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ABSTRACT

In this paper we propose a methodology for the estimation of the ge-
ometry of an environment based on a single Acoustic Impulse Re-
sponse (AIR). The estimation algorithm makes use of tools for the
modeling of propagation based on geometrical acoustics. A suit-
able cost function evaluates the distance between the simulated and
measured AIRs. The room minimizing the cost function is chosen
as the correct one. The cost function is strongly non linear. As a
consequence, in order to reduce the complexity of the minimiza-
tion problem, the algorithm needs a hypothesis about the class of
geometry of the environment under analysis, such as rectangular or
L-shaped rooms. We prove the effectiveness of the proposed algo-
rithm with a number of simulations with increasing complexity.

Index Terms— Room geometry estimation, acoustic impulse
response

1. INTRODUCTION

In many applications of space-time processing such as source local-
ization [1], wave-field rendering [2, 3] or estimation of the radiative
properties of acoustic sources [4], the knowledge of the geometry
of the environment is needed or it could be beneficial.

In the last few years, several techniques have been presented in
the literature for the estimation of the geometry of the environment
from acoustic signals. Relevant examples are [5, 6, 7, 8]. Even if
different assumptions are made, the above methodologies require
that multiple acoustic impulse responses are acquired at different
locations of sources and/or microphones, thus preventing their use
in scenarios where a limited number of sensors and transducers is
available. In [9], authors have presented a methodology that uses a
single impulse response to estimate the room geometry. Knowledge
of the delays of first and second-order reflections is converted into
information about orientation and location of walls. Authors also
demonstrate the uniqueness of the impulse response for a given ge-
ometry. An inaccurate knowledge of the delay of even a single echo
in the AIR, however, could lead the algorithm to wrong estimations.

In this paper we want to keep the advantage of using a sin-
gle impulse response, while gaining robustness against errors in the
knowldge of the delays of the AIR. In the proposed methodology, a
cost function compares the location of the echoes in the simulated
and measured impulse responses and estimates the geometry as the
one that minimizes the distance function. For this purpose we use
a suitable tool for the modeling of the propagation. Since the cost
function is based only on the comparison of the location of echoes in
measured and simulated AIRs, we are interested in propagation sim-
ulation tools that accurately estimate the time of arrival of echoes.
Simulation tools based on geometrical acoustics are suitable for this
scenario. Among all the available solutions, in particular, we have
chosen beam tracing [10]. The cost function non-linearly depends

on the dimensions of the room. As a consequence, minimization al-
gorithms based on the gradient of the cost function could get trapped
in local minima. In order to prevent this situation we adopt genetic
algorithms to perform the minimization. Moreover, we assume that
information about the shape of the environment is available, while
dimensions of the walls are unknown, thus simplifying the complex-
ity of the minimization. This fact, along with the formulation of the
cost function makes the algorithm robust against spurious echoes.
Therefore, even if it provides an estimate of the floormap of the en-
vironment only, it can work also when reflections from floor and
ceiling are relevant.

We prove the accuracy of the geometry estimation algorithm
for two classes of room geometries: rectangular and L-shaped. The
latter environment, in particular, is challenging. In fact, depending
on the location of source and receiver, some walls could be visible
only through second-order reflections.

The rest of the paper is organized as follows: section 2 formu-
lates the problem of room geometry estimation for the considered
scenario. Section 3 discusses the methodology. Section 4 presents
some experiments and simulations aimed at proving the effective-
ness of the proposed algorithm. Finally, section 5 draws some con-
clusive remarks.

2. PROBLEM STATEMENT

Let us consider environments whose size is unknown but whose
shape can be determined through a visual inspection. Relevant ex-
amples are rectangular and L-shaped rooms. It is known in the liter-
ature that the relationship between the geometry of the environment
and the acoustic impulse response between source and receiver in
it, is complex and just for a few cases it can be predicted in a closed
form. One of these cases is the rectangular room, but even in this
simple case it is hard to determine the geometry with a single im-
pulse response.

Let us consider the example in Fig. 1, where the source S and
the receiver R are located in xS = [xS , yS] and xR = [xR, yR],
respectively. Once the shape of the room is fixed, the remaining
parameters of the room are the lengths of the walls, denoted with
d1, . . . , dn. One arbitrary corner of the room is chosen as the center
of the reference frame. With this knowledge and the sound speed c,
it is possible to predict the delays of the echoes associated to early
reflections of the AIR. Moreover, if the acoustic properties of the
walls (modeled by the frequency-dependent reflection coefficients
α1(f), . . . , αn(f)) are known, also the amplitude of the echoes can
be predicted. We denote the predicted early reflections of the AIR
with

h(d1, α1(f), . . . , dn, αn(f),xS,xR, t) , (1)

where t is the time variable. In the following, for the sake of com-
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pactness, we use the symbol

λ = [d1, α1(f), . . . , dn, αn(f),xS ,xR]

to denote the parameters of the room. It is worth noticing that the
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Figure 1: Floormap of an environment: xS and xR denote source
and receiver locations; walls have lengths d1, . . . , dn and reflection
coefficients α1(f), . . . , αn(f).

room geometry estimation algorithm proposed in this paper does
not take into account the amplitude of the echoes but only their lo-
cation on the time axis. In what follows, therefore, we drop the de-
pendency of h on α1(f), . . . , αn(f). The measured early-refletions
part of the AIR between xS and xR is denoted by h̄(t).

We introduce a function f{h(λ, t), h̄(t)}, which measures the
similarity between modeled and measured early reflections. The
room geometry is estimated as

λ̂ = argmin
λ

f{h(λ, t), h̄(t)} . (2)

It is easy to realize that the dependency of f{h(λ, t), h̄(t)} on λ

is non linear and it may present several local minima. As a con-
sequence, minimization algorithms based on gradient descent are
not suitable for this specific problem. Moreover, also the definition
of the similarity function f{h(λ, t), h̄(t)} is crucial for a success-
ful estimation. Therefore, in order to estimate the geometry of the
environment given a single impulse response we need:

• a modeling engine that, given the geometry of the environment,
efficiently computes the early reflections h(λ, t) between the
source and receiver;

• a suitable cost function f{h(λ, t), h̄(t)} that measures the
similarity between simulated h(λ, t) and measured early re-
flections h̄(t);

• a global optimization algorithm that is able to minimize
f{h(λ, t), h̄(t)} for an accurate estimate of the room geom-
etry λ.

These requirements are discussed in the next section.

3. GEOMETRY ESTIMATION

In this manuscript we focus on the two types of environments de-
picted in Fig. 2. Rectangular rooms are characterized by the dimen-
sions d = [d1, d2], while L-shaped ones by d = [d1, d2, d3, d4].
These classes of geometries are important because many every-
day environments fall in one of these two classes or combinations
thereof. Also other shapes of environments can, however, be ac-
commodated in the methodology. The mutual position of xR and

xS are assumed to be known, thus the offset Δx = xR − xS is
known. We consider in the following the location xS as being ei-
ther known or unknown. In the first case the optimization variables
are λ = d, while in the second case the optimization variables are
λ = [d,xS]. Results will provide examples for both cases.

d1

d2 xS

xR

(0,0)

(a) Rectangular room
d1
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d3

d4xS

xR
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(b) L-shaped room

Figure 2: Examined classes of environments.

3.1. Cost function

Given the signal acquired with a single microphone and the signal
emitted by the loudspeaker, there are techniques in the literature
that extract the impulse response between them, e.g. [11]. Due to
the complex nature of acoustic propagation in enclosures, echoes in
h(λ, t) and h̄(t)may exhibit different relative magnitudes. In defin-
ing the cost function we decide, therefore, to focus on the temporal
location of the echoes only. Techniques of propagation modeling
based on geometrical acoustics can accurately predict the delays of
echoes. We decided, in particular, to adopt fast beam tracing [10]
for the computation of h(λ, t). Given the early reflections h(λ, t),
we extract the corresponding Times Of Arrival (TOAs) as

T = {τ | h(λ, τ ) > Δ}, (3)

where Δ is a prescribed threshold. The TOAs τj ∈ T depend on
room dimensions d as well as on the source and receiver positions,
xS and xR. Therefore, in order to estimate the unknown parameters
λ, our objective is to match the TOAs extracted from simulation
τj ∈ T with TOAs τ̄i ∈ T̄ obtained from the early reflections part
in h̄(t), obtained as in (3).

When using a single microphone (no information on directions
of arrival), it is not possible to assign echoes to walls that generated
them and, therefore, the function h(λ, t) is not invertible in gen-
eral. Furthermore, due to occlusions, some reflective paths may be
present in h̄(t) but not in h(λ, t) and vice versa. As an example,
spurious peaks could appear in h̄(t) due to the noise or reflections
from floor and ceiling. For these reasons, it is difficult to pair τ̄i ∈ T̄

with corresponding τj ∈ T in an element-wise fashion.
In order to make the estimation algorithm robust against wrong

matches of TOAs, we propose a cost function f{h(λ, t), h̄(t)} de-
fined as

f{h(λ, t), h̄(t)} =
∑

τ̄i∈T̄

min
τj∈T

|τ̄i − τj |+
∑

τj∈T

min
τ̄i∈T̄

|τ̄i − τj |, (4)

which is the sum of distances (in time) of each measured TOA,
τ̄i ∈ T̄ , from the closest simulated TOA, τj ∈ T , plus the sum
of distances of each simulated TOA, τj ∈ T , from the closest mea-
sured TOA, τ̄i ∈ T̄ .
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3.2. Minimization algorithm

As stated previously, methods based on gradient descent are not
suitable for minimization of (4) as they could get stuck in a local
minimum. Therefore, global optimization algorithms such as sim-
ulated annealing or genetic algorithms [12] should be used. In this
paper we propose the adoption of the genetic algorithm for the mini-
mization purpose. In the following we list the steps of the algorithm.

Step 1 - The initial population of rooms Λ(0) = {λ(0)
m ,m =

1, ...,M}, whereM is the number of rooms in a single generation,
is generated randomly with a uniform distribution over the space of
feasible values [λmin,λmax]

λ
(0)
m ∼ U(λmin,λmax). (5)

The termsλmax and λmin are determined through a preliminary anal-
ysis of TOAs of relevant echoes in h̄(t).

Step 2 - The value of the cost function f{h(λ(k)
m , t), h̄(t)} is

evaluated for each room of the kth generation, Λ(k) = {λ(k)
m ,m =

1, ...,M}, and the best N rooms are migrated to the next genera-
tion Λ(k+1). The remainingM −N rooms of Λ(k+1) are generated
from Λ(k) either through the crossover (fraction p) of two rooms or
through the mutation (fraction 1 − p) of a single room. The rooms
that undergo crossover/mutation are chosen in a series of tourna-
ment selections: a random set of w rooms is extracted from the
population, Ω ⊂ Λ(k), and the room λk

m ∈ Ω with the best value
of the cost function is selected.

Crossover - Given two rooms selected from a previous gen-
eration λ(k)

n ,λ
(k)
l ∈ Λ(k), a good but not optimum value of their

cost function may be due to the fact that both rooms approximate
well some but not all parameters λ of the measured environment.
However, as the function h(λ, t) is not invertible, we are unable to
determine which parameters have a good/bad match. As a conse-
quence, the crossover function Φmakes a random weighed mean of
the two rooms

λ
(k+1)
m = Φ(λ

(k)
n ,λ

(k)
l )

= β � λ
(k)
n + (1− β)� λ

(k)
l , β ∼ U(0,1),

(6)

where � denotes element-wise multiplication.
Mutation - The mutation λ

(k+1)
m = Ψ(λ

(k)
n ) of the room

λ
(k)
n ∈ Λ(k) has the objective to prevent falling of all elements
in the population to a local minimum. We design different types of
mutation with different probabilities to occur: the perturbation

Ψa(λ
(k)
n ) = λ

(k)
n + δ, δ ∼ N (0, σ2

I), (7)

where σ2 is the perturbation variance; the generation of a new room

Ψb(λ
(k)
n ) = λmin + (λmax − λmin)� β, β ∼ U(0, 1) ; (8)

and the exchanging of vertical and horizontal axis

Ψc(λ
(k)
n ) =

∼

λ
(k)

n , (9)

where the ∼

· symbol denotes the fact that the values of dimensions
and coordinates corresponding to x and y axes have been swapped.
The small changes, such asΨa for small variances σ2, are designed
to refine the estimation of room parameters and have higher proba-
bility to occur. Bigger changes are designed to prevent trapping in
local minima and have smaller probability to occur. In particular,

the mutationΨc was designed to prevent trapping in a frequent type
of local minimum.

Step 3 - The step 2 is repeated until the cost function reaches
a prescribed threshold γ; the best cost function does not change for
Δk generations; or a prescribed number of generations is reached.
Let us denote with K the index of the last generation. The param-
eters λ(K)

m ∈ Λ(K) with the smallest value of the cost function
provides the estimate of the room geometry, i.e.

λ̂ = arg min
λ
(K)
m ∈Λ(K)

f{h(λ(K)
m , t), h̄(t)}. (10)

4. RESULTS

We performed a number of simulations to assess the performance
and robustness of the proposed approach. In particular we consider
the following scenarios:

• Rectangular room with d = [6.7, 9] m, xS = [1.3, 1.5]T m,
xR = [1.8, 0.634]T m, with known or unknown source posi-
tion, i.e. λ1 = d and λ2 = [d,xS];

• L-shaped room with d = [8, 6.5, 3.33, 10] m, xS =
[1.3, 1.5]T m, xR = [1.8, 0.634]T m, with known and un-
known source position, i.e. λ1 = d and λ2 = [d,xS].

In all the simulations the estimation algorithm considers the envi-
ronment as two-dimensional, i.e. the simulated impulse response
h(λ, t) is obtained modelling the propagation in a 2D environ-
ment. However, in order to match real-world conditions, the mea-
sured impulse response h̄(t) is obtained simulating the propaga-
tion in a 3D environment with height 3m, microphone/loudspeaker
placed at height 1m, and an additive white Gaussian noise with
SNR = 20dB. The measured impulse response is therefore ob-
tained as

h̄(t) = {(h3D(t) ∗ s(t)) + w(t)} � s(t), (11)

where h3D(t) indicates the impulse response of the 3D environ-
ment; ∗ denotes convolution; s(t) is the source signal (white noise
in the audio bandwidth); w(t) is the additive noise; and � is the
cross-correlation. It is important to notice that the estimation algo-
rithm can be easily extended to account for the 3D environments
adding a new dimension (height) to the unknown parameters λ.
However, we intentionally limit the estimation to a 2D floormap
in order to test the robustness of the algorithm to spurious peaks in
the measured impulse response. Reflections in h(λ, t) and h̄(t) are
simulated up to the 4th order and 10th order, respectively.

We start with the simplest case: rectangular room and un-
knowns λ1 = [d1, d2]. The population size is M = 20; maxi-
mum number of generations K = 25; crossover fraction p = 0.5;
number of rooms migrated unchanged to next generation N = 4;
tournament size w = 4. The search space, determined from a
preliminary analysis of h̄(t) is between λmin = [1, 1] m and
λmax = [12, 12] m. Average value and standard deviations of λ
for 50 independent realizations are shown in the first part of Table
1.

In this case we have just two unknowns, i.e. the room dimen-
sions d1 and d2. Given the limited size of the search space we
could make an exhaustive search, i.e. uniformly sample the space
and choose λ with best value of f{h(λ, t), h̄(t)}. Fig. 3 shows the
contours of f{h(λ, t), h̄(t)} evaluated on a 300 × 300 grid. We
notice that, although the measured impulse response is noisy and
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Table 1: Rectangular room: parameters of the room geometry (di-
mensions and coordinates) and estimated values (50 realizations).

d1[m] d2[m] xS [m] yS [m]

λ 6.7 9 1.3 1.5

E[λ̂1] 6.7187 9.0096 − −

std(λ̂1) 0.0535 0.0223 − −

E[λ̂2] 6.7716 9.0345 1.3642 1.5491

std(λ̂2) 0.0921 0.0362 0.1381 0.1024

Table 2: L-shaped room: parameters of the room geometry (dimen-
sions and coordinates) and estimated values (50 realizations).

d1[m] d2[m] d3[m] d4[m] xS [m] yS [m]

λ 8 6.5 3.33 10 1.3 1.5

E[λ̂1] 8.0066 6.5687 4.0137 9.6144 − −

std(λ̂1) 0.0131 0.1377 0.7952 0.7202 − −

E[λ̂2] 7.6148 7.1589 4.0894 9.2198 1.2452 1.7511

std(λ̂2) 0.6407 0.5719 1.0029 0.7914 0.3541 0.2987

exhibits spurious peaks, the cost function defined in (4) exhibits a
minimum in correspondence of true dimensions d = [6.7, 9] m
and it is reasonably smooth. However, as previously stated, the
cost function shows also a secondary minimum. In particular the
local minimum is at [9, 6.7] m, and it is due to the symmetry of
the configuration. This fact justifies the introduction of the mu-
tation (9). As the number of unknowns increases, the function

f{h([d1, d2], t), h̄(t)}[dB]
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Figure 3: Cost function evaluated for different dimensions of the
rectangular room.

f{h(λ, t), h̄(t)} becomes more complex, discontinuous and with
a higher number of local minima. The gradient descent methods
could become trapped in a local minimum and an exhaustive search
of the parameter space becomes prohibitively expensive. In fact, in
case of just two unknowns and feasible values within 10m × 10m,
we should evaluate the cost function 10000 times for an error be-
low 5 cm. Using genetic algorithm justM ·K = 500 cost function
evaluations are needed. The second part of Table 1 refers to the case
of xS unknown. For this simulation M has been increased to 50.
The search space is determined by λmin = [1, 1, 0.5, 0.5] m and
λmax = [12, 12, 2.5, 2.5] m. As expected, the accuracy decreases
but it is suitable for many applications.

In the next simulations we considered a L-shaped room. We
tested both cases of xS known and unknown. Parameters of the ge-
netic algorithm are the same as in the previous simulation. Results
are shown in Table 2. We notice that the estimate is quite accurate
for the case of xS known, while it becomes less accurate in the sec-

ond case. Due to the smoothness of the cost function around the
global minimum, however, the geometry provided by the genetic
algorithm can be used as an initial estimate of a gradient method to
achieve an improved accuracy.

5. CONCLUSIONS

In this work we have proposed a methodology that, provided a priori
knowledge on the shape of the environment, estimates its dimen-
sions and the source location from a single impulse response. A
cost function is defined for this purpose, which is based on the dif-
ference of the TOAs between simulated and measured impulse re-
sponses. The dimensions of the room that provide the minimum dif-
ference determine the estimated room geometry. Simulations prove
the effectiveness of the approach in the case of two common types
of environments. Estimation accuracy, achieved with the proposed
minimization algorithm, is suitable for most potential applications
and it could be further improved if used in combination with a gra-
dient descent method.
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