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ABSTRACT

In 3D audio-visual production, the positioning of sound

sources relative to the visual display requires careful at-

tention. This can be achieved with object-based audio

which also allows the producer to maintain control over

individual elements within the mix. However, each ob-

ject’s metadata is needed to define its position over time.

Therefore, a 3D multiple-target tracking system relying on

the fusion of audio and visual modalities using iterated-

corrector probability hypothesis density (IPHD) filtering

framework is proposed for tracking unknown and vary-

ing number of audio objects. Video data is analyzed to

form a 3D reconstruction of a scene, and human figure

detection is applied to the 2D frames of a camera-array.

The steered response power of the acoustical signals at a

microphone-array is used, with the phase transform (SRP-

PHAT), to determine the dominant source position(s) at

any time. Both position estimates from audio and visual

processing are then fused using an IPHD filter and the re-

liabilities from each modality are utilized to provide more

robust tracking performance. We apply the proposed 3D

audio-visual IPHD (3DAV-IPHD) tracker for tracking au-

dio objects in six degree-of-freedom (6DOF) virtual reality

(VR) production and in our case, audio-visual measure-

ments are captured using a compact audio-visual sensing

platform consisting of 16-element microphone-array and

11-element light-field camera-array. Our experimental re-

sults show that audio information can successfully com-

pensate the missed detections from visual-only tracking

and hence, demonstrate the effectiveness of fusing audio

and visual information using the proposed 3DAV-IPHD

tracker. This gives an initial promising indication that such

an approach may open the door to object-based VR pro-

duction for live events.

1. INTRODUCTION

In immersive and interactive audio-visual content, there is

very significant scope for spatial misalignment between the

two main modalities. So, in productions that have both 3D

video and spatial audio, the positioning of sound sources

relative to the visual display requires careful attention.

This may be achieved in the form of object-based audio,

moreover allowing the producer to maintain control over

individual elements within the mix and also, enabling the

greatest flexibility in adapting a scene to the local repro-

duction system and the user’s preferences [1, 2]. Each au-

dio object contains metadata describing essential attributes

and properties such as its position over time throughout the

scene. As a result, tracking of sound sources needs to be

performed for automated positional metadata extraction.

Audio tracking can be achieved from recordings col-

lected via two or more microphones such as the binaural

microphone or the microphone-array. The captured sig-

nals can then be processed using a sound source localiza-

tion method to get source position estimates. Among the

well-known approaches for sound source localization are

the methods based on time delay estimation [3], binaural

localization [4], steered-response power (SRP) [5, 6] and

subspace techniques [7]. The SRP-based method is em-

ployed in our system due to its robustness against noisy

and reverberant environments as compared to other meth-

ods. Despite that, the method still suffers from perfor-

mance degradation in adverse acoustic environments in-

volving multiple audio objects. To overcome this prob-

lem, extra information from the visual cue can be utilized

as the method of visual tracking is typically reliable and

accurate. Meanwhile, audio tracking is not restricted by

the limitations in visual tracking, i.e., limited field of view,

poor lighting and occlusions. Therefore, fusing both audio

and visual information can provide more robust tracking

performance as both modalities complement each other.

There have been several audio-visual trackers proposed

including those that operate in the 3D space (e.g. [8–13]).

In [11], a 3D single-speaker tracker was developed and,

to fuse audio and visual cues, an adaptive particle filter

was proposed based on the audio-visual reliabilities. A

new fusion strategy based on particle filtering for multiple-

speaker tracking was presented in [12]. However, it was

developed under the assumption that the number of speak-

ers is known and constant. In practice, however, this is not

always the case as the speakers may appear and disappear

in an unpredictable manner. As a result, a 3D multiple-

speaker tracker using the probability hypothesis density

(PHD) [14] filtering approach was proposed for tracking

unknown and variable number of speakers [13]. Instead of

fusing data from the two modalities in PHD filtering, only

the visual-data was filtered and the audio part was fused

later after PHD filtering to compensate for missed detec-

tions (gaps) in the visual tracking results. In that tracker,

the contribution from the audio part was limited and it was
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only considered when the speaker was visually detected.

Against this background, we introduce a 3D multiple-

target tracking system relying on the fusion of audio and

visual modalities using the PHD filtering framework. As

opposed to the single-sensor PHD filter used in [13],

we employ the multiple-sensor PHD filter explicitly the

iterated-corrector PHD (IPHD) filter was chosen among

other multiple-sensor PHD filter methods due to its good

balance in performance and computational complexity

[15]. The sequential Monte Carlo (SMC) implementation

is considered in providing a practical solution for PHD

filtering as it can perform well with non-Gaussian and

non-linear scenarios [16]. The proposed 3D audio-visual

(3DAV) IPHD filter termed as the 3DAV-IPHD filter can

exploit the reliability from both audio and visual process-

ing, i.e., the SRP and visual-detection confidence measure

in computing the audio and visual likelihoods as well as

audio and visual clutter intensities to improve the robust-

ness and accuracy of the tracker. The overall system of

our 3DAV-IPHD tracker consists of separate components

for audio and visual processing, the 3DAV-IPHD filter and

identification (ID) association.

The proposed 3DAV-IPHD tracker is applied to track

sound sources in six degree-of-freedom (6DOF) virtual re-

ality (VR) production. An audio-visual sensing platform

with 16-element microphone-array and 11-element light-

field camera-array was built for recording the VR content.

Similar to [12], our audio-visual sensing platform is a com-

pact platform and has benefits in terms of portability and

easy setup. However, the main challenge in processing

the signals captured from this compact sensing platform

is depth estimation as targets are not surrounded by sen-

sors. We rely on our camera-array processing to provide

accurate depth estimation which is essential not just for

3D tracking but also for rendering the 6DOF VR videos.

The novel contributions of this paper can be summarized

as follows:

1. We conceive the 3DAV-IPHD tracker for tracking

an unknown and varying number of multiple targets

in a 3D space. In contrast to [13], our tracker can

work with scenarios when one of the modalities is

not available or when it has failed to detect a valid

target. Furthermore, our tracker can be generalized

to track any audio object and not specifically tailored

to speaker-tracking unlike related works in [11–13].

2. We utilize the SRP and the confidence measure from

audio and visual processing to improve the robust-

ness and accuracy of the 3DAV-IPHD tracker.

3. We apply the proposed 3DAV-IPHD tracker to track

sound sources in 6DOF VR production.

The remainder of this paper is organized as follows. We

describe the proposed 3DAV-IPHD tracker in Section 2.

Experimental setup and results are presented and discussed

in Section 3. Our concluding remarks are provided in Sec-

tion 4.

2. PROPOSED SYSTEM

The block diagram of our system to produce audio object

streams is depicted in Fig. 1. The proposed system con-

sists of three main processes and these processes are per-

formed in stages beginning with positional metadata ex-

traction, beamforming and finally, association of metadata

with the audio signals. In order to extract the positional

metadata, 3DAV-IPHD tracker is proposed utilizing audio-

visual information captured using a camera-array and a

microphone-array. The sound sources are visually detected

from the multi-camera video frames to get 3D position es-

timates of sound sources together with the detection confi-

dence measure. In parallel with visual detection, audio sig-

nals captured from the microphone-array are processed us-

ing an SRP-based method to yield another set of 3D posi-

tion estimates with the associated SRP values. The 3D po-

sition estimates from both audio and visual processing are

fused using the proposed 3DAV-IPHD tracker. On top of

the fused position data, the confidence measures and SRP

values can assist the tracker to produce more accurate and

robust 3D position estimates. The proposed 3DAV-IPHD

tracker is detailed in Section 2.3.

Audio Processing 
(SRP-PHAT)

3DAV-IPHD 
Filter + 

ID Association

Beamforming

Visual Processing
(Skeletal 

Detection)

Association

Video 
Frames

Microphone
Array Signals

High Quality
Audio Signals

3DAV-IPHD Tracker

Audio Object 
Streams 

3D Positions, 

Filtered 
Audio 
Signals

Final 3D Positions 
+IDs

Video Audio Metadata

SRP, 

3D Positions, 

Conf. Measure, 

Figure 1. Block diagram of the proposed 3DAV-IPHD

tracker and the overall system for audio objectification.

In the second stage, beamforming is invoked to filter

and focus the audio signals from the microphone-array to

specific directions based on the refined 3D position esti-

mates. In the last stage, these filtered signals are served

as reference signals in associating high quality audio sig-

nals (captured using close microphones) with the correct

metadata based on the estimation from the 3DAV-IPHD

tracker. The final output is given in the form of audio ob-

ject streams which can then be used for further processing

such as object-based production and rendering. In this pa-

per, we focus only on the first stage which is sound source

tracking.

2.1 Audio Processing

We employ the SRP method for acoustic source localiza-

tion due to its robustness especially in a noisy and reverber-

ant environment. SRP methods are based on the filter-and-

sum beamforming technique that computes the received

power when the microphone array is steered in the direc-

tion of a specific location.

Suppose there is a set of M microphones with locations

in the (x, y, z)-coordinate system denoted as mi ∈ R
3
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where i = 1, 2, ...,M . For a given microphone pair of

i and j, the generalized cross correlation (GCC) between

time-discrete signals si(t) and sj(t) can be written as

Rij(τij(p)) =

∫ ∞

−∞
Si(ω)S

∗
j (ω)Ψij(ω)e

jωτij(p)dω,

(1)

where Si(ω) is the short time Fourier transform (STFT) of

si(t), S
∗
j (ω) is the conjugate of the STFT of sj(t), Ψij

is the weighting function and τij(p) is the time difference

of arrival (TDOA) across the microphone pair i and j for

a sound source located at p ∈ R
3. The TDOA can be

calculated as

τij(p) =
‖p−mi‖ − ‖p−mj‖

c
, (2)

where c is the speed of sound.

The SRP of a sound source located at the spatial posi-

tion p can then be computed in terms of GCCs which is

given by [5, 6]

J(p) =

M∑
i=1

M∑
j=i+1

Rij(τij(p)). (3)

The weighting function in Eqn. (1) has a significant

effect on the estimation accuracy. One of the common

choices that can provide robustness against noise is to use

the phase transform (PHAT) weighting function:

Ψij(ω) =
1

|Si(ω)S∗
j (ω)|

(4)

in the SRP computation and this method is known as SRP-

PHAT. The source location can then be estimated as the

one resulting maximum SRP value from a set of candidate

source locations G:

p̂ = argmax
p∈G

J(p). (5)

Despite the benefit of robustness against noise and re-

verberant environments, the SRP computation is based

on intensive grid-search methods to find the global maxi-

mum and hence, it is computationally expensive for a real-

time system. In [17], a global-maximum-finding algorithm

called stochastic region contraction (SRC) was used in re-

ducing the computational cost of the grid-search step in

the SRP-PHAT computation. It was shown that their pro-

posed SRP-PHAT-SRC method can reduce the computa-

tional cost by more than two orders of magnitudes with full

or almost-full accuracy as compared to the conventional

SRP-PHAT method. Therefore, the low-complexity SRP-

PHAT-SRC method is used for acoustic source localization

in our proposed system.

The extension of the SRP-PHAT method to multiple

sound sources with unknown number of sources using the

region-zeroing (RZ) approach was proposed in [18]. The

RZ approach is considered in our work due to its perfor-

mance superiority with less computational cost as com-

pared to other similar methods. The procedure in estimat-

ing the position of multiple sound sources using the SRP-

PHAT-SRC method and the RZ approach is described as

follows:

• Step-1 Evaluate SRP-PHAT values on a large set

of Rmsrp randomly selected points and keeping the

highest Nmsrp points.

• Step-2 Apply the RZ method:

1. Find the point with the highest SRP value.

Store the position.

2. Remove the point and all the neighboring

points within lmsrp-meter radius in the space.

3. Repeat Step-2(a) and Step-2(b) until no more

point left in the space.

• Step-3 Cluster all the stored points using Maha-

lanobis distance agglomerative clustering and the

threshold for the minimum distance is set to dmsrp

to result in Pmsrp clusters.

• Step-4 Apply SRC in each cluster. The point in each

of the Pmsrp clusters will be the candidate for the lo-

cation estimates.

• Step-5 From the Pmsrp location estimates, keep only

Qmsrp location estimates such that their SRP values

are above the noise level Jnoise. The Qmsrp represents

the estimated number of sound sources and the asso-

ciated locations are given as p̂i for i = 1, 2, ..., Qmsrp

2.2 Visual Processing

Here, our goal is to identify and track the sound source

location from visual input for the purpose of ground truth

comparison of audio only tracking and as a complimen-

tary input to a multi-modal tracker. In the case of speaker-

tracking, we assume that the sound originates from the

mouth and use a human pose detector to locate body joints

in the image. To this end, we employ OpenPose [19] 1 to

detect the 2D skeletal keypoints of human subjects in the

video streams. Due to the skeletal structure of OpenPose

we use the nose joint and assume that there is a negligible

offset between the nose and mouth when compared to the

vertical resolution of the microphone array.

Given an input video stream, OpenPose provides 2D de-

tections and confidences for each subject, however these

are both spatially and temporally inconsistent. In order

to accurately estimate and track the 3D location of the

nose joint, 2D detection must be sorted such that they are

spatially consistent between camera views and temporally

consistent over time. We utilize a detection sorting algo-

rithm as described by Malleson et al. [20] to effectively

sort all 2D detections into a defined number of subjects,

see Figure 2.

Sorted 2D detections are combined with confidences to

remove the impact of potentially unreliable detections to

estimate the 3D location via triangulation, as described in

Eqn. (6):

argmin
p

NC∑
i=1

||π(i, p)− ai||, (6)

1 Open-source implementation used in this work https://
github.com/CMU-Perceptual-Computing-Lab/openpose
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Figure 2. Captured image example with keypoints over-

laid. Sorted 2D keypoints across camera views. Subject 1

(left,green) and Subject 2 (right,blue).

where π(i, p) is the camera projection function that maps

estimated 3D point p into the 2D cameras plane, ai is the

detected joint keypoint for the ith camera of NC cameras.

2.3 3D Audio-Visual PHD Filtering

In the previous two sections, the 3D positions of audio ob-

jects were estimated individually using either audio or vi-

sual processing. It is known that audio and visual cues

complement each other and hence, instead of relying on

these two modalities separately it is better to fuse them

for providing more robust tracking in the case that either

modality is unavailable or both are corrupted. Both posi-

tional data from audio and visual processing are fused us-

ing the proposed 3DAV-IPHD filter as shown in Fig. 1. On

top of fusing the two modalities, PHD filtering can mitigate

outliers and smooth the source trajectories from noisy 3D

position estimates from audio and visual processing. The

SMC implementation is considered in providing a practi-

cal solution for PHD filtering as it can perform well with

non-Gaussian and non-linear scenarios [16]. Both the au-

dio positional data and the visual positional data are fed

as inputs to the PHD filter along with their reliabilities i.e.,

the SRP from audio processing and the confidence measure

from visual processing.

At the k-th frame, suppose there are ma
k and mv

k tar-

gets detected from audio and visual processing, respec-

tively. The audio observation set can be denoted as Za
k =

{za
1, ..., z

a
ma

k
} and the visual observation set can be de-

noted as Zv
k = {zv

1, ..., z
v
mv

k
}, where z is a 3D posi-

tion vector z = [x, y, z]�. From the noisy observa-

tion sequences Za
1,Z

a
2, ...,Z

a
k and Zv

1,Z
v
2, ...,Z

v
k, the real

target status Xk = {x1, ...,xnk
} can be estimated us-

ing PHD filtering where nk is the number of detected

targets and x represents the (x, y, z)-position and also

the associated (ẋ, ẏ, ż)-velocity of a target, i.e. x =
[x, y, z, ẋ, ẏ, ż]�. The SRP from audio processing is de-

noted as Jk = {Jk(za
1), ..., Jk(z

a
ma

k
)} whereas the confi-

dence measure from visual processing is denoted as Ck =
{Ck(z

v
1), ..., Ck(z

v
mv

k
)}.

There are four main steps in SMC-PHD filtering namely

the prediction, update, resampling and state estimation.

The joint observation set is denoted as Zk = Za
k ∪ Zv

k and

correspondingly, the cardinality of this set is represented

by mk = ma
k + mv

k. The number of new-born particles

per target and the new-born target intensity are set to be

Mb and ν, respectively. In the prediction step, mk groups

of Mb Gaussian-distributed particles are formed and each

group centered at each of the targets in Zk. All the new-

born particles have equal weight of ν
mkMb

. Meanwhile,

there are Nk−1 surviving particles from the previous frame

with particle state of x
(n)
k−1 for n = 1, 2, ..., Nk−1. The

evolution of a particle state x
(n)
k−1 to the new state x

(n)
k|k−1

is given by the following motion model:

x
(n)
k|k−1 = Fx

(n)
k−1 + q

(n)
k , (7)

where F is a 6 × 6 prediction matrix following the first-

order linear motion model and q
(n)
k is the zero-mean in-

dependent and identically distributed Gaussian noise with

a pre-defined covariance matrix Q. The particle weight is

updated as w
(n)
k|k−1 = PSw

(n)
k−1 where PS is the probability

of target survivability.

Based on the IPHD method [15], the update step needs

to be performed two times iteratively taking into account

the two sensors in our system namely the microphone-

array (audio sensor) and the camera-array (visual sensor).

In [21, 22], it was shown that the order of the sensor up-

dates can result in different tracking performance and it

was suggested to start the iterated update using the obser-

vation set from the sensor having the lower probability of

target detection. Generally, the probability of detection of

the visual sensor P v
D is higher than the probability of de-

tection of the audio sensor P a
D and hence, the weight of the

particle w
(n)
k|k−1 is updated based on the audio sensor first

as

w̃
(n)
k|k =

⎡⎣(1− P a
D) +

∑
z∈Za

k

P a
Dga(z|x(n)

k|k−1)

La(z)

⎤⎦w
(n)
k|k−1,

(8)

where

La(z) = κa(z) +

Nk−1+mkMb∑
j=1

P a
Dga(z|x(j)

k|k−1)w
(j)
k|k−1,

(9)

κa(z) is the audio clutter intensity and ga(z|x) is the audio

likelihood function. Both κa(z) and ga(z|x) can be com-

puted using the normalized SRP J̄k(z) =
Jk(z)

max{max(Jj)}K
j=1

as

κa(z) = λa 1− J̄k(z)∑
z∈Zk

(
1− J̄k(z)

) (10)

and

ga(z|x) = N
(
‖z− x‖2|0,

(
αa

J̄k(z)

)2
)
, (11)

where ‖.‖2 is the l2 norm, λa is the average number of

audio clutter points and αa is the user-defined constant in-

dicating uncertainty of reliabilities in audio measurement.

In the second iteration of the update, the weight w̃
(n)
k|k is
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updated as

w
(n)
k|k =

⎡⎣(1− P v
D) +

∑
z∈Zv

k

P v
Dgv(z|x(n)

k|k−1)

Lv(z)

⎤⎦ w̃
(n)
k|k ,

(12)

where

Lv(z) = κv(z)+

Nk−1+mkMb∑
j=1

P v
Dgv(z|x(j)

k|k−1)w̃
(j)
k|k, (13)

κv(z) is the visual clutter intensity and gv(z|x) is the visual

likelihood function. The computation of κv(z) and gv(z|x)
are similar to the audio counterpart as given in Eqn. (10)

and Eqn. (11), respectively. Instead of using J̄k(z), λ
a and

αa, we use the confidence measure Ck(z), λ
v and αv, re-

spectively in the visual update.

After the update step, the estimated number of targets

can be computed by the sum of weights of all Nk−1 sur-

viving particles and mk · Mb new-born particles. The

number of particles of the current frame Nk can then be

determined by multiplying the estimated number of tar-

gets with (Mp + Mb) where Mp is the number of parti-

cles per surviving target and after that, rounding the re-

sult to the nearest integer. In the resampling step, the

particles are resampled from {(x(n)
k|k, w

(n)
k|k)}

Nk−1+mkMb

n=1 to

{(x(n)
k , w

(n)
k )}Nk

n=1. Particles are selected based on their as-

signed weights where particles with high weights are du-

plicated while particles with low weights are discarded.

After that, the particles are grouped using the K-means

clustering algorithm. If the accumulated weight is greater

than a pre-defined threshold ξ, then we consider there ex-

ists a target in that cluster with the estimated position given

by the centroid of the cluster. The pseudo code of the

3DAV-IPHD filter is shown in Algorithm 1. After PHD

filtering, an ID is assigned to every final 3D position esti-

mate using the ID association scheme proposed in [23].

3. EXPERIMENTAL EVALUATION

In this section, we first describe the experimental setup and

performance metrics before presenting the analysis and

comparison of the results.

3.1 Setup and Performance Metric

The multi-sensing platform consists of a 16-element

microphone-array and an 11-element light-field camera-

array, as illustrated in Fig. 3 and was built for 6DOF VR

capturing. The cameras are located across three rows

(3,5,3) with cameras positioned equidistant from one an-

other excluding the central camera that is located in the

center of the array. The distance between the microphones

is log-spaced in the horizontal-direction in order to cover

a broad frequency range. The microphone-array arrange-

ment (in Fig. 3) can provide high azimuthal resolution and

lower elevation resolution considering that in nature, we

are more sensitive to the sound changes in the horizontal-

direction than the vertical-direction [24]. This integrated

Algorithm 1: 3DAV-IPHD filter algorithm

Input: {Za
i}Ki=1, {Si}Ki=1, {Zv

i}Ki=1, {Ci}Ki=1

Output: Target state X
k = 1
while k <= K do

% Prediction step
foreach n = {1, 2, ...., Nk−1} do

Propoagate surviving particles using

Eqn. (7)

w
(n)
k|k−1 = PSw

(n)
k−1

end
foreach z ∈ Zk do

Draw Mb new particles

x
(n)
k|k−1 ∼ N (·|z,Σ) with equal weight of

w
(n)
k|k−1 = ν

mkMb

end
% Update step
foreach n = {1, 2, ...., Nk−1 +mkMb} do

Update the particle weight using Eqn. (8)

Reupdate the particle weight using

Eqn. (12)
end
% Resampling
Resample {(x(n)

k|k, w
(n)
k|k)}

Nk−1+mkMb

n=1 to obtain

{(x(n)
k , w

(n)
k )}Nk

n=1

% State estimation
Cluster particles for the final state Xk

estimation

k = k + 1
end

microphone-array and camera-array rig was mounted on a

static tripod and used in our audio-visual studio recordings

alongside more conventional sound recording by spot mi-

crophones and a first-order ambisonic room microphone.

The recordings were made of short scenes representing

three genres which are the drama, sport and music. In this

paper, we focus on the drama scene which consists of two

subjects in a conversation standing side-by-side with con-

siderable movement from where they stand as depicted in

the image example in Fig. 2. The audio and video were

recorded at 48 kHz and 25 Hz, respectively. They were

synchronized before being processed in our system and the

coordinate system’s origin was aligned to the center cam-

era. The duration of the sequence was 20s with a total of

500 video frames.

In our audio processing, the positions of the sound

sources were estimated using all 16 acoustical signals from

the microphone-array. The parameters for the SRP-PHAT

method were set as follows. The whole sequence was

divided into several frames with frame duration of 0.2s.

In each frame, we applied short-time Fourier transform

(STFT) to the signals with the window size of 512 samples

and using the Hanning window function. In the SRP com-

putation, 100,000 random (x, y, z) points were evaluated

over horizontal x ∈ [−2, 2], vertical y ∈ [−1, 1] and depth
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Figure 3. The schematic diagram of the AV-sensing plat-

form for capturing 6DOF VR content. The small red cir-

cles indicate the positions of the 16 microphones while the

blue cirles indicate the positions of the 11 light-field cam-

eras.

z ∈ [0, 5] meters. From all these points, Nmsrp = 4500 best

points were selected for region-zeroing and clustering with

lmsrp = 0.5m and dmsrp = 1.2m. The noise power level

Jnoise was set to 0.2. The PHD filter had the same step size

as the video frame rate which was 25 Hz (0.04s) and, since

the audio frame duration was 0.2s, any missing audio data

was completed by interpolation in the case of short silence

(in this case, less than 1.5s). The parameters for the PHD

filter were set as: P v
D = 0.7, P a

D = 0.45, PS = 0.98,Σ =
0.005, κv = κa = 0.02, αv = 0.05, αa = 0.1,Mp = 200
and Mb = 100. The above parameters were empirically

set based on our measured data.

In order to evaluate the proposed audio-visual tracker,

the ground truth was established by using visual detection

and tracking from two separately-positioned camera arrays

and by manually annotating the voice activity throughout

the sequence. The established ground truth represents the

actual positions of sound sources in the sequence. The

evaluation was done based on the spherical coordinate

system (in azimuth, elevation and radius as illustrated in

Fig. 4) rather than the Cartesian coordinate system, to re-

flect real listening experience. In accordance with human

spatial auditory perception [24, 25], a detection was con-

sidered to be valid, i.e., true positive (tp) if the estimated

position was within the tolerance value of ±5◦ in azimuth,

±10◦ in elevation and ±0.7m in radius from the ground

truth, and otherwise it was labeled as an outlier, i.e., false

positive (fp). In the case of missed detection including due

to inaccurate detection, the frame was labeled as a false

negative (fn). Two evaluation metrics were considered

namely recall and precision, where recall = #tp
#tp+#fn

and

precision = #tp
#tp+#fp

. Since the two speakers did not talk at

the same time but engaged throughout the sequence, there

can only be one sound source in each frame and #tp+#fp

is equal to the total frame number. Since there were more

visually-valid targets than the audibly-valid targets from

the ground truth, the additional visually-valid targets were

excluded in the evaluation with the ground truth.

X

y

z

P

Azimuth

Elevation

Figure 4. The transformation from the Cartesian coordi-

nate system to the spherical coordinate system.

3.2 Results and Discussion

Fig. 5 depicts the ground truth and the results from audio

and visual processing before PHD filtering. Two tracks

from visual processing correspond to the positions of the

two subjects throughout the sequence even when they did

not speak. The recalls for audio and visual processing are

0.814 and 0.906, respectively whereas the precisions for

audio and visual processing were 0.883 and 1.000, respec-

tively. In both metrics, visual processing outperforms au-

dio processing which is expected based on the observed

results in Fig. 5. There was no outlier in visual process-

ing as all detections were within the tolerable range from

the ground truth. However, there were some detections

missing, as can be seen from frame number 124 until 158

(speaker 1) and also from frame number 407 until 422

(speaker 2). These missed detection occurred when the

subjects turned their head away from the cameras. Mean-

while, it is worth noting that audio processing has better

accuracy in the azimuth-direction than other directions and

this is due to the arrangement of our microphone-array that

has more microphones in the horizontal-direction than the

vertical-direction (11 horizontal positions, 4 vertical posi-

tions).

The result after PHD filtering and ID association with

detection threshold ξ = 0.25 is shown in Fig. 6. De-

spite the small number of outliers introduced which la-

beled as ID=3 and ID=4, we found that there is no missed

frame in both IDs that are associated with our two sub-

jects (ID=1 and ID=2). The audio information successfully

compensated the missed detection from visual detection,

and hence demonstrates the effectiveness of the proposed

filter in fusing audio and visual information. We bench-

marked our 3DAV-IPHD tracker with the visual-only 3DV-

IPHD tracker and the results are summarized in Tab. 1 for

ξ = 0.25 and ξ = 0.5. In both ξ cases, it can be observed

that the 3DAV-IPHD tracker has better recall and preci-

sion performance over the visual-only 3DV-IPHD tracker.

By lowering the ξ value, the number of valid detections in-

creased which also may include outliers as can be observed

from ξ = 0.5 to ξ = 0.25. However, the number of outliers

is not particularly an issue in our application as the outliers

will automatically be removed in the later stage when as-

sociating the metadata with the audio signals. Explicitly,

the reference signal from the outliers will not result in a

good match with the high-quality audio signal and will not
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Figure 5. Estimated 3D positions from audio and visual

processing. The data points on the ground truth curves

were downsampled for better visualisation.

be considered in the association as long as there is a valid

detection in that particular frame. Therefore, the priority is

always recall over precision.

System ξ Recall Precision

Audio (without PHD) - 0.814 0.883

Visual (without PHD) - 0.906 1.000

Visual-only 3DV-IPHD
0.25 0.910 1.000

0.50 0.906 1.000

3DAV-IPHD
0.25 1.000 0.986

0.50 0.910 1.000

Table 1. Performance comparison between the pro-

posed 3DAV-IPHD tracker and the visual-only 3DV-IPHD

tracker relying on different threshold values ξ = 0.25 and

ξ = 0.5. The recall and precision from audio and visual

processing before PHD filtering are included for reference

purposes.

4. CONCLUSION

In this paper, we have proposed the 3DAV-IPHD tracker

that can track an unknown and varying number of au-

dio objects using audio-visual measurements. Separate

processing is first performed on each measurement where

the audio measurement is processed using the SRP-PHAT-

SRC method in getting the position estimates of the sound

sources while the visual measurement is processed for vi-

sual detection and tracking of the sound sources. Both sets

of 3D position estimates are then fused using the IPHD

filter and the reliabilities from each modality are utilized

to provide more robust tracking performance. We have
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Figure 6. Estimated 3D positions from the proposed

3DAV-IPHD tracker. The data points on the ground truth

curves were downsampled for better visualisation.

applied the proposed 3DAV-IPHD tracker for tracking au-

dio objects in 6DOF VR production. In our case, audio-

visual measurements have been captured using a compact

audio-visual sensing platform that consists of 16-element

microphone-array and 11-element light-field camera-array.

Experimental results have shown that audio information

can successfully compensate the missed detections from

visual-only tracking as recall went from 91% to 100%

and hence, demonstrating the effectiveness of the proposed

3DAV-IPHD tracker in fusing audio and visual informa-

tion.

As future work, the proposed tracker may be applied to

more challenging scenarios such as involving more move-

ments of different types of audio objects, and also scenar-

ios where some of the objects are located outside the cam-

eras’ field of view. Benchmarking may be done with other

state-of-the-art methods.
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