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Estimating a speaker’s head orientation from audio provides valuable contextual information
for applications such as smart environments, meeting analysis, and driver monitoring. This thesis
presents a data-driven method that estimates head orientation from the audio signals captured
by a single compact microphone array, using only phase information extracted from the short-
time Fourier transform. The proposed deep neural network combines convolutional, recurrent,
and self-attention layers to learn spatial, temporal, and contextual patterns directly from phase
spectrograms.

In contrast to prior work relying on handcrafted, physics-based features or raw waveform
inputs, the presented approach enables robust learning from both simulated and real data. A
large-scale simulated dataset was generated using measured voice directivity patterns and room
acoustic simulations, allowing the model to learn orientation-dependent cues under varied acous-
tic conditions. The network is then fine-tuned on real recordings, resulting in improved adaptation
to real-world variability.

The proposed system achieves state-of-the-art accuracy, outperforming baseline models un-
der both clean and noisy conditions. In reverberant environments, it attains a mean angular er-
ror of 26.0°, and further personalization to individual speakers and environments reduces this
to 13.9°. Evaluation on a real dataset confirms the method’s generalization capability, reaching
71.1% classification accuracy after fine-tuning. These results demonstrate that accurate head ori-
entation estimation can be achieved with a single microphone array, without the need for cameras
or dense array setups.
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1. INTRODUCTION

1.1 Motivation and problem definition

Human—machine interaction is becoming an increasingly important part of everyday life,
from voice assistants in our homes that allow people to control lights, appliances, and
media with simple commands, to meeting rooms in offices where hybrid meetings re-
quire participants to be tracked and understood automatically, and to intelligent driver-
assistance systems in cars designed to improve safety. For these technologies to feel nat-
ural and useful, machines need to understand more than just the words people say—they
also need to interpret non-verbal cues that reveal where a person’s attention is directed
and what their intent might be. One of the clearest and most informative of these sig-
nals is head orientation, as the direction a speaker is facing often indicates what or who
they are engaged with. In smart homes, head orientation can help decide which device
a user’s voice command is directed to when multiple smart appliances are present in
the same room [1, 2, 3]. In meeting rooms, knowing who a speaker is facing makes it
possible to identify the addressee and improve the quality of the transcription [4, 5]. In
vehicles, monitoring where a driver is facing provides critical information about attention
and distraction, making it an important part of road safety systems [6, 7].

Much of the existing research on estimating head orientation provides a vision-based
solution, which has been studied extensively [8]. While these systems achieve high ac-
curacy under controlled conditions, they show several limitations that restrict real-world
deployment. They typically require calibrated and synchronized cameras, making setup
costly and technically demanding. Their performance can drop significantly in real-world
settings with occlusions, variable lighting conditions, or when the subject is out of view.
Most importantly, continuous video monitoring raises privacy concerns that can make
camera-based solutions unsuitable for many everyday environments, such as homes,
workplaces, or healthcare facilities.

These drawbacks motivate interest in audio-based alternatives. Unlike cameras, micro-
phones are already built into many of the devices we use daily, such as smart speakers,
laptops, conferencing systems, and vehicles, making them an attractive and low-cost
sensing option. Audio is also less sensitive to changes in lighting or line of sight and
raises fewer privacy concerns compared to video recording.



The feasibility of audio-based orientation estimation arises from the directional nature
of human speech production. When someone speaks, their whole body radiates sound
unevenly, producing systematic variations in spectral coloration, inter-channel phase dif-
ferences, and reflection patterns. By exploiting this directional property of speech, it be-
comes possible to infer the direction in which the speaker’s head is pointing. This makes
audio-only systems a practical, hardware-efficient, and better privacy-preserving alterna-
tive to vision-based approaches to estimate head orientation.

Despite this promise, several open challenges remain for audio-based methods. Real en-
vironments are acoustically complex: reverberation introduces reflections that distort the
direct signal, and background noise or interfering speakers often overlap with the target
speech, further complicating the analysis. Traditional model-based approaches [9, 10, 11,
12, 13, 14, 15] typically required a large number of microphones distributed throughout
a room, making them impractical and computationally expensive. More recent methods
[16, 2] reduced hardware demands but still assumed prior knowledge of array locations
and user positions, which is not realistic for everyday use. In contrast, approaches based
on a single compact device with a small embedded array are far more practical and better
aligned with real-world applications. To address these challenges, recent research has
increasingly turned to data-driven methods [17, 18, 3, 1, 19]. However, the scarcity of
large annotated datasets makes training deep models difficult, and robust generalization
to unseen speakers and environments remains a significant challenge.

In this thesis, the objective is to estimate the head orientation of a single speaker in the
azimuthal plane within a reverberant room environment, using only a single microphone
array with specifications similar to those found in smart home audio devices. Restricting
the estimation to the azimuthal plane simplifies the task while still addressing the most
practically relevant aspect of head orientation, since the horizontal facing direction domi-
nates in everyday interactions. In this setting, both the speaker and the array may occupy
any position within the room at a fixed height, making the task more general and practical
compared to methods that assume fixed or calibrated setups. The angle of orientation
0,.; is defined as the angle between the speaker’s facing direction and the line that con-
nects the speaker’'s mouth and the center of the microphone array, measured over the full
0°-360° range, as illustrated in Figure 1.1. The system takes a single speech utterance
as input and outputs a single orientation estimate, assuming a static head orientation.



Figure 1.1. Top-down illustration of the problem setup showing the speaker, microphone
array, and the orientation angle 0,,; defined between the speaker’s facing direction and
the line toward the array.

We propose a novel approach that uses the phase component of the short-time Fourier
transform (STFT) as the primary input feature for a deep neural network that combines
convolutional, recurrent, and self-attention layers. To address the challenge of training
such a model with high-dimensional input features without access to large annotated
datasets, we create a large-scale simulated dataset generated by leveraging voice direc-
tivity patterns (VDP). The model is first pre-trained on this simulated dataset and then
fine-tuned on real recordings, achieving state-of-the-art accuracy and strong generaliza-
tion across speakers and environments.



1.2 Thesis structure

The remainder of this thesis is organized as follows. Chapter 2 provides the theoreti-
cal background necessary to understand the proposed approach. Introduces the funda-
mentals of digital signal processing, including the representation of sound as a discrete
one-dimensional signal and the short-time Fourier transform (STFT) for time—frequency
analysis. The chapter also explains sound propagation and microphone array processing,
emphasizing how spatial information is captured through inter-channel phase differences.
In addition, it presents the basic principles of neural networks—covering the key layer
types used in this work and their training process—to clarify how the proposed architec-
ture models temporal and spatial acoustic patterns. Additionally, it reviews related work
in both vision- and audio-based head orientation estimation, highlighting the limitations of
existing methods and motivating the development of the proposed approach.

Chapter 3 describes the proposed system in detail. It outlines the overall processing
pipeline, beginning with voice activity detection and feature extraction based on the phase
component of the short-time Fourier transform, and proceeding to the design of the deep
neural network architecture that combines convolutional, recurrent, and self-attention
mechanisms for robust orientation estimation.

Chapter 4 presents the experimental setup and evaluation procedure. It explains how the
simulated and real datasets were constructed or used, details the training strategy and
optimization settings, and defines the metrics employed to assess model performance.
The chapter then reports the results under different acoustic conditions, compares the
proposed method with several state-of-the-art baselines, and investigates the effects of
personalization through user- and environment-specific fine-tuning.

Chapter 5 concludes the thesis by summarizing the main findings and contributions. It dis-
cusses the implications of the results, outlines the current limitations of the approach, and
suggests directions for future research toward more generalizable and adaptive audio-
based head orientation estimation systems.



2. THEORETICAL BACKGROUND AND RELATED
WORK

This chapter introduces the theoretical foundations required to understand the proposed
approach for estimating speaker head orientation from multichannel audio. It is divided
into two main parts. The first part (Section 2.1) presents the necessary background on
digital signal processing, spatial audio, and neural modeling. The second part (Sec-
tion 2.2) reviews previous research in head orientation estimation, summarizing the field’'s
development from model-based methods to data-driven approaches.

2.1 Theoretical Backround

This section introduces the theoretical foundations required to understand the proposed
approach for estimating speaker head orientation from multichannel audio. It is divided
into three main parts. First, basic concepts of digital signal processing are introduced,
including how a continuous sound wave is represented as a discrete signal and analyzed
in the time—frequency domain using the Short-Time Fourier Transform (STFT). Next, the
acoustic principles behind spatial audio are discussed, focusing on the directional proper-
ties of speech, the propagation of sound in a room, and how microphone arrays capture
this spatial information. Finally, the chapter summarizes the neural network architectures
used in this work and how they are applied to model spatial-temporal acoustic patterns.

2.1.1 Digital Signal Representation and Time—Frequency Analysis

One-Dimensional Discrete Signal

Speech signals are continuous in time, but for digital processing, they need to be repre-
sented in discrete form. A discrete signal x is defined as a finite sequence of NV real- or
complex-valued samples:

x:($1,$2,...,$N), (21)

where each x,, represents the amplitude of the signal at discrete time n. Samples are



obtained from a continuous-time acoustic waveform z(t) through uniform sampling at a
rate f:

1
x, =x(nTy), Ts= T (2.2)
According to the Nyquist-Shannon theorem, the highest representable frequency is
hwzg. (2.3)

In this thesis, signals are sampled at f; = 48 kHz, which sufficiently covers the frequency
range of speech.

While the discrete-time signal z[n] fully describes the waveform, it provides little direct
insight into the underlying frequency content that characterizes speech. Speech is highly
non-stationary: its spectral composition changes rapidly as phonemes and articulations
evolve. To analyze these variations, it is therefore more informative to study the signal in
the frequency domain.

Discrete Fourier Transform

The Discrete Fourier Transform (DFT) decomposes a signal into its frequency compo-
nents:

X[kl =Y xz[n]e 2N =0,1,...,N —1. (2.4)

n

Il
=)

Each X[k] is a complex coefficient representing the amplitude and phase at frequency
fr = kfs/N. The transformation maps a time-domain sequence to its frequency-domain
representation, revealing which frequencies are present and with what magnitude and
phase.

In practice, the DFT is computed using the Fast Fourier Transform (FFT) algorithm [20],
which efficiently exploits symmetries in the transform to reduce computational complexity
from O(N?) to O(N log N).

The Fourier representation allows us to separate periodic structures and spectral content
from the temporal evolution of the waveform. However, for speech and other signals that
change over time, a global frequency analysis is not sufficient.



Windowing and Short-Time Fourier Transform

To capture how the frequency content evolves over time, the signal is analyzed in short,
overlapping segments using the Short-Time Fourier Transform (STFT) [21]. For each
frame, a window function wn| of length NV, is applied to emphasize the current segment
and reduce discontinuities at its boundaries:

Ny—1

X[m, f] = Z z[n 4+ mH)w[n]e 2N, (2.5)

n=0
where H is the hop size between consecutive frames and m is the discrete frame index.
A commonly used window is the Hann window,

wln] = % (1 — cos (NZWj 1)) , (2.6)

which provides good spectral leakage suppression.

The STFT produces a two-dimensional complex-valued matrix X [m, f], where m indexes
time frames and f frequency bins. Each element can be written as

X[m, f] = A[m, fle?I™71, (2.7)

where A[m, f] and ¢[m, f] denote the local magnitude and phase, respectively.

Although most work in speech processing relies primarily on the magnitude spectrum, the
phase term contains valuable information about the fine temporal and spatial structure of
the signal. In this thesis, the phase information extracted from the STFT is the key fea-
ture used for orientation estimation. The phase difference across microphones encodes
relative time delays and spatial cues, which are essential for capturing the directionality
of the speech source.

2.1.2 Spatial Audio and Microphone Array Processing

Speech is inherently spatial: it originates from a physical source, propagates through
an acoustic environment, and is captured by microphones placed at distinct positions.
Understanding these spatial properties is essential for interpreting the directional cues
used in head orientation estimation [22].

Sound Source Directivity

Human speech is not radiated uniformly in all directions. The vocal tract and head shape
cause frequency-dependent variations in sound intensity, known as the voice directivity
pattern (VDP). At low frequencies (below about 1 kHz), the radiation is nearly omnidi-



rectional, whereas higher frequencies become increasingly directional, with most of the
acoustic energy radiated forward from the mouth region, as illustrated in Figure 2.1. As
the speaker turns their head, the spectral coloration and phase patterns measured by a
microphone array change systematically, providing cues about orientation [23].

Horizontal Directivity Pattern at 43 Hz Horizontal Directivity Pattern at 107 Hz Horizontal Directivity Pattern at 495 Hz
90° 90° 90°

Horizontal Directivity Pattern at 990 Hz Horizontal Directivity Pattern at 1507 Hz Horizontal Directivity Pattern at 2002 Hz
90° 90° 90°

Horizontal Directivity Pattern at 4005 Hz Horizontal Directivity Pattern at 8010 Hz Horizontal Directivity Pattern at 15999 Hz
90° 90° 90°

Figure 2.1. Horizontal-plane voice directivity pattern at different frequencies.

A directivity pattern D(6, f) can be expressed as the normalized pressure amplitude
measured at azimuth angle 6 and frequency f:

p(r,0, )’
where p(r, 0, f) denotes the complex acoustic pressure of the radiated sound field mea-
sured at distance r and azimuth 6 [23].

In this work, directivity is explicitly modeled when simulating the acoustic scenes. For
each desired head orientation, the speech signal is weighted in the frequency domain by
the corresponding directivity response before being propagated to the microphones.



Sound Propagation in Rooms

Once emitted, the sound wave propagates through the environment and interacts with
surfaces such as walls, floor, and ceiling. The signal arriving at a microphone is therefore
a combination of the direct path and multiple reflections, modeled by the room impulse
response (RIR) h.(t) [24, 25]:

2e(t) = () % het) + ne(t), 2.9)

where s(t) is the source signal, * denotes convolution, and n.(t) is additive noise. Each
RIR encodes the geometry and materials of the room and depends on both source and
microphone positions. Each reflection introduces a delayed and attenuated version of the
signal, leading to reverberation. The RIR can be approximated as

he(t) = Zai(f) St — 1), (2.10)

where «;( f) and 7; denote the frequency-dependent amplitude and delay of the i-th prop-
agation path, respectively. The ratio between direct and reflected energy, together with
the time constant of energy decay, determines the reverberation time 7§, which charac-
terizes the acoustic liveness of the room [25].

In this work, room acoustics are simulated using the Pyroomacoustics library [26], which
implements the image source method to generate RIRs for arbitrary room geometries.
The resulting reverberant multichannel signals are obtained as

z(t) = FH{S(f)D®, f)H(f)}, (2.11)

where S(f) is the spectrum of the clean speech signal, D(0, f) is the directivity pattern
corresponding to the desired head orientation, H.(f) is the room transfer function for
the c-th microphone, and F~'{-} denotes the inverse Fourier transform that maps the
frequency-domain product back to the time domain. This process ensures that each
simulated signal accurately reflects both the directionality of speech and the acoustic
properties of the environment.

Reflections are often viewed as a source of distortion, but in this work, they provide useful
secondary cues: the relative phase of reflections changes with the speaker’s orientation,
enriching the spatial information available to the model.
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Microphone Array Capture
A microphone array consists of C' microphones located at known positions r. = [z, ¥, 2] "
in three-dimensional space. When a plane wave characterized by the wave vector k
reaches the array, the signal at microphone c can be expressed as

_k-r.

z(t) =s(t —71.), T.= . (2.12)

where k points in the direction of propagation with magnitude |k| = 27 f /c;, and ¢ is the
speed of sound. The small time differences 7. between microphones result in frequency-
dependent phase shifts that encode the direction of arrival [27]. For speech, these phase
shifts also depend on the head orientation relative to the array, especially when combined
with directional radiation and room reflections.

The spatial information can be captured in the frequency domain by computing the cross-
spectrum between microphones 7 and j:

Cii(f) = Xa(f) X5 (f), (2.13)

where (-)* denotes complex conjugation. The phase of C;;( f) encodes the inter-channel
time difference, forming the basis for many spatial features such as interaural phase dif-
ference (IPD) or generalized cross-correlation (GCC-PHAT) [28].

In practical systems, these inter-microphone phase differences, combined with direction-
dependent spectral coloration, provide the main cues for estimating the orientation of the
speaker relative to the array. The STFT-phase features used in this work capture exactly
this type of information.
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2.1.3 Neural Networks for Acoustic Modeling

Deep neural networks have become the dominant framework for modeling complex re-
lationships in audio and speech processing. They can learn complex mappings from
high-dimensional audio features to target variables such as head orientation. This sec-
tion briefly summarizes the main concepts relevant to the architecture used in this thesis.

Feedforward and Multilayer Networks

The fundamental building block of most neural architectures is the feedforward network,
or multilayer perceptron (MLP). Each neuron computes a weighted sum of its input feature
vector x followed by a non-linear activation function:

Y= U(WTX + ), (2.14)

where x contains the input features from the previous layer (or directly from the data), w
and b are the trainable weight vector and bias, and o(-) is a non-linear activation such
as the rectified linear unit (ReLU) or sigmoid function. When multiple layers of such
units are stacked, the network can model highly non-linear mappings between input and
output domains. Although MLPs are conceptually simple, they are limited in their ability
to capture temporal or spatial structures in data.

Convolutional Neural Networks

Convolutional layers extend MLPs by applying small, shared kernels over local regions of
the input, enabling efficient extraction of local time—frequency patterns. A kernel (or filter)
is a compact weight matrix that slides over the input, computing local weighted sums that
highlight relevant spatial or spectral features. Weight sharing across time and frequency
reduces the number of parameters while preserving translation invariance [29], making
them ideal for spectrogram-based features.

When applied to STFT representations of multi-channel audio, convolutional layers oper-
ate on two-dimensional feature maps where one dimension corresponds to time frames
and the other to frequency bins. Each microphone channel can be treated as a separate
input channel, analogous to color channels in images. The convolutional kernels slide
across time and frequency, learning filters that capture local spatial-spectral correlations
and inter-channel phase relationships. This allows the network to extract features that are
sensitive to both spectral structure and spatial configuration.
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Pooling Layers

Pooling layers are used to reduce the spatial or temporal resolution of feature maps while
retaining the most informative activations. The most common form, max pooling, se-
lects the maximum value within small non-overlapping regions. This operation introduces
translation invariance, emphasizes the most important features, and reduces the compu-
tational complexity of subsequent layers.

Adaptive Pooling

While standard pooling operates with fixed kernel sizes, adaptive pooling adjusts the pool-
ing regions dynamically to produce a predefined output size. This makes it particularly
useful when processing input sequences of variable length, as it allows the network to
generate fixed-size representations regardless of the input duration. In this work, adap-
tive max pooling is used in the aggregation stage to obtain a uniform embedding for
orientation estimation.

Recurrent Layers and GRUs

Speech contains strong temporal dependencies that cannot be captured by static filters.
Recurrent neural networks address this by maintaining a hidden state that evolves over
time. Among their variants, the Gated Recurrent Unit (GRU) [30] provides a compact
and effective mechanism to model long-term dependencies. GRUs use update and reset
gates to control how much past information is retained, enabling stable training on se-
guences of varying lengths. In our architecture, bidirectional [31] GRU layers are used so
that both past and future temporal context contribute to each frame’s representation.

Self-Attention Mechanisms

The self-attention mechanism [32] computes relationships between all time frames simul-
taneously. Each output vector is a weighted combination of all input vectors, where the
weights are determined by learned similarity scores. This enables the network to focus
on the most relevant temporal segments or frequency regions in our case. Multi-head
self-attention (MHSA) extends this by learning multiple independent attention patterns in
parallel.

Training and Optimization

Neural networks are trained by minimizing a task-specific objective function through it-
erative optimization. The most common approach is gradient-based learning, in which
the model parameters are updated according to the steepest downward direction in the
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loss landscape. Gradients are computed efficiently using the backpropagation algorithm,
which applies the chain rule of differentiation through all network layers.

Optimization is typically performed using variants of stochastic gradient descent (SGD) [33],
where gradients are estimated from small random batches of data rather than the entire
dataset. Among adaptive optimization methods, Adam [34] is one of the most widely
used due to its stable and efficient convergence properties. Adam computes parameter-
specific learning rates based on running estimates of the first and second moments of the
gradients:

me = fimi—1 + (1 — B1)ge, v = Paver + (1 — 52)937

A my . (o
my = ) U = )
1_ t 1_ t
1 2
1y
Wy = We—1 — 11— )
VU + €

where g; is the gradient at step ¢, 5, and 3, are decay rates (commonly set to 0.9 and
0.999), and 7 is the global learning rate. This adaptive behavior helps maintain fast con-
vergence while remaining robust to noisy gradient estimates, which is especially important
for complex tasks such as speech-based orientation estimation.

Dropout Regularization

Dropout is a widely used regularization technique that prevents overfitting by randomly
deactivating a fraction of neuron outputs during training. This encourages the network to
rely on distributed representations rather than specific neurons, leading to better gener-
alization on unseen data.

In summary, the combination of convolutional, recurrent, and attention-based layers en-
ables the model to capture local spatial-spectral cues, temporal dependencies, and long-
range contextual relationships in a unified end-to-end framework for robust head orienta-
tion estimation.
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2.2 Related Work

Early studies on acoustic estimation of head orientation primarily relied on model-based
techniques that explicitly formulated the relationship between acoustic energy distribution
and the speaker’s facing direction. These approaches were typically designed for con-
trolled environments and employed large microphone arrays to achieve spatial precision.
One of the representative works in this category is by [9], who introduced the Huge Mi-
crophone Array (HMA) consisting of 448 microphones distributed around a laboratory en-
vironment. Their system estimated the talker's azimuthal orientation by analyzing spatial
energy patterns derived from the array, exploiting the anisotropy of human speech radia-
tion. Similar large-array systems were later explored in [10, 11], where energy-based or
beamforming-based cues were used to infer the speaker’s facing direction. In particular,
an orientation-extended amplitude beamforming (OE-ABF) method using a 96-channel
array was proposed in [11], achieving real-time estimation with an average angular error
below 5°. While these systems demonstrated proof-of-concept feasibility, their reliance
on dozens, hundreds of arrays at each wall around a room in order to cover all possible
directions made them impractical for real-world scenarios.

Subsequent research shifted toward exploiting inter-microphone correlations rather than
absolute energy fields to derive orientation cues. Many of these methods employed the
Generalized Cross-Correlation with Phase Transform (GCC-PHAT) [28] as their core com-
ponent. For example, [12] extended the conventional Steered Response Power (SRP-
PHAT) localization algorithm by introducing orientation as an additional search parameter,
weighting the contribution of each microphone pair according to the hypothesized head
pose. This allowed estimating the joint position and orientation of the speaker. In [13],
a two-step method based on GCC-PHAT was introduced in which the speaker position
is first estimated using SRP-PHAT, and then the values of the cross-correlation peaks at
the corresponding time delays are analyzed between microphone pairs to infer the most
likely head orientation.

In parallel, other approaches [14, 15] focused on spectral energy cues, leveraging the
frequency-dependent directivity of human speech radiation. These methods estimated
orientation from the High-to-Low Band Energy Ratio (HLBR), defined as the ratio between
high- and low-frequency speech energy measured at distributed microphones. Since high
frequencies are radiated more directionally than low frequencies, this ratio encodes ori-
entation information. Moreover, the HLBR measure provides a form of normalization that
mitigates calibration errors and propagation losses, enabling low-complexity orientation
estimation when the speaker position is known beforehand.

These classical methods were appealing for their simplicity and lack of training require-
ments, yet they were inherently constrained by two main factors. First, their reliance on
distributed microphone arrays required precise spatial calibration and synchronization,
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since the estimation accuracy directly depended on the known geometry and fixed layout
of the microphones. Second, energy- and correlation-based features were highly sen-
sitive to reverberation, as reflected signals can create misleading peaks and distort the
underlying time-delay structure.

In an effort to reduce the hardware requirements of dense microphone arrays, later stud-
ies investigated more compact array configurations and geometric simplifications. For
example, [16] proposed estimating head orientation from multiple distributed but rela-
tively small arrays. Their system employed six four-channel T-shaped arrays positioned
along the room walls, each providing a local orientation estimate derived from the Ori-
ented Global Coherence Field (OGCF) and High-to-Low Band Energy Ratio (HLBR) fea-
tures. The final orientation was obtained by geometrically combining these local esti-
mates. Similarly, [2] presented a model-based framework named HOE, designed for
smart devices equipped with only two four-channel arrays. HOE models the speech
radiation pattern as a frequency-dependent cardioid function and estimates orientation
by matching measured energy distributions to the theoretical pattern. To address practi-
cal issues such as propagation attenuation, reverberation, and orientation ambiguity, the
system incorporates distance- and direction-dependent energy compensation as well as
a high-frequency energy ratio for disambiguation. Although these methods represented a
clear step toward practical deployment, they continued to assume fixed array and speaker
locations. Consequently, their usability remained limited to controlled rooms rather than
the ad-hoc environments encountered in consumer devices.

To address these challenges, research has explored machine learning-based approaches.
Early work by [17] introduced a single-channel method using Hidden Markov Models
(HMMs) to estimate head orientation from reverberant speech. The system first sep-
arated the acoustic transfer function (ATF) of the speech signal using phoneme-based
clean-speech HMMs, then classified the resulting ATF sequences with a Support Vector
Machine (SVM) trained on data corresponding to known head orientations. Although this
demonstrated that temporal patterns in the transfer function contain orientation informa-
tion, its performance was limited compared to multichannel systems. A subsequent study
by the same authors [18] extended this framework to a two-microphone configuration, in-
troducing features derived from the full shape of the Cross-Power Spectrum Phase (CSP)
coefficients rather than only their peak values. By exploiting reverberation-dependent
variations in CSP patterns, this method achieved improved robustness and orientation
discrimination in real environments, but was based on loudspeaker data and remained
sensitive to real-world noise.

A significant step forward came with the introduction of the Direction-of-Voice (DoV)
work [3], which formulated head orientation estimation as a classification problem over
eight discrete azimuthal directions. The authors collected a large real-world dataset and
trained a decision-tree classifier using a diverse set of features, including frequency band
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power ratios, spectral polynomial coefficients, reverberation and autocorrelation mea-
sures, and cross-correlation and time-difference-of-arrival features. This work demon-
strated that relatively simple learning architectures could outperform traditional models,
particularly when trained on data representative of realistic acoustic environments.

The Soundr system [1] further extended this line of research by leveraging deep learning
to infer head orientation directly from multichannel raw audio. Using over 700 minutes
of recorded data, it used a convolutional-recurrent (CNN-LSTM) network trained on 16-
channel waveforms to predict continuous angle of head orientation. While this end-to-end
approach effectively learned orientation features, its generalization to unseen speakers
and acoustic environments remained limited, achieving a mean angular error of approxi-
mately 57°. These findings highlighted the difficulty of purely data-driven estimation under
limited real-world training data, where models tend to overfit to specific recording setups.

Overall, existing research has progressively evolved from model-based methods towards
data-driven learning solutions. While this direction has improved flexibility and reduced
dependence on large arrays or rigid calibration, current systems still face significant chal-
lenges in achieving robust generalization across diverse environments and speaker char-
acteristics. These limitations highlight the need for approaches that can effectively lever-
age spatial and spectral cues while maintaining adaptability to real-world acoustic vari-
ability.
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3. METHODS

This chapter presents the complete methodology used to estimate head orientation from
multichannel speech recordings. The proposed system estimates the head orientation of
a speaker from multichannel speech recordings captured by a compact microphone array.
As shown in Figure 3.1, the pipeline consists of three main components: (i) voice activity
detection (VAD), which filters out non-speech segments and ensures that only speech-
related frames are processed; (ii) feature extraction, where the phase component of the
short-time Fourier transform is computed from each microphone channel; and (iii) orien-
tation estimation using a deep neural network that combines convolutional, recurrent, and
self-attention mechanisms.

Multichannel audio

| Voice Activity Detection |

|

Feature Extraction
sine and cosine of STFT phase, 2048

2CxTx1024

Conv2d, 64, 3x3 filters, ReLU, 5x4 max pool
Conv2d, 64, 3x3 filters, ReLU, 1x4 max pool
Conv2d, 64, 3x3 filters, ReLU, 1x2 max pool

l T/5 x 2048

GRU, 128, bidirectional
GRU, 128, bidirectional

T/5x128

| MHSA, 128, 8 heads

!

I Add and layer norm
1 T/5x128

| AdaptiveMaxPool1ld, 1 I

1 128

| Fully connected, 128 |

1 128

| Fully connected 128 |
l 2

Head orientation ©

Figure 3.1. Head orientation estimation pipeline and model architecture overview.
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3.1 Voice activity detection

The first stage of the pipeline is a voice activity detection module, which identifies and re-
moves non-speech frames, such as silence or background noise, that do not carry useful
directional information about the speaker’s head orientation and may introduce artifacts
that degrade performance. To address this, we employ a state-of-the-art neural VAD
model from pyannote.audio [35], based on a temporal convolutional neural network
trained on large-scale datasets spanning diverse acoustic conditions, ensuring robust-
ness to noise and different environments. The VAD operates in the time domain and is
trained to predict a binary sequence indicating whether each frame is speech-active or
not. During inference, it produces frame-level scores between 0 and 1 that represent
the likelihood of speech activity, which are then binarized using two tunable thresholds:
an onset threshold that determines when speech activity begins and an offset threshold
that determines when speech activity ends (see Fig. 3.2). To avoid truncating relevant
information, a small context margin is applied around the detected speech regions. As
a result, detected leading and trailing non-speech frames are filtered out, and only the
remaining speech segment is passed to the feature extraction stage, thereby improving
the robustness and stability of the system.

Pyannote VAD

0.014

0.00 1

Amplitude

—0.014

0.00 025 0.50 0.75 1.00 1.25 1.50 1.75 2.00
Time (s)

0.4 —— Pr(speech)
---- Onset=0.81 "
---- Offset=0.48

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
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Figure 3.2. VAD output for a sample utterance. The top plot shows the speech wave-
form and the bottom plot shows the frame-level speech probability produced by the
pyannote.audio model, along with the onset (green) and offset (red) thresholds used
for binarization.
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3.2 STFT feature extraction

The second stage of the pipeline is the extraction of time—frequency domain features
from the speech signal.

For each microphone channel ¢, the short-time Fourier transform (STFT) is computed as

Ny —1
Xe(m, f) = ac[n +mH]w[n] e=327 /N,
n=0

where z.[n] is the discrete-time input signal, w[n| is a Hann window of length N,,, H is
the hop size, and m and f denote the time-frame and frequency-bin indices, respectively.
In our implementation, we use a window size of 0.04 s, a hop size of 0.02s, and an FFT
size of Ny = 2048.

The STFT is complex-valued and can be written in polar form as
Xe(m, f) = Ac(m, f) %m0,

where A.(m, f) = |X.(m, f)| is the magnitude and ¢.(m, f) is the phase. The phase is
extracted using

¢e(m, f) = atan2(I{Xc(m, f)}, R{Xc(m, )}),

which yields values wrapped to the interval (—, 7].

Since phase values are circular, we represent each phase ¢.(m, f) by its sine and cosine
components:

Ge(m, f) = [sin(@e(m, f)), cos(@e(m, f))],
which avoids discontinuities and preserves the circular structure of the phase. Following

common practice in spatial feature modeling, this representation provides a numerically
stable and rotation-invariant encoding of phase information [36, 37].

Because the FFT of a real-valued signal is conjugate-symmetric, only the first half of the
spectrum contains unique information. Thus, when Ny = 2048, the number of unique
frequency bins is

For an array with C' microphones, the resulting input tensor has size

20 x T x F,
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where 2C' accounts for sine and cosine values per channel, 7" is the number of time
frames, and F' = 1024 is the number of frequency bins. This high-dimensional rep-
resentation captures rich directional information, which is then processed by the neural
network.
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3.3 Neural network architecture

The final stage of the system is a deep neural network that maps multichannel phase
features to an orientation estimate. The model architecture combines previous work in
spatial audio scene analysis [38] with self-attention feature learning [39].

Convolutional layers: Three 2D convolutional layers with 3 x 3 kernels, 64 filters, and
ReLU activations are applied to the input features with a shape of 2C' x T' x 1024. The
three convolutional layers contain 7,104, 37,056, and 37,056 parameters, respectively.
Each convolution is followed by max pooling with kernel sizes 5 x 4, 1 x 4, and 1 X
2, respectively. Dropout is applied after each convolutional block to avoid overfitting.
This progressively reduces temporal and frequency resolution while preserving spatial
structure, resulting in a feature map of shape 64 x T'/5 x 32. After reshaping, the feature
maps have size 7'/5 x 2048.

Recurrent layers: To capture sequential dependencies across frames, the feature se-
quence is processed by two bidirectional GRU layers, each with 128 hidden units. The
bidirectional design allows the network to capture both past and future contexts. Together,
these layers account for 1,969,152 trainable parameters and produce embeddings of size
T/5 x 128.

Self-attention: To further improve the temporal representations, we apply two blocks of
multi-head self-attention, each with 8 heads and an attention size of 128. Self-attention
enables the model to dynamically weight frames based on their relevance, effectively fo-
cusing on the most informative time—frequency regions for orientation estimation. Resid-
ual connections and layer normalization are used after each block to ensure stable train-
ing and prevent gradient vanishing. Each attention block contains 66,048 parameters,
totaling 132,096 across both layers.

Aggregation and output: To handle input of variable length, the temporal sequence is
aggregated with adaptive max pooling, producing a fixed-size embedding of dimension
128. This embedding is then passed through a fully connected layer with 16,512 param-
eters and a final linear projection that outputs two values:

[cos(B), sin(6)],

where 0 is the estimated orientation angle. By predicting sine and cosine instead of
the angle directly, the network avoids discontinuities at the 0°/360° boundary, yielding
smooth angle predictions. The final orientation in degrees can be recovered from the
network output using

. 1
9 = (atan2(y,z) x E) mod 360,
m

where (z, y) correspond to the predicted cos(#) and sin(f) components.
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In total, the model contains approximately 2.2 million trainable parameters, making it com-
pact compared to many modern architectures while still expressive enough for the orien-
tation estimation task. A more detailed breakdown of the parameter counts per layer is
provided in Table 3.1.

Table 3.1. Number of trainable parameters per layer in the neural network. Only layers
with parameters are included.

Layer Parameters
Convolutional layer 1 7,104
Convolutional layer 2 37,056
Convolutional layer 3 37,056
Bidirectional GRU (2 layers) 1,969,152
Multi-head attention block 1 66,048
Multi-head attention block 2 66,048
Fully connected layer 16,512
Output projection 258

Total 2,199,746
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4. EVALUATION

We evaluated our proposed method on both simulated and real datasets. For compari-
son, we also re-implemented two state-of-the-art approaches [1, 19] under the simulated
setup, and for real-world recordings, we directly compared against the reported results of
a third approach [3].

The simulated setup serves two key purposes. First, it enables the generation of a large-
scale annotated dataset for pre-training when real data are limited. Second, it provides
a controlled environment for systematically testing performance under different acoustic
conditions and baselines. Using this setup, we investigate the head orientation estimation
under several scenarios.

We begin by comparing performance in anechoic versus reverberant environments to see
how reverberation affects estimation accuracy: whether it helps the model by providing
additional cues or instead introduces distortions that degrade performance. Next, we test
robustness to background noise by training and evaluating models at different signal-to-
noise ratios. This step is important because real-world environments are rarely noise-free,
and reliable performance under such conditions is critical for practical deployment.

We then explore the effect of personalization through user- and room-specific fine-tuning.
Since machine learning models typically perform best when adapted to their operating
conditions—and users may be willing to provide a small number of calibration sam-
ples—this experiment gives insight into the realistic performance gains achievable through
adaptation.

Finally, we evaluated our method on a real dataset to validate its effectiveness beyond
simulation. This experiment also examines whether pre-training on simulated data gen-
eralizes to real-world recordings, a key question for deploying such systems when large
annotated real datasets are unavailable.
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4.1 Training

Training a model for head orientation estimation from multichannel speech requires care-
ful consideration of both data generation and optimization. The diversity and realism of
the training data play a crucial role in determining how well the model generalizes to real,
unseen acoustic conditions. Since collecting large annotated datasets of real recordings
with precise orientation labels is challenging, a realistic simulation becomes essential.
This section describes the procedures used to construct the datasets and the training
setup applied to ensure consistent model performance.

4.1.1 Simulated Dataset Generation

Since a large annotated dataset of real recordings with continuous head orientation labels
does not exist, we created a simulated dataset by combining three key components: (i)
a clean speech corpus to provide realistic content, (ii) voice directivity patterns (VDPs) to
model the directional radiation of human speech, and (iii) room acoustic simulation with
noise mixing to capture environmental conditions.

Speech corpus

Speech samples were taken from the VCTK corpus [40], which includes recordings from
110 English speakers with diverse accents. Each speaker reads approximately 400 sen-
tences, totaling around 44,000 utterances. For computational efficiency and to reflect
realistic interaction durations, we truncated each utterance to a maximum of 3s. All
recordings were originally captured using high-quality omni-directional microphones at
96,kHz and 24-bit resolution and were converted to 16-bit samples and downsampled to
48 kHz.

Voice directivity patterns

To capture the radiation of human voice, we combined three datasets of measured VDPs,
totaling 22 patterns:

+ DirPat database [41]: Eight measured singing-voice directivities from professional
singers, recorded at a distance of 1.23m. The measurements were taken on a
spherical grid with 11.25° resolution in the horizontal plane, providing fine angular
sampling.

» Soprano_m database [42]: Six directivities of soprano singers, measured with 36°

resolution in the azimuthal plane.

» Classical singers dataset [43]: Eight directivities of professional opera singers
measured under anechoic conditions, with microphones placed every 15° in the
horizontal plane.



25

Since all VDPs are obtained through measurements at a finite set of discrete angles,
they cannot directly represent continuous head orientations. To address this limitation,
we used the method proposed by [44], which reconstructs continuous spherical har-
monic representations of the measured VDPs from finite-distance measurements. This
approach enables smooth interpolation of the directivity function over all azimuthal an-
gles, allowing the simulated voice source to rotate freely in any direction rather than being
restricted to the discrete measurement grid.

Room and array simulation

For each utterance, we randomly sampled a rectangular room with dimensions drawn
uniformly from [3,12] x [3,12] x [2,6] meters, covering a wide range of acoustic en-
vironments. The microphone device was modeled as a compact circular array with six
microphones evenly spaced at 60° intervals on a circle of radius 4.5cm. Both the ar-
ray and the speaker were placed at random positions at a fixed height within the room.
The head orientation angle was then sampled uniformly from the full 0°-360° range. The
resulting signals are then simulated with the Pyroomacoustics toolkit [26].

Noise conditions

Finally, to simulate realistic acoustic interference, we added background noise from the
WHAM dataset [45]. Since WHAM provides only monophonic signals, we generate a re-
alistic multichannel version by phase-randomizing uncorrelated copies and mixing them
to match the target inter-channel coherences under isotropic diffuse field assumptions,
following [46, 47]. Three different noise level conditions were considered, measured in
signal-to-noise ratio: clean (no noise), moderate noise (10-20dB SNR), and high noise
(0—10dB SNR). We also included anechoic clean simulations to isolate the role of rever-
beration.

To test true generalization, we set aside eleven speakers and six VDPs for testing, re-
sulting in 3,947 utterances. The training used 40,295 utterances from the remaining 99
speakers. The same speaker and VDP splits were used in all simulation conditions for
consistency.
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4.1.2 Real Data

To validate our method on real-world recordings, we used the Direction-of-Voice (DoV)
dataset introduced in [3]. This dataset contains recordings from 10 participants (4 male,
6 female), each recorded across two independent sessions. Data were collected in two
rooms with very different sizes and reverberation properties: a large classroom (24.3 x
9.1 x 4.0m) and a smaller office (13.7 x 6.1 x 3.6 m). For each participant, utterances
were recorded at three distances from the microphone array (1 m, 3m, and 5m), and at
three lateral offsets (0°, 45°, 90°). Within each position, the participant was asked to face
eight discrete azimuthal orientations: 0°, £45°, +90°, £135°, and 180°.

Two utterances were spoken in each trial: a short command phrase (“hey assistant”) and
a longer sentence (“the quick brown fox jumped over the lazy sheep”), resulting in a total
of 11,520 recordings (over 350 minutes of audio) captured with a 4-channel ReSpeaker
USB microphone array.

Following the official evaluation protocol of the “Per Angle Classifier” method, we used
the provided split to fine-tune the classifier on all session one samples, and to test it on
session two samples, and vice versa, which ensures that the model is evaluated under
slightly different conditions from those it was trained on.

Unlike our simulated dataset, the DoV dataset defines orientation as an eight-class classi-
fication task and all recordings. Accordingly, we adapted our model by replacing the con-
tinuous regression output with an 8-class linear classifier layer. Furthermore, while our
simulations used a 6-channel circular microphone array, the DoV recordings were cap-
tured with a 4-channel array. To ensure compatibility, we created a new pre-trained model
by re-simulating the moderate-noise, reverberant training conditions using a 4-channel
circular array. This configuration enabled direct comparison with the baseline results re-
ported in [3], providing a consistent and realistic validation of our method’s performance
in real acoustic environments.
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4.1.3 Training setup

The training of the proposed head orientation estimation model follows the general princi-
ples of supervised deep learning, but requires some task-specific adaptations due to the
nature of variable-length utterances and angular prediction.

Batch Construction and Variable-Length Inputs

Each training step processes a mini-batch of B audio samples simultaneously, where
B = 16 in our experiments. Mini-batch training allows efficient use of the GPU, while also
stabilizing gradient estimates through averaging.

Utterances in the dataset vary in length from 0.5 to 3 seconds, which results in STFT
representations with different numbers of time frames T'. However, batching requires ten-
sors of uniform dimensions. To achieve this, all signals are padded along the time axis to
match the longest sequence within the current batch. Padding is applied with zeros in the
phase feature representation, which corresponds to silence after feature transformation.
To minimize the negative impact of excessive padding on training efficiency, utterances
are sorted by length before batching, so that samples of similar duration are grouped to-
gether. This strategy reduces the proportion of padding and improves both computational
efficiency and model convergence.

Thus, for each batch, we obtain a tensor of shape

BXx2C XTmaxX F
X eR X P

where C'is the number of microphones, T,y is the maximum number of frames in the
current batch, and £’ = 1024 is the frequency dimension. The corresponding ground-truth
labels are the sine and cosine of the target orientation angles 6 € [0°, 360°).

Loss Function

The model outputs a two-dimensional vector (9;, 92) that is trained to approximate the
cosine and sine of the orientation angle, i.e.

Yy = (COSQ, sinQ).

This representation avoids discontinuities at the 0°/360° boundary and allows smooth
learning of angular relationships. The training loss is the mean squared error (MSE)
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between predicted and target vectors:
1 B 2 2
Luse = B ; [(91,; — cos ;)" + (G2, — sinb;)7].

This loss penalizes deviations equally across all angles and directly encourages the net-
work to approximate the circular geometry of orientations.

Optimizer

We train the model using the Adam optimizer [34], following the standard configuration
with 51 = 0.9, B = 0.999, and € = 1078, It was chosen for its stable convergence and
robustness to noisy gradient estimates, which are important when training on variable-
length and noisy speech signals.

Learning Rate and Scheduler

The initial learning rate is set to
no=4x 107"

To ensure stable convergence we apply a multiplicative decay after each epoch using a
scheduler:

me =10 - (0.95),

where 7). is the learning rate at epoch e. This schedule reduces the step size gradually,
allowing the model to make large updates during early training and fine adjustments in
later epochs.

Training Duration and Iterations

Each training run is conducted for up to 200,000 iterations, with one iteration correspond-
ing to a single forward and backward pass of a mini-batch. Model checkpoints are saved
after each epoch, and the best-performing checkpoint on the validation set is selected for
final evaluation.
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4.2 Evaluation metrics

The evaluation of head orientation estimation depends on whether the task is formulated
as a regression over continuous angles or as a classification problem over discrete ori-
entation bins. For the simulated dataset, which allows continuous labels across the full
0°-360° range, we use the mean angular error (MAE) as the primary metric. For the real
dataset, which defines eight fixed orientations, we follow the dataset’s protocol and report
the classification accuracy.

4.2.1 Mean Angular Error

The Mean Angular Error (MAE) measures the average difference between the predicted
and ground-truth orientation angles across the evaluation set. Since angular variables
are periodic, the error must account for the circular wrapping at 0°/360°. Specifically, for
each sample ¢ with ground-truth orientation 6, ; and predicted orientation 6, ;, the error is
calculated as

e; =min( |6; — 6], 360° — [6y; — 0,4 ).

The mean angular error is then defined as

N

1
MAE = Zl e,
where N is the total number of samples. This metric is well-suited to regression settings
because it provides an interpretable measure in degrees, where smaller values indicate
higher accuracy. A random predictor uniformly distributed over [0°, 360°) would achieve a
MAE of 90°, therefore, any meaningful method must substantially improve on this bound.

4.2.2 Classification Accuracy

In the Direction-of-Voice (DoV) dataset, the task is formulated as an 8-class classification
problem, with classes corresponding to azimuthal orientations of 0°, +45°, +90°, 4+135°,
and 180°. In this case, the evaluation follows the standard definition of classification

accuracy.

Number of correct predictions
Accuracy = P — x 100%.
Total number of predictions

This metric allows direct comparison with the published baseline of [3] while also reflecting
the intended use case of discrete angle detection in that dataset. Random guessing on 8
classes yields a prior probability of 1/8 = 12.5%, serving as a lower bound against which
the methods can be compared.
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4.3 Baselines

To contextualize the performance of our approach, we compare against three represen-
tative baselines that reflect the main categories of prior work: models based on raw mul-
tichannel audio, models based on hand-crafted acoustic features, and physics-informed
propagation features.

4.3.1 Raw Audio + CNN

The first baseline is Soundr [1], which processes raw 16-channel audio through a convolutional-
recurrent architecture (CNN+LSTM). In its original form, Soundr was trained on more than
700 minutes of real recordings and reported an average orientation error of 57°on unseen
speakers and rooms. With speaker and room personalization, the performance further im-
proved to 40.0° on unseen speakers in seen rooms and 34.3° on seen speakers in seen
rooms. For consistency with our simulation setup, we re-implemented their convolutional
encoder while keeping our recurrent and attention-based layers intact. The convolutional
encoder accepts raw multi-channel audio samples as input and processes them through a
stack of convolutional and max-pooling layers with decreasing kernel sizes and sequence
lengths, while progressively increasing the number of feature channels. This hierarchi-
cal processing captures increasingly abstract temporal representations of the waveform
and serves as the baseline for evaluating whether directly learning from raw waveforms
provides sufficient orientation cues compared to phase features of the STFT.

4.3.2 ITD & ILD Features

The second baseline is the method of [19], which exploits interaural time differences
(ITD) and interaural level differences (ILD). Beyond the classical binaural cues, their sys-
tem also separates ITD and ILD into low- and high-frequency bands to address aliasing
effects (high-frequency ITD) and to leverage the stronger directional patterns of high-
frequency ILD. In addition, they introduce an inverse convolution feature, defined as the
convolution of high-frequency ILD with the reciprocal of low-frequency ILD, which empha-
sizes frequency-dependent asymmetries in vocal radiation.

In our implementation, we extracted ITDyy, ITDhigh, ILDiow, ILDnigh, @and the inverse convo-
lution feature for each microphone pair in our array and passed them as parallel feature
channels into our network.
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4.3.3 Physics-Informed Features

The third baseline comes from the Direction-of-Voice (DoV) study [3], which developed a
feature set based on acoustic propagation models. Features include:

+ Spectral balance features: low- and high-frequency power, power ratios, and poly-
nomial regression coefficients of the spectrum.

+ Wavefront crispness measures: autocorrelation ratios, statistical descriptors, and
speech-to-reverberation modulation energy ratios.

« Cross-microphone correlation features: raw GCC-PHAT correlations, peak val-
ues, interchannel delays, area under the curve, and time-difference-of-arrival statis-
tics.

Since the DoV dataset is publicly available, we did not re-implement their method in our
simulated setup. Instead, we report our results directly on their dataset using the evalu-
ation protocol described in Section 4.1.2, enabling direct comparison with their published
numbers.
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4.4 Results

The results are presented in two parts. First, we present a detailed analysis of perfor-
mance on the simulated dataset, covering reverberant and anechoic conditions, robust-
ness under varying noise levels, and the benefits of personalization through speaker and
room-specific adaptation. Then, we report results on a real-world dataset to assess how
well the model generalizes beyond simulation.

4.4.1 Simulated data

The simulated dataset allows us to investigate three key research questions: (i) how rever-
beration affects orientation estimation accuracy, (ii) how robust the model is to background
noise, and (iii) how much personalization through user- or room-specific adaptation can
improve performance.

Anechoic and Reverberant Conditions

We begin by analyzing the effect of reverberation in the absence of noise. Table 4.1
compares anechoic conditions to reverberant clean rooms. ITD and ILD features achieve
the lowest error in the anechoic setup (27.3°), greatly outperforming our STFT-phase
approach (40.4°). In contrast, when reverberation is present, our method benefits sub-
stantially, reducing the mean angular error to 26.0°, significantly outperforming both the
ITD/ILD baseline (39.7 °)and the raw waveform model (44.8°). This indicates that the net-
work is able to exploit consistent orientation-dependent reflections captured in the phase
spectrum, while handcrafted binaural cues degrade.

Table 4.1. Comparison of orientation estimation methods in anechoic vs. reverberant
clean environments, measured in MAE (degrees).

Method Anechoic Reverberant
Raw audio 56.9° 44 .8°
ITD & ILD 27.3° 39.7°
STFT phase 40.4° 26.0°

Angular error analysis. To gain a clearer understanding of the performance character-
istics, we investigate the distribution of errors. First, we plot the error distribution for our
STFT-phase approach. As seen in Figure 4.1, the histogram under anechoic conditions
exhibits a long tail with frequent large errors. Reverberation mitigates this by introducing
informative reflections, which reduces high-error instances and consequently sharpens
the distribution curve.
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Figure 4.1. Comparison of angular error histograms for anechoic and reverberant condi-
tions using the STFT-phase method.

Next, we investigate the error distribution across different angles to identify regions of
highest confusion. Figure 4.2 shows the angular error aggregated over 10°bins with eight
equal (45°)reference regions. The errors are smallest for orientations near 0° and 180°
(front and back) and largest for side angles (+90°). This front—side asymmetry is particu-
larly strong in the anechoic condition, where lateral cues are ambiguous. In reverberant
rooms, the error distribution becomes more uniform, as reflections provide complemen-
tary cues for side orientations, though performance remains best at the front.

STFT Phase Anechoic - Mean Angular Error by Orientation STFT Phase - Mean Angular Error by Orientation
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Figure 4.2. Spider charts of angular errors aggregated in 10° bins for anechoic and
reverberant conditions using STFT-Phase.

Finally, we investigate the effect of distance in both anechoic and reverberant conditions
for our STFT-Phase solution and the ITD&ILD approach. Figure 4.3 shows the angular
error as a function of source-microphone distance; gray points represent individual local-
ization errors, and the red line denotes the mean error trend computed in 0.5m bins. In
reverberant conditions, there is a clear positive correlation between angular error and dis-
tance: as the distance increases, the error also increases. In contrast, the angular error
in anechoic conditions is more constant across distances, showing no such clear trend.
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Figure 4.3. Angular error vs. distance for STFT-Phase and ITD&ILD methods under
anechoic and reverberant conditions.

Noisy Conditions

We next evaluate robustness to background noise in reverberant rooms. Table 4.2 shows
results under clean, moderate noise (10—20 dB SNR), and high noise (0-10 dB SNR)
conditions. The signal-to-noise ratio (SNR) is defined as the ratio of signal power to noise
power, expressed in decibels (dB), Figure 4.4 illustrates an example of a clean speech

signal, background noise, and their mixture at 10 dB SNR.
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Figure 4.4. Example of a clean speech (top), background noise (middle), and noisy
speech at 10 dB SNR (bottom).
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Our STFT-phase method consistently outperforms the baselines in all conditions. Under
moderate noise, the error increases only slightly to 35.4°, while the raw waveform ap-
proach degrade sharply to 63.7°. Even in the high-noise case, our method maintains
a 48.5° error, well below the 90° random guessing level. In contrast, the raw audio
method approaches near-random performance and the ITD/ILD also degrade substan-
tially to 62.8°.

Table 4.2. Comparison of orientation estimation methods under reverberant noisy envi-

ronments, measured in MAE (degrees). Noise levels indicate SNR: 10—20 dB (moderate)
and 0—-10 dB (high).

Method Clean Moderate noise (10-20 dB) High noise (0-10 dB)
Raw audio 44 .8° 63.7° 75.1°
ITD & ILD 39.7° 48.4° 62.8°
STFT phase 26.0° 35.4° 48.5°

Overall, these results highlight three key points. First, ITD/ILD features remain highly ef-
fective in idealized anechoic conditions, but degrade sharply once reverberation or noise
is introduced. Second, raw waveform models are not good enough in either condition,
indicating their inability to extract robust directional cues from limited training samples.
Third, STFT phase features provide consistently strong performance in realistic environ-
ments, striking a balance between leveraging reflections and maintaining robustness to
noise.

Personalization Experiments

In many real-world applications, users may be asked to provide a small number of sam-
ples to calibrate the model, since machine learning models are expected to perform better
on matched data from the speakers and environments they were trained on. To investi-
gate this effect, we evaluate our method under three personalization scenarios.
Experimental setup.

* Room Only: The model is fine-tuned using samples from the target environment
but tested on unseen speakers. For this setup, we created ten fixed rooms and
used 500 samples per room for fine-tuning, then evaluated on 400 samples per
speaker from ten unseen speakers in these rooms.

» Speaker Only: The model is adapted using samples from the target speaker but
tested in unseen rooms. To simulate this, we selected ten unseen speakers and
used 150 samples per speaker for fine-tuning and 250 for testing.

» Speaker + Room: The model is fine-tuned using samples from both the target
speaker and the target room, neither of which the model has encountered during
pre-training. For this, we created a fixed room for each speaker and used 150
samples per speaker for fine-tuning and 250 for testing.
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Fine-tuning was performed for 10 epochs at a reduced learning rate of 1 x 10~°, updating
all model weights. The remainder of the dataset was held out for testing.

This allows us to measure how much performance can be gained from personalization
to the user and/or adaptation to the environment. As shown in Table 4.3, personaliza-
tion consistently improves accuracy, with the largest gains observed when both user and
room information are available. Notably, adapting to users provides a larger benefit than
adapting to rooms, highlighting the strong variability in speech directivity between speak-
ers. These findings demonstrate that even limited personalization data is sufficient to
substantially improve accuracy, making adaptation a practical strategy for deployment.

Table 4.3. MAE across different personalization scenarios.

Prior knowledge MAE

None (Baseline)  26.01°
Room Only 19.72°
Speaker Only 16.49°
Speaker + Room  13.91°
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4.4.2 Real data

Finally, we validate our approach on the Direction-of-Voice (DoV) dataset [3]. Table 4.4
compares our approach against the DoV baseline. Training solely on real data yields
weaker performance (59.8%), showing the lack of data to train such a complex network,
but when pre-trained on large-scale simulated data and fine-tuned on real samples, our
method achieves 71.1% accuracy, outperforming the reported DoV baseline (65.4%).
This highlights the value of simulation-based pre-training, which provides a strong prior
that transfers well to real environments despite differences in room acoustics, distances,
and speaker variability.

Table 4.4. Classification accuracy on the DoV dataset (8 classes).

Method Accuracy
DoV baseline [3] 65.4%
Ours (trained only on real data) 59.8%

Ours (pre-trained on simulated + fine-tuned on real) 71.1%

Figure 4.5 shows the confusion matrices for both [3] and our method. Similar to the
baseline, most errors occur between adjacent orientation classes (e.g., 0° and 45°) rather
than opposite ones (e.g., 90° and —90°), but our model exhibits a noticeably lower over-
all confusion rate. Over 97% of predictions fall within the correct or neighboring class,
indicating that the model captures orientation relationships consistently and with minimal
randomness.

Overall STFT-Phase - Sg;!lgegLa&?nfusion Matrix

0 45 45 90 90 135 -135 180 5{0.79 0.07 0.14 0.00 0.01 0.00 0.00 0.00
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]

True Label
° -a5°  45°
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(a) DoV baseline [3] (b) Ours

Figure 4.5. Confusion matrices on the DoV dataset [3].

The results confirm that while real data remains essential for adaptation, large-scale sim-
ulation provides a powerful foundation for robust orientation estimation. In practice, this
combination allows developers to reduce reliance on costly annotated real-world record-
ings while still achieving great performance.
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4.5 Discussion

The experimental results highlight several key insights.

First, the strong performance on both simulated and real datasets demonstrates that
STFT phase features are superior to raw audio and hand-crafted inter-channel features,
offering greater robustness to noise where other baseline methods degrade substantially.
We hypothesize that the phase provides reliable cues for the relative rotation between
the source and microphone array, including echoes from image sources, which the model
can exploit. Similar prominence of phase features was observed in DNN-based speaker
distance estimation with a single microphone [37], though further experiments are needed
to validate these hypotheses.

Second, personalization experiments confirm that user-specific information contributes
more to accuracy improvements than environment-specific information. Variations in vo-
cal tract shape, articulation style, and speech radiation patterns differ significantly be-
tween individuals, and adapting to these variations through fine-tuning can greatly reduce
estimation error. Similarly, acoustic properties of the recording environment, such as re-
verberation time and microphone placement, influence phase patterns and can benefit
from environment-specific calibration.

Third, the evaluation on the real dataset from [3] further validates the generalization ca-
pability of our method and the effectiveness of pre-training on large-scale simulated data,
providing a practical way to mitigate limited annotated real-world data.

Overall, these findings demonstrate that the use of STFT phase-based features within a
deep neural architecture offers a promising and scalable path toward accurate and noise-
robust speaker head orientation estimation using only a single compact microphone array,
without requiring camera input or dense microphone configurations.
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5. CONCLUSIONS

This thesis presented a novel approach to estimating speaker head orientation from
multichannel audio recorded by a single microphone array. The proposed method de-
parts from traditional handcrafted features based on sound source-to-receiver propaga-
tion models or raw audio-based approaches by leveraging phase information extracted
from the short-time Fourier transform. Through extensive experiments on both simulated
and real datasets, the work demonstrated that the phase domain provides a rich and ro-
bust representation for capturing spatial and directional cues inherent to speech, enabling
accurate orientation estimation under a wide variety of acoustic conditions.

Key Contributions

The main contributions of this work can be summarized as follows:

» We introduced a new representation for audio-based orientation estimation that
utilizes the sine and cosine of STFT phase components as model input. This rep-
resentation preserves the circular structure of the phase while effectively encoding
inter-channel relationships that are essential for spatial reasoning.

» We utilized a deep neural architecture combining convolutional, recurrent, and self-
attention mechanisms to predict head orientation. The proposed network achieved
strong performance while maintaining a compact model size.

* We constructed a large-scale simulated dataset that integrates measured voice
directivity patterns, room acoustic simulations, and additive background noise. This
dataset enabled training and pre-training of deep models without reliance on large
annotated real recordings.

+ We demonstrated that pre-training on simulated data, followed by fine-tuning on a
small amount of real-world data, yields substantial improvements in generalization
and accuracy. The combination of simulation-based pre-training and real-world
adaptation provides a practical path for deploying orientation estimation systems
in scenarios where labeled data are limited.

» We evaluated the proposed approach across a range of conditions, including dif-
ferent levels of reverberation, noise, and environments, and compared it to state-
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of-the-art baselines based on raw waveform and interaural features. The results
showed that the proposed phase-based model achieves lower mean angular errors
and higher robustness to noise and reverberation than the other methods.

+ Finally, we investigated user- and environment-specific fine-tuning and showed that
even a small amount of adaptation data can significantly improve accuracy. This
highlights the practical benefits of personalization and suggests that model calibra-
tion could be an effective strategy for real-world deployment.

Main Findings

The experimental results presented in this thesis allow several conclusions to be drawn
about the proposed approach. The evaluations showed that the use of STFT phase
features in combination with a deep neural architecture provides a robust and accurate
framework for estimating speaker head orientation from audio. Across all conditions,
the phase-based model consistently outperformed methods relying on raw waveform in-
put or traditional interaural features. In reverberant environments, the proposed system
achieved a mean angular error of 26.0°,compared to 39.7° for ITD/ILD-based features
and 44.8°for raw audio. These results confirm that the phase domain encodes stable and
informative spatial cues that remain reliable even when it is distorted by reflections and
background noise. The model maintained strong performance under noisy conditions,
with moderate degradation at low signal-to-noise ratios, indicating that it generalizes well
to realistic acoustic scenarios.

The experiments further demonstrated the effectiveness of combining simulated and real
data for training. Pre-training on a large simulated dataset followed by fine-tuning on a lim-
ited amount of real-world recordings significantly improved generalization and accuracy,
increasing classification performance on the DoV dataset from 59.8% to 71.1%. This
shows that simulation can effectively bridge the gap between controlled and real condi-
tions, providing a practical solution when annotated data are scarce. In addition, user-
and environment-specific fine-tuning further reduced the mean angular error to as low as
13.9°, highlighting that adaptation can yield significant improvements and that personal-
ized calibration is a viable strategy for deployment.

Limitations and Future Work

Despite the promising results, several limitations remain. The proposed approach cur-
rently assumes static head orientation within each utterance, whereas in real scenarios,
speakers may move dynamically while speaking. Extending the system to handle contin-
uous orientation tracking over time would make it more suitable for real-time interactive
applications.
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Another limitation lies in the generalization to unseen users and environments. Although
pre-training on simulated data provides a strong prior, the performance gap observed
between generic and fine-tuned models indicates that the model still benefits significantly
from adaptation. This suggests that larger and more diverse datasets are required to
achieve robust zero-shot generalization.

Finally, the current method focuses on the azimuthal plane, assuming a fixed elevation.
Extending the model to three-dimensional orientation estimation could provide a more
complete spatial understanding.

Final Remarks

In conclusion, this thesis demonstrated that phase spectrogram features, when combined
with a deep neural architecture, provide a powerful and noise-robust framework for esti-
mating speaker head orientation from audio alone.
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