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Abstract—In this paper, we propose a novel approach to room
reverberation analysis based on the angular power distribution
model of the reverberant field developed using a von Mises-Fisher
(vMF) mixture function. The statistical features of the complex
reverberant power distribution convey the directional strength of
inhomogeneous room reflections. The model is primarily designed
for directivity study and also helps in encapsulating the extensive
raw data into a convenient set of parameters of the density
function. Initially, we conducted impulse response measurements
of the test room and determined the reverberant field power
values using the spatial correlation model in the spherical
harmonics domain. The proposed technique transforms this data
into directional power vectors to estimate the parameters of a
convex VMF mixture function. A power distribution model is
generated from these parameters to represent the directional
characteristics of room reverberation. The paper evaluates the
performance of the model for a test room, and the results conform
to the real room environment. The directivity model identifies
directions of distinct reflections and exhibits the potential for
further functional enhancements to evolve as a reliable statistical
room acoustic model.

Index Terms—Reverberation directivity, room acoustic mod-
elling, vMF mixture distribution, spatial correlation

I. INTRODUCTION

Room acoustic modelling and reverberation analysis play
significant roles in the development of virtual reality environ-
ments and immersive audio technologies. The classical room
acoustic models consider a reverberant room as a linear time-
invariant (LTI) acoustical transmission system. The collection
of Room Impulse Responses (RIR) or Room Transfer Func-
tions (RTF) measured for different source-receiver positions
across the room represent the dynamic behavior of the rever-
berant field and acts as its acoustic fingerprint [1].

The primitive reverberation analysis methods used the
RIR/RTF directly to compute many objective parameters and
performance measures [2]-[4]. A more intricate examination
of spatial sound field features was enabled by later studies
using methods like sound intensity mapping [5], 3D analysis
using higher-order spherical harmonics [6]-[9], and plane-
wave decomposition [10], [11]. In [12], Hioka et al. proposed
a technique to directly process the microphone measure-
ments using a spatial correlation matrix model. However,
such models required a higher number of microphones and
suffered spatial aliasing errors at higher frequencies. In [13],
Samarasinghe et al. refined the spatial-correlation model and
overcame the above drawbacks by incorporating wave-based
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spherical harmonic modelling with higher modal analysis of
Eigenbeams. This model was robust to surrounding noises and
clearly identified the dominant reflections, but it exhibited a
few negative power values in the reflection power profile.

The latest room acoustic models [14], [15] have tended
to rely on synthetic RIRs generated from reconstructed 3D
room geometry due to the practical limitations in performing
large-scale acoustic measurements for various source-receiver
positions across the 3D room space. However, the substantial
use of image processing and deep learning algorithms in these
models make them numerically complex and computationally
very demanding. Hence, the current scenario puts forth the re-
quirement for a computationally modest and pragmatic model
based on sound field measurements without compromising
data authenticity.

In this paper, we propose a novel approach to reverberation
analysis by representing the reflected field directivity as an
angular power distribution based on von Mises-Fisher (vMF)
mixture model. Over the last two decades, researchers have
established the competence of vMF mixture models to process
directional data in the fields of biomedical imaging [16]-[18],
renewable energy [19], computer vision [20], [21], speaker
identification [22], and speech modelling [23]. Through this
paper, we are introducing VMF mixture modelling in the
field of room acoustics for higher-dimensional analysis of
directional data by exploiting its multivariate density function.

The proposed method converts the reverberant field powers
corresponding to different reflection directions into directional
power vectors for fitting a VMF mixture model. We de-
termine the field powers beforehand using the state-of-the-
art estimation algorithm proposed in [13] on the grounds
of its aforementioned advantages. The vVMF mixture density
function produces a non-negative reflection power profile,
thereby overcoming the shortcoming of [13] and encapsulates
the extensive sound field information into suitable statistical
parameters. The transformation of standard RIRs into a power
distribution function reduces the redundancy of the raw data.
Consequently, it scales down the measurement effort since
the RIRs between sufficiently sampled points across the room
space are adequate for faithful reproduction of the angular
power distribution model.

The remainder of this paper is organized as follows: Section
II presents the system model and background framework, fol-
lowed by the problem definition and objectives of this research
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Fig. 1: Geometrical illustration of the source-receiver system

work. In Section III, we describe the procedure for estimating
the reverberant field power using the spatial correlation model
in the spherical harmonics domain. Section IV explains the
new directivity model and highlights the transformation of
reverberant field power data into directional power vectors.
Section V outlines the experimental setup and evaluates the
preliminary results of the proposed model. Finally, in Section
VI, we conclude the paper and present future research plans.

II. SYSTEM MODEL

Consider the source-receiver arrangement illustrated in Fig.1
with a spherical microphone array of radius r consisting of
 omnidirectional microphones located at the origin O. Let
H(xq, Yo, k) be the RTF between the source located at y, =
(To,00, ¢0) and the ¢! microphone element located at x, =
(r,0q,¢q), where ¢ = 1,2,...,Q. Assuming the room as an
LTI system, the sound field received by the ¢** microphone
can be expressed in the frequency-domain as

U(xg, k) = S(k)H(xq, Yo, k) (1)

where S(k) is the Short-time Fourier transform (STFT) of the
source signal, and k is the wavenumber. Since the incident
sound field ¥ (x,, k) contains the dominant direct path along
with the early reflections and the reverberant field, we decom-
pose the RTF H (x4, y,, k) into the direct Hyy (x4, Yo, k) and
reflected Hyvp (4, Yo, k) components as

H(mqy Yo, k) - Hdir(wqy Yo, k) + Hrvb(qu Yo, k) (2)

Assuming that the distance between the source and micro-
phone array is significantly larger than 212 /), where L is the
aperture size of the microphone array and A is the wavelength,
we can consider the sound field as a composition of plane
waves [13]. Let the gain of the direct path incoming from
direction g, be Gp(k), then the direct component of RTF is
a plane wave of the form

Hgie(%g, Yo, k) = Gp(k)er¥o-®a. A3)

Similarly, let Gr(k,y) be the gain of the reflected plane
wave arriving from direction g = (1,6, ¢) for 6 € [0, 7] and
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¢ € [0,2m), then the reflection component of RTF from all
directions is

2 T
Hyp(xq, Yo, k) = / / Gr(k,§)e™¥®asin 0dOdp. (4)
0 0

Substituting (2), (3) and (4) in (1), we expand ¥ (x4, k) as
W (xy, k) = S(k)Gp(k)ekdoza

27 T
+ S(k) / / Gr(k,§)e™¥®asin dhdp. (5)
JO 0

By inspecting the above representation, the total power con-
tributed by the reflected components is:

2m ™
Pr=B(SMP} [ [ E(Gak )} sinodsds ©
o Jo
where E{-} is the expectation operator.

A. Harmonic Expansion of Angular Power Distribution

The function E{|Gr(k,§)|*} across different § gives the
directional distribution of Pgr. For computational convenience
and efficient estimation using limited coefficients, we decom-
pose E{|Gr(k,§)|>} using spherical harmonics as

o0 v
E{|Gr(k,9)} =" Y vu®)You(@) (D
v=0u=—v
where Y, () is called the spherical harmonic function of v**
order and u*"* mode, and ~,,, are the corresponding reflection
gain coefficients. In order to model the 3D reflected field
power distribution, we write the power of reflected component
from look direction g as

[e o] v
Pr(k,9) = > Loul(k)You(9) ®)
v=0u=—v
where I, (k) = E{|S(k)|*}you(k) are the reflection power
coefficients. Thus, the reflected power from any direction can
be determined once we estimate the I, (k) coefficients.

B. Problem Formulation

The magnitude of the reflected power Pr(k,g) conveys the
strength of effective reflectance from all surface points located
along the y direction. Therefore, the Pr(k, ) values sampled
over a set of arbitrary directions ¢ can provide the relative
strength of reflectance across the room boundary, and its
diverse combination from several RIRs can serve as directional
data. Our objective is to deduce the reflection gain directivity
statistically from this set of Pr(k, ) values by fitting a prob-
ability distribution model capable of characterizing directional
data.

The reflections from the inhomogeneous room surfaces
contribute to distinct statistical features in the reverberant
field power distribution. Also, this distribution should be a
multimodal function with multiple peaks corresponding to the
highly reflecting surfaces. Hence, a convex mixture model is
required to represent the angular power distribution as follows:

Pa(k,9) =3k 3:4) = Y of(kg:5) O
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where o, are the mixing coefficients, f(-) is the probability
density function modelling directional data, and §, are the
function parameters of the mixture components. In this paper,
we have chosen the VMF density function as f(-) since it is
the optimal choice for characterizing multi-dimensional direc-
tional data [24]. The function §(-) represents the compound
model and A is its parameter comprising of all o, and ,.

The main task in modelling the room reverberation directiv-
ity is the estimation of A by fitting the compound model §(-)
on directional power vectors derived from the Pg(k,9) data.
Before that, we determine the Pg(k, ) values by processing
the incident sound field over the spherical microphone array
using RIR measurements for different source positions inside
the room of interest.

III. ESTIMATION OF REVERBERANT FIELD POWER

In this section, we estimate the I3,,(k) coefficients and
subsequently calculate the reflected field powers Pr(k,y) for
any arbitrary direction in the room using the spatial correlation
method in the spherical harmonics domain [13] according to
the following steps:

Step 1: Estimating spherical harmonic coefficients of the
incident sound field

We obtain the incident sound field (x4, t), where ¢ is the
time-dependency, by convolving the RIR (x4, y,,t) captured
by the spherical microphone element x, with any clean
signal from the source at y,. We can express the sound
field transform function ¥(x,,k) as the Helmholtz wave
equation solution to the interior sound field problem in the
spherical harmonics domain [25]. Since this work uses a rigid
microphone array, the radial solution coefficient j,(kr) is
adjusted to obtain the modified expression of ¥ (x,, k) as

W (xg, k) = i i U (k) (k1) Yo (0g, dg) — (10)

n=0m=-n
where «,,,, are the corresponding spherical harmonic co-

efficients. The function b,(kr) = j,(kr) — }le((];;)) B (k)
where j,(-) and h,(-) denote the spherical Bessel and Hankel
functions of order n, respectively, and j,, (-) and h,, (-) are their
corresponding first derivatives.

Using the orthogonal property of spherical harmonics [26],

we can derive the incident sound field coefficients o, (k) as

s P (@, k)Y, (B 69)
by, (k)

For practical implementation, we truncate (10) to an order NV

such that N = [kr] and Q > (IN 4 1)2 to avoid the high-pass

nature of higher-order Bessel functions and spatial aliasing

problems [27].

Ol'nm(k) = (11)

Step 2: Estimating reflection power coefficients I, (k) and
power of reflected components Pr(k,9)

From the «v,,,,, (k) coefficients obtained using (11), we define
a spatial cross-correlation matrix in the modal domain as

R(k) £ E{a(k)a" (k)} (12)
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where a(k) = [aoo(k) ar—1(k) - aNN(k)]fX(NH)Q and
afl(k) is the Hermitian transpose of a.(k).

According to the spatial correlation model proposed in [13],
the estimation problem of reflection power coefficients I, (k)

can be formulated as a matrix equation [28]

7(k) = B(k)p(k) (13)

where

Roooo
Roo1-1

Roonn | 5 (14)

Ri_100

| RNNNN |

doooovv
doo1—1vv

do00000
doo1-100

boooo
boo1—1

doonnvy |, (15)

di—100vv

dooNN00
d1-10000

boon N
b1—100

IbvvNN  AdNNNNoo AdNNNNVV

Pp
I
I
: (16)
Iy _v

I'vy

Rymn/my is the (n2+n+m-+1)*" row and (n/2+n'+m’/+1)t"
column component of R(k),

bpmnrmy = ()Y (0o, o) Ynrm: (0o, o) can be calcu-

nm
lated based on source location,

dnmn’m'vu =

(i)n—n'(_l)—m\/(27’+1)(271J7Fr1)(2n/+1) W1W2’
where W7 and Wy are Wigner 3j symbols [29] given by
/

v n n v on o on
W1—<O 0 0>andW2—<u “m m,),and

Pp = E{|S(k:)|2|GD(k,ﬁ)|2} is the direct path power.

Since B(k) and 7(k) have known elements, we can estimate
p(k) which contains the desired reflection power coefficients
I, by solving (13) using the least-squares method given by

p(k) = BT (k)7 (k) (17)

where []1 and [] represent pseudo-inverse and estimated
values, respectively.

From the estimated p(k) array, we filter the I3, elements
and substitute in (8) to find the reflected powers Pr(k,y) for
different incoming y directions across the 3D room space. To
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avoid an undetermined system while solving (17), we truncate The first step in this data transformation is the normalization

(8) to an order V such that V = {\/(N +1)% - 1J [13]. of {PR(k,y)(J)}jzl to a range of [0,1]. If the elevation

and azimuth angles of the look direction y are 6 and ¢,

IV. MODELLING OF REVERBERANT FIELD DIRECTIVITY  respectively, then the unit-vector components of Pr(k, )0

USING VMF MIXTURE DISTRIBUTION are defined as:
The Pgr(k,y) values for different y sampled across the m = |Pr(k,9)"9|sin 6 cos ¢, (20a)
room define the directional characteristics of the room rever- (]) . )

berant field. The proposed method uses the multivariate vVMF = [Pr(k, 9)"| sin@sin ¢, (200)

mixture distribution to extract this information for a faithful = |Pr(k,9)9| cos 6, (20c)
representation of the field directivity. N N

\/ (GO + () + (9] oo

A. Multivariate vMF Mixture Distribution _
Thus the reverberant field power Pr(k,%)V) is converted

; ; N (@ L6 G T
distribution for modelling multi-dimensional directional data 0t0 2 étD(/‘)unJlt vector 20 = [, 2] ,.z37 ,2¢’]" and
distributed over a unit hypersphere [24]. The probability {Fr(K; )" }j_; is transformed to a set of independent and

density function of a D-variate VMF distribution is given by  identically distributed vectors, denoted by Z = {z (])}j:l
(1) We use Z as the training data to estimate the parameters
D
k2

Foe (2, 1) = exp(s Tz) (18) of a 4-variate vVMF mixture model using the Expectation-

VMFAZ; Hs (@m) % Lo () PURH Maximization (EM) algorithm given in [30]. It is also inte-

z grated with the clustering algorithm based on the Bayesian

where z is a D-dimensional random unit vector, p is the mean  Minimum Message Length (MML) criterion proposed in [31]

direction vector, « is the concentration parameter, and I,,(-) to decide the number of mixture components that best fit

is the modified Bessel function of the first kind at order n. 7. Once the parameters are estimated, we use the vVMF

The function should also satisfy the constraints: [[1|| = 1, mixture model f(z; M, k,w) to visualize the angular power
# 2 0 and D > 2. It has minimal parameters compared t0 distribution of the room reverberant field.

other directional models and can be used to design closed-

form expressions [16]. Also, the VMF distribution allows

The vMF distribution is the most straightforward parametric

V. EXPERIMENTAL RESULTS

decomposition of any function defined on a hypersphere using This section presents the experimental setup to acquire the
the property that the product of two VMF distributions is RIRs and evaluates the performance of the proposed directivity
another unnormalized vMF [16], [24]. model for a rectangular test room of size 3.7 x 4.2 x 2.7

In accordance with (9), we require a convex mixture of m. The upper-half portions of the right and front walls of
unimodal vMFs to model the angular power distribution of this room had glass surfaces. We expect the angular power
the room reverberant field. Therefore, Pr(k, §) follows a vMF  distribution model to identify the reflection variations from
mixture distribution given by various objects across the room boundary, particularly the
significant reflections from the glass surfaces.

The experiment used an em32 Eigenmike [32], the 32-
element rigid spherical microphone array with radius r =
0.042 m, to measure the RIRs. We placed the Eigenmike at the
where A is the total number of components in the mixture  geometric center of the room and considered the center of the

f(z;M,mw) = ZwavaF(Z§lLaa/€a) (19)

model f(-), M = {p,};—; are the mean vectors of f(-), kK = receiver array as the origin O of the coordinate system adopted
{Ka}a: a=1 are the concentration parameters of f(), and w = for our model shown in Fig. 1. The RIRs were measured with
{we ), are the weighting factors that satisfy the constraints  three repeats of a 2-second linear sweep signal emitted from
wq 2> 0 and Z —1Wa =1 a source placed at a distance r, = 1 m from O and the same

The function f(z; M, k,w) forms the compound model elevation as the Eigenmike, i.e., in the XY plane with 6, = g
$(k,9; A). Consequently, the main task of estimating A  We repeated the measurements for different source azimuth
involves the fitting of f(-) on Pr(k,g) data to find the positions ¢, € [0,27) with 20° increments to obtain a range
parameters M, k and w. of RIRs.

o ) In the next stage of the experiment, we convoluted a
B. Fitting the vMF Mixture Model 3-second clean speech signal sampled at 48 kHz with a

Initially, we follow the method described in Section III to  32-channel 19200-tap RIR sequence to obtain the incident
form a comprehensive training data set {PR(k',Q)(j)}}]:l from sound field (-,t). We transformed it into the frequency-
Pg(k,q) values corresponding to different g directions and domain sound field ¥ (-, k) through STFT to find the ., (k)
source positions. Before using this data set to train the vVMF  coefficients using (11). The frequency components ranging
mixture model f(-), we have to convert each Pr(k,9)") into  from 2000 Hz to 5000 Hz were selected for the subsequent
a unit vector conveying directional reflection power magnitude processing according to Section III to deduce Pr(k,y) values
using the rules of coordinate geometry. for ¢ € [0,27) with 2° increments and 6 = 7.
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Fig. 2: Reverberant field power in the XY plane for different Fig. 3: {z(j )}Jle visualized as spherical data distribution
source positions

For the elementary analysis presented in this paper, we B. Reverberant Field Directivity Model
have averaged the reflected power values Pgr(k,9) across the
frequencies for each g direction in the XY plane. Henceforth,
the frequency dependency (k) is omitted, and we treat the
reverberant field power Pr(y) as a function of direction. We
repeated this process for all the measured RIRs to create a
comprehensive training data set { Pr ()Y )}J

In the final step, we use the VMF mixture model to inter-
pret the directivity information from the distributed training
vectors. The algorithm fitted a 4-component VMF mixture
model, and the estimated parameters are recorded under
Table.l. Thus the proposed approach condensed the extensive
sound field information from eighteen 32-channel 19200-tap
A. Training Data RIR sequences into the mean M4, 4], concentration Ky
and weight w4, parameters of the VMF mixture function.
Finally, we substituted the estimated parameters in (19) to
generate the power density for testing vectors z corresponding
to arbitrary directions sampled across the room space.

The resulting angular power density, shown in Fig. 4,
illustrates the directional distribution of room reverberation
by identifying the regions of varying reflectances. The high-
est reflection density or dominant reverberation direction
coincides with the function maximum around ¢ = 225°,
which corresponds to the glass surface points on the front
wall. We can also observe relatively high magnitudes across
¢ € [0°,45°]N[315°, 360°) indicating considerable reflections
emanating from the glass surface portions on the right wall.
The remaining lower magnitude areas are probably the result
of normal wall reflections and higher-order reflections from the
glass surfaces. The miscellaneous objects present in the test

The simulation results in Fig. 2 show the Pr(y) plots
across the XY plane of the room for a few different source
positions. The magnitude variations in the reflection power
profile convey the difference in reflective properties across the
walls, and its distinct peaks indicate the relative positions of
highly-reflecting surfaces inside the room with respect to the
source location. If we compare the results of different source
locations, the profiles exhibit similar shape but with relative
shifts and different peak magnitudes due to the change in
displacements between the source and reflecting surfaces. This
behavior suggests a fixed reference position of the reflecting
surfaces but random reflection paths. This randomness is
exploited by the vMF model to extract the directivity pattern of
the room reverberant field. The similarity in reflection profiles
also reveals the redundancy in the RIR measurements. Hence

a proper subset of the RIRs can still produce the same angular il his distributi he directi
power distribution. room also influence this distribution. The directions around

The Pr(k,y) values estimated based on the method given ¢ = 90° seem to be. comp.osed of Cf)mp.aratively absorb(?nt
in [13] is only a fraction of the actual reflected power. It shows surfaces. Hence, the directivity model in Fig. 4 conforms with

a few negative values, as visible in Fig. 2, due to the truncation the Fea,l test room environment and recognizes the directions
of the infinite summation in (8). However, the truncation error of distinct reflective surfaces.

is minimum at high values of V, and since we are interested We can create a more 1n.trlcate (}1rect1V1ty model using
only in the relative power distribution across the room, this the training data corresponding to g and source positions

problem is solved by the data transformation mentioned in 4CTOSS the XYZ plane. It also allows the visualization of the
Section IV. Thus, in the penultimate step of the experiment, we frequency-dependent behavior of the reverberant field using

converted {Pr(y )m}‘] , into the directional power vectors
{1V}, before introducing to the vMF-mixture parameter TABLE I: Estimated parameters of vMF mixture distribution
estimation algorithm. The training vectors are visualized as
spherical data in Fig. 3. The position of each data point
corresponds to the direction ¢ and the normalized directional
power | Pr(9)")| is color-coded according to the scale shown
in the figure.

Ha Ka Wa,

[0.46, 0.02, 0, 0.89] 0.9684 | 0.2138
[-0.03, 0.31, 0, 0.95] 0.9752 | 0.2991
[0.02, -0.37, 0, 0.93] 0.9698 | 0.2743
[-0.47, -0.05, 0, 0.88] | 0.9616 | 0.2128
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Fig. 4: Room reverberant field directivity represented using vMF mixture distribution

the Pr(k,y) data of each wavenumber k as the training input
into the vMF-mixture parameter estimation algorithm.

The processing of reflection power coefficients, training, and
production of the directivity model took less than 10 s for the
mentioned dataset on an ordinary laptop with an Intel Core i5
1.6GHz CPU and 8GB RAM, whereas the latest techniques
of reverberant scene reproduction using image processing and
neural networks [14], [15] take a few minutes even on a
higher grade processor. Moreover, our model is based on
the real acoustic information obtained from the RIRs, which
avoids the need for large feature-matching databases for an
accurate reverb environment evaluation. The application of
the vMF mixture function allows statistical expression of
spatial correlation between the higher-order Eigenbeams. It
potentially contains in-depth information about the spatial and
frequency-related properties of numerous reflection channels
inside the room, which were not conceivable earlier using the
conventional methods [4]-[13]. We will utilize this informa-
tion in future works to analyze the frequency-dependent room
acoustic behavior under different room environments, source-
receiver conditions, and other external factors.

VI. CONCLUSION

In this paper, we presented an angular power distribution
model based on vMF mixture function to represent the room
reverberation directivity. The experimental results prove the
viability of the model in recognizing significant reflections
across the room while overcoming the shortcomings of ex-
isting models. The proposed approach reduces data size and
redundancy by encapsulating the information from a large
number of long RIR sequences into a few parameters of the
vMF density function. Therefore, we get a simple model with
manageable data requirements for analyzing the directional
characteristics of room reverberation.

The future works involve the analysis of high-frequency
behavior of room reverberation field and the development of
further functionalities to evolve as a reliable statistical room
acoustic model. The ability of the directivity model to identify
reflecting surfaces can be further extended to estimate wall
impedance variations and for 3D room geometry projection in
VR algorithms.
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