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Abstract 

Recent advances in immersive media and virtual environments have highlighted the crucial role of spatial audio 
in enhancing perceptual realism, enabling true six-degrees-of-freedom experiences in applications such as virtual 
reality, augmented reality, and advanced teleconferencing. Nonetheless, accurately reconstructing the direct sound, 
diffuse field, and early reflections, crucial for spatial depth and realism, remains challenging, especially with a lim-
ited number of measurements. To address this challenge, we introduce Parametric modeling of Direct sound, Early 
reflections, and Reverberation (ParaDER), a unified parametric framework that explicitly separates and reconstructs 
direct sound, early reflections, and diffuse reverberation from a minimal set of measurements. In the first stage, 
sound sources are localized by solving a sparse, regularized optimization problem that yields low-order spherical-
harmonic coefficients and thus captures the direct component of the field. The second stage follows image-source 
theory: the estimated room impulse response is segmented into a small number of early reflections, each of which 
is modeled as an image source whose position and amplitude are fitted to the segmented data. This explicit treat-
ment preserves the temporal and spatial characteristics of early reflections, which are critical for accurate depth 
perception and localization cues. In the final stage, the estimated direct and early reflection components are analyti-
cally propagated to virtual microphone positions, and the remaining energy is synthesized as diffuse reverberation 
under an isotropic assumption. Because the entire pipeline is low-order, comprising only a few source and image-
source parameters, ParaDER can reconstruct a spatial sound field with few physical microphones, reducing memory 
and computation compared to both other parametric methods and non-parametric approaches. Extensive evalu-
ations in 100 simulated shoebox rooms confirm that ParaDER markedly improves reconstruction accuracy. When 
compared to a state of the art parametric model, the normalized mean-squared error of the acoustic metrics shows 
that the estimate of the early reflections improves the accuracy. Also, subjective listening tests on a real conference 
room dataset, show that our method yields higher mean MUSHRA scores for both speech and music. Listeners con-
sistently report clearer spatial cues, more precise localization, and a more natural timbre, demonstrating that explicit 
modeling of early reflections confers perceptually significant benefits.

Keywords  Spatial audio, Immersive audio, Virtual microphone, Early reflections, Acoustic parametric modeling

1  Introduction
Recent advances in immersive media and virtual environ-
ments have underscored the main role of spatial audio 
in enhancing perceptual realism. Immersive audio sys-
tems enable interactive sound experiences through free 
head and body movements, known as six-degrees of 
freedom (6DoF), offering listeners the unique capability 
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to experience sound fields that adapt naturally to their 
position and orientation. Such features are increasingly 
required in applications such as virtual reality (VR), 
augmented reality (AR), and advanced teleconferencing 
[1–3].

With appropriate analysis and synthesis techniques, 
this enables a listener to navigate a recorded acoustic 
scene while perceiving spatial sound characteristics as 
if he/she were in the virtual recording location [4]. The 
reconstruction of a sound field is a well-known and chal-
lenging problem in the acoustic signal processing com-
munity, often referred to as the virtual miking or sound 
field estimation problem. This process aims to recon-
struct the signal that would be captured by a virtual 
microphone (VM) arbitrarily placed in space, based on 
signals acquired from an array of physical microphones.

Despite significant advancements in 6DoF sound field 
estimation, accurately reconstructing early reflections 
(ER), those that shape spatial perception and depth, 
remains a challenging task [5, 6]. While some recent 
methods [7–9] have begun to incorporate ER estimation 
using simplified geometric or parametric models, they 
often rely on strong idealized assumptions. As a result, 
these approaches struggle to preserve the full range of 
perceptual cues conveyed by ERs when applied to more 
complex or arbitrary acoustic environments. ERs play a 
critical role in conveying information about the acous-
tic space, significantly affecting both spatial localization 
and the perceived realism of a sound scene. However, as 
it will be discussed, existing methods either ignore these 
reflections altogether or approximate them so coarsely 
that many of their perceptual advantages are lost.

This work aims to address that gap by developing a uni-
fied framework that not only reconstructs the 6DoF sound 
field but also delivers a high-fidelity estimation of ER.

Existing sound field reconstruction approaches can be 
broadly classified into non-parametric and parametric 
methods. Parametric methods [10–17, 19] model the 
sound field in a compact manner by estimating spatial 
and physically meaningful parameters, which can then be 
used to synthesize the desired sound signals. In contrast, 
non-parametric methods [20–28] aim to reconstruct the 
sound field directly from measurements without explic-
itly estimating scene parameters such as source positions 
or room geometry.

Early methods [13, 29, 30] relied on Plane Wave 
Decomposition and spatial Fourier transforms, using 
basis functions derived from the wave equation. In [30], 
a compact parameterization of the acoustic transfer func-
tion in reverberant environments was introduced, while 
[29] extended this concept to spatial harmonic coefficient 
translation for multi-zone sound field reproduction.

Higher-order representations, such as Spherical Har-
monic Decomposition (SHD), have been widely used in 
Higher-Order Ambisonics (HOA) for sound field recon-
struction [31–33]. These techniques allow for compact 
encoding of spatial information.

However, despite offering solid theoretical ground-
ing, both plane wave and spherical harmonic-based 
approaches require dense microphone arrays to avoid 
spatial aliasing. Their accuracy depends heavily on the 
number and distribution of available microphones. In 
cases where the sampling density is low or the environ-
ment is unknown, reconstruction errors become sig-
nificant due to missing spatial information, limiting the 
practicality of these methods in sparse measurement 
scenarios.

To mitigate the need for dense microphone distribu-
tions, researchers have explored compressive sensing 
(CS) [8, 34] and sparse representations [25, 36, 37]. In 
[34] authors demonstrated that CS combined with plane 
wave decomposition could reconstruct sound fields using 
a reduced number of measurements. Similarly, [25] pro-
posed a sparse representation framework to approximate 
the acoustic transfer function with minimal data. More-
over, in [8], they tried to improve the model proposed 
in [25] to estimate ER based on the knowledge of the 
room geometry. However, these approaches face high-
frequency reconstruction limitations due to the fact that 
compressive sensing assumes sparsity, which does not 
always hold in complex, reverberant environments.

In [25, 38], hybrid models are proposed that explicitly 
account for reverberation effects, leading to improved 
reconstruction of ER. These models enhance the accu-
racy of direct sound field estimation; however, they also 
come with increased computational demands. As noted 
in [25], such demands are related to the inclusion of addi-
tional hyperparameters and the need to represent a more 
complex set of variables.

Furthermore, the method struggles in environments 
with strong anisotropic reflections, where traditional 
assumptions of diffuse reverberation fail. Such direc-
tional reflections degrade the separation performance, 
requiring more intricate algorithms and higher process-
ing power to achieve robust sound field reconstruction.

Recent advancements in machine learning have 
opened new possibilities for sound field reconstruction 
in unknown spaces. The work in [39] employed Gauss-
ian Process Regression (GPR) with anisotropic kernels 
to model directional sound propagation, achieving accu-
rate reconstructions over large spatial domains. Moreo-
ver, [40, 41] proposed the use of complex-valued neural 
networks and diffusion models to estimate room trans-
fer functions from a limited number of microphones in 
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specific environments. While effective under controlled 
conditions, these methods demand significant computa-
tional resources and are prone to overfitting when train-
ing data is scarce. Furthermore, they rely on accurate 
knowledge of the room transfer functions at the micro-
phone positions, which is rarely available in real-world 
scenarios.

A promising direction to address some of these limitations 
is the use of Physics-Informed Neural Networks (PINNs), 
which embed wave propagation models directly into the 
training process [42, 43]. PINNs can reduce the dependence 
on large datasets and have demonstrated the ability to gen-
eralize to unseen environments by incorporating physical 
constraints. Nevertheless, their generalization capabilities 
beyond the training domain remain uncertain. Addition-
ally, PINNs are computationally intensive and require care-
fully designed loss functions to enforce physically consistent 
behavior.

Due to these limitations, particularly the challenges in 
generalization and data availability, we ultimately favor 
parametric models, which offer more interpretable and 
robust performance across varying acoustic conditions.

In contrast to non-parametric approaches, paramet-
ric methods infer underlying scene properties, such as 
source positions, signals, and room responses, allowing 
for targeted reconstruction based on these parameters. 
Previous works [31–33] have demonstrated that a Higher 
Order Microphone (HOM) can represent the sound field 
in the SHD. This transformation provides an accurate 
depiction of the local sound field, which is easily con-
verted into a 3DoF Head-Related Transfer Function. Our 
approach focuses on estimating the n-th order expansion 
at a virtual HOM center using signals from spatially dis-
tributed HOMs. As previously discussed, some methods, 
such as those presented in [8, 35], address the problem 
by also considering the ER. However, these approaches 
require detailed information about the room geometry, 
which is often unknown or difficult to obtain. In contrast, 
our method aims to reconstruct the sound field without 
the need for explicit knowledge of the room geometry. 
This is crucial for spaces where geometries are complex 
or inaccessible.

A fast spatial interpolation method was proposed in 
[9], relying solely on microphone positions and assuming 
a spatially isotropic sound field. The approach estimates 
simple spatial parameters in the time-frequency domain 
that summarize the acoustic scene at the microphone 
locations, enabling audio reconstruction up to first-order 
Ambisonics. While versatile, this assumption fails in sce-
narios with directional sources or ER, both critical for 
spatial perception fidelity.

Other models [44] decompose the sound field into its 
direct and diffuse components. The direct component, 

originating from the sound sources, is represented 
using SHD. In the analysis phase, the SHD coefficients 
are obtained by solving a sparse, regularized optimiza-
tion problem.

This decomposition necessitates estimating source 
parameters such as locations, signals, and directivity 
patterns. These estimations can be achieved through 
techniques like source localization using distributed 
microphone arrays [45–47], source separation methods 
[48], and directivity estimation strategies.

The diffuse component, conversely, is assumed to be 
isotropic and homogeneous, and it is estimated from 
the analysis of signals at at least one microphone pair 
within the HOM. However, estimations from different 
microphone pairs could be different, due to the residual 
direct-component contamination. To mitigate this, and 
similarly to [15], the diffuse component at the VM is 
calculated as a weighted sum of estimations from all the 
microphone pairs.

Despite the robustness of this direct–diffuse split, 
these approaches typically ignore ER, which are criti-
cal for conveying spatial depth and realism in a recon-
structed sound field. This omission constitutes a 
fundamental limitation when aiming at a fully immer-
sive audio reproduction.

Motivated by these prior approaches, our objective is 
to bridge the existing performance gap and enable highly 
accurate sound field reconstruction using only a limited 
number of HOM measurements. To this end, we explic-
itly integrate early-reflection estimation into our frame-
work. Specifically, we developed Parametric modeling 
of Direct sound, Early reflections and Reverberation 
(ParaDER) to incorporate the estimation of virtual source 
parameters by leveraging the image source model, and 
we account for non-idealities by estimating a filter func-
tion that characterizes the acoustic transformation asso-
ciated with each virtual source.

The paper is structured as follows: in Sect. 2, we intro-
duce the sound field data model and present the problem 
formulation, establishing the theoretical framework and 
key assumptions. Section  3 describes the strategies for 
retrieving the model parameters. In Sect. 4, we focus on 
the synthesis of the sound field at the VM location. Sec-
tion  5 reviews our experimental outcomes, comparing 
simulated results with those from perceptual tests in a 
virtual 6DoF environment using real measurements from 
[49]. Finally, Sect. 6 draws the conclusions.

1.1 � Notation
To aid the reader with the notation used in this docu-
ment, we provide here a table collecting all the useful 
symbols meaning (Table 1).
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Combination examples:

•	 r
′′
i,n : Position of the i-th virtual source associated with 

the n-th physical source
•	 r

′′
i,a,n(t) : Position of the i-th virtual source (associated 

with the n-th physical source) captured by the a-th 
array

•	 r̂
′
v : Estimated position of the v-th virtual microphone 

relative to a physical source

2 � Data model and problem formulation
This section presents an overview of the data model 
along with the virtual miking problem. We begin 
by introducing the data model in Sec.  2.1, where we 
describe how the microphones capture the acoustic 
scene. Additionally, we define the adopted VM frame-
work and describe the sound field parameters that 

require estimation. Following this, Sec. 2.2 details the 
virtual miking problem. Using a block diagram, we 
illustrate the fundamental functional blocks of the 
proposed approach.

2.1 � Data model
Consider a Cartesian coordinate system where N  
acoustic sources are positioned at arbitrary loca-
tions r ′n = x′n, y

′
n, z

′
n

T , for n = 1, . . . ,N  ; a network of 
A ≥ 2 distributed compact microphone arrays, each 
with M microphones, located at rq =

[
xq , yq , zq

]T , for 
q = 1, . . . ,M × A ; and a set of V  VMs (VMs) placed at 
řv =

[
x̌v , y̌v , žv

]T , for v = 1, . . . ,V  , as illustrated in Fig. 1.
Let us consider the measured data on qth microphone 

placed in rq . Assuming the N  source signals are suf-
ficiently sparse in the time-frequency domain [11, 15], 
so that a single source dominates each time-frequency 
bin, and considering that the signal is affected by noise 
�(t,ω, rq) , we model the acquired signal as a linear 
combination of an early sound component and a diffuse 
sound component, generalizing [15] as

where t is the time-frame index, ω = 2π f  is the radial 
frequency with f > 0 as the temporal frequency, 
Cq(ω) ∈ C models the qth microphone pick-up pat-
tern, and Dq(ω) ∈ C represents its sensitivity to the dif-
fuse field. The term Xn,early(t,ω, rq) represents the direct 
sound emitted by the n th source and received by the q th 
microphone along with the components strongly cor-
related with the source signal, i.e., the so-called ER. The 
term Xdiff (t,ω, rq) represents the diffuse sound field 
component and it is assumed to be spatially isotropic 

(1)

X
(
t,ω, rq

)
= Cq(ω)Xn,early(t,ω, rq)+ Dq(ω)Xdiff (t,ω, rq)+�(t,ω, rq),

Table 1  Notation conventions used throughout the document

Symbol Application Meaning

′ Superscript Source-related variable

′′ Superscript Virtual source-related variable
∧ Superscript Estimated parameter
∨ Superscript Virtual microphone-related variable

n Subscript Source index

i Subscript Virtual source index

a Subscript Microphone array index

q Subscript Microphone capsule index

v Subscript Virtual microphone index

Fig. 1  Graphical representation of the 2D model. The setup consists of A = 4 circular microphone arrays, each containing M = 4 microphones. Two 
sources ( N = 2 ) and two VMs ( V = 2 ) are included in the scene. The source directivity function is overlaid on the scene diagram
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and homogeneous, namely, it arrives with equal strength 
from all directions and its mean power does not vary 
with the position [15, 50].

The term �(t,ω, rq) represents the additive noise of the 
q th sensor, respectively, modeled as uncorrelated, zero-
mean complex Gaussian noise with mean power

where E{·} denotes the mathematical expectation and (·)⋆ 
refers to the conjugate of a complex number.

A key novelty of our approach lies in the explicit inclu-
sion of ER in the signal model. In particular, the term 
Xn,early(t,ω, rq) encompasses not only the direct sound 
emitted by the n th source and received by the q th micro-
phone, but also the sound field component that is strongly 
coherent with the source signal and not spatially isotropic.

To provide a clear description of the term 
Xn,early(t,ω, rq) in (1) we outline the system geom-
etry in spherical coordinates. Let us denote with 
rq,n = rq − r

′
n =

[
xq,n, yq,n, zq,n

]T the vector pointing 
from the source position to the microphone position (see 
Fig. 1) and with ρq,n , θq,n and φq,n the coordinates of rq,n in 
a spherical coordinate system, i.e.,

The early part of the sound field is modeled as

where Xn,direct represents the “direct” sound determined 
by the propagation through the direct path between the 
source and the qth receiver and Xn,ER(t,ω, rq) models the 
ER which are coherent with the the direct component. In 
order to take into account for possible directional prop-
erties of the sound source, we describe the direct sound 
though a spherical harmonics expansion as [44]

where k = ω/c , with c the speed of sound, βn
ℓµ(ω) are 

the exterior sound field coefficients of the nth source, 
hℓ(·) is the ℓ th order spherical Hankel function and 
Yℓµ

(
θq,n,φq,n

)
 is the spherical harmonic of order ℓ and 

degree µ , defined as

(2)�N ,qq(t,ω) = E{�((t,ω, rq)�(⋆(t,ω, rq)},

(3)

ρq,n =
√

x2q,n + y2q,n + z2q,n,

θq,n = arc cos
zq,n

ρq,n
,

φq,n = arc tan
yq,n

xq,n
.

(4)
Xn,early(t,ω, rq) = Xn,direct(t,ω, rq)+ Xn,ER(t,ω, rq),

(5)Xn,direct(t,ω, rq) =

L∑

ℓ=0

ℓ∑

µ=−ℓ

βn
ℓµ(t,ω)hℓ

(
kρq,n

)
Yℓµ

(
θq,n,φq,n

)
,

(6)Yℓµ
(
θq,n,φq,n

)
= KℓµPℓµ

(
cos(θq,n)

)
ejµφq,n ,

with

and Pℓµ(·) the normalized associated Legendre 
polynomial.

We model the component Xn,ER(t,ω, rq) exploiting the 
well-known image-source method [51]. In fact, ERs pre-
serve coherence with the direct path of the source signal, 
as they are considered reflections of the source sound 
pressure wave off surfaces (e.g., room walls); thus, they 
do not satisfy the diffuse conditions.

In practice, for each source n present in the space, we 
assume the existence of In Virtual Sources (VSs), located 
at positions r ′′i,n far enough from the source location r ′n . 
In the absence of information about the room geometry, 
we define Hn,i(t,ω, rq) as a transfer function modeling 
the relationship between the ith source signal and the nth 
related VS with respect to. the qth microphone

where ρq,i,n, θq,i,n,φq,i,n are the ith VS coordinates, 
defined as in (3).

The ER component is then given as the summation of 
the all the In VSs

and, therefore, the early component in (1) Xn,early(t,ω, rq) 
is finally defined as

Assuming the known microphone signal model 
described in (1), we similarly define the signal sensed at 
the VM location řv as

It is worth noticing that in (11), we implicitly assume 
that the VM is noiseless. This signal model allows us to 
describe the sound field at the VM location using only 
the parameters related to the active sources. In the next 
section, we discuss how to estimate these parameters 

(7)Kℓµ = (−1)µ

√
(2ℓ+ 1)

4π

(ℓ− µ)!

(ℓ+ µ)!
,

(8)

Hn,i(t,ω, rq) =

∑L
ℓ=0

∑ℓ
µ=−ℓ β

n,i
ℓµ(t,ω)hℓ

(
kρq,i,n

)
Yℓµ

(
θq,i,n,φq,i,n

)

∑L
ℓ=0

∑ℓ
µ=−ℓ β

n
ℓµ(t,ω)hℓ

(
kρq,n

)
Yℓµ

(
θq,n,φq,n

) ,

(9)

Xn,ER(t,ω, rv) =

In∑

i

Hn,i(t,ω, rv)

L∑

ℓ=0

ℓ∑

µ=−ℓ

βn
ℓµ(t,ω)hℓ

(
kρq,n

)
Yℓµ

(
θq,n,φq,n

)
,

(10)

Xn,early(t,ω, rq) =

L∑

ℓ=0

ℓ∑

µ=−ℓ

βn
ℓµ(t,ω)hℓ

(
kρq,n

)
Yℓµ

(
θq,n ,φq,n

)
+

+

In∑

n̂

Hn,i(t,ω, rq)

L∑

ℓ=0

ℓ∑

µ=−ℓ

βn
ℓµ(t,ω)hℓ

(
kρq,n

)
Yℓµ

(
θq,n ,φq,n

)
,

(11)

S(t,ω, řv) = Cv(ω)

(
Sn,direct(t,ω, řv)+ Sn,ER(t,ω, řv)

)

+ Dv(ω)Sdiff (t,ω, řv),
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based solely on the information provided by the Q micro-
phones placed in the scene.

2.2 � Problem formulation
The data available to solve the estimation problem are 
the signals X(t,ω, rq), q = 1, . . . ,Q of the microphones, 
their positions rq , the characteristics of each VM, namely 
the position řv , the pick-up pattern Cv(ω) and the sensi-
tivity to diffuse noise Dv(ω) and the number of sources 
N. In particular, as regards the latter parameter, it can be 
estimated using other sensors in the room (e.g., video-
camera) or directly from the signals at the microphones 
as proposed, for example, in [52–59]. The output of the 
algorithm is an estimate Ŝ(řv) of the VM signal S(řv).

In this paper, we propose a modular framework for sound 
field reconstruction, specifically designed to offer flexibil-
ity in scenarios where certain information, such as source 
signals or positions, is already available. This adaptability 
allows users to bypass specific processing steps and focus 
computational resources where they are most needed. A 
graphical overview of the proposed architecture is provided 
in Fig. 2, which illustrates its three main modules.

Module 1 performs source localization and sig-
nal estimation by processing data from a distributed 
microphone array. Module 2 takes the estimated source 
locations and signals to characterize the associated VSs. 
This involves computing the filters Hn,i(t,ω, rq) for each 
source and propagating the sound field to the known 
microphone positions. This propagation yields an esti-
mate of ˆXn,early(t,ω, rq) . Thus, an estimate of the diffuse field, 
ˆXdiff (t,ω, rq) , is obtained as the residual of the obtained 

propagated signals. The synthesis module uses these 
components to reconstruct the sound field at the VM. 
It explicitly separates direct and reflected paths for each 
source and estimates the diffuse field parameters based 
on the known signals.

An important feature of this framework is its modu-
larity: for example, in environments with microphone-
equipped sound sources, where the source locations 
and signals are already known, Module 1 can be skipped 
entirely. In such cases, starting directly from Module 
2 not only simplifies the pipeline but also improves the 
overall performance of the algorithm by eliminating 
potential errors from the estimation stage. As shown 
in (11), to synthesize the signal at each VM, we need 
to estimate both the early Sn,early(t,ω, řv) and diffuse 
Sdiff (t,ω, řv) components. To achieve this, we propose 
the following processing pipeline, which will be discussed 
in detail in the next sections.

2.2.1 � VM components estimation
The model of the direct component Sn,direct(t,ω, řv) is 
described in (5). The parameters characterizing the direct 
sound component of a VM are the source location r ′n and 
the exterior sound field coefficients βn

ℓ,µ(t,ω) . The posi-
tions r ′n of the sources can be estimated using many dif-
ferent algorithms in the literature, such as [45, 46, 48, 
60–62]. However, in this work, we simplify the discussion 
by considering the source locations as known.

The estimation of the exterior sound field coefficients 
βn
ℓ,µ(t,ω) from the microphone signals requires the 

knowledge of the direct sound component Xn,dir(t,ω, rq) 

Fig. 2  Block diagram of the proposed modular ParaDER framework for sound field reconstruction. The process encompasses three main stages: 
source localization and signal estimation (Module 1), characterization of virtual sources and diffuse field (Module 2), and synthesis of the sound field 
at the virtual microphone location. A detailed description of the signal flow and interactions between modules is provided in Sect. 2.2
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at each microphone (see (10)). However, only the micro-
phone signals X(t,ω, rq) are directly available. It follows 
that a procedure for estimating the direct and the diffuse 
components from X(t,ω, rq) is required.

The algorithm for the estimation of the direct compo-
nents is described in Sec. 3.1.

Once the model of the direct component is esti-
mated, we estimate Hi,n(t,ω, řv) from the known signals 
X(t,ω, rq) to reconstruct the ER component on the vth 
VM. The procedure is discussed in detail in Sec. 3.3.

The diffuse sound component Sdiff (t,ω, řv) , can be esti-
mated from the microphone diffuse sound components 
Xdiff (t,ω, rq) , as detailed in Sec. 4.3. Inputs for the esti-
mation of the diffuse components, as shown in Fig. 2, are 
the VM position řv , the microphone positions rq and the 
VM sensitivity to the diffuse field Dv(ω).

3 � Parameter estimation
In this section, we describe the first phase of the proposed 
virtual miking approach, which consists of estimating the 
model parameters introduced in Sect. 2.1. A crucial pre-
requisite is the knowledge of the physical source locations, 
since these positions determine the spherical harmonic 
decomposition used for both direct and ER modeling. In 
this work, we assume the source locations are known in 
order to better highlight the contribution of the ParaDER 
framework itself. Nonetheless, this assumption does not 
limit the general applicability of the method: the frame-
work can seamlessly incorporate any existing source 
localization technique to provide the required inputs.

In particular, several methods from the literature can 
be applied depending on the scenario and available data: 
geometry-based localization approaches such as the 
Distributed Ray Space Transform (DRST) [18, 19, 63] 
and Steered Response Power (SRP) [64, 65]; data-driven 
approaches such as deep learning methods [66–69]; and 
hybrid strategies combining beamforming and sparse 
recovery [48, 60, 61]. These techniques can serve as a 
front-end to ParaDER, supplying source position esti-
mates that feed into the subsequent parameter estima-
tion stages. By assuming known source positions in our 
experiments, we isolate and evaluate the performance 
of ParaDER itself, while maintaining compatibility with 
state-of-the-art localization strategies. Thus, as under-
lined in Sect.  2.2, the parameters that have to be esti-
mated are the coefficients of the sources (Sect. 3.1), the 
direct, the ER (Sect. 3.3), and the diffuse components at 
each microphone.

3.1 � Estimation of early component
Assuming the sources locations to be known, we address 
the problem of estimating the direct component of a 
microphone signal, namely Xn,dir(t,ω, rq) from the 

recorded microphone signal X(t,ω, rq) . This is a crucial 
step of the process, as the knowledge of Xn,dir(t,ω, rq) is 
required to estimate the exterior sound field coefficients of 
the sources and relative VSs for the estimation of the VM 
early Searly(t,ω, řv).

As discussed in [44], the direct component can be esti-
mated using spectral subtraction or Wiener filtering [70–
72]. We briefly summarize the approach presented in [44] 
to highlight key technical aspects that will also be relevant 
for ER extraction. It is worth noting that this method atten-
uates the contribution of the diffuse component but does 
not yield a purely direct component. Therefore, in this 
paper, we employ it to obtain a first approximation of the 
Xn,early(t,ω, rq) sound field component. Following [50] and 
[73] we can obtain an estimate of the direct sound compo-
nent Xn,early(t,ω, rq) at the position rq as the output of a 
squared root Wiener filter whose coefficients are computed 
as [50, 74]

where the Coherence to Diffuse Ratio CDR(t,ω, rq) is the 
time-frequency dependent signal to diffuse ratio at the 
qth microphone, defined as

Here �early,qq and �diff,qq are the auto-power spectra of 
the direct and diffuse components, respectively, and are 
defined as

As demonstrated in [50], CDR(t,ω, rq) can be estimated 
using the coherence functions of the microphone signal 
and diffuse noise

where we dropped the arguments t,ω for readability and

with �N ,qq(t,ω) and �N ,ll(t,ω) defined as in (2). Under 
the assumption of a spherically isotropic sound field, as 

(12)Gearly(t,ω, rq) =

√

1−
1

CDR(t,ω, rq)+ 1
,

(13)CDR(t,ω, rq) =
�early,qq(t,ω)

�diff ,qq(t,ω)
.

(14)

�early,qq(t,ω) = E{Xn,early(t,ω, rq)X
⋆
n,early(t,ω, rq)}

�diff ,qq(t,ω) = E{Xdiff (t,ω, rq)X
⋆
diff (t,ω, rq)}.

(15)

CDR(rq) =
Ŵdiff,qlℜ{Ŵ̂ql} − |Ŵ̂ql|

2

|Ŵ̂ql|
2 − 1

−

−

√
(Ŵdiff,qlℜ{Ŵ̂ql})

2 − (Ŵdiff ,ql|Ŵ̂ql |)
2 + Ŵ2

diff ,ql − 2Ŵdiff,qlℜ{Ŵ̂ql} + |Ŵ̂ql |
2

|Ŵ̂ql |
2 − 1

(16)Ŵ̂ql(t,ω) =
�ql(t,ω)√

�qq −�N ,qq(t,ω)
√
�ll(t,ω)−�N ,ll(t,ω)

,

(17)�ql = E{X(t,ω, rq),X
∗(t,ω, rl)}
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in (1), the diffuse noise coherence function Ŵdiff ,ql(ω) can 
be modeled following [50]

where

with � · �2 the L-2 norm of a vector. In order to determine 
the activity or inactivity of the sources, we use the voice 
activity detector [75].

Once CDR is estimated at the qth microphone, the 
Wiener filter coefficients can be computed using (12) to 
extract its direct component. A more practical imple-
mentation, as noted in [50], is given by [74]

where µ controls noise subtraction and Gmin sets a lower 
bound to reduce artifacts.

Finally, the filter in (20) is used to compute the direct 
signal component at the qth microphone through [50]

considering q and l as microphones belonging to the 
same array,

with Z(t,ω, rq) = |X
(
t,ω, rq

)
|2 − �̂N ,qq(t,ω) , Z(t,ω, r l ) = |X(t,ω, r l )|

2 − �̂N ,ll (t,ω) 
and arg{·} the operator that takes the argument of a com-
plex number. The spatial magnitude averaging performed 
in (22) is typically used in order to reduce the variance of 
the estimates for microphone array post-filters [76, 77].

It is important to note that while this filtering approach 
attenuates the contribution of the diffuse field for the 
microphone pair ql, it does not effectively isolate the 
direct component, as ER are included in X̂early . Indeed, 
from the perspective of the qth microphone capsule, 
ERs can be modeled to be delayed versions of the source 
signal and, as such, do not satisfy the coherence condi-
tion defined in (18). This assumption is verified with very 
good approximation in environments with planar walls, 
floor, and ceiling.

Therefore, an additional step is required to extract the 
direct signal from X̂early . We do so by estimating the exte-
rior sound field coefficients for each source in the scene.

(18)

Ŵdiff ,ql(ω) =
�diff ,ql(t,ω)√

�diff ,qq(t,ω)�diff ,ll(t,ω)
=

sin
(
kdql

)

kdql
,

(19)
�diff ,ql(t,ω) = E{Xdiff (t,ω, rq)X

⋆
diff (t,ω, r l)},

dql = �rq − rl�2

(20)Gearly(t,ω, rq) = max

{
Gmin, 1−

√
µ

CDR(t,ω, rq)+ 1

}
,

(21)X̂early(t,ω, rq) = Gearly(t,ω, rq)U(t,ω, rq),

(22)

U(t,ω, rq) =

√
Z
(
t,ω, rq

)
+ Z(t,ω, rl)

2
ej arg{X(t,ω,rq)},

3.2 � Source sound field coefficients estimation
Let us introduce the vector x̂early(t,ω) , which contains 
the direct component estimates for all microphones (21). 
The direct sound components acquired by the micro-
phones are given by

where

is the vector of the coefficients of the spherical harmonic 
for the nth source, and Ŷn(ω) is the matrix containing the 
spherical harmonics related to the nth source given its 
location r ′n Since Ŷ(ω) is known from source locations, an 
estimate

can be addressed using an optimization method as dem-
onstrated in [44].

Since this method optimizes along the source direc-
tions, it not only retrieves the exterior field coefficients of 
the source but also suppresses the contribution of ER in 
the estimated direct component X̂early(t,ω, rq).

3.3 � Estimation of early reflections component
In (1), we defined as ER component as the part of the 
microphone signal that is correlated with the source 
signal. One approach to estimating this correlation is to 
recover an estimate of the RIR. By definition, the peaks 
in the RIR numerically represent the correlation between 
the source signal and the recorded signal.

However, estimating the RIR requires knowledge of the 
source signal modeled as a point source. This is neces-
sary to preserve the spatial relationship with the VS and 
to avoid distortion in the correlation estimation caused 
by the directional patterns of sources. Specifically, these 
point-source-like signals can be approximated using the 
zero-order spherical harmonic coefficients, which repre-
sent the omnidirectional component of the sound field. 
This component reasonably approximates a point source. 
Following the approach described in [37], we estimate 
the point source-like signal as

where c00 = −ik . Thus, S̃n(t,ω) is used to deconvolve the 
observed signal X(t,ω, rq) obtaining an estimate of the 

(23)

x̂early(t,ω) =
�
�Y1(ω)�Y2(ω) · · · �YN (ω)

�



β1(t,ω)

...
βN (t,ω)





= �Y(ω)B(t,ω).,

(24)
βn(t,ω) =

[
βn
00(t,ω),β

n
0−1(t,ω), . . . ,β

n
LL(t,ω)

]⊤

(25)B̂(t,ω) = arg min ||ŶB(t,ω)− x̂early||

(26)S̃n(t,ω) = β̂n
00/c00,
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RIR. A widely used method for this purpose is the func-
tion G(·) derived from the Generalized Cross-Correlation 
[78].

where Rq,n(τ ) is the estimate of the impulse response in 
the time domain τ for the qth capsule with respect to the 
nth sound source.

Therefore, we define

aggregating the RIRs corresponding to all microphone 
capsules q into their respective microphone arrays a, spe-
cifically in the set Na . Given Ra,n(τ ) we perform peak 
detection over a threshold to extract the part of the sig-
nal that is more correlated to the source signal. We con-
sider the part of the Ra,n(τ ) for τ > |r ′n − rq|/c , since it 
is related to the direct path. Thus, the number of virtual 
sources, Îa,n , is determined using a peak energy threshold 
of −15dB compared to the first peak energy, obtaining 
Îa,n peaks related delay values δi,a,n from i = 1, . . . , Îa,n . 
Each peak is then isolated by segmenting Ra,n with a 
Hann window Wi,a,n of length W (samples), centered at 
δi,a,n . The window length W is a fixed parameter cho-
sen to be long enough to capture the energy of a single 
reflection yet short enough to temporally resolve distinct 
early reflections; a value of W = 128 samples ( ≈ 2.7 ms 
at 48 kHz) was used throughout this work. This process 
yields Îa,n segmented ER.

For each segment, we perform the DOA estima-
tion [79], resulting in the estimate of θi,a,n,ϕi,a,n azi-
muth and elevation, indeed, ρi,a,n = δi,a,nc . Thus, for 
each array a we obtain Ia,n estimates of VS locations 
r
′′
i,a,n = [θi,a,n,ϕi,a,n, ρi,a,n] . We summarize this operation 

in the function

Since the localization of the VSs is affected by noise, to 
improve the accuracy we perform K-Nearest Neighbors 
(KNN) [80] aggregating in In clusters the found VSs

The set P is the entire collection of all estimated VS 
positions. For a candidate point r ′′i,n , its ǫ-neighborhood 
N ǫ

k  is defined as all other points in P within a Euclidean 
distance of ǫ.

Thus, from now on, we will refer to VSs as r ′′i,n removing 
the subscript a.

Given the location of each VS, we need to estimate 
the transfer function Hn,i(t,ω, r) that describes the 

(27)Rq,n(τ ) = G(Sn(t,ω),X(t,ω, rq)),

(28)Ra,n(τ ) = [Rq,n(τ )]q∈Na ,

(29)V(Ra,nWi,a,n) = r
′′
i,a,n.

N ǫ
k (r

′′
i,n) =

{
r
′′
i,a,n ∈ P \ {r ′′i,n}

∣∣ |r ′′i,n, r ′′i,a,n|2 ≤ ǫ

}
.

relationship between the nth source and the ith VS in the 
location r . Thus, we define

where ra =
∑

q∈Na
rq/M is the location of the center 

of the array ath, ˆXi,n(t,ω, ra) = S(Ra,nWi,a,n)X(t,ω, ra) , 
X̂n,dir(t,ω, ra) =

∑L
ℓ=0

∑ℓ
µ=−ℓ β̂

n
ℓµ(t,ω)hℓ

(
kρa,n

)
Yℓµ

(
θa,n ,φa,n

) , with β̂ℓ,µ 
estimated in (25), X(t,ω, ra) =

∑
q∈Na

X(t,ω, rq)/M , and S(·) is 
the Short Time Fourier Transform.

3.4 � Estimation of diffuse component
The diffuse component of the microphone signal can be 
obtained using the filter [73]

where ˆGearly(t,ω, rq) is defined in similarity to (20) substitut-
ing �early,qq with �̂early,qq = E{X̂n,early(t,ω, rq), X̂

∗
n,early(t,ω, rq)}

 . It fol-
lows that an estimate of Xdiff (t,ω, rq) can be obtained as

where U(t,ω, rq) is defined in (22).

4 � Synthesis
4.1 � Synthesis of the direct component
An estimate Ŝn,dir(t,ω, řv) of the direct sound compo-
nent at the vth VM due to the nth source can be obtained 
by exploiting the model in (5). More precisely, given the 
source locations r̂ ′n and the set of exterior field coeffi-
cients β̂n(t,ω) obtained in (23), Ŝn,dir(t,ω, řv) is obtained 
through

where ˆ̌ρv,n , ˆ̌θv,n , and ˆ̌φv,n are the estimates of ρ̌v,n , θ̌v,n , and 
φ̌v,n in (5) and can be computed by inserting in (3) the 
estimate r̂ ′n of the nth source location.

The term Cv(ω) in (11) models the VMs pick-up pat-
tern. Usually this term can be expressed as a function 
f (·) that depends on the frequency ω , the angle between 
the vth VM and the nth source. More details about the 
pattern model are discussed in [44].

4.2 � Synthesis of the early reflections component
As described in (9), to synthesize the ER, we need the set 
of sources’ exterior field coefficients β̂n(t,ω) , the loca-
tion of the VSs r ′′i,n , and the transfer matrix Hi,n(t,ω, řv) . 

(30)
Ĥn,i(t,ω, ra) =

√
||X̂i,n(t,ω, ra)||2/||X̂n,dir(t,ω, ra)||2,

(31)Gdiff (t,ω, rq) =

√
1−

[
Ĝearly(t,ω, rq)

]2
,

(32)X̂diff (t,ω, rq) = Gdiff (t,ω, rq)U(t,ω, rq),

(33)

Ŝn,dir(t,ω, řv) = Cv(ω)

L∑

ℓ=0

ℓ∑

µ=−ℓ

β̂n
ℓµ(t,ω)hℓ

(
k ˆ̌ρv,n

)
Yℓµ

(
ˆ̌
θv,n,

ˆ̌
φv,n

)
,
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Assuming that the sound energy propagation has linear 
decay in space, we can approximate Hn,i(t,ω, řv) as

where 
∑A

a=1̟a = 1 . We choose the weights to be 
inversely proportional with respect to the distance 
between the vth VM and the ath array center, i.e.,

Thus, early reflection term related to the nth source on 
the vth VM location řv in (9) becomes

This equation enables the estimation of the reflected 
contribution from a specific source n, based on the cor-
responding estimated parameters. The image source 
method models reflected sound as originating from a VS. 
This VS mirrors the original source’s characteristics but is 
modified by the properties of the reflective surface. Con-
sequently, we model each reflection by placing a VS that 
emits the original signal, filtered to account for the sur-
face’s acoustic effects, which then propagates toward the 
VM’s position.

This approach allows us to adopt a simplified propa-
gation model in which the acoustic wave propagation 
is characterized by the Hankel function hℓ wavefronts 
in free-space conditions. To incorporate non-idealities 
of the reflective surface, such as frequency-dependent 
absorption or diffusion due to material properties or geo-
metric irregularities, we introduce the matrix H̃n,i . This 
matrix models the surface’s frequency response, account-
ing for effects like high-frequency attenuation caused by 
rough or absorptive surfaces.

4.3 � Synthesis of the diffuse component
In order to synthesize the diffuse component Sdiff (t,ω, řv) 
of the VM, we use the estimates of the diffuse signal at 
each microphone obtained in (32). More precisely, given 
the estimates X̂diff (t,ω, rq) , we compute the power of the 
diffuse signal component in řv as [15]

(34)H̃n,i(t,ω, řv) =

A∑

a=1

̟aĤn,i(t,ω, ra),

(35)̟a(ω) =
1

�ra − řv�2




A�

p=1

1

�rp − řv�2




−1

.

(36)Ŝn,ER(t,ω, řv) = Cv(ω)

In∑

i

H̃n,i(t,ω, řv)

L∑

ℓ=0

ℓ∑

µ=−ℓ

βn
ℓµ(t,ω)hℓ

(
kρ̌v,i,n

)
Yℓµ

(
θ̌v,n, φ̌v,n

)
.

(37)

E{|Sn,diff (t,ω, řv)|
2} =

Q∑

q=1

̟q(ω)E{|X̂n,diff (t,ω, rq)|
2}.

For what concerns the estimation of the phase of the 
diffuse signal component, according to [44], plausible 
results can be achieved by using the phase of the nearest 
microphone.

Finally, as defined in (11), the function Dv(ω) controls 
the sensitivity of the VM to the diffuse field. In the most 
general case, this function can be arbitrarily designed 
to resemble the characteristics of a binaural or cardioid 
microphone [19, 81, 82].

5 � Validation and results
To comprehensively evaluate the proposed method, we 
assess its performance through numerical analysis and 
perceptual investigation. This section presents the two 
validation approaches and the results.

First, we conduct a simulation campaign within a shoe-
box room, where a limited number of HOMs measure a 
controlled area. Second, we perform perceptual experi-
ments using an augmented reality visor and headphones. 
The simulation setup is detailed in Sect.  5.1, while 
Sect.  5.2 defines the metrics used to assess the perfor-
mance of the VM signal reconstruction. The simulation 
results are discussed in Sect. 5.3. Following this, we pro-
vide a deep discussion of the perceptual experiment in 
Sec. 5.5.

5.1 � Simulation setup and parameters
The simulation setup, illustrated in Fig.  3, consists of 
A = 9 HOMs, each with a radius of 0.025 m. To estimate 
a second-order spherical harmonic expansion, at least 
M ≥ 9 microphones are required per array. To improve 
numerical stability, we employ M = 12 omnidirectional 
microphones for each HOM. The microphone capsules 
are arranged according to the geometry proposed in [83], 
resulting in a total of Q = A×M = 108 microphones in 
the scene.

We simulate a scenario similar to a conference room, 
where the audience is seated on an inclined surface. 
Accordingly, the HOMs are also positioned on this 
incline, as illustrated in Fig. 3. The lowest HOM is posi-
tioned at least 1 and 0.5 meters away from the source 
and the walls, respectively, with its center height located 
as z/2− 0.5 m. The highest and farthest HOM is located 
at rA = [d − 0.5m, l − 0.5m, h/2+ 1m]T , where d,  l 
refers to the length and width of the room as in in Fig. 3. 
To evaluate spatial accuracy, we consider a single source 
scenario, though experiments involving multiple sources 
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can be found in [44]. Thus, we employed the same source 
localization method discussed in [44]. The source is 
placed at r ′1 = [1.5, 2, h/2]T m and emits a speech signal 
from [84]. It has a first-order cardioid directivity with a 
maximum energy emission direction of 45◦ azimuth and 
0◦ elevation.

In the � region, a dense 7× 7 grid of equally spaced 
virtual HOMs was placed. Each virtual ν th HOM con-
sists of Q̌ν = 12 VMs of the same type as the known 
HOMs, serving to assess the accuracy of the higher-order 
reconstruction. Thus, a total of V = 588 VMs are recon-
structed in the room.

In order to test the system in a range of acoustic con-
ditions, the sources and microphones configuration 
is accommodated in rooms with variable size. More 
specifically, � = 100 different room configurations, 
with randomly selected dimensions: 4m ≤ d ≤ 9m , 
3m ≤ l ≤ 9m , and 3m ≤ h ≤ 6m have been simulated. 
The HOM positions were adjusted based on room size, 
while the source location remained fixed. Such rooms are 
also characterized by reverberation time T60 randomly 
selected from 0.4 to 1.6 s. The microphone signals of the 
HOMs in (1) are generated by convolving the source sig-
nals with the RIRs, which are computed using the image 
source method [51] as implemented in [85].

The additive noise term in (1) is modeled as ran-
dom white Gaussian noise, with its variance adjusted to 
achieve a signal-to-noise ratio (SNR) of 60 dB.

All signals are sampled at 48 kHz, and their time-fre-
quency representation is obtained via an 8192-point 
Short-Time Fourier Transform (STFT), using a 512-time 
bin Hamming window with an 87.5% overlap, applied 

consistently in both the analysis and synthesis stages. The 
coherence-based filter parameters in Eq. (20) were set to 
µ = 1.5 and Gmin = −15dB . For the RIR segmentation in 
Sec.  3, a Hann window of fixed length W = 128 samples 
was used to isolate ERs, which were then clustered with a 
distance threshold of ǫ = 0.1 m.

5.2 � Metrics
To assess the accuracy of the reconstructed sound field, 
we employ the following key metrics, detailed in the next 
subsections:

•	 Power spectral density (PSD) Distribution, to evalu-
ate the spatial distribution of energy in the frequency 
domain;

•	 Diffuseness[86], to quantify the proportion of non-
directional energy in the reconstructed field;

•	 Early decay time (EDT)[87], derived from the impulse 
response obtained via deconvolution of the source sig-
nal and the estimated signal, characterizing the tempo-
ral decay properties of the sound field.

To evaluate the metrics above, the SH decomposition of 
the reconstructed HOMs is needed. It is expressed as

where řν represents the centroid of the ν th virtual HOM, 
computed as the mean position of its constituent VMs

(38)
α(t,ω, řν) = [α00(t,ω, řν),α−11(t,ω, řν), . . . ,αLL(t,ω, řν)]

⊤
,

(39)řν =
1

M

12∑

v=1

řv .

Fig. 3  3D graphical representation of the simulation setup. The source, represented with � , is located at r′1 = [1.5, 2, h/2]T  m, and its directivity 
pattern is π/4 w.r.t. x axes oriented, depicted as a red shaded area. The known HOMs centered in ra and represented as a black circle with a white 
cross are located on an inclined plane on the control surface � inside the room
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Following the formulation in [88], the SHC αnm(t,ω, řν) 
are given by

Here, bn(ωrν) denotes the spherical Bessel function, wc is 
a microphone-specific weight ensuring numerical consist-
ency, (θ̄v , φ̄v) are the azimuth and elevation angles of the 
relative position vector r̄v = rν − rv .

5.2.1 � PSD related metrics
We propose two different metrics related to the PSD. One 
is obtained from a comparison between the ground truth 
PSD and the estimated PSD, another is obtained by mask-
ing the source direction to emphasize the non-directional 
component of the sound field. In particular, the PSD of a 
multichannel acquisition is defined accordingly to MUSIC 
algorithm in SHD [79] considering the frequency band 
from 100 to 4000 Hz as

where we dropped the frequency ω argument for read-
ability, Y(θ ,φ) = [Y00(θ ,φ), . . . ,YLL(θ ,φ)]

⊤ represents 
the real-valued spherical harmonics evaluated at direc-
tion (θ ,φ). Vn,ν is the noise subspace, obtained from 
the eigenvalue decomposition of the covariance matrix 
Cν =

∑
ω

∑
t α

⊤(t, rν)α(t, rν) ∈ C(L+1)2×(L+1)2 , which 
can also be written as

where � is a diagonal matrix containing the eigenvalues 
of Cν . The matrix Vν contains the sorted eigenvectors, 
and the noise subspace is formed by selecting the eigen-
vectors corresponding to the lowest eigenvalues:

Along with the comparison between regular PSDs, we 
also compare masked PSDs, where the contribution of the 
source is suppressed. We do so through a Von Mises distri-
bution, which is fitted to model the dominant peak in the 
spatial power spectral density (PSD). This distribution acts 
as a directional analogue of a Gaussian, capturing the con-
centration of energy around the main peak. The model is 
defined as

where r ′1 is the direction corresponding to the peak of the 
PSD, and κ is the concentration parameter controlling 

(40)

αnm(t,ω, řν) =
1

bn(ωřν)

Qν∑

v=1

Ŝ(t,ω, řν)Y
∗
nm(θ̄v , φ̄v)wv .

(41)�ν(θ ,φ) =
∑

ω

1

Y⊤(θ ,φ)Vn,νV
⊤
n,νY(θ ,φ)

,

Cν = Vν�V
⊤
ν ,

Vn,ν = [v1, v2, . . . , vN ],

V(r) =
κ

2π(eκ − e−κ)
eκr

⊤
r
′
1

the sharpness of the distribution, i.e., the concentration 
parameter. After detecting a peak at r ′1 , the PSD is sup-
pressed at that location using the inverse of the Von-
Mises distribution

where ξ is a small regularization constant. In practice, 
a grid of (θ ,φ) is defined with steps of 2[deg] between 
−180, 180[deg] and −90, 90[deg] respectively. Thus we 
obtain �ν ,�2,ν ∈ R180×90 , describing the sound field 
power around the ν th virtual HOM.

5.2.2 � Diffuseness
We use the COMEDIE diffuseness estimator from SH 
signals described in [86]. This estimator assesses how 
uniformly the sound energy is distributed across differ-
ent directions. For each spherical harmonic order ℓ , we 
extract the corresponding submatrix

The spread factor at order ℓ is given by

where �i s are the eigenvalues of Cℓ and we dropped the 
ν virtual HOM index, since it is evaluated for each vir-
tual HOM. Thus, the diffuseness at order ℓ for the virtual 
HOM ν is

A higher diffuseness value indicates a more uniform, 
non-directional sound field, while a lower value suggests 
the presence of distinct, directional sound sources. This 
quantification aligns with the perceptual experience of 
sound: a highly diffuse field envelops the listener, making 
it challenging to pinpoint the origin of sounds, whereas a 
less diffuse field perceptually allows for easier localization 
of sound sources [6].

5.2.3 � Early decay time (EDT)
EDT is the time required for the sound energy to decay 
by 10dB after the initial impulse, typically extrapolated to 
60dB for comparison with T60 . It is a valuable metric for 
characterizing an RIR, as it better reflects the perceived 
reverberation in the ER, which significantly impacts clar-
ity and intelligibility in acoustic environments.

To evaluate EDT, the RIR is obtained by deconvolving 
the output signal of the algorithm with the input source 
signal. Then the procedure described in [87] is applied.

�2,ν(θ ,φ) =
�ν(θ ,φ)

V(r)+ ξ

Cℓ,ν = Cν(1 : (ℓ+ 1)2, 1 : (ℓ+ 1)2)

(42)gℓ =
1

�̄ℓ

(ℓ+1)2∑

ℓ′=1

|�ℓ′ −
1

(ℓ+ 1)2

(ℓ+1)2∑

k ′=1

�k ′ |,

(43)Dℓ,ν = 1−
gℓ,ν

2((ℓ+ 1)2 − 1)
.
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5.2.4 � Normalized mean square error (NMSE)
For each metric ( �ν , �2,ν , Dℓ,ν , and EDT), we evaluate 
the Normalized Mean Squared Error (NMSE). Denot-
ing a generic metric as A , the NMSE is computed as

where Â represents the estimated metric obtained from the 
reconstructed data, and AGT is its corresponding ground 
truth value. The NMSE provides a normalized measure of 
error, ensuring comparability across different metrics.

5.3 � Simulation results
We compared the proposed algorithm with a similar para-
metric method presented in [44]. Notably, the method in 
[44] considers only the direct and diffuse components, 
without accounting for ER. To distinguish between the 
two approaches, we refer to the method in [44] as D-D 
(Direct and Diffuse), while the proposed method paramet-
ric modeling of direct sound, early reflection and rever-
beration, which incorporates ER, is denoted as ParaDER.

In Fig. 4, the results obtained in our simulation cam-
paign are depicted, showing how the NMSE varies in 
space. In particular, the averaged NMSE is depicted, 
which is defined as

(44)NMSE(A) =
�OA − AGT�

2

�AGT�2

(45)N̂MSE(A) =

�∑

ξ=1

NMSE(Aξ )/E

where ξ is the simulation index, � is the total number of 
simulations, and Aξ is the generic metric evaluated in ξ th 
simulation. In the first and second columns of Fig. 4, the 
spatial distributions of � and �2 are depicted. Notably, in 
the region near the source, the PSD of the D-D method 
is lower than that of the proposed approach. However, in 
the remaining space, the NMSE decreases. We can inter-
pret this result in terms of how D-D is designed, i.e., a 
sound field consisting only of direct sound and an iso-
tropic diffuse component, a condition well approximated 
near the source. In reality, the sound field contains ERs, 
which can be better captured by masking the source 
component in the PSD.

Examining the second row, �2 reveals that the pro-
posed method significantly improves the reconstruction 
of reflections, enhancing the NMSE on synthesis by more 
than 10 db.

In the third column, the proposed method surpasses 
D-D in terms of diffuseness accuracy, indicating that 
incorporating the ER model in ParaDER leads to a more 
perceptually accurate spatial reconstruction. Since the 
results obtained from the diffuseness of orders 1 and 
2, i.e.,  D1,ν and D2,ν , are similar to the zero order, we 
depicted here only the zero-order one. A similar improve-
ment is observed for the EDT, confirming that explicitly 
modeling ER not only enhances objective reconstruction 
metrics, but also contributes to a more realistic percep-
tion of the acoustic scene.

In Fig. 5, the NMSE metrics are shown for various ran-
domly sampled T60 values across 100 simulations. For 

Fig. 4  Top view of the control surface � , where the NMSE is averaged over 100 simulations. From left to right, the plots represent the NMSE 
of the PSD, the NMSE of the PSD with source masking, the NMSE of the diffuseness, and the NMSE of the EDT. The top row corresponds to the D-D 
method from [44], while the bottom row presents results from the proposed ParaDER method
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each simulation, the 49 HOM metrics are used to com-
pute the mean and standard deviation of the NMSEs.

From Fig. 5, it is evident that for all metrics except EDT, 
the NMSE increases as T60 increases for both models. 

This trend indicates that higher T60 values correspond to 
more complex acoustic scenarios, where the assumptions 
of the parametric model become less valid. Neverthe-
less, the proposed method consistently improves the D-D 

Fig. 5  NMSEs for the considered metrics as a function of T60 and the volume of the room. The solid lines depict the first-order polynomial 
approximation of the NMSEs computed over 100× 49 simulations (i.e., simulations per number of virtual HOMs). The shaded areas indicate 
the corresponding standard deviations
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method, demonstrating that incorporating ERs enhances 
the reconstruction quality. Moreover, we found that the 
NMSE of the EDT decreases as the T60 increases. This 
is because, in highly reverberant spaces, the sound field 
is dominated by the diffuse reverberant tail. This diffuse 
component is more predictable and uniform than indi-
vidual ER, making it easier for a reconstruction model to 
accurately estimate the overall decay, including the initial 
EDT slope.

In the bottom part of Fig. 5, the NMSEs as a function of 
room volume are presented. We observe that as the room 
volume increases, both methods show improved accuracy 
in terms of PSD and diffuseness D0ν . However, the accu-
racy of the EDT estimation decreases. This is because, 
in larger spaces, virtual sources are positioned farther 
from the HOMs, making it more challenging to accu-
rately identify reflections. Additionally, in larger rooms, 
the diffuse field between distant HOMs becomes more 
uncorrelated compared to the more coherent diffuse field 
observed in smaller spaces. This effect is partly due to the 
higher spatial density of HOMs in smaller environments; 
since the same number of arrays is distributed over a 
more compact volume, the measurement grid becomes 
denser, leading to a more coherent sampling of the dif-
fuse field. These observations highlight the importance 
of modeling both ER and the diffuse field. Depending on 
the room’s characteristics, an accurate representation of 
the sound field often requires a weighted combination of 
these two components.

5.4 � Robustness to additive noise
To evaluate the robustness of the proposed method in 
the presence of additive noise, an extensive Monte Carlo 
simulation campaign was undertaken. The experimental 
setup mirrors that described in Sect. 5.1, utilizing a shoe-
box room with dimensions 6m× 5m× 4m and a rever-
beration time of T60 = 0.8 s. To systematically assess 
performance degradation, uncorrelated white Gauss-
ian noise was introduced to the simulated microphone 
signals to achieve a range of signal-to-noise ratio (SNR) 
conditions from 5 to 60 dB. For each SNR level, the algo-
rithm’s performance was quantified by reconstructing 

the virtual HOMs signal within the target region � (illus-
trated in Fig.  3) and computing the NMSE for the pro-
posed metrics.

The results in Fig.  6 depict the statistical distribution 
of the NMSE across all tested SNR values. As antici-
pated, the estimation fidelity is inversely correlated with 
the noise power. A critical observation is the algorithm’s 
stable performance regime for SNR>20 dB, where the 
NMSE plateaus. This indicates a degree of inherent noise 
resilience, suggesting that the proposed method remains 
effective under realistic acoustic conditions where mod-
erate noise levels are expected. The performance degra-
dation below this threshold follows an expected trend, 
characterized by a monotonic increase in both the mean 
and variance of the reconstruction error.

5.5 � Real case scenario results
To evaluate the proposed algorithm in a realistic scenario, 
we conducted a listening experiment using a MUSHRA 
(Multiple Stimuli with Hidden Reference and Anchor) 
like test. MUSHRA is a widely used subjective evaluation 
methodology designed for high-quality audio assessment, 
where participants rate different stimuli compared to a 
hidden reference on a continuous scale from 0 to 100.

Our experiment is based on the dataset of a large con-
ference room presented in [49], from which the reference 
RIRs of the HOMs were obtained for two sound sources. 
Specifically, we considered A = 25 HOMs giving a total 
of Q = 25× 8 capsules. To evaluate the reconstruction 
accuracy, we assume that only 50% of the microphones 
are available for analyzing the acoustic field, while the 
remaining 50% are used to provide a ground truth for 
comparison. Specifically, referring to Fig.  8, two config-
urations are considered: (i) HOMs with odd indices are 
used for analysis, and those with even indices for valida-
tion, and (ii) the roles are reversed. To generate the test 
stimuli, the RIRs in the training set were convolved with 
three different audio signals: male and female anechoic 
speech signals from [89] and a music anechoic sig-
nal from [90]. The resulting processed signals served as 
input for various soundfield reconstruction algorithms, 
including the D-D approach [44], the non-parametric 

Fig. 6  Statistical distribution of the NMSE varying SNR levels. The blue circles represent the mean NMSE, with vertical error bars denoting ± one 
standard deviation. The red diamonds indicate the median values
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reproducing kernel Hilbert space [38], that we denote as 
RKHS, and the proposed ParaDER algorithm. In total, we 
generated 200 signals, which were then mapped to the 
A = 25 virtual HOM locations, ensuring that a ground 
truth reference was available for each simulated HOM.

For playback, the reconstructed virtual HOM signals 
were filtered to derive second-order ambisonic tracks 
suitable for a virtual reality system. As described in [91], 
a total of 15 participants took part in the listening test, 
wearing a Meta Quest 2 visor and Sennheiser HD380 
pro headphones amplified with Behringer HA400, in a 
3D-rendered environment designed to accurately repro-
duce the real measured room from [49] as depicted in 
Fig. 7. For the subjective evaluation, the two sources were 
not active simultaneously. Participants were instructed 
to select and evaluate each source individually to provide 
isolated ratings for the perceptual attributes (Fig. 8).

Each participant rated five different models in a hid-
den manner:ParaDER (proposed method), D-D [44], 
RHKS [38], Ground Truth reference, 3.5kHz Low-
pass filtered reference (mid. anchor) Following the 

methodology in [92], participants rated the stimuli on 
four perceptual attributes:

•	 Overall audio quality: the perceived fidelity and 
naturalness of the audio, considering artifacts, distor-
tions, and clarity.

•	 Localizability: the accuracy with which a listener 
can determine the spatial position of sound sources 
within the auditory scene.

•	 Spatial quality: the sense of envelopment, depth, and 
width of the sound field, including spatial coherence 
and immersion.

•	 Timbral quality: the accuracy of tonal characteris-
tics, including the preservation of frequency balance, 
harmonic integrity, and naturalness.

Moreover, during the evaluation the user can also switch 
the seat among the 25 different locations.

In Fig.  9, the results obtained from the voice simula-
tions are presented. We observe that in all perceptual 
dimensions (audio quality, localizability, spatial quality, 

Fig. 8  Scheme of the room [49] used in [91] for the MUSHRA test

Fig. 7  View of the simulated room according to [91]. Users can select each chair in the room, the sources are depicted as two yellow spheres
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and timbral quality) the proposed ParaDER algorithm 
consistently outperforms the competing methods.

While the perceptual scores are generally just above 50, 
this still reflects a clear advantage over the other methods 
and confirms the effectiveness of explicitly modeling ER. 
The moderate scores likely stem from the intrinsic com-
plexity of human speech, which is rich in tonal detail and 
spatial cues. These results highlight both the robustness of 
the proposed approach and the remaining challenges in 
achieving perceptual transparency in realistic scenarios.

In contrast, Fig.  10 shows the results for music signal 
reconstruction. Here, the results of all reconstruction algo-
rithms improve noticeably, with ParaDER achieving an aver-
age score of about 75, significantly higher than in the voice 
simulations. Indeed, studies on sound localization [93] have 
demonstrated that broader bandwidths and richer spectral 
content, characteristics typical of music, enhance localiza-
tion performance. In contrast, speech signals, with their 
narrower frequency ranges and rapid temporal fluctuations, 
present more challenges for accurate spatial reconstruction.

Furthermore, focusing on specific perceptual aspects, 
such as localizability and spatial quality, the ParaDER 
method demonstrates a clear advantage over the D-D algo-
rithm. This highlights the effectiveness of the ParaDER 

method in preserving the spatial characteristics of the sound 
field, enabling a more accurate and immersive experience 
for the listener. The significant improvement in localizabil-
ity is particularly noteworthy, as it also confirms the impor-
tance of the diffuseness improvement shown in Fig. 5.

On the other hand, the RKHS-based algorithm performs 
poorly in the context of this study. Its scores remain con-
sistently low across all perceptual classes, indicating that it 
is not well suited for the framework under consideration. 
Indeed, as discussed in Sect.  1, the algorithm’s perfor-
mance significantly deteriorates in high-frequency bands. 
This limitation is further exacerbated by the sparse micro-
phone setup used in our scenario, which includes far fewer 
microphones than those employed in the original study 
[38]. As a result, the algorithm struggles to accurately 
approximate the sound field at the VM positions, cutting 
out the high frequency content and losing the spatiality as 
demonstrated by the MUSHRA test.

6 � Conclusions and future works
In this work, we have presented a parametric virtual 
microphone framework that explicitly models direct, 
early, and diffuse components of a sound field, resulting 

Fig. 9  Results of the evaluation of the quality metrics (audio quality, localizability, spatial quality, and timbral quality) of the MUSHRA test using 
female and male voice speech signal

Fig. 10  Results of the evaluation of the quality metrics (audio quality, localizability, spatial quality, and timbral quality) of the MUSHRA test using 
music signal
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in more accurate and perceptually realistic reconstruc-
tions in complex acoustic environments. The proposed 
method leverages a modular pipeline spanning virtual 
source estimation, time frequency filtering, and explicit 
early reflection modeling to achieve significant improve-
ments in objective metrics such as NMSE, PSD recon-
struction, diffuseness accuracy, and EDT. Our framework 
first localizes sources and estimates their signals via 
sparse regularized optimization of spherical harmonic 
coefficients. It then constructs virtual source parameters 
to propagate direct and early components to the virtual 
microphone, extracting the diffuse field as the residual. 
By fitting only zero-order (omnidirectional) coefficients 
for RIR retrieval, we maintain directivity patterns while 
simplifying the inversion. Finally, the synthesis module 
recombines these components, yielding high-fidelity spa-
tial audio.

Results demonstrate that incorporating explicit ER 
modeling (ParaDER) yields over a 10dB improvement in 
NMSE for reflection reconstruction and consistently out-
performs baseline D-D methods in both PSD synthesis 
and diffuseness accuracy across all harmonic orders. Lis-
tening tests further confirm that ParaDER delivers supe-
rior audio quality, spatial coherence, and timbral fidelity 
for both speech and music signals.

It is worth noting that in practical experiments the source 
positions are not perfectly known but estimated from the 
measured room impulse responses. We estimated that the 
average localization error in [49] data tests is about ≈ 25 cm, 
which is comparable to the physical size of the loudspeaker 
( ≈ 40 cm). We did not observe a significant degradation in 
perceptual reconstruction quality, indicating that ParaDER 
is robust to realistic localization errors.

While the current implementation of ParaDER is not yet 
optimized for real-time operation, its parametric nature 
makes it inherently suitable for efficient, real-time applica-
tions. This potential is exemplified by its direct applicabil-
ity to projects like the EU-funded REPERTORIUM, which 
aims to provide metaverse-ready classical music streaming 
and stands to benefit from ParaDER’s low-microphone, 
real-time capabilities for immersive audio.

Future work will refine virtual-source estimation, 
potentially via adaptive PINNs, and extend the pipe-
line to dynamic sound fields, paving the way for live 
VR/AR experiences and large-scale cultural-heritage 
preservation.
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