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Abstract.  This paper reviews de nitions of audio-visual synchrony and
examinestheir empirical behaviour on test setsup to 200 times larger than
usedby other authors. The results give new insights into the practical utilit y
of existing synchrony de nitions and justify application of audio-visual syn-
chrony techniquesto the problem of active speaker localisation in broadcast
video. Performance is evaluated using a test set of twelve clips of alternat-
ing speakers from the multiple speaker CUAVE corpus. Accuracy of 76%
is obtained for the task of identifying the active member of a speaker pair
at di eren t points in time, comparable to performance given by two purely
video image-basedschemes. Accuracy of 65% is obtained on the more chal-
lenging task of locating a point within a 100 100 pixel square certered on
the active speaker's mouth without no prior face detection; the performance
upper bound if perfect face detection were available is 69%. This result is
signi cantly better than two purely video image-basedschemes.

1 Intro duction

Seweral recen papersdiscussthe idea of \audio-visual synchrony”, which considers
the strength of relationship betweenaudio signalsand video image sequencesFor
example, a soundtrack containing drumbeats and an image sequenceshawing the
person beating that drum would be strongly related or strongly \synchronous".
Similarly, if one(or both) facesin Figure 1 are saying the words heardin the speed
soundtrack, then the audio and video signalsare \synchronous". Conversely, if the
soundtrack for Figure 1 has a voiceoser unrelated to imageson screenthen the
audio and video signalsare not \synchronous".

Video Clip of FeatureValidate\20574 from Frame 019244 to 019388
s oy A

Fig. 1. Keyframe from TREC Video Track 2002 Corpus

Many de nitions of audio-visual synchrony are possible.Thoseproposedthusfar
fall somewherebetweentwo extremes.At oneextreme are generic de nitions of syn-
chrony using weak models: theseassigngood scoresto any audio and video signals
displaying consistencywithout regard to the type of audio and video signal under
consideration. Examplesinclude [9], which de nes syndirony asthe Gaussian-based



mutual information between audio energy and pixel intensities. At the other ex-
treme are de nitions of syndirony that are specic to particular types of signal;
most existing work of this type considers evaluating consistency between facial
movemerts and speed. Examples include [14], which suggeststhe speed signal
could be usedto synthesisea talking head and di erences betweensynthesisedand
actual facescompared. The other measuresproposedfall somewherebetweenthese
two extremes. Suggestionsinclude [14], which usesCanonical Correlation Analysis
on a set of training data to nd the linear projection of audio and automatically-
detected video face data onto a single axis that maximisesthe (linear) correlation
betweenthe projected variables; synchrony of new data is evaluated by calculating
the (linear) correlation betweenthe new audio and video in this space.The paper
by [6] usesa pre-trained time-delay neural network classi er to predict whether
audio and video featuresat a particular frame correspond to a persontalking.

In practice, the appropriate de nition of audio-visual synchrony may vary with
the intended application. Our researd is currently focussingon syndchrony mea-
sures useful for deciding whether facial movemerts are related to speed signals,
sincea good measurefor evaluating consistencyof face-spgeed relationships would
have many potential applications. An important part of this researt is to con-
sider whether these audio-visual synchrony measuresscale to larger and more
challenging test sets than those used by other authors. In addition to evaluat-
ing these measuresusing relatively large arti cial test sets, this paper considers
the use of synchrony measuresfor speaker localisation in eg. broadcast video. A
robust solution to this problem would bene t multimedia retrieval applications in
two ways!. Firstly, a more robust method for speaker localisation in broadcast
video would allow wider application of IBM's audio-visual speedt recognition sys-
tems (eg. [4]), which are more robust than audio-only speedt recognition in noisy
ervironments. This should improve transcription accuracy in traditionally chal-
lenging non-studio environments, improving speet-based-indexingperformancein
thosevideo segmers. Secondly systemsfor automatic semariic conceptannotation
in video (eg. [1]) could exploit speaker localisation information for distinguishing
monologues dialoguesand voiceovers. To illustrate, considerFigure 1 for which (a)
absenceof synchrony implies a voiceover shot, (b) high syncirony localisedto the
right faceimplies a monologueand (c) an alternating pattern of high synchrony im-
plies a dialogue. Similar ideaswere usedin our TREC Video Track 2002automatic
monologueannotator [10].

The paper is structured as follows. Section 2 reviews selected measures of
audio-visual synchrony and investigatestheir behaviour on arti cial test sets. Mo-
tivated by these ndings, Section 3 describes our synchrony-based approad to
active spealer localisation in broadcastvideo and presents empirical results on the
CUAVE corpus. The paper endswith conclusionsand future work.

2 Preliminary Studies

This sectionreviewsthe genericand speci ¢ speed and face consistencymeasures
de ned in [11] and discussegheir empirical behaviour on arti cial test sets.

! Potential applications outside the digital library arena include face and voice-based
biometrics, systemsfor marking speaker-level metadata such as speaker turns in video,
systems for assessingdubbing quality and systems for animating lip movemernts in
cartoon characters.



2.1 Denitions of Audio-Visual Synchrony

Assumewe are given a test video clip with a speed soundtrack and a moving face
in the video. Let a; 2 R" be a feature vector describing the acoustic signal at time
t eg.a vector of mel-frequencycepstral coe cien ts. Let v 2 R™ be a feature vector
describing the image at time t eg. a vector of discrete cosinetransform coe cien ts

of the faceregionin the frame at t. Let S| = ((a1;v1);:::;(ar;vr)) represen the
joint sequenceof audio and video feature vectors. Our goalis to de ne a measureof
synchrony betweensequencesA] = aj;:::;ar and V] = vq;:::;vr derived from
a test clip.

Generic Measures. Let usignorethe information that A] and V] correspond
to audio containing speed and imagescortaining a face. Consider ead vector in
ST to be an independert samplefrom somejoint distribution p(A; V), rather than
explicitly modelling temporal dependencein the individual sequencesAs suggested
in [9], one measureof audio-visual synchrony is the mutual information | (A;V)
betweenrandom variables A and V2. Sincethe p(A), p(V), p(A; V) forms are un-
known in practice, assumptionsmust be made. Our earlier work investigated two
simple assumptions, both allowing straightforward evaluation of mutual informa-
tion [11]: discrete distributions and, as in [9], cortinuous multiv ariate Gaussian
distributions. We note here only that assumption of discrete distributions requires
a preparation phasewhich constructs codebooksto quartize a;, v; and (a;; v;) prior
to discrete distribution estimation at test time; in constrast, assumption of mul-
tivariate Gaussiandistributions allows parameter estimation at test time without
prior preparation. We term these implementations Discrete Mutual Information
(\Discr ete MI") and Gaussian Mutual Information (\Gaussian MI") .

Face-and-Sp eech Specic Measures. Require now that AT and V] corre-
spond to speed audio and images cortaining faces. Assume we know the word
sequenceW spoken in audio A]. We de ne likelihood p(S]jW) as a measureof
syndirony. In practice W may be unknown; audio-only speed recognition gives
a reasonableapproximation. Similarly, the form of p(S; jwW) is unknown in prac-
tice; one implementation usesHidden Markov Models (HMMs) trained on joint
sequence®f audio- and visual- data, such as HMMs for audio-visual speed recog-
nition (eg. [4]). We term this implementation Audio-Visual Likelihood (\A V-LL") .

2.2 Empirical Behaviour of Audio-Visual Synchrony

This section discussesempirical ndings about the de nitions of audio-visual syn-
chrony discussedabove. Our experiments use arti cial test sets constructed from
the IBM ViaVoice'V audio-visual database[13], comprising full-face frontal video
and audio of multiple speakersreading prompts from a large vocabulary in a contin-
uous speed fashion. Theseexperiments therefore assumeprior existenceof (good)
face and speed detection and focus upon the succesf di erent measuresin as-
sessingsyndirony betweenfacial movemerts and speed.

Audio featuresa; are extracted asfollows. 24 Mel-frequency cepstral coe cien ts
(MF CCs) are extracted from the audio signal at a 100Hzrate. These features are

2 Mutual Information (see [5]) is a measure of dependence between random variables
or, phrased di eren tly, the amount of information one random variable tells us about
another one. To illustrate for the discrete case,let A and V be discrete random vari-
ables with igint di§tribution p(A; V) and marginal distributions p(A) and p(V). Then
FASVY = ,a oy P(&;V)log SPS)s which is also the Kullbac k-Leibler distance

(ie. relativ e entropy) betweenthe joint and product distributions.



useddirectly in the Discrete and GaussianMI schemes;before preseration to the
audio-visual HMMs, at ewery t, 9 consecutie MFCC vectors are concatenated,
projected to a lower dimensional spaceusing linear discriminant analysis (LD A)
and rotated by a maximum likelihood linear transform (MLL T, [8]) to give a 60-
dimensional vector.

Video featuresv; are extracted asfollows. Operating at a 60Hz sampling rate, a
normalised mouth region-of-interest (ROI) is extracted from ead frame and then
compressedusing a discrete cosine transform transform (DCT). The 24 highest
energy DCT coe cien ts are retained and linearly interpolated to give a 100Hz
frame rate, matching the audio processing. These features are used directly in
Discrete and GaussianM| schemes;before preseration to the audio-visual HMMs,
at every t, 15 consecutive framesare concatenatedand LDA and MLLT transforms
applied to give a 41-dimensionalvector.

Exp erimen t 1: Cho ose synchronised speaker from a small set. Previous
work usedan arti cial test set, intended to simulate video-conferencingor CSPAN

panel discussionscenariosin which we want to identify the talking face among
seweral in a shot. A total of 1016 \true" speed and face combinations of four

secondsin length were extracted from the database;for eat of these\true" cases,
one, two or three \confuser" exampleswere formed by pairing the \true" audio
with four secondsof video from randomly chosenspeaker(s). Table 1 brie y reviews
the results, which show that GaussianMI signi cantly outperforms the other two
de nitions of syndhrony for this task; reasonsare discussedn [11]. We concludethat

where good face and speed detection is available, GaussianMI will solve at least
two practical problemsin video analysis. Firstly, it solvesthe speaker localisation

problem that ariseswhen we have already identied one or more faceson screen
but needto identify the talking face.Secondly it givesinformation for classifying
video shots already known to cortain talking face(s)into monologuesor dialogues
via the pattern of activity amongstthose faces.

[Number of ConfusergDiscrete Ml [Gaussian MIJAV-LL |

1 70 91 72
2 53 85 53
3 47 82 45

Table 1. Synchronised Speaker Detection % Accuracy

Exp erimen t 2: Classifying speakers as synchronous or non-sync hronous.
A secondexperiment examined whether Gaussian MI - the most successfulsyn-
chrony measurein Exp erimen t 1 - is useful for absolute classi cation tasks sud
as distinguishing betweenvoiceosers and monologues.An arti cial test set of 1016
four secondexampleswas constructed, in which 254 examplescontain synchronised
facesand speet and 762 do not. Despite the earlier succesof this measurein cor-
rectly ranking synchronised speakers, the absolute classi cation performance was
very poor. The result is explained by Figure 2, which shows the distribution of
syndhrony scoresfor the syndironous and non-syndironous test clips. The classes
are highly overlapping basedon this measureand no good decision boundary can



be de ned. We conclude GaussianMI alone is not adequatefor video annotation
applications such as distinguishing voiceorer shots from monologueshots.
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Fig. 2. Per-classhistograms of Gaussian Ml Scores

3 Using Synchrony for Speaker Lo calisation

This section studies GaussianMI further by applying it to speaker localisation on
a real test set.

3.1 Corpus

Experiments usethe CUAVE corpus[12], a speaker-independert, multiple speaker
corpus of connectedand cortinuous digit strings designedto support researd into
audio-visual speed recognition in adverseconditions. The rst ten clips from the
groups partition form a validation set (where required) and the secondtwelve clips
form a held-out test set. Each clip involvestwo speakers, arranged asin Figure 3;
clips beginwith the speakerstaking turns in reading digit strings and endwith both
speakers simultaneously reading di erent digit sequencesWe defer the challenge
of determining whether one or two people are speaking at once until future work
and consideronly the parts of ead clip in which a single personspeaksat any one
time. CUAVE has properties making it distinctly non-trivial for localisation work:
for example, the left speaker in Figure 3 often mouths parts of the text which is
being uttered by the right speaker. In addition, the single speaker portion of eat
clip is on average20-25secondslong. Thus this dataset is larger and more varied
than usedby other authors: the largest comparabletest set of which we are aware
compriseseight 2-2.5 secondutterances of \How's the weather in Taipei?" from
di erent speakers[7].



Fig. 3. Example two-personclip from CUAVE

3.2 Pixel-wise Gaussian Mutual Information

In these experiments, we will (by nature of the dataset) always have perfect a-
priori speed detection. However, in constrast to the arti cial dataset experiments
earlier, we will not always assumea-priori face detection. This tests the hypothesis
that face detection may not be an essetial prerequisite for successfulspeaker lo-
calisation. However, we will always present comparative results for the casewhere
we have perfect a-priori face detection to seewhether performanceimproves. Our
basic approach will be to calculate GaussianMI betweenindividual pixels and the
audio. Speci cally, we replace v, in the earlier discussionby vy , a value related
to pixel x;y in the frame at time t, and assumeGaussianforms for p(A), p(V)
and p(A; V) whereV now generatesa pixel value vy . Thus, we will now obtain a
mutual information value | (A;V) for ead pixel. The full set of per-pixel mutual
information valuesestimated for a test clip can be thought of asa Mutual Informa-
tion Image: Figure 4 shows examples,where lighter pixels indicate higher mutual
information values. We localise the speaker by searting the Mutual Information
Image for compact regions having high mutual information with the audio®. This
pixel-wise GaussianMI implementation is similar to [9], but di ers in choice of a
and viy asis now described.

@) (b)

Fig. 4. Mutual Information Images: (a) Pixel Intensities (b) Pixel Intensity Changes

Preliminary experiments showed results improve when choosinga; to be a mel-
frequencycepstral coe cien t vector rather than audio energy Resultsalsoimprove
by choosing viy to be related to grey-scalepixel intensity changesrather than
the grey-scalepixel intensity, as illustrated by Figure 4. Image (a) is a Mutual
Information Image calculated when vy, is the grey scalepixel intensity. High mu-
tual information occurs around both headsrather than being isolated around the
speaker's mouth; this trend is seenin most CUAVE Mutual Information Images
when vy is pixel intensity. The paper by [2] suggeststhis problem is reduced by
de ning vy to be related to pixel intensity changesand our experimental results

3 We nd computation of a full mutual information image of dimensionality matching
the original image(s) is not essetial in practice; a naive subsampling of the original
image by factors of 10 or more prior to forming the Mutual Information Images does
not signi cantly degrade results for either of the tasks discussedlater in this section.



conrm this nding. Specically, [2] de nes vy to be the pixel intensity change
value F'C(x;y;t) de ned as

xt
F'Cxy;t) = F(x+Ly+mt+1) F(x+ly+mt 1)

Im= 1

whereF (X; y; t) is the original imagepixel (x; y) valuein the frame at time t. Were-
fer to the imageat a xed time t whose(x; y) pixel valuescorrespondto F' € (x; y;t)
values as the Intensity Changelmage F| €. Figure 4 (b) shaws the Mutual Infor-
mation Image analogousto (a) but calculated using vy = F'C(x;y;t); mutual
information is now highest around speaker's mouth and jawline, aswe would like.

3.3 Detecting the Activ e Speaker

Our rst experiment considerswhether Pixel-wise Gaussian Ml can be used to
detect the active spealker (ie. left or right) at one secondintervals throughout the
test clips. Chance performanceis 50%. To solve this problem, a window of two
secondslength is used and a Mutual Information Image calculated; the estimate
of active speaker is obtained by considering total mutual information in the left
of the image relative to the total in the right half. The higher of these values is
assumedto indicate the active speaker. The window is then shifted by one second
and the sameprocedurerepeated. (Preliminary experiments investigatedthe e ects
of di erent window lengths and window shifts upon performancebut no signi cant
variation was noted.) Estimates are scoredat one secondintervals through eadt
clip, a total of 252 test points. Table 2(a) shows results for two cases:where vy

is the pixel intensity and where v,y is the pixel intensity change. Performancefor
both schemesis signi cantly above chance;the higher active speaker detection for
the latter caseis not unexpected given the discussionin the previous subsection
and experiments in the remainder of the paper use only pixel intensity changes.
Further analysis shows one third of errors in the \pixel intensity change" caseoc-
cur closeto speaker turn points eg. when the left speaker stops speaking and the
right spealker starts. This is not surprising: estimatesat those points use pixel-wise
mutual information estimated acrossa window spanning somedata from an \ac-

tive" left speaker and somefrom an \activ e" right speaker. One possible solution
is to detect speaker turn points using an audio-basedtechnique (eg. [3]) and adjust
estimatesin theseregions.As baselines,we compare against two simple video-only
techniques which make an estimate of the active speaker at time t basedon the
Intensity Changelmage F| €. In the rst scheme(Intensity Changelmage Sums),
we simply comparethe total pixel intensity changeson the left and right halvesof
image F{ ©; this gives performance 77%. In the secondscheme (Intensity Change
Image X-Projection Peak), we sum the intensity changesin ead column of F/ €

and use the column with the maximum sum to identify the active speaker; this
gives a performance of 81%. We concludethat for the simple task of determining
the active speaker, the video-only X-Projection Peak technique is adequate and
there is little benet from using the more computationally expensive (and non-
causal) Pixel-wise Gaussian MIl. Howewer, there are many assumptions made in
this experimert, including a known number of speakersin known regionson screen
and a lack of background motion; it is not clearthat video-only performancewould
be maintained when these conditions do not hold, whereasinformal experiments



CLIP [Pixel Intensity|Intensity Change CLIP |T = 100 T = 200
Vixy Vixy
Gl1 50 63 Gl1 44 69
G12 32 64 G12 46 68
G13 44 50 G13 19 25
G14 82 91 G14 86 91
G15 50 75 G15 65 70
G16 52 85 G16 57 57
G17 47 94 G17 94 94
G18 55 64 G18 65 71
G19 53 47 G19 41 41
G20 78 93 G20 89 93
G21 67 83 G21 75 79
G22 64 95 G22 74 79
ALL 57 76 ALL 65 71
(a) Activ e Speaker Detection (b) Activ e Speaker Mouth Localisation

Table 2. Results (% Accuracy)

on other data setsindicate that Pixel-wise Gaussian Ml maintains good perfor-
mancein sud situations. For more challenging tasks, such asactive speaker mouth
localisation in the next section, Pixel-wise GaussianMI givesclear bene t.

None of theseresults usea-priori facedetection. We repeat Pixel-wise Gaussian
MI and Intensity Changelmage Sumsexperimernts, this time assumingperfect head
detection. This time the techniques compare average (rather than total) mutual
information or intensity change within the head regions. Results change by less
than 1:5% for eac technique. We concludea-priori face detection is useful but not
essetial for speaker localisation on data such as CUAVE which doesnot have high
badkground motion.

3.4 Detecting Activ e Speaker's Mouth

A secondset of experiments investigated a more challenging task: to locate the
mouth region of the active speaker during the test clips. We begin by computing
Mutual Information Imagesat ead test point as above; then, we locate the active
speaker's mouth within ead Mutual Information Imageby searding fortheM N

region with the highest concenration of mutual information values within some
fraction f of the maximum mutual information valuein the full Mutual Information

Image*. ParametersM , N, f are tuned using the validation set. Figure 5 shows
two imagesfrom a demoillustrating results on held-out data: for eat image, the
top half shows the original video, the bottom is the Mutual Information Image,
the wide but narrow (red) rectangleis placed under the true speaker and the small
(white) squareindicates the best M N region found by the algorithm. As we
would hope, the optimal M ,N previously found on the validation setcorrespond to
aregion about the sizeof a speaker's mouth. To quartify results, an estimate of the
mouth region certre is de ned as\correct" if it falls within a T T pixel square
certred on the \true" mouth certre, for T of 100 and 200. Figure 6 illustrates

\correct" regionsfor each T using white squaresin the upper images. Estimates
are scoredat one secondintervals throughout ead clip, a total of 252 test points.

Table 2(b) shows results.

4 Smoothing of mouth estimates between frames is not used in these experiments, since
our test points are separatedin time, but is an obvious direction for future work.



@) (b)
Fig. 5. Speaker Localisation Examples: (a) Successful(b) Unsuccessful

As baselines,we again compare against two video-only techniques which make
an estimate of the active speaker's mouth at time t basedon the Intensity Change
Image F/ €. In the rst scheme (High Intensity Change Region), we locate the
active speaker's mouth at time t by searding the intensity changeimage F| € for
the M N region with the highest concerration of intensity changevalueswithin
somefraction f of the maximum; this givesperformance50%at T = 100and 52%
at T = 200. In the secondscheme (Intensity Changelmage X- and Y-Projection
Peaks), we sum the intensity changesin ead row and column of F!' € and usethe
row and column with maximum sumsto locate the mouth; this givesa performance
of 49%at T = 100and 51%at T = 200. For this task, we concludethat Pixel-wise
GaussianMI performs signi cantly better. This result is plausible: the X- and Y-
Projection scheme has lessinformation available than the High Intensity Change
Region schemeand the High Intensity Change Region schemehas lessinformation
available than Pixel-wise GaussianMI, which usesa longer temporal window and
incorporates audio information.

None of theseresults usea-priori facedetection. We repeat the Pixel-wise Gaus-
sian MI and High Intensity Change Region experiments, now assumingexistence
of perfect head detection. We constrain the techniquesto seard only within the
headregion. At T = 100, High Intensity Change Region improvesto 54% (a gain
of 2%) and Pixel-wise GaussianMI improvesto 69% (a gain of 4%). We conclude
that for best speaker localisation performance,good a-priori faceand speed detec-
tion is essetial. However, it is interesting that Pixel-wise GaussianMI alone gives
reasonablespeaker localisation performanceon data such as CUAVE which hasno
badkground motion.

@) (b)

Fig. 6. Speaker Localisation Correctness Regions: (a) T=100 (b) T=200

4 Conclusions

This paper preseried an empirical study of audio-visual synchrony measuresand
their application to speaker localisation in video. The arti cial dataset experiments
support two conclusions. Firstly, Gaussian M| outperforms the other synchrony



measuresproposedand potentially solvesspeci ¢ practical problemsin video anal-
ysis, such as identifying the active speaker from a set of faceson screenor distin-
guishing monologuesfrom dialogueswhen it is known one of the two occursin the
shot. Secondly GaussianMI is not suitable for making absolute decisionsabout
degreeof syndcirony, suc as distinguishing voiceorers from monologues.Experi-
ments on CUAVE support two further conclusions.Pixel-wise GaussianMI gives
performancecloseto two video-only techniqueson the task of active speaker locali-
sation; later informal experiments suggestit scalesbetter to other tasks. For active
speaker mouth localisation, the additional visual context and audio information
available to Pixel-wise GaussianMI leadsto performancesigni cantly better than
two video-only techniques. Future work will follow three directions: to identify new
de nitions of syndhrony suitable for distinguishing monologuesfrom dialogues,to
develop methods for robustnessto badkground video motion and to consider ef-
ciency issues(such as whether a similar approach could be implemented in the
MPEG compresseddomain).

Ac kno wledgemen ts Wethank GerasimosPotamianos and Miroslav Novak for technical
assistanceand the anonymous reviewers for their commerts.
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