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ABSTRACT

Knowing the room geometry may be very beneficial for
many audio applications, including sound reproduction,
acoustic scene analysis, and sound source localization.
Room geometry inference (RGI) deals with the problem
of reflector localization (RL) based on a set of room im-
pulse responses (RIRs). Motivated by the increasing pop-
ularity of commercially available soundbars, this article
presents a data-driven 3D RGI method using RIRs mea-
sured from a linear loudspeaker array to a single micro-
phone. A convolutional recurrent neural network (CRNN)
is trained using simulated RIRs in a supervised fashion for
RL. The Radon transform, which is equivalent to delay-
and-sum beamforming, is applied to multi-channel RIRs,
and the resulting time-domain acoustic beamforming map
is fed into the CRNN. The room geometry is inferred from
the microphone position and the reflector locations esti-
mated by the network. The results obtained using mea-
sured RIRs show that the proposed data-driven approach
generalizes well to unseen RIRs and achieves an accuracy
level comparable to a baseline model-driven RGI method
that involves intermediate semi-supervised steps, thereby
offering a unified and fully automated RGI framework.
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1. INTRODUCTION

Knowledge of geometric properties of a room can be
used to improve the performance of many audio appli-
cations, including speech enhancement and dereverbera-
tion [1], sound source localization [2], acoustic diagno-
sis [3], sound reproduction [4], and augmented and virtual
reality [5]. Room geometry inference (RGI) deals with
the problem of reflector localization (RL), which involves
estimating the time of arrivals (TOAs) of the direct path
and the wall reflections from the room impulse responses
(RIRs) recorded between loudspeakers and microphones.
A class of RL techniques associates TOAs with reflectors
by computing the common tangent to the ellipses whose
foci correspond to the positions of the pair of microphones
and loudspeakers [6–9]. 3D RGI is achieved in [10] by
using a distributed microphone array and computing the
corresponding Euclidean distance matrix that yields the
TOAs of first-order reflections. In [11], a 3D RGI method
is proposed to localize reflectors in both convex and non-
convex-shaped rooms via the spherical harmonic decom-
position of spatial RIRs. Another class of RL methods in-
volves the disambiguation of TOAs over time-domain po-
lar TOA/DOA (direction-of-arrival) maps produced using
multi-channel RIRs [12–16]. The distinct peaks emerging
on these maps are associated with the temporal evolution
of the direct path and the following acoustic reflections
from boundary surfaces.

Many RL methods may only operate with a setup that
has the same dimensions as the scenario under considera-
tion (e.g., circular/planar arrays for 2D RL and spherical
arrays for 3D RL), which would otherwise yield realistic
but inaccurate RL estimates due to the geometrical am-
biguity caused by the lower-dimensional array. Few RL
methods exist in the literature to tackle the limited spa-
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tial diversity arising from the array. Using a compact cir-
cular microphone array, 3D RGI is achieved in [17] by
least-squares fitting with l1-regularization applied on real-
world RIRs based on a broad set of synthetically gener-
ated 3D reflections. 3D RL is realized by using bi-circular
microphone arrays in [9, 14] with the prior assumption
that the array is positioned closer to the floor to tackle
the up/down ambiguity. Based on the acoustic reciprocity
principle [18], a 3D RGI method using a 2D rectangular
loudspeaker array placed around a video screen and a sin-
gle microphone is proposed in [16], where the front-back
ambiguity is circumvented by assuming the array is posi-
tioned near one of the walls, and TOAs are associated with
the reflectors using linear Radon transform maps [15].

Motivated by the growing popularity of soundbars
among home entertainment systems, we have proposed a
3D RGI method using a linear loudspeaker array and a
single omnidirectional microphone in [19] as the first at-
tempt in the literature to tackle this difficult scenario with
spatial diversity reduced in two dimensions due to using
a 1D linear array. As illustrated in Fig. 1, this model-
driven method involves multiple steps, including the gen-
eration of a computationally demanding sparse DOA map
followed by a peak detection and pruning procedure, the
segmentation of the sparse DOA map into six bounded re-
gions for the identification of potential peaks associated
with the first-order wall reflections, and finally, RGI us-
ing a cost function that measures the agreement between
the higher-order reflections estimated via beam tracing
[20–22] given a room geometry candidate and the peaks
on the sparse DOA map. The model-driven approach re-
quires coarse prior knowledge of room boundaries (i.e.,
pre-defined constraints on wall dimensions and orienta-
tions), for instance, to be given by the consumer in a com-
mercial setting, along with the tuning of several parame-
ters in other steps.

In this paper, we propose a data-driven method for
3D RGI with a linear loudspeaker array and a single om-
nidirectional microphone, where the microphone position
and the first-order wall reflections are directly estimated
from the computationally inexpensive Radon transform
(RT) map [15,23] being fed into a convolutional recurrent
neural network (CRNN) as the input feature. As shown
in Fig. 1, the proposed data-driven method eliminates the
intermediate steps required in the prior model-driven ap-
proach, providing a fully automated RGI system. The
deep neural network (DNN) is trained with RT maps gen-
erated from RIRs simulated in empty rooms with walls
with varying absorption coefficients. The proposed data-

driven 3D RGI approach is tested with both simulated
and measured data and its performance is compared to the
baseline model-driven method [19].

2. SEPARABLE ROOM GEOMETRY

The same setup as in the model-driven RGI method [19]
is also considered here. To combat the geometrical am-
biguity, a room is assumed to have a separable geometry
with flat side walls of equal height that are perpendicular
to the floor and ceiling. The linear loudspeaker array is po-
sitioned parallel to the floor and at the same height as the
single omnidirectional microphone, further decreasing the
geometrical ambiguity. Based on the acoustic reciprocity
principle [18], the image-microphone positions associated
with side walls lie on the same plane as the real micro-
phone. This reduces down to a “front-back” ambiguity,
where it is still uncertain whether the image microphones
are in the front or back of the array. The separable room
geometry allows the individual treatment of the first-order
floor and ceiling reflections, as they are located on a paral-
lel line passing through the real microphone position per-
pendicular to the plane in which real and side-wall image
microphones lie. This leads to an “up-down” ambiguity
between floor and ceiling.

Without loss of generality, a uniform linear array
(ULA) of M loudspeakers is aligned with the x-axis of
a reference 3D coordinate system (i.e., m-th loudspeaker
is at sm = [xm, 0, 0]T ) with the array center also coincid-
ing with the origin. Let r be a point in 3D space whose
projection on the 2D polar-coordinate space is given by
the pair (ρ, θ), where the radial distance ρ = ∥r∥ and
the polar angle θ = arccos(⟨r,u⟩/∥r∥) ∈ [0◦, 180◦] with
the unit vector u = [1, 0, 0]T . Assuming that the micro-
phone is positioned at ro in front of the ULA, its Carte-
sian coordinates are then given by its polar-coordinate pair
(ρo, θo) as ro = [ρo cos θo, ρo sin θo, 0]

T . Using geomet-
rical acoustics and the reciprocity principle, a specular
reflection from a wall may be considered as an acoustic
path stemming from the first-order image microphone po-
sitioned at r′o. Given a wall, its normal vector v and the
distance to the origin d can be computed using ro and r′o:

v =
ro − r′o
∥ro − r′o∥

and d = −1

2
vT (ro + r′o). (1)

A pair (ρ, θ) describing a first-order side-wall reflection
may correspond to two points in 3D due to front-back
ambiguity: ro′,y± = [ρ cos θ,±ρ sin θ, 0]T , resulting in
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Figure 1. Comparison between the baseline model-driven method [19] and the proposed data-driven method
using a CRNN architecture.
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a mapping from the polar coordinates to the wall parame-
ters as

(ρ, θ)
r′
o,y±
←→ (vy± , dy±). (2)

Assuming a separable room geometry, the im-
age microphones associated with the first-order
floor and ceiling reflections have the same x–y
coordinates as ro with up-down ambiguity:
ro′,z± = [ρo cos θo, ρo sin θo,±

√
ρ2 − ρ2o]

T . Us-
ing the known unit vectors, vfloor = [0, 0, 1]T and
vceiling = [0, 0,−1]T for floor and ceiling, respectively,
the distance to the origin computed via (1) yields
dz =

√
ρ2 − ρ2o/2 for ro′,z± .

3. PROPOSED METHOD

This section presents the deep learning framework for the
proposed data-driven 3D RGI method. Let hm(n) denote
an RIR recorded from the m-th loudspeaker in the array
to the single microphone, where a synchronized setup is
considered, i.e., the initial delay in hm(n) is associated
with the direct path propagation. The Radon transform,
equivalent to a full-band delay-and-sum beamformer [15,
23, 24], is given by

R(n, θ) =

M−1∑
m=0

d
(m)
n,θ h+

m

(
n−

⌊
∆

(m)
n,θ

⌉)
, (3)

where d
(m)
n,θ = ∥rρn,θ − sm∥ is the propagation path dis-

tance to the point rn,θ = [ρn cos θ, ρn sin θ, 0]
T from the

m-th loudspeaker sm, ∆
(m)
n,θ = fs

c

(
ρn − d

(m)
n,θ

)
is the

associated time delay in samples, and fs and c denote
the sampling frequency and the speed of sound, respec-
tively. Only the positive side of the RIR denoted by h+

m(n)
is considered to exclude any redundant peaks due to the
loudspeaker impulse response, which may otherwise in-
troduce spurious peaks on the generated RT map. Linear
interpolation is applied in the actual RT implementation
to prevent potential artifacts due to the rounding operation
⌊.⌉. The resulting map is fed to the DNN after normaliza-
tion by the maximum value.

The CRNN architecture used in the proposed data-
driven RGI method is also illustrated in Fig. 1. The micro-
phone position and the four image-microphone positions
corresponding to the first-order side-wall reflections in 2D
Cartesian xy-coordinates, as well as the z-coordinates of
the image-microphone positions for floor and ceiling, are

estimated from the RT map by the DNN. The room geom-
etry is then inferred from the microphone and first-order
image-microphone position estimates using (1).

The output of the convolutive layers is reshaped
across the angular direction while keeping the time reso-
lution unchanged and then fed into the two-layer bidirec-
tional gated recurrent unit (GRU). The GRU output is fed
into the successive fully connected (FC) layers. The rec-
tified linear unit (ReLU) function is used as the activation
function at the output of convolutive layers. The batch
normalization is performed before ReLU, while dropout
and max pooling are applied after ReLU. The dropout is
also applied at the input of both FC layers, where the first
layer uses ReLU as the activation function, and the second
layer has linear activation to accommodate for negative-
valued xy coordinates.

The loss function used to train the network is based on
the Euclidean distance between the actual and estimated
real- and image-microphone positions and is defined as

Loss =
1

7

6∑
w=0

ϵw, (4)

where for the real microphone (w = 0) and four side walls
(w ∈ {1, 2, 3, 4}),

ϵw =
√

(xw − x̂w)2 + (yw − ŷw)2, (5)

and for floor and ceiling (w ∈ {5, 6}),

ϵw = |zw − ẑw| (6)

with (xw, yw, zw), and (x̂w, ŷw, ẑw) denoting the ground-
truth and estimated coordinates, respectively. The batch
size is chosen to be 50, and the network optimizer is
AdamW [25] with a learning rate of 5×10−4 and a weight
decay rate of 10−2. Early stopping is used to prevent over-
fitting.

4. PERFORMANCE EVALUATION

RIRs were simulated using the Pyroomacoustics [26] soft-
ware package with the image method [27] up to and in-
cluding fifth-order reflections between a ULA of 13 loud-
speakers spaced by 6 cm and a single microphone, which
were all assumed to be omnidirectional. The wall absorp-
tion coefficients were randomly selected between 0.1 and
0.9. The same wall constraints as in [19] chosen for the
generation of bounded regions on the DOA map for small
rooms were also used here in RIR simulations as listed in
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Table 1, where the walls were named with respect to the
ULA placement in the room and the ULA was positioned
closer to the back wall, considering a typical living room
setting with a soundbar. Also in line with [19], the side
walls were allowed to have an orientation angle with up to
a deviation of 15◦ from a shoe-box room model, and the
minimum room height was set to Hmin = 2.2 m with the
presumption that ULA was closer to the floor to tackle up-
down ambiguity (which implies the minimum distance for
the ceiling is dmin

w > 1.1 m in simulated rooms). The mi-
crophone was randomly positioned at a minimum distance
of 0.5 m from the side walls and the ULA. 50, 000 rooms
were randomly generated based on the room constraints
for network training. An additional 5, 000 rooms were
generated each for validation and for testing. For RIR
simulations, the sampling frequency was fs = 48 kHz,
and the speed of sound was assumed to be c = 343 m/s.
Simulated RIRs were then low-pass filtered at fc = 20
kHz. The RT maps were generated up to the propagation
distance of ρmax = 15 m (or equivalently tmax ≈ 43.73
ms, N = ⌊fs(ρmax/c)⌉ = 2099 samples) with the angu-
lar grid of [0◦, 180◦] with 1◦ resolution.

The performance metrics used for the evaluation of
wall estimation accuracy are the distance and orientation
errors defined as [19]

ϵw,d =
∣∣∣dw − d̂w

∣∣∣ and ϵw,θ = arccos⟨vw, v̂w⟩, (7)

which measure the deviation of the estimated wall param-
eters (v̂w, d̂w) from the ground truth values (vw, dw). As
in [19], RGI accuracy is evaluated based on the root MSE

Table 1. Wall constraints in [19] for small rooms.
The minimum distance dmin

w and maximum distance
dmax
w are measured from the origin to wall w.

Wall dmin
w dmax

w

Back 0.2 m 1.0 m
Right 1.5 m 3.0 m
Front 3.0 m 6.0 m
Left 1.5 m 3.0 m
Floor 0.5 m 1.5 m
Ceiling 0.7 m 2.7 m

computed over the individual wall estimate errors:

Ed =

√√√√1

6

6∑
w=1

ϵ2w,d, Eθ =

√√√√1

4

4∑
w=1

ϵ2w,θ. (8)

Please note that under the separable room geometry as-
sumption, ϵw,θ = 0 for floor and ceiling, such that Eθ can
be computed considering only the side walls.

The DNN performance is first tested with the simu-
lated test data as presented in Table 2. The RGI mean-
error values µ(Ed) < 11 cm and µ(Eθ) < 3◦ indicate that
the proposed data-driven approach shows promising per-
formance despite the geometrical ambiguities. The high-
est accuracy for distance estimation was achieved for the
floor, followed by the ceiling and the back wall. This
can be explained by the room simulation setup with the
ULA, which was positioned closer to the back wall than
the other side walls and parallel to the floor and ceiling
(i.e., not tilted). The highest errors for wall distance and
orientation were reached for the front wall, which may be
expected as it was farther from the ULA.

The proposed data-driven approach was also tested
with the real RIRs measured in a small office under two
configurations and a laboratory room. Please refer to [19]
for further details on the measurement campaign. The per-
formance comparison between the model- and data-driven
RGI methods is presented in Table 3, and the inferred floor
maps and room heights are plotted in Fig. 2 for all three se-
tups. Despite training with only simulated RIRs, the data-
driven method yields RGI mean-error values µ(Ed) and
µ(Eθ) comparable to those achieved by the model-driven
technique when tested with unseen measured RIRs. The

Table 2. Simulated test data: The DNN performance
evaluation.

Wall Distance err. [cm] Orientation err. [◦]

Back 6.503± 5.021 1.508± 1.308
Right 10.516± 9.277 2.042± 1.903
Front 11.354± 11.216 2.809± 2.867
Left 10.472± 9.394 1.944± 1.753
Floor 3.505± 3.142 -
Ceiling 6.180± 7.057 -
Room 10.471± 5.309 2.582± 1.421

Mean±std (standard deviation) computed over 5000 rooms.
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Table 3. Measured data: Performance comparison. Mean±std (standard deviation) are
computed over 27 measurement positions from the three rooms shown in Fig. 2.

Distance error [cm] Orientation error [◦]
Wall Model-driven [19] Data-driven Model-driven [19] Data-driven

Back 14.396± 13.114 7.704± 11.702 0.983± 1.048 1.338± 1.095
Right 4.117± 6.090 14.897± 4.578 1.510± 1.867 1.502± 1.037
Front 15.557± 32.352 11.736± 19.875 0.780± 0.585 1.647± 1.319
Left 5.526± 4.387 5.627± 4.627 1.835± 1.628 1.243± 1.574
Floor 1.000± 2.095 4.765± 2.196 - -
Ceiling 2.430± 4.464 7.887± 6.855 - -

Room 12.007± 12.410 11.913± 7.191 1.657± 0.958 1.758± 0.779

source of wall estimation errors was similar to the ones
observed in the baseline method. The impact of violating
flat-wall assumption can be seen in the small office. For
instance, some wall estimates were aligned with the ply-
wood cabinet and/or absorber, while the radiators in Con-
figuration A were detected as the right wall. The ceiling
distance estimation was perturbed in the laboratory room
by the acoustic treatment and the air ventilation duct go-
ing through just below the ceiling. The distance errors for
the back wall were visibly larger at three microphone po-
sitions due to the associated peaks on the RT maps having
very weak amplitudes caused by the loudspeaker directiv-
ity. In addition, the RGI performance is very close to the
one achieved with the simulated RIRs, meaning that the
proposed data-driven approach generalizes well to unseen
measured RIRs. Preliminary trials with the DNN archi-
tecture design have indicated that this was achieved par-
ticularly by using dropout in convolutive layers, creating
a regularization effect for the measured data at the cost of
a slightly increased error for the simulated data.

The proposed approach offers a more unified solu-
tion using an input feature map that is relatively cheap
to compute. As once the DNN is trained, it directly out-
puts the estimates of the real- and image-microphone po-
sitions, bypassing all the steps requiring a variety of pa-
rameter tuning in the model-driven approach, including
sparse DOA map generation, peak detection and pruning,
and map segmentation demanding a user input for wall
constraints. Another main issue with the model-driven
method is the cost function used for RGI, which depends
on the amplitude and the position of higher-order reflec-
tions on the sparse DOA map, making it vulnerable in

non-empty rooms with furniture or in the case of diffuse
reflections. Although the current DNN was only trained
with data from simulated empty rooms with perfectly flat
walls, a future data-centric approach to improve the ro-
bustness of the data-driven RGI may involve adding real
data measured in such room conditions.

5. CONCLUSION

A data-driven method for 3D RGI with a linear loud-
speaker array and a single microphone in convex-shaped
rooms has been proposed. It has been shown that although
the DNN has only been trained with simulated data, it has
achieved a level of accuracy comparable to the baseline
model-driven method when tested with real-world data. It
has also been pointed out that the proposed data-driven
approach eliminates the need for all the intermediate steps
involved in the model-driven method and instead directly
estimates the positions of the microphone and the wall re-
flections in polar coordinates from the RT map. Future
work includes extending the training dataset by adding
real-world data measured in non-ideal scenarios, such as
rooms with furniture and/or diffuse reflections, and ex-
panding the operation into larger rooms to increase the
generalizability of the data-driven RGI method.
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a: Small office: Configuration A (RT60 = 0.57 s)

b: Small office: Configuration B (RT60 = 0.57 s)

c: Laboratory room (RT60 = 0.7 s)

Figure 2. RGI results with measured RIRs: In-
ferred floor maps, floor/ceiling heights, and the es-
timated microphone positions. Dashed lines indicate
the ground truth.
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[17] F. Ribeiro, D. Florêncio, D. Bai, and S. C. Zhang,
“Geometrically constrained room modeling with com-
pact microphone arrays,” IEEE Trans. Audio, Speech,
Lang. Process., vol. 20, pp. 1449–1460, Jul. 2012.

[18] L. E. Kinsler, A. R. Frey, A. B. Coppens, and J. V.
Sanders, Fundamentals of Acoustics. Hoboken, NJ,
USA: John Wiley and Sons, 4 ed., 1999.

[19] C. Tuna, A. Canclini, F. Borra, P. Götz, F. Antonacci,
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