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Abstract—This work studies learning-based binaural sound
source localization, under the influence of head rotation in rever-
berant conditions. Emphasis is on whether knowledge of head
rotation can improve localization performance over the non-
rotating case for the same acoustic scene. Simulations of binaural
head signals of a static and rotating head were conducted, for
5 different rotation speeds and a wide range of reverberant
conditions. Several convolutional recurrent neural network mod-
els were evaluated including a static head scenario, a model
without rotation information, and distinct models differentiated
on the way of manipulating the quaternions. The results were
analyzed based on the direction-of-arrival error, and they show
the importance of using quaternions as additional features,
with the best localization accuracy obtained when using an
additional convolutional branch that merges the features through
addition or concatenation. Nevertheless, raw quaternion features
presented lower performance than the static baseline model.
Additionally, the study shows the importance of the analysis time
window length when using information about head rotation.

Index Terms—binaural sound source localization, head rota-
tion, deep neural networks, quaternions

I. INTRODUCTION

Binaural sound source localization (SSL) consists of es-
timating the position of a sound source using the signals
captured by the two ears. SSL has multiple applications
in teleconferencing [1], speech separation [2], hearing aids
[3], and human-robot interaction [4]. Additionally, there has
been a recent increase in the use of microphones in wearable
devices, which opens a new field for innovative applications.
Based on these applications and the idea that head movement
can resolve localization ambiguities in human localization, we
analyze how head rotation can contribute to artificial binaural
SSL.

Different approaches have been proposed for binaural SSL
so far. In [5] the authors estimated the azimuth angle through
the joint evaluation of interaural time differences (ITDs) and
interaural level differences (ILDs). After that, Zannini et al.
extended the previous method probing the adverse effect
of reverberation [6]. The ITDs were also used for the azimuth
estimation in an application for a mobile robot, where they
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incorporated head-related transfer functions (HRTFs) for im-
proving localization precision [7]. Other research exploited the
frequency-domain diversity of HRTFs for single and multiple
source scenarios estimating azimuth and elevation angles [8].

Recently, learning-based SSL employing deep neural
networks (DNNs) has seen widespread research interest;
the reader is referred to a recent review for more informa-
tion [9]. Regarding binaural approaches, Youseff et al. [10]
estimated azimuth and elevation angles using video pixel
coordinates and binaural cues as the input of a DNN for
robotic SSL. Another DNN approach including clustering for
evaluating the mismatched HRTF condition was introduced in
[11]. More recently, a complex time-frequency mask-guided
binaural SSL technique for preserving the direct path of the
HRTF and extracting robust binaural cues was proposed in
[12].

Only a few articles have studied the influence of head move-
ment in binaural SSL. In [13], the authors tested a machine
hearing algorithm in two reverberant rooms, rotating the head
between -90º and 90º in the azimuth plane. The evaluation was
made for 3 source positions following three strategies: rotation
to the exact source positions, rotation towards the source, and
random rotation. The same scenario was used in [14] and [15],
but limiting the head rotation to the ±30º range and evaluating
multiple sources at a full 360º range in 4 different rooms.
A similar approach was presented in [16], with rotation limited
to 90º and a constant rotation speed of 45º per second for only
5 possible azimuth sound source positions placed at 3 meters
from the head. May et al. [17] trained their model with a ±60º
azimuth range and tested it with a ±30º range for 4 different
rooms and 3 speech source positions. Another experiment
used several rotation speeds for localizing a speech source
in one fixed position in one reverberant room [18]. The most
complete work known to the authors was carried out by Lu and
Cooke [19]. They estimated azimuth and distance evaluating
8 listener motion strategies including random walking and
head rotation for one anechoic and 3 reverberant scenarios,
demonstrating the importance of motion-based cues. Despite
that, the head rotation was limited to ±90º.

The main contribution of this work is a study of the influ-
ence of using head rotation information for binaural SSL. The
proposed method mimics human audition, in which we ac-
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tively turn our head to resolve ambiguous localization. Analo-
gously, the method tries to obtain better localization estimates
by using rotation information while imposing less restrictions
than previous studies, for instance regarding the range for head
rotation. The reported experiments investigate the improve-
ment obtained in estimating the direction of arrival (DOA)
of one static speaker in a wide range of acoustic scenarios
when including head rotation in the azimuth plane as an input
for several DNN models.

The rest of the paper is structured as follows: section II
presents the proposed method for simulating the head rotation
in a DNN-based system; section III describes the dataset
used for training the models; section IV shows and analyzes
the experimental results; last, section V presents conclusions
and future work.

II. METHOD

A. Model

To perform sound source localization, we employ a typ-
ical convolutional recurrent neural network (CRNN) model
as a baseline. This kind of DNN has been shown in many stud-
ies to perform efficiently in DOA estimation tasks [20]–[22].
The architecture of the utilized model is depicted in Fig. 1.

For the baseline architecture, a CH × T × 256 feature
matrix is fed to the input of the network, where CH stands
for the number of feature channels and T denotes the number
of frames in a modeled sequence. During training and testing,
each file is split into clips of length T . Across all experiments,
we use a specific set of audio features. A complex spectrogram
of the signal is obtained using a Short-Time Fourier Transform
(STFT) with a Hamming window of length 40 ms and 50%
overlap. Next, we extract the mean magnitude spectrogram
from both binaural channels. To represent spatial information
about the signal, we extract sines and cosines of Interaural
Phase Differences (IPD), which provide a smooth representa-
tion of phase values and avoid phase wrapping. This feature
has been shown to outperform traditional phase differences
in speech separation [23] and DOA estimation [24]. On top
of that, we use ILDs, which constitute another major binaural
cue that becomes important above 1.5 kHz. This set of features
results in CH = 4 feature channels that are fed to the model.

The features are initially processed by three convolutional
blocks. Each block consists of a 2D convolutional layer con-
taining 128 3×3 filters, followed by a max-pooling operation
across the frequency dimension. The pooling rate of each layer
is described by the vector MP mentioned later. Next, the pro-
cessed feature maps are passed to a single bi-directional gated
recurrent unit (GRU), which allows for temporal modeling
of a sound signal and enables more efficient use of inter-
frame relations, which we consider useful when utilizing head
rotation information. Finally, the temporal model features are
passed to two fully-connected (FC) layers. The first layer
consists of 128 linear neurons, whereas the latter one outputs
three Cartesian coordinates of the source direction, these
processed by a hyperbolic tangent activation function.

For a number of experiments that involve head rotation,
we introduce an additional input convolutional branch in order
to process rotational information. For this purpose, we use
a block of two convolutional layers, each consisting of 128
filter kernels. This block is fed with a matrix 1 × T × 4,
in which for each time frame 4 quaternion values are used
to express head rotation. The values of pooling rates in the
main branch depend on the use of the rotational branch. For
the baseline single-branch model, values MP = [2, 2, 2] are
used, whereas for a DNN including the rotational branch
we increase the pooling rate to MP = [4, 4, 4] to balance
the outputs of both convolutional blocks so that they have
identical dimensions.

B. Investigated methods

We propose several methods for including the rotational
information in the final model and compare results with
a baseline model that does not use head rotation. Hereby we
describe all experimental scenarios:

• Static: as a baseline scenario, we perform DOA estima-
tion with no head rotation.

• No rotational features: we investigate a scenario with
a rotating head without the use of rotation features. In this
method, the network is supposed to learn head movement
patterns from spectral features alone by utilizing the tem-
poral context of many frames.

• Single matrix: we include the rotational features with-
out the additional convolutional branch by stacking
the quaternion values with the spectral feature matrix.
For this purpose we repeat all four quaternion values 64
times to create an additional feature channel layer fitting
the dimension M = 256, hence CH = 5.

• Cat-raw: the matrix containing raw quaternions is being
concatenated with the output of the convolutional block
before feeding it to the recurrent layer.

• Processed: finally, we utilize the convolutional branch to
process the quaternion values before merging them with
the spectral features. Three different methods of merging
the two types of features are used: elementwise multi-
plication (mul-proc), addition (add-proc) and concate-
nation (cat-proc).

III. DATASET

The dataset used for training and testing the models was
generated using a room simulator for calculating the room
impulse responses (RIRs) in the Ambisonics format [25],
which is the industry standard in 360◦ spatial audio coding and
reproduction. Ambisonics is chosen as an intermediate repre-
sentation because it allows rotations of the whole sound field in
an instantaneous frequency-independent manner. The process
is split into a) computing ambisonic RIRs and the respective
reverberant speech signals in an unrotated frame of reference,
b) applying time-variant rotation matrices to the ambisonic
signals in the time-domain, and c) applying time-invariant
binaural decoding filters to convert the rotating ambisonic
signals to binaural ones. This process avoids the complexity
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Fig. 1. Architecture of the utilized deep neural network. The dotted line
denotes the optional convolutional branch to process rotation features.

of producing directly rotating reverberant binaural signals,
which would typically require time-variant filter switching
and interpolation [26].

A. Room simulation

The spatial RIRs were calculated using an image-source
room simulator for shoebox geometries [27]. The simulator
allows frequency-dependent wall absorption and directional
encoding of the image sources in Ambisonics format of ar-
bitrary order. In total, 5000 different rooms were simulated
for the 5th order of Ambisonics. Tab. I shows the randomized
parameters for performing the simulations. The elevation range
between the source and the receiver was [-35◦ 35◦].

A list of materials and respective absorption coefficients
for each surface type (ceiling, floor and wall) was compiled
from the most common ones specified in acoustical engineer-
ing tables [28], [29]. For each simulated room instance, one
material was randomly assigned to each surface, for a total
of 2912 possible combinations. By randomizing materials
instead of reverberation times directly, as is commonly done,
we avoided matching unnatural reverberation times to certain
room volumes (e.g. very long RT60 for a small room) and
we ended up with a natural distribution of them. The final
RT60 distribution presented a median, 10th and 90th per-
centile of 0.83 s, 0.42 s and 2.38 s, respectively. Addition-
ally, the source positions were uniformly distributed in terms
of the azimuth angle with respect to the receiver.

Male and female anechoic speech recordings obtained from
the TIMIT database [30] were convolved with the simulated
ambisonic RIRs. Multiple recordings of the same speaker were
concatenated to obtain audio files with a length of 10 s.
The experiments included 250 such audio files of 10 s duration
with a sampling rate of 24 kHz. At the end, 5000 convolved
audios of 10 seconds were obtained, where just 2500 were
used for the experiments. More in detail, the test and validation
splits consisted of 500 files, whereas the training split included
1500 files.

TABLE I
RANDOMIZATION OF PARAMETERS FOR DATA GENERATION

Parameter Random range

Room width and length [3.0 15.0] m
Room height [2.0 7.0] m
Num. of materials (wall, floor, ceiling) 13, 7, 8
Source / receiver height [1.5 2.2] m
Source-to-surface distance > 0.5 m
Source-to-receiver distance > 1.0 m
Source-to-receiver angle > 30º
Azimuth angle [-180.0º 180.0º]
Head rotation speed 10, 20, 30, 40, 50 deg/s

B. Rotation integration

The initial 5th order ambisonic reverberant speech
astat (t) = [a1 (t) , ..., a36 (t)]

T, represent the directional
information of the scene at the receiver for a static lis-
tener orientation aligned with the global coordinate frame.
To emulate listener head movements, the listener’s frame
is rotated according to a rotation trajectory defined in terms
of quaternions q (tr). Quaternions are hypercomplex numbers
q = ix+ jy+kz+w formed by one real and three imaginary
components, with x, y, z, w ∈ R, and they are the preferred
representation in rotational tracking devices due to being
compact while avoiding rotational ambiguities [31]. Spherical
linear interpolation (SLERP) was used to produce quaternion
values at the desired temporal resolution from reference values
defining the trajectory. Quaternions were converted into spher-
ical harmonic rotation matrices [32] for ambisonic signals
M (q (tr)). Rotation matrices were computed at a temporal
resolution of 10 ms and applied to 20 ms ambisonic signal
frames with 50% overlap using a Hanning window. In a single
windowed frame, the rotating ambisonic signals arot were

arot (t) = M (q (tr))astat (t) . (1)

While this operation assumes a fixed rotation for each short
windowed segment, it was empirically found suitable to give
a continuous representation of rotation for all target speeds.

After the rotating ambisonic signals were produced,
an ambisonic-to-binaural decoding was performed, expressed
as a 2×36 matrix of filters D (t). The binaural decoding filters
were derived from a densely measured set of HRTFs [33],
using the magnitude-least-squares approach [25]. The final
rotating binaural signals yrot (t) = [y1 (t) , y2 (t)]

T were

y (t) = D (t) ∗ arot (t) , (2)

where the matrix convolution operation denotes multichan-
nel filter-and-summing across input channels, such that
yi (t) =

∑
j Dij (t) ∗ aj (t). It is noted that the simu-

lated spatial resolution of 5th order Ambisonics was chosen
in order to strike a balance between the computational com-
plexity of encoding reverberation at high orders and modeling
the most important aspects of binaural localization: accurate
inter-aural time differences at low frequencies, and accurate
inter-aural level differences at mid-high frequencies. With
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TABLE II
EXPERIMENTAL RESULTS OBTAINED WITH DIFFERENT MODEL TYPES.

Model type T DOA error [°]

Static 250 17.62 ± 1.24
No rot. features 250 18.01 ± 1.12
Single matrix 250 16.28 ± 1.09
Cat-raw 250 19.04 ± 1.15
Mul-proc 250 17.04 ± 1.10
Add-proc 250 16.02 ± 1.12
Cat-proc 250 16.01 ± 1.08
Cat-proc 500 15.06 ± 0.98
Cat-proc 999 15.03 ± 0.99

the binaural decoding scheme used herein, it has been shown
that those binaural cues are represented adequately [25].

Regarding rotation trajectories, we considered anti-
clockwise azimuth head rotation for 5 different angular speeds,
as seen in Tab. I. Each speed was assigned to 1000 rooms in the
dataset. As the length of the audios is fixed to 10 s, the angle
travelled by the head depends on the angular speed.

IV. EXPERIMENTAL RESULTS

To evaluate our models, we use the DOA error as a perfor-
mance measure, defined for the entire dataset as follows:

EDOA =

N−1∑
n=0

σ(xR(n),xE(n)), (3)

where n denotes the index or segment over which DOAs are
estimated by the model. σ stands for the angular distance
between two vectors:

σ = arccos

(
xT
ExR

||xE || · ||xR||

)
(4)

Here, xE and xR denote the estimated and reference DOA
vectors. The final DOA error is averaged over a 5-fold cross-
validation split.

Table II shows the results obtained for the different methods
described in II-B. The baseline model operating in a static
scenario scored a DOA error of 17.62◦, which is a satisfactory
performance for binaural localization under reverberant con-
ditions. For a model with a rotating head but omitting rotation
features we observe a slight increase of error by 0.39◦, which
shows that the network is not able to learn rotation infor-
mation from spectrum-based features alone. However, adding
the quaternion values as additional features can noticeably
improve the results, which is shown for most of our proposed
methods. Utilizing a single feature matrix with an additional
quaternion channel already reduces the error to 16.28◦.

Best results are obtained when using the cat-proc and add-
proc methods, for which the DOA error remains at around 16◦.
The mul-proc method achieves a slightly lesser improvement
by around 1◦. The worst result is observed for the cat-
raw technique, for which the DOA error is equal to 19.04◦,
an even lower performance than the baseline static scenario.
This suggests that raw quaternion features might not be enough

Fig. 2. Histogram of the DRR for the simulated dataset.
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Fig. 3. Median error of the DOA for different DRR ranges.

to teach the model how to follow different head rotation paths,
and that the additional processing by a set of convolutional
filters allows the DNN to learn better representations.

Most models are trained and tested for data split into
sequences with a fixed length of T = 250 frames, which
is roughly equal to 2.5 s. However, most scenarios included
rotation paths longer than that, hence additional experiments
based on the cat-proc setup were conducted for longer se-
quence lengths. As can be seen in the lowest rows of Tab. II,
increasing the modeled context to 500 frames lowers the DOA
error to 15.06◦, which is by far the best performance in our
study. Using a sequence length of 999 frames (the whole
file) achieves an error of 15.03◦, which shows a negligible
difference with its former counterpart. We notice that these
results might be very much data-dependent and a different
sweet spot might be found for another dataset. However,
these outcomes show that when using information about head
rotation, the size of the analyzed time context can significantly
influence the final localization performance.

Additionally, the direct-to-reverberant ratio (DRR) has been
analyzed to determine how it affects the DOA error. As pre-
sented in Fig. 2, most of the DRR values are comprised
between -15 and 5 dB. In Fig. 3 we have represented the DOA
error for the same DRR ranges. It can be seen that the differ-
ences in performance for the three models remain the same
for all the DRR intervals.

To analyze the significance of the error reduction achieved
when including rotational features as inputs for the detector,
we have performed a Wilcoxon test comparing the best model
and the static one. The obtained p-values for all the interme-
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diate DDR ranges (from -15 dB to 5 dB) is less than 0.006,
which means that the DOA error improvement is relevant
at the 99.4% level. Nevertheless, p-values of the extreme
ranges, DDR < -15 dB, and DDR > 15 dB, are 0.27 and 0.34,
thus implying that error reduction is not significant in those
scenarios. This is due to the small number of simulations.

V. CONCLUSION

Different CRNN models were proposed to evaluate theim-
provement of the DOA in binaural SSL when rotating the
head. The baseline model without head rotation presented
acceptable accuracy for a large number of scenarios, even
with a DRR of −15 dB. The best performance improvement
over the baseline model was obtained when using quater-
nions as inputs for a convolutional branch whose outputs
were concatenated with the spectral features. In addition,
a slight further improvement was achieved when extending
the modeled temporal context to include more information
about the rotation path. The experiments show information
about head rotation, which is helpful for a human listener, can
be transferred to artificial SSL based on a DNN model as well.

In future work, we plan to include a more detailed analysis
of how rotation speeds influence the DOA error, the differences
between the estimated DOA and the real one, and how
the relative position of the listener with respect to the sound
source affects the localization accuracy.
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