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Abstract
In the context of multi-source direction of arrival (DOA) estima-
tion using a single acoustic vector sensor (AVS), the received
signal is usually a mixture of noise, reverberation and source
signals. The identification of the time-frequency (TF) bins that
are dominated by the source signals can significantly improve
the robustness of the DOA estimation. In this paper, a TF bin
selection based DOA estimation pipeline is proposed. The pro-
posed pipeline mainly involves three key steps: key frame iden-
tification, TF bin selection and DOA extraction. We identify the
key frames by frame-wisely examining the effective rank. Sub-
sequently, the geometric medians of the selected key frames are
extracted to alleviate the impact of extreme outliers. The sim-
ulation results show that the accuracy and the robustness of the
proposed pipeline outperform the state-of-the-art (SOTA) tech-
niques.
Index Terms: Direction of arrival (DOA), intensity vector (IV),
time-frequency (TF) bins, reverberation

1. Introduction
Direction of arrival (DOA) estimation of multiple acoustic
sources in a reverberant and noisy environment has long been of
great interest to the signal processing society [1–3]. It is a fun-
damental building block in various applications such as video
conferencing, smart robot and hearing aids [4–8]. In these ap-
plications, an array of microphones is usually used to capture
the acoustic signals. DOA cues are extracted from the time
delay information between different microphone elements. In
practical application scenarios, reverberation and interference
between simultaneously active sources are major challenges for
accurate DOA estimation [9, 10].

Recently, pseudo-intensity vector (PIV)-based TF bin se-
lection methods using spherical microphone array (SMA) are
proposed for DOA estimation [11–15]. The PIV-based direct
path dominant (DPD) test proposed in [14] identifies appropri-
ate TF bins by examining whether the effective rank of the esti-
mated covariance matrix is unity or not. One of the methods to
determine the effective rank is to examine the ratio of the largest
and second-largest singular values of the estimated covariance
matrix. Another PIV-based estimation consistency (EC) algo-
rithm is proposed in [15]. In the EC algorithm, the higher con-
sistency between PIVs in the source-dominated TF regions is
exploited for TF bin selection. More specifically, the EC weight
for a TF bin is obtained by multiplying the corresponding frame
weight and the frequency weight. Subsequently, the TF bins
corresponding to large EC weights will be selected. Unfortu-
nately, the performance of the aforementioned algorithms de-
grades with the increase of simultaneous active sources.

It has been noted that, in addition to the PIV-based ap-
proaches, the intensity vector (IV)-based approaches are also
able to produce DOA estimation from each TF bin [16]. By

Figure 1: Acoustic vector sensor structure. The three orthogo-
nal directional microphones are indicated by x, y and z.

exploiting the sound-field directivity of acoustic vector sensors
(AVSs), several IV-based approaches for selecting reliable TF
regions/bins have been proposed [17–21]. Two IV-based low-
reverberant-single-source (LRSS) detection algorithms using a
single AVS are proposed in [20] and [21], where the algorithm
in [20] works at TF region level and the algorithm in [21] works
at TF bin level. In [20], the TF region with low covariance rank
is identified as LRSS region. Since the number of such TF re-
gions decreases with increasing reverberation, the LRSS detec-
tion algorithm at TF region level is further extended to TF bin
level. In [21], the TF bin is selected by comparing the absolute
direction between the real and imaginary parts of the observa-
tions with a pre-defined threshold. However, it does not work
properly in adjacent sources scenarios [21]. The reason is that
low angular separation between sources also results in similar
absolute directions between the real and imaginary parts, re-
gardless it is a LRSS or non-LRSS point.

In this work, an IV-based DOA estimation pipeline which
selects appropriate TF bins dominated by a single source and
rejects those contaminated by reverberation and noise, is pro-
posed. The proposed pipeline consists of three building blocks,
which are key frame identification block, TF bin selection block
and DOA extraction block. To identify the key frames, we pro-
pose to extend the DPD test to the frame level by adjusting the
length of frequency smoothing. The TF bin selection block ex-
ploits the geometric median of the IVs to improve the robust-
ness to extreme outliers. The DOA extraction block partitions
the remaining vectors into several clusters according to direc-
tions and outputs the centroid of each cluster as the final esti-
mated DOA.

2. Mathematical Model
Figure 1 shows the structure of an AVS, consisting of one
monopole pressure sensor element and three orthogonally ori-
ented dipole elements. The frequency-independent array mani-
fold of an AVS is defined as

a :=

 1
cosψ cosφ
cosψ sinφ

sinψ

 =

 1
ux(ψ, φ)
uy(ψ, φ)
uz(ψ)

 =

[
1
u

]
, (1)
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Figure 2: An example of key frame identification. The Y-axis
is the normalized ratio between the largest and second-largest
eigenvalues and the dotted line is the threshold.

where the variables φ ∈ (−π, π] and ψ ∈ [−π/2, π/2] rep-
resent the azimuth and elevation angles, respectively. As we
can see from (1), the unit vector u points towards the source
direction. In this work, we assume far-field plane waves with
band-limited spectrum travel in a homogeneous space. Let us
consider J active acoustic sources received by a single AVS in a
noisy and reverberant scenario. According to [21], using short-
time Fourier transform (STFT) [22], the received signal in the
TF domain can be expressed as

x(k, l) =

J∑
i=1

L∑
l′=0

hi(k, l
′)si(k, l − l′) + n̄(k, l), (2)

where k and l are frequency-bin and frame-bin index, respec-
tively. The received signal x(k, l) = [xp(k, l),x

T
v (k, l)]T

consists of the outputs of the omni-directional and the three
orthogonally-directional elements. The vector hi(k, l′) is STFT
coefficients of the acoustic transfer function (ATF), which de-
scribes acoustic field between the ith source and the AVS. L
denotes the maximum frame index of the ATF. The second
term can be expressed as n̄(k, l) = e(k, l) + n(k, l), where
e(k, l) represents the approximation error introduced by the
STFT modeling and n(k, l) is the additive noises.

In general, the ATF is formed by the summation of multiple
propagation paths, consisting of direct path, early echoes and
reverberations. Note that the latter two terms are also known
as multi-path signals [1]. The ATF of direct-path (l′ = 0) and
multi-path (l′ = 1, ..., L) with respect to the ith source can be
modeled as

hi(k, 0) = e−jωkτiai, (3)

hi(k, l
′) =

Nl′
mp∑
r=1

α
(l′,r)
i e−jωkτ

(l′,r)
i a

(l′,r)
i , (4)

where ωk is the discrete angular frequency, τi is the sam-
ple delay of the direct-path impulse. The variable N l′

mp is

the number of reflections within the l′th frame and α(l′,r)
i is

the attenuation coefficient. The superscript (l′, r) denotes the
rth reflection path in the l′th frame. The array manifold is
ai = [1, cosψi cosφi, cosψi sinφi, sinψi]

T . The objective
of 2-D multi-source DOA estimation is to find out the azimuth
φi and elevation ψi for i = 1, ..., J .

3. The Proposed Pipeline
In this work, we focus on the context of multi-source DOA es-
timation using a single AVS, where the number of sources is
known as a priori .

geometric median  center of mass 

Figure 3: Schematic diagram of geometric median and center
of mass. The black arrow lines represent IVs.

According to [23], the IV in the TF domain (also known as
active IV) can be defined as

I(k, l) := R{x?p(k, l)xv(k, l)} ∈ R3×1, (5)

where R{·} and (·)? denote the real parts of a complex num-
ber and the complex conjugate operation, respectively. The IV
reveals the flux of energy in the sound field by recording the di-
rection and magnitude of the propagating wavefront [24]. Note
that, the direction of IV can be regarded as an estimated DOA
associated with each TF bin.

In this section, the proposed IV-based DOA estimation
pipeline for selecting appropriate TF bins dominated by a single
source is presented.

3.1. Key frame identification block

For frames with significant contribution from a single source,
DOA estimation is expected to have low estimation error [15].
Therefore, the identification of key frames that dominated by
a single source is critical for accurate DOA estimation. It has
been noted that, time averaging and frequency smoothing are
able to increase the effective rank of the correlation matrix up to
the total number of active sources (coherent or not) [11]. There-
fore, for the frames that dominated by a single active source, the
effective ranks are expected to be unity. According to [11], the
set of key frames can be identified by

L = { l | erank(R̂(l)) = 1}, (6)

erank(R̂(l)) = 1, if
λ1(l)

λ2(l)
≥ ε. (7)

Here erank(·) represents the effective rank, ε is a threshold
and λ1(l) and λ2(l) are the largest and second-largest singu-
lar values of the sample correlation matrix R̂(l), respectively.
By smoothing over frequency and averaging L′ adjacent time
frames, the correlation matrix is estimated as

R̂(l) =
1

KL′

K∑
k=1

L′−1∑
l′=0

x(k, l − l′)xH(k, l − l′). (8)

Here KL′ is the size of the TF window, K is the length of
Fourier transform (FT) and {·}H represents Hermitian transpo-
sition. The frequency smoothing can be achieved by averaging
over frequency due to the frequency-independent property of
the array manifold in (1). Note that, the key frame identifica-
tion is a special case of the DPD test under the assumption that
single source dominates the key frame.

Figure 2 shows an example of the proposed key frame iden-
tification. The Y-axis is the normalized ratio of the largest to
the second largest eigenvalue and the dotted line represents the
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Figure 4: An example of the distribution of the IVs (a) before
and (b) after selecting single source dominated TF bins. The
blue arrow lines represent IVs and the black lines indicate the
true DOAs.

threshold. As can be seen, the frames that are greater than ε are
considered to have an effective rank of unity and are therefore
selected as key frames.

3.2. TF bin selection block

3.2.1. Geometric median extraction of key frame

Although most of the IVs in the key frames are concentrated,
there are still extreme outliers caused by reverberation. The
property of geometric median is exploited in the proposed TF
bin selection block to alleviate the impact of extreme outliers,
improving the robustness to reverberation.

Given the set L, the geometric median [25] in the `th key
frame is defined as

ũgm(`) = arg min
ỹ

K∑
k=1

‖Ĩ(k, `)− ỹ‖2, ∀` ∈ L, (9)

where Ĩ(k, l) = I(k, l)/‖I(k, l)‖ is the normalized IV. The nor-
malization ensures that the geometric median is only dependent
on the directions of IVs. Figure 3 shows an example of the ge-
ometric median and the center of mass of a set of IVs. As can
be seen, the geometric median is determined locally, while the
center of mass depends on all global IVs. Given the geometric
median ũgm(`), the IVs close to ũgm(`) are labeled as inliers
and kept, while others are removed. The set of inliers can be
obtained as

Γ = {Ĩ(k, `) | ]{Ĩ(k, `), ũgm(`)} ≤ θ,∀` ∈ L}. (10)

Here ]{·, ·} denotes the inter-angle between two vectors and θ
is a pre-defined neighbourhood threshold.

3.2.2. Outliers removal

Given the set Γ, as well as the number of source J , Ĩ(k, `) ∈ Γ
can be classified into J groups according to their directions,
i.e., the normalized IVs with similar direction will be classified
into the same group. In this work, the k-medoids algorithm is
used to solve the classification problem [26]. After the cluster-
ing operation, J classified groups as well as J corresponding
centroids, denoted by {Gi}Ji=1 and {c̃i}Ji=1, respectively, are
generated. Within each cluster, the IVs pointing away from the
cluster centroid, i.e., ∀Ĩ(k, `) ∈ Gi satisfies

]{Ĩ(k, `), c̃i} ≥ ϕthr (11)

will be identified as outliers and removed. Here ϕthr is a pre-
defined threshold. The existence of outliers is caused by erro-
neous key frames. After the outlier removal, the set that con-
tains all remaining inliers is denoted by S, and the final multi-
source DOA estimation is performed based on S.

Table 1: The average angular error between IVs and the closest
true DOA and the RMSAE of DOA estimation.

Angular separation between sources (deg)
25 45 60 100 180

Angular error
without selection

60.62◦ 57.11◦ 54.75◦ 49.01◦ 45.13◦

Angular error
with selection

6.31◦ 6.54◦ 6.16◦ 5.57◦ 5.40◦

RMSAE of the
DOA estimation

4.59◦ 5.22◦ 4.69◦ 3.09◦ 2.48◦

Note : Each angular separation is evaluated by 100 random source-position configura-
tions. The SNR and T60 are set to 20dB and 0.35s, respectively.

Figure 4 shows an example of the distribution of the IVs be-
fore and after selecting single source dominated TF bins. Com-
pared with Figure 4(a), the distribution of selected IVs in Figure
4(b) suggests that the proposed TF bin selection technique is ca-
pable of eliminating contaminated IVs.

3.3. DOA extraction block

There are two types of methods to extract the final multiple
DOAs from the set of DOA estimates, namely the peak detec-
tion technique and clustering-based technique [27]. The peak
detection technique usually require evaluating a cost function
over a grid of candidate azimuth and elevation. The clustering-
based technique classifies the set of DOA estimates into several
clusters and output their centroids as the final DOAs. The effect
of reverberation and noise may yield erroneous DOA estimates.
Therefore, it is necessary to select the appropriate TF bins. In
this work, given the selected S, we cluster Ĩ(k, l) ∈ S and out-
put the J centroids as the final estimated DOAs.

4. Simulation Results
This section presents simulation results to demonstrate the cor-
rectness and effectiveness of the proposed method. For the
simulation setup, the room impulse response (RIR) is gen-
erated using image methods [28] with room dimensions of
8m× 6m× 4m and AVS position at (4m, 3m, 1.5m). Speech
sources are mounted 1.5m away from the AVS. These source
signals are formed by male and female speeches sampled from
the TIMIT database [29] with a sampling frequency of 16 kHz.
The frame length of STFT is set to 128 samples and there is
75% overlap between frames. For the thresholds, ε = 0.3 is set
for key frame identification, θ = 5◦ and ϕthr = 10◦ are used
in TF bin selection block.

The proposed pipeline is compared with two state-of-the-
art (SOTA) algorithms: the DPD test algorithm [14] and LRSS
points detection algorithm [21]. The well-known MUltiple SIg-
nal Classification (MUSIC) algorithm [30] is also included as
a baseline. To have a fair comparison, the empirical thresholds
of these algorithms are set according to the corresponding pa-
pers. For J estimated {ûi}Ji=1, accuracy is evaluated using the
average angular error

e =
1

J

J∑
i=1

2 sin−1 ‖ûi − ui‖
2

. (12)

The root-mean-square angular error (RMSAE), defined as
RMSAE =

√
E{e2}, is used to quantify the DOA perfor-

mance, where E denotes expectation operator.
Table 1 quantitatively shows the accuracy of the proposed

pipeline. As can be seen from Table 1, the average angular error
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Figure 5: RMSAE versus angular separation between sources
in (a) two active sources, (b) three active sources. Each an-
gular separation is evaluated by 100 random source-position
configurations. The SNR and T60 are set to 20dB and 0.35s,
respectively.

is greatly reduced with the proposed single source dominated
TF bin selection pipeline, leading to a better DOA estimation
performance.

Figure 5 shows the DOA performance of the proposed
pipeline and other SOTA algorithms for two and three simul-
taneously active sources scenarios. It can be observed from
Figure 5(a) that the proposed pipeline achieves the lowest error
compared to the SOTA algorithms as well as the MUSIC algo-
rithm. Although the SOTA algorithms achieve fairly good per-
formance when the angular separation is greater than 45◦, the
RMSAE of these algorithms increases significantly as the angu-
lar separation decreases, especially when the angular difference
is smaller than 35◦. The reason for the poor performance of
LRSS algorithm in adjacent sources scenarios is that the similar
directions of adjacent sources may fool the LRSS detection rule.
The accuracy and robustness of the proposed pipeline in adja-
cent sources scenarios are benefited from the key frame identifi-
cation and the subsequent geometric median extraction. Similar
trends can be found in Figure 5(b). As the number of sources
increase, although the performance of all algorithms degrades,
the proposed pipeline is relatively stable, and outperforms all
the other algorithms.

Figure 6 shows the results of DOA performance versus dif-
ferent T60 and SNR settings. In general, the performances of
all algorithms degrade with increased reverberation time and
noise level. Figure 6(a) shows how the RMSAE varies with
T60. It can be observed that the proposed pipeline achieves the
lowest error compared to the other three algorithms, i.e., the
proposed pipeline is less sensitive to reverberation. This is be-
cause both the extraction of geometric median and the removal
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Figure 6: RMSAE versus (a) T60 with SNR is set to 20dB, (b)
SNR with T60 = 0.35s. Two active sources are separated at an
angle of 60◦. The results are generated by 100 random source-
position configurations.

of outliers improve the robustness to reverberation. The rea-
son for the significant performance degradation of LRSS algo-
rithm in strong reverberation condition is the dramatic decrease
of detected LRSS points. From Figure 6(b), we can see that
the performance of all algorithms become better with increas-
ing SNR and the proposed pipeline outperforms the other three
algorithms. The robustness to noise of the proposed pipeline
results from the inliers selection and outlier removal based on
directions.

5. Conclusions
We propose a IV-based DOA estimation pipeline for selecting
appropriated TF bins. The proposed pipeline mainly consists
of three parts: key frame identification block, TF bin selection
block and DOA extraction block. The key frame identification
block identifies the key frames by frame-wisely examining the
effective rank. The TF bin selection block exploits the geomet-
ric median of IVs to improve the robustness to extreme outliers.
The DOA extraction block partitions the remaining vectors into
several clusters and outputs the centroid of each cluster as the
final estimated DOA. Simulation results show that the proposed
pipeline is effective, especially in adjacent sources scenario.
The robust identification ability of the proposed pipeline in ad-
jacent sources scenarios is due to the key frame identification
and the subsequent geometric median extraction. The robust-
ness to reverberation results from both the extraction of geo-
metric median and the removal of outliers.
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