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Augmented reality (AR) and telepresence systems aim to enhance the real world
with virtual elements that blend convincingly into the surrounding space. Creating
virtual sound sources in this context requires presenting perceptually valid head-related
and room-acoustic cues to the listener to enable a realistic spatial impression and a
coherent match between the virtual acoustics and those of the physical environment. In
practical AR systems, the acoustic characteristics of the environment must be estimated
from available sensor signals and the virtual source rendered through acoustically
transparent headphones to preserve natural sounds in the physical environment. This
thesis addresses both stages of this virtual acoustic processing chain: estimation
and rendering. Central to both are spatial room impulse responses (SRIRs), which
describe the linear, time-invariant, and directional properties of the acoustic transfer
path between a source and a receiver in an environment.
The thesis first introduces a general microphone array signal model that separates room-
and array-dependent contributions using spherical or circular harmonic representa-
tions. Building on this model, a blind SRIR estimation framework is proposed that
reformulates blind multichannel system identification as an informed problem through
the estimation of a pseudo-reference signal. Motivated by practical AR systems that
often rely on wearable devices such as head-mounted displays or smartglasses, the
thesis then specifically considers microphone arrays in motion.
The second part of the thesis focuses on the binaural rendering of estimated SRIRs for
headphone reproduction. An array-aware end-to-end magnitude least-squares renderer
is proposed to mitigate spatio-spectral coloration caused by limited spatial sampling
and regularization. As an alternative to direct rendering, the thesis investigates the
separation of direct sound and early reflections from an SRIR, a common processing
step in parametric SRIR-based rendering that can facilitate virtual acoustic reproduction
with increased directional sharpness. Two approaches are compared: one based on a
physical array signal model and another based on subspace decomposition.
Together, these contributions advance practical SRIR estimation and rendering for
virtual acoustics and provide foundations for robust, wearable, and perceptually
convincing augmented and virtual reality audio systems.

Keywords: Binaural Rendering, Room Impulse Response Estimation, Microphone
Array, Room Acoustics, Spatial Room Impulse Response, Virtual Acoustics
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Chapter 1

Introduction

— What does a room sound like?

Although many people can come up with an intuitive answer to this question, giving
a precise answer is not straightforward. After hearing a sound in a room, we might
describe it as big, boomy, echoey, or dead. We may also reach for more technical
terms like reverberant, dry, di!use, or sharp. Such descriptions capture how a space
sounds to us as listeners, and they are meaningful because they combine the acoustic
properties of the room with a perceived impression. They are, however, subjective
and not precise enough to guide the acoustic design of an environment: two people
may describe the same room di!erently, or di!erently sounding rooms with the same
words.

To move from impression to repeatable measurements, acousticians ask a more
concrete question: how does the room respond to sound? In practice, this is done by
exciting the room with a standardized sound that contains all audible frequencies and
recording the response of the room. From this recording, a room impulse response
(RIR) is obtained. Under linear, time-invariant conditions, the RIR contains all the
information needed to describe the room’s acoustic behavior over time and frequency,
including distinct reflection patterns and reverberation.

If such an RIR is available, it becomes possible to make the room audible without
being in it. Any sound such as speech or music can be processed with the RIR and
played back over headphones, creating the impression that it occurred inside that room.
However, this illusion quickly breaks down if only a single RIR is used. In this case,
the same signal is presented to both ears, and the listener has no sense of where the
sound is coming from, it is typically perceived inside the head. The result resembles
the timbre of the room, but it lacks spatial information.

1



1 Introduction

Figure 1.1: Microphone arrays suitable to capture SRIRs. From left to right: a
spherical microphone array (Eigenmike EM32), an equatorial microphone array, and
a head-worn microphone array on a pair of sunglasses (worn by an artificial head).

To accurately reproduce how a room sounds to a listener, directional information must
be captured as well. This leads to the concept of a spatial room impulse response
(SRIR). Instead of using a single microphone, an SRIR is measured with multiple
microphones arranged in space, allowing directional properties of the arriving sound
to be captured. Figure 1.1 shows examples of such microphone arrays, ranging from a
spherical microphone array (SMA) to a wearable array on sunglasses. When processed
appropriately, an SRIR enables a convincing reproduction of a room’s acoustics,
including the perception of direction and spatial impression.

The act of making a sound audible in a space where it did not physically occur is
known as auralization. By analogy to visualization, auralization renders sound rather
than images. More formally, it refers to the process of rendering audible, by physical
or mathematical modeling, the sound field of a source in space, in such a way as to
simulate the binaural listening experience at a given position in the modeled space [1].
While auralization focuses on the generation and rendering of signals, the broader
concept of creating interactive acoustic environments, in which sources, listeners,
and propagation conditions may dynamically change, is also called virtual acoustics,
a term that is further motivated by recent applications in virtual reality (VR) and
augmented reality (AR) and appears in the title of this thesis.

Applications Beyond the conceptual appeal, auralization and virtual acoustics have
very practical applications. Using SRIRs, sounds can be placed in real spaces even
if they were never physically present there, allowing listeners to experience these
environments without being there themselves. A voice, a musical instrument, or
any other sound can be made to appear as if it originated in a specific position in a
particular room. This capability is useful in acoustic planning, remote communication,
perceptual research, and VR/AR.

Throughout this thesis, these ideas are motivated using the AR or telepresence setting
in Figure 1.2. A person speaks inside a room, and their voice is captured by a
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Figure 1.2: An AR or telepresence system is realized by estimating an SRIR from
microphone array signals and rendering a virtual sound source (illustrated in blue)
whose acoustics match the real environment over headphones.

microphone array. From these recordings, the directional acoustic properties of the
room are estimated as an SRIR, applied to an anechoic source signal, and converted
to binaural ear signals for headphone playback. The binaural rendering requires a
set of head-related transfer functions (HRTFs) to provide localization cues, tracking
information to consider movement of the listeners, and an anechoic signal as the virtual
source signal. In a telepresence scenario, the source signal originates from a remote
participant whose speech has been processed to remove the acoustic influence of their
own environment. When played back, the listeners perceive the remote voice as if it
were coming from a specific location within the local room. To preserve other sounds
in the real environment, such as the speech of the on-site participants or additional
sound sources, such systems rely on acoustically transparent (open) headphones [2–4].

Structure and Contributions This thesis addresses two tightly coupled challenges
in virtual acoustics for practical AR and telepresence applications. The first is
the estimation of SRIRs from sensor data in scenarios where dedicated acoustic
measurements are unavailable and microphone arrays are typically compact, wearable,
and in motion. The second is the perceptually robust binaural rendering with explicit
consideration of microphone array characteristics and properties of the SRIR. An
overview of the structure of the thesis and the relationship of the included papers is
provided in Figure 1.3.

Chapter 2 provides the necessary background, introducing SRIRs, spherical and circular
harmonics, and microphone array signal models in a more systematic manner. Building
on this foundation, Chapter 3 focuses on the estimation of SRIRs from microphone
array signals, particularly introducing an approach based on an estimated reference
signal and investigating estimation with moving microphone arrays. Chapter 4 then
turns to the rendering stage, discussing contributions to binaural reproduction from
array recordings and methods for decomposing SRIRs into direct and di!use sound

3



1 Introduction

SRIR Processing for Virtual Acoustics

Background Chapter 2

SRIR Estimation Chapter 3 Rendering Chapter 4

Blind Estimation Framework

P%.’$ A
P%.’$ B

}
Section 3.1

Estimation With Moving

Arrays

P%.’$ C
P%.’$ D
P%.’$ E




Section 3.2

Direct Binaural Rendering

P%.’$ F
}

Section 4.1

Direct and Residual

Decomposition of SRIRs

P%.’$ G
P%.’$ H

}
Section 4.2

Figure 1.3: Overview of the structure of this thesis and how the papers contribute to
the topics.

components. The thesis concludes with Chapter 5, which summarizes the main
findings and outlines directions for future research. Finally, Chapter 6 provides an
overview of the appended publications and details the specific contributions of each
paper.

The contributions of the appended papers can be categorized into SRIR estimation
and rendering as shown in Figure 1.3. P%.’$ A to P%.’$ E deal with the estimation of
SRIRs. P%.’$ A introduces a modular estimation framework and P%.’$ B provides a
comprehensive evaluation of the framework with a head-worn microphone array under
stationary conditions. P%.’$ C to P%.’$ E address SRIR estimation from moving
arrays, progressing from controlled laboratory configurations to increasingly realistic
scenarios. Specifically, P%.’$ C considers rotating arrays, P%.’$ D investigates
linearly moving arrays, and P%.’$ E evaluates freely moving head-worn arrays in a
more realistic setup utilizing the full estimation framework.

P%.’$ F to P%.’$ H focus on virtual acoustic rendering. P%.’$ F proposes an array-
aware extension of the magnitude-least-squares binaural rendering method. P%.’$ G
and P%.’$ H describe two di!erent approaches to decompose SRIRs into a direct part
and a residual, which is beneficial for parametric rendering approaches.

The contributions of this thesis can be summarized at a conceptual level as follows:

• A general signal model for arbitrary microphone arrays that explicitly accounts
for array translation and rotation, and separates the contributions of the acoustic
environment and the microphone array.

• A modular framework for SRIR estimation from microphone array recordings,
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reformulating blind system identification as an informed estimation problem
through the use of a pseudo-reference signal.

• Methods for SRIR estimation with moving microphone arrays, demonstrating
that array motion can be compensated for and exploited to increase spatial
resolution and extend the e!ective bandwidth of sound-field representations.

• A unified perspective on direct binaural rendering, clarifying relationships be-
tween Ambisonic rendering, beamforming-based binaural reproduction, binaural
signal matching, and end-to-end magnitude least squares rendering.

• An array-aware magnitude-least-squares binaural renderer, explicitly accounting
for array characteristics to reduce spatio-spectral coloration.

• Two methods for separating direct and residual components of SRIRs, enabling
robust extraction and resynthesis of direct sound and early reflections while
preserving the directional characteristics of the residual reverberation.

Although not the focus of this thesis, many of the contributions were evaluated
perceptually with listening experiments.

5
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Chapter 2

Virtualization of Real-World

Acoustics

To auralize a sound source virtually in a real environment via headphone playback,
like in the introductory example from Figure 1.2, the rendered signal must convey both
head-related cues and room acoustic cues. Head-related cues enable the perception of
a sound source in a distinct direction and are essential for localization. Their linear,
time-invariant characteristics are captured for an individual listener in the head-related
impulse response (HRIR), or their frequency-domain counterpart, the HRTF. Room
acoustic cues, on the other hand, ensure that the acoustic environment of the virtual
source matches the real-world acoustics so that the source naturally blends in. The
linear, time-invariant directional room acoustic cues are captured in the SRIR.

Perceptual Validity of BRIR-Based Virtual Acoustics The combination of HRIR
and SRIR is called the binaural room impulse response (BRIR). It captures the linear,
time-invariant response to an acoustic impulse from the source to the listener’s ear
canals. The BRIR can be measured or simulated and is specific to a particular environ-
ment, listener, and source-receiver position. The conceptually most straightforward
way to obtain a BRIR is through direct measurement using microphones placed in the
listener’s ear canals. Convolving a source signal with such a BRIR then allows for the
binaural reproduction via headphones. Rendering with individually measured BRIRs
can be perceptually authentic, meaning that it cannot be reliably distinguished from a
corresponding real sound source in a direct comparison [5].

In practical scenarios, however, individual BRIR measurements are often infeasible.
Instead, measurements are commonly performed using a head and torso simulator
(HATS). This approach has been shown to enable plausible virtual source rendering,
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2 Virtualization of Real-World Acoustics

Figure 2.1: Virtual acoustic rendering can be achieved with a BRIR, for example
obtained with a HATS (left). A more flexible approach uses an SRIR captured
with a microphone array (center). The renderer then transforms the SRIR into a
corresponding BRIR for any listener and arbitrary head rotation, provided that a set
of anechoic HRIRs of that listener (top right) and anechoic array transfer functions
(ATFs) (bottom right) are available.

defined as a simulation in agreement with the listener’s expectation towards a
corresponding real event [6]. In this context, plausibility refers to the agreement with
the listener’s internal reference, without a direct comparison to a real sound source.
Plausible rendering is therefore a typical target for VR applications.

Yet, recent studies have emphasized the need for a stricter perceptual criterion in
applications related to AR, where virtual and real sound sources coexist [7, 8]. In such
scenarios, a virtual source is termed transfer plausible if it is believed to be real in
the presence of real sound sources [9]. In contrast to authentic rendering, the virtual
source is not compared to a corresponding real source at the same position, but rather
to other real sources that di!er in signal content and spatial location.

Flexible Capture and Rendering Greater flexibility in capture and rendering is
achieved by replacing BRIRs with dynamic rendering approaches that combine HRIRs
and SRIRs as illustrated in Figure 2.1. HRIRs can then be individualized and exchanged
for di!erent listeners, SRIRs can be manipulated to allow for rotations or translations
within the sound field, and SRIR-based representations naturally facilitate the use
of microphone arrays integrated into wearable devices. Several such methods have
been shown to achieve highly plausible renderings [10–12]. These advantages directly
motivate the work presented in this thesis and the corresponding processing pipeline
consisting of SRIR estimation and subsequent binaural rendering in Figure 1.2.

While SRIRs could in principle be rendered over a loudspeaker array in an anechoic
environment to create virtual acoustic scenes, this thesis focuses on the more practically
relevant case of binaural headphone rendering. As outlined in the introductory example,
practical AR applications are likely to rely on open headphones that minimally distort
real sounds while enabling the presentation of virtual sources. Binaural rendering

8



then involves combining SRIRs and HRIRs in a dynamic manner, for instance, to
account for head rotations based on tracking information. Extensions to six degrees of
freedom (6DoF) listener motion have also been proposed [13–16].

Room Acoustic Parameters As an alternative to explicitly estimating SRIRs, some
approaches aim to estimate perceptually relevant acoustic parameters and either
synthesize SRIRs from them or employ more e”cient artificial reverberators such as
feedback delay networks (FDNs) [17–19]. Ideally, a set of (directional) room acoustic
parameters and corresponding plausibility thresholds could be established through
perceptual experiments, such that meeting all thresholds would guarantee a plausible
rendering. To date, however, neither a definitive parameter set nor universal thresholds
have been identified. The perceptual relevance of individual parameters depends
strongly on the experimental setup and the rendering method, and parameters are
generally not perceptually independent so that mismatches across several parameters
tend to interact and jointly a!ect perception [20, 21].

Nevertheless, certain parameters have consistently been shown to be important for
(transfer) plausible rendering. Most notably, these include the reverberation time
(RT) and early-to-late energy metrics such as the direct-to-reverberant energy ratio
(DRR) and the clarity. A comprehensive overview of perceptually relevant parameters,
experimental findings, and remaining challenges is provided in [20].

Consequently, many practical algorithms focus on estimating RT, DRR, and clarity. A
representative overview of classical signal processing approaches was provided by
the acoustic characterization of environments (ACE) challenge in 2015 [22], whose
methods remain meaningful baselines to this day. More recent work increasingly
leverages advances in deep learning, for example [23–28].

Also SRIRs can be used as a basis for deriving room acoustic parameters. Given
their perceptual relevance, it is therefore important to assess the accuracy of such
parameters when computed from estimated rather than measured SRIRs. This aspect
is considered in P%.’$ A, P%.’$ B, and P%.’$ E that focus on the SRIR estimation
problem.

The following sections introduce key concepts required for the contributions of this
thesis. First, SRIRs are discussed in more detail, followed by an introduction to
spherical harmonics (SHs) and circular harmonics (CHs). Finally, a microphone
array signal model is presented, which provides a unifying for the methods developed
throughout the remainder of the thesis.

9



2 Virtualization of Real-World Acoustics

2.1 Spatial Room Impulse Responses

In the introduction of this chapter, it was established that SRIRs contain the room
acoustic information required for the plausible auralization of virtual sound sources.
This section introduces SRIRs more formally, discusses their defining properties and
common modeling assumptions, and outlines how they can be obtained either from
microphone array measurements or through acoustic simulation.

The term spatial room impulse response is not used consistently throughout the
literature. In this thesis, an SRIR is defined as a multichannel room impulse response
that captures the directional response of an environment for a single source-receiver
position pair. Since SRIRs describe the acoustic response at a single receiver position,
they are typically measured using compact microphone arrays and can be expressed
either directly as multichannel array response or using a SH representation. In contrast,
distributed microphone arrays can capture directional information over larger spatial
extents, but do not directly support directional analysis or rendering for a single,
well-defined receiver position.

Some authors restrict the term SRIR to responses expressed in the SH (or Ambisonic)
domain and refer to array-domain measurements more generally as multichannel RIRs.
Others prefer the term directional room impulse response to emphasize the validity of
the representation at a single receiver position. However, although strongly limited in
practice as will be discussed in Section 3.2, an SRIR may also represent the sound
field within a spatial region around the receiver. For this reason, and because it is
more widely used, the term SRIR is adopted throughout this thesis.

BRIRs measured with a HATS also fall under this definition of SRIRs. In this case,
auralization is directly achieved by convolving a source signal with the measured
responses.

Common Modeling Assumptions RIRs, including SRIRs, are typically described
as consisting of three components with distinct physical and perceptual characteristics:
the direct sound, early reflections, and late reverberation. Figure 2.2 illustrates this for
a single-channel RIR.

The direct sound corresponds to the sound traveling along the shortest path from the
source to the receiver and, when a direct line of sight exists, appears as the earliest
and usually strongest peak in the impulse response. It is commonly modeled as a
single delayed and attenuated impulse. Early reflections are produced by a small
number of low-order reflections and are typically described explicitly as individual
echoes with distinct delays, amplitudes, and directions of arrival [29]. Although
often modeled as impulses, in practice, the reflections exhibit frequency-dependent
spectral characteristics that lead to temporal spreading due to reflection and absorption
at boundaries. Even the direct sound deviates from an ideal impulse as a result of
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2.1 Spatial Room Impulse Responses

Time

A
m

pl
itu

de

Direct Sound

Early Reflections
Late Reverberation

Figure 2.2: Room impulse responses are commonly modeled as consisting of the
direct sound, early reflections, and late reverberation.

di!raction and scattering at the microphone ba#e.

As time increases, the number of possible reflection paths grows exponentially with
reflection order, leading to a rapidly increasing reflection density [30, 31]. The resulting
dense superposition of high-order reflections gives rise to the late reverberation, whose
fine temporal and spatial structure is di”cult to resolve individually and is therefore
often approximated as a di!use random process beyond the mixing time [32]. In
practice, this component is often modeled using noise with an exponentially decaying
envelope [33, 34].

Although the boundary between early reflections and late reverberation is inherently
ambiguous because no strict temporal separation exists, this conceptualization is
nevertheless useful for deriving perceptually meaningful room-acoustic parameters
and for designing signal processing algorithms that treat the individual components
appropriately. Both the SRIR estimation framework in Section 3.1 and the rendering
approaches described in Section 4.2 are based on this conceptual model.

Capturing SRIRs Capturing SRIRs in real-world environments requires the use of
compact microphone arrays as shown in the introduction in Figure 1.1. Traditionally,
SMAs have been employed for this purpose, and a rich body of analytical models
exists that facilitates the processing of the recorded signals [35]. In particular,
such processing commonly relies on SH representations. However, many practical
applications cannot rely on dedicated SMAs and instead must use microphone arrays
integrated into existing devices, such as laptops, smartphones, smart speakers, or
wearable devices including head-mounted displays, smartglasses, or wristbands. Thus,
wearable microphone arrays are explicitly considered in several contributions of this
thesis. Their continuous motion, however, introduces additional challenges for SRIR
estimation and representation, which are addressed in Section 3.2.

While this thesis focuses on SRIR-based auralization, acoustic simulation is a valid
alternative. Accurately simulating SRIRs of a physical environment that are suitable
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2 Virtualization of Real-World Acoustics

for plausible auralization remains challenging, as such simulations typically require
detailed knowledge of the geometry and frequency-dependent material properties of
the space [36]. Nevertheless, recent work has demonstrated that highly plausible
renderings, comparable to Ambisonic rendering from measured SRIRs, can be achieved
when frequency-dependent reverberation times derived from measured BRIRs are used
to calibrate the simulation [12]. Estimated SRIRs, as discussed in Chapter 3, could
therefore also serve as input to room acoustic simulations, potentially in combination
with geometric information obtained from visual sensing.

For array-independent processing and rendering, SRIRs are often represented using
coe”cients of SHs or CHs. The following section motivates this representation,
introduces SHs and CHs more formally, and discusses their role in the contributions
presented in this thesis.

2.2 Spherical and Circular Harmonics

SHs are orthogonal basis functions on the sphere and are of particular importance in
audio and acoustics because they provide a compact and physically motivated way
to describe how a sound field varies with direction. In spherical coordinates, SHs
constitute the angular component of the solution to the acoustic wave equation [37].
Together with appropriate radial basis functions, SH expansions can be used to describe
any source-free region of a sound field, a property that will be exploited Section 2.3.

From a signal processing perspective, this makes SHs especially well suited for
microphone array processing [35, 38], sound-field estimation and synthesis [39, 40],
and spatial audio [41]. They provide a direction-continuous representation that allows
sound fields to be rotated, interpolated, and otherwise manipulated in a mathematically
well-defined manner. Moreover, the representation is hierarchical: increasing the
maximum SH order systematically increases the achievable angular resolution, while
truncation directly limits spatial detail.

One of the most prominent applications of SHs in audio is the Ambisonics frame-
work [41–43], which represents sound fields at a single receiver position using an SH
decomposition and enables flexible capture, processing, and rendering independent of
the microphone array and reproduction format. Within Ambisonics, sound scenes may
be encoded either from discrete sound sources or from microphone array recordings,
most commonly using SMAs. The resulting SH representation is largely device
independent, as array-specific characteristics are compensated for during the encoding
stage. This enables flexible downstream processing and rendering, allowing the
same Ambisonic signal to be rendered to di!erent loudspeaker layouts or to binaural
headphone signals. This decoupling of capture, processing, and rendering also brings
practical advantages for consumer applications by facilitating processing routines that
support di!erent device generations and user-individualized rendering. Moreover, the
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Figure 2.3: Normalized real-valued SHs up to order 𝑀 = 4 in the triangular (𝑈,𝑇)
layout.

direction-continuous representation provided by SHs greatly simplifies sound-field
rotations, which is essential for e”cient dynamic binaural rendering during head
movements.

Formally, SHs form a complete and orthogonal basis for square-integrable functions
𝑄 (ω) defined on the surface of a sphere [37]. A commonly used real-valued definition
of the SHs is given by

𝑍𝐿
𝑀 (ω) = 𝑀𝐿

𝑀 𝑐 |𝐿 |
𝑀 (cos(𝑏))




↔
2 sin( |𝑇 |𝑎), 𝑇 < 0

1, 𝑇 = 0
↔

2 cos( |𝑇 |𝑎), 𝑇 > 0,
(2.1)

where 𝑈 ↗ N0 denotes the order, ↓𝑈 ↘ 𝑇 ↘ 𝑈 the degree, ω = {𝑎, 𝑏} comprises
azimuth angle 𝑎 and zenith (colatitude) angle 𝑏, 𝑐𝐿

𝑀 (·) are the associated Legendre
polynomials, and

𝑀𝐿
𝑀 = (↓1)𝐿

√
2𝑈 + 1

4𝑑
(𝑈 ↓ |𝑇 |)!
(𝑈 + |𝑇 |)! (2.2)

is a normalization term.

Figure 2.3 illustrates the real-valued SHs up to order 𝑀 = 4. With increasing order 𝑈,
the basis functions exhibit increasingly fine angular structure, e!ectively partitioning
the sphere into smaller regions.

SH Transform Due to the orthogonality of SHs, any such function 𝑄 (ω) can be
expressed as a weighted sum of SHs𝑍𝐿

𝑀 (ω) with corresponding expansion coe”cients
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2 Virtualization of Real-World Acoustics

Figure 2.4: The function on the sphere on the top right is expressed via coe”cients of
SHs. The opacity of the depicted SHs illustrates the magnitude of the corresponding
SH coe”cient to represent the function.

𝑄 𝐿𝑀 [37],

𝑄 (ω) =
≃∑
𝑀=0

𝑀∑
𝐿=↓𝑀

𝑄 𝐿𝑀 𝑍𝐿
𝑀 (ω). (2.3)

This equation is also referred to as the inverse SH transform. The SH transform,
allowing to obtain coe”cients 𝑄 𝐿𝑀 for a given function 𝑄 (ω) is given by

𝑄 𝐿𝑀 =
∫
S2

𝑄 (ω)𝑍𝐿
𝑀 (ω) dω , (2.4)

where
∫
S2 dω =

∫ 2𝑁
0

∫ 𝑁

0 sin 𝑏 𝑒𝑏 𝑒𝑎 denotes the integral over the unit sphere.

Figure 2.4 illustrates how the function in the top right can be represented as a weighted
sum of SHs. The weight associated with each SH basis function, its SH coe”cient,
is visualized by the opacity of the corresponding SH in the figure. Computing these
coe”cients (the opacity values) from the function in the top right corresponds to
applying the SH transform to the function, whereas reconstructing the function from
the coe”cients requires the inverse transform. Because SHs exhibit progressively
finer angular structure with increasing order 𝑈, expanding a function using SHs up to
a given order yields a directional resolution that increases as higher-order terms are
included.

In theory, an infinite number of SHs is required for an exact representation of functions
with arbitrarily fine angular structure. In practice, SH expansions are truncated to a
finite maximum order 𝑀 , which directly limits the achievable angular resolution. The
inverse discrete SH transform with coe”cients f𝑂 ↗ C(𝑂+1)2 up to maximum order
𝑀 is then given by truncating the infinite sum in (2.3),

f𝑃 = Y𝑃f𝑂 , (2.5)
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Figure 2.5: Normalized real-valued CHs up to |𝑇 | = 4. The same colorscale as in
Figure 2.3 applies.

where Y𝑃 ↗ R𝑃⇐ (𝑂+1)2 contains the SHs evaluated in 𝑊 directions. The least squares
(LS)-optimal estimate for the discrete SH transform is [35]

f𝑂 = (Y ↑
𝑃 Y𝑃)↓1

Y
↑
𝑃 f𝑃 . (2.6)

Circular Harmonics Functions on the circle can be expressed analogously using
CHs. In acoustics, they describe two-dimensional sound fields when combined with
appropriate radial functions [44]. A real-valued definition of the CHs is given by

𝑂𝐿 (𝑎) =



↔
2 sin( |𝑇 |𝑎), 𝑇 < 0

1, 𝑇 = 0
↔

2 cos( |𝑇 |𝑎), 𝑇 > 0,
(2.7)

with 𝑇 ↗ Z.

CHs up to order 𝑀 = 4 (|𝑇 | ↘ 4) are shown in Figure 2.5. The shown CHs are,
up to normalization, equivalent to a horizontal cross-section (at the equator) of the
corresponding SHs with the same degree 𝑇, located at the edge of the SH triangle in
Figure 2.3 (where 𝑈 = |𝑇 |).
CHs are of practical relevance because, for a given maximum order 𝑀 (corresponding
to the maximum |𝑇 |), they provide the same azimuthal resolution as SHs while
requiring significantly fewer basis functions, specifically 2𝑀 + 1 instead of (𝑀 + 1)2.
In microphone array processing, CH processing thus can achieve the same azimuthal
accuracy with fewer sensors. Consequently, CHs are particularly beneficial when
spatial sampling is restricted to a small number of sensors arranged in a (horizontal)
plane, where SH processing becomes ill-conditioned. In this thesis, they are of
specific relevance when using wearable microphone arrays of only a small number
of microphones arranged approximately on a circle. While many of the following
formulations use SHs, they typically apply in the same way to two-dimensional sound
fields by replacing the SH terms (and corresponding radial terms) with corresponding
CH terms.

Several contributions of this thesis employ SHs or CHs as part of their underlying
signal model. Building on two-dimensional sound-field representations, P%.’$ C,
P%.’$ D, and P%.’$ E use them to describe signals captured by moving microphone
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2 Virtualization of Real-World Acoustics

arrays. P%.’$ F employs an SH-based model for stationary microphone arrays and
exploits it within and without the Ambisonics framework. Finally, P%.’$ G uses
an SH-based array model to improve the extraction of reflections from SRIRs by
more accurately accounting for the array influence. The following section introduces
a general microphone array signal model that serves as the foundation for these
contributions.

2.3 Microphone Array Signal Models

Several contributions in this thesis rely on signal models to derive optimal processing
routines. This section introduces a general microphone array signal model that makes
the separation between room-dependent and array-dependent e!ects explicit and
provides the foundation for several of the proposed SRIR estimation and rendering
methods.

Consider a single sound source in a room observed by a microphone array of 𝑃
microphones. In the frequency domain, a commonly used narrowband signal model
for the array signals x ↗ C𝑄 at frequency 𝑄 is

x( 𝑄 ) = v( 𝑄 ) 𝑌( 𝑄 ) + n( 𝑄 ), (2.8)

where v ↗ C𝑄 contains the acoustic transfer functions between the source and the
individual microphones, 𝑌 is the source signal, and n ↗ C𝑄 is additive noise. Each
entry of v implicitly combines the spatial room transfer function representing the
e!ects of sound propagation in the room and the spatial transfer function of the
microphone array, depending on array geometry, surface properties, and microphone
directivities.

A partial separation between room- and array-dependent contributions can be achieved
by selecting a reference microphone with corresponding transfer function 𝑓1 and
introducing relative transfer functions (RTFs) [45]

ṽ( 𝑄 ) :=
[
1, 𝑅2 ( 𝑆 )

𝑅1 ( 𝑆 ) , . . . , 𝑅𝐿 ( 𝑆 )
𝑅1 ( 𝑆 )

]↑
, (2.9)

such that v = 𝑓1 ṽ. Substituting this factorization into (2.8) yields

x( 𝑄 ) = 𝑓1 ( 𝑄 ) ṽ( 𝑄 ) 𝑌( 𝑄 ) + n( 𝑄 ). (2.10)

With this factorization, ṽ captures only the relative spatial structure of the sound
field across the array, while the transfer function from the source to the reference
microphone 𝑓1 absorbs all components that are common across microphones. It is
typically assumed that the dominant room-dependent contributions are contained in
𝑓1. However, any spatial characteristics of the room remain embedded in ṽ, together
with the spatial response of the array.
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2.3 Microphone Array Signal Models

Although this formulation is useful for many array processing tasks [46–50] and
provides partial robustness to changes in source and room conditions, it does not
provide a strict separation between spatial room and array contributions. This limits its
usefulness for SRIR estimation and rendering, where the goal is to obtain a directional
representation of the room acoustics that is independent of the specific microphone
array used for recording.

For notational clarity, the noise term is omitted in the following. The resulting
algorithms remain optimal under the common assumption of spatially white Gaussian
noise but, in practice, regularization is necessary to obtain stable and robust solutions
in the presence of finite data, noise, and model imperfections [51].

Separation of Room and Array Contributions To achieve such a separation,
we reformulate the problem from a sound-field perspective and assume that the
microphone array is contained in a source-free region of the sound field. In this region,
the sound field can be represented as a continuous superposition of plane waves.
Temporarily neglecting the influence of the microphone array, the sound pressure at a
position r is given by [35]

𝑉( 𝑄 , r) = 𝑌( 𝑄 )
∫
S2
𝐿( 𝑄 ,ω) ei𝑇r↑u(ω)dω, (2.11)

where 𝑅 denotes the wavenumber andu(ω) is the unit vector pointing in the plane-wave
arrival direction ω. The function 𝐿( 𝑄 ,ω) is the plane wave density associated with the
room transfer function and fully characterizes how the room maps the source signal to
a directional sound field.

Assuming the microphone array is centered in the coordinate origin r = 0, the sound
pressure in direction ω is given by

𝑉( 𝑄 ,ω) = 𝐿( 𝑄 ,ω) 𝑌( 𝑄 ). (2.12)

Now considering the array’s influence, the signal at microphone 𝑆 can be expressed
as the directional superposition of the incident sound field weighted by the 𝑆th
microphone’s directional response 𝑒𝑈 ,

𝑔𝑈 ( 𝑄 ) =
∫
S2
𝑒𝑈 ( 𝑄 ,ω) 𝑉( 𝑄 ,ω) dω. (2.13)

When considering wearable microphone arrays, the directional array response 𝑒𝑈 is also
influenced by the interaction of sound waves with the wearer’s body. In this context,
𝑒𝑈 has also been termed wearable-device related transfer function (WDRTF) [52].

Stacking all directional array transfer functions into a vector d = [𝑒1, . . . , 𝑒𝑄 ]↑ yields
the array signals

x( 𝑄 ) =
∫
S2
d( 𝑄 ,ω) 𝑉( 𝑄 ,ω) dω. (2.14)
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To obtain a discrete coe”cient-based model, the plane wave density is expanded into
SHs via (2.3),

𝐿( 𝑄 ,ω) =
≃∑
𝑀=0

𝑀∑
𝐿=↓𝑀

𝐿𝐿𝑀 ( 𝑄 )𝑍𝐿
𝑀 (ω). (2.15)

Substituting this expansion into the array measurement equation (2.14) and exchanging
summation and integration yields

x( 𝑄 ) = 𝑌( 𝑄 )
≃∑
𝑀=0

𝑀∑
𝐿=↓𝑀

𝐿𝐿𝑀 ( 𝑄 )
∫
S2
d( 𝑄 ,ω)𝑍𝐿

𝑀 (ω) dω. (2.16)

By defining the columns of the spatial array response matrix D ↗ C𝑄⇐ (𝑂+1)2 as

D(:,𝑀,𝐿) ( 𝑄 ) :=
∫
S2
d( 𝑄 ,ω)𝑍𝐿

𝑀 (ω) dω, (2.17)

limiting the SH coe”cients 𝐿𝐿𝑀 to a maximum order 𝑈 ↘ 𝑀 and stacking them into a
vector a ↗ C(𝑂+1)2 , the signal model can be written compactly as

x( 𝑄 ) = D( 𝑄 ) a( 𝑄 ) 𝑌( 𝑄 ). (2.18)

In this formulation, a represents the spatial room transfer function in the form of SH
coe”cients of the plane wave density. The spatial array response matrix D contains
the SH coe”cients of the directional array response and, by summing over its columns,
transforms from the SH domain to the microphone signals. This factorization makes
the separation between room acoustics and array influence explicit and provides a
basis for array-independent signal representations and algorithms. Following the
SRIR definition from Section 2.1, both the SH-domain representation a and the
microphone-domain representation Da are considered spatial room transfer functions
in this thesis, although only the former is array independent.

Spatial Array Response Matrix For SMAs, analytical expressions for the ar-
ray response matrix D exist and can be obtained by expressing the sound-field
equation (2.11) in spherical coordinates,

𝑉( 𝑄 , 𝑋,ω) = 𝑌( 𝑄 )
≃∑
𝑀=0

𝑀∑
𝐿=↓𝑀

𝐿𝐿𝑀 ( 𝑄 )𝑁𝑀 (𝑅𝑋)𝑍𝐿
𝑀 (ω), (2.19)

where 𝑁𝑀 = 4𝑑i𝑀 𝑕𝑀 are called radial terms and 𝑕𝑀 are the spherical Bessel functions [35].

Comparing (2.16) and (2.19) reveals that, for open SMAs (without ba#e), the array
response matrix is analytically defined by

DSMA ( 𝑄 ) = YM diag{b( 𝑄 )} , (2.20)
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2.3 Microphone Array Signal Models

where YM ↗ R𝑄⇐ (𝑂+1)2 contains the SHs evaluated at the microphone positions and
b ↗ C(𝑂+1)2 the radial terms evaluated at the array radius. Similar solutions for other
spherical microphone configurations such as rigid arrays only di!er by the definition
of their radial terms and are derived by considering appropriate boundary conditions
imposed by the array [37, 53, 54].

For arbitrary microphone arrays, such analytical expressions are generally not available.
The array response matrix can, however, be estimated from a set of anechoic ATFs
PA ↗ C𝑄⇐𝑃 in a discrete grid of 𝑊 directions. These ATFs can be analytically
described as microphone signals excited by unit-amplitude plane waves from the
corresponding directions [35],

PA ( 𝑄 ) = D( 𝑄 )Y ↑
𝑃 . (2.21)

The spatial array response matrix is then estimated as an optimal weighted-least-squares
fit between the model and the measured (or simulated) ATFs [55]

D̂( 𝑄 ) = arg min
D

DY
↑
𝑃 ↓ PA ( 𝑄 )


W

1
2

2

F

= PA ( 𝑄 )WY𝑃


Y

↑
𝑃WY𝑃

↓1
, (2.22)

where Y𝑃 ↗ R𝑃⇐ (𝑂+1)2 contains the SH basis evaluated in the ATF grid directions,
and W ↗ R𝑃⇐𝑃 is a diagonal matrix of quadrature weights that account for the
discrete and potentially non-uniform sampling of the 𝑊 directions.

Ambisonic Encoding From Microphone Arrays Based on the signal model
in (2.18), Ambisonic encoding can be interpreted as estimating a direction-continuous
description a𝑌 of the sound field that is independent of the specific microphone
array used for capture. Considering a more general multi-source formulation, the
vector


𝑉 a𝑉𝑌𝑉 represents the time-varying SH coe”cients of the sound scene, while

the spatial array response matrix D describes how this SH representation is observed
by the microphone signals. Ambisonic encoding therefore aims to invert the array
response matrix in order to recover the SH coe”cients from the array signals.

For SMAs (2.20), this requires applying the SH transform (2.6) and inverting the
radial terms to obtain an array-independent SH representation in the center of the
array at 𝑋 = 0 [41],

ESMA ( 𝑄 ) = diag{b( 𝑄 )}↓1 (Y ↑
M YM)↓1

Y
↑

M . (2.23)

An explicit encoder is therefore also required for arbitrary arrays to compensate for
array e!ects and recover SH coe”cients that represent the sound field at the array
center.
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Since plane waves form a complete basis for source-free sound fields, an encoder that
correctly maps plane waves to their SH representations, by linearity, also provides a
valid SH encoding for arbitrary superpositions of plane waves, and thus for general
sound scenes within the modeled spatial bandwidth. This leads to a general formulation
of an Ambisonic array encoder that, in an LS-optimal way, aims to map the array
response to incoming plane waves onto the corresponding ideal SH coe”cients [55,
56],

ELS ( 𝑄 ) = arg min
E

EPA ( 𝑄 ) ↓ Y
↑
𝑃


W

1
2

2

F

= Y
↑
𝑃WP

H
A ( 𝑄 )


PA ( 𝑄 )WP

H
A ( 𝑄 )

↓1
. (2.24)

In practice, the inverse in (2.24) requires regularization, and the encoder is typically
di!use-field equalized above the spatial aliasing limit [57–59].

Variants of the signal model from (2.18) form the basis for several estimation and
processing methods in this thesis. By replacing the SH basis with CHs, the same
signal model can be applied to describe two-dimensional sound-field relations, for
example for approximately circular arrays in the horizontal plane. This is done in
P%.’$ C, P%.’$ D, and P%.’$ E, where equatorial and head-worn microphone arrays
are employed.
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Chapter 3

Spatial Room Impulse Response

Estimation

As discussed in Section 2.1, SRIRs are a key ingredient for the plausible auralization
of virtual sound sources in real-world environments. In practice, however, measured
SRIRs are rarely available, as dedicated acoustic measurements are typically infeasible
outside laboratory conditions. In the introductory example, a user aims to experience
an acoustically matched virtual sound source without providing explicit acoustic
parameters or requiring an expert to measure RIRs. Consequently, SRIRs must be
estimated from sensor data that are readily available in practical scenarios, most
notably microphone (array) recordings of naturally occurring sounds such as speech.

The inverse problem of recovering an RIR from a reverberant signal, modeled as the
convolution of an unknown source signal with an unknown RIR, is commonly referred
to as blind system identification [60]. If the source signal, often termed a reference, is
known or can be estimated, the problem instead becomes an informed or semi-blind
identification task.

Traditional methods for blind multichannel RIR estimation are largely based on channel
cross-relations [61–66]. In a nutshell, these algorithms exploit the observation that
the convolution of the signal observed at microphone 𝑖 with the RIR of microphone 𝑕
equals the convolution of the signal observed at microphone 𝑕 with the RIR of
microphone 𝑖, i.e.,

𝑔𝑉 → 𝑗 𝑊 = 𝑔 𝑊 → 𝑗𝑉 . (3.1)

By formulating this relation for all microphone pairs, a system of equations is obtained
that can be solved in a LS or least-mean-squares sense.

Historically, such approaches have been developed primarily for communication
channel identification, where impulse responses typically consist of only a few taps.
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While some works have extended these techniques to acoustic scenarios with several
hundred or even up to 1024 taps [66], none have demonstrated robust estimation
of acoustic RIRs of realistic duration at typical audio sampling rates, which would
require tens of thousands of taps. We investigated this limitation in P%.’$ A, where
we showed that cross-relation-based algorithms fail to converge for such long impulse
responses.

In the same work, however, a di!erent strategy was shown to be e!ective: instead
of directly estimating the RIRs, a reference signal termed a pseudo-reference is first
estimated from the microphone signals. This pseudo-reference can then be used in
conjunction with informed system identification techniques to recover the RIRs. The
next section reviews this approach in more detail and establishes it as a central building
block of the SRIR estimation framework developed in this thesis.

Neural Network Approaches Beyond model-based signal processing methods,
neural network approaches have recently gained increasing attention for blind RIR
estimation. Many existing works focus on single-channel setups and are often limited
in frequency range, yet their results are promising and open up new interesting
ways of addressing the problem. Typically, the neural network architecture consists
of an encoder that extracts room acoustic features from an audio signal into a
compressed latent representation, and a decoder that reconstructs an RIR from this
latent space [67, 68]. Recent studies have extended this paradigm in various directions.
Some approaches jointly optimize RIR estimation and acoustic matching [69], others
focus on generating perceptually valid RIRs [70] or employ physically motivated
parametric models [71]. Extensions to multi-source scenarios [72], estimation of
RIRs at arbitrary receiver positions [73], multimodal audio-visual learning [74], and
joint RIR estimation and dereverberation [75, 76] have also been proposed.

Recent work has also explored alternatives to explicit RIR estimation. One such
direction is acoustic matching, where the acoustics of one recording are transferred
to another by exploiting latent representations learned from data [27, 77, 78]. These
approaches bypass explicit RIR estimation altogether and instead aim to directly
achieve similarity between recordings. Another complementary line of research seeks
to infer room acoustic properties from visual information alone [79–84]. While visual
methods can provide valuable prior information about an environment, they typically
do not yield a full spatially resolved impulse response suitable for rendering.

When large amounts of realistic training data and computational resources are available,
learning-based methods may achieve excellent performance and surpass classical signal
processing approaches. However, practical systems for AR or telepresence applications
often operate under strict constraints in terms of data availability, computational
complexity, and generalization to unseen environments. In such settings, purely
data-driven approaches may struggle to provide robust solutions, and a modular
estimation framework, such as the one introduced below, may provide an opportunity
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3.1 Estimation Using a Pseudo-Reference Signal

Dereverberation Beamforming LS Estimator

Pseudo-
Reference 𝑌Array Signals x

SRIR
Estimate

DoA

Figure 3.1: The SRIR is estimated from the array signals x and the pseudo-reference 𝑌,
which is obtained through dereverberation and beamforming. Bold lines indicate
multichannel signals. Figure adapted from P%.’$ A.

to combine model-driven digital signal processing and deep learning methods in an
e”cient and high-performing manner in the future.

3.1 Estimation Using a Pseudo-Reference Signal

With traditional blind multichannel system identification methods failing to converge
for realistic acoustic RIRs, an alternative strategy is required. In P%.’$ A, we therefore
proposed a modular estimation framework that reformulates the blind problem as an
informed one by introducing a pseudo-reference signal. While the general idea of
reference estimation has previously been explored in the context of reverberation time
estimation [85] and parametrization of SH-domain SRIRs [86], P%.’$ A was the first
to demonstrate the applicability of the full framework to array SRIR estimation.

The framework is motivated by the common conceptual decomposition of RIRs into
direct sound, early reflections, and late reverberation (see Figure 2.2). An overview of
the signal flow is shown in Figure 3.1. The single-channel pseudo-reference signal 𝑌
is an estimate of the anechoic source signal and is derived from the multichannel array
signals. It is obtained by suppressing late reverberation through dereverberation, and
extracting the direct sound with minimal distortion while attenuating early reflections
via beamforming.

Here, dereverberation is applied prior to beamforming because the employed dere-
verberation method benefits from multichannel information. However, the order
of dereverberation and beamforming can be exchanged if a high-performing single-
channel dereverberation method is available. Once the pseudo-reference signal is
available, standard estimators like a multichannel Wiener or recursive least squares
(RLS) filter can be employed to obtain the SRIR [87]. While the framework is modular
and allows for di!erent algorithmic choices within each processing block, the blocks
must satisfy certain properties to ensure the validity of the pseudo-reference.

The framework can be applied either directly to array signals or after encoding to
Ambisonics. While only the latter yields an array-independent SRIR representation,
the former can be combined with an array-aware binaural renderer (Section 4.1) so
that the binaural output is again compensated for the array influence.
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3 Spatial Room Impulse Response Estimation

Dereverberation When dereverberation is applied to the multichannel array signals,
it is crucial that inter-channel relationships exploited by the subsequent beamformer
are preserved. In particular, the algorithm must not distort the direct sound or alter the
relative time di!erences of arrival between microphones. The generalized weighted
prediction error (GWPE) algorithm satisfies these requirements [88]. For each short-
time Fourier transform (STFT) subband 𝑁 and time index 𝑘, GWPE computes a
linear prediction matrix G𝑋 that predicts the current multichannel signal vector x𝑋 (𝑘)
from delayed versions x𝑋 (𝑘 ↓ 𝑙) and suppresses late reverberation by subtracting the
prediction from the array signals,

x̂𝑋 (𝑘) = x𝑋 (𝑘) ↓
ε+𝑌𝑀↓1∑

𝑍=ε

G
H
𝑋 (𝑙) x𝑋 (𝑘 ↓ 𝑙) . (3.2)

A key assumption underlying GWPE is that the source signal exhibits non-negligible
temporal correlation only within a short interval of ε samples, referred to as the
prediction delay. Components arriving later than this delay are treated as reverberation
and suppressed. For speech signals, ε is typically chosen between 10 to 40 ms. While
GWPE can in principle be applied to other signal types, only a single prediction delay
can be specified. For mixtures of signals with di!erent e!ective correlation lengths,
for instance speech and a sustained piano tone, dereverberation will therefore either
a!ect only components arriving after the longest correlation interval, corresponding
to the sustained tone and leaving much of the reverberation excited by the speech
intact, or suppress signal components with long temporal autocorrelation, e!ectively
cutting o! the sustained tone. In such cases, alternative dereverberation approaches,
including recent deep learning-based methods trained on signal mixtures, may be
more suitable [75, 89].

Beamforming Following dereverberation, beamforming is employed to directionally
extract the direct sound component while maximally suppressing signal components
arriving from other directions. These undesired components typically correspond to
early reflections in single-source scenarios and additionally to interfering sources in
multi-source scenarios. A distortionless beamformer can be defined as

wBF ( 𝑄 ) =
R

↓1
c ( 𝑄 ) pA ( 𝑄 )

p
H
A ( 𝑄 )R↓1

c ( 𝑄 )pA ( 𝑄 )
, (3.3)

where pA denotes the anechoic ATF corresponding to the desired source direction
and Rc is an appropriate spatial covariance matrix. Depending on the choice of Rc,
this formulation yields a matched-filter beamformer (identity matrix), a minimum-
power distortionless response (MPDR) beamformer (signal covariance matrix), or a
minimum-variance distortionless response (MVDR) beamformer (noise covariance
matrix) [51]. The beamformer requires an estimate of the source direction of arrival
(DoA) to select the appropriate ATF. In P%.’$ A and P%.’$ E, we estimated the DoA
using the multiple signal classification (MUSIC) algorithm [90].
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3.1 Estimation Using a Pseudo-Reference Signal

SRIR Estimation Once the pseudo-reference signal 𝑌 has been obtained, SRIR
estimation reduces to an informed system identification problem in which the room
transfer function is the only unknown. The spatial room transfer function (the
frequency-domain counterpart of the SRIR) is then estimated by minimizing the
expected squared error between the filtered pseudo-reference and the microphone array
signals. A microphone-domain spatial room transfer function estimate is obtained by

ŵ( 𝑄 ) = arg min
w

E

⇒w𝑌( 𝑄 ) ↓ x( 𝑄 )⇒2

2
}
, (3.4)

and an array-independent SH- or CH-domain estimate by

ŵ( 𝑄 ) = arg min
w

E

⇒D( 𝑄 )w𝑌( 𝑄 ) ↓ x( 𝑄 )⇒2

2
}
. (3.5)

P%.’$ A and P%.’$ B assumed time-invariant conditions and employed a multichannel
Wiener filter (MWF), whereas P%.’$ C, P%.’$ D and P%.’$ E addressed scenarios
with moving arrays and adopted an RLS formulation. In practical implementations,
regularization is necessary to mitigate noise amplification in frequency regions where
the pseudo-reference has low energy.

Discussion The studies in P%.’$ A and P%.’$ B demonstrate that the proposed
framework enables accurate SRIR estimation in static scenarios across di!erent array
geometries, including circular, equatorial, spherical, and head-worn configurations.
A central outcome is that dereverberation substantially improves SRIR estimation
compared to processing without dereverberation. By attenuating late reverberation
during pseudo-reference estimation, dereverberation reduces RT errors and yields
DRR estimates that, in the vast majority of cases, fall below the just-noticeable
di!erence (JND).

The applicability of the framework to head-worn microphone arrays integrated into
wearable devices further highlights its practical relevance. In such configurations, the
estimated SRIRs capture RT and DRR with an accuracy that is superior to dedicated
parameter estimators developed in the context of the ACE challenge [22]. Moreover, the
parameter estimation remains robust in the presence of noise, interfering speech, and
DoA errors. The estimated SRIRs exhibit close agreement with reference responses
in both early reflection structure and overall energy decay, as illustrated in Figure 3.2.

Although both time-domain and spectral analysis, as well as parameter estimation per-
formance suggest high accuracy in such static scenarios, the estimated pseudo-reference
is inevitably imperfect. DoA errors, limited beamformer directivity, incomplete sup-
pression of late reverberation, noise, and interfering sources introduce imperfections
that may manifest in the SRIR estimates as narrowband ringing artifacts. To address
this issue, the late reverberation tail can be resynthesized using spectrally shaped,
exponentially decaying noise based on octave-band RT, DRR, spatial covariance,
and energy decay of the estimated SRIR. Owing to the narrowband nature of the
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Figure 3.2: One channel of a reference SRIR and an SRIR estimate obtained from
speech captured with a microphone array in smartglasses.

artifacts, this simple resynthesis strategy e!ectively removes the ringing artifacts while
preserving perceptually relevant room characteristics. Binaural renderings based on
the resynthesized SRIRs then, in some cases, reproduce the perceived room acoustics
as faithfully as a measurement, and, in most cases, more faithfully than a measured
SRIR of a di!erent but similarly sized room.

Instead of relying on far-field speech, SRIR estimation using the voice of the person
wearing the smartglasses may be particularly relevant in practical VR or AR applica-
tions using head-worn devices. To support the creation of virtual far-field sources in
such scenarios, the corresponding parameter estimates need to be compared to far-field
references. In scenarios with a high signal-to-noise ratio (SNR), the blind estimation
framework then yields RT estimates that are comparable in accuracy to baseline
estimators operating on far-field speech. Such high-SNR conditions are particularly
realistic due to the close proximity of the wearer’s mouth to the microphone array, and
investigations based on anechoic measurements showed that SNRs in scenarios using
own speech are typically about 20 dB higher than in far-field speech scenarios.

Naive estimation of DRRs from the wearer’s own speech naturally results in significantly
higher DRRs than far-field reference values due to the increased direct sound level.
However, follow-up work showed that extrapolating these own-speech DRR estimates
to far-field DRRs is feasible above the Schröder frequency in su”ciently reverberant
rooms [91].

From an application perspective, wearable microphone arrays are of particular interest.
However, they introduce an additional challenge in that the array moves continuously
with the user. The next section discusses how the proposed SRIR estimation framework
can be extended to such dynamic settings.
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3.2 Estimation From Moving Arrays

3.2 Estimation From Moving Arrays

Wearable microphone arrays are particularly valuable for RIR estimation in VR and
AR systems, since these systems often already require head-worn devices, such as
smartglasses or headsets, for visual tracking and rendering. In the introductory AR
example, either the user or another person in the room may be equipped with such an
array to capture the speech. Wearable devices, however, introduce a unique challenge:
the microphones move continuously during recording. Two key questions then arise:
can the array motion be compensated for to obtain accurate SRIR estimates, and, can
it be exploited to capture richer directional or spatial information?

While no previous work has specifically addressed SRIR estimation with moving
arrays, related research exists in the context of RIR measurement and sound-field
estimation [92–98]. The measurement methods typically assume carefully designed
measurement signals and the sound-field methods aim to reconstruct the sound field
over a large spatial domain. In contrast, the methods introduced in P%.’$ C, P%.’$ D,
and P%.’$ E aim to reconstruct the directional sound field at a single receiver location
for the purpose of auralization. Although the underlying signal models are related, the
methodologies and evaluation criteria di!er.

Methodology P%.’$ C, P%.’$ D, and P%.’$ E extend the stationary signal model
from (2.18) by explicitly incorporating array translation and rotation and estimating
the SRIR as CH-domain sound-field coe”cients that are valid in a region around
the array’s initial position. The array signals at the rotated, translated position are
then obtained by applying linear rotation and translation operators to the CH-domain
representation,

x( 𝑄 , 𝑚, 𝑎t, 𝑋t) = D( 𝑄 )R(𝑚)T ( 𝑄 , 𝑎t, 𝑋t)a( 𝑄 )𝑌( 𝑄 ). (3.6)

Here, R represents an azimuthal rotation of the array by angle 𝑚, and T models a
translation defined by angle 𝑎t and distance 𝑋t. Assuming an estimate of D is available
from anechoic ATFs and (2.22), a position tracking system provides 𝑚, 𝑎t, and 𝑋t, and
a pseudo-reference approximates 𝑌, (3.6) can be solved for a with an RLS filter.

The same formulation can be applied to arbitrary 6DoF movements using SHs and
their corresponding rotation and translation theorems [99]. However, the number of
coe”cients required to represent a three-dimensional sound field, (𝑀 + 1)2 instead of
2𝑀 + 1 for CHs, and the typical arrangement of microphones mainly around the front
and sides of the user’s head make this impractical for current head-worn arrays with a
limited number of microphones.

Although this concept has not previously been applied to moving microphone arrays,
SH and CH translation operations have been used similarly to combine signals from
multiple microphone arrays [100–102] and to enable translational head movements
during binaural rendering [103, 104].
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3 Spatial Room Impulse Response Estimation

Discussion While the frequency-independent rotation operator R accurately repre-
sents azimuthal rotation for any given maximum order 𝑀 of the CH coe”cients, the
accuracy of the translation operation T for a translation distance 𝑋 is strictly limited
by frequency and CH order. As discussed in [104], the translation is only accurately
modeled up to 𝑅𝑋 < 𝑀 for the zeroth-order CH coe”cients, and up to 𝑅𝑋 < 𝑀 ↓ 𝑇 for
higher orders 𝑇.

The results presented in P%.’$ C and P%.’$ D show that controlled microphone
array motion can not only be compensated for but also actively exploited in SRIR
estimation. In particular, array rotation provides additional spatial diversity that can be
used to improve directional resolution. By combining observations during continuous
rotation of a microphone array supporting a maximum CH order 𝑀a, it becomes
possible to estimate SRIR coe”cients of higher order 𝑀 > 𝑀a. This allows SRIR
estimates obtained from compact rotating arrays to achieve an accuracy comparable to
measurements from static arrays with a significantly larger number of microphones.

SRIR estimation during translational array motion presents a significantly greater
challenge than rotation alone, since, from the array’s perspective, translational
movement causes the direct sound and early reflections to change not only in direction
but also in time. As a result, the achievable accuracy of SRIR estimates is generally
lower compared to SRIRs measured with static arrays. Nevertheless, accurate estimates
can still be obtained at low and mid frequencies, and combining multiple translated
observations in an optimal LS sense allows the e!ective CH order 𝑀 of the SRIR
estimate to exceed the array’s native limit 𝑀a.

This is illustrated for a single point source in Figure 3.3, where sound-field recon-
struction accuracy is used as a proxy for CH coe”cient accuracy. This concept
follows directly from (2.19), which states that the sound pressure at any point within a
source-free region can be reconstructed from a complete set of sound-field coe”cients.
When only a finite number of coe”cients is available, accurate reconstruction is
confined to the region 𝑅𝑋 ↘ 𝑀 [105]. Conversely, if the reconstructed field remains
accurate up to a given value of 𝑅𝑋 , this indicates that the corresponding CH coe”cients
are accurate up to order 𝑀 . Figure 3.3 shows that, by combining multiple observations
of order 𝑀a and estimating CH coe”cients of order 𝑀 > 𝑀a, the resulting SRIR
coe”cients remain accurate up to 𝑅𝑋 = 𝑀 , extending the valid reconstruction region
beyond the native limit 𝑅𝑋 = 𝑀a.

The full blind estimation framework from Figure 3.1, including adaptive dereverbera-
tion and beamforming, was applied to a head-worn microphone array embedded in
sunglasses (see Figure 1.1) and worn by a human participant performing natural head
movements under more realistic conditions in P%.’$ E. In informed settings, where
access to a reference signal is available, acoustic parameter estimates then remain
comparable to those obtained in stationary scenarios. However, when based on the
estimated pseudo-reference, performance degrades, and explicitly modeling the array
motion does not provide a benefit anymore over estimating an omnidirectional RIR
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(a) (b) (c)

(d) (e)
Figure 3.3: The real part of the sound pressure of a point source in (a) is accurately
reproduced within 𝑅𝑋 = 𝑀a (black circle) in (b), using CH coe”cients of order
𝑀a obtained from a microphone array (red dot) at the origin (black cross). In (c),
CH coe”cients measured by an o!-origin array are translated to the origin, but the
resulting sound field is inaccurate for 𝑅𝑋 < 𝑀a. In (d), combining multiple o!-origin
observations of order 𝑀a yields accurate origin coe”cients for 𝑅𝑋 < 𝑀a. Finally, in
(e), with a su”cient number of 𝑀ath-order observations, the coe”cient order can be
increased to 𝑀 > 𝑀a, enabling accurate field reproduction within 𝑅𝑋 < 𝑀 (dashed
circle). Figure adapted from P%.’$ D.

using the zeroth-order CH coe”cient only.

While room acoustic parameters such as RT and DRR can still be estimated with
promising accuracy under these conditions, limitations remain in the estimation of the
direct sound magnitude and the directional energy distribution. As a consequence,
the estimated SRIRs are not directly suitable for perceptual evaluation and must be
resynthesized using an idealized direct sound impulse combined with isotropic di!use
reverberation shaped to match the estimated parameters. Listening experiments based
on these responses indicate that motion-aware SRIR estimation does not consistently
provide perceptual advantages over the simpler omnidirectional model. In particular,
modeling natural head-worn motion using low-order CH representations obtained
from a practical microphone array appears to introduce perceptually relevant errors.
Nevertheless, omnidirectional estimation using a zeroth-order CH coe”cient remains
practically useful, as renderings based on such an RIR are perceived as closer to a
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3 Spatial Room Impulse Response Estimation

measurement-based reference than renderings from measurements conducted in other
rooms.
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Chapter 4

Binaural Spatial Room Impulse

Response Rendering

Binaural rendering of a virtual sound source generally consists of applying the desired
acoustic characteristics to a dry source signal and converting the result into binaural
ear signals. In the conceptually straightforward case, where a BRIR is available that
contains both head-related and room-acoustic cues, the rendering is simply achieved
by convolution of BRIR and signal [106]. In more general settings, such as when
using SRIRs, these two aspects must be handled separately, such that the source signal
is reverberated and rendered binaurally in two separate steps.

Methods for binaural rendering of virtual acoustics can broadly be classified into direct
and parametric approaches [18]. Direct methods transform a multichannel signal into
binaural ear signals, typically in a single processing stage. When SRIRs are used, this
involves converting the SRIR into a BRIR by means of a convolutional multichannel
matrix filter and creating the ear signals by convolution with a source signal.

Parametric methods are motivated by the common RIR model introduced in Section 2.1,
which distinguishes between direct sound, early reflections, and late reverberation.
These methods typically render the early response with high directional accuracy,
using additional information such as the DoA of the direct sound and early reflections,
while rendering the late reverberation with reduced directional resolution. Parametric
approaches received early attention due to their ability to e”ciently adapt to listener
or source movement by updating the early response, as well as their potential for
computationally e”cient rendering of late reverberation [17, 107–110].

The next sections introduce both concepts in detail and discuss the corresponding
contributions of this thesis.
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4 Binaural Spatial Room Impulse Response Rendering

4.1 Direct Rendering

Direct SRIR-based binaural rendering of a virtual source combines a source signal 𝑌,
an (SH-domain or microphone-domain) SRIR a containing the room-acoustic cues,
and a binaural rendering filter wbin, derived from a set of HRTFs h encoding the
head-related cues. In the frequency domain, the resulting binaural signal for one ear is
given by

𝑌bin ( 𝑄 ) = w
↑
bin ( 𝑄 ) a( 𝑄 ) 𝑌( 𝑄 ). (4.1)

This equation shows that the binaural rendering can be implemented equivalently
as either first converting the SRIR to a BRIR via the operation w

↑
bin ( 𝑄 )a( 𝑄 ), and

then filtering the source signal, or first convolving the source signal with the SRIR
via a( 𝑄 )𝑌( 𝑄 ) and subsequently applying the binaural rendering filter. Since direct
rendering does not exploit any specific structure of the SRIR, any linear, signal-
independent binaural rendering method may be employed to obtain wbin.

Three main classes of methods have been proposed in the literature: Ambisonic
binaural rendering, beamforming-based binaural reproduction (BFBR), and binaural
signal matching (BSM). In P%.’$ F, we proposed an end-to-end magnitude least
squares (eMagLS) rendering framework that unifies and extends recent variants of
these approaches.

In the following, a unified perspective on direct binaural rendering is provided,
clarifying relationships between Ambisonic rendering, BFBR, BSM, and eMagLS. For
notational clarity and to emphasize conceptual relations, the following formulations
are presented in a simplified form, omitting regularization terms that are nonetheless
essential in practical implementations.

Ambisonic Rendering Binaural rendering from Ambisonics typically assumes
ideal Ambisonic signals. In the context of SRIR-based rendering, this corresponds
to assuming that the SRIR a is represented in the SH domain without errors from
discrete spatial sampling. In practice, an approximate SH representation is obtained for
arbitrary arrays using a general ATF-based encoder, such as (2.24). The resulting SH
coe”cients are then subject to errors at low frequencies due to encoder regularization
and at high frequencies due to SH order truncation and spatial aliasing [55, 111].

Early Ambisonic binaural renderers were inspired by loudspeaker-based reproduction.
The Ambisonic signal (or SRIR) is first rendered to a set of virtual loudspeakers (VLs),
followed by convolution with HRIRs corresponding to the loudspeaker directions [112,
113]. Assuming an approximately uniformly distributed loudspeaker setup that
supports the SH order, the VL signals are obtained via the inverse SH transform (2.5),
yielding binaural rendering filters after multiplying with the HRTFs,

w
VL
bin ( 𝑄 ) =

4𝑑
𝑊

Y
↑
𝑃 h( 𝑄 ), (4.2)
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where Y𝑃 ↗ R𝑃⇐ (𝑂+1)2 contains the SHs evaluated at the 𝑊 HRTF directions.

Alternatively, the HRTFs themselves may be expressed in the SH domain [114, 115].
LS optimal rendering filters are then obtained by minimizing the squared error between
the HRTFs and the SH-domain reconstruction evaluated in the same directions,

w
LS
bin ( 𝑄 ) = arg min

w

Y𝑃w( 𝑄 ) ↓ h( 𝑄 )
2

2

= (Y ↑
𝑃 Y𝑃)↓1

Y
↑
𝑃 h( 𝑄 ). (4.3)

This solution can be interpreted either as the SH transform of the HRTFs via (2.6) or
as the optimal filters that map ideal Ambisonic plane waves to HRTFs from the same
directions. By virtue of plane-wave decomposition, these filters are applicable to any
Ambisonic signal, provided that the directional sampling of plane-wave directions
is su”ciently uniform over the sphere. The LS approach is equivalent to the VL
approach if Y ↑

𝑃 Y𝑃 = 𝑃
4𝑁 I , which holds due to the orthonormality of the SHs when

the sampling grid supports spherical quadrature up to order 𝑀 and suitable quadrature
weights are employed. A spherical 𝑛-design with 𝑛 ⇑ 2𝑀 satisfies this condition and,
since all quadrature weights are equal, does not require explicit weighting [41].

In practice, rendering low-order Ambisonic signals using such low-order SH repre-
sentations of HRTFs leads to spatio-spectral coloration [116–118]. Motivated by the
Duplex theory [119], it has been shown that the e!ective HRTF directionality and the
resulting coloration can be reduced by removing interaural time di!erences at high
frequencies [120]. This idea was later generalized by optimizing only the magnitude of
the rendered response above a transition frequency 𝑄c [121]. The resulting magnitude
least squares (magLS) renderer combines the LS solution at low frequencies with
magnitude optimization at high frequencies,

w
MLS
bin ( 𝑄 ) = arg min

w

Y𝑃w( 𝑄 ) ↓ h( 𝑄 )
2

2 , 𝑄 ↘ 𝑄c, |Y𝑃w( 𝑄 ) | ↓ |h( 𝑄 ) |
2

2 , 𝑄 > 𝑄c.
(4.4)

Although this non-convex problem admits convex relaxation formulations, in practice,
iterative solvers that propagate phase information from neighboring frequency bins
are commonly preferred [41, 122].

Beamforming-Based Binaural Reproduction Ambisonic VL rendering can be
interpreted as steering SH-domain beamformers in a set of directions, followed by
convolution with HRIRs. This interpretation may have motivated the development of
beamforming-based rendering, first for spherical and later for arbitrary arrays [123–
127]. The resulting framework was later referred to as BFBR.

In its most general form, the approach relies on the array signal model from (2.8).
It designs a set beamformers WBF ↗ C𝑃⇐𝑄 and weights their output by the factors
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ω ↗ R𝑃 to balance a non-uniform beamformer grid. To obtain rendering filters, the
weighted beamformers are multiplied by HRTFs from corresponding directions,

w
BFBR
bin ( 𝑄 ) = W

↑
BF ( 𝑄 ) diag{ω}h( 𝑄 ). (4.5)

For SMAs with 𝑃 ⇑ (𝑀+1)2 microphones and su”ciently uniform spatial coverage to
resolve all SH modes, BFBR using maximum directivity index (max-DI) beamformers
is equivalent to Ambisonic VL rendering1 [127].

Binaural Signal Matching While BFBR enables flexible rendering for arbitrary
arrays, it does not provide a direct optimal array-to-binaural mapping. Motivated by
the concept of synthesizing array directivity patterns via a filter-and-sum operation,
the virtual artificial head method directly optimizes the match between a filtered set of
ATFs PA and the HRTF [128, 129],

w
BSM
bin ( 𝑄 ) = arg min

w

P ↑
A ( 𝑄 )w( 𝑄 ) ↓ h( 𝑄 )

2
2

= (P →
A ( 𝑄 )P ↑

A ( 𝑄 ))↓1
P

→
A ( 𝑄 )h, (4.6)

where (·)→ denotes complex conjugation. The concept was later also derived from a
signal-dependent perspective and referred to as BSM [130].

The operator (P →
AP

↑
A )↓1

P
→
A can be interpreted as a bank of beamformers, allowing

BSM to be cast as a BFBR variant [131]. Moreover, comparing (4.6) with the
Ambisonic LS renderer (4.3) reveals that both approaches are equivalent when the
microphone array constitutes an ideal Ambisonic receiver, i.e., when P

↑
A = Y𝑃.

Consequently, the BSM approach su!ers from the same coloration issues as LS
Ambisonic rendering.

End-to-End Magnitude Least Squares Rendering In P%.’$ F, we extended the
Ambisonic magLS renderer to explicitly incorporate array characteristics by replacing
the ideal SH model with an array signal model, resulting in the eMagLS renderer.
While initially derived for spherical and equatorial arrays in P%.’$ F and [132], the
approach generalizes naturally to arbitrary arrays using measured or simulated ATFs
as used in [133, 134] and P%.’$ B.

1The Ambisonic SMA encoder from (2.23) transforms signals to the SH domain and inverts the radial
terms:

ESMA ( 𝑆 ) = diag{b( 𝑆 ) }↓1 (Y ↑
M YM )↓1Y ↑

M .

VL signals in the HRTF directions are then obtained by applying the inverse SH transform. These signals
are identical to those produced by a max-DI beamformer designed for the same array [127],

Wmax↓DI ( 𝑆 ) = Y𝑁 diag{b( 𝑆 ) }↓1 (Y ↑
M YM )↓1Y ↑

M = Y𝑁ESMA ( 𝑆 ) .
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The eMagLS rendering filters are obtained by replacing the SH matrix Y𝑃 in (4.4)
with (analytic, measured, or simulated) ATFs PA,

w
EMLS
bin ( 𝑄 ) = arg min

w

P ↑
A ( 𝑄 )w( 𝑄 ) ↓ h( 𝑄 )

2
2 , 𝑄 ↘ 𝑄c, |P ↑

A ( 𝑄 )w( 𝑄 ) | ↓ |h( 𝑄 ) |
2

2 , 𝑄 > 𝑄c.
(4.7)

Unlike the magLS filters, these eMagLS filters operate directly on the microphone
signals rather than an SH representation, which motivated the term end-to-end magLS.
Nevertheless, the general ATF-based signal model facilitates another possibility: the
design of an Ambisonic binaural renderer that is aware of array and encoder properties.
Consider an arbitrary Ambisonic encoder E that transforms the ATFs PA to the SH
domain,

P𝑂 ( 𝑄 ) = E ( 𝑄 )PA ( 𝑄 ). (4.8)

The corresponding Ambisonic eMagLS renderer is then

w
A↓EMLS
bin ( 𝑄 ) = arg min

w

P ↑
𝑂 ( 𝑄 )w( 𝑄 ) ↓ h( 𝑄 )

2
2 , 𝑄 ↘ 𝑄c, |P ↑

𝑂 ( 𝑄 )w( 𝑄 ) | ↓ |h( 𝑄 ) |
2

2 , 𝑄 > 𝑄c.
(4.9)

In P%.’$ F, the Ambisonic variant (4.9) is termed eMagLS, while the ATF-based
formulation (4.7) is referred to as eMagLS2. The optimization for both eMagLS
variants is solved analogously to magLS. In practice, both require regularization.

Comparing (4.7) with the BSM formulation (4.6) reveals that the low-frequency
LS stage of eMagLS is equivalent to signal-independent BSM, up to regularization.
Consequently, the recently proposed BSM-magLS method [131] is equivalent to
eMagLS. Similar equivalences hold for recent array-aware Ambisonic methods [135],
where Ambisonic signal matching (ASM) corresponds to the LS encoder (2.24) [56],
and array-aware magLS binaural rendering coincides with Ambisonic eMagLS (4.9).

By explicitly accounting for array and HRTF characteristics within a single optimiza-
tion, eMagLS mitigates errors that arise at both low and high frequencies. At low
frequencies, higher-order spatial modes of the array are weak, which limits spatial
resolution and necessitates regularization. At high frequencies, the spatial complexity
of the sound field exceeds the spatial resolution provided by the finite number of
microphones, resulting in spatial aliasing. While aliasing cannot be fully eliminated,
the joint optimization ensures that the interaction between array response and HRTFs
is balanced in a least-squares sense, yielding a di!use-field equalized rendering whose
spatially averaged energy response matches the target. In two independent studies,
eMagLS performed best among signal-independent binaural renderers [133, 134].

Figure 4.1 compares the binaural renderers for a plane wave impinging from 50⇓
azimuth onto the eight-microphone smartglasses array used in P%.’$ B. Ambisonic
encoding with maximum order 𝑀 = 1 is performed with a di!use-field equalized
variant of the LS encoder defined in (2.24). The BFBR method employs a set of
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Figure 4.1: Comparison of direct binaural renderers for a single plane wave. While all
renderers yield a similar magnitude response at low frequencies, the magLS-based
approaches achieve a more accurate reproduction of the reference HRTF at mid and
high frequencies, and the eMagLS renderers are most accurate.

MVDR beamformers. The renderers use the HRTF set from [136], for which the
VL and LS renderers are equivalent. While all renderers perform similarly at low
frequencies, the magLS-based renderers achieve a more accurate reproduction of
the corresponding HRTF at mid and high frequencies, and the array-aware eMagLS
variants provide the most accurate match.

4.2 Parametric Rendering

While direct rendering is robust in that it does not rely on additional estimation
or modeling assumptions, its directional accuracy is fundamentally limited by the
number and spatial distribution of microphones. Parametric rendering methods aim to
overcome this limitation by estimating additional acoustic parameters, allowing the
direct sound and early reflections to be rendered with increased directional accuracy.
The late response, by contrast, is typically rendered using computationally e”cient
techniques with lower directional resolution to reduce overall rendering cost. While
parametric renderers often target loudspeaker-based reproduction, they can generally
be adapted for binaural playback, in the simplest case by using the VL approach that
was introduced for Ambisonic direct rendering. In many cases, also dedicated binaural
variants have been proposed.

Early parametric approaches rendered acoustic environments by geometrically simu-
lating a small number of early reflections and convolving them with corresponding
HRIRs [107–110]. These methods were later extended to include di!use late reverber-
ation, typically synthesized using FDNs [17, 18].

Subsequent methods targeted SRIRs in a stricter sense, and are typically designed
for measured responses rather than a small set of explicitly modeled early reflections.
As illustrated in Figure 4.2, these approaches typically contain separate analysis,
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Direct-Residual
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Figure 4.2: Parametric SRIR processing commonly includes a decomposition into
direct and residual components and subsequent individual analysis, synthesis, and
rendering of both components.

synthesis, and rendering stages for the direct part (direct sound and prominent
reflections) and the residual reverberation. After the SRIR is decomposed into direct
and residual components, the analysis stage for the direct part typically identifies the
direct sound and salient reflections and estimates their times of arrival, DoAs, and
spectra. The residual is commonly analyzed in terms of the RT, DRR, energy decay
curve, frequency-dependent energy, and di!useness. The synthesis stage creates direct
sound and reflections with increased directional resolution based on the determined
spectra and DoAs. The late reverberation is either decorrelated, resynthesized using
shaped decaying noise, or reproduced via artificial reverberators. Finally, the rendering
stage maps the resulting signals to loudspeaker or binaural outputs and combines them
with the source signal.

One of the earliest methods in this category is spatial impulse response rendering
(SIRR), which decomposes first-order Ambisonic SRIRs into a directional component,
rendered using single-direction amplitude panning based on direction estimates derived
from the pseudo-intensity vector, and a di!use component, which is decorrelated
prior to rendering [137]. In contrast, the spatial decomposition method (SDM)
assumes an open microphone array and employs time-di!erence-of-arrival-based
direction estimates at each time sample, assigning a rendering direction without
explicitly separating the response into directional and di!use streams [138]. SIRR
was later extended to higher-order Ambisonic SRIRs by applying the same principles
within multiple directional sectors, yielding separate directional and di!use streams
per sector [139]. Alternative SDM formulations based on Ambisonic SRIRs have
also been proposed [140], along with modifications specifically targeting binaural
reproduction [10]. More recent works largely follow the general processing structure
illustrated in Figure 4.2, but di!er in their assumptions about the microphone array
as well as in the specific algorithms used for direct-residual separation, detection,
direction, and spectral estimation of early reflections, and residual rendering [141–
144].

Several studies have focused on improving individual components of this framework. In
particular, accurate rendering of the late part of SRIRs with correct binaural coherence
has been investigated in [145, 146], while e”cient methods for late reverberation
rendering have been studied in [147–149]. In a similar spirit, this thesis contributes
detailed investigations and novel methods for a central component of the parametric
rendering framework: the separation of direct and residual SRIR components.
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Most of the previously mentioned parametric SRIR renderers employ some kind of
direct and residual separation, often without a detailed analysis of their e!ectiveness.
For example, SIRR separates the energy in time-frequency bins into direct and di!use
streams by using a di!useness estimate based on the length of the pseudo-intensity
vector [137]. Later works typically employ a peak detection algorithm for direct sound
and early reflections and extract them using a set of beamformers [141–144]. While
these methods showed the individual success of their full processing, the e!ectiveness
of extracting reflections in realistic scenarios was not investigated in detail.

That motivated two works that proposed algorithms for the separation of direct sound
and early reflections from measured SRIRs in P%.’$ G and P%.’$ H. Specifically, the
works provide methods that aim to extract direct sound and strong early reflections
while preserving the directional properties of the reflections and the residual that is
left after the direct components have been directionally extracted.

Direct and Residual Separation using a Plane-Wave Model The first work in
P%.’$ G specifically investigates beamformer design for SMAs, operating in the SH
domain. Like the eMagLS renderer that uses a comprehensive array signal model
instead of assuming ideal Ambisonic receivers, the proposed beamformer exploits the
comprehensive array signal model to improve the extraction of reflections from an
SRIR. In a nutshell, the method describes reflections as plane waves that are picked
up by an SMA and encoded to the SH domain similar to (4.8),

p𝑂 ( 𝑄 ,ω) = E ( 𝑄 )pA ( 𝑄 ,ω)𝑌( 𝑄 ) . (4.10)

Here, 𝑌 is the spectrum of the plane wave, E is an arbitrary Ambisonic encoder, and
pA is an ATF for incidence direction ω following the analytic model from (2.20)
and (2.21). After a reflection is detected and its DoA estimated, the method isolates
the reflection with a temporal window and extracts the plane-wave spectrum 𝑌 with
a matched-filter beamformer based on the ATF model. The model from (4.10) then
serves as reflection model so that the reflection can be removed from the SRIR via
frequency-domain subtraction to obtain the SRIR residual

r𝑂 ( 𝑄 ) = a𝑂 ( 𝑄 ) ↓ p̂𝑂 ( 𝑄 ), (4.11)

where a𝑂 is the isolated section of the Ambisonic SRIR containing the reflection
and p̂𝑂 is the estimated Ambisonic plane wave based on the estimated reflection
spectrum and direction. For rendering, the reflection is synthesized with arbitrary
directional resolution as a plane wave using its estimated spectrum and DoA, thereby
avoiding distortion in the extracted reflection p̂𝑂 due to microphone array scattering
and Ambisonic encoding.

While P%.’$ G showed the e!ectiveness of this method for extracting individual strong
early reflections and the method generalizes to arbitrary arrays using the general signal
model from (2.18), it relies on several other estimators whose performance of reliably
detecting reflections and their arrival directions likely degrades in complex scenarios.
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Direct and Residual Separation via Subspace Decomposition The method pro-
posed in P%.’$ H addresses these shortcomings by avoiding the need for separate
reflection detection and DoA estimation algorithms. Instead of relying on temporal
windowing and an explicit estimate of how many reflections arrive from which direc-
tions, it works directly with an estimate of the residual and separates direct and residual
components using a subspace-based approach. Inspired by the subspace decomposition
concept that has been applied in various signal processing algorithms [90, 150–153],
it exploits the underlying assumption that the captured SRIR spans a high-dimensional
space, of which the direct components only occupy a lower-dimensional subspace. As
shown in P%.’$ H, this assumption holds for the early part of SRIRs when a su”cient
number of microphones is available. Since the method does not depend on an explicit
microphone array model, it can be applied in the same way to SRIRs represented in
either the microphone or the Ambisonic domain.

An overview of the procedure is given in Figure 4.3. The method sequentially processes
the SRIR in blocks from the end toward the beginning, assuming that the tail of the
response contains no individual prominent reflections but only consists of the residual.
Thus, the initial SRIR block serves as the initial residual estimate. For each subsequent
block, the generalized singular value decomposition (GSVD) of the current SRIR
block X and the current residual estimate N is then computed as

X = Vx𝛚x𝛆↑ , (4.12)
N = Vn𝛚n𝛆↑ , (4.13)

where Vx and Vn contain left singular vectors, 𝛆 are their common right singular
vectors, and the diagonal matrices 𝛚x and 𝛚n contain the corresponding singular
values.

If the sum of the generalized singular values (GSVs) exceeds a threshold based on the
time-averaged GSV sum of the residual, indicating an energetic peak in the current
SRIR block that exceeds the residual energy, a subspace decomposition is performed.
The SRIR block X is then split into a direct component Xs and a residual component
Xn by constructingXs from the𝑊s largest singular values and their associated singular
vectors, while the remaining components are assigned to the residual,

Xs = Vx𝛚x𝛝s𝛆↑ , (4.14)
Xn = Vx𝛚x𝛝n𝛆↑ . (4.15)

Here, 𝛝s and 𝛝n are binary diagonal matrices that select the corresponding components.

By iterating this procedure from the end of the SRIR toward its beginning while
continuously updating the residual estimate, direct sound and prominent early reflec-
tions can be separated from the residual without the need for additional parameter
estimation. An example of an SRIR decomposed into direct and residual components
using this approach is shown in Figure 4.4.
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1.) Initial Residual Estimate
2.) Blockwise GSVD,
Update Residual Estimate

3.) Threshold Exceeded: Subspace Decomposition

(a)

(b) (c)

(d) (e)

Figure 4.3: Direct and residual subspace decomposition of an SRIR. In (a), the
algorithm initializes a residual estimate from the tail of the SRIR and then processes
the response block by block toward its beginning, computing a GSVD for each block.
Blocks for which the sum of the GSVs remains below a detection threshold are treated
as residual, while blocks exceeding the threshold are decomposed into direct and
residual components. In (b), a zoomed-in segment of the SRIR contains a prominent
reflection. In (c), this reflection is clearly visible as a peak in the largest GSVs, whereas
the smallest GSVs do not exhibit a pronounced peak. As a result, the reflection is
assigned to the direct component in (d), while the remaining residual in (e) does not
contain this reflection. Figure adapted from P%.’$ H.

Discussion Subspace-based separation of direct and residual components provides
an alternative to array-model-based approaches and avoids several practical limitations
associated with parametric reflection modeling. By operating directly on the structure
of the measured SRIR and exploiting di!erences in subspace dimensionality, this
approach remains e!ective at higher frequencies, where the aliased response is highly
sensitive to small changes in source direction, making reliable modeling impractical
in real-world scenarios, and in scenarios where multiple reflections fall within the
same processing block and cannot be cleanly separated using parametric techniques.

From a theoretical standpoint, the method assumes that the direct part occupies a
lower-dimensional subspace, which requires a su”cient number of microphones to
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Figure 4.4: Subspace decomposition of an SRIR into its direct part xs, containing
the direct sound and prominent reflections, and its residual xn. Figure adapted from
P%.’$ H.

yield a singular direct-part spatial covariance matrix in the presence of a plane wave.
In practice, however, this condition does not need to be strictly fulfilled for the method
to remain useful. Even when the separation between direct and residual subspaces is
imperfect, perceptually meaningful improvements can still be obtained. This has been
shown, for instance, by its use with SRIRs from an array of only four microphones
in an SDM-based renderer, where the subspace decomposition method improved
rendering performance [154].

The method also proved useful in the extrapolation of SRIRs to support 6DoF rendering
from only a small number of SRIR measurements [16]. In that context, improved sep-
aration of direct and residual components enabled perceptually meaningful extensions
of the sound field beyond the region covered by the original measurements.
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Chapter 5

Conclusions and Future Work

This thesis addressed the problems of estimating and rendering real-world acoustics for
plausible binaural auralization, with a particular focus on applications in VR/AR. The
central objective was to enable spatially accurate, perceptually convincing reproduction
of room acoustics using microphone arrays that are compact, wearable, and suitable
for practical deployment.

To this end, the thesis made contributions at both ends of the virtual acoustics pipeline:
the estimation of SRIRs from microphone array recordings, and the binaural rendering
of these responses for headphone playback. A unifying theme throughout the work is
the explicit separation of room-dependent and array-dependent components, enabling
array-independent representations that facilitate flexible processing and rendering.

In the context of SRIR estimation, a modular framework based on pseudo-reference
signal estimation was introduced and systematically investigated. By reformulating
blind multichannel system identification as an informed estimation problem, the
proposed approach overcomes fundamental limitations of classical cross-relation-
based methods when applied to long acoustic impulse responses. The framework
integrates dereverberation, beamforming, and LS system identification, and was
shown to provide accurate SRIR estimates from naturally occurring sounds such as
speech. Extensive evaluations demonstrated that the resulting estimates preserve
perceptually relevant room acoustic parameters, including reverberation time and
direct-to-reverberant energy ratio, even in the presence of noise and moderate DoA
errors.

The framework was further extended to scenarios involving moving microphone
arrays, which are characteristic of wearable devices. By incorporating array rotation
and translation into the signal model, the thesis demonstrated that motion can be
compensated for and, in some cases, exploited to improve spatial resolution. Using
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circular-harmonic-based representations, it was shown that combining multiple obser-
vations from di!erent array poses enables the reconstruction of sound-field coe”cients
with increased spatial bandwidth, allowing accurate SRIR estimation beyond the native
spatial aliasing limits of the array. Experimental results with head-worn microphone
arrays under natural head motion revealed practical limitations of the method, par-
ticularly in spatial accuracy and at high frequencies. Nevertheless, omnidirectional
RIR estimates obtained under these conditions still facilitated perceptually promising
rendering and are of practical benefit.

On the rendering side, the thesis contributed a unified perspective on binaural
rendering methods. By formulating Ambisonic rendering, beamforming-based
binaural reproduction, and binaural signal matching within a common optimization
framework, fundamental equivalences between existing approaches were clarified.
Building on this analysis, the eMagLS renderer was introduced. By explicitly
accounting for array characteristics and encoding errors, eMagLS mitigates spatio-
spectral coloration caused by limited spatial resolution, order truncation, and spatial
aliasing. The framework generalizes naturally to arbitrary microphone arrays and
unifies several recently proposed array-aware binaural rendering methods.

Finally, the thesis investigated parametric SRIR rendering with an emphasis on
the separation of direct components (direct sound and early reflections) and residual
reverberation. Two complementary methods were introduced and analyzed. The first is
based on an explicit array signal model, enabling the extraction and resynthesis of direct
sound and early reflections while preserving the spatial characteristics of the residual
reverberation. The second method approaches the problem from a signal-subspace
perspective, decomposing the SRIR into direct and residual components without
relying on explicit reflection detection or detailed array-specific modeling assumptions.
Owing to its increased robustness and reduced sensitivity to modeling errors, this
subspace-based approach is often preferable in practical scenarios. Together, the
two methods establish a foundation for improving parametric SRIR-based rendering
approaches.

Future Work While this thesis focused on model-based signal processing methods
for SRIR estimation and binaural rendering, recent advances in machine learning have
demonstrated impressive performance on related problems, including RIR estimation
and acoustic matching. Rather than replacing physical model-based approaches, an
important direction for future work lies in combining such models with data-driven
methods.

Model-based formulations, such as those developed in this thesis, provide strong
inductive biases that learned components can exploit to mitigate limitations from
simplifying assumptions needed for analytical tractability. Hybrid approaches have
therefore attracted increasing attention in both the signal processing and machine
learning communities, where physics-informed and model-aware neural networks
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have been shown to improve generalization, reduce training data requirements, and
accelerate convergence [155–160].

In acoustic and audio signal processing, common assumptions include Gaussian signal
models, linear and time-invariant system behavior, and independence across time
frames and frequency bins. While these assumptions enable tractable formulations,
they often lead to ill-posed or underdetermined inverse problems in realistic scenarios
involving noise, reverberation, and multiple sources. Learning-based components can
address these limitations by capturing complex correlations and nonlinear relationships
across space, frequency, and time, e!ectively introducing data-driven priors on
physically plausible sound-field evolution, for example under array motion.

Hybrid audio signal processing thus enables the design of e”cient, high-performing
algorithms by keeping physically motivated assumptions that promote robustness and
low complexity, while introducing data-driven components where model limitations
a!ect performance most. Recent work by the author explored two such hybrid
approaches, improving neural-network-based Ambisonic encoding from microphone
arrays by learning to enhance the residual after model-based encoding [161], and
proposing a lightweight multiple-input multiple-output speech enhancement method
that incorporates a learned spatial covariance matrix into a model-based enhancement
algorithm [162]. Within modular processing frameworks such as the SRIR estimation
approach proposed in this thesis, learning-based modules can be integrated to replace
only those components that limit overall performance, while preserving the underlying
model-based structure for system identification. For example, the model-based
dereverberation stage could be replaced with a neural module to better handle mixture
signals and dynamic acoustic conditions. In the future, such hybrid approaches will
enable robust and e”cient algorithms that are crucial for practical implementations,
but further research is needed to determine which model assumptions are beneficial
and which learned components are necessary.
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Chapter 6

Summary of the Appended

Publications

P!”#$ A: Blind Estimation of Spatial Room Impulse Responses Using a Pseudo

Reference Signal

P%.’$ A introduces a modular framework for blind SRIR estimation that reformulates
blind multichannel system identification as an informed problem. Instead of directly
estimating acoustic impulse responses via channel cross-relations, which is shown
to fail for realistic RIR lengths, a pseudo-reference signal is first estimated from the
microphone array signals using dereverberation and beamforming. This reference
enables the use of standard informed system identification techniques to estimate
SRIRs. The method is evaluated using circular, spherical, and equatorial microphone
arrays, demonstrating accurate reconstruction of early reflections and energy decay, as
well as reliable RT and DRR estimation across array geometries.

P!”#$ B: Blind Identification of Binaural Room Impulse Responses From Smart

Glasses

P%.’$ B evaluates the estimation framework from P%.’$ A using a head-worn
microphone array integrated into smartglasses. The work demonstrates that BRIRs
can be reliably estimated under stationary conditions using speech as the excitation
signal. A comprehensive statistical analysis shows that the estimated responses capture
perceptually relevant room parameters such as RT and DRR with high accuracy and
robustness against noise, interfering sources, and moderate direction-of-arrival errors.
In addition to objective evaluation, a perceptual experiment assesses the plausibility
of binaural renderings based on the estimated BRIRs. The results indicate that the
estimated responses enable perceptually convincing acoustic matching and are rated
as more similar to the real room than renderings based on responses measured in
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di!erent rooms of comparable size.

P!”#$ C: Spatial Room Impulse Response Identification from Rotating Equatorial

Microphone Arrays

P%.’$ C extends SRIR estimation to rotating equatorial microphone arrays using a
CH-domain signal model. The paper shows that array rotation can be exploited to
increase directional resolution beyond the limitations of a static array. Di!erent rotation
speeds are analyzed in both simulations and measurements to study their influence
on estimation accuracy and convergence behavior. The results demonstrate that the
estimated SRIRs achieve an accuracy comparable to measured SRIRs from static
arrays with significantly more microphones. These findings show that array rotation
can actively enhance spatial resolution rather than merely introducing additional
modeling challenges.

P!”#$ D: Spatial Room Impulse Response Estimation From a Moving Microphone

Array

P%.’$ D generalizes the rotation-aware estimation framework to translational motion.
By expressing the sound field using CH coe”cients that are valid over a spatial
region, SRIR estimation becomes possible from moving arrays. The study shows that
linear translational motion can be exploited to improve spatial resolution and obtain
reliable estimates beyond the array’s nominal spatial aliasing frequency. At higher
frequencies, however, estimation accuracy is ultimately limited by the finite order of
the CH representation and by the translation distance.

P!”#$ E: Identification and Matching of Room Acoustics With Moving Head-

Worn Microphone Arrays

P%.’$ E evaluates the complete estimation framework, including dereverberation and
beamforming, in realistic scenarios with moving head-worn microphone arrays and
natural head motion. The study investigates whether motion-aware SRIR estimation
enables perceptually convincing acoustic matching in practical AR-like settings. While
reliable RT and DRR estimation remains possible, directional rendering based on
the estimated SRIR does not consistently outperform an alternative omnidirectional
approach, which nevertheless achieves perceptually convincing results.

P!”#$ F: End-to-End Magnitude Least Squares Binaural Rendering of Spherical

Microphone Array Signals

P%.’$ F focuses on direct binaural rendering from spherical and equatorial microphone
array signals. It proposes an array-aware eMagLS renderer that explicitly accounts
for array characteristics during binaural reproduction. The approach reduces spatio-
spectral coloration and provides di!use-field-equalized rendering at high frequencies.
The work contributes to a unified understanding of array-dependent and array-
independent rendering strategies and lays the foundation for general array-aware,
magnitude-optimal binaural rendering.
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P!”#$ G: Spatial Subtraction of Reflections from Room Impulse Responses

Measured with a Spherical Microphone Array

P%.’$ G presents a method for separating reflections from SRIRs measured with
SMAs. Using an SH-based array signal model tailored to SMAs, individual reflection
components are spatially modeled and subtracted from the measured responses. This
facilitates improved extraction of direct sound and early reflections while preserving the
directional characteristics of the residual, which is particularly relevant for parametric
rendering approaches that process direct and residual components separately.

P!”#$ H: Direct and Residual Subspace Decomposition of Spatial Room Impulse

Responses

P%.’$ H proposes a subspace-based method for decomposing SRIRs into direct and
residual components. Instead of relying on an explicit array model, the method
employs a GSVD to separate direct sound and prominent reflections from the residual
component based on a residual estimate derived from the SRIR. The approach
demonstrates improved robustness at higher frequencies, where spatial aliasing limits
the model-based method introduced in P%.’$ G. The subspace decomposition approach
facilitates parametric rendering methods that enhance directional sharpness while
preserving the spatial characteristics of late reverberation.
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Delay Network”, J. Audio Eng. Soc. 67(10), pp. 752–762, 2019.

[20] A. Neidhardt, C. Schneiderwind, and F. Klein, “Perceptual Matching of Room
Acoustics for Auditory Augmented Reality in Small Rooms - Literature Review
and Theoretical Framework”, Trends in Hearing 26, pp. 1–22, 2022.

[21] N. Meyer-Kahlen, S. V. Garı́, I. Ananthabhotla, and P. Calamia, “A Two-
Dimensional Threshold Test for Reverberation Time and Direct-to-Reverberant
Ratio”, Proc. Immersive and 3D Audio: from Architecture to Automotive (I3DA),
pp. 1–8, 2023.

[22] J. Eaton, N. D. Gaubitch, A. H. Moore, and P. A. Naylor, “Estimation of
Room Acoustic Parameters: The ACE Challenge”, IEEE/ACM Transactions
on Audio, Speech, and Language Processing 24(10), pp. 1681–1693, 2016.

[23] H. Gamper and I. J. Tashev, “Blind reverberation time estimation using a
convolutional neural network”, Proc. IEEE Int. Workshop on Acoustic Signal
Enhancement, pp. 136–140, 2018.

[24] W. Mack, S. Deng, and E. A. Habets, “Single-channel blind direct-to-
reverberation ratio estimation using masking”, Proc. INTERSPEECH, pp.
5066–5070, 2020.

[25] P. Srivastava, A. Deleforge, and E. Vincent, “Blind Room Parameter Estima-
tion Using Multiple-Multichannel Speech Recordings”, IEEE Workshop on
Applications of Signal Processing to Audio and Acoustics, pp. 1–5, 2021.

52
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[115] D. Menzies, “W-Panning and O-Format, Tools for Object Spatialization”,
Proc. Int. Conf on Auditory Display, pp. 1–8, 2002.

[116] A. Avni, J. Ahrens, M. Geier, S. Spors, H. Wierstorf, and B. Rafaely, “Spatial
perception of sound fields recorded by spherical microphone arrays with
varying spatial resolution”, J. Acoust. Soc. Am. 133(5), pp. 2711–2721, 2013.
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[154] L. Gölles and M. Frank, “Ambisonic Spatial Decomposition Method with
salient / di!use separation”, Proc. 158th Conv. Audio Eng. Soc, pp. 1–9, 2025.

[155] M. Raissi, P. Perdikaris, and G. E. Karniadakis, “Physics-informed neural
networks: A deep learning framework for solving forward and inverse problems

61



References

involving nonlinear partial di!erential equations”, Journal of Computational
Physics 378, pp. 686–707, 2019.

[156] P. J. Baddoo, B. Herrmann, B. J. McKeon, J. N. Kutz, and S. L. Brunton,
“Physics-informed dynamic mode decomposition”, Proc. Royal Society A
479(2771), pp. 1–22, 2023.

[157] N. Shlezinger, J. Whang, Y. C. Eldar, and A. G. Dimakis, “Model-Based Deep
Learning”, Proceedings of the IEEE 111(5), pp. 465–499, 2023.

[158] A. Bonfanti, R. Santana, M. Ellero, and B. Gholami, “On the generalization
of PINNs outside the training domain and the hyperparameters influencing it”,
Neural Computing and Applications 36, pp. 22677–22696, 2024.

[159] R. A. McCarthy, Y. Zhang, S. A. Verburg, W. F. Jenkins, and P. Gerstoft,
“Machine Learning in Acoustics: A Review and Open-source Repository”, npj
Acoustics 1(18), pp. 1–18, 2025.

[160] C. Meng, S. Griesemer, D. Cao, S. Seo, and Y. Liu, “When physics meets
machine learning: a survey of physics-informed machine learning”, Machine
Learning for Computational Science and Engineering 1(20), pp. 1–23, 2025.

[161] T. Deppisch, Y. Gao, M. Mittal, B. Stahl, C. Hold, D. Alon, and Z. Ben-Hur,
“Residual Learning for Neural Ambisonics Encoders”, arXiv:2601.18322, pp.
1–6, 2026.

[162] T. Deppisch, “Direction-Preserving MIMO Speech Enhancement Using a
Neural Covariance Estimator”, arXiv:2604.11179, pp. 1–6, 2026.

62


	Abstract
	Preface
	Publications
	Contents
	List of Symbols
	List of Abbreviations
	Introduction
	Virtualization of Real-World Acoustics
	Spatial Room Impulse Responses
	Spherical and Circular Harmonics
	Microphone Array Signal Models

	Spatial Room Impulse Response Estimation
	Estimation Using a Pseudo-Reference Signal
	Estimation From Moving Arrays

	Binaural Spatial Room Impulse Response Rendering
	Direct Rendering
	Parametric Rendering

	Conclusions and Future Work
	Summary of the Appended Publications
	References
	Appended Publications

