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ABSTRACT

Estimation of the properties of early room reflections is an
important task in audio signal processing, with applications in
beamforming, source separation, room geometry inference,
and spatial audio. While methods exist to blindly estimate
the direction of arrival and delay of the early reflections, the
blind estimation of reflection amplitudes remains an open
problem. This work presents a preliminary attempt to blindly
estimate reflection amplitudes. An iterative estimator is sug-
gested, based on maximum likelihood and alternating least
squares. We discuss some fundamental scaling ambiguities
of the problem, and show connections between the proposed
method and raking beamformers. A simulation study demon-
strates the effectiveness of the proposed method.

Index Terms— Room reflections, room impulse re-
sponse, rake beamforming, microphone array

1. INTRODUCTION

Estimation of the properties of early room reflections is useful
for many tasks in signal processing, such as speech enhance-
ment and source separation [1, 2], the analysis and synthesis
of room acoustics [3], and spatial audio synthesis [4, 5].

Existing methods for the estimation of the parameters
of early reflections can be categorized as blind and non-
blind. Non-blind methods, operate on room impulse response
signals, or, alternatively assume the sound source signal is
known, while blind methods operate on microphone signals
directly, and assume no prior knowledge of the sound source
signal. Most commonly, a single reflection is parameterized
by its delay, direction of arrival (DOA), and amplitude [6].

Several blind methods for the estimation of the delays and
DOAs of the early reflections have been published, mostly
using spherical microphone arrays. These include methods
that are based on cross correlation analysis and MVDR beam-
forming [7], and subspace methods such as MUSIC [8] and
ESPRIT [9]. A survey comparing several such methods is
available in [10]. The work in this paper is motivated by the
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recent introduction of the PHALCOR algorithm [11–13], a
blind method for the estimation of the delays and DOAs of
the early reflections, that can accurately detect a large num-
ber of reflections. However, the applications described above,
in particular speech enhancement and spatial audio synthesis,
also require estimates of reflection amplitudes. While sev-
eral non-blind methods that estimate reflection amplitudes ex-
ist [14, 15], to the best of our knowledge, this work presents
the first attempt at the blind estimation of reflection ampli-
tudes.

The approach presented in this paper is based on a max-
imum likelihood (ML) estimator. As it requires solving a
non-convex optimization problem, we suggest an iterative al-
ternating maximization procedure to find a local maxima of
the likelihood function. We show that each iteration requires
solving a small least squares problem; hence, the name - alter-
nating least squares (ALS) [16]. Furthermore, we underline
some connections between the suggested method and raking
beamformers [1]. A simulation study demonstrates the per-
formance of the proposed method. An implementation of the
proposed method, as well as source code to generate all the
figures below, is available at [17].

2. SYSTEM MODEL

This section presents the system model used in the paper.
Consider a microphone array withQmicrophones arranged in
an arbitrary configuration. Consider also a sound field which
is comprised of a single source in a reverberant room, with
a frequency domain signal denoted by s(f). As the sound
from the source propagates in the room, it is reflected from
the room boundaries. Each reflections may be modeled as a
different source, whose signal is a delayed and scaled copy
of s(f) [18]. Let p(f) denote the Q-vector of microphone
signals at frequency f . Assuming the source and its reflec-
tions are in the far field, p(f) is described by the following
model [19]:

p(f) = V(f)s(f) + n(f), (1)

where s(f) , [s0(f), . . . , sK(f)]T contains the frequency
domain signals of the direct sound and the first K reflections,



V(f) is a Q× (K + 1) steering matrix, describing the prop-
agation between each source and the microphones [19], and
n(f) includes noise and late reverberation terms, and is mod-
eled using a circularly symmetric complex normal distribu-
tion, with a zero mean and covariance σ2I.

The signals of the direct sound and the first K reflections
may be related to the source signal by:

sk(f) = e−i2πfτkxks(f), (2)

where τk and xk are, respectively, the delay and the amplitude
of the k’th reflection (for k ≥ 1) or of the direct sound (for
k = 0).

By combining Eqs. (1) and (2), we obtain the following
model for p(f):

p(f) = V(f)D(f)xs(f) + n(f), (3)

where D(f) , diag
(
e−i2πfτ0 , . . . , e−i2πfτK

)
and x ,

[x0, . . . , xK ] .

3. PROBLEM STATEMENT

The goal of this paper is to estimate the vector of reflection
amplitudes x from the observed, noisy microphone signals
P , (p(f1), . . . ,p(fJ)) , where f1, . . . , fJ are frequencies
covering a pre-defined band. Note that the reflection ampli-
tudes are assumed frequency independent within the band. In
practice, the amplitudes may vary slowly in frequency. It will
therefore be assumed that the bandwidth is small enough such
that the amplitudes are approximately constant for the entire
frequency band. The processing below may be applied to dif-
ferent frequency bands to obtain amplitude estimates that vary
in frequency.

As we consider the case of blind estimation, besides the
vector of amplitudes x, the source signal s(f) is also as-
sumed unknown, as well as its delay τ0. The DOAs of the
direct sound and the first K reflections, as well as the de-
lay between the first K reflections and the direct sound, are
assumed known. They can be obtained by applying any exist-
ing method to estimate them, as detailed in the introduction
section. Note that while knowledge of the DOAs fully de-
termines the steering matrix V(f), knowledge of the delays
between the direct sound and the reflections determines D(f)
only up to a phase, which depends on the unknown delay τ0:

D(f) = e−i2πfτ0D̃(f), (4)

where D̃(f) is the known matrix:

D̃(f) , diag
(
1, e−i2πfτ̃1 , . . . , e−i2πfτ̃K

)
, (5)

and τ̃k , τk − τ0.
An important limitation of blind amplitude estimation is

that it is fundamentally scale ambiguous. Let α be an arbi-
trary non-zero scalar. We can always re-write the model (3),

as follows:

p(f) = V(f)D(f) (xα) (s(f)/α) + n(f). (6)

As is evident, the same observations p(f) that are obtained
by a given x and s(f), could be just as well be explained by
xc and s(f)/c. Note that most applications are insensitive
to such ambiguities, and often only the relative amplitudes of
the reflections are important.

4. ALGORITHM DESCRIPTION

In this section, we present our algorithm for estimating the
reflection amplitudes. We begin be deriving the ML estimator
of x from P , by modeling x, {s(fj)}Jj=1 and τ0 as determin-
istic unknowns:

x̂ML , argmin
x∈RK+1

 min
s(f1),...,s(fJ )∈C,

τ0≥0

−L(θ|P)

 , (7)

where θ , (x, s(f1), . . . , s(fJ), τ0) is the vector of unknown
parameters, and L is the log-likelihood function of θ given P .
By assuming n(fj) is uncorrelated with n(fi) for i 6= j, and
ignoring constant terms, we can simplify the inner maximiza-
tion in Eq. (7) as follows:

min
s(f1),...,s(fJ )∈C,

τ0≥0

−L(θ|P)

= min
s(f1),...,s(fJ )∈C,

τ0≥0

J∑
j=1

∥∥A(fj)xe
−i2πfjτ0s(fj)− p(fj)

∥∥2

= min
s̃(f1),...,s̃(fJ )∈C

J∑
j=1

‖A(fj)xs̃(fj)− p(fj)‖2 , (8)

where A(f) , V(f)D̃(f), and ‖·‖ is the Euclidean norm.
The last equality in (8) was made by introducing the variables
s̃(f) = e−i2πfτ0s(f). By combining Eqs. (7) and (8), we ob-
tain the following expression for the ML estimator:

x̂ML = argmin
x∈RK+1

{

min
s̃(f1),...,s̃(fJ )∈C

J∑
j=1

‖A(fj)xs̃(fj)− p(fj)‖2
}
. (9)

As the ML estimator for x involves solving a bi-linear
least squares problem, which is a non convex optimization
problem, we resort to a sub-optimal solution that finds only a
local maximum of the likelihood function. We show next that
when fixing x, the inner optimization in Eq. (9) is solved an-
alytically. Similarly, when fixing s̃(f1), . . . , s̃(fJ), the outer
optimization (over x) is also solved analytically.



4.1. Solving for s̃(f) given x̂

When x̂ is fixed, the inner optimization problem in Eq. (9)
becomes separable, and can be solved for each frequency in-
dependently using scalar least squares:

s̃(f) , argmin
s̃∈C

‖A(f)x̂s̃− p(f)‖2

=
1

‖A(f)x̂‖2
(A(f)x̂)

H
p(f). (10)

A more intuitive interpretation for Eq. (10) can be obtained
by rewriting it as:

s̃(f) =
1

‖A(f)x̂‖2
K∑
k=0

x∗ke
i2πfτ̃kvk(f)

H
p(f), (11)

where vk is the steering vector of the k’th reflection (for
k ≥ 1) or the direct sound (for k = 0). The term vk(f)

Hp(f)
is the output of a delay-and-sum beamformer directed to-
wards to k’th source. The term ei2πfτ̃k represents a delay of
the beamfomer output according to the delay of the reflection,
which coherently aligns the summed signals (this processing
is known as raking [1]). In this interpretation, the amplitudes
x̂ determine the weight of each reflection in the summation,
giving more weight to strong reflections. Finally, the term
1/‖A(f)x̂‖2 can be considered to be an equalization filter,
ensuring that the overall beamformer is distortionless.

4.2. Solving for x given s̃(f)

When s̃(f1), . . . , s̃(fJ) are fixed, the outer optimization in
Eq. (9) can be rewritten as:

x̂ = argmin
x∈RK+1

∥∥∥Ãx− p̃
∥∥∥ , (12)

where Ã and p̃ are defined block-wise as follows:

Ã ,
[
s̃(f1)A(f1)

T · · · s̃(fJ)A(fJ)
T
]T

(13)

p̃ ,
[
p(f1)

T · · · p(fJ)
T
]T
. (14)

Finally, the solution to Eq. (12) is given by:

x̂ =

[
<(Ã)

=(Ã)

]† [<(p̃)
=(p̃)

]
, (15)

where < and = return the real and imaginary parts respec-
tively, and operate entry-wise, and (·)† is the Moore-Penrose
pseudo-inverse. Note that x is assumed real [6], which can be
justified for rooms with hard walls in which the attenuation of
reflections relative to the direct sound is dominated by the ra-
dial spreading of energy, rather than by wall absorption. Nev-
ertheless, x can be assumed complex instead, in which case
the solution can be obtained using standard least squares, i.e.
x̂ = Ã†p̃.

Algorithm 1: The ALS algorithm for blind ampli-
tude estimation of early room reflections.

Input: Microphone signals p(f1), . . . ,p(fJ),
Steering matrices V(f1), . . . ,V(fJ), delays
of the first K reflections τ̃1, . . . , τ̃K .

Output: x̂, the amplitude of the direct sound and the
first K reflections.

x̂←− [1, 0, . . . , 0]T

repeat
for j = 1, . . . , J do

Update s̃(fj) according to Eq. (10)
Update x̂ according to Eq. (15)

until Convergence

Eq. (15) may be well-posed even if K + 1 > Q, that is,
even if the number of reflections is larger than the number of
microphones. This somewhat surprising result is attributed to
the fact that Eq. (12) considers multiple frequencies simulta-
neously. Nevertheless, note that the computational complex-
ity of Eq. (15) is O(K2J), that is, quadratic in the (typically
small) number of reflections, and only linear in the number of
frequencies.

4.3. Alternating Least Squares

Given the analysis above, we propose to solve Eq. (9) by al-
ternating between Eqs. (10) and (12) until convergence. Since
each step requires solving a least squares problem, we refer
to this method as ALS. Note that ALS is used in other do-
mains where optimization problems involving bilinear func-
tions arise, e.g collaborative filtering with low rank models
[16].

The convergence of the algorithm is guaranteed, since at
each step the cost function is decreased. To initialize the algo-
rithm, we suggest using simply ˆx = [1, 0, . . . , 0]T, which we
empirically found to give good performance. Furthermore,
this initialization can be theoretically justified in two ways.
First, it is often the case that the amplitude of the direct sound
is significantly larger than the reflections. Second, as can be
seen from Eq. (11), the first estimate of s̃ that results from
this initialization is equivalent to the one obtained by steering
a delay and sum beamformer towards the DOA of the direct
sound. Algorithm 1 presents a pseudo-code for the proposed
method.

5. SIMULATION STUDY

In this section, we demonstrate the performance of the pro-
posed algorithm with simulated data. An acoustic scene that
consists of a speaker and a rigid spherical microphone array in
a shoe box room was simulated using the image method [18].
The speech signal is a one second long female speech sam-
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Fig. 1. (a) RIR, band pass filtered between 0.5 and 5 kHz.
(b) Zoomed view of the early part of the RIR (blue), and the
RIR reconstructed using the estimated amplitudes (red). For
the purpose of visualization, the scaling of the reconstructed
RIR was selected to minimize the mean squared error relative
to the ground truth RIR.

ple from the TSP Speech Database [20]. The array has 32
microphones, and a radius of 4.2 cm (similar to the Eigen-
mike [21]). The microphone signals were sampled at 48 kHz.
Sensor noise was added, such that the direct sound to noise
ratio is 30dB. The room dimensions are 7 × 5 × 3 m, and
its reverberation time is T60 = 0.8 sec. The center of the
array and the speaker are positioned at (1.7, 2.2, 1.8) m and
(4.8, 2.5, 1.1) m, respectively, such that the direct to rever-
beration ratio is −12.8dB. The room impulse response (RIR)
between the speaker and a single microphone is shown in Fig.
1(a).

We apply our method on various frequency bands of
width 1kHz, and center frequency varying between 1kHz
and 10kHz, denoted by fc. To test the sensitivity of the pro-
posed method, the DOA and delay of the early reflections
are perturbed with additive zero mean Gaussian noise, with
standard deviations denoted by σΩ and στ , respectively. The
number of early reflections K is set to 20, which corresponds
to approximately the first 15ms of the RIR.

Given the scaling ambiguity discussed in section 3, we use
the following scale invariant error measure, which we refer to
as the scale invariant mean squared error (SIMSE):

SIMSE (x̂,x) ,
minα∈R ‖x̂α− x‖2

‖x‖2
= 1−

∣∣∣∣ xTx̂

‖x‖ ‖x̂‖

∣∣∣∣2 .
Fig. 1(b) shows the early part of the RIR, as well as its

reconstruction using the estimated amplitudes and the noisy
DOAs and delays. In this example, σΩ and στ were set to 10◦

and 10µs respectively. The figure shows that the estimated
RIR follows the true response fairly accurately.

Fig. 2 shows the estimation performance, as a function of

Fig. 2. SIMSE vs. frequency, for K = 20 reflections, and
different levels of DOAs and delay perturbations σΩ, στ .

the band central frequency fc, and considering several values
of σΩ and στ . For each value of fc, σΩ and στ , we repeat the
simulation 50 times, and calculate the average SIMSE. As is
evident, when σΩ = στ = 0, the performance degrades as
the frequency decreases. This is attributed to the poor spa-
tial resolution at the low frequencies: as the frequency de-
creases, the wavelength compared to the array size increases,
and therefore the spatial response of the different reflections
become too similar to separate. When σΩ increases, from
about 4kHz, the performance starts to degrade. This is since
when the wavelength of the array is small compared to the
array size, small perturbations in the DOAs can significantly
change the steering matrix V(f). The effect of delay errors
also increases with frequency. An explanation can be given
by considering the raking beamformer interpretation of the s̃
update, shown in Eq. (11). When the error in τ̃k is significant
compared to 1/f (the wave period), the aligned beamformer
outputs are not coherently summed, and performance is there-
fore degraded.

6. CONCLUSIONS

In this work, a novel method to blindly estimate the ampli-
tudes of early reflections is proposed. The method is based
on ML estimation and ALS, and is related to rake beamform-
ing. A simulation study showed that the proposed method is
able to accurately estimate the amplitudes of a large number
of reflections, under reverberant and noisy conditions. The
results show that while the performance in the low and mid-
dle frequency bands is insensitive to DOA and delay errors,
at the high frequencies their effect is more significant. While
existing methods for blind DOA estimation may be accurate
enough, achieving the required delay accuracy is more of a
challenge, and requires further research. Future work will ap-
ply the proposed method on experimental data, and study its
possible use for spatial audio synthesis applications.
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