
Head Orientation Estimation from
Multiple Microphone Arrays

Rebecca C. Felsheim∗†1 , Andreas Brendel∗, Patrick A. Naylor†, Walter Kellermann∗
∗ Multimedia Communications and Signal Processing Lab, Friedrich Alexander Universität Erlangen-Nürnberg

Email: {rebecca.felsheim, andreas.brendel, walter.kellermann}@fau.de
† Electrical and Electronic Engineering, Imperial College London, Email: p.naylor@imperal.ac.uk

Abstract—Knowledge of head orientation is important for
various audio signal processing tasks involving human speakers,
including speech enhancement and attention tracking. Most of the
methods estimate the head orientation using video information
which, however, is not always available. In this work, two known
audio features for head orientation estimation are reviewed and
three new features are proposed. Furthermore, all evaluated
features have been combined in two different ways: with a
linear combination and a small artificial neural network. The
resulting algorithms are able to detect the head orientation in our
experiments with high precision and show superior performance
over state-of-the-art methods.

Index Terms—acoustic head orientation estimation, OGCF,
HLBR, CDR

I. INTRODUCTION

An estimate of head orientation for a human speaker as a
directional sound source is useful for various signal processing
tasks, e.g., to track the attention of a person [1]. As the
sound is radiated and distorted differently depending on the
orientation of the head relative to the observing microphones,
knowledge of the head orientation of a speaker can be used to
enhance recorded speech accordingly [2] or to support speaker
localization algorithms [3].

The head orientation can either be estimated from acoustic
or visual data, where the latter is a much more mature field of
research. As an example, the survey [4] shows a large variety
of approaches using visual input for the estimation of some
or all of the three degrees of freedom of head orientation.

If, additionally, audio data is available, the performance can
be improved compared to the use of only visual input [1].
In [5], video and audio data have been fused to estimate
the speaker’s position in addition to its orientation, and both
position and head orientation are tracked.

However, very often visual data is not available and, for
some tasks such as speech enhancement and source localiza-
tion, it is not always necessary. Sometimes, even if it were
a technical option, it is not usable, e.g., because of privacy
issues. In any case, the joint use of acoustic and visual data
requires additional calibrated camera hardware synchronized
with the microphone hardware. Additionally, the performance
of algorithms based on video data is degraded by insufficient
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lighting or objects obstructing the view [6]. Therefore, reli-
able head orientation estimation using only acoustic data is
desirable in many situations.

Some of the early work on acoustic head orientation esti-
mation [7] estimated the head orientation using the energy of
the lowpass-filtered signals from 448 microphones distributed
along the walls of a shoebox-like enclosure. The Oriented
Global Coherence Field (OGCF) method proposed in [8],
which is based on the Generalized Cross-Correlation Phase
Transform (GCC-PHAT) [9] estimates the head orientation
using five T-shaped microphone arrays with 4 microphones
each, distributed along three walls of a room. The GCC-PHAT-
related Steered Response Power PHAT (SRP-PHAT) has been
used by [3] to estimate the head orientation. That work
compared the SRP-PHAT-based approach with the High-to-
Low-Band Energy Ratio (HLBR) head orientation algorithm
and showed that the SRP-PHAT-based approach is slightly
better than the HLBR method. In [6], with a single 16 element
linear microphone array, the use of the HLBR, the received
signal energy and the Direct-to-Diffuse Speech Ratio (DDR)
were proposed for the head orientation estimation. Recent
work on acoustic head orientation estimation [10] uses the
power of Mel bands normalized to the average power over all
microphones. For the classification of the orientations a neural
network is compared to a simple mapping table. The accuracy
of both algorithms is similar but the mapping table classifies
less orientations than the neural network.

In this work, we focus on the estimation of the head
orientation in the azimuthal plane. For this, three new features
are proposed. One of them is based on the Coherent-to-
Diffuse Power Ratio (CDR) [11]. The other two, High Band
Variance (HBV) and the Spectral Difference (SD), exploit
the shaping of the high frequency spectrum by the head
radiation. The new features are then compared against two
existing features OGCF [8] and HLBR [3]. Furthermore, two
combinations of all five features are evaluated. The first one
combines the features linearly, while the second uses a small
artificial neural network which is trained for a specific room.
As the different features extract different characteristics of
the microphone signals, which complement each other for
head orientation estimation, their combinations increase the
robustness against noise and fewer microphones are necessary
for similar accuracy.

The remainder of the paper is structured as follows. The
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known features for head orientation estimation are reviewed
in Section II and the proposed features are presented in
Section III. The head orientation estimation methods are intro-
duced in Section IV. In Section V the experimental evaluation
and the used speech data are described and in Section VI the
results are discussed.

II. STATE-OF-THE-ART ACOUSTIC FEATURES

Human talkers do not radiate signal energy uniformly in
all directions but more to the front than to the sides, the top
or the back of the talker [12]. Furthermore, the directionality
of the sound radiation increases with frequency. For low
frequencies up to 500 Hz the energy radiation is nearly uniform
for all directions, while for higher frequencies the radiation
pattern tends towards a cardioid shape [8]. However, the exact
radiation pattern of human speakers cannot be described in
closed form due to the variations between the human subjects
and the acoustic conditions.

In the following all algorithms are described for M mi-
crophone arrays with Q microphones each, distributed on the
walls of a room. It is assumed that the location s = (xs, ys, zs)
of the speaker’s mouth is known.

A. Oriented Global Coherence Field

The OGCF algorithm [8], [13] is based on the GCC-
PHAT [9], which is defined as

R12(τ) =
1

2π

∫ ∞
−∞

X1(k)X∗2 (k)

|X1(k)X∗2 (k)|
ejωkτdωk , (1)

where τ describes the time lag and ωk the angular frequency
corresponding to frequency bin k. X1(k) and X2(k) denote
the spectra of two microphone signals x1(t) and x2(t), re-
spectively. The Global Coherence Field (GCF) is obtained
by evaluating the GCC-PHAT function at different arbitrary
positions in the room and averaging the values for |Q| different
microphone pairs (i, h) ∈ Q, where Q is the set of the
microphone pairs of array m. It can be expressed as

GCFm(p) =
1

|Q|
∑

(i,q)∈Q

Rih(δih(p)) , (2)

where δih(p) is the hypothetical time delay for the microphone
pair (i, h) for a source positioned at p.

The OGCF is a score for each of N candidate orientations,
represented by the points oj , arranged on a regular angular
grid. It is obtained as

OGCF(s,oj) =

M−1∑
m=0

GCFm(pm)w(θpmoj ) , (3)

where pm is a hypothetical source position placed at the inter-
section of the line connecting the centroid of the microphone
array m and the speaker position s and a circle with radius r
centered at s. The placement of the points oj for six arbitrarily
placed microphones and five arbitrary candidate orientations

0

12

3

4 5

s
p0

p1

p2

p3

p4 p5

o0

o1

o2

o3
o4

θp1o0

θp0o0

Fig. 1. A graphical representation
of candidate head rotations used in
OGCF [8].
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Fig. 2. The layout of the room in
which the data was recorded [5].

is shown in Fig. 1. Each GCF value is weighted using the
Gaussian function

w(θpmoj ) =
1√
2πσ

e−
θ2pmoj

2σ2 , (4)

with the angle θpmoj between the lines connecting pm with
the speakers position s and the line connecting the evaluated
orientation oj with s. The standard deviation σ can be used
to adapt the weighting pattern to the head radiation pattern.

B. High-to-Low-Band Energy Ratio

The version of the HLBR method described in this paper
was proposed in [3] as vectorial HLBR. The HLBR captures
the frequency dependency and angular dependency of the
sound energy radiated from the head and is defined as

HLBRmq =

∑kh,max
k=kh,min

Xmq(k)2∑kl,min
k=kl,min

Xmq(k)2
, (5)

which is the ratio between the energy of the microphone signal
Xmq(k) in a high and a low frequency band, ranging from
kh,min to kh,max and from kl,min to kl,max, respectively. While
the energy of the high frequency band is highly directive,
the energy of the low frequency band is almost uniformly
distributed in angle and is used as a normalization. This
normalization for each microphone is needed as it allows the
direct comparison of the HLBR values across the microphones
without the need of perfect calibration of the microphones. The
estimation of the head orientation from the HLBR values will
be described in Section IV.

III. PROPOSED ACOUSTIC FEATURES

Additionally to the two established features, three features
are newly proposed for acoustic head orientation estimation
in this work. The Averaged Coherent-to-Diffuse Power Ratio
(ACDR), like the OGCF, is based on the correlation between
the microphone signals. Like the HLBR, the Spectral Differ-
ence (SD) exploits the fact that the signal energy radiated to
the rear of the speaker’s head is lower than at the front of the
speaker. The High-Band Variance (HBV) expresses the lower
energy in the back as an attenuation of the higher frequencies.

A. Coherent-to-Diffuse Power Ratio

The CDR quantifies the diffuseness of a signal using the
ratio between the power of the coherent and the diffuse part of
the signal. It has already been used for different purposes, such
as speaker localization [11] and dereverberation [14], but has
not been used for head orientation estimation before. In [14]
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a DOA-independent CDR estimator using the coherence be-
tween two microphone signals and a model of the coherence
of the diffuse signal component was proposed. While the
coherence of the microphone signals can be calculated using
the estimated Power Spectral Density (PSD) of the microphone
signals, the coherence function of the diffuse part of the signal
is modeled as

Γn(k) =
sin(ωkdih/c)

ωkdih/c
, (6)

where dih is the distance between the microphones of the pair
(i, h) ∈ Q and c is the speed of sound.

In order to use the CDR measure for head orientation esti-
mation, it is computed for, and averaged over, all microphone
pairs (i, h) ∈ Q of each array m. To support the wide range
of CDR values, the natural logarithm of the average CDR
value of array m is taken as the feature, called Averaged CDR
(ACDRm).

B. High-Band Variance

The use of the HBV as a feature is motivated by the fact that
the attenuation of the signal radiated to the rear of the head is
higher compared to energy radiated towards the front of the
head. This can be seen in a lower variance of the absolute
high-frequency spectrum behind the head. The variance of the
absolute high-band spectrum, ranging from frequency bin kmin
to kmax, is computed for all microphones

σmq =
1

kmax − kmin + 1

kmax∑
k=kmin

(|Xmq(k)| − µmq)2 , (7)

where µmq is the mean of the absolute spectrum |Xmq(k)| in
the used frequency band. In a second step, the single variances
are summed over all microphones of each array

HBVm =
1

dsm

Q−1∑
q=0

σmq , (8)

with the distance dsm between the speaker s and the centroid
of the array m. The normalization has been added to assign a
larger weight to the microphones closer to the speaker than to
those with a larger distance, as the sound field at microphones
closer to the speaker is less diffuse.

C. Spectral Difference

The SD exploits the fact that the magnitude spectrum of
the microphone signal in front of the talker is on average
higher than at the back. This difference is especially large in
the high-frequency band. In order to decrease the influence of
noise and the speech content on this measure, the spectrum has
been time-averaged, cepstrally liftered and averaged over all
microphones of each array. The resulting absolute spectrum
is denoted |X ′m(k)|. The average of all absolute spectra is
calculated as

X̄(k) =
1

M

M−1∑
m=0

|X ′m(k)| (9)

and the SD is defined as the frequency-averaged difference

SDm =
1

kmax − kmin + 1

kmax∑
k=kmin

(|X ′m(k)| − X̄(k)) . (10)

IV. HEAD ORIENTATION ESTIMATION

The head orientation estimation is based on the features
presented in Section II and in Section III. In Section IV-A
the methods for the orientation estimation using individual
features are introduced and in Section IV-B two algorithms
for the orientation estimation based on multiple features are
described.

A. Individual Features

The estimation of head orientation using the OGCF is made
by a maximization. As a high value of the OGCF corresponds
to a high correlation of the microphone signals coming from
the assumed direction and the speech signal behind the head
is more diffuse than in front of the head, the orientation for
which the OGCF is maximum is taken as source orientation.
The number of candidate orientations can be chosen during
the calculation of the OGCF.

For the other features the number of orientations cannot
be chosen during their calculation and therefore a different
method has been used for the orientation estimation. The
used method is part of the HLBR implementation proposed
by [3]. For each microphone array m, a vector vm pointing
from the source position s to the centroid of the array is
calculated, normalized and weighted with the feature value
of the respective array. All these vectors are then summed and
the orientation o can be estimated as

ô = ∠vsum with vsum =

M−1∑
m=0

vm
||vm||2

am , (11)

where am ∈ {HLBRm,ACDRm,HBVm,SDm} (or combina-
tions thereof, see Section IV-B) is the feature average over
all microphones of each array and ∠ denotes the calculation
of the angle with respect to a reference vector indicating
an orientation of 0°. The reference vector for this work is
defined in Fig. 2. This method will be referred to as Vectorial
Orientation Decision (VOD).

B. Feature Combination

In order to improve the head orientation estimation accuracy,
the single features are combined using two different methods.
The most straightforward way is to combine the different
features linearly for each array as

am = λ0 +

N−1∑
n=0

λnfn,m , (12)

where fn,m is the nth feature of microphone array m. The
weights λn can either be learned using a regression algorithm
or can be chosen by hand. Finally, the orientation is estimated
using VOD following (11). This method will be referred to as
vectorial combination (VC).
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TABLE I
PARAMETERS OF THE DIFFERENT FEATURES.

frequency STFT STFT sequence
band(s) length window length

OGCF 0 Hz – 22050 Hz 25 ms von Hann 0.5 s

HLBR
200 Hz – 800 Hz

110 ms von Hann 2 s6500 Hz – 8500 Hz
ACDR 0 Hz – 22050 Hz 120 ms Blackman 2 s
HBV 5000 Hz – 8000 Hz 30 ms von Hann 2 s
SD 5000 Hz – 8000 Hz 60 ms von Hann 2 s

As the mapping of the features to the orientation is most
likely non-linear, a small artificial neural network (ANN) has
been investigated as a second method. The network has one
input layer, one hidden layer and one output layer. The inputs
to the ANN are the feature values as an N ·M -dimensional
vector. The input layer has the same number of neurons as
inputs and the hidden layer has half the number of neurons as
the input layer. The output layer has only a single neuron. All
layers are densely connected. The activation function of the
first layer is linear and a rectified linear unit is used for the
hidden layer. A sigmoid function is used for the output layer.
The ANN design was determined experimentally. In contrast
to the VOD and the OGCF orientation estimation, the speaker
and microphone positions do not need to be known for the
ANN.

V. EXPERIMENTS

A. Data

The dataset [5] consists of speech signals recorded at a
sampling frequency of 44.1 kHz of 7 male subjects in 4
different static azimuthal directions (0°, 90°, 180°, 270°).
The speech is captured by 6 T-shaped microphone arrays,
distributed along the walls (see Fig. 2). The room size is
3.97 m×5.25 m×4.00 m with a reverberation time of approx-
imately 400 ms. The recorded signals have been segmented
to a length of 2 s containing only speech for the evaluation
of the individual features and the VC. For the training and
evaluation of the ANN, segments with a length of 0.5 s have
been extracted.

B. Experimental Evaluation

Some crucial parameter values for computing the features
have been selected based on a preliminary experimental anal-
ysis. Table I shows common parameter values for OGCF,
HLBR, ACDR, HBV and SD. Additionally, for the OGCF
algorithm r has been set to 70 cm, 72 candidate orientations
have been evaluated and σ is chosen as 0.5. For the SD cepstral
lowpass liftering with cutoff bin 12 of 512 has been performed.
The linear combination weights of the VC were set to 1, except
for λ0 which has been set to 0.

VI. RESULTS AND DISCUSSION

A. Individual Features

The five different features have been evaluated on 40
segments of the dataset described in Section V-A. The error of
the estimation can be seen in the blue boxplots in Fig. 3. The
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Fig. 3. The error between the estimate and the ground truth of the head
orientation using different microphone arrays for the individual features.
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Fig. 4. The error between the estimate and the ground truth of the head
orientation using different amounts of additive white Gaussian noise for the
individual features.

mean value and the Root Mean Square Error (RMSE) for all
experiments and methods can be found in Table II. It can be
seen that the baseline algorithm OGCF performs very well for
most of the trials. Most of the poor estimates of the OGCF
algorithm are in the 270° direction, where the microphone
array has a slightly higher distance to the speaker. The higher
distance causes a lower correlation between the microphone
signals of one array and leads therefore to lower GCF and
OGCF values, which causes the algorithm to detect the wrong
head orientation. The other methods presented here do not
exhibit this degradation. The best results are achieved by the
SD estimation, closely followed by the HBV.

In a next step, the robustness of the features against a
changing number of microphone arrays has been investigated
on a set of 3 and 4 arrays, respectively. For the 4-array test, the
arrays 0, 1, 3 and 4 performed best in a preliminary evaluation,
for the 3-array test the arrays 1, 3 and 5 (see Fig. 2). A
further reduction of the number of microphone arrays is not
feasible, as the algorithms are designed for multiple arrays
distributed around the speaker. The results, depicted by in the
yellow and green boxplots in Fig. 3 and in Table II, show that
some algorithms are more sensitive regarding the number of
microphones (OGCF, HLBR, ACDR) than others (HBV, SD).
The decreasing error for the set of three arrays compared to
four arrays indicate that, for HBV and SD, the positioning of
the microphone arrays is more important than the number of
microphones.

Finally, the sensitivity of the five features against additive
white Gaussian noise has been evaluated. The noise was added
to the microphone signals additionally to the background noise
already included in the database. After the superposition, the
ratios of the additive noise relative the dataset signal were
30 dB and 10 dB, respectively. The results in Fig. 4 and in
Table II, indicate that the HBV and SD perform best with a low
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TABLE II
THE MEAN ERROR AND THE RMSE FOR ALL ALGORITHMS AND EXPERIMENTS.

all 6 arrays, no noise 4 arrays 3 arrays 30 dB SNR 10 dB SNR
mean error RMSE mean error RMSE mean error RMSE mean error RMSE mean error RMSE

OGCF 2.03° 31.0° 16.10° 42.07° 15.97° 54.66° 0.65° 36.91° 14.28° 68.38°
HLBR 1.21° 22.68° 1.39° 37.51° 12.80° 52.54° 8.10° 43.33° 7.53 99.62°
ACDR 0.32° 17.41° 0.54° 31.15° 2.74° 37.12° 8.88° 55.0° -9.63 91.32°
HBV 2.61° 16.12° 8.79° 44.51° 11.36° 34.93° 2.67° 16.43° -8.47° 71.05°
SD 1.67° 15.03° 1.50° 25.52° 2.50° 25.69° 0.15° 25.82° -9.33° 90.61°

VC -0.80° 13.70° -1.41° 25.17° -5.92° 22.00° -1.00° 14.03° -2.86° 71.49°
ANN -2.52° 9.09° -3.43° 11.26° 3.84° 17.92° -0.97° 15.39° -7.82° 78.02°
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Fig. 5. The results of VC and the ANN on the five evaluation tests.

amount of noise and none of the algorithms is able to estimate
the head orientation accurately at an SNR of only 10 dB.

B. Feature Combination

For the feature combination described in Section IV-B, the
same experiments as for the individual features have been
performed. The VC has been evaluated on 40 segments with
a length of 2 s. The training of the ANN has been performed
using 200 segments of the database with a length of 0.5 s. For
the evaluation 40 segments with a length of 0.5 s have been
used. The results of the experiments are summarized in Fig. 5
and Table II.

It can be seen that the ANN performs best in almost all tests.
Only in the case with additive white noise the VC performs
slightly better. The performance of the ANN, especially in
the case with an SNR of 10 dB, can most likely be enhanced
by increasing the amount of training data. However, the VC
shows that also in the case where no training data is available
the combination of the features results in a higher accuracy
relative to all individual features.

VII. CONCLUSION AND FUTURE WORK

In this work we proposed three new features for the head
orientation estimation, which are shown to increase the esti-
mation accuracy, as can be seen in Table II. Furthermore, the
new estimation methods also allow for a higher accuracy than
the known methods, if fewer microphone arrays are available.
For the HBV and SD, also the robustness against a low level
of noise has been increased. The combination of the five
presented features showed that the accuracy and robustness of
the estimation can be further increased, even without training
data. In future work the robustness of the algorithms is planned
to be investigated further, also with respect to a non-centered
speaker position and obstruction of the direct sound path.
Furthermore, the algorithms could be extended to perform
position estimation and head orientation tracking.
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