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ABSTRACT

Echo labeling, the challenging task of assigning acoustic
reflections to image sources, is equivalent to the highly-
important disambiguation task in room geometry inference.
A method using the Radon transform, an image processing
tool, is proposed to address this challenge. The method relies
on acoustic wavefront detection in room impulse response
stacks, obtained with a uniform linear array of loudspeakers
and one microphone. We show in our experiments that the
proposed method can both label and detect echoes.

Index Terms— TOA disambiguation, echo labeling, re-
flector localization, room geometry inference, image model.

1. INTRODUCTION

Echo labeling, i.e., the task of assigning acoustic reflections
to different image sources, has multiple applications: blind
source separation [1], sound source localization (SSL) [2, 3]
and room geometry inference (RGI) [4]. For the latter appli-
cation, echo labeling refers to disambiguating which echoes
— time of arrival (TOA) peaks in room impulse responses
(RIRs) or time differences of arrival (TDOAs) of acoustic
wavefronts — correspond to the same reflector.

Disambiguation has not been fully addressed in the RGI
literature, with few exceptions [4–6], although it is a critical
component. Some schemes [2, 3, 7] disambiguate TDOAs,
not TOAs, which makes them vulnerable to tight TDOA error
margins1. The authors in [2] tackle a variant of the disam-
biguation problem; but their algorithm is developed for SSL,
not RGI. Their method is localizing multiple simultaneous
sources while actively discarding reflections, rather than lo-
calizing the image sources [8] corresponding to these reflec-
tions. The authors in [3] propose improvements to the method
in [2], and a re-iteration [7] re-frames the problem in terms of
compatibility-conflict graphs.

Other schemes disambiguate TOAs directly. In [9], the
authors rely on combinatorial candidate-source search, and
pruning through Bayesian inference. The method was evalu-
ated on TOAs obtained from simulated RIRs. The authors in

?A joint institution of the Friedrich-Alexander-University Erlangen-
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1For example: with 48 kHz sampling, a TDOA from the same wavefront
between a sensor pair 40 cm apart and a source 2.6 m away, takes a very
small value of 4.46 samples.

[6] also propose a combinatorial scheme with validity checks,
and a more efficient variant was later proposed in [10].

A drawback of [2,3,6,7,9,10] is the reliance on combina-
torial search between a potentially high number of TOAs or
TDOAs of reflections, which can induce computational com-
plexity. A different approach was proposed in [4, 5] based
on the generalized Hough transform (GHT), operating on de-
tected RIR peaks. The authors in [4] move the source next to
each reflector, which provides a good initial starting solution
that they later refine.

In this work the linear Radon transform (LRT) is used to
disambiguate TOAs. The proposed method relies on a conve-
nient representation [11–15] of RIRs (measured with a uni-
form linear array of transducers) as images, referred to as
stacks (Fig. 1C). The method obtains separable TOA sets in
multiple steps using the available RIRs, with knowledge of
the loudspeaker array geometry.

Once RIRs are visualized in stacks, distinct structures ap-
pear (Fig. 1C), corresponding to acoustic wavefronts. These
arrive at the microphone from the sources and their mirrored
images w.r.t. the reflectors in the room [8]. These structures
can be approximated by ‘stack-lines (SLs)’, i.e., lines on the
stack, especially when their real or image source lies far from
the microphone. Therefore, detecting SLs is equivalent to
obtaining a simple parametrization of the wavefronts. More
specifically for TOA disambiguation, each SL corresponds to
a disambiguated TOA set. Consequently, the LRT allows for
detecting sets of TOAs instead of individual TOAs. These
sets can then be used in estimating the locations of their cor-
responding real or image transducers. When the sets from all
reflectors each contain TOAs for multiple loudspeakers in a
single linear array, it becomes possible — using one of the
RGI methods presented in [4, 5, 16] — to perform 2D RGI2.

From the perspective of a single microphone, the wave-
fronts can be reasonably considered planar wavefronts;
namely for common shoebox room sizes, array sizes, trans-
ducer configurations and sampling frequencies. Only the
early wavefronts present noticeable curvature (Fig. 1C). The
later wavefronts present less curvature, due to the bigger
distance between their corresponding image transducers and
the array. Consequently, the approximation of wavefronts
with straight lines is sufficient for all practical purposes.
Moreover, based on our experiments, and strictly speaking
for TOA disambiguation, SLs do not need to exactly match

2For 3D RGI more geometrically-diverse arrays are required.
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Fig. 1. The resampled RIR stack R̃ (C) (rescaled here for vi-
sualization), its LRT image T (B) and the latter’s side-view
topography (A). Yellow encodes high values, blue encodes
low values. The stack C) is obtained from real measurements,
with a microphone closer to the first loudspeakers, explain-
ing the tilt. Faint white lines on C) indicate detected SLs,
and white stars on B) indicate their corresponding LRT peaks.
The coordinate system, indicated by white axes, is valid for
both B) and C), these two sharing the same horizontal (time)
axis but having different vertical axes.

wavefronts.
The concept of stacks already appeared in [11], where

they were called ‘transmission images’, and lines on them
were processed with supervision in [14, 15] to mitigate the
deleterious effect of reverberation on SSL. The LRT is signif-
icant in its ability to detect lines, and was first discussed in the
room-acoustic context in [12]. The LRT results in [12] were
manually analyzed, whereas the LRT results in the method
presented in this paper are automatically analyzed.

This paper is organized as follows: Section 2 formulates
the problem mathematically, Section 3 introduces RIR stack
images, Section 4 outlines the proposed solution, Section 5
evaluates its performance and Section 6 concludes the paper.

2. PROBLEM FORMULATION

Given a uniform linear array of L loudspeakers and a sin-
gle microphone, the RIR between the microphone and the jth

loudspeaker can be expressed by

hj(t) = α0jδ(t− τ0j) +
R∑

r=1

αrjδ(t− τrj) + ηj(t) ,

where the index r designates one ofR real or image reflectors,
and α0j and αrj the attenuation coefficients of the direct and
reflection paths, respectively. The function δ(t) represents
the delta function, and ηj(t) represents possible measurement
noise. The time delays τ0j and τrj represent the TOAs of
the direct and reflected wavefronts, respectively. The aim is
to automatically obtain from these RIRs disambiguated sets
of TOAs {{τrj : ∀j ∈ {1 .. L}} : ∀r ∈ {0 .. R}}, each set
corresponding to a specific real or image microphone.

In the following, vectors are denoted by bold letters as in
v, with vi referring to the ith element, and matrices by bold
uppercase letters as in R, with R[j, i] referring to the ele-
ment at the jth row and ith column, in the coordinate system
in Fig. 1C. Calligraphic, uppercase letters as in P denote or-
dered sets. The notation R(P) refers to taking all elements
in R indexed by a set P . The RIRs’ sampling frequency, the
inter-loudspeaker distance and an RIR truncation time are de-
noted by FS, LD and TT , respectively.

3. IMAGE REPRESENTATION OF RIRs

The shared spatio-temporal structure of a set of RIRs can be
emphasized when their amplitudes are stacked as illustrated in
Fig. 1C. First, to remove irrelevant data, the temporal length
of the RIRs is truncated to TT · FS samples. Second, the RIR
stack is constructed as a matrix R with R[j, i] = |hj(i) |,
where j is the loudspeaker index and i the sample index. Each
RIR sample corresponds to a pixel on the stack. Since acous-
tic wavefronts produce both positive and negative amplitude
deviations around the global DC value, the DC-compensated
absolute RIR amplitudes are used. For RIRs measured from
the loudspeakers of a uniform linear array to a single micro-
phone, a RIR stack represents a uniform sampling of sound
propagation in space and time.

Properties of the array (inter-loudspeaker distance, uni-
form spacing and linearity) influence the quality and usabil-
ity of the obtained RIR stacks. Non-linear arrays are incom-
patible with this method, because for those, wavefronts on R
violate the aforementioned approximation, whereas for non-
uniformly spaced linear arrays additional computational steps
can account for their non-uniformity in SL detection.

4. PROPOSED METHOD

First, R is resampled to a reference horizontal (temporal) and
vertical (spatial) resolution, to ease the interpretation of the
transform. The resampling factors are chosen such that 1
pixel on the resampled image R̃ corresponds to 1/FSLRT tem-
porally and a distance of LDLRT spatially (Section 5).

4.1. Linear Radon transform

A linear Radon transform is applied to R̃. The resulting trans-
formed image T (Fig. 1B) is given by [12]

T[j, k] =
∑
p

R̃[p, k + (p− L̃/2) · tan(θj))] , (1)

with p ∈ {1 .. L̃} denoting the resampled loudspeaker index
in R̃. The angles θj are chosen in a predetermined set of
angles A, and the time indices k in T = {1 ..TT · FSLRT}.
Each angle θj in A produces a jth row in T (Fig. 1C). The
value of R̃ is interpolated at non-integer indices. Although
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the LRT shares some aspects with the Ray Space transform,
as described in [17], it should be noted that they are different.

The LRT can be understood as parallel sums of the stack
R̃ along the vertical dimension, for every image rotation an-
gle in a predetermined setA, with different sum contributions
according to the pixels’ values. Since these values are actual
absolute RIR amplitudes, the beamforming-like operation al-
lows for distinguishing even faint SLs when these have the
proper TOA alignment. It simultaneously mitigates noisy and
non-aligned amplitude variations in R̃. Hence, a distinct SL
in R̃ translates to a strong peak in T, for a certain angle and
time bin. Conversely, each bin in T translates to a SL in R̃.

4.2. Post-processing of the transformed RIR stack

A crucial step in the proposed method is to isolate salient
peaks in T: this is achieved via image processing. Because ac-
tual wavefronts in R̃ only approximately correspond to SLs,
many of these wavefronts produce non-punctual, spread re-
sponses in T (Fig. 1B). To isolate the highest peaks of these
individual responses (Fig. 1A) , the following 2D image filter
is used on T:−1 · · · −1 0 1 · · · 1

−1 · · · −1 0 1 · · · 1
−1 · · · −1 0 1 · · · 1

 , (2)

with each row containingW negative 1 values (Section 5), a 0
and W positive 1 values. The resulting filtered image values
are then passed through the non-linearity f(v) = max(0, v).
These two operations compute the smoothed horizontal im-
age gradient and set all non-positive values to 0. This makes
identifying the individual responses in T considerably easier,
by smoothing and isolating their highest peaks.

4.3. Peak response detection and pruning

After post-processing, 2D peak picking is performed on T. In
contrast to 1D peak picking in individual RIRs, this is less
error-prone due to multiple factors: the reduction by a fac-
tor L of the number of peaks to detect, the smoothing effect
due to the LRT summation (Eq. 1) — discarding RIR peaks
arising from individual RIR noise —, the responsivity of the
LRT to lines, and image filtering. Any basic 2D peak picker
(e.g., [18]) can be used to obtain a preliminary set of peak co-
ordinates P0 in T. These peaks are sorted in descending order
of their amplitudes, resulting in P1.

Any peak in P1 that is located temporally earlier in T than
the direct-sound peak3 is discarded to obtain P2 = {(j, k) ∈
P1 : k ≥ kP1(1)}. Here, the indexing kP(r) refers to tak-
ing the coordinate of P(r) along the dimension indexed by
k, where P(r) is the rth element of P . An additional, simi-
lar constraint, which is implemented after the neighborhood
suppression (discussed below), is enforcing that no detected

3The highest peak-response in T is taken as the direct-sound peak.

SL intersect the direct-sound SL. Both of these constraints
are due to the direct line of sight, making it impossible for
any reflected wavefront to arrive earlier than the direct-sound
wavefront at the microphone.

Next, a manually selected relative threshold Tr (Section
5) is used: it discards less-important peaks, such that P3 =
{(j, k) ∈ P2 : T(j, k) ≥ Tr · T(P2(2))}. The use of Tr
w.r.t. the second instead of the first most prominent peak’s
value is justified, because the former is almost guaranteed to
correspond to a reflected wavefront’s SL in R̃. Hence, the
value of this second peak is likely to be closer to the values of
peaks corresponding to SLs of other reflected wavefronts.

To ensure that i) no pair of detected SLs are too similar
or duplicates and ii) few or no spurious SLs remain after the
previous processing, neighborhood suppression is used for i)
with a strict neighborhood of Ns = (Nsx, Nsy) and for ii)
with a more lenient neighborhood of Nl = (Nlx, Nly).

The suppression goes in order through each peak (j, k) in
P3: any other peak (m,n) in P3 s.t.

i) (|j −m| ≤ bNsx/2c) ∧ (|k − n| ≤ bNsy/2c), or,

ii) {(|j −m| ≤ bNlx/2c) ∧ (0 ≤ k − n ≤ bNly/2c)} ∧
{(T(j, k)− T(m,n))/T(j, k) ≥ Tr},

is flagged. When for the rth peak under consideration both
conditions i) and ii) are checked for all other peaks in P3, the
flagged peaks are discarded and the most prominent peak after
(j, k), among the remaining ones, is processed. This sequen-
tial processing ensures an efficient and robust neighborhood
suppression. A new set of peaks P4 is obtained in this way. It
guarantees by construction that

i) no two peaks are within the same strict neighborhoodNs
of each other, and

ii) also ensures that no peak has a smaller-valued neighbor
(by a relative difference Tr) within an earlier neighbor-
hood (Nlx, bNly/2c).

At this point, the method discards all SLs that intersect the
direct-sound SL, resulting in P5. As a last step, a cap on the
number of peaks is imposed, to keep only the R̂ most promi-
nent peaks s.t. P6 = {(jP5(r), kP5(r)) ∈ P5, r = 0 .. R̂− 1}.

4.4. SL translation and TOA disambiguation

To translate peaks from P6 into line parameters on R,
it suffices to compute for each peak r, using the rth in-
dex pair (jP6(r) , kP6(r)) in P6, its angle and time offset:
a′r = tan−1(FSLRT · LDLRT · tan(A(jP6(r)))/(FS · LD)) and
k′r = kP6(r) · FS/FSLRT, respectively.

After this parametrization, individual TOAs can be ob-
tained by converting SL parameters to ordered sets of indices
in R. The index vectors for the rth SL are xr = [0 .. L − 1]T

and yr = tan(a′r) · xr + k′r. The pair (xrj , yrj ) denotes the
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individual-RIR peak indices in R for the jth loudspeaker, and
the corresponding TOA is given by τrj = yrj/FS.

The disambiguation is achieved by construction since
each SL gives a unique set of TOAs clearly attributable to
it through indexing. The disambiguated TOA sets are then
simply given by {{τrj : ∀j ∈ {1 .. L}} : ∀r ∈ {0 .. R̂− 1}}.

5. PERFORMANCE EVALUATION

The proposed method was tested on multiple room and trans-
ducer configurations (for details please refer to [16, Section
V]): 7 simulated setups with 9 independent measurement sets
each, and 1 real-world setup with 8 independent measurement
sets each. The multiple measurement sets corresponded to
microphone positions scattered across the rooms, which had
various sizes and proportions. In total, the method was evalu-
ated on 63 simulated and 8 real RIR stacks.

The performance was objectively measured with three
metrics: the true positive rate (TPR) indicating the percent-
age of detected SLs that map to correct reference TOA sets,
the false discovery rate (FDR) indicating the percentage of
detected SLs that do not map to correct reference TOA sets
and the accuracy of the correctly detected SLs given by the
root mean square error (RMSE) between a SL and its un-
derlying TOAs in R. Each detected SL was compared to
3D-simulated reference TOA sets, up to a reflection order of
7, and counted as correct when a one-to-one match with an
RMSE distance of 0.5 ms or less was found. Higher-order
SLs beyond the truncation time TT were not considered in the
evaluation, whose results are shown in Table 1. The metrics
were assembled separately for simulated reference TOA sets
of orders 0-2, to facilitate the correct interpretation of the re-
sults. One of the six reflectors in the real measurement room
(Row ‘7 (R)’ in Table 1) was highly absorbent, producing
quasi-invisible SLs in R; thus, the 83.3% TPR for first-order
SLs can be effectively considered a 100% TPR.

The parameters were chosen empirically, and were com-
mon for all evaluations. A relative threshold Tr = 10% was
chosen, which behaves well with few exceptions across differ-
ent sets of measured or simulated RIRs. The processing is op-

Order All 0 (direct-sound) 1 2

Setup FDR % TPR % RMSE µs TPR % RMSE µs TPR % RMSE µs

1 (S) 0 100 148.2 98.2 66.4 37.7 63

2 (S) 0 100 103.3 88.9 58.3 39.5 57.6

3 (S) 1.48 100 103.3 88.9 56.1 35.2 62.5

4 (S) 0 100 74.6 96.3 62.5 35.3 54.7

5 (S) 1.48 100 103.3 79.6 148.2 36.1 62.9

6 (S) 1.48 100 143.7 98.1 67.5 35.2 65.1

7 (S) 0 100 57.2 97.9 6.1 37.8 53.4

Avg (S) 0.63 100 104.8 92.6 66.5 37.7 59.9

7 (R) 5.83 100 116.1 83.3 138.7 32.0 166.3

Table 1. Obtained performance metrics. ‘(S)’ indicates simu-
lations, ‘(R)’ real data, and ‘Avg (S)’ the simulations’ average.

timized for — and run on — a resolution of FSLRT = 48 kHz
and LDLRT = 1/750 m, chosen so that enough pixels in R̃
are available along the spatial dimension w.r.t. the temporal
dimension. Crucially, this is a replacement for a hypothetical
loudspeaker array populated with drivers LDLRT apart. For
this resolution and choice ofA = {−15, −14.5 .. 14.5, 15},
the image filter’s half-width W = 7 and neighborhood sup-
pression sizes of Ns = (10, 4) and Nl = (50, 26) were cho-
sen. The truncation time TT was set to 60 ms, for R to include
all first-order SLs. The choice of R̂ = 15 for P6 was not in-
tended to serve as a precise pre-estimate of the number of SLs
in R, but rather as a useful cap considering the liberal thresh-
old Tr = 10%.

The proposed method incorporates multiple steps to cor-
rectly identify SLs (Section 4). These are applicable because
the LRT, in contrast to the GHT, takes into account the full
range of RIR amplitudes. This permits easy distinction be-
tween the direct and reflected wavefronts, and more impor-
tantly, it allows for pruning SLs based on fine-grained LRT-
domain values using neighborhood suppression (Section 4.3),
to discard potential outliers. The procedure can be either used
as a replacement for individual-RIR peak picking or as an
auxiliary to it. In the latter case, the SLs obtained using the
proposed method can be overlaid on the peak-picked TOAs to
disambiguate these according to a nearest neighbor logic.

Due to the limited geometrical diversity of the array, the
method was not able to distinguish very similar but genuinely
separate SLs. This occurs for floor/ceiling or front/back
wavefronts having the same direction and time of arrival for
some placements of the linear array in a shoebox room. How-
ever, this limitation can be addressed by employing multiple
linear arrays. Another problem, encountered when dealing
with simulated RIRs, was when two such coincident SLs pro-
duced a higher response in T than the direct-sound SL; this
was mitigated by setting all reflection coefficients to 0.5.

The evaluation shows that the proposed method performs
robustly and accurately. It is not only able to disambiguate
most TOA sets successfully up to second and sometimes
higher order (not shown in Table 1), but also able to detect
double and triple TOAs at SL intersections. The global,
stack-based approach even makes it possible to fill in TOAs
that are little visible in R, as long as enough other TOAs are
visible elsewhere on their corresponding SLs.

6. CONCLUSION

A novel, accurate TOA disambiguation method was pre-
sented, achieving TOA errors under 5 samples on average,
and labeling of up to 98% of first-order TOAs on the evalu-
ated data set. The method can also be used for robust TOA
detection. Unlike current approaches, it avoids combinatorial
search while employing an algorithm specifically designed
for the problem. Future research will focus on extending the
approach to make 3D RGI possible with the obtained sets.
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