Speaker Tracking Based on Face Detection and
Voice Activity Detection Using a Microphone Array
Trond F. Bergh
University of Oslo/Squarehead Technology
Oslo, Norway
Abstract—We present a framework for multi-speaker localisation and tracking, as well as identification of the active speaker using a camera-assisted microphone array. The proposed algorithm
is a hybrid solution, where a face-detection algorithm followed by
a voice activity detection algorithm does speaker detection and
tracking. Our working thesis is that this combination leads to
a more robust solution than either method on its own. We will
carry out experiments with a square microphone array with a
40 cm by 40 cm aperture and 256 elements.

which is a computationally expensive process. The arraycamera system architecture and calibration is further elaborated
in [10].
II.

M ETHOD

A schematic overview of the proposed method is shown
in Fig. 1, with a step-by-step description of the algorithm
following.
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I.

I NTRODUCTION

A system for robust speaker localisation and tracking is
a sought-after solution in many applications. The challenge
in general is perhaps best illustrated through the example of
video-conferencing: a multi-speaker situation in which it is
desirable to automatically detect and track the active speaker.
This makes it possible to automatically direct the camera; and
with one or more microphone arrays, steer the array beam(s),
towards the active speaker. Thus speech is enhanced while
interfering noise from elsewhere in the room is attenuated.
Positioning of the speaker can be done by different means,
either using video-based methods such as face detection, or
using audio-based direction of arrival (DOA) methods [1], or
by combined audio-visual methods [2]–[4]. Visual methods
by themselves tend to be unreliable, as the speaker is not
necessarily facing a camera, or the speakers face may be
partially or fully occluded. As microphone arrays are regaining
some popularity in recent years, microphone array based DOA
estimators used to direct cameras towards the active speaker
have been suggested as a more robust solution than multiple
single microphones. However, in multi-speaker situations and
in reverberant environments, most DOA estimators suffer from
correlation problems. Furthermore, the DOA alone might not
suffice to accurately locate the active speaker, as non-speech
noise might interfere. A solution to this is to use voice activity
detection (VAD) [5]–[7] to discriminate human speech from
other sound sources. However, spatial sweeping with the array
beam combined with VAD quickly leads to a problem too
CPU-intensive for realtime use.
Our proposed method is the opposite of the array-guided
camera, we use a camera to guide the array beam, similarly
to [8], [9], and use VAD to discriminate active speakers from
non-speech audio sources. We investigate this method in the
hopes that it will lead to a more robust and computationally
tractable solution than systems using either audio or video on
its own. Specifically, our method avoids beamformer sweeping,

Fig. 1. Overview of the proposed method for automatic speaker identification
and tracking.

Step 1: At this step a single video frame is analysed
to detect faces. We use the OpenCV implementation of a
cascaded classifier for object detection using Haar-like features
[11]. The output of this step is a (possibly empty) set of
coordinates at which faces have been detected in the frame,
which we denote D.
Step 2: We track the face positions across frames with multiple independent particle filters using the common sequential
importance resampling (SIR) algorithm [12]. We assign the
detections in from step 1 to individual particle filter trackers
using a version of the Munkres algorithm for non-square
matrices [13], since the number of detections do, in general,
not match the number of trackers (initially, the set of trackers,
T , is empty). We use the squared distance between detection

point and tracker expectation value as the cost function in the
modified Munkres algorithm. Since, in general, |D| 6= |T |,
we might have detections that have not been assigned to an
existing tracker. In this case we initialise a new tracker with
all particle coordinates equal to those of the unassociated
detection, and hence all particle weights equal. If, on the other
hand, we have unassociated trackers, a counter is incremented
on each, and if the counter reaches a certain threshold, the
tracker is deleted. We utilise a Langevin type particle motion
model, as in [4].
Step 3: At this stage the tracker expectation values from
step 2 is transformed from pixel coordinates to 3D cartesian
coordinates using camera lens parameters. The transformed
coordinates are used to steer the beamformers associated with
each active tracker.
Step 4: At this step the output from each beamformer is
fed into a VAD, based on cepstral distance, similar to [6].
Each VAD makes a binary decision of voiced/unvoiced audio
frames, and keeps a running tally of the decision for the last
50 frames. As the audio sample rate is 44.1 kHz, and the VAD
operates with a frame size of 512 samples this means that the
last 0.6 s worth of decisions are remembered by the VAD.
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Step 5: In this step the location of the active speaker is
determined based on expectation values of the particle filters
and the voice activity of the output audio stream from the
beamformers. The active speaker is identified by the VAD with
the highest number of voice frames during the last 0.6 s (If this
number is zero, no speaker is detected).
III.

F IRST R ESULTS

To evaluate the proposed method we have compared its
accuracy (in terms of locating the current speaker correctly)
and processing time (as a proxy for actual processing intensity)
to a simple beam sweep method. The beamformers used in the
beam sweep method are focused on points of a rectangular grid
with a fixed distance (z = 3 m) from the array plane (z = 0).
The particle filter trackers used in the proposed algorithm are
similarly confined to the same plane. Preliminary results for
a scenario of 170 s, with two sitting persons taking turns to
speak, indicate that the proposed algorithm predicts a speaker
position within ±50 cm of the correct one about 60 % of the
time. Furthermore, steps 1 and 2 of the proposed algorithm
is equivalent to about 13 beams in terms of computational
intensity (for an array of 256 elements), thus for two speakers
the proposed algorithm is equivalent to about 15 beams. Beam
sweeping with 15 beams (3 vertical, 5 horizontal), using the
same accuracy measure, is only correct about 10 % of the
time, for the same computational effort (though a more fair
comparison would use fewer array elements and more beams).
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