstral Mean Subtrac-
tion (CMS) [4].

Recently Wildermoth and Paliwal [5] proposed a new
feature set, termed Maximum Auto-Correlation Values
(MACV), which utilizes information from the source part.
As we will show, use of MACV features signi�cantly in-
creases the robustness of a speech-based veri�cation system.

An alternative method to achieve increased robustness
(and higher performance) is to use features from both speech
and face images. It is also possible to use biometrics such
as the iris, �ngerprints and hand geometry [6,7]. A system

employing more than one biometric is known as multi-modal
veri�cation system [8].

The crucial part of a multi-modal system is the fusion
technique that combines the separate sources of information.
There are two classes of fusion: non-adaptive and adaptive.
In non-adaptive fusion, the degree of contribution of infor-
mation from speech and face modalities to the overall de-
cision process is �xed. Conversely, in adaptive fusion, the
degree of contribution is varied according to the current re-
liability of each modality. For example, the contribution of
speech information is lowered when the Signal-to-Noise Ra-
tio (SNR) is poor.

The performance of a multi-modal veri�cation system
should at all times, be better than, or at worst, be equal
to the best corresponding single-modality system. Catas-
trophic fusion is said to occur when the performance is worse
than the best corresponding single-modality system [9].

In this paper we propose an adaptive fusion technique
where the resulting performance is never worse than that
of the underlying modalities. Its performance is compared
against existing adaptive and non-adaptive fusion tech-
niques.

The rest of the paper is organized as follows. In Section 2
we describe the MFCC, CMS, delta and MACV speech fea-
ture extraction techniques; we also describe the eigenfaces
approach, where facial features are derived from Principal
Component Analysis (PCA). In Section 3 we describe a
Gaussian Mixture Model (GMM) classi�er which shall be
used as the basis for experiments. In Section 4 we describe
several popular fusion techniques as well as the proposed
technique. Section 5 is devoted to experiments evaluating
the use of MACV features to reduce the eIects of mis-
matched conditions in a speech-based veri�cation system.
In Section 6 we evaluate the performance of the presented
fusion techniques in a multi-modal veri�cation system.

To keep consistency with traditional matrix notation, im-
age sizes are described using the number of rows �rst, fol-
lowed by the number of columns, e.g. an image of size Y×X
has Y rows and X columns.

2. Feature extraction methods

2.1. MFCC features

The human ear processes the speech signal using a bank of
non-uniformly spaced �lters [10]. Features extracted using
such a �lter-bank have been shown to be eIective for speaker
veri�cation [2].

The speech signal is analyzed on a frame by frame ba-
sis, with a frame length of 20 ms and a frame advance
of 10 ms. Hence for each second of speech we extract
features from 100 frames. Each frame is multiplied by a
Hamming window and the spectrum is obtained using the
Fast Fourier Transform (FFT) algorithm. The square of the
magnitude of the spectrum is taken. Seventeen Mel-scale
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Fig. 1. Mel-scale �lterbank.

triangular �lter-bank energies [11] are then calculated and
are expressed on a logarithmic scale [12]. The frequency
range of the �lters was chosen to cover the telephone
bandwidth—the central frequencies are (in Hz): 300, 400,
500, 600, 700, 800, 900, 1000, 1149, 1320, 1516, 1741,
2000, 2297, 2639, 3031 and 3482. The upper and lower
passband frequencies of each �lter are the center frequen-
cies of the adjacent �lters. A graphical representation of the
�lters is shown in Fig. 1.

Since the �lter bank coeHcients are highly correlated, a
discrete cosine transform is used to de-correlate them:

ci =
1
NF

NF∑
j=1

fj cos
[
�i
NF

(j − 0:5)
]
;

i = 0; 1; : : : ; NF − 1; (1)

whereNF is the number of �lters andfj are the log �lter-bank
energies. c0 is not used since it represents the average value
of the spectrum and hence is susceptible to varying back-
ground noise. Therefore, the MFCC feature vector is con-
structed using

c̃ = [c1 c2 : : : cNF−1]
T; (2)

where T denotes the transpose operation.

2.2. CMS features

It has been shown that by applying CMS to MFCC fea-
tures results in new features which are signi�cantly more
immune to the eIects of channel distortion [4]. For the sake
of convenience, we shall refer to MFCC-CMS features sim-
ply as CMS features.

Given a sequence of MFCC feature vectors from a speech
utterance, {̃ci; i = 0; 1; : : : ; NV − 1}, we de�ne their mean
as c̃�. The mean is assumed to represent the cepstrum of the
channel [13]. Thus the sequence of CMS feature vectors is
obtained using

d̃i = c̃i − c̃�; i = 0; 1; : : : ; NV − 1: (3)

It must be noted that the cepstral mean also contains the
average speech cepstrum, which contains speaker informa-
tion [13,14]. Thus removal of c̃� from MFCC features is a
double-edged sword: on one hand it makes the veri�cation
system more robust against channel mismatches, while on
the other it reduces the accuracy of the system in clean con-
ditions.

2.3. Delta features

It has been shown that use of transitional spectral infor-
mation in addition to the instantaneous spectrum increases
robustness in speaker recognition systems [3]. Given a se-
quence of feature vectors from a speech utterance, {̃ci; i =
0; 1; : : : ; NV − 1}, their corresponding delta representations
are calculated using a �rst-order orthogonal polynomial �t

Mc̃i =

∑K
k=−K kc̃i+k∑K

k=−K k2
for i = K to NV − 1 − K (4)

and

Mc̃i = Mc̃K for i = 0 to K − 1; (5)

Mc̃i = Mc̃NV−1−K for i = NV − K to NV − 1: (6)

2.4. MACV features

Given a speech frame {s(n); n = 0; 1; : : : ; NS − 1} the
auto-correlation function is de�ned as [15,16]

R(k) =
1
NS

NS−1−k∑
n=0

s(n)s(n + k); k = 0; 1; : : : ; NS − 1:

(7)

If {s(n)} is periodic with a period equal to P samples,
then {R(k)} will show a peak at a lag equal to P. Valid
pitch lags are approximately between 2 and 16 ms. Assum-
ing {s(n)} contains voiced speech, the period of {s(n)} can
be found by searching for the maximum in {R(k)} in the
2–16 ms range [17]. However, current methods of detect-
ing whether a given speech frame is voiced or unvoiced are
unreliable—leading to pitch estimation errors.

The MACV feature set [5] overcomes this problem by
�nding, for each speech frame, an M -point approximation
of the auto-correlation function. This is done as follows:

(1) Compute the auto-correlation function {R(k)}.
(2) Normalize {R(k)} by its maximum, i.e., R̂(k) =

R(k)
R(0) ; k = 0; 1; : : : ; NS − 1.

(3) Divide the higher portion (from 2 to 16 ms) of {R̂(k)}
into M equal parts.

(4) Find the maximum value of each of the M parts.
(5) The M MACVs form an M -dimensional feature vector.

A conceptual block diagram of this process is shown in Fig.
2. It must be noted the MACV feature set also contains
voicing information, i.e. whether the current frame is voiced
or unvoiced.
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Fig. 2. MACV feature extractor (after Ref. [5]).

2.5. Principal component analysis

A face image can be represented by a matrix contain-
ing grey level pixel values. A straightforward approach of
representing facial information with a feature vector is to
simply concatenate all the columns of the matrix. However,
even for a low resolution face image, the resulting feature
vector is of prohibitive dimensionality. For example, given
a 56 × 64 pixel face image, the resulting feature vector has
3584 dimensions. Hence dimensionality reduction methods,
such as the PCA approach have been used [18].

The features are obtained as follows. Given a face image
matrix F of size Y ×X , we construct a vector representation
by concatenating all the columns of F to form a column vec-
tor f̃ of dimensionality YX . Given a set of training vectors
{f̃i; i = 1; 2; : : : ; NP} for all persons, we de�ne the mean of
the training set as f̃�. A new set of mean subtracted vectors
is formed using

g̃i = f̃i − f̃�; i = 1; 2; : : : ; NP: (8)

The mean subtracted training set is represented as matrix
G = [̃g1 g̃2 : : : g̃NP ]. The covariance matrix is calculated
using

C = GGT: (9)

Due to the size of C , calculation of the eigenvectors of C
can be computationally infeasible. However, if the number
of training vectors (NP) is less than their dimensionality
(YX ); there will be only NP − 1 meaningful eigenvectors.
Turk and Pentland [18] exploit this fact to determine the
eigenvectors using an alternative method, summarized as
follows. Let us denote the eigenvectors of matrix GTG as
ṽj with corresponding eigenvalues !j:

GTG ṽj = !jṽj : (10)

Pre-multiplying both sides by G gives us

GGTG ṽj = !jG ṽj : (11)

Letting ũ j = G ṽj and substituting for C from Eq. (9)

C ũ j = !jũ j : (12)

Hence the eigenvectors ofC can be found by pre-multiplying
the eigenvectors of GTG by G . To achieve dimensional-
ity reduction, let us construct matrix U = [̃u 1 ũ 2 : : : ũ D],

containing D eigenvectors of C with largest corresponding
eigenvalues. Here, D¡NP . A feature vector x̃ of dimen-
sionality D is then derived from a face vector f̃ using

x̃ =UT(f̃ − f̃�); (13)

i.e. face vector f̃ decomposed in terms of D eigenvectors.

3. GMM classi�er

The distribution of feature vectors for each person is
modeled by a GMM. Given a set of training vectors, an
NM -mixture GMM is trained using a k-means clustering al-
gorithm followed by 10 iterations of the Expectation Maxi-
mization (EM) algorithm [19].

Given a claim for person C’s identity and a set of feature
vectors X = {̃xi; i = 1; 2; : : : ; NV} supporting the claim, log
likelihood of the claimant being the true claimant is calcu-
lated using

logp(X |!C) =
1
NV

NV∑
i=1

log [p(̃xi|!C)]; (14)

where

p(̃x|!) =
NM∑
j=1

mjN(̃x; �̃j ;�j) (15)

and

! = {mj; �̃j ;�j ; j = 1; 2; : : : ; NM}: (16)

Here !C is the model for person C. NM is the number of
mixtures, mj is the weight for mixture j (with constraint∑NM

j=1 mj = 1), and N(̃x; �̃;�) is a multi-variate Gaussian
function with mean �̃ and diagonal covariance matrix �:

N(̃x; �̃;�)

=
1

(2�)D=2|�| 1
2

exp
[−1

2
(̃x − �̃)T�−1(̃x − �̃)

]
; (17)

where D is the dimensionality of x̃. Given a set {!b; b =
1; 2; : : : ; B} of B background person models (also known as
cohorts [20]) for person C, the log likelihood of the claimant
being an impostor is found using

logp(X |! OC) = log

[
1
B

B∑
b=1

p(X |!b)

]
: (18)

The set of background person models is found using the
method described in Ref. [2]. An opinion on the claim is
found using the following likelihood ratio:

o =
p(X |!C)
p(X |! OC)

: (19)

In the log domain this becomes

O = logp(X |!C) − logp(X |! OC): (20)

The veri�cation decision is reached as follows: given a
threshold t, the claim is accepted when O¿ t; the claim is
rejected when O¡ t. A conceptual block diagram of a ver-
i�cation system employing the GMM is shown in Fig. 3.
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Fig. 3. Conceptual block diagram of a veri�cation system.

4. Fusion of audio and visual information

4.1. Feature vector concatenation

In this fusion approach, the basic idea is to concatenate the
speech and face feature vectors to form a new feature vector.
However, before concatenation can be done, the frame rates
from the speech and face feature extractors must match.
Recall that the frame rate for speech features is 100 frames
per second (fps) while the standard frame rate for video
is 25 fps (using oI the shelf commercial video cameras).
A straightforward approach to match the frame rates is to
arti�cially increase the video frame rate and generate the
missing frames by copying original frames.

We shall refer to this fusion approach as concatenation
fusion. This type of fusion is also known in the literature as
pre-categorical integration [21] and early integration [9].

4.2. Opinion fusion

4.2.1. Non-adaptive
In opinion fusion, each modality is processed indepen-

dently by a modality expert which produces an opinion on
the claim. A modality expert is the GMM classi�er described
in Section 3 without the �nal thresholding stage.

The opinions from , modality experts then form a
,-dimensional opinion vector which is used by a decision
stage. Since there are only two possible outcomes (accept
or reject), the decision stage can be a binary classi�er [8].
The classi�er is trained with example opinions for known
impostor and true claims. It then classi�es a given opinion
vector as belonging to either the impostor or true claimant
class. This type of fusion technique is also known in the
literature as post-categorical integration [21] and late
integration [9].

Many diIerent binary classi�ers can be used for the opin-
ion fusion approach [8]—here we use a linear combination
approach, described as follows. The opinion Oi for modality
i is �rst normalized to the [0; 1] interval using a sigmoPQd

Pi =
1

1 + exp[ − -i(Oi)]
; (21)

where

-i(Oi) =
Oi − (�i − 2.i)

2.i
: (22)

Here �i and .i are the mean and the standard deviation of
opinions for true claims for modality i, respectively.

Assuming the opinions for true and impostor claims fol-
low Gaussian distributions N(Oi; �i; .2

i ) and N(Oi; �i −
4.i; .2

i ), respectively, 95% of the value lie in the [�i −
2.i; �i +2.i] and [�i − 6.i; �i − 2.i] intervals, respectively.
Eq. (22) maps the opinions to the [−2; 2] interval, which cor-
responds to the approximately linear portion of the sigmoPQd
in Eq. (21). The sigmoPQd is necessary to take care of outliers
and situations where the assumptions do not hold entirely.
The normalized opinions are then fused using

F =
,∑
i=1

wiPi; (23)

where wi is the weight for modality i, with the constraint∑,
i=1 wi = 1. The normalization to the [0; 1] interval is re-

quired to ensure opinions from all modalities are equally
represented—this prevents any modality from dominating
the fused opinion prior to weighting. The weight for each
modality expert (also in the [0; 1] interval) can then be se-
lected according to its discrimination ability and robustness.

Given a threshold t, the claim is accepted when F¿ t
(i.e. true claimant); the claim is rejected when F ¡ t (i.e.
impostor). It must be noted that this fusion approach results
in a linear decision boundary in ,-dimensional space [22].

4.2.2. Proposed adaptive method
As will be shown in Section 5, out of all the presented

speech features, the MFCC features are most susceptible
to changes in the SNR (preliminary experiments have also
shown that they are also the most consistently aIected fea-
tures). We exploit this to detect the amount of mismatch be-
tween the training and testing conditions, and hence select
the weight of the speech modality accordingly.

A global background noise GMM (!noise) is con-
structed using the �rst Nnoise MFCC feature vectors
from all training speech signals. The �rst Nnoise vectors,
{̃xi; i = 0; 1; : : : ; Nnoise − 1} are assumed to contain only the
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background noise. During a claim, a quality measure for a
given speech signal is found using

q =
1

Nnoise

Nnoise−1∑
i=0

log[p(̃xi|!noise)]: (24)

The larger the diIerence between the training and testing
conditions, the lower q is going to be. We convert q to a
posterior weight for the speech modality using

v1 =
1

1 + exp[ − a(q− b)]
; (25)

where a and b are prior knowledge on how q changes ac-
cording to the amount of mismatch. Given an a priori weight
u1, the �nal weight for the speech modality is found using

w1 = u1v1: (26)

The corresponding weight for the video modality is then
found simply using

w2 = 1 − w1: (27)

4.2.3. Wark’s adaptive method
In Ref. [9], Wark proposed an adaptive method to fuse

the opinions in a multi-modal system. We summarize the
method as follows. Given normalized opinions P1 and P2

from the speech and face modality experts respectively, the
fused opinion is found using

F =
[

32

31 + 32

] [
41

41 + 42

]
P1

+
[

31

31 + 32

] [
42

41 + 42

]
P2; (28)

where

31 =

√
.2
i;C

NC
+

.2
i; I

NI
(29)

and

4i =
|M(Pi)i;C −M(Pi)i; I |

�i;C
: (30)

Here, for modality i; 3i is the a priori con�dence (found
during training), while 4i is the a posteriori con�dence
(found during testing). NC and NI are the number of opin-
ions for true and impostor claims, respectively. M(Pi)i;C =
(Pi−�i;C)=.2

i;C is the one-dimensional Mahalanobis distance,
where �i;C and .2

i;C are the mean and variance of opinions
for true claims. Similarly, M(Pi)i; I = (Pi − �i; I )=.2

i; I where
�i; I and .2

i; I are the mean and variance of opinions for im-
postor claims.

Under clean conditions, the Mahalanobis distance be-
tween a given opinion for a true claim and the model of opin-
ions for true claims (i.e. represented by �i;C and .2

i;C) should
be small. Similarly, the distance between a given opinion for
a true claim and the model of opinions for impostor claims
should be large. Vice versa applies for a given opinion for
an impostor claim. Hence under clean conditions, 4i should

be large. Wark argued that under noisy conditions, the dis-
tances should decrease, hence 4i should decrease.

By letting 5 = 1=3, Eq. (28) becomes

F =
[

51

51 + 52

] [
41

41 + 42

]
P1

+
[

52

51 + 52

] [
42

41 + 42

]
P2: (31)

We can now generalize the above equation for , modalities

F =
,∑
i=1

[
5i∑,
j=1 5j

][
4i∑,
j=1 4j

]
Pi: (32)

Hence we de�ne Wark’s weight for modality i as

6i =

[
5i∑,
j=1 5j

][
4i∑,
j=1 4j

]
: (33)

We can then use 6i in place of wi in Eq. (23) by placing a∑,
i=1 6i = 1 constraint.

5. Performance of speech features

5.1. Experimental setup

In this section we evaluate the performance of a
speech-based veri�cation system using diIerent feature sets
while varying the SNR. The speech utterances were cor-
rupted by adding white Gaussian noise. The experiments
were done on the ubiquitous telephone speech NTIMIT
database [23]. As in Ref. [2], only the test section of the
database is used, containing 10 utterances from each of the
168 persons (56 female and 112 male). The �rst six ut-
terances (sorted alpha-numerically by �lename) were used
for training the models, while the last four were used for
testing purposes.

In order to reduce detecting and modeling the environ-
ment rather than the speaker, a parametric voice activity
detector (VAD) is used [24]. Each utterance is completely
parameterized using a given feature extraction technique.
The VAD then builds a 1 mixture GMM of the background
noise using the �rst 10 feature vectors. For each feature vec-
tor the log-likelihood is calculated. If the log-likelihood falls
below a prede�ned threshold, the feature vector is classi-
�ed as containing speech. Only feature vectors containing
speech are used for training and testing purposes.

Sixteen mixture GMMs were used as client models. Four
test utterances, each from 20 �xed persons (10 male and 10
female) were used for simulating impostor accesses against
the remaining 148 persons. As in Ref. [2], 10 background
person models were used for the impostor likelihood cal-
culation. For each of the remaining 148 persons, their four
test utterances were used separately as true claims. In total
there were 11,840 impostor and 592 true claims. The deci-
sion threshold was then set for EER performance.
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Fig. 4. Performance of baseline features.

Performance of the following feature sets was found:
MFCC, CMS, MACV, MFCC + 7, MFCC + 7 + MACV,
CMS + 7 and CMS + 7 + MACV.

As in Ref. [25], we have used K = 2 for delta features. A
feature vector of type MFCC + 7 indicates that the MFCC
feature vector (̃c) has been concatenated with the feature
vector containing delta versions of the MFCC features (Mc̃).
Thus the concatenated vector is expressed as

ẽ = [̃cT Mc̃T]T: (34)

Similarly, MFCC + 7 + MACV indicates that the feature
vector ẽ has been concatenated with the MACV feature
vector. For MACV features, M = 5 was found to be opti-
mal in preliminary experiments. Results were obtained for
non-corrupted speech as well as for corrupted speech where
the SNR was varied from 28 to −8 dB. The results are pre-
sented in Figs. 4–6.

5.2. Discussion

In Fig. 4 we can see that the CMS features are the most
immune to changes in the SNR, at the expense of slightly
worse performance than MFCC features on clean speech.
MFCC features are the most aIected by noise, with rapid
degradation in performance as the SNR is lowered. Perfor-
mance of MACV features is the worst up to SNR of 20 dB,
indicating that pitch and voicing information is not suH-
cient by itself to distinguish speakers. However from 16 dB
onwards MACVs are better than MFCCs.

In Fig. 5 we can observe that extending the MFCC feature
vector with deltas reduces the performance degradation as
the SNR is lowered. Extending the MFCC+7 feature vector
with MACV features reduces the performance degradation
even further. However, it must be noted that CMS features
obtain better performance than MFCC+7+MACV features
from 12 dB onwards.
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Fig. 5. Performance of MFCC-based features.
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Fig. 6. Performance of CMS-based features.

Fig. 6 shows that extending the CMS feature vector with
deltas causes only minor diIerences. However, extending
the CMS + 7 feature vector with MACV features signi�-
cantly improves the performance.

Based on these results we conclude that use of MACV
features has bene�cial eIects on the performance of a veri-
�cation system in noisy conditions.

6. Fusion of audio and video information

6.1. VidTIMIT audio–visual database

With the help of many volunteers, we have created an
audio–visual database used for experiments in multi-modal
identity veri�cation. It is comprised of video and corre-
sponding audio recordings of 43 people (19 female and 24
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Fig. 7. Example images from the VidTIMIT database.

male), reciting short sentences. It was recorded in three ses-
sions, with a mean delay of 7 days between Session 1 and
2, and 6 days between Session 2 and 3.

The sentences were chosen from the test section of the
NTIMIT corpus [23]. There are 10 sentences per person.
The �rst six sentences are assigned to Session 1. The next
two sentences are assigned to Session 2 with the remaining
two to Session 3. The �rst two sentences for all persons are
the same, with the remaining eight generally diIerent for
each person.

The recording was done in a noisy oHce environment
using a broadcast quality digital video camera. The video of
each person is stored as a sequence of JPEG images with a
resolution of 384 × 512 pixels. The corresponding audio is
stored as a mono, 16-bit, 32 kHz WAV �le. Several example
images are presented in Fig. 7. For more information on the
database, please visit http://spl.me.gu.edu.au/vidtimit/

6.2. Experimental setup

In this section we evaluate the performance of a
multi-modal veri�cation system, using diIerent fusion
techniques, while varying the SNR.

The experiments were done on the VidTIMIT database.
Based on the results from Section 5, CMS + 7 + MACV
feature extraction was used for speech signals.

Before PCA feature extraction can occur, the face must
�rst be located [26]. Furthermore, to account for varying
distances to the camera, a geometrical normalization must
be performed. To �nd the face, we use template matching
with several prototype faces of varying dimensions. Using
the distance between the eyes as a size measure, an aHne
transformation is used [27] to adjust the size of the image.
This makes the distance between the eyes the same for each
person. Finally a 56× 64 pixel face window containing the
eyes and the nose is extracted from the image. This is the
most invariant face area to changes in the expression and
hair style. Fig. 8 shows an example face window.

Fig. 8. Example face window.

Using PCA, the dimensionality of the face window is
reduced to 40. The choice of the dimensionality is based on
the work by Samaria [28].

It must be noted that here we treat the problem of face
location and normalization as separate from feature extrac-
tion.

For the VAD, the �rst 30 frames were used. Session 1 of
the database was used for generating the client models, while
Sessions 2 and 3 were used to obtain opinions resulting from
impostor and true claims. Two utterances, from Sessions 2
and 3 separately, each from 8 �xed persons (4 male and 4
female) were used for simulating impostor accesses against
the remaining 35 persons. Hence for each Session there were
560 impostor and 70 true claims.

For non-adaptive opinion fusion, opinions from Session 2
were used by an exhaustive search procedure to �nd the best
weights for the lowest EER. The weights were then �xed to
�nd the performance on Session 3.

For the proposed adaptive opinion fusion, the a priori
weights were found as for non-adaptive opinion fusion.Nnoise

was set to 30. One mixture for !noise proved suHcient in
preliminary experiments. The sigmoPQd parameters a and b
[in Eq. (25)] were obtained by observing how q [Eq. (24)]
decreases as the SNR is lowered on Session 2.

For Wark’s adaptive opinion fusion, Session 2 was used
to �nd the a priori con�dences. For all of the fusion tech-
niques, Session 3 was used to evaluate the performance.
Results were obtained for non-corrupted speech as well as
for corrupted speech were the SNR was varied from 28 to
−8 dB. The decision threshold was set to obtain EER per-
formance. The rest of the experimental setup is similar to
Section 5.1. The results are shown in Figs. 9–11.

6.3. Discussion

In Fig. 9 we can observe that on the VidTIMIT database
the performance of the face modality is better than the speech
modality. Moreover, the performance of the speech modality
rapidly degrades as the SNR falls below 4 dB.

Fig. 10 shows that the performance of the concatenation
fusion approach stays relatively constant while the SNR is
lowered. However, for all SNRs the performance is worse
than the face modality. This is in contrast to the non-adaptive
opinion fusion approach, where the performance is signi�-
cantly better up to SNR of 12 dB. As expected, the perfor-
mance then rapidly degrades, becoming worse than the face
modality as the SNR falls below 4 dB.

http://spl.me.gu.edu.au/vidtimit/
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Fig. 10. Performance of non-adaptive fusion approaches.

In Fig. 11 we can see that the performance of Wark’s
adaptive opinion fusion becomes worse than the face modal-
ity as the SNR falls below 4 dB. Wark’s approach assumes
that under noisy conditions, the distance between a given
opinion for an impostor claim and the corresponding model
of opinions for impostor claims will decrease. However, we
have found the distance to be relatively constant. Hence the
a posteriori con�dences (4) for impostor claims changed
relatively little as the SNR was lowered, leading to poor
performance.

Performance of the proposed adaptive fusion, which ex-
plicitly measures the quality of the speech signal, is rela-
tively constant up to SNR of 12 dB. While for lower SNRs
it rapidly degrades, it is never worse than the face modality.
These results thus support the use of the proposed approach.
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Fig. 11. Performance of adaptive fusion approaches.

7. Conclusion

We have demonstrated that use of MACV features (which
utilize information from the source part of the speech signal)
signi�cantly improves the robustness of a speech based, text
independent veri�cation system.

We have also proposed an adaptive fusion technique for
integration of audio and visual information in a multi-modal
veri�cation system. The proposed technique explicitly mea-
sures the quality of the speech signal, adjusting the amount of
contribution of the speech modality to the �nal veri�cation
decision accordingly. Results on the VidTIMIT database in-
dicate that the proposed approach outperforms an existing
adaptive fusion technique proposed by Wark [9] as well
as two popular non-adaptive methods. For a wide range of
audio SNRs, the performance of the multi-modal system
utilizing the proposed technique is always better than the
performance of the face modality.
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