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In this paper we address the problem of estimating who is speak® €atures: |,/ g\ 23 | p/Current
ing from automatically extracted low resolution visual cues in group© Visual Activity Estimating |2 | % 2 || |Speaker
meetings. Traditionally, the task of speech/non-speech detection ¢rtiead Pose Speakers %’ %’
speaker diarization tries to find “who speaks and when” from au- Ol O

dio features only. In this paper, we investigate more systematically
how speaking status can be estimated from low resolution video We
exploit the synchrony of a group’s head and hand motion to learn . ) ) ) )
correspondences between speaking status and visual activity. \@&timation of speaking status; we consider low resolution video to
also carry out experiments to evaluate how context through the otf:ontain faces which are captured at around 20 pixels in height.
servation of group behaviour and task-oriented activities can help to  In the audio domain, speech detection from independent head-
improve estimates of speaking status. We test on 105 minutes 6t microphones (IHM) has been attempted by Wrigley et al. [6].
natural meeting data with unconstrained conversations and compaféey used a Gaussian mixture model (GMM) to represent acous-
with state of the art audio-only methods. tic features which was then used to train an ergodic hidden Markov
Index Terms— visual focus of attention, speaker detection. model (_HMM) to estimate 4 cla_sses related to speech _and cross talk
in meetings. When head-set microphones are not available, speaker
- ] 1'_ _'NTRODPCTDN o diarization can be used. This tries to identify ‘who spoke when’ [7],
Traditionally, voice activity detection or speaker diarization has beeRyhich is typically approached by using an unsupervised agglomer-
used predominantly in the speech processing community as a Preive clustering method to identify regions of speech (after filtering
processing step for tasks such as speech recognition and other mejig non-speech), and estimate the number of speakers. However, it
semantically high-level tasks such as dialogue act recognition. Rgs yyinerable to errors during periods of overlapping speech, even
cently, it has been shown that non-verbal behaviour using just thghen multiple audio sources are used to estimate delays between
extracted speaker turn patterns can yield useful and robust featurggptyred audio signals. One solution is use visual cues to solve the
for tasks such as estimating dominance [1], or roles [2] in conversgsroplem audio-visually [8, 9, 10] but improvements are not always
tions. Such research shows that semantically high-level informatiognsistent so it is difficult to conclude how when they are useful.

need not be extracted fron verbal cues. From a privacy perspgecti ; .
. - . . ; . - Much previous work that exploit temporal correspondences be-
it would be highly desirable to estimate who is speaking Wlthouth-‘ P P P P

Fig. 1. Flow diagram of our approach.

. . . ~ tween speech and vision have tended to assume that the motion from
the need to record audio content from private conversations, whic

. 1 o . ! . e mouth is the principal visual manifestation of speech [11, 8].
is perceived to be quite invasive even if only prosodic features arg, swever. there is much evidence from both social psychology [12]
extracted. In addition, in a large cocktail party or during corpo- !

tet K ises th b h back d noi hi d computational methods [13, 9] to suggest that speaking in con-
rate team-work Exercises there can be much background NoIS€ WNIGR ¢ a4ions can manifest itself in broader body motions, which psy-

makes distinguishing voices robustly difficult. chologists suggest aid cognitive communicative processes [12].

This paper addresses the problem of estimating speakers in four- L . ; .
participant meetings when only low resolution video data is avail- Speaker locationing using visual focus of attention (VFOA) has

able for testing, and audio-visual data for training. We present an een addressed for two to three-person scenarios by Siracusa et al.
' ] with good results but they used high resolution audio-visual sen-

compare novel approaches using both supervised and unsupervi Rienks et al. 5 d " inf tion 1 "
models that investigate the extent that head and hand motion can Bgrf" th IENks i at.) [ ]duse_ rr:agnehlc sensc’)r\llnFc())r/rA\na '3?‘ 0 est-
used to aid the estimation of who is speaking. In addition, we intro/Nate the speaker based on Just each persons In discussion-

duce supervised models that integrate different contextual cues sugﬂ.ly sct:enarlos. ;Lhey found ttht".’lt hL:mandJL:?gemfetr;]ts perfor][ne? SIg-
as the visual focus of attention (VFOA) of participants in the meet.1cantly worse than computational modetiing ot thé same Teatures

ing and also activity on a slide screen to estimate speaking statu\é’.h'Ch suggests that using VFOA.anne may nqt be suﬁlc.lent. )
A summary of our approach is shown in Fig. 1 and is descrip-

The main emphasis and novel contribution of our work is to study ) - .

how head and hand activity features can be correlated with speakirfpns are arranged:- Section 2 describes the meeting data that we use;
status. Previous work which estimate how either gestures are r&ection 3 (Fig. 1 (a)) describes both the motion features and esti-
lated semantically to speech [3] have used high resolution featureglates of head pose and contextual features that were extracted from
To our knowledge, there has been no work that presented how loff€ Video streams; Section 4 (Fig. 1(b) and (c)) describes the dif-

resolution visual features from the upper torso contribute to the thi€rent methods we use to estimate the speakers from the visual cues;
Section 5 shows and discusses the experiments that were carried out;

*This work was funded by the Swiss NCCR IM2. and Section 6 provides some concluding remarks.
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Fig. 2. (a) Plan view of the meeting room. (b) Centre camera view. (a) (b)
Fig. 3. (a): Example of the residual coding bitrate in the close-view
2. DATA cameras. High: red; Low:blue. (b): Horizontal and vertical profiles

We used meeting data from the Augmented Multi-Party Meetingdf the skin blocks (red) and the estimated boundaries (green lines)
(AMI) corpus captured in an instrumented meeting room (see FigPetween the two people and their respective head and hand regions
2). These meetings were created from teams of four who were aské@ the side-view camera.

to design a remote control. The meetings were not scripted and team

members had free use of a slide screen for presentations. The meet- Taking the average residual coding bitrate over the side view
ing room has 4 close-view cameras, capturing each individual pagameras led to noisier estimates of visual activity than extracting
ticipant (see Fig. 3(a)). There are also 2 side-view cameras whicthem from the close-view cameras since head and hand motion is
capture 2 people at a time, as shown in Fig. 3 and a centre camefaptured. Head and hand motion tends to be asynchronous for a
that captures everyone and the slide screen. Each participant wearSReaker so averaging over all skin colour regions biases the activ-
headset microphone and there is also a microphone array set on tife values. To prevent this, we first take the average residual coding

table around which the participants sit. bitrate for the headH ead) and hand H and) regions before tak-
ing the maximumMazH H = maz(HeadHand). Head and hand

3. FEATURE EXTRACTION motion is extracted by dividing each half of the side view using a

3.1. Estimating Visual Activity vertical profile of the skin-colour blocks of the frame as shown by

From the social psychology literature, we know that people movehe vertically oriented histograms in Fig. 3(b). The dividing points
when they talk [3]. Therefore, measuring individual visual activ- between the head and hand regions are estimated in a similar fashion
ity can give us a good indication of whether someone is speakings before and are shown by green horizontal lines in Fig. 3(b); an
or not. We estimate body motion in the close-view video streamsipper bound is used to remove spurious detections of skin colour.

by extracting visual activity features directly from the compressed o

domain. The approach is based on features proposed by Yeo ageR- Estimating Head Pose _ _

Ramchandran [14]. The videos we use have been compressed withe¢ head pose of each person is used to estimate people’s VFOA
MPEG4 encoding using a group-of-picture (GOP) witfl-#®-P-..} in the pixel domain. To estimate people’s head location and pose
structure; the first frame (1) is intra-coded, and the rest (P) are preVe rely on a Bayesian formulation of the tracking problem solved
dicted. During encoding, motion vectors are obtained by matchin%mu@h particle filtering techniques as proposed by Ba et al. [16].
blocks between consecutive frames using motion compensation. TH¥e applied the head tracking method in the side-view cameras.
difference between the source and predicted pixels (residue) neeffdven an initial _head location, the track_er iteratively estimates peo-
to be encoded. The number of bits required to encode the quantis@¥¢’s head location and pose. At each timéne tracker outputs the
DCT coefficients is called the residual coding bitrate. An exampleh€ad locations in the image plane and the pésésr each person.

of the residual coding bitrate extracted from a close-view camera i§ 3. Slide Change Detection

shown in Fig. 3(a). At each frame, the visual activity of each per-_l_' d tect the slide changes we used the method which works in the
son is the average of the residual coding bitrate over all skin regionso € . 9 -
: . : : compressed domain proposed by Yeo and Ramchandran in [14]. A
in each frame. Skin-colour regions are detected by modelling the

L ; - . Slide change variable is used to model contextual information for
Sgghbrustggcgfut:iﬁnggl\jlnl‘v'trEfS(]:hrommance coefficients in the UV visual attention recognition. Slide changes, captured by the centre

When only 2 side-view cameras are available, 2 people are ca gamera (see Fig. Z(b-))’ co_rrespond_to temporally Ic_)calised peak_s of

tured at atime so we implement a compressed do;nain modified ve'?r_]e residual coding bitrate in the region corresponding to the projec-
. . L . ' fion screen. Thresholding the amount of residual coding bitrate in

sion of [20] to automatically divide the frame into wo halves, _thust e projection screen area gives the slide change instants. Given that

separating the two people. For each frame, we construct a hOI’IZOﬂlEﬂe slide changed at time we build a slide activity variable, that

profile by accumulating the number of detected skin-colour blo‘:kss,tores the time that has elapsed since the last slide change

in each column, (see bottom of Fig. 3(b)). K-means clustering is ’

used to find the locations of the two peaks. The cluster centres are 4. ESTIMATING SPEECH ACTIVITY FROM VIDEO

initialised to the locations of the peaks found in the previous framey, 1 Unsupervised Model

The boundary, shown as a green vertical line, is the mid-point bea gimple method of estimating speech activity is based on findings
tween the two peaks. We could have simply divided the side-viewngicating that those who speak tend to move more [13, 9]. We im-
cameras equally in two but the automatic division provides a morgement a simple algorithm that estimates whether someone is the
robust estimate if one person leans towards the other to grab so fincipal speaker based on who moves the most over a sliding time
thing or the position of the seats are changed. Once the left and rigﬁ'mdow_ To ensure that a person’s motion is consistently high and
region of each camera-view is separated, we treat the two portionsg just very high for a short period of time, we count the number
of the frame as two separate video streams. We average the residyalimes someone’s motion is the highest during the window (see
coding bitrate over the skin-colour blocks in the relevant half of theAIgorithm 1). Each speaker’s visual activity is normalised by their
frame to get thé alves feature. maximum before applying the algorithm to ensure that the system is
not biased to people who tend to move more in general.
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Fig. 5. Probability distributions of\fax H H givenS; = 1 andO0.

HMM Full-context

probability p(m5|SF) for each person whersf = 1)) and S =
0), is accumulated from training data (see Fig. 4(b)).

The third term is the head pose observation medél|f:) re-
lating people’s head poses to their visual attention. For each visual

Fig. 4. Supervised model$iMM andFull. targetv, p(0F| fF = v) = N(0F, pix v, S0 ) is modelled as a Gaus-
_ sian distribution with mean and covarian@ex,», Xx,»). The pa-
4.2. Supervised Models rameters(ux,», Xk,») €an be either learned or predicted according

The unsupervised method can only estimate one person speakingtatthe geometry of the room. The last term is the dynamical model

a time so will not account for periods of overlapping speech. An-and represents the temporal evolution of the hidden states given the

other method is to just assume that each person is likely to movprojection screen activities. It can be factorised as:

when they speak; we infer that they speak when their visual activity

is above a certain threshold. Before thresholding, each individual p(S,, f;|S:_1, fi—1,a:) = p(ft|fe—1, St, as)p(Se|Si—1,a:)  (2)

visual activity stream is normalised by dividing by the maximum for

that meeting session. We will refer to this method lateF'ases. wherep(f¢|fi-1, St, a:) models the evolution and dependence of
We now introduce a more complex model which takes into acthe the visual attention state given each person’s speaking status and

count other aspects of the meeting dynamics such as presentation &€ slide screen activity. This term encodes the relationship between

tivities using the slide screen and the VFOA, which has been demorihe visual attention and speaking behaviop(s | S¢ -1, a:) models

strated to be an important cue for estimating who is speaking [5]the evolution of the speaking status states given the time elapsed

The goal of the full-context model is to introduce in a principled since the last slide change, representing the dependencies between

fashion, information about people’s visual attention to estimate theithe speaking statuses and the projection screen activities. The full

speaking status. The hypothesis is that a group’s visual attention g@ntext model will be referred to dsull.

more I|kely_to converge on thg spgaker than onlothers S0 we use this 5. EXPERIMENTS

contextual information for estimating the speaking status. ) )
We use the the head pose observation model and hidden stdiéfSt, we compare the performance of the unsupervised method (Sec-

dynamical model from our previous work [17]. We dendte = tion 4.1) using different parts of the_body, shown in the upper part
(S},..., S*) to be the speaking states of the four meeting participant§f Table 1. We discuss the results in terms of F-measure; the pre-
attimet. S¥ = 1 when persork is speaking and 0 otherwis¢, =  Cision and recall are provided for interest. The precision represents

(le, ff) denotes the visual attention states of the four people?he false detections and the recall measures missed detections. The

For each person, the set of possible visual attention targets has beefeasures is the harmonic mean of the precision and recall.
discretised and restricted to a set of seven targets: the other three We performed experiments on 105 minutes of meeting data con-
people, the table, the white board, the slide-screen and unfocusé&isting of 21 5-minute meetings with 4 groups of seated people.
when the person is not Visua”y |ooking aany of these targ@ﬁs an Boundary estimation was evaluated by using annotations of bound-
observation variable built from the detected slide change that stord8d boxes of speakers’ heads. The error rate of finding the boyndar
the elapsed time since the last slide charfige= (67, ..., 6%) are the between two people was 0.4%, where an error occured when the es-
head pose observations for each person. Finally= (m}, ..., m}) timated boundary did not cleanly separate the bounding boxes of the
are each person’s estimated visual activity (see Section 3.1) overt&0 people. The error rate for dividing the head and hands was 0.5%.
window of fixed size centred on frante Higher resolution features extracted from the 4 individual close-
Our goal is to jointly estimate the speaking staggsand vi-  view cameras (labelled @&loseHeagl are included for comparison.
sual attention statg; given the observations (see Fig. 4(a)). This Going from CloseHeadto Halvesleads to a decrease of 3.5% in
problem can be posed in a probabilistic framework as finding thgperformance in absolute terms. As expected, separating the hand and
sequence of hidden stat8s.r and f1.r that maximises the poste- motion withMaxHH performed better, leading to only a 0.5% drop
rior probability distributionp(S1.7, f1.7|m1.7, 01.7) which accord-  in performance, despite a reduction in resolution between the side
ing to the independence assumption implied by the graphical modaiew and close-view cameras. Thtand feature performed worst
displayed in Fig 4(a) can be factorised as: but theHeadfeature performed well compared to usidgxHH.
r For the basicl’hres models, we selected a threshold so that
p(So, fo) [ [ (mel Se)p(0:l f1)p(St, il Se-1, fi-1,a:) (1) the precision and recall were approximately equal. We compare
t=1 with both Head and MaxHH features. There is a significant im-
The probability density function in Eq 1 is defined by five terms. Theprovement in performance when usiliaxHH features but overall
firstis the initial state priop(So, fo) that we modelled by a uniform the T"hres method performed worse than the unsupervised method.
distribution. The second is the motion observation medet.|S:) When HMM is used, the performance increases considerably but
(labelled agi M M in Fig 4(a)) modelling the relation between peo- MaxHH still performs better thatdead When theFull model is
ple’s speaking observations and their speaking states. We factorissed, the performance increases again and but nottehdfeature
the motion observation model @ém.|S;) = [[,_, p(mF|SF) the  performs a bit better. Closer inspection of the results reveals that the



P R F
Unsupervised Hands 41.32| 52.6 |41.85
Head 51.87] 49.5[48.38
MaxHH 50.72] 50 [48.49
Halves 48.57|49.97|46.51
CloseHead 58.22| 45.9(49.02
Supervised [Thres Head 45.18| 36.15| 38.14
Thres MaxHH [43.22/41.93]41.00
HMM(MaxHH) |61.64| 54.36|54.83
Full(MaxHH) | 62.24] 54.54/55.19
HMM(Head) 62.99 53.23| 54.45
Full(Head) 63.36| 54.74] 55.92
Audio-only  |Audiol 71.26| 60.87| 63.38
IAudiod 55.43/80.21| 81.62

Table 1. Performance as precision (P), recall (R) and F-measure (F).

Headfeature did not perform consistently better thdaxHH. Peo-

(2]

(3]

[4]

5]

[6]

ple who used their hands more for speaking than other activities such

as writing occursed in meetings wheviaxHH performed better.

We compare our video-only methods with two different audio-

[7]

only methods. The first is the speech/non-speech detector proposed

by Dines et al. [18] that assumed IHM conditions. This method
is referred to asdudio4. The other is a more challenging scenario
where only a single microphone from the array is used but the num-
ber of speakers is known beforehand. We use the “NoFM” method [®

described in [19] and is referred to abudiol. The diarization

(8]

was performed on each 5-minute meeting segment. Using 5-minute
segments is challenging for diarization systems since each speakéo]
has little time in which representative speaker models can be accu-

mulated. There is typically an improvement in performance when

(11]
The results show that the diarization results improve on video-

longer conversations are used.

only approaches wittHudio4 performing the best. On closer in- [12]

spection, there are a few meetings segments where thé ik
model out-performed theludiol method by almos20% in abso-

lute terms. If longer meeting segments are used, the clustering p
formance forAudiol will improve so our experiments represent the

e

worst-case scenario and show that in the presence of short data, vi-

sual features may be a good substitute for audio-only methods.
6. CONCLUSION

Our results show that it is possible to estimate speech activity from

low resolution visual features using both supervised and unsuper-
vised methods. We have also demonstrated that using the context of

the meeting to estimate who is speaking improves the overall per-

formance and stability of the estimates. We have shown that bot! 5]
the visual activity of the head and hands can contribute to estimates

of speaking status. The video-only methods do not out-perform the

audio-only methods but our results show that it could be a reasonablé6]

substitute if periods of audio data are missing or impractical to ex-
tract. In terms of on-line real-time systems, our unsupervised model
(17]

is already able to work on-line but for tHéull model, further work

is needed. It would be interesting to investigate the effect on estima-
tion performance of behavioural constructs such as dominance when

using the noisier estimates of speaking status.
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