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ABSTRACT:
In this paper, we introduce an extension of the image method for generating room impulse responses in a structure
with more than a single confined space, namely, the structure image method (StIM). The proposed method, StIM,
can efficiently generate a large number of environmental examples for a structure impulse response, which is
required by current deep-learning methods for many tasks, while maintaining low computational complexity. We
address the integration of the environment representation, produced by StIM, into the training process, and present a
framework for training deep models. We demonstrate the usage of StIM when training an audio classification model
and testing with real recordings acquired by accessible day-to-day devices. StIM shows promising results for indoors
audio classification, where the target sound source is not located in the same room as the microphones. StIM enables
large scale simulations of multi-room acoustics with low computational complexity which is mostly beneficial for
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I. INTRODUCTION

With the advancement of machine learning methods
and their impressive performance on classification tasks,
and in audio signal processing tasks,1 the task of classifying
the source within an audio segment receives a high focus
within the research community. This task is called sound
event classification (SEC). Such capability has the potential
to vastly improve applications such as smart cities,2,3 smart
houses,4 robotics (surveyed by Young5), security and surveillance systems,6–8 alarm systems for protection of
infants, children, and the elderly community9 and more.
Due to recent advancements in deep and machine learning,
SEC has reached impressive performances in the last
decade. The second task in Detection and Classification of
Acoustic Scenes and Events (DCASE2016) challenge10
offered a dataset dedicated to SEC. Bilen et al.11 explored a
robust method for the evaluation of the task. Many forms of
deep neural networks (DNN) were researched for the task of
SEC. Cakir et al.,12 Young et al.13 and Adavanne et al.,14
amongst others, experimented with their own DNN for polyphonic sound signals, be it a feed-forward DNN, a convolutional neural network (CNN), or recurrent neural network
(RNN). Adavanne et al. also combined convolutionalrecurrent neural network15 (CRNN) as a baseline model for
the third task in DCASE2019.16 Specifically for indoors
audio classification, Bai et al.17 explored audio enhancement
using beamformers as a mean to improve classification
a)

This paper is part of a special issue on Machine Learning in Acoustics.
Electronic mail: erezsh@campus.technion.ac.il

b)

J. Acoust. Soc. Am. 150 (4), October 2021

performances. Such an approach aims at eliminating reverberations, background interference, and noises.
Structural reverberations and environmental factors
indeed pose a difficult challenge to current methods.1
Though signal enhancement methods such as Mingsian
et al.17 are usually beneficial as a back-end process to any
front-end task, they are not enough to overcome this challenge, as they are often case specific and do not offer robustness in every environment. The available datasets do not
offer good representation for environmental variety. The
Audioset18 dataset is composed of audio taken from online
videos, and as such have inherent environmental influence
within them, which cannot be separated and controlled for
research purposes. The DCASE2019 dataset16 alone contains five different locations, obtained by recording and
restoring a room impulse response (RIR). However, the
dataset samples are already convolved with these RIRs and
therefore, are also inherent within the dataset. Moreover, all
RIRs are present in both the training and evaluation sets and
so the dataset cannot establish robustness to environments.
DNN methods performances are dependent on datasets
which cover the distribution of the data they learn in order
to generalize. This means that for any new class we wish to
represent, not only do we have to record a sufficient number
of examples to represent that class, but also a high number
of examples of that class, in a sufficient number of locations,
are required, which makes the problem of dataset acquisition much more challenging.
For indoors classification problems, the coverage of the
environment examples can be achieved by using simulation
methods. A clean dataset, obtained in a recording studio
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with high performance equipment and minimum reverberations, can be convolved with a number of simulated RIRs, to
cover the environmental representation. However, in order
to represent the distribution of environmental influence,
multiple examples are needed. The simulator should be
capable of describing the use-case environments, preferably
with low computational complexity.
Room structure simulation methods are divided into
three major disciplines, namely, statistical methods, wavebased methods, and geometrical methods, sometimes called
ray-based. Statistical methods, such as statistical energy
analysis (SEA),19,20 are not concerned with the temporal
dynamic of a sound source and are used for steady state
information. Such methods are more suitable for constant
noises (such as an idling engine) and are problematic when
addressing audio events of a short duration. In the SEC task,
we anticipate signals which can be short time, such as
speech, or human distress, such as falling or a baby’s cry.
Wave-based methods, such as the finite element
method,21,22 boundary element method,23–25 and finitedifference time-domain,26 represent the acoustic of a structure by solving the wave equation. Such methods are highly
descriptive in terms of structure, although the solution is
computationally demanding. Moreover, for some of these
methods which are grid-based (such as the aforementioned
wave-based methods), the computational complexity associated with these methods gets even higher with relation to the
modeled frequency. Accordingly, these methods are more
suitable for lower frequencies. Therefore, they are limited
when a large number of examples is required. While wavebased methods can be compatible for classic algorithms,
most of them are too slow for DNN, where a high number of
examples is required. One could generate such a large number of examples once and publish the results for the use of
others. However, there are many different parameters for
such a simulation, and a dataset covering all the possible
combinations will be huge. The benefit of a fast simulation
is the ability to experiment with different ranges and combinations of parameters without the need in a huge dataset.
Geometrical, or ray-based methods, use rays or particles
which are reflected at the surface of the room, to model the
travelling sound wave. Ray-tracing27 is an example of a raybased method, which is primarily focused on the signal’s
energy, rather than the pressure wave.28 The computational
complexity of such methods is dependent on the reflection
order and not on the frequency. Thus, these methods are
faster than the aforementioned wave-based methods for
modeling higher frequency ranges. A commonly used simulation method is the image method (IM) of Allen and
Berkley.29 The IM is shown by Allen and Berkley to be a
solution to the wave equation, given the source and receiver
locations inside a rectangular enclosure with rigid walls.
This approach is based on modeling waves reflected from
walls by image sources in free field. IM provides this solution with a relatively low computational complexity, typical
to ray-based methods, even when modeling higher frequencies. However, IM is limited to a single-space square-shaped
rooms.
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Due to the low computational complexity and the representation of short time signals, IM is currently the most suitable method for simulating many examples for a time
dynamic signal source, although it is limited to a single confined space. A highly efficient implementation of this
method was published by Habets.30 Borish31 introduced an
expansion of IM to non-square rooms. Vol€ander32 offered a
ray-tracing combination, to obtain longer RIRs, with low
computational complexity. Incident-angle dependency was
researched by Rindel,33 while Lam34 studied adjustments
for frequency dependent representation. When considering
any indoors audio processing task, the source can sometimes
be located in another room from the sensor. For example, a
system which uses audio ques to detect aggression35 can be
utilized indoors to help fight child, women, and elder abuse.
Smart home systems4 could be installed with fewer microphones. Assistance robots36 and surveillance robots,37 which
represent a non-stationary receiver, are likely to be located
in another room from the source. However, none of the former adaptations to IM has yet addressed more than a single
confided space.
In this work we introduce StIM, a structure image
method, aimed at extending29 into coupled rooms simulations. We explore and define a framework for using simulated RIRs during the training of a DNN SEC classifier, and
we assess performances of models trained with either the
IM,30 the proposed StIM, or without any environmental
representation.
The rest of this work is organized as follows. Section II
formulates the problem. Section III overviews highlights of
the original image methods fundamentals required for the
rest of the discussion. Section IV describes the principles of
StIM. Section V explores the experimental results and
shows the improvements achieved by using an RIR simulation methods. The section continues to explore the benefits
of using StIM for a sound located in another room, for simulation or for real samples. Last, we conclude with a discussion in Sec. VI.
II. PROBLEM FORMULATION

Let y(t) be an audio segment of length T, recorded at
the receiver. We can write y(t) as
yðtÞ ¼ sðtÞ  hðtÞ þ wðtÞ;

(1)

where s(t) is the target source, * is the convolution operation, h(t) represents the system through which the signal is
deformed on its way to the receiver, and w(t) is white
Gaussian noise (WGN).We note that w(t) has an important
role in the integration of h(t) into the dataset. We used a
WGN signal, but an argument could be made for w(t) not
necessarily being white or stationary. We leave the research
of other possible w(t) for further study. We focus this work
on h(t) representing a sound segment which travels between
two rooms. Given a closed dictionary of classes c 2 C, we
wish to classify the sound in y(t) using a classification model
^ s.t. c^ ¼ MfyðtÞg.
^
M
The accuracy performance of a model
Shalev et al.
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P, for a test set of size N, is simply the percent of correct
classifications
N
X

P ¼ 100

Ic¼^c ½n

n¼1

N

;

(2)

where n is the sample index, I is the indicator function
which equals 1 if c^ ¼ c, and 0 otherwise. Such an accuracy
measure is simple and informative for our balanced dataset.
Looking at the results of challenges such as DCASE38,39 or
ESC-50,40 the majority and usually the most successful
methods are DNN. Before the emergence of deep learning,
other classical methods were used for audio classification
tasks such as hidden Markov model,41 Gaussian mixture
model,42 non-negative matrix factorization,43 and support
vector machines.44 These methods achieve non-compatible
results when compared with DNN models as shown by
DCASE and ESC-50. Therefore, we limit our model discussion to DNN models.
III. HIGHLIGHTS ON ORIGINAL IMAGE METHOD

Consider a source s(t) which is modeled as a singular
point emitting waves of a spherical wave-front in all directions (similarly to a light source). These waves are reflected
off surfaces and reverberate from the room’s interior surfaces. The reverberations are represented as delayed, attenuated replicas, of s(t), and are summed together with the
direct path. Given a room architecture and information on
the source and receiver locations, the result is an RIR, h(t),
which can be convolved with any source s(t) to simulate the
reverberations. Note that this resulting RIR is specific to the
source and receiver locations within the room. Such RIR
represents the information on reverberations by adequately
attenuating each delayed replica with respect to time-decay,

the order of reflections, and the absorption of the room’s
surfaces.
The original IM is simply a way of tracing the routes,
that is, calculating the delay and the reflections with low
complexity. We follow an efficient implementation of the
IM by Habets,30 and keep notations wherever possible.
Figure 1 illustrates a low-order imaging, using the IM on a
2-D case, which is scalable for the 3-D case. Figure 1(a) represents the imaging (blue asterisk) of the original source
(green asterisk) on the y axis, x axis, and a second order
imaging on both x and y axes. A first order reflection path is
represented by the orange line, whereas a second order
reflection is represented by the green line. The first order
reflection is demonstrated to create an isosceles triangle
with base angles on the original and virtual (imaged) sources, and its obtuse angle on the left wall, where the dashed
and solid lines meet. Due to the isosceles triangle, the path
from the virtual source to the receiver is the same length as
the path of the original source, when it is reflected off of the
left wall. Given the length of the path d and the known
speed of sound C, the delay can be calculated by
s¼

d
:
C

(3)

Using this calculated delay, the decay of the signal due to
the distance, can be accounted for by
hv ðtÞ ¼

dðt  sÞ
;
4pd

(4)

where hv ðtÞ represents the impulse response of such a virtual
source. The wall’s reflection coefficient also has to be
accounted for, as some of the sound is absorbed by the wall.
This will be discussed later and is omitted in Eq. (4).
The imaging on the x axis creates an additional isosceles triangle on the lower wall, which is not traced in the

FIG. 1. (Color online) Original image method’s illustration in 2-D case. The room’s walls and the duplicates are marked in black rectangles. (a) Low order
imaging using p 2 P ¼ ðq; j; kÞ. (b) High order imaging using both m 2 M ¼ ðmx ; my ; mz Þ and p 2 P ¼ ðq; j; kÞ.
J. Acoust. Soc. Am. 150 (4), October 2021
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illustration. The imaging on both axes represents a second
order reflection on both axes, where the absorption of both
the lower and the left walls, has to be accounted for.
Isosceles triangles can be traced for higher order and are
illustrated in Fig. 1(b) using the green lines. The circled blue
asterisks iindicate the imaged-source being traced, and the
solid lines represents the real path inside the room.
For a general 3-D source located at ~
s ¼ ðxs ; ys ; zs Þ we
define the imaging vector ~
p ¼ ðq; j; kÞ. We follow Habets,30
and represent the imaging using Rp ¼ ðxp ; yp ; zp Þ as
Rp ¼ ðxs ð1  2qÞ; ys ð1  2jÞ; zs ð1  2kÞÞ;

(5)

where q; j; k 2 f0; 1g. For example, a 3-D replication on two
axes x and y which is not replicated on z, will be represented
by setting ðq; j; kÞ ¼ ð1; 1; 0Þ. Hence, the set of vectors
p 2 P controls the low order reflections (up to three walls).
Let the room dimensions be defined by L ¼ ðLx ; Ly ; Lz Þ.
The original IM now proceeds and allocates replicas of this
room, where the lower left corner of the room is allocated to
all combination of Rm ¼ ð2mx Lx ; 2my Ly ; 2mz Lz Þ for each
replica. Here, mx ; my ; mz 2 N are in some range
M < mi < M. These replicas of the original room and the
sources (both original source and images) represent higher
order reflections. The path traced in Fig.1(b) represents a
path for a virtual source, where M ¼ 1. The figure illustrates
the original source (green asterisk), the receiver (green circle), un-traced virtual sources (blue asterisks), and the traced
virtual source (circled blue asterisks). Here, the parameters
for the traced virtual source are ðq; jÞ ¼ ð1; 0Þ and
ðmx ; my Þ ¼ ð1; 1Þ. A similar example for such illustration
can be found in Room Acoustics, Sec. 4.1, by Kuttruff.45
Finally, given the receiver location ðxr ; yr ; zr Þ, the path
length d between the virtual source and the receiver is calculated by
Rp ¼ ½xs ð1  2qÞ  xr ; ys ð1  2jÞ  yr ; zs ð1  2kÞ  zr ;
Rm ¼ ½2mx Lx ; 2my Ly ; 2mz Lz ;
d ¼ jjRp þ Rm jj;

(6)

which we can plug into Eq. (3) and account for the decay.
The number of replications M of the room is either set by
calculation or with respect to a user input value. When calculated, the constraint for enough replications is that the longest delay time T60 is the time interval in which the decay
level drops down by 60 dB. This is commonly known as T60
(Room Acoustics, Sec. 3.8, by Kuttruff45).
The reflection order of a source, located at distance
d ¼ jjRP þ Rm jj with respect to the receiver, is given by
Op;m ¼ j2mx  qj þ j2my  jj þ j2mz  kj;

(7)

and the full impulse response is given by
X X jm qj jm j jmy jj jmy j
b1 x b2 x b3
b4
hð~
s;~
r ; tÞ ¼
p2P m2M
jmz kj jmz j
b6

 b5
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(8)

The attenuation effect, due to each single reflection
from a face i, is accounted for by multiplying once with the
respective reflection coefficient, bi.
IV. STRUCTURE IMAGE METHOD

We wish to modify the original method to allow a
source which is located in an adjacent room. For simplicity,
we first consider a source that is located in a void outside a
shoe-box room. Only after analyzing this case, we proceed
to analyze the influence of an adjacent room.
A. Allocation of a source outside a room

We start by considering the original IM and the efficient
implementation by Habets,30 when the source is outside the
room. Figure 2(a) first raises a problem with some low order
reflections. The original source (green asterisk) has a direct
path which goes through the wall. Relying on Fundamentals
of Acoustics, Sec. 6.2, by Kinsler,46 we consider the wall as
a thin transition layer. This assumption means that the wave
has the same direction of movement after transitioning
through the wall. The assumption is frequency dependent, as
is the original IM, and holds for frequencies below the limit
cw =2Lw , where cw is the speed of sound within the wall’s
material and Lw is wall’s thickness. The difference is that
the signal, now, has to be multiplied by a transfer coefficient, rather than a reflection coefficient, and the wall acts as
a low-pass filter, with a cutoff frequency fc, of fc ¼ cw =2Lw ,
attenuating high frequencies.
The direct path is a viable path that has to be multiplied
by the respective coefficient. However, when considering
the virtual imaged sources, we can see in the example shown
in Fig. 2(a) that only the imaging on y axis (green plus) has
a viable reflection from the bottom wall. This virtual source
needs to be multiplied with both the transition coefficient of
the left wall, and the reflection coefficient of the bottom
wall. The virtual source inside the room (red ) has no wall
in its path to be reflected from the real source, hence, there
is no such path through which the source can travel to the
receiver. The imaging on the x axis (also a red ) uses the
virtual source inside the room in the path reflection analysis,
which practically does not exist. Therefore, this source also
does not have a viable path. This problem is intensified
when the original source is located in the lower left corner
(green plus). In this case, only the direct path is a viable
path, while all three images do not represent a real reflection
path.
This problem is further complicated when we scale up
the reflection order. Let us assume that we could define a
method for resolving which of the low order reflections are
viable when given a source location, thus eliminating the
low order difficulties. The next step in IM would be to simply duplicate the room while only considering these viable
images. Figure 2(b) illustrates the validity of paths with
higher order reflections. The original source (green asterisk)
is located with relatively close proximity to the left wall,
with respect to the room dimensions. All the blue asterisks
Shalev et al.

https://doi.org/10.1121/10.0006781

FIG. 2. (Color online) Original image method’s 2-D illustration for a source outside a shoe-box room.(a) Low order imaging of a source located outside the
shoe-box room. Two examples are given where the original source is different. (b) High order imaging of a source located outside a shoe-box room with relatively close proximity and with direct path to a single wall. (c) High order imaging of a source located outside a shoe-box room, relatively far from the
room walls, with respect to the room’s dimensions and with direct paths to two walls.

represent virtual sources with viable paths, while the virtual
sources indicated by a red  do not have viable paths. It is
clear from the scattering of the viable sources that there is
no original pattern of a low order case, which we can replicate, in order to scale up. Moreover, there is no apparent
relation between the parameters q; j; k; mx ; my , and mz to
the validity of the path, and no apparent order can be found,
even in terms of the drawing [note the virtual source at
ðq; j; mx ; my Þ ¼ ð0; 1; 0; 1Þ]. In other words, there is no
way to translate this back to an efficient algorithm, which
would drop paths that are not viable and take into account
only viable ones.
The comfortable example of a source located with relatively close proximity to the wall is an easier case. A more
difficult case to analyse, would be of a source outside the
room, which is located at a very far point from the wall, or
at a point that has direct paths to two walls, meaning, waves
J. Acoust. Soc. Am. 150 (4), October 2021

can enter the room through each wall. These two possibilities further complicate the allocation of a source outside the
room with the existing method. We have yet to attend to the
consideration of multiplying the high order reflections, by
the correct coefficients with respect to the walls. Figure 2(c)
illustrates a source where two walls are in the source’s direct
path, and its distance from the wall is greater than any one
dimension of the room. The original source is represented
by a green asterisk, virtual sources without a viable path are
represented by red  symbols and blue asterisks represent
virtual sources with viable paths. Figure 2(c) further emphasises the difficulty of translating the existing IM into a fast
and efficient algorithm for a source outside a shoe-box
room. This difficulty poses a limitation for generating a
large number of RIRs with low computational complexity.
Such limitations induce the mentioned challenges of training
a DNN model on a large number of simulated RIRs, which
Shalev et al.
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represent sources arriving from different rooms, thus,
improving the classification’s robustness to the environmental factors.
B. Receiver imaging

We first suggest a minor alteration to the original
image method. Instead of imaging the source, we choose to
image the receiver. Imaging of the receiver and the source
is demonstrated in Fig. 3. The original source (green asterisk) is imaged on the y axis to create a virtual source (blue
asterisk). The original receiver (green circle) is also
imaged on the y axis and creates a virtual receiver (blue
circle). The lines crossing from the imaged source to the
real receiver, and from the imaged receiver to the real
source, are obviously equal. Note that these lines create
two isosceles triangles connected by their obtuse angles.
This minor alteration may be achieved by modifying Eq.
(6) to
Rp ¼ ½xr ð1  2qÞ  xs ; yr ð1  2jÞ  ys ; zr ð1  2kÞ  zs ;
Rm ¼ ½2mx Lx ; 2my Ly ; 2mz Lz ;
d ¼ jjRp þ Rm jj:

(9)

We have generated two RIRs using the original IM and
the receiver IM. The first pick, which is the loudest and represents the direct path, had a real mean square of 0.05. A
comparison of the two showed a maximal error of 1015
order of magnitude, which could be assigned to a numerical
error. Hence, we can say that the methods are identical.
Figure 4 compares an RIR generated by the receiver image
method and a real RIR measured in a real room with objects
and some furniture. Figure 4(a) depicts the room of sizes
ðLx ; Ly ; Lz Þ ¼ ð2:55; 3:3; 2:5Þ and a source and receiver
located at ðxs ; ys ; zs Þ ¼ ð1:25; 2:7; 0:55Þ and ðxr ; yr ; zr Þ
¼ ð0:95; 0:3; 1:2Þ, respectively. The real RIR was measured
using a sine sweep.47 It is clear from the measurement, that
both the original and receiver image methods are not an
accurate representation of a real environment. The receiver

FIG. 3. (Color online) Imaging of both the source and receiver on the y
axis.
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image method is capable of generating an RIR that is identical to the original image method, given a small alteration.
This small alteration has no cost for the computation complexity over the original method and is very easy to
implement.
C. Allocation of a source outside a room with receiver
imaging

Now let us analyze a source allocated in a void outside
of a shoe-box room using the receiver image method. It is
easy enough to skip the low order case and move directly to
a high order reflection example in Fig. 5. All problems presented in Sec. IV A for the original IM are reduced, and all
that is left is to determine whether the line of sight between
the source and the virtual receiver goes through the original
room or not. This is demonstrated in Fig. 5(a). All blue
circles receivers and their paths (green dotted lines) go
through the original room [the room located at (0, 0)], while
all other receivers are red squares (paths in orange dotted
lines). This is also true for the low order case which we
skipped.
Figure 5(b) shows a path tracing of one such virtual
receiver. Note that even though the method drops the irrelevant receivers, it still uses them in order to trace the paths of
relevant receivers.
D. Intersection with walls for a given virtual source

Given a virtual receiver located at ~
v ¼ ðxv ; yv ; zv Þ and a
source at ~
s ¼ ðxs ; ys ; zs Þ, we wish to find if the room is
located on the direct line between the points, and through
which wall the line penetrates the room. The line between
the points is given by
lðuÞ ¼ ~
s  uð~
v ~
sÞ

(10)

in a parametric form using the parameter u. We constrain
the location of the room to 0  u  1, so that it is not
located on the infinite line, inside the segment, between the
two points.
Let a shoe-box room of size ðLx ; Ly ; Lz Þ be located at
the origin. We calculate the parameter u for which the line
intersects with each wall, and we infer the 3-D point of the
intersection (x, y, z). Considering the wall on the x axis, for
example, we first require the points to be on opposite sides
of the wall. Then, we also require 0  y  Ly and
0  z  Lz , to ensure that the point is within the wall’s limits. All intersections with respect to the faces of the room
are pre-calculated in Table I. Walls that are parallel to an
axis received either the value 0 in the table when they are on
the axis or Li if they are located on Li, with respect to the
axis i.
At this point, for implementation efficiency, we define
u ¼ ujðxv  xs Þðyv  ys Þðzv  zs Þj to eliminate the denominators. We pre-calculate the following 13 helper variables
for the conditioning phase:
Shalev et al.
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FIG. 4. (Color online) Receiver image method vs a measured image method. (a) Room setup, (b) receiver image method, (c) measured image
method.

sxy ¼ ðxv  xs ÞLy ;
sxz ¼ ðxv  xs ÞLz ;
syx ¼ ðyv  ys ÞLx ;
syz ¼ ðyv  ys ÞLz ;
szx ¼ ðzv  zs ÞLx ;
szy ¼ ðzv  zs ÞLy ;

(11a)

axyz ¼ jðxv  xs Þðyv  ys Þðzv  zs Þj;
axy ¼ jðxv  xs Þðyv  ys Þj;
axz ¼ jðxv  xs Þðzv  zs Þj;
ayz ¼ jðyv  ys Þðzv  zs Þj;

(11b)

cxy ¼ xs yv  xv ys ;
cxz ¼ xs zv  xv zs ;
cyz ¼ ys zv  yv zs :
J. Acoust. Soc. Am. 150 (4), October 2021

(11c)

The conditions for each face of the room are summarized
in Table II. Note that the condition cannot be met for both
face 1 and face 2, and the same goes for any two parallel
faces. In terms of efficiency, in the worst case scenario we
go through 12 conditions with 4 additional comparisons
per axis. Algorithm 1 utilizes the sources, the precalculated variables in Eq. (11), the virtual receiver locations, the room dimensions, and the conditions from
Table II. Using these, algorithm 1 can determine if the
wave between the receiver and the source crosses parallel
faces respectively to an axis, and returns the face which is
crossed first. Given the room’s dimensions and the locations of both source and virtual receiver, algorithm 2 uses
algorithm 1 to determine the face that is first crossed. An
output of 0 from algorithm 2 represents that the wave
does not go through the original room at all (not a viable
path).
Shalev et al.
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FIG. 5. (Color online) High order receiver imaging with a source outside a shoe-box room. (a) High order mapping of viable sources using waves. (b)
Illustration of a reflection path for the virtual imaged source at ðmx ; my Þ ¼ ð2; 2Þ and ðq; jÞ ¼ ð0; 1Þ. The real path in solid orange and the tracing in shredded
green line.

Determines through which of the faces does
the wave between the source and receiver penetrate (if any).

ALGORITHM 1. Determines penetration through original
room, with respect to 1-D.

ALGORITHM 2.

Input: a; L; xs ; xv ; face; face num; face u bar
Output: face num; face u bar
if xs < 0 < xv then
u bar
xs a
if u bar < face u bar then
if first and second conditions of face then
face u bar
u bar
face
face þ 1
end if
end if
else if xs < L < xv then
u bar
ðxs  LÞa
if u bar < face u bar then
if first and second conditions of face þ 1 then
face u bar
u bar
face num
face þ 1
end if
end if
end if

Input: L, s, v
Output: face num
Initialize:
calculate all 13 variables
face num
0
face u bar
axyz
face num; face u bar
Alg1ðayz ; Lx ; xs ; xv ; 1; face u barÞ
face num; face u bar
Alg1ðaxz ; Ly ; ys ; yv ; 3; face u barÞ
face num; face u bar
Alg1ðaxy ; Lz ; zs ; zv ; 5; face u barÞ

E. StIM

We now have to take into account the fact that the
source is also located within a room. Let the receiver room
be defined by L1 ¼ ðLx;r ; Ly;r ; Lz;r Þ and the source room be
defined by L2 ¼ ðLx;s ; Ly;s ; Lz;s Þ. Let the source and receiver
r ¼ ðxr ; yr ; zr Þ, respectively.
be located at ~
s ¼ ðxs ; ys ; zs Þ and ~
Figure 6 shows such a scenario in 2-D, where the source’s
room is replicated. The original source is indicated by green

TABLE I. Intersection of the parameterized line l(u) with each of the room’s faces.
Face
1
2
3
4
5
6
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u

x

y

z

xv
xv  xs
xv  Lx
xv  xs
yv
yv  ys
yv  Ly
yv  ys
zv
zv  zs
zv  Lz
zv  zs

0

xv ys  xs yv
xv  xs
ðLx  xs Þyv  ðLx  xv Þys
xv  xs
0

xv zs  xs zv
xv  xs
ðLx  xs Þzv  ðLx  xv Þzs
xv  xs
zs yv  zv ys
yv  ys
ðLy  ys Þzv  ðLy  yv Þzs
yv  ys
0

Lx
xs yv  xv ys
yv  ys
ðLy  ys Þxv  ðLy  yv Þxs
yv  ys
xs zv  xv zs
zv  zs
ðLz  zs Þxv  ðLz  zv Þxs
zv  zs
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Ly
ys zv  yv zs
zv  zs
ðLz  zs Þyv  ðLz  zv Þys
zv  zs

Lz
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TABLE II. Face intersection conditions.
Face
1
2
3
4
5
6

u

Points on both sides of the face

Face limits first dimension

Face limits second dimension

xv ayz
ðxv  Lx Þayz
yv axz
ðyv  Ly Þaxz
zv axy
ðzv  Lz Þaxy

xv < 0 < xs
xv < Lx < xs
yv < 0 < ys
yv < Ly < ys
zv < 0 < zs
zv < Lz < zs

0  cxy  sxy
syx  sxy  cxy  syx
syx  cxy  0
sxy  cxy  syx  sxy
szx  cxz  0
sxz  cxz  szx  sxz

0  cxz  sxz
szx  sxz  cxz  szx
0  cyz  syz
szy  syz  cyz  szy
szy  cyz  0
syz  cyz  szy  syz

asterisks. The receiver’s room is not replicated, and the original receiver is indicated by a green circle. First, we simply
apply the receiver image method using the original source
location. Next, we continue by applying the original IM to
the source’s room, in order to generate virtual source locations. Similar to the problem presented in Sec. IV A, we
need to decide which of the virtual sources has a viable
path. Mathematically, this is the same problem of finding
out which virtual receiver is viable, when the original source
is outside the room, only now, the receiver is the one outside
the room. Hence, the solution is also similar to Sec. IV C,
with the exception that here we stay loyal to the imaging of
the sources. For each virtual source, we can use algorithm 1
and algorithm 2 to determine if the path connecting the virtual source and the original receiver goes through the original source room. If it does, we apply the receiver image
method on the receiver room, using that virtual source’s
location (blue asterisks in Fig. 6). Otherwise, we omit the
virtual source as the path is not viable (red  symbols in
Fig. 6).
We are now left with the last consideration of adjusting
the reflection attenuation, to account for the wall transitions.
In the implementation by Habets,30 the impulse response for
such virtual source s, given the receiver location r was
already introduced by Eq. (8). We now adjust these equations for the case of StIM.
We note that for adjacent rooms, the waves can only be
transferred through the joint wall. This can happen in two

ways as presented in Fig. 6 with the light blue lines. The
wave either penetrates through the cross section between the
joint wall, in which case the transition coefficient is with
respect to that wall, or it travels out of the source’s room
and into the receiver’s room through another wall. Let us
split the impulse response into two factors h1 and h2, where
h1 contains all the waves penetrating the inner wall and h2
contains the waves that travel out of the source’s room. For
the h2 case, we have to use algorithms 1 and 2 to find the
face of the receiver’s room, through which the wave enters.
The transition coefficient is then the multiplication of the
transition coefficient for that face, and the joint face. Higher
order cases, of a wave which travels more than once
between the rooms, exist as well. We do not handle these
cases in this paper, as they are usually attenuated below
60 dB. To adjust for the attenuation of a joint room impulse
response, we gather the reflection coefficients from the
source room bi;s and from the receiver room bi;r . We denote
the transition and reflection coefficients of the face through
which the wave exits the source room and enters the
 , and a r , where b represents reflec ; a s ; b
receiver room b
s
r
tion and a represents transition. The impulse response
s ;~
r ; tÞ for the first case, for a virtual source s given
h1 ð~
ps 2 P s ¼ ðqs ; js ; ks Þ; ms 2 Ms ¼ ðmx;s ; my;s ; mz;s Þ and a
receiver r given pr 2 P r ¼ ðqr ; jr ; kr Þ; mr 2 Mr ¼ ðmx;r ;
my;r ; mz;r Þ can be written by
s ;~
r ;tÞ
h1 ð~
a s X X X X
¼ 
b s b r ps 2P s ms 2Ms pr 2P r mr 2Mr
h
i
jm q j jm j jm j j jm j jm k j jm j
 b1;sx;s s b2;sx;s b3;sy;s s b4;sy;s b5;sz;s s b6;sz;s
h
i
jm q j jm j jm j j jm j jm k j jm j dðt  sÞ
:
 b1;sx;r r b2;sx;r b3;sy;r r b4;sy;r b5;sz;r r b6;sz;r
4pd
(12)
 ¼b
 . We simply divide by both
Here, we note that b
s
r
to omit a single reflection for each method, as it becomes a
transition. We then represent the transition by multiplying
by the respective transition coefficient. For the second case,
s ;~
r ; tÞ, we are only required to
the impulse response h2 ð~
account for the additional multiplication by the transition
coefficient of the receiver room’s face through which the
wave enters. Hence, the impulse response can be written by

FIG. 6. (Color online) Structure image method illustration.
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s;~
r ; sÞ ¼ a r h1 ð~
s;~
r ; sÞ:
h2 ð~

(13)
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This complete analysis is dubbed the structure image
method (StIM). StIM can produce a structural RIR with a
relatively small overhead, while maintaining the capability
of producing an inside room RIR using the receiver image
method, without any overheads. It enables the generation of
a large number of RIRs, describing sources arriving from an
adjacent room with a low computational complexity. StIM
enables the training and evaluation of DNN models for classification of sound, with a higher diversity of environmental
representation.
Figure 7 depicts an example of a StIM RIR, compared
with a measured RIR. The measured RIR, in Fig. 7(c), was
measured in two identical coupled rooms, both of size
ðLx ; Ly ; Lz Þ ¼ ð2:55; 3:3; 2:5Þ. Figure 7(a) details the measuring setup, where the source’s room is allocated between
–2.55 and 0 on the x axis, while the receiver’s room is allocated between 0 and 2.55 on the x axis. The source and
receiver locations are ðxs ; ys ; zs Þ ¼ ð0:4; 1:3; 0:9Þ and
ðxr ; yr ; zr Þ ¼ ð1:28; 1:75; 0:81Þ, respectively. Both rooms are
real room with various objects and furniture. Figure 7(b) is

the StIM measured RIR, of the same setup. Similar to the
receiver and original IM, StIM is not an accurate representation of a real environment.
We have measured the generation time of IM RIR. The
average over three RIR measurements, is 0.3743 s.
Measuring the StIM RIR generation, the average of three
measurements yielded 2.73 s for a single RIR. It is important
to note that if we ignore the reflections from the sources
room and simply account for the reflections from the source’s room, the StIM RIR is generated in an average of
0.3726 s. This shows that the longer calculation time is only
due to taking the reflections from the receiver’s room into
account.
V. EXPERIMENTAL FRAMEWORK AND RESULTS
A. RIR simulation

For simulation purposes, we have generated 1000 location samples. Each location is composed of two adjacent
rooms of random sizes. For simplicity, all the reflection and

FIG. 7. (Color online) An example of StIM with a coupled room audio scene vs a measured image method. (a) Coupled rooms setup, (b) StIM, (c) measured
image method.
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transition coefficients are equal on all faces. The height,
depth, and width of the rooms (H, D, W) are randomized
under
the
constraints
2  H  6;
1:5  D  4;
1:5  W  4. The ceiling and floor of both rooms are
aligned to create the same height in both rooms, as well as
an alignment with respect to a single wall, as presented in
Fig. 6. The height and wall alignment assumptions are often
also the case with common structures. In each location simulated, we randomize a receiver location in one of the
rooms. Two sources locations are then randomized, one in
each room. Thus, every location contains two RIRs, one
inside the receiver’s room and the second in the adjacent
room. The first RIR represents the existing IM and the second RIR is calculated using StIM. All RIRs are of length
4096, with 44.1 KHz sample rate.
B. Dataset, features, and pre-processing

For audio classification, we used the ESC-50 dataset.40
We focused on three classes associated with indoors,
namely, “crying_baby,” “coughing,” and “toilet_flush,”
yielding a dictionary of size jCj ¼ 3. This dataset contains
very clean samples, which were recorded in an interference
free, quiet environment. Each sound is a 5-s segment and
was sampled with 44.1 KHz sample rate. In the preprocessing phase, we used three different processes to represent three different scenarios, using the RIRs produced in
Sec. IV A. The first scenario is the plain sound, as it is
(clean). The second scenario includes convolving samples
with IM RIRs from Sec. IV A that represent the source and
receiver being inside the same room (inside_room). The
third scenario simulates the sound arriving to the receiver
from an adjacent room (outside_room) by convolving with
the StIM RIRs from Sec. IV A. After simulating the scenario
by convolving with the respective RIR, each sample is padded with zeros up to 6 s. Mel-frequency cepstral coefficient
(MFCC) features are extracted for each sample using 40
coefficients calculated over mel-spectrogram, with 2048
FFT bins, a 2048 Hanning window, and 512 samples hop
length. We have tested STFT and mel-spectogram features,
as well. MFCC features gave the best representation out of
the three, however, this may not be the best feature for other
SEC tasks, such as polyphonic audio or a time-varying label.
Finally, a random WGN w(t), with signal to noise ratio of
30 dB is added, as in Eq. (1), and the sample is normalized
with respect to root mean square (RMS) of 1. Ko et al.,48
who studied the effects of IM RIRs simulation on DNN
models training for a speech recognition task, showed that
the transition to real environment when training with IM
RIRs can be problematic. In order to mitigate this problem,
they have developed a full algorithm, which uses randomized WGN point sources and ambient noise. Adding such
randomness to the data deals with the fact that StIM and IM
are not accurate representations of a real environment with
objects, as shown in Figs. 4 and 7. Though we do not follow
their full algorithm, we show that simply adding a WGN
w(t) to each sample is enough, in this case, to make a
J. Acoust. Soc. Am. 150 (4), October 2021

smooth transition. Adding randomized WGN point sources
helps to better represent a real environment, as reflections
from stationary objects such as a furniture and moving
objects such as people are not well represented in the IM.
From a deep-learning point of view, the addition of WGN
can be considered as a form of vicinal risk minimization.
We train on similar but different examples by adding the
random vector, which is also known as data augmentation.49,50 Following this pre-processing methodology, we
augment the dataset with K RIR instances for each audio
example in the cases of inside_room and outside_room. The
value of K was empirically tested with the values
f1; 5; 10; 20; 50; 100; 200g.
C. Deep neural network model and training

For a classification model, we used three different models. All models are CNN, as the label is constant throughout
each sample, and we treat the input as a single image. One
could use an RNN\CRNN model and treat the input MFCC
as a time series. We leave this for future study. We chose a
simple, generic, CNN as a baseline. We compare the results
against an Alexnet classifier51 and a VGG16 classifier.52
Both Alexnet and VGG16 are common classifiers and we
show that our data-augmentation method improves the
results for all three methods. All models are implemented
using KERAS.
1. Baseline

The input to the baseline model is a tensor of size
1  40  517, where 1 is the number of channels (a grayscale image), 40 is the number of MFCC coefficients, and
517 is the resulting time bins from Sec. IV B. The baseline
method is composed of 4-layered CNN blocks followed by a
dense soft-max layer. Each CNN block has a first CNN layer
with a fixed kernel size of 2, relu activation functions, and
2i  16 filers, where i 2 0; 1; 2; 3, is the index of the layer.
The CNN layer is followed by a max-pooling layer with a
pool-size of 2. The block is concluded with a dropout layer
with a drop-rate of 0.1. After all 4 blocks, we add a 2D
global-average-pooling, followed by a dense, soft-max classifier of size 1  c, with an l2 regularization, where c is the
number of classes to be classified. The model was trained
using an Adam optimizer, with a learning rate of 0.001, and
categorical cross-entropy loss.
2. Alexnet

For the Alexnet classifier, we used the original implementation with 3 alterations. We have adjusted the input to
the size of 1  65  479 tensor. Here, 1 is the number of
channels (a gray-scale image), 65 is the number of MFCC
coefficients, and 479 represents a time segment of 5.77 s.
The cropping in time is done in order to fit the image to the
Alexnet classifier, and is still within the zero-padding limit
of Sec. IV B. The second alteration is the step size of the
first layer alone. We set the step-size to (1, 9) so that the second layer of Alexnet receives the expected size. Finally, we
Shalev et al.
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have altered the last soft-max layer to the required number
of classes c. The model was trained using an Adam optimizer, with a learning rate of 0.001, and categorical crossentropy loss.
3. VGG16

For the VGG16 classifier, we have also changed the
size of the input size to the first layer, so that we avoid further changes to the architecture. The input is a tensor of size
1  65  479. In this model we had to lower the learning
rate to 0.0001. Otherwise, the model did not learn. We used
an Adam optimizer, with categorical cross-entropy loss.
Prior to training, we divided the dataset into train, validation, and test sets, with equal distribution of classes in
each set. For the cases of inside_room and outside_room,
the 1000 RIRs produced in Sec. IV A are also divided into
train, validation, and test sets. This division allows us to test
the robustness of the resulting system, with respect to the
location. We randomise K RIRs for each sample with
respect to the division, such that RIRs in the test set were
never seen in the training phase (and the same for validation). The samples are augmented by convolving with each
of the K RIRs. We then proceed to extract features, according to the process described in Sec. IV B. We trained each
model for 100 epoches, using early stopping with patience
of 5. The number of epoches and patience were empirically
chosen. We assess the results using Eq. (2).
D. Experimental results analysis

We used the scenarios described in Sec. IV B, in order
to train and asses numerous models of each network. The
name of each model represents the network used, the scenario which was used to train it, and the respective chosen K
for inside_room and outside_room. For example, a model
named “Baseline_inside_room_K_20” represents the basemodel trained using IM RIRs with K ¼ 20 impulse response
augmentation, while “VGG_outside_room_K_100” represents the VGG16 model trained using StIM RIRs with
K ¼ 100 impulse response augmentation. We started by
training a clean model for each network and evaluate the
results. For the evaluation, we use the test set as well as real
sound recorded by us in a real environment. We have
recorded a total of 30 recordings, 10 for each class, using
two laptops and one cellphone. The recordings were made
in two of the research’ residential environment due to
Covid-19 isolation limitations. “Toilet_flush” was recorded
in two different locations. For the first set, the source’s room
sizes where approximately H ¼ 2:5m ; D ¼ 1:1m ; W ¼ 0:7m ,
and for the second location H ¼ 2:75; D ¼ 1:2m ;
W ¼ 1:75m . In both cases, the receiver’s location was in a
Hall, with many openings to many adjacent rooms. The
source room’s door was kept close and other doors from the
receiver’s hall were either close or open. The “coughing
class” was also recorded in two sets of adjacent rooms.
In the first set, the source’s room is of size H ¼ 2:5m ;
D ¼ 2:5m ; W ¼ 3:1m , and the receivers room is H ¼ 2:5m ;
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D ¼ 2:5m ; W ¼ 3:4m . In the second set, the source’s room is
of size H ¼ 2:75m ; D ¼ 5:2m ; W ¼ 3:3m , and the receivers
room is H ¼ 2:75m ; D ¼ 3:3m ; W ¼ 3m . In both cases, the
doors where kept closed. The “crying_baby” was recorded
in a third, single location, where the source’s room dimensions were H ¼ 2:1m ; D ¼ 3m ; W ¼ 2:75m and the
receiver’s room is H ¼ 2:1m ; D ¼ 3m ; W ¼ 2:5m . These
locations, present rectangular rooms (excluding halls) with
various furniture, objects, and openings (doors and windows). The receiver location was altered between recordings, as was the coughing class’s source location. Table III
presents the training, validation, and testing results for all
three networks on the clean datasets, as well as performances on the real recordings. The clean models seem to
achieve very good results on the simulation phase, without
the help of any augmentation. However, Table III reveals
that these results can be degraded when environmental features are present.
In order to improve the environmental robustness, we
trained seven additional models for each network with RIR
augmentations. At the first stage, we generated 1000 such
location RIRs and divided them into train, validation, and
test sets. Then we chose a different number of RIRs, K, to
represent the location for each of the seven models, where
K ¼ f1; 5; 10; 20; 50; 100; 200g. Out of the respective set,
we have randomized K locations for each sample. This procedure represents the sound over a large variety of locations
while avoiding representing each sample with all location
examples, which reduces the complexity while maintaining
performances. Figure 8 shows the accuracy results for the
testing set as a function of K for all three classifiers for both
inside_room and outside_room scenarios. The results show
that using a higher order of augmentation, K, can mitigate
over-fitting towards the training set’s RIRs. This generally
makes sense, as a higher number of K better represents the
distribution of source and receiver allocations and structure
of the room. The results justify the requirement for a large
number of RIRs. StIM is essential in order to produce such a
large number of simulated RIRs quickly. It can produce
both structure RIRs, while maintaining the ability to generate an IM RIR using the receiver imaging.
In order to study the performances of each classifier
when presented with a different scenario than the one presented in the training process, we proceed to evaluate the
models using specific pre-processing scenarios. Table IV is
divided into two parts, the first one shows the results of classifiers when presented with data from the “inside_room
TABLE III. Evaluation of architectures’ performances, trained without any
augmentation. The training, validation, and testing results are presented for
each architecture. The furthest right column is the performance on real
sound recorded by us in a real environment.
Network

Training

validation

Test

Real data

Baseline
Alexnet
VGG

100%
100%
100%

93.33%
93.33%
96.66%

100%
96.66%
100%

56.66%
40%
53.33%
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TABLE V. Evaluation of architectures’ performances, trained without augmentation (clean), with IM augmentation (inside_room), or with StIM augmentation (outside_room). The performance are with respect to a test set
recorded in a real environment of coupled rooms. The middle column represents the results of models trained without the addition of a WGN w(t),
while the left column, represents the results of models trained with the addition of a WGN w(t).
Accuracy without w(t) Accuracy with w(t)

Model
Baseline_Clean
Baseline_inside_room_K_200
Baseline_outside_room_K_200
AlexNet_Clean
AlexNet_inside_room_K_200
AlexNet_outside_room_K_200
VGG16_Clean
VGG16_inside_room_K_200
VGG16_outside_room_K_200

66.66%
63.33%
60%
53.33%
63.33%
76.66%
50%
63.33%
76.66%

56.66%
83.33%
93.33%
40%
69.99%
83.33%
53.33%
76.66%
90%

FIG. 8. (Color online) Accuracy of all three classifiers with respect to K
randomly chosen RIRs.

training scenario,” and the second part show the results of
classifiers when presented with data from the “outside_room
training scenario.” We have evaluated only the K ¼ 200
models, as these are the best performing models for each
training scenario.
At first glance, the results in Table IV can be deceiving.
The “clean” models seem to achieve similar performances
when tested against scenarios they did not train with. However,
as was shown in Table III, these results are only true for clean
samples, recorded in a quiet and clean-of-interference environment. When we introduce the effect of reverberations to these
models, the results are not as promising. Table IV shows that
models trained in different incompatible scenarios can cope
with other scenarios to some extent. On the first part of Table
IV, the models trained under the outside_room scenario
achieves below 90% for all networks. On the second part, the
models trained under the inside_room scenario, also achieves

below 90% for all networks. Not surprisingly, the models
trained to fit the specific scenario achieve the best results.
These results show the benefits of training with generators which are capable of simulating many structural examples to augment the data, such as adjacent rooms. Since both
IM and StIM are not an accurate representations of a real
room, the transition from simulation into a real environment
is not trivial. In order to study this transition, we proceeded
to evaluate the three different models for each network, with
our real recorded samples. Table V details the performances
of all nine models on the real-recorded examples. The middle column in Table V shows the results for models that
were trained without adding w(t) in the training process.
Such models achieved similar performances to the ones
where w(t) was added on the simulation phase. However,
when transitioning to real examples, recorded in a real structure, there is an obvious degradation in the performances of
all models trained without w(t) (middle column of Table V).

TABLE IV. Evaluation of architectures’ performances, trained without augmentation (clean), with IM augmentation (inside_room), or with StIM augmentation (outside_room). The performance in the higher table, “inside room” are with respect to a test set, pre-processed using IM. The performance in the lower
table, “outside room” are with respect to a test set, pre-processed using StIM.
Inside room
Baseline
Training procedure
Inside_room_K_200
Outside_room_K_200
Clean

Alexnet

VGG

Accuracy

Training procedure

Accuracy

Training procedure

Accuracy

99.71%
73.03%
94.53%

Inside_room_K_200
Outside_room_K_200
Clean

99.94%
86.88%
84.78%

Inside_room_K_200
Outside_room_K_200
Clean

99.58%
86.53%
98.81%

Outside room
Baseline
Training procedure
Inside_room_K_200
Outside_room_K_200
Clean

Alexnet

VGG

Accuracy

Training procedure

Accuracy

Training procedure

Accuracy

75.43%
98.8%
94.96%

Inside_room_K_200
Outside_room_K_200
Clean

78.01%
99.81%
89.3%

Inside_room_K_200
Outside_room_K_200
Clean

89.51%
95.85%
96.68%
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the noise’s spectral characteristics from the target class’s spectral characteristics. We leave this subject for future study.
VI. CONCLUSIONS

FIG. 9. (Color online) Accuracy of all three classifiers, trained using StIM,
with K ¼ 200, with respect to different SNR levels. The performance are
with respect to a test set recorded in a real environment of coupled rooms.

From the right-most column in Table V, it is clearly visible
that the models trained with RIRs of any kind, when adding
w(t), are performing better in real life recordings. The introduction of some randomization to an RIR can improve the
results. We have added w(t), follow the procedure in Sec.
V B. Alternatively, it is also possible to implement on StIM
the full algorithm proposed by Peddinti et al.48 to deal with
the transition to real-environment. Table V shows that all
three classifiers benefit from StIM, when presented with a
recording from another room.
Adding too much noise (low SNR) can degrade the performances simply by masking the original signal with noise.
Too little sound, however, may result in an inaccurate representation of a real environment. Thus, a very high SNR is
also a problem. Hence, we proceed to test each of the three
networks, using K ¼ 200, StIM RIRs augmentation, while
altering the SNR of the w(t) randomization factor. Figure 9
shows the results for different SNRs. When we look at the
higher end of the SNR, where the randomization is relatively lower and has a lower impact, we observe a decrease
in the performances. This is to be expected, since the results
converge to the results where we do not add w(t) in Table V.
On the lower end, we also see a drop in performances, converging into the region of 30% to 40%. These results are
close to guessing when dealing with a model, classifying
between three classes. On SNR ¼ 0, the signal and the random noise contribute the same mean square power to the
total signal. This means that the noise obscures the signal.
Hence, the classifiers are converging to guessing.
The fine-tuning of the SNR level is, probably, classifier
and task dependent. Figure 9 shows that for VGG, the optimal
SNR is somewhere between 30 dB and 40 dB, where for the
baseline, it is much closer to 30 dB. It is possible that the tuning
is also dependent on the dataset and involved classes. Broad
spectrum signals will probably need more caring in the additive
noise level as they are more similar in nature to the noise.
Colored noises can be considered in such cases to differentiate
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The ability to generate simulations of sound travelling
between rooms opens the possibility to describe diverse
environments, and therefore improves the results for SEC,
specifically, and other audio processing tasks in general.
Other extensions of the IM that take frequency and incidentangle dependent factors into account should also be considered when implementing this method to achieve the best
performances. The line of thought which leads to this
method can be generalized to a higher number of adjacent
rooms to represent even more complex structures. This
method can be further expanded to describe openings
between rooms, such as doors, by changing the transfer
coefficient on a section of the wall to 1 and adjusting the
usage of the algorithms, respectively. We showed that when
utilizing a simulation to augment many environments into
the dataset, it is important to have a large number of environmental examples, as well as to incorporate these examples correctly into the dataset. In addition, this work
proposed a framework for a training process, using simulated RIR. Our experiments show promising results on realworld recorded data with accessible devices, such as laptops
and cellphones. Products intended to utilise an SEC system
will probably have similar components with such accessible
devices, rendering their recordings a good representation for
real-life data.
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