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Abstract
Multi-speaker tracking using both audio and video modalities is
a key task in human-robot interaction and video conferencing.
The complementary nature of audio and video signals improves
the tracking robustness against noise and outliers compared to
the uni-modal approaches. However, the online tracking of mul-
tiple speakers via audio-video fusion, especially without the
target number prior, is still an open challenge. In this paper,
we propose a Generalized Labelled Multi-Bernoulli (GLMB)-
based framework that jointly estimates the number of targets
and their respective states online. Experimental results using the
AV16.3 dataset demonstrate the effectiveness of the proposed
method.
Index Terms: multi-speaker tracking, 3D, audio-visual fusion,
GLMB filter

1. Introduction
Speaker tracking has attracted increasing attention in the past
few decades due to its wide applications in the fields of video
conferencing, surveillance and human-robot interaction [1, 2].
It is a temporal process of identifying and determining the kine-
matic state of each speaker (e.g., the position and the velocity)
given noisy, incomplete or cluttered measurements of differ-
ent modalities. To date, audio and video are the most popu-
lar modalities due to the low cost and convenient installation of
microphones and cameras [3]. However, either modality faces
respective challenges. The performance of the traditional vi-
sual trackers are degraded with target occlusions, limited cam-
era’s Field-of-View (FoV) and illumination changes [4, 5, 6],
whereas the audio trackers are affected by intermittent voice
activities, background noise, and strong room reverberation
[7, 8, 9]. Therefore, an audio-visual tracker with the capability
of exploiting the complementarity of both modalities is highly
demanded, especially under challenging and rapid-varying sce-
narios [10, 11].

A number of audio-visual trackers have been proposed in
the literature [11, 12, 13, 14, 15, 16], based on various Bayesian
filters, viz. the Kalman Filter (KF) [12, 13], Particle Filter (PF)
[11, 14, 15] and Probability Hypothesis Density (PHD) filter
[16]. Among these trackers, the KF provides an efficient ana-
lytic solution that approximates the target posterior density with
the first and second moments, i.e., mean and covariance. How-
ever, due to the assumptions of linear motion and a Gaussian
distributed measurement noise model, KF is not the optimal
choice for real-world applications. As an alternative to KF, PF
is not limited by linear and Gaussian constraints, and hence ob-
tained more popularity. It approximates the Probability Density
Function (PDF) of the target using a group of weighted parti-
cles where the target is estimated to be located at the maximum
likelihood expectation. However, most PF solutions assume a
known and constant number of targets and often require a track
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management stage otherwise. This can be restrictive in prac-
tice. The PHD belongs to a family of Multiple Object Track-
ing (MOT) filters that propagate the multi-speaker PDF based
on the Random Finite Set (RFS) theory. Compared to PF, it pro-
vides an analytic solution for tracking an unknown and varying
number of targets. However, as the earliest RFS-based member,
the PHD does not automatically track the identities of targets.

The GLMB filter is one of the most recent members in
the RFS-based tracker family. It not only provides an elegant
closed-form solution to the MOT [17, 18], but also jointly tracks
the identity of each target. It has lately been successfully imple-
mented in multi-speaker state-filtering using either audio fea-
tures [19, 20] or video features [5]. However, to our best knowl-
edge, the exploration of the GLMB in joint audio-visual track-
ing has not yet been found in the literature, despite its advan-
tages. Therefore in this paper, we implement the GLMB frame-
work for the joint audio-visual tracking, which we refer to as
the Audio-Visual tracking with the Generalized Labelled Multi-
Bernoulli (AV-GLMB). The resulting AV-GLMB produces a
unique label for each tracked speaker without requiring the a
priori knowledge of the number of speakers over time. Adap-
tations to the standard GLMB framework are necessary, which
we will provide later in the paper.

2. Problem Formulation
As shown in Fig.1, given the synchronized audio signals a1:t,
video images v1:t and the sensor calibration information ζt, we
aim to find the 3D location ot,i of each speaker i ∈ It at time
t, where It is the set of speakers at t. In existing works [11, 13,
12, 14, 15], It is often assumed known a priori and constant.
However, in what follows, we show that the proposed method
does not require such prior knowledge. The system consists of
two stages, i.e., the AV measurements, and the AV-GLMB filter.
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Figure 1: Block diagram of the proposed AV-GLMB tracker.
(Notations: vt: video images; at audio signals; Bt: the set of
face detection bounding boxes at time t ; Ct: the set of GCC-
PHAT; Oa

t , Ov
t : the set of audio and video measurements re-

spectively; Xt: the set of target 3D positional and identity state
estimates.)
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3. Audio-visual Measurements
We first extract the AV measurements from the audio signals
and video images (see Fig.1). In this paper, all audio and visual
measurements are in the 3D space.

3.1. Audio Measurement

Speaker localization methods can be mainly divided into three
classes: the Time Difference of Arrival (TDoA)-based method,
the energy ratio-based method and the learning-based method
[9]. We use Generalized Cross Correlation with Phase Trans-
form (GCC-PHAT) to estimate TDoA due to its higher robust-
ness to environmental noise and room reverberation [21] and
the result is derived as:

Ct(τm(o)) =

∫ +∞

−∞

Sm1(t, f)S∗m2(t, f)

|Sm1(t, f)| |S∗m2(t, f)|e
j2πfτm(o)df

(1)
where f indicates the frequency, Sm1 and Sm2 are the Short-
Time-Fourier-Transform (STFT) computed at the m-th pair of
microphones, i.e., m1 and m2 (m ∈ [1,M ], M is the number
of microphone pairs), τm(o) denotes the TDoA between micro-
phone pair m from a sound source at a generic 3D position o,
and ∗ is the complex conjugate operator.

The location estimate comes from the peak of the 3D Global
Coherence Field (GCF), i.e.,

oat = argmax
o

1

M

M∑
m=1

Ct(τm(o)) (2)

3.2. Visual Measurement

A MXNet algorithm [22] is used for face detection on the im-
age plane where the target mouth position is geometrically esti-
mated from the detection bounding box bt,i. Since there is no
explicit solution to derive the target 3D location from a monoc-
ular camera, given the sensor calibration information ζt, by us-
ing the pin-hole camera model [23] and assuming the target face
width and height in 3D (i.e., W and H), we can derive the 3D
video measurement as:

ovt,i = Ψ(bt,i|ζt,W,H) (3)

where Ψ is the image-to-3D projection, and ovt,i ∈ Ov
t . More

details can be found in [15].

4. AV-GLMB Tracker
As shown in Fig.1, the proposed AV-GLMB filter consists of
the prediction (with the adaptive birth model) and update recur-
sions. It is fed with the AV measurements, and produces target
state estimates.

4.1. Labeled RFS

First we define the AV-GLMB random finite set (RFS) X ,
{(xi, `i) | i ∈ N} as a labeled RFS with state space X and label
space L, (xi ∈ X and `i ∈ L), where the labels are unique,
i.e., `i 6= `i′ , ∀i 6= i′. Its probability density in the δ-GLMB
form is given as [17]:

π(X) = ∆(X)
∑

(I,ξ)∈F(L)×Ξ

ω(I,ξ)δI(L(X))
[
p(ξ)
]X

(4)

where ω(I,ξ) is the probability of the hypothesis (I, ξ), I is a
set of labels, ξ represents a history of association map between

targets and measurements. F(L) denotes the class of the finite
subsets of L and Ξ is the discrete space of the association map.
p(ξ) is the probability distribution of a target state, The general-
ized delta function δI(L(X)) indicates whether the set of labels
in X matches that of I , i.e.,

δY (X) ,

{
1, if X = Y
0, otherwise (5)

∆(X) , δ|X|(|L(X)|) is called the distinct label indicator.
The δ-GLMB is completely characterized by the set of parame-
ters {(ω(I,ξ), p(ξ)) : (I, ξ) ∈ F(L)× Ξ}.

The AV-GLMB recursion also consists of the multi-object
“update” step based on Bayes inference and the Chapman-
Kolmogorov [24] “prediction” step based on the state transition
models.

4.2. AV-GLMB Recursion: Update

If the current RFS prediction density is a δ-GLMB of the form
(4), using the current AV measurements Zt , {{oat }×{ovt,i}},
(where oat ,o

v
t,i denote the concurrent 3D location estimates

from (2) and (3), respectively), the posterior density is a δ-
GLMB [18], i.e.,

π(X|Z) = ∆(X)
∑

(I,ξ)∈F(L)×Ξ

∑
θ∈Θ(I)

ω(I,ξ,θ)(Zt)δI(L(X))
[
p(ξ,θ)(·|Zt)

]X
(6)

where Θ(I) denotes the subset of current track-measurement
association maps with domain I , and standard derivations of
ω(I,ξ,θ)(Zt) and p(ξ,θ)(x, `|Zt) are provided in [18]. (For de-
notation simplicity, we drop the subscript t hereafter.)

The detection probability for a state is pD(x, `) ≡ 0.95 em-
pirically in this paper. Here g(zθ(`)|x, `) denotes the AV-GLMB
likelihood for the measurement zθ(`) ∈ Z being generated by
state (x, `). Standard implementations of the GLMB filter use a
single modality, which we extend to the multi-modality scenario
here. The proposed AV likelihood function is:

g(zθ(`)|x, `) , ga(oa|x, `) gv(ovθ(`)|x, `) (7)

Here the likelihood function for the visual modality is:

gv(ovθ(`)|x, `) ∼ N (·;φv(x),Σ2
v) (8)

where φv(x) denotes a one-to-one mapping from target
state space to the 3D visual measurement space in spheri-
cal coordinates originated at the camera center, and Σv =
diag(2◦, 2◦, 0.4m) represents the measurement accuracy. The
likelihood function for the audio modality is:

ga(oa|x, `) =
1

M

M∑
m=1

Ct(τm(φa(x,ov))) (9)

Different from (2), here φa(x,ov) maps x to the height of ov .

4.3. AV-GLMB Recursion: Prediction

If the current RFS filtering density from its previous update step
is a δ-GLMB of the form (4), the prediction density to the next
time is a δ-GLMB given as [18]:

π+(X+) = ∆(X+)
∑

(I+,ξ)∈F(L+)×Ξ

ω
(I+,ξ)
+ δI+(L(X+))

[
p

(ξ)
+

]X+

(10)
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where standard derivations of ω(I+,ξ)
+ and p

(ξ)
+ (x, `) can be

found in [18].
The standard implementation of GLMB assumes known

target birth distributions, which can be restrictive. Here we use
an adaptive birth model as detailed in [25]. The probability den-
sity of the new-born labeled multi-Bernoulli RFS is:

πB(X+) = ∆(X+)wB(L(X+)) [pB]X+ (11)

where

wB(I) =
∏
i∈B

(
1− r(i)

B

)∏
`∈I

1B(`)r
(`)
B

1− r(`)
B

(12)

Meanwhile, the new-born likelihood for each measurement
z ∈ Z can be formulated as:

rU (z) = 1−
∑

(I,ξ)∈F(L)×Ξ

∑
θ∈Θ(I)

1zθ (z)ω(I,ξ,θ) (13)

where ω(I,ξ,θ) is given in (10), and the inclusion function here
indicates if the measurement z has been assigned to a target
by any of the updated hypotheses. It can be seen from (13)
that, a measurement that has been used in all hypotheses cannot
initiate a new-born target (rU (z) = 0), while for measurements
that have not been assigned to any of the targets, the new-born
likelihood is 1.

In (12), the existence probability of the adaptive birth at
the next time depends on its new-born likelihood obtained from
current time, i.e.,

rB(z) = min
(
rBmax , λB

rU (z)∑
ζ∈Z rU (ζ)

)
(14)

where λB is the expected number of target births at the next
time, and rBmax ∈ [0, 1] is the maximum existence probability
of a new-born target to ensure that the resulting rB(z) does not
exceed 1 when λB is too large. Here we choose λB = 0.3 and
rBmax = 0.15 empirically.

Since both the audio and visual measurements fall in the
3D space, and we are interested in the kinetic states, the same
state transition function is used for each dimension. The sur-
viving rate for each state is pS(x, `) ≡ 0.65 in this paper. We
choose the Langevin model [7, 26, 27], which is also a first-
order Markov process, i.e.,

f(x
(d)
+ |x

(d), `) =

[
1 t∆
0 e−βx·t∆

]
· x(d) + wx

[
0√

1− e−2βx·t∆

]
(15)

where x(d) = [o
(d)
x , ȯ

(d)
x ]T , ȯ(d) is the velocity of speaker at

ox, and d = 1, 2, 3 is the dimension index. t∆ = 0.04s is the
time step, wx ∼ N (·; 0, σ2

x) follows the normal distribution.
Model parameters βx = 0.5s−1 and σx = 0.2m/s are respec-
tively the rate constant and the steady-state root-mean-square
velocity for the random motions of speakers.

5. Numerical Results
5.1. Implementation Details

The proposed AV-GLMB tracker is tested on the AV16.3 dataset
[28], which provides the audio signals captured by two 8-
element circular microphone arrays (20cm diameter), the syn-
chronized image sequences recorded by three standard RGB
cameras, the sensor calibration information and the 3D target
location annotations. The audio sampling frequency is 16kHz
while the image frame rate is 25Hz. The recording room is of

size 8.2×3.6×2.4m3 with the approximate reverberation time
T60 = 0.5s. The participants wander around, cross each other,
move in and out the camera’s FoV and mostly speak concur-
rently. For each experiment, we only use the first circular array
and the individual cameras. The same parameter settings as in
[15] are used unless otherwise specified in the paper. The Se-
quential Monte Carlo (SMC) implementation for the GLMB is
used, with 100 particles for each track. The experimental results
are averaged over 10 runs.

5.2. Performance Metrics

In this work, we use two metrics for performance evaluation of
the proposed AV-GLMB, i.e., the Mean Absolute Error (MAE)
and the Optimal Sub-Pattern Assignment (OSPA), defined as
follows.

εMAE =
1

T

T∑
t=1

1

|It|
∑
i∈It

||ot,i − ôt,i||2 (16)

where || · ||2 calculates the Cartesian distance between the
ground truth and the target state estimate, and |It| is the ground
truth number of speakers. For a sequence of audio-visual data,
the MAE gives an overall performance score. To have a closer
view of the performance over time, the OSPA can be used.

The OSPA metric ε(c)
ρ of two finite sets R = {r1, ..., rnR}

and S = {s1, , ..., snS}, (integers nR ≤ nS) is defined as fol-
lows [29].

ε(c)
ρ (R,S),

( 1

nS

(
min
π∈ΠnS

nR∑
i=1

d(c)(ri, sπ(i))
ρ+ cρ(nS−nR)

))1
ρ

(17)

where the order and cut-off parameters are ρ ≥ 1 and c > 0
respectively, d(c)(r , s) , min(c, ‖r − s‖2), and ΠnS denotes
the set of permutations on {1, 2, ...nS}, nS ∈ N. The dis-
tance ε(c)

ρ (R,S) stands for a ρ-th order per-target error. If
nR > nS , ε

(c)
ρ (R,S) = ε

(c)
ρ (S ,R). Note that when there

is no cardinality error, i.e., nS = nR, the OSPA is proportional
to the MAE when ρ = 1, i.e., ε(c)

1 = εMAE.

5.3. Tracking Results

Fig. 2 shows the tracking results from the proposed AV-GLMB
method. It can be seen that the most of the AV measurements
are close to the ground truth. Overall, the video measurements
seem more accurate than the audio measurements, especially
for the heights of speaker’s mouth (see the bottom panel). How-
ever, video measurements still have deviations (e.g., , at the x-
dimension around time frame 30) and miss-detections (e.g., ,
video measurements at time frames 54, 55 and 56). Moreover, it
is not clear which speaker each measurement belongs to. Thus
in the proposed tracking method, the audio measurements are
mapped to the heights of the previous estimate in the likelihood
function (see (9)). At the other two dimensions, the audio mea-
surements can help improve the estimation accuracy, together
with the video measurements (see (7)). Moreover, the proposed
method produces filtered estimates of the 3D locations of speak-
ers, with a unique label attached to each estimate (marked in
different colors). Even though we do not assume prior knowl-
edge of the number of speakers, the proposed AV-GLMB still
correctly identifies two speakers.

Fig. 3 shows the resulting errors in the OSPA metric. We
choose ρ = 1 and c = 1m in this paper. The top panel shows the
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Figure 2: Tracking results of the proposed AV-GLMB, using
AV16.3 sequence 25, camera 1 and microphone array 1 data.
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Figure 3: OSPA errors (↓) from the proposed AV-GLMB, using
AV16.3 sequence 25, camera 1 and microphone array 1 data.

overall OSPA distance considering both the estimation inaccu-
racy and the cardinality error, while the respective components
are shown in the middle and bottom panels. Note that most of
the cardinality estimates are accurate, except that at frame 0 and
1, the AV-GLMB takes two frames of measurements to initialize
the first track, and a few more for the second track. For a cardi-
nality error of 1 while the ground truth is 2, the corresponding
OSPA error is 1

2
c = 0.5m. The overall OSPA distance is mostly

less than 0.3m for the two tracks. Most of state-of-the-art (SoA)
methods assume a priori knowledge of the number of speakers,
and initialize tracks using ground truth. We do assume such
a priori knowledge. Thus for reasonable comparison, we do
not include the errors due to cardinality estimate in calculating
MAE for our proposed method, and the result is equal to the av-
eraged OSPA distance (i.e., ε̄(c)

1 ). Since there are two speakers
in AV16.3 MOT sequences, cardinality estimates that are not
equal to 2 are counted as an error. The percentage of all esti-
mated with cardinality errors can be used to compute the track
loss rate (TLR) and compared with the SoA methods.

The MAE and TLR comparisons between the proposed
AV-GLMB and other SoA methods [11, 14, 16, 15], and the
results are shown in Table 1. Methods marked with ? use either
the target number prior or the target ground truth initial loca-
tions, or both, such as [11, 14, 15]. We evaluate the performance
in both the 2D image plane and the 3D space. We can see that

Table 1: Tracking errors of the proposed AV-GLMB and the
other SoA methods. The MOT sequences of the AV16.3 dataset
are used (Key - −: information not available; methods marked
with ? use the target number prior or ground truth initials).

Image (pixel) 3D (m)
seq cam [14]? [16] prop. [15]? [11]? prop.

18
1 14.3 - 15.7 .13 .31 .22
2 11.7 - 10.9 .14 .28 .26
3 15.8 - 6.3 .39 .33 .23

19
1 11.9 - 15.3 .13 .32 .25
2 9.6 - 11.6 .16 .27 .25
3 12.1 - 5.4 .27 .29 .18

24
1 10.0 14.0 16.5 .12 .28 .30
2 8.9 15.0 10.6 .55 .29 .33
3 10.0 14.1 7.0 .11 .41 .29

25
1 14.8 15.7 17.7 .16 .31 .24
2 7.7 13.9 10.8 .11 .21 .33
3 8.9 17.1 10.7 .17 .21 .25

30
1 13.8 16.7 14.8 .19 .55 .26
2 8.9 16.9 10.4 .18 .26 .38
3 10.3 19.3 15.7 .28 .38 .28

average 11.3 15.8 12.0 .21 .31 .27
TLR (%) - - - 15.8 37.7 12.0

the performance of the proposed AV-GLMB is comparable to
other SoA methods. Explicitly, the implementation of [11] here
uses known number of targets and visual observation ground
truth, and both [14] and [15] use ground truth initial locations
and known number of targets, which give significant advantages
to their tracking accuracy but can be quite restrictive in practice.
[16] uses the SMC-PHD tracker and detects speaker identity by
measuring the color histogram of speakers. Its resulting aver-
aged tracking error on the image plane is 15.8 pixels from data
available in the literature. The proposed AV-GLMB does not as-
sume a priori knowledge of the speaker number or the ground
truth initial locations, which poses significant challenges to the
estimation accuracy. However, as shown in the table, the av-
eraged 3D tracking error of the AV-GLMB is 0.27m, which is
comparable to existing SoA methods, i.e., 0.21m in [15] and
0.31m in [11]. The TLR of the other two 3D audio-visual track-
ers are respectively 15.8% in [15] and 37.7% in [11]. The pro-
posed AV-GLMB has 12.0% loss rate, which is encouraging.

6. Conclusions
In this paper, we propose a novel 3D audio-visual multi-speaker
tracking framework which exploits the complementarity of the
audio and visual modalities. Different from existing state-of-
the-art methods, the proposed AV-GLMB provides a closed-
form solution for multi-speaker tracking without relying on
ground truth locations to initialize, or assuming a priori knowl-
edge of the number of speakers. This contributes to the first suc-
cessful implementation of the GLMB filter in the joint audio-
visual multi-speaker online tracking. Experimental results have
demonstrated the benefits of the proposed method.

Acknowledgements: This research work is supported by the Neuromorphic
Computing project, Programmatic Grant No. A1687b0033 from the Singapore
Government’s Research, Innovation and Enterprise 2020 plan (Advanced Manu-
facturing and Engineering domain), and Human-Robot Interaction Phase 1 (Grant
No. 192 25 00054) from the National Research Foundation, Prime Minister’s
Office, Singapore under the National Robotics Programme.

3085



7. References
[1] X. Qian, A. Xompero, A. Cavallaro, A. Brutti, O. Lanz, and

M. Omologo, “3D mouth tracking from a compact microphone
array co-located with a camera,” in IEEE Int. Conf. on Audio,
Speech and Signal Processing, Calgary, Canada, Apr 2018, pp.
3071–3075.

[2] Y. Ban, X. Alameda-Pineda, L. Girin, and R. Horaud, “Variational
Bayesian inference for audio-visual tracking of multiple speak-
ers,” IEEE Trans. on Pattern Analysis and Machine Intelligence,
Nov 2019.

[3] S. T. Shivappa, M. M. Trivedi, and B. D. Rao, “Audiovisual infor-
mation fusion in human–computer interfaces and intelligent en-
vironments: A survey,” Proc. of the IEEE, vol. 98, no. 10, pp.
1692–1715, Oct 2010.

[4] D. Fox, “Adapting the sample size in particle filters through KLD-
sampling,” The Int. Journal of Robotics Research, vol. 22, no. 12,
pp. 985–1003, Dec 2003.

[5] D. Y. Kim, B.-N. Vo, B.-T. Vo, and M. Jeon, “A labeled random fi-
nite set online multi-object tracker for video data,” Pattern Recog-
nition, vol. 90, pp. 377–389, 2019.

[6] H. Yang, L. Shao, F. Zheng, L. Wang, and Z. Song, “Recent ad-
vances and trends in visual tracking: A review,” Neurocomput.,
vol. 74, no. 18, pp. 3823–3831, Nov 2011.

[7] W.-K. Ma, B.-N. Vo, S. S. Singh, and A. Baddeley, “Tracking
an unknown time-varying number of speakers using TDOA mea-
surements: a random finite set approach,” IEEE Trans. on Signal
Processing, vol. 54, no. 9, pp. 3291–3304, 2006.

[8] S. Lin, “Reverberation-robust localization of speakers using
distinct speech onsets and multichannel cross correlations,”
IEEE/ACM Trans. on Audio, Speech and Language Processing,
vol. 26, no. 11, pp. 2098–2111, 2018.

[9] M. Crocco, M. Cristani, A. Trucco, and V. Murino, “Audio
surveillance: a systematic review,” ACM Computing Surveys,
vol. 48, no. 4, p. 52, 2016.

[10] A. Jaimes and N. Sebe, “Multimodal human computer interaction:
A survey,” in Int. Workshop on Human-Computer Interaction, Las
Vegas, Nevada, USA, Jul 2005, pp. 1–15.

[11] D. N. Zotkin, R. Duraiswami, and L. S. Davis, “Joint audio-visual
tracking using particle filters,” EURASIP Journal on Applied Sig-
nal Processing, vol. 2002, no. 1, pp. 1154–1164, Nov 2002.

[12] M. Taj and A. Cavallaro, “Audio-assisted trajectory estimation in
non-overlapping multi-camera networks,” in IEEE Int. Conf. on
Audio, Speech and Signal Processing, Taipei, Taiwan, Apr 2009.

[13] E. D’Arca, N. M. Robertson, and J. Hopgood, “Person tracking
via audio and video fusion,” in Data Fusion & Target Tracking
Conf.: Algorithms & Applications, London,UK, May 2012.
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