
Multimed Tools Appl
https://doi.org/10.1007/s11042-018-5944-2

Multimodal speaker diarization for meetings using
volume-evaluated SRP-PHAT and video analysis
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Abstract Speaker diarization is traditionally defined as the problem of determining “who
speaks when” given an audio or video stream. This is an important task in many applications
for meeting rooms, including automatic transcription of conversations, camera steering or
content summarization. When the room is equipped with microphone arrays and cameras,
speakers can be distinguished according to their location and the problem can be addressed
through localization techniques. This article proposes a multimodal speaker diarization sys-
tem for meeting environments based on a modified SRP-PHAT function evaluated on space
volumes rather than discrete points. In our system, this function is used in combination with
a circular array, enabling audio-based localization based on the selection of local maxima.
Voicing detection is used to detect speech frames, whereas video analysis is introduced to
aid in the decision when users move or simultaneously speak. The approach is evaluated on
the well-known AMI dataset with approximately 100 hours of realistic meeting recordings
and shows an average diarization error rate of 21% – 25%.
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1 Introduction

Automatic monitoring of multi-participant meetings has become an extensively studied
research topic in the field of multimedia processing. The basic idea is to track the activity
of the participants using the information provided by a set of sensors installed in the room,
with the aim of developing advanced applications such as automatic transcription of conver-
sations [20], content-based retrieval [40], audiovisual human-computer interaction (HCI)
[30] and intelligent camera steering and beamforming [44]. In the most common scenario,
the meeting room employs one or more microphone arrays and cameras situated at a con-
venient location (typically the centre of a table) in order to capture properly the scene. A
concrete setup extracted from the Augmented Multi-party Interaction (AMI) corpus [9, 27]
is shown in Fig. 1, where the meeting is recorded with an 8-element microphone array and
4 cameras.

One of the most important front-end tasks in many meeting monitoring systems is
speaker diarization (SD). SD can be defined as the process of detecting “who speaks when”
(or which participants are speaking at each moment) [2]. The problem is similar to voice
activity detection (VAD), with the additional difficulty that the system must assign each
voice segment to the correct participant (it can be viewed as performing VAD for each par-
ticipant). In applications involving speech recognition, SD enables the association of each
transcription with its corresponding speaker, which is useful for automatic content summa-
rization. SD can even facilitate the transcription process in certain scenarios. For instance,
in systems based on microphone arrays, a beamformer can be used to capture audio from
the active speaker location. This way, the system can attenuate interfering sounds and dis-
card non-speech segments that detrimentally affect speech recognition. SD is also useful
in distributed meetings, enabling participants in remote locations to hear and view a signal
focused on the active speaker. Often, these applications rely on the robustness of the SD
algorithm, which may be difficult to achieve in realistic scenarios. In typical meeting rooms,
the speech signal captured by distant microphones is affected by severe reverberation and
background noise, and the video data include natural movements and poses in which the
faces are partially occluded or obscured. Furthermore, spontaneous conversations usually

(a) (b)

Fig. 1 a A meeting room included in the AMI dataset, equipped with an 8-channel microphone array and 4
cameras located at the centre of the table. b Video signals recorded with the cameras
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produce considerable speaker overlap, thus increasing the complexity of the problem. The
task is even more challenging if the system must operate in real-time.

Several approaches for SD have been proposed in the literature. These approaches pri-
marily use audio features or a combination of audio and video cues. Depending on the
employed audio techniques, we can distinguish two types of strategies: speaker modelling
(SM) and sound source localization (SSL). SM approaches are based on the fact that each
voice has a different timbre, such that a different model can be learned for each speaker.
Commonly, the models of each speaker are constructed using Gaussian mixture models
(GMMs) of features such as mel-frequency cepstral coefficients (MFCCs) [41]. In online
systems, these models are often pre-trained for the target speakers [7, 21] and are not appli-
cable to unknown participants. Other online algorithms are capable of adapting to new
speakers by using generic models and clustering techniques [15, 36, 38], in a similar way
to offline systems [13, 14, 33]. However, these online generic systems require a certain
amount of initialization data (or latency) and usually do not deal with overlapping speakers.
SSL approaches exploit the fact that each speaker occupies a different position during the
recording, so users may be distinguished by determining the location of the sound source
[1, 3, 20, 26]. Recent works on SD suggest that systems incorporating SSL provide better
performance than SM methods [32], especially those involving the steered response power
with the phase transform (SRP-PHAT) technique [11]. Since SSL algorithms such as SRP-
PHAT provide the position of only the most prominent source, the common approach is to
extend these algorithms to develop a diarization system. This task involves three main chal-
lenges. First, VAD must be used to determine whether the localized sound event is speech,
so that no common noise sources are detected as speakers. Second, when there are multiple
active speakers, the system must detect all of them and not only the most prominent one.
Finally, if people move during the meeting, the system must assign them the same identity
independently of their current position, using some type of tracking procedure.

To overcome some of these problems, many SSL-based systems use a multimodal
approach in which the audio stream is processed in conjunction with other modalities of
data, such as video. Multimodal processing consists of fusing information from different
types of sensors to resolve complex problems. The advantage of multimodal approaches
is that the correlation among different types of information can be exploited, improving
the results of methods based on only one type of data. Usually, problems involving detec-
tion [23] or prediction [24, 25] of activities are addressed through multi-sensor techniques.
For SD purposes, visual information provides useful features that can compensate for cer-
tain flaws of the audio analysis and can be extracted with efficient and reliable algorithms.
In recent years, several SD algorithms combining SSL and video processing have offered
interesting results and have outperformed methods based exclusively on audio. In [42], a
pool of features derived from SSL and visual motion are selected by a boosting algorithm
to train a decision tree to detect active speakers. In [32], a hybrid system combining SM
and SSL is proposed. Location observations are obtained through visual analysis and SRP-
PHAT, and identity likelihoods are computed from pre-trained GMMs for each speaker
and combination of speakers. The fusion of both types of observations is performed with a
hidden Markov model (HMM), where each state represents a unique combination of speak-
ers. A similar strategy is followed in [34], but does not handle overlapping speech. SM is
based on pre-trained models of acoustic and facial features, whereas SSL is used to aid in
the detection of faces and to detect speaker changes. In [30], an SD system targeted for
HCI applications is proposed. First, a camera and a depth sensor are employed to deter-
mine the 3D location of faces and to extract features from the inner lip contours. Then,
the faces’ locations are used to evaluate locally the SRP-PHAT in regions around each user
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and to derive SSL-based features. All features are finally merged through a Support Vector
Machine (SVM) classifier, achieving a high accuracy rate. However, the algorithm does not
work if the users do not face the camera.

In this paper, we present a multimodal SD system for meeting rooms based on a modified
SRP-PHAT function. This modification was originally proposed in [10, 26] and consists
of evaluating the function on spatial volumes rather than discrete points. The advantage of
this approach is that it achieves similar performance to the standard SRP-PHAT with fewer
evaluations, and it is very appropriate for applications where the exact coordinates of the
sources are not needed. In our system, unlike [10, 26], we use the function with a circu-
lar array configuration that divides the search space into equally-sized sectors around the
array (assumed to be placed in the centre of the meeting table). We experimentally demon-
strate that with this particular setup, active speakers can be detected as local maxima in
the function, even in situations with overlapping speakers. The system is completed with
a visual analysis module that measures motion and lip movements to increase its robust-
ness for simultaneous speech or moving speakers (particularly when a user leaves his or her
seat to make a presentation). A voicing detector is used to detect speech frames. The deci-
sion algorithm is completely unsupervised, and the system can be tuned with two threshold
parameters. The evaluation with the AMI dataset demonstrates the robustness of the system
in realistic meeting rooms with spontaneous conversations.

The proposed algorithm is able to perform robustly in realistic meeting rooms, handle
overlapping speech and execute in real-time with low latency. The main novelty of the
system is the combination of an efficient volume-evaluated version of SRP-PHAT with
several signal processing techniques to overcome many of the adversities found in these
scenarios. A voicing detector is used because voiced speech frames have very robust features
against background noise, and location estimates are often more reliable on them. Detection
of lip movement and motion filtering are used to refine the SD decisions and detect whether
a user is giving a presentation at the whiteboard. Furthermore, the proposed division of
the search space allows to locate sound sources by selecting local maxima above a fixed
threshold, thus providing also an efficient way to detect simultaneous sources.

This paper is organized as follows. In Section 2, we present a general overview of the
system and explain the required setup. The detailed description of the proposed approach is
provided in Sections 3 (audio analysis, including the SSL and voicing detection modules)
and 4 (video analysis and decision algorithm). In Section 5, we evaluate the system with the
AMI database and discuss the results. Conclusions and future work lines are presented in
Section 6.

2 System overview

Our system requires a meeting room and table-top hardware similar to the ones used in the
AMI corpus, as depicted in Fig. 1. In the AMI dataset, audio and video signals are captured
with a microphone array and a set of cameras placed at the centre of the table. The audio
equipment consists of an 8-element circular equi-spaced microphone array with a diameter
of 20 cm that is composed of omnidirectional microphones that record at 16 kHz. Visual
information is captured with several table-top cameras covering the space occupied by the
users and operating at 25 fps. These cameras are not required to obtain high-resolution
images (in our experiments, the image size of the recordings is 288x352 pixels), but their
field of view (FoV) must be wide enough to capture the joint space where the participants
are seated.
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As detailed in [27], to create the AMI dataset, 8 Sennheiser MK2E-P-C miniature omni-
directional electret microphones were used for the array. The audio was digitalized at 16
kHz, 16 bit resolution with an eight-channel pre-amplifier device connected to the com-
puter through a single ADAT Lightpipe fibre optic cable that carried all eight channels. To
record the video, four Sony XC555 subminiature cameras with 6 mm lenses were mounted
under the central microphone array, providing close-up views of each of the meeting’s par-
ticipants. Four digital video recorders were used to record directly the output of the cameras
to Mini-DV cassettes. The video was encoded at a bitrate of 2300 kbps using the DivX
AVI codec 5.2.1 with a maximum interval of 25 frames between two consecutive MPEG
keyframes. The dataset includes other signals acquired with additional microphones and
cameras, but they are not required for our algorithm. This configuration is a fine exam-
ple of the typical hardware setup employed in smart meeting rooms. In fact, several works
in the literature have used similar configurations to develop actual prototypes of practical
applications based on SD [20, 40]. Other setups employ special purpose devices having mul-
tiple microphones and cameras, for instance, to support distributed meetings [44] or, more
recently, for entertainment applications [30] and informal meetings [17].

A schematic representation of the meeting room is illustrated in Fig. 2. The participants
are expected to be located at certain predefined regions around the centred table, according
to the available seats in the room. Consequently, assuming that users do not change their
seats, an active speaker can be identified according to his/her predefined region. With this
assumption, the problem of SD is then reduced to a combination of VAD and multi-speaker
SSL. In our required setup, each camera must be arranged to capture exclusively the region
corresponding to one seat/user. If the number of cameras is less than the number of seats,
some cameras can be used to capture more than one region as long as the portion of the
FoV corresponding to each seat is known in advance. In our experiments, we assume that
the number of seats is N = 4 with a single camera per position. As shown in Fig. 2, one
portion of the workspace corresponds to the whiteboard area. During a meeting, users may
temporarily leave their seats and stand at the whiteboard to make presentations. In this case,

Fig. 2 Schematic representation of the meeting room
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Fig. 3 Block diagram of the proposed multimodal SD approach

the speaker using the whiteboard must be assigned the same identity by the system even if
he/she is outside of his/her corresponding region.

The architecture of the proposed multimodal approach is shown in Fig. 3. The audio pro-
cessing module receives the eight-channel microphone signals sm (m = 1, . . . , M, M = 8)
as inputs, and performs voicing detection and SSL. The voicing detection module processes
one of the channels, s1, to obtain a binary decision vt ∈ {0, 1} indicating that voiced speech
has been detected at frame t . The SSL module discretizes the meeting room space into Q

sectors and provides the set of sectors q̂i,t (i = 1, 2, . . .) containing sound at the t th frame.
At this point, the audio module alone is able to determine the identity of the active speakers
by mapping the sectors q̂i,t to the pre-defined regions occupied by the participants. However,
to offer a more robust diarization result (especially in situations with overlapping speech or
when one of the participants is using the whiteboard), we also include visual information in
the decision.

The video processing part receives the signals captured by the N cameras In (n =
1, . . . , N, N = 4) and performs motion and lip detection on each stream. At each frame
t , the visual tracking algorithm returns two values: a motion measure gn,t indicating the
movement detected in camera n and a measure of the lip movement Ln,t in the detected face
(in the case of affirmative facial detection). The latter is a representative indicator of speech
activity. Finally, the information provided by both the audio and video modules is combined
by the decision algorithm to provide binary speaker diarization results dn,t ∈ {0, 1} for each
individual speaker n.

3 Audio analysis

3.1 Sound source localization with modified SRP-PHAT

As noted above, we evaluate the potential positions of the sound sources using a modified
version of the SRP-PHAT function. The classical SRP-PHAT algorithm is well-known as
one of the most robust SSL approaches in the presence of acoustic corruptions, such as
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reverberation and background noise. This algorithm can be interpreted as a beamforming-
based technique in which the microphone array is electronically steered (with a delay-and-
sum beamformer) to each candidate location to find the one with maximum power. The
algorithm can be summarized with the following operation:

x̂t = argmax
x∈G

Pt (x), (1)

where G denotes the set of all candidate spatial points and Pt (x) is the power of the t th audio
frame at the output of a weighted delay-and-sum beamformer aimed at point x = [x, y, z].

DeBiase [11] demonstrated that Pt (x) can be computed from the generalized cross cor-
relation (GCC) functions for all microphone pair combinations. The GCC function for a
microphone pair (k, l) is computed as

Rkl
t (τ ) =

∫ ∞

−∞
Sk(ω, t)S∗

l (ω, t)

|Sk(ω, t)S∗
l (ω, t)|e

jωτ dω, (2)

where τ is the time delay, ∗ denotes the complex conjugate and Sk(ω, t) is the Fourier
transform of the signal at the kth microphone. The denominator term in (2) is the PHAT
weighting function, whose purpose is to remove amplitude information in order to empha-
size equally the phase differences in all frequency components. Although there are other
weighting methods, the PHAT transform has been reported to be very effective in reverber-
ant scenarios for all kinds of sources, including speech. Strictly speaking, when using the
PHAT transform, Rkl

t (τ ) is the GCC-PHAT function and Pt (x) is the SRP-PHAT function.
By removing terms that are not dependent on x, the function Pt (x) can be computed by

summing all GCCs evaluated at the correct delay:

Pt (x) =
M∑

k=1

M∑
l=k+1

Rkl
t (τkl(x)) , (3)

where τkl(x) is the inter-microphone time-delay function (IMTDF). This function yields
the time difference of arrival between microphones k and l for a source located at x.
Mathematically, it can be computed with a simple geometric operation:

τkl(x) = ‖x − xk‖ − ‖x − xl‖
c

, (4)

where c is the sound propagation speed, xk and xl are the microphone positions, and ‖ · ‖
denotes the Euclidean norm.

Despite its robustness, the main disadvantage of the SRP-PHAT algorithm is the large
number of required computations. To successfully locate the source, the spatial resolution of
the grid G must be relatively high, which requires one to evaluate Pt (x) for a large number
of points. If the spatial resolution is reduced, the actual source location may land too far
from the adjacent sampled positions, increasing the risk of choosing a very distant global
maximum.

Authors have proposed modifications to the SRP-PHAT method to alleviate the compu-
tational cost without sacrificing precision [12, 43]. For our purposes, the most interesting
strategy is that presented by Cobos et al. [10]. Instead of evaluating the SRP-PHAT function
at discrete points, the authors integrate the information regarding the volume surrounding
each candidate position. To this end, they formulate an alternative expression of (3), where
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the GCCs are accumulated over a range of lags corresponding to a certain volume. This
modified function for a region/volume q is expressed as

P ′
t (q) =

M∑
k=1

M∑
l=k+1

�kl
2 (q)∑

τ=�kl
1 (q)

Rkl
t (τ ), (5)

where �kl
1 (q) and �kl

2 (q) are the accumulation limits. These limits must be determined for
each microphone pair (k, l) and region q because they depend on the microphones’ loca-
tions and the geometry of the region. These regions can be arbitrarily large, which may be
sufficient for applications in which it is not necessary to determine the exact coordinates of
the source but only its area. We can reasonably adopt this approach for our problem.

The first step of our approach consists of discretizing the search space into Q equally-
sized sectors. The geometry of each sector is illustrated in Fig. 4. Assuming a cylindrical
coordinate system x = [ρ, ψ, z] with its origin at the centre of the array, the boundaries

of each sector q are ρ ∈ [ρmin, ρmax], z ∈ [0, zmax] and ψ ∈
[
(q − 1) 2π

Q
, q 2π

Q

]
, where

q = 1, . . . , Q. This division is different from the speaker-based division illustrated in Fig. 2,
and it covers a large amount of space around the array. Since the region of each potential
speaker is known for a given room, a simple mapping can be used to relate each sector q to
its corresponding participant. The motivation of this division is to ensure that all volumes
have the same size and equal importance when evaluating the modified SRP-PHAT function.
Furthermore, it globally characterizes the localization space with a reasonable value of Q,
that should be a trade-off between angular resolution and computational cost.

Given this geometry, the problem is to determine correctly the accumulation limits �kl
1 (q)

and �kl
2 (q). As demonstrated in [10], when the IMTDF τkl(x) is evaluated inside a volume,

its maximum and minimum values always occur on the surface that delimits the volume.
Consequently, for each sector q, the accumulation limits can be determined by finding the
maximum and minimum values of τkl(x) on its six boundary surfaces. That is,

�kl
1 (q) = min

x∈Gq

τkl(x), (6)

�kl
2 (q) = max

x∈Gq

τkl(x), (7)

0
0

0

z
max

ρ
max

x

ρ
min

Mic. Array

y

z

Fig. 4 Spatial division of the search space into equally-sized 3D sectors
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where Gq is the set of points within the surfaces that enclose sector q. Observe that these
limits can be pre-computed before running the algorithm once a certain configuration for
the parameters Q, ρmin, ρmax and zmax has been set. In our case, we numerically determined
these limits by evaluating the IMTDF on a fine grid of boundary points and searching for
the global maximum and minimum.

The resulting SRP-PHAT function, P ′
t (q), can be interpreted as the proportion of fre-

quency bins pointing at sector q. In silent situations, all values of P ′
t (q) tend to be similar

because the phase differences are uniformly distributed. When a sound event with a certain
intensity occurs, certain frequency bins will point to the sector where the source is located.
This process will increase the value of P ′

t (q) in the closest sectors and reduce the value
in certain other sectors. An example is illustrated in Fig. 5 for the cases of a silent frame
(Fig. 5a) and a single active speaker (Fig. 5b). In the presence of simultaneous speakers, the
functional peaks may not be particularly noticeable, but they still appear as local maxima
with large values (see Fig. 5c and Fig. 5d).

Since the number of active speakers in frame t is unknown, we establish a threshold
Pmin on the functional peaks to determine the presence of source activity. As a result, the
algorithm returns the sectors q̂i,t (i = 1, . . . , Nt ) that produce local maxima above Pmin,
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Fig. 5 Modified SRP-PHAT function P ′
t (q) for a a silent frame, b one single speaker, c two distant speakers

and d two close speakers
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where Nt is the number of sectors returned in frame t and q̂1,t is the sector corresponding
to the global maximum. It is important to note that just looking at the SRP-PHAT response
for one sector is not sufficient for determining the presence of a sound source because the
value can be affected by adjacent sources. Moreover, to provide local maxima, the angular
resolution must be high enough to ensure that two speakers are not located in consecutive
sectors.

3.2 Voicing detection

The localization module provides information about the most probable locations of poten-
tial active sound sources. However, for SD purposes, it is also necessary to discriminate
whether the incoming sound is speech. Meeting environments are particularly challenging
for this problem because the signal is affected by multiple stationary and non-stationary
noises (air conditioning, computer fans, door slams, table hits, etc.) and speech is captured
by distant-range microphones, which often causes mismatches in conventional close-range
VAD models.

In the context of meetings and HCI applications, certain approaches also employ loca-
tion estimates to perform VAD. The common idea is that when there is an active speaker,
the location estimates across time will be concentrated around the true speaker location.
Therefore, their spatio-temporal consistency can be modelled and exploited for VAD [8,
26]. However, this strategy may be rather sensitive to noise and isolated localization errors,
especially in spontaneous meetings with multiple noise sources. In [30], the same idea is
more successfully applied in combination with a visual face tracker. However, the method
requires the users to face continuously the camera, which may not occur during meetings.
Another attempt to combine SSL and visual features for VAD is discussed in [42], but the
performance for overlapping speech is not evaluated. Other algorithms address VAD and
SSL as separate problems. In this case, more conventional VAD techniques are applied,
often based on statistical modelling of audio features [16, 20]. To increase performance,
these techniques are usually combined with beamforming to isolate the located sources [4, 6].

In the proposed approach, speech detection is performed independently of SSL. Unlike
conventional VAD-based systems, which aim to detect complete speech segments, we use
a voicing detector to discriminate only voiced speech. The motivation for this approach is
twofold. On the one hand, voiced phonemes exhibit specific properties (periodicity, har-
monicity) that can be used to discriminate quite well between speech and non-speech
frames, avoiding many of the false positives arising in VAD. On the other hand, voiced
frames are sparse, meaning that most of their energy is concentrated in a few bins. This
property reduces overlap in the frequency domain when simultaneous sources are active
and makes speech bins to dominate over background noise levels. For this reason, location
estimates obtained in voiced frames are often more reliable than those obtained in unvoiced
speech.

In our system, we use the voicing detector included in the PEFAC pitch estimator,
described in [19] and briefly summarized in the following. First, the input one-channel sig-
nal s1 is transformed to the log-frequency domain by computing its power spectrum S1(f, t).
The power spectrum is then normalized with respect to the deviation between a smoothed
version of the spectrum and a fixed universal long-term average speech spectrum. This pro-
cess tends to remove the singularities of the speech signal and attenuate noise components.
Finally, the normalized spectrum S1(f, t) is convolved with a harmonic filter to produce a
pitch salience function Z(f, t). From both S1(f, t) and Z(f, t), a 2-element feature vector
is calculated at each frame for voicing detection as follows:
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– the log-mean power of the normalized spectrum Et = log
(

1
F

∑
f S1(f, t)

)
, where F

is the number of frequency bins in the log-frequency domain. Because voiced speech
contains more energy, this feature is typically higher in voiced frames.

– the ratio of the sum of the highest three peaks in Z(f, t) to Et

ht =
∑3

i=1 Z(fi, t)

Et

, (8)

where fi indicates the frequencies corresponding to the three highest peaks. This ratio
measures the fraction of the total power that is harmonically related and is thus much
higher in voiced frames.

Voiced and unvoiced classes are modelled by GMMs using the 2-element feature vector
[Et , ht ] as an input. The voicing state is discriminated by using a likelihood ratio test as
follows:

vt =
{
Voiced, 1/(1 + pu,t /pv,t ) > 0.5
Unvoiced, otherwise

(9)

where pu,t and pv,t are the output probabilities returned by the unvoiced and voiced GMMs,
respectively. In our experiments, we observed that this voicing detector performs relatively
well even with simultaneous speakers. We must stress that we did not perform any training
of the GMMs on our own, and therefore, the algorithm was run with the same parameters
as in [19].

4 Video analysis and decision algorithm

Given the results of the SSL and voicing detection modules, the system is technically able
to determine the activity of the speakers at each frame. However, in practice, our audio
analysis faces two important problems. First, given a voiced frame, there is no guarantee
that the secondary peaks in the modified SRP-PHAT function correspond to speech activity.
Whereas the main peak is due to an actual active speaker on most occasions, the secondary
peaks are often associated with noise produced by the users (table hits, object movements,
etc.), which causes numerous false positives. Second, when a user is giving a presentation
at the whiteboard, the algorithm can detect that someone is speaking at the whiteboard area
but it cannot determine who is speaking. Both problems can be addressed by analysing
the video signals provided by the close-view cameras. In the first case, visual techniques
to detect speech activity can be used to validate secondary peaks. In the second case, the
problem is solved by measuring motion in the image.

4.1 Video analysis

Video Vocal Activity Detection (VVAD) is a task that has been addressed in the literature in
different ways. The methods in [29, 37] compute the optical flow of the mouth region, while
[28, 35] use deformable models to track lip contours. In both cases, the video data must
have sufficient resolution to provide a reliable VVAD measure, otherwise their applicability
is reduced. The works in [5, 22] propose an approach based on measuring mouth movement
using a model of the subject’s skin appearance extracted from two patches located below
the speaker’s eyes and by segmenting the mouth area into skin and not skin pixels. This
approach does not work very well when the subject does not expose his/her skin, such as
when the user has a beard or wears glasses.
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To perform voice activity detection in video data, we exploit the fact that a person moves
his/her lips when he/she talks. We employ a simple and efficient method to detect lip move-
ment. First, we use the classic Viola and Jones algorithm [39] (based on a cascade of
Haar-like features) to perform face detection on each frame of the sequence. When a face
is detected, we use a second detector of the same type on the lower third of its bounding
box to determine the exact location of the subject’s mouth. Then, we use the distance and
overlapping of the bounding boxes to determine whether they correspond to the same face.
When we detect the same face on two consecutive frames, we align the areas corresponding
to the mouth and compute a similarity measure between them by using a normalized square
difference:

Ln,t =
∑

a,b(I
m
n,t (a, b) − Im

n,t−1(a, b))2√∑
a,bI

m
n,t (a, b)2 · ∑

a,bI
m
n,t−1(a, b)2

, (10)

where Im
n,t (a, b) and Im

n,t−1(a, b) are the sub-images corresponding to the mouth of subject
n in two consecutive frames and (a, b) are the pixel coordinates. Lower values of Ln,t

correspond to high similarity (i.e., low activity) for the subject’s mouth. Then, according to
this measure, a speaker can be considered active if Ln,t > Lmin, where Lmin is a decision
threshold.

Our voice activity measure is defined only when we find the same face and its corre-
sponding mouth in two consecutive frames. In other cases, we simply cannot detect any
voice activity or its absence. A value near zero means that the subject is not talking (i.e., the
mouth is still). A relatively high value means that the subject is moving his/her lips, and we
can assume that he/she is talking.

Our voice activity measure is extremely fast to compute, achieves reasonable results with
relatively low resolution video, and does not impose restrictions beyond the face detection
itself. However, we must stress that we measure only the activity of the mouth area, which
does not imply that the subject is talking. Moreover, if the face of the subject is not detected
(for example, due to occlusions, face turning, etc.), our technique cannot determine the vocal
activity of the subject. As we can see in Fig. 6, a correlation exists between the actual voice
activity of the subject and our voice activity measure.

To address the problem of moving speakers, the motion cue can be used to determine
whether a user has left his/her seat. The simplest motion filter computes the absolute dif-
ference between two subsequent frames. To introduce robustness against small movements,
we average this difference over the last T frames, which results in the following motion
measure:

gn,t = 1

T

T −1∑
i=0

|In,t−i − In,t−i−1|, (11)

Ln,t

Fig. 6 Voice activity measure Ln,t for a 120 second video fragment. The green bar below the time axis
represents the ground truth of the sequence
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where In,t is the image of user n at frame t . A value close to 0 indicates the absence of
movement in the stream and hence that the user is not present in the image.

4.2 Decision algorithm

Once the values of vt , qi,t , gn,t and Ln,t have been determined, it is possible to indicate
the voice activity dn,t of each user. We denote the set of sectors corresponding to user n

as Qn and the sectors corresponding to the whiteboard area as Qw . The flowchart of the
decision process performed for each user n is illustrated in Fig. 7. Essentially, for each
detected voiced frame, speaker n is considered to be active if the maximum peak above
Pmin of the modified SRP-PHAT function (that is, q1,t ) falls withinQn. IfQn contains only
secondary peaks above Pmin, the system also checks the lip movement measure of user n

against thresholdLmin to filter out possible noises. Clearly, mouth movements do not always
represent speech, and the system can be tricked if noise and lip movements coincide. The
same occurs for non-speech vocal sounds, such as laughing or yawning. If one of the peaks
falls withinQw , the active status is assigned to user n only if its close-view camera does not
perceive any movement.

Since the method gives results for only voiced speech frames, it is necessary to estimate
unvoiced frames to complete the diarization process. According to previous studies [18],
voiced speech is typically preceded by 300 ms and followed by 500 ms of unvoiced speech.

Fig. 7 Flowchart of the decision process for each user n
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Therefore, for each active frame of user n, we extend the activation status to the immedi-
ately preceding and following frames. A benefit of this temporal extension is that the active
status will not be affected by short speech pauses. In fact, for many practical applications,
it is often desirable to detect speech hiatuses between words or sentences as active speech.
Therefore, a post-processing stage can be included to filter out even longer speech pauses.

Except for the face and voicing detection modules, that are trained externally, the system
is completely unsupervised and can be tuned by the parameters Pmin and Lmin. To establish
these parameters, a range of values were experimented with using the AMI dataset, and the
combination that produced the minimum error was chosen. Given the size of the database,
that contains three different rooms and multiple speakers, we assume that the final set-
ting is generically applicable to other scenarios. In the literature, supervised approaches are
often used for the fusion of audiovisual features using classifiers such as SVMs [30], deci-
sion trees [42] or HMMs [32]. Although these techniques can compete with unsupervised
approaches in terms of classification speed, their performance heavily depends on the size
and variety of the training data.

5 Experimental results

5.1 Experiment setup

All our experiments were conducted on the AMI dataset, which is composed of approxi-
mately 100 hours of multimodal meeting recordings with 4 participants. As explained in [9,
27], the data were captured in three different instrumented meeting rooms corresponding to
different project sites that were denoted by the characters I (for Idiap), E (for Edinburgh)
and T (for TNO). Although the rooms are roughly similar (all include a table, four chairs, a
screen/whiteboard and recording equipment), they differ in their acoustic properties due to
differences in overall shape and construction. As explained in Section 2, the meetings were
recorded with a far-field microphone array and four cameras mounted at the centre of the
table. Some of the meetings contained in the dataset naturally occur (denoted by character
N), whereas others are elicited (denoted by S for a scenario in which the participants play
different roles in a design team and B for other elicited scenarios). The meetings are not
scripted, and the participants behave naturally while discussing concepts around a table or
when presenting on a whiteboard.

The experimental evaluation consists of comparing the proposed diarization result to the
ground-truth annotations included in the database. Recording sessions where participants
interchange their seats, where there were technical failures (such as microphone fails) or in
which people used the whiteboard in groups were excluded from the evaluation (since the
system cannot handle those scenarios).

To compute the modified SRP-PHAT function, a frame length of 1280 samples (80 ms at
a sampling rate of 16,000 Hz) with a 50% frame overlap was used. This setting corresponds
to a rate of 25 SSL functions per second so that video and audio features are synchronized.
The search space was discretized into Q = 72 sectors, each covering an angle of 5 degrees,
where the limits of the sectors were set to zmax = 1 m, ρmin = 30 cm and ρmax = 3 m.
For each room, the annotation of the set of sectorsQn corresponding to each user was man-
ually performed by inspecting the SRP-PHAT response and the video signals. The voicing
detector was run with the same temporal resolution as in the SSL step, and the remaining
parameters were set to default values.
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With this setting, the search space is characterized with only 72 sectors, which involves
making only 72 evaluations of the modified SRP-PHAT function. This is an important
advantage over conventional SRP-PHAT, as it has been demonstrated that the performance
of SRP-PHAT substantially degrades when a small number of candidates is used. For a
comprehensive comparison between both approaches in terms of localization accuracy for
different grid resolutions, we refer the reader to [10].

The effectiveness of our SD algorithm was assessed in terms of diarization error rate
(DER). According to this measure, a frame is considered misclassified if the global speaking
activity is not correctly estimated. Therefore, this measure corresponds to the fraction of
time that the diarization result is not correctly attributed to one or more speakers (or to
non-speech during silent periods) [2].

5.2 Results

Our DER results for both audio-only and multimodal approaches are summarized in
Tables 1 and 2, providing the average error for each meeting type. In the first case, only the
audio features are used to determine the active speakers, such that a speaker is considered to
be active if one of his/her sectors yields a functional value above Pmin and a speech frame
has been detected. In the second case, the video features are used to refine the audio results
and to detect whether a person has moved to the whiteboard, as explained in Section 4 and
Fig. 7. As noted above, meetings are divided according to the room they were recorded in
(first letter) and the type of scenario (second letter). For each meeting type, the subset tagged
with “whiteboard” comprises all recordings in which the whiteboard/screen was used dur-
ing the session, whereas the other subset contains recordings in which the users remained
seated. These tables also present the error percentage for each type of frame, divided accord-
ing to the number of active speakers (one or more than one) annotated in the ground-truth
data. These results allow us to evaluate the performance of the method in situations with
overlapping speech and to compare them to frames with a single speaker.

Table 1 DER (%) per meeting room for audio-only diarization

Audio-only

1 speaker >1 speaker all frames

ES 22.58 52.68 24.87

ES (whiteboard) 42.65 65.45 45.68

EN 21.41 48.15 27.16

IS 29.14 43.13 29.91

IS (whiteboard) 55.77 69.32 58.53

IN 14.58 45.35 20.04

IN (whiteboard) 27.30 49.05 33.19

IB 22.54 48.63 26.49

IB (whiteboard) 39.44 55.01 39.24

TS (whiteboard) 63.63 70.50 64.45

All 22.05 47.58 25.69

All (whiteboard) 45.75 61.86 48.21

The results for the meetings where the whiteboard is used are provided separately
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Table 2 DER (%) per meeting room for multimodal diarization

Multimodal

1 speaker >1 speaker all frames

ES 17.00 51.87 20.60

ES (whiteboard) 22.11 55.63 27.24

EN 14.63 47.14 21.88

IS 18.66 40.02 21.68

IS (whiteboard) 25.96 56.19 32.26

IN 11.32 43.24 17.13

IN (whiteboard) 14.62 40.37 21.63

IB 16.08 47.98 22.01

IB (whiteboard) 22.17 46.36 23.91

TS (whiteboard) 17.98 44.37 21.68

All 15.53 46.05 20.66

All (whiteboard) 20.56 48.58 25.34

The results for the meetings where the whiteboard is used are provided separately

As shown in Table 1, when a single user is speaking, the audio module is able to provide a
correct diarization result in almost 78% of the frames. During overlapping speech moments,
the audio algorithm correctly detects all active speakers in approximately half of the frames
(47.58% of DER). Globally, the DER achieved by the audio-only method in meetings where
the participants remained seated is equal to 25.69%. As expected, the result is much worse
on the “whiteboard” subset, since the audio module cannot handle situations where users
leave their positions.

As shown in Table 2, the percentage of errors is improved when the video information
is employed to filter erroneous secondary peaks. This effect especially occurs in single-
speaker frames, where the DER is 15.53% on the non-whiteboard subset. This improvement
is not particularly noticeable in frames with overlapping speakers, but the results demon-
strate that the filtering performed by the video module does not degrade the results. Overall,
in recordings where the participants remain seated, the achieved multimodal DER is 20.6%.
In sequences where the whiteboard/screen is used, the result is slightly worse, being approx-
imately equal to 25%. In some “whiteboard” sequences, the presenting person occupies
the sectors of other users in certain frames, which may explain the loss of performance in
these sequences. As expected, the multimodal method clearly outperforms the audio-only
approach in “whiteboard” meetings, demonstrating the benefits of multimodal analysis.

5.3 Computational cost

For the audio module, the majority of the cost comes from the localization algorithm. Let F
be the number of frequency bins of the Fourier transform of a frame and L = M(M − 1)/2
the number of microphone pairs. The computational cost of the SRP-PHAT function (in
number of operations) is given by the following expression [11]:

Ca ≈
(
6.125L2 + 3.75L

)
F log2 F + 15FL(1.5L − 1) + (45L2 − 30L)ν, (12)
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where ν is the number of evaluations of the SRP-PHAT function. Since the number of
operations added by the modified version is negligible, the above formula is valid for both
approaches [10]. In our experiment, F = 2048 bins, L = 28 pairs, and ν = Q = 72 evalu-
ations, resulting in a cost of Ca = 148.3 millions of operations per frame. Since the method
processes 25 frames per second, the number of operations is approximately 3707 million
each second. The voicing detection algorithm does not dramatically increase complexity.
As indicated in [19], for a Matlab implementation of the algorithm, the processing time is
close to 0.2 s for each second of audio in an Intel Xeon CPU.

For the video module, we use the Viola-Jones face detection technique, followed by a
mouth detection stage with the same algorithm, and a similarity computation. The Viola-
Jones face detection algorithm [39] uses a cascade of classifiers with Haar-like features. By
using the so-called integral images, whose computation is linear in the number of pixels
of the image, this method can evaluate each filter with a small number of additions and
subtractions, so its complexity can be expressed as:

Cv ≈ NP + T · NC

where NP is the number of pixels of the image, T is the number of image search win-
dows, and NC is the average number of classifiers evaluated for each window. We start
with 40 × 40 pixels search windows, increasing its size by a factor of 1.1. Giving that our
images are of 352 × 288 pixels, NP = 100000 and T = 900000 approximately. NC is tipi-
cally 10, with each classifier requiring on average 8 single operations. Thus, face detection
takes on average 72 million operations each frame (7200 million each second, assuming 4
cameras). Mouth localisation applied to detected faces and similarity computation takes on
average 1 million operations per frame, giving that a single face of 60x60 pixels is detected.
The motion filter does not notably increase complexity, because it is based on a simple
subtraction of frames.

Together, the SRP-PHAT function and the lip detection module take approximately
11000 millions of operations per second, which can be executed in real time by modern
multi-core processors. The proposed algorithm was implemented in C and Matlab. There-
fore, it is not fully optimized, although it is able to run faster than real-time in a machine
with a Pentium i7 processor. Certain modules introduce a delay of a few frames (voicing
detection and post-processing), but the system is still appropriate for real-time applications.

5.4 Comparison to other methods

Our SD system achieves results that are in line with other methods in the literature. How-
ever, providing a comparison in terms of SD performance is difficult since the results of a
particular system can vary significantly among different meeting scenarios [2, 33]. Specifi-
cally, a number of important factors affect DER results, such as the acquisition setup, degree
of speech overlap and spontaneity, number of speakers, available prior information, algo-
rithm training conditions and real-time requirements. In practice, we can offer comparisons
with methods evaluated on similar databases and analyse the strengths and weaknesses of
each proposal. For example, Friedland et al. [14] used the IS subset of the AMI corpus to
achieve a DER of 32.1% for the audio modality and 25.31% for the multimodal system
(both working with one-channel audio). Their method is based on the clustering of acoustic
and visual features. Therefore, it is robust to users changing their respective positions but
cannot operate in real-time and does not handle overlapping speech. Based on similar prin-
ciples, the ICSI audiovisual SD system described in [15] obtains a DER of 32.5% on the
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challenging RT-09 dataset. Their multichannel audio-only system that incorporates beam-
forming and delay features achieves 17.2% for the offline version and 39.3% for the online
version (which requires the first 1000 seconds for training). In the same dataset, the LIA-
EURECOM system [13] that is also based on the clustering of acoustic features achieves
a DER of 23.5%. Noulas et al. [31] used two meeting recordings from the AMI corpus
(acquired in IDIAP and Edinburgh rooms) to achieve a DER of 33% and 20% for the audio
modality and 16% and 11% for the multimodal fusion. Their probabilistic framework is able
to work without making assumptions about the recording setup or the number/location of
speakers, although it does not operate in real-time. The approach described in [20] performs
audio-only SD in real-time by clustering the directions of arrival estimated with GCC-PHAT
and using a statistical model-based VAD. The authors report a DER of 21.4% in a meeting
session with 4 participants seated around a table.

Unlike the above methods based on timbral features, our localization-based algorithm
has the advantage of working in real-time. Its main disadvantage is that it requires a pri-
ori knowledge of the area where each participant is expected to be seated. However, this
requirement can be fulfilled in most practical scenarios for which the real-time processing is
clearly more beneficial. Other localization-based methods, such as the one proposed in [42],
do not have this disadvantage. However, unlike [42], our method does not require training
and can handle simultaneous speakers. In contrast to the method in [20], our algorithm uses
a volume-based localization that reduces computational complexity and employs the video
to help in the diarization process. This approach allows one speaker to leave his/her seat
to give a presentation on a whiteboard, unlike [20], where the users are required to remain
seated.

6 Conclusion

This paper presents an approach for performing multimodal speaker diarization on meetings
based on a modified SRP-PHAT function. Unlike conventional SRP-PHAT, this function is
evaluated on space volumes, and when used in combination with a circular array topology,
it is able to localize active speakers by extracting local maxima from the function. Visual
lip movements are measured to discard potentially erroneous secondary peaks, and motion
filtering is used to detect speakers walking to the whiteboard/screen. Voicing detection is
used to discriminate speech frames from non-speech frames. The method requires a circular
microphone array placed at the centre of the meeting space, cameras for capturing users’
faces, and prior information about the candidate set of sectors where each user can be seated.

The experimental results were obtained with the challenging AMI dataset, obtaining a
DER of approximately 21% – 25%. When using audio-only features, the DER is equal to
25% in sequences where the users remain seated. When using both video and audio cues, the
DER is 21% in these same sequences because the system is able to correct certain decisions
of the audio module. These results are in line with other SD algorithms in the literature
applied in similar conditions. However, unlike many previous works, our system is able to
run faster than real-time, is very efficient (thus requiring less computational resources) and
correctly detects a significant portion of the frames that contain overlapping speech.

There are a number of ways in which our diarization system could be improved. For
example, video could be used to track the speakers around the room, allowing higher free-
dom of movement to the participants and probably requiring additional cameras to capture
the whole room. The audio module could be improved by using beamforming techniques



Multimed Tools Appl

driven by the location information provided by both the SRP-PHAT and video modules,
thus producing a separate signal for each user. The enhanced signals could be used to detect
more precisely speech activity, at the cost of increasing computation time. Furthermore,
the room could be equipped with several arrays distributed around the room that work in
parallel to choose the best signal.
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