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Three-Dimensional Speaker Localization:
Audio-Refined Visual Scaling Factor Estimation
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Abstract—Neither a monocular RGB camera nor a small-size
microphone array is capable of accurate three-dimensional (3D)
speaker localization. By taking advantage of accurate visual object
detection, and audio-visual complementary sensor fusion, we for-
mulate the three-dimensional (3D) speaker localization problem as
a visual scaling factor estimation problem. As a result, we effectively
reduce the traditional audio-only 3D speaker localization from
an exhaustive grid search to a one-dimensional (1D) optimization
problem. We propose a multi-modal perception system with two
optimization approaches. We show that the proposed methods are
effective, accurate, and robust against interference and, as corrob-
orated by indicative empirical results on real dataset, competitive
to the conventional uni-modal and the state-of-the-art audio-visual
speaker localization approaches.

Index Terms—Multimodal perception, speaker localization,
TDoA, audio-visual fusion, dynamic sensor weighting.

I. INTRODUCTION

MULTIMODAL perception is fertile research ground that
merits further investigation, and has been extensively

used in cognitive science, behavioral science, and neuroscience
owing to its capabilities of enabling brains to learn meaning-
ful information from different sensory modalities, including
sound, sight etc [1]. Audio and vision, as the major percep-
tion peripheral in Human Computer Interaction (HCI) systems,
convey significant and complementary information for scene
understanding [2]–[5].

Acoustic Sound Source Localization (SSL) with multi-
channel microphones [6]–[8], as one of the most profound
localization techniques, has spurred on-going interests for many
far-field speech applications, such as automatic speech recogni-
tion [9] and separation [10]. However, acoustic SSL only works
well in relatively clean conditions, and suffers from noise and
reverberation distortions. Moreover, it relies on an extensive
grid search algorithm to find the 3D position e.g. Steered Re-
sponse Power (SRP) [11], that is computationally demanding.
To address that, Stochastic Region Contraction (SRC) [12],
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hierarchical search [13], [14] and vectorization [15] are proposed
to speed up the scanning, which usually restrict the search
to a two-dimensional (2D) space. As pointed out by [16], a
static small-size microphone array is incapable of localizing the
speaker in 3D domain.

In some specific environments, e.g., indoor healthcare service
robots, where line-of-sight acoustic propagation is impaired by
obstacles, SSL techniques perform poorly with low localization
accuracy. There have been studies where HCI systems with vi-
sual information are developed to provide assistance and support
for object localization. However, computer vision is sensitive to
illumination variation and complex occlusions, which limits its
applications.

The recent advances in artificial neural networks (ANN)
have created immense opportunities for the development of
SSL [17]. A convolutional neural network-based method has
been proposed for 2D object detection from monocular im-
ages [18]. Despite progress, using single RGB image captured
from monocular camera for 3D object localization remains a
challenging task. Compared with the solutions such as LiDAR
and stereo vision [19], the monocular method is far from sat-
isfactory due to the lack of depth-of-field information [20]. To
deal with this problem, ANN-based 3D monocular methods for
object localization have attracted increasing attentions owing to
their superior results [20]. However, their success relies on the
availability of a large amount of human-labelled training data,
that is not always available.

Audio-only (AO)- and video-only (VO)-based processing
methods are complementary. They have their respective merits
and drawbacks. It is attractive for SSL to benefit from the best
of both. In this paper, we exploit the audio-visual signals cap-
tured from the calibrated platforms to improve the localization
accuracy of a visible and audible speaker in a 3D domain.

Let us denote t as the time index, s1:Nt as the audio sig-
nals captured by a N-channel microphone array, indexed by
n ∈ N = {1, . . ., N}, Bt as the image captured by a standard
monocular RGB camera. Ω ∈ R3×3 and Ξ ∈ R3×4 are repre-
sented as the camera intrinsic and extrinsic matrices, respec-
tively. p1:N ∈ R3×N indicates the 3D location of microphones.
We aim to estimate the target 3D location via:

ot = f(s1:Nt ,Bt|p1:N ,Ω,Ξ) (1)

where ot ∈ R3×1, and f is a transfer function. For the ease of
clarity, the time index t is omitted without loss of generality.

On the basis of intra-array time-delay features and visual face
detections, we propose an Audio-Visual Speaker Localization
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(AVSL) system. As the standout amongst topics in computer
vision, face detection delivers impressive 2D accuracy in a 3D
domain. By incorporating 2D visual sensing, we re-formulate the
audio-only 3D localization problem to an audio-visual 1D visual
scaling factor estimation problem. Two objective functions are
proposed, where a directional unit vector derived from the face
detection points towards the speaker position to guide the audio
searching space. This work makes notable contributions in two
areas:
� We propose a spatial setup using a monocular camera and a

small-size microphone array to exploit audio-visual com-
plementary and interactive characteristics for 3D speaker
localization.

� We propose and implement the algorithm with multi-modal
objective functions to accurately estimate the depth of
speaker location through the audio-refined video scaling
factor estimation.

II. ACOUSTIC SOUND SOURCE LOCALIZATION

The time-delay based method [21], e.g., Time Difference of
Arrival (TDoA) estimation [22] is one of the most popular SSL
techniques, which exploits the fact that the time-of-arrival of a
signal is proportional to the source-microphone distance. Given
a generic 3D location o, the actual TDoA to a microphone
pair, indexed by m ∈ M = {(m1,m2), ∀m1 < m2 ≤ N}, is
computed as [11]:

τm =
||o− pm1 || − ||o− pm2 ||

c
fa (2)

where || · || stands for the �2 norm, pm1 and pm2 are the
3D position vectors. fa ∈ R+ and c ∈ R+ hold the sampling
frequency (kHz) and the sound speed (m/s), respectively.

To perform robust TDoA estimation in noisy and reverberant
environment, Generalized Cross Correlation with Phase Trans-
form (GCC-PHAT) [21], [23] is widely used. Let Sm1

and
Sm2

∈ C be the Fourier transforms of audio streams at the
mth-indexed microphone pair. We compute the GCC-PHAT
features with different time delay τ as:

gm(τ) =
∑
k

R
(

Sm1
[k]Sm2

[k]∗

|Sm1
[k]Sm2

[k]∗|e
2πj k

K τ

)
(3)

where j is the imaginary unit, k is the frequency bin index, ∗ and
| · | stand for the complex conjugate and the absolute value oper-
ations, respectively. R denotes the real part of complex number,
and K is the Fast Fourier Transform (FFT) length. Therefore,
the sound source TDoA can be estimated via searching for the
GCC-PHAT peaks:

τ̂m = argmaxτ∈Γm
gm(τ) (4)

where τ̂m ∈ Z, Γm = [−τmax
m , τmax

m ] is the set of allowable
time delay with τmax

m depending on the inter-microphone dis-
tance τmax

m = 1
c ||pm1 − pm2 ||fa.

III. AUDIO-VISUAL SPEAKER LOCALIZATION

A monocular RGB camera and a small-size microphone array
are utilized to jointly localize a speaker in 3D space. After

back-projecting a target image hypothesis to a ray of the camera,
the intersection between the ray and the microphone array’s
receptive area facilitates speaker localization.

Let f = (u, v, w, h)ᵀ be the face detection bounding box
where ᵀ denotes the transpose operator, (u, v) indicate the hori-
zontal and vertical locations of the top-left point of the bounding
box in the image coordinate, and (w, h) are the width and height
of the bounding box. The sound source location (speaking lips)
is extracted via:

µ = Ψf (5)

in which Ψ ∈ R2×4 is a pre-defined extraction matrix. The
mapping from a 3D point o ∈ R3×1 in the physical world to
an image point µ ∈ R2×1 is described by the camera projective
transformation. Given a pinhole camera model, the perspective
projection is formulated as [24]:

κµ = ΩΞ�o (6)

where κ is the visual scaling factor depending on the object-
camera distance, µ = [µᵀ, 1]ᵀ ∈ R3×1 and �o = [oᵀ, 1]ᵀ ∈
R4×1 are the representations of target image and 3D locations
in homogeneous coordinates, respectively.

From 6, the desired 3D location can be formulated as:

�o = O(κ) � κ

(
Φ

0 1

)−1

�μ (7)

where 0 ∈ R1×3 is an all-zero vector, Φ ∈ R3×4 is the camera
projection matrix, and (·)−1 indicates matrix inversion. From
Eq. 7, we observe that, for κ → ∞, the perspective projections
of the 3D points {�o = O(κ), ∀κ ∈ R+} all converge to the same
image position µ. Thus, it is inaccurate to use the monocular
images alone to estimate the 3D speaker location in a world
coordinate, due to the projection ambiguity. The projection
ambiguity can be redeemed given the prior of the detected
object size [24]. However, the resulting κ is erroneous due to
different head sizes and the orientations to the camera, which
may adversely affect the estimation of the 3D point �o.

Let’s now formulate the 3D speaker localization problem as
a 1D scaling factor estimation problem:

ô = O(κ̂)h−1 (8)

where the subscript h−1 indicates the inverse of homogeneous
transformation to get rid of the last element of �o.

We propose two objective functions, namely Multi-channel
Cost Function (MCF) and Global Likelihood Function (GLF),
and adopt the grid searching method to select the optimal visual
scaling factor κ from the pre-defined hypotheses. In particu-
lar, MCF considers the localization error resulting from each
individual microphone pair while GLF treats the microphone
array as an entire unit and considers the accumulated confidence.
Details are described in the next subsections.

A. MCF-Optimization

The speaker locations estimated from all microphone pairs
and the camera share the same spatial space. To leverage such
spatial correspondence, we build an objective function at κ
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Fig. 1. (a) The absolute TDoA error (in sample) across time frames and micro-
phone pairs, where yellow or blue denotes greater or smaller error, respectively;
and (b) The variations of the TDoA error and the proposed adaptive parameter
αm (in Eq. 10) at different microphone pairs averaged over time.

indicating the difference between audio and video estimates:

Bm(κ) =

video︷ ︸︸ ︷
||O(κ)h−1 − pm1 || − ||O(κ)h−1 − pm2 || −

audio︷︸︸︷
τ̂mc

fa
(9)

where the first under-bracket item correlates to the theoretical
TDoA of the visual 3D location estimate (see Eq. 8) while the
second item is derived from the audio GCC-PHAT estimate.

The time delay estimation from the microphone pairs is af-
fected by many factors, such as audio content, distance between
the microphone pairs, speaker-microphone distance, and speak-
ing head orientation. Fig. 1(a) indicates the TDoA estimation
error varies across each microphone pair (y-axis, totally 28 pairs
for a 8-channel array) at different time frames (x-axis, large error
at frame 280 results from non-direct speaker head orientation to
the array). To leverage different pair-level importance, we design
an adaptive weighting parameter αm ∈ [0, 1), which updates at
every frame, formulated as:

αm =
g̃mδ(g̃m ≥ θ)

max (
∑

m g̃mδ(g̃m ≥ θ), ϑα)
(10)

where g̃m = gm(τ̂m), δ(·) is an indicator function that outputs
one if the inequality holds, and ϑα is a speech threshold chosen
to be 1.4. The parameter θ = median({g̃m,m ∈ M}) models
the median of GCC-PHAT peaks, to dynamically choose half
of the pairs with greater reliability while eliminating the others.
Herein, we re-use the GCC-PHAT peaks as the reliability mea-
sure, considering no additional computation. Fig. 1(b) shows the
inverse proportional relationship between the proposed αm and
the TDoA error. The microphone pair with a smaller TDoA error
is assigned to a larger αm due to higher reliability.

The performance of GCC-PHAT significantly degrades when
there is interference (i.e., environmental noise and reverber-
ation), which penalizes the utilization of audio-visual spatial
correspondence. Note that face detection is not affected by such
interference. We incorporate the visual contribution to solve the

scaling factor,

κ̂ = arg min
κ

microphone pairs︷ ︸︸ ︷∑
m∈M

αm (Bm(κ))2 +

camera︷ ︸︸ ︷
αv||κ− κ0||2

s.t.
∑
m∈M

αm + αv = 1 (11)

where the first under-bracket item correlates to the accumulated
difference between multi-modal TDoA estimates at individual
microphone pairs (Eq. 9-10), while the second item represents
the distance to the visual initial scaling factor κ0. αv is the
visual dynamic parameter that is adjusted according to audio
reliability, which makes video contribute more under adverse
acoustic conditions (small αm) and less otherwise.

B. GLF-Optimization

Despite the incorporation of the dynamic weights in MCF-
optimization, the errors resulting from inaccurate TDoA esti-
mates may accumulate at microphone pairs. To overcome this,
we propose to estimate the visual scaling factor by maximizing
the following likelihood function:

κ̂ = arg max
κ

microphone array︷ ︸︸ ︷
βa

∑
m∈M

gm(τm(κ))+

camera︷ ︸︸ ︷
βv exp (−||κ− κ0||)

s.t.
∑

βa + βv = 1 (12)

where τm(κ) is the visual theoretical TDoA computed at ô
(Eq. 6), and βa ∈ [0, 1) is an adaptive parameter defined as:

βa =

∑
m g̃m

max(
∑

m g̃m, ϑβ)
(13)

where ϑβ = 2.8 is a speech threshold.
Unlike the adaptive parameters in Eq. 10 which apply at each

microphone pair, in Eq. 13, we treat the microphone array as a
unit sensor which is allocated with a single weight.

IV. EXPERIMENTS

We evaluate the proposed 3D speaker localization framework
on AV16.3 [25], a real-world audio-visual dataset, and bench-
mark against the competitive SSL systems, AO [11], VO [24],
AVz [26] and 2LPF [27]. On the basis of sensor calibration and
multi-modal synchronization information, taken from AV16.3,
we seek to estimate the speaker’s 3D location.

AV16.3 is recorded by two 8-channel circular microphone
arrays with 20-cm diameter (placed on a desk) and three cameras
(mounted on different room walls). Images are captured at 25 fps
with 360× 288 pixels while audio signals are sampled at fa =
16 kHz. The same as [26], [27], we use the speech segments in the
single-speaker sequences (i.e., seq08, 11 and 12) where only the
first array and individual cameras are involved in our evaluations.
Herein, we report the results in terms of Mean Absolute Error
(MAE), which measures the distance between our location esti-
mate and the actual speaker 3D location, and Acurracy (ACC)
to measure the percentage of correct estimations with 0.2 m as
the 3D error allowance.
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TABLE I
SSL RESULTS IN MAE (M) ON AV16.3. THE OVERALL ACC IS LISTED IN THE

LAST ROW (SEQ: SEQUENCE; NA: INFORMATION UNAVAILABLE; TEMPORAL

FILTERING IS INVOLVED IN [27]�)

A. Parameter Settings

The audio FFT window is set at 212 points (viz. 256 ms)
which is shifted at the same frame rate as that of the video frame
for audio-visual alignment. The sound speed is c = 342 m/s.
There are a total of M = 28 microphone pairs for the 8-channel
array. Additionally, the mouth extraction matrix is set to Ψ =
(1 0 1

2 0; 0 1 0 3
4 ). The speaker visual direction is extracted from

the detected faces according to [18]. The initial scaling factor
κ0 is computed with the assumption of 3D face size (W,H) =
(0.14 m, 0.18 m), and the scaling factor range becomes K =
{κ0 + iΔκ}25i=−25 with the incremental step Δκ = 0.02 m.

B. Experimental Results

We summarize the results for individual audio-visual se-
quences in TABLE I. It is observed that MCF and GLF con-
sistently outperform the uni-modal methods. The localization
error decreases from 0.52 m (AO) to 0.14 m (MCF) while the
accuracy increases from 20.02% (AO) to 79.51% (MCF).

It is to be noted that 2LPF [27] employs additional parti-
cle filtering which indicates the upper-bound of localization.
Nonetheless, MCF and GLF still achieve comparable results
without the temporal smoothing. We further observe that GLF
outperforms MCF with the MAE decreasing from 0.14 m to
0.12 m and ACC improving from 79.57% to 83.31%. This
suggests that maximizing the accumulated likelihood at the
microphone array unit is superior to minimizing the error at
individual microphone pairs.

We also evaluate the proposed framework in the presence of
additive white Gaussian noise at Signal-to-noise Ratio (SNR)
ranging from -20 dB to 40 dB. Fig. 2 summarizes the average
MAE of the comparative methods, namely, AO [11], AVz [26],
VO [24], and the proposed MCF and GLF. We observe that
MCF and GLF significantly outperform AO [11] and AVz [26]
under all SNR conditions. AVz applied acoustic localization on
the video-suggested speaker height plane with the performance
degrades at low SNR due to the dominant impact of audio. By
comparing with VO, it is clear to see the superiority of our
proposal at high SNR (≥ 10 dB). With degrading SNR (≤ 0 dB),
MCF and GLF are upper-bounded by the visual performance.

Fig. 2. Comparison of the 3D localization results of different methods in MAE
under various SNR (dB).

Fig. 3. Ablation study of our proposals under different SNRs (dB). MCF-
v0: no video weights (αv = 0); MCF-m1v0: no audio-visual weights (αm =
1/M,αv = 0) and GLF-a1v0: no audio-visual weights (βa = 1, βv = 0).

An ablation study is conducted to understand the contribu-
tion of the proposed sensor weighting mechanism at various
SNR (see Fig. 3). It is observed that the visual signal doesn’t
contribute much at a high SNR (40 dB). However, as the SNR
decreases, the visual signal’s contribution increases. We denote
MCF-v0 as the method without visual contribution.

By turning off the adaptive microphone pair weighting mech-
anism, i.e., keeping all microphone pairs with equal contribution
αm = 1/M , we denote the method as MCF-m1v0. We observe
that MCF-v0 has a lower MAE than MCF-m1v0, that further val-
idates the rationality of the proposed microphone pair weighting
mechanism. With βv = 0 (no visual contribution), we denote
the method as GLF-a1v0. We observe that the contribution from
visual signal increases as the SNR decreases. All results point
to the fact that visual signal makes more significant contribution
at lower SNR.

V. CONCLUSION

We propose an audio-visual speaker 3D localization frame-
work through estimating the monocular visual scaling factor
with assistance of a microphone array. By doing so, we limit the
computationally expensive grid searching region from 3D to the
ray of the camera. We study a dynamic weighting mechanism
between audio and vision, and implement two optimization
approaches on real-world dataset. Experiments have validated
the proposed visual scaling factor estimation scheme, the audio-
visual dynamic weighting mechanism, and the superiority of
the proposed methods over the state-of-the-art counterparts,
especially under adverse conditions.
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