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Abstract—Estimating the position of a speech source based on time-
differences-of-arrival (TDOAs) is often adversely affected by background
noise and reverberation. A popular method to estimate the TDOA between
a microphone pair involves maximizing a generalized cross-correlation
with phase transform (GCC-PHAT) function. Since the TDOAs across
different microphone pairs satisfy consistency relations, generally only a
small subset of microphone pairs are used for source position estimation.
Although the set of microphone pairs is often determined based on a
reference microphone, recently a more robust method has been proposed
to determine the set of microphone pairs by computing the minimum
spanning tree (MST) of a signal graph of GCC-PHAT function reliabilities.
To reduce the influence of noise and reverberation on the TDOA estimation
accuracy, in this paper we propose to compute the GCC-PHAT functions
of the MST based on an average of multiple cross-power spectral densities
(CPSDs) using an incremental method. In each step of the method, we
increase the number of CPSDs over which we average by considering
CPSDs computed indirectly via other microphones from previous steps.
Using signals recorded in a noisy and reverberant laboratory with an array
of spatially distributed microphones, the performance of the proposed
method is evaluated in terms of TDOA estimation error and 2D source
position estimation error. Experimental results for different source and
microphone configurations and three reverberation conditions show that
the proposed method considering multiple CPSDs improves the TDOA
estimation and source position estimation accuracy compared to the
reference microphone- and MST-based methods that rely on a single
CPSD as well as steered-response power-based source position estimation.

1. INTRODUCTION
In various speech communication applications such as videoconferenc-
ing and smart speakers, microphone arrays are used to localize speech
sources in noisy and reverberant environments, more in particular
estimate their direction-of-arrival or position [1]–[5]. Several model-
based and learning-based methods have been proposed, e.g., methods
using time-differences-of-arrival (TDOAs) [1], [6]–[11], the steered
response power with phase transform (SRP-PHAT) method [12]–
[15], subspace-based methods [16], [17], and deep neural network-
based methods [18], [19]. In this paper, we focus on TDOA-based
methods, where the source localization relies on prior estimation of the
TDOAs. A few methods exist to estimate the TDOA between a given
microphone pair [20], [21]. Here we use the widely adopted method
[22] based on maximizing the generalized cross-correlation with phase
transforms (GCC-PHAT) function. However, noise and reverberation
may introduce additional peaks in the GCC-PHAT function, affecting
the accuracy of the estimated TDOAs and therefore also the source
localization [23].

Since consistency relations exist for TDOAs between multiple
microphone pairs, generally only a small subset of microphone pairs,
i.e., the minimal set [24], [25], are used for source localization, to
reduce the likelihood of including TDOA outliers. A simple, commonly
used method to determine the minimal set of TDOAs is to relate them
to a common reference microphone [26], [27], where the choice of the
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reference microphone may have a large impact on the reliability of the
GCC-PHAT functions [7]. Using graph theory, a more robust method
has recently been proposed in [28] to determine the optimal minimal
set in terms of GCC-PHAT reliability. This minimal set is determined
as the minimum spanning tree (MST) of the signal graph and does
not require choosing a common reference microphone. Nevertheless,
even though the MST method has been shown to be more robust in
terms of avoiding TDOA outliers, strong noise or reverberation in
one or more microphones may mean that it is not possible to avoid
TDOA outliers in the minimal set of microphone pairs.

Instead of computing each GCC-PHAT function for each micro-
phone pair in the MST based on a single cross-power spectral density
(CPSD), in this paper, we propose an incremental method to average
over multiple CPSDs from multiple microphone pairs. Addressing a
different microphone pair of the MST-based minimal set in each step,
we order the microphones based on their GCC-PHAT reliabilities and
incrementally re-estimate the TDOAs using the averaged CPSDs. In
each step, we propose to incorporate an additional CPSD, estimated
indirectly via another microphone which was used in previous steps,
which generally has a similar, or more reliable GCC-PHAT function.
To include these additional CPSDs into the average requires phase
alignment, which is accomplished using a phase shift based on TDOAs
which were re-estimated in previous steps.

The performance of the proposed TDOA estimation method is
compared to baseline reference microphone- and MST-based methods,
as well as the steered-response power-based position estimation, in
terms of TDOA estimation error and source 2D position estimation
error. Based on recorded noisy and reverberant speech signals,
experimental results for three reverberation conditions demonstrate
that the proposed TDOA estimation method outperforms all of the
considered baseline methods in a range of reverberant environments,
demonstrating that it is beneficial to base TDOA estimation on an
average of multiple CPSDs instead of just a single CPSD, which is
possible through our incremental method.

2. STATE-OF-THE-ART TDOA ESTIMATION
We consider a noisy and reverberant acoustic environment with a
single speech source at position p and a microphone array with
M microphones at positions [m1,...,mM ] ∈ RP×M , where P is
the dimensionality of the acoustic scenario. Assuming synchronized
microphones and free-field transmission, i.e., no objects between
the source and the microphones, the TDOA between microphones i
and j is given by τi,j(p)= (||p−mi||2−||p−mj ||2)/ν, where ν
denotes the speed of sound. The M×M -dimensional TDOA matrix,
containing the TDOAs between all microphone pairs, is defined as
T(p)=[τi,j(p)], and is an anti-symmetric matrix with rank 2 [25].
Since the TDOAs across different microphone pairs satisfy consistency
relations (i.e., τi,j =τi,m−τj,m ,∀m), it has been shown in [25], [29]
that TDOA matrices can be written as

T(p) = τm(p)1T
M−1Mτ T

m(p) ∀m, (1)
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with τm(p)=[τ1,m(p),...,τM,m(p)]T the M -dimensional vector of
TDOAs relative to the m-th reference microphone (with τm,m(p)=0)
and 1M an M -dimensional vector of ones.

A commonly used method to estimate the TDOA τi,j(p) is based on
the GCC-PHAT function [22] between microphones i and j, defined
as

ξi,j(τ) =

∫ ∞

−∞
ϕi,j(ω)exp(ȷωτ)dω , (2)

with imaginary number ȷ=
√
−1, radial frequency ω and time lag τ .

The phase transform (PHAT)-weighted CPSD ϕi,j(ω) is given by

ϕi,j(ω) =
ψi,j(ω)

|ψi,j(ω)|
, (3)

where ψi,j(ω) = E{Yi(ω)Y
∗
j (ω)} denotes the CPSD between the

microphones i and j, Ym(ω) denotes the m-th microphone signal in
the continuous-time Fourier transform domain, and E{·} denotes the
expectation operator. The estimated TDOA τ̃i,j is computed as the
time lag that maximizes ξi,j(τ), i.e.,

τ̃i,j = argmax
τ

ξi,j(τ) . (4)

Due to noise and reverberation, the GCC-PHAT functions may exhibit
additional peaks, which result in TDOA estimation errors if they are
higher than the peak corresponding to the direct path signal [23].
Due to estimation errors, the resulting estimated TDOA matrix is
not guaranteed to be consistent due to estimation errors. To avoid
discrepancies between inconsistent estimated TDOAs, various methods
have proposed to use only the estimated TDOAs between a minimal
set of M−1 microphone pairs, from which a consistent estimated
TDOA matrix can be constructed. In the following subsections, we
will discuss two classes of methods to determine the minimal set
of microphone pairs, either based on graph theory in Section 2.1 or
using a common reference microphone in Section 2.2.

2.1. Minimal Set Based on MST
Using graph theory, a method was recently proposed in [28] to
determine the minimal set of microphone pairs based on GCC-PHAT
reliability. The undirected signal graph G=(M,Θ) is characterized
by the set of vertices M={1,...,M}, representing the microphones,
and the set of edges Θ={i,j | i,j ∈M∩ i ̸=j} (corresponding to the
cost, defined as the negative reliability). Similarly as in [28], reliability
is defined in this paper as the maximum value of the GCC-PHAT
function (2), i.e.,

Ri,j = ξi,j(τ̃i,j) . (5)

In the MST method, the minimal set of microphone pairs is determined
by the edges ΘMST ⊆Θ, which are chosen by the Prim method [30]
such that GMST = (M,ΘMST) forms a spanning tree and the total
negative reliability, i.e.,

∑
i,j⊆ΘMST−Ri,j is minimized. As described

in [28], the set of TDOAs corresponding to these microphone pairs is
then rewritten relative to an arbitrarily chosen reference microphone in
a TDOA vector τ̃m, which is generally how they are used for TDOA-
based position estimation. An exemplary MST and the corresponding
set of TDOAs are shown in Fig. 1.

2.2. Minimal Set Based on Common Reference Microphone
A commonly used minimal set of microphone pairs for TDOA
estimation is the set of microphone pairs relative to a selected reference
microphone. In this paper, we consider three baseline methods
for choosing the reference microphone index m. In the arbitrary
method (Ref-A), the reference microphone is chosen randomly,
i.e., m̂A ∼ U({1, 2, ... , M}). In the centroid method (Ref-C),
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τ̃2,1= τ̃2,3+τ̃3,4+τ̃4,1

τ̃3,1= τ̃3,4+τ̃4,1

τ̃4,1= τ̃4,1

τ̃5,1= τ̃5,1

Fig. 1: Left: Exemplary graph of GCC-PHAT reliability values between
M=5 microphones. Middle: Corresponding minimum spanning tree. Right:
Corresponding TDOAs, rewritten relative to the first reference microphone.

the reference microphone is chosen as the microphone that is
closest to the centroid of the microphone array as in [1], i.e.,
m̂C = argminm ||mm− 1

M

∑M
i=1mi||2. In the reliability-based

method (Ref-R), the reference microphone is chosen based on the
GCC-PHAT reliability. Rather than selecting the reference microphone
based on the average GCC-PHAT reliability between this microphone
and all other microphones, we propose to select the reference
microphone for which the minimum GCC-PHAT reliability between
this microphone and all other microphones is highest, i.e.,

m̂R = argmax
m

{argmin
i ̸=m

Ri,m } . (6)

This reduces the risk that a highly erroneous estimated TDOA is
included in the minimal set.

3. TDOA ESTIMATION BY INCREMENTALLY AVERAGING
MULTIPLE CPSDS

Although the MST-based minimal set of microphone pairs reduces
the chances of including a TDOA outlier compared to other minimal
sets, it should be realized that each TDOAs is computed from a single
PHAT-weighted CPSD. Therefore, including microphone pairs with
TDOA outliers may be unavoidable when one or more microphones are
subject to high levels of noise and reverberation. To further improve
the accuracy of the estimated TDOAs, in this section we propose
an incremental method to re-estimate the TDOAs corresponding to
the MST based on an average of multiple CPSDs from multiple
microphone pairs. This averaging of CPSDs is based on a directly
computed CPSD and indirectly estimated CPSDs which are computed
via other microphones from previous steps. After introducing indirect
CPSD estimation in Section 3.1, in Section 3.2 we describe the
proposed incremental method for averaging CPSDs.

3.1. Indirect CPSD Computation
Considering only the direct source component (i.e., in noise-free
and anechoic conditions) the CPSD between microphones i and j
can be written as ψi,j(ω) = exp(−ȷωτi,j(p))/(16π2didj), with
di = ||p − mi||2 the distance between the source and the i-th
microphone [2], [3], [5]. Since for any microphone k it can be easily
shown that exp(−ȷωτi,j(p)) = exp(−ȷωτi,k(p)) exp(ȷωτj,k(p)),
the CPSD between microphones i and j can be indirectly computed
by applying a phase shift to the CPSD between microphones i and
k and compensating for the distance-related attenuation, similarly to
[31], i.e.,

ψi,j(ω) =
dk
dj
ψi,k(ω)exp(ȷωτj,k(p)) . (7)

In practice, the distances dj and dk are of course unavailable and are
difficult to estimate. Since we are mainly interested in the phase, we
assume dj =dk, and approximate the indirectly computed CPSD as

ψ̃
[k]
i,j (ω) = ψi,k(ω)exp(ȷωτj,k(p)) (8)



3.2. Incremental Method for Averaging CPSDs
Based on the vertices and edges of the MST, the proposed method
builds up a consistent TDOA matrix with re-estimated TDOAs from
scratch in M−1 steps, where H denotes the step index. To improve
the estimation of CPSDs corresponding to less reliable GCC-PHAT
functions in later steps, we begin with CPSDs corresponding to the
highest GCC-PHAT reliabilities. Therefore, before introducing the
method, the edges are ordered based on reliability for which we define
an M−1-dimensional vector r of reliabilities and a corresponding
(M−1)×2-dimensional matrix V containing M−1 rows of MST
edges [i,j] , i, j ∈ ΘMST. The first entry of r contains the highest
reliability value of the MST and the first row of V contains the pair
of vertices connected by the associated edge. Subsequent entries of r
can only correspond to an edge connected to one of the vertices from
previous rows of V, in order of descending reliability. For the example
in Fig. 1, the reliability vector would be rMST = [0.8,0.6,0.5,0.6]T

and the rows of V would be [4,3], [3,2], [4,1], and [5,1]. The indices
i[H], j[H] refer to the microphones in the H-th row of V. In each
step H , the proposed method (referred to as MST+) re-estimates the
TDOA between the microphones i[H] and j[H].

In the first step (H = 1), the TDOA between i(1) and j(1)
is estimated based on the same GCC-PHAT function (2) as used
for computing the reliability in (5). In other words, no TDOA re-
estimation is performed. In subsequent steps (H>1), we propose to
re-estimate the TDOAs by incorporating knowledge from previous
steps. Considering noisy and reverberant speech signals, we assume
that the noise and reverberation destructively interfere across multiple
microphone pairs, in contrast to the direct path component. Therefore,
we propose to average out the spurious GCC-PHAT function peaks,
corresponding to TDOA outliers, by averaging over the directly
computed CPSD ψi[H],j[H](ω) and H−1 indirectly computed CPSDs
via all microphones used in previous steps. As such, the PHAT-
weighted CPSD between microphones i[H] and j[H] is computed
as

ϕ̃
′

i[H],j[H](ω) =
ψi[H],j[H](ω)+

∑H−1
h=1 ψ̃

[j[h]]

i[H],j[H](ω)

|ψi[H],j[H](ω)+
∑H−1

h=1 ψ̃
[j[h]]

i[H],j[H](ω)|
(9)

where, based on (8), the CPSDs in (9) are computed using TDOAs
τ̃ ′j[H],j[h] which were re-estimated in previous steps j[h] as

ψ̃
[j[h]]

i[H],j[H](ω) = ψi[H],j[h](ω)exp(ȷωτ̃
′
j[H],j[h]) , 1≤h<H . (10)

By incorporating CPSDs indirectly estimated via microphones corre-
sponding to edges with generally higher GCC-PHAT reliabilities, it is
expected that, in addition to mitigating spurious peaks corresponding to
TDOA outliers, also the TDOA estimation accuracy can be improved.
The TDOA τ̃

′

i[H],j[H] is then re-estimated as the time lag maximizing
the GCC-PHAT function in (2) using the PHAT-weighted CPSD in
(9). To use the re-estimated TDOAs for the phase alignment of the
indirectly estimated CPSDs in (10) in subsequent steps, we re-estimate
additional TDOAs for each of the microphones used in previous steps
j[h] as

τ̃
′

i[h],j[H] = τ̃
′

i[h],j[h]−τ̃
′

j[H],j[h] , 1≤h<H . (11)

These steps are repeated until all TDOAs corresponding to the MST
have been re-estimated. For the example in Fig. 1, Fig. 2 shows graphs
and the relevant entries of the estimated TDOA matrix.

4. EXPERIMENTAL EVALUATION
Using real-world noisy and reverberant speech signals recorded using
an array of spatially distributed microphones, in this section we
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Fig. 2: Graphs and TDOA matrices for all steps of the proposed incremental
TDOA re-estimation method, corresponding to the example in Fig. 1. The
black lines and boxes correspond to the microphone pair i[H], j[H] used in
step H , the solid gray lines and boxes correspond to the microphone pairs used
for indirect CPSD estimation and the dashed gray lines and boxes correspond
to microphone pairs used for phase alignment using TDOAs re-estimated in
previous steps (i.e., entries within the black border from a previous step).

Fig. 3: Layout of the distributed microphones (•) and speech loudspeakers (⋆)
in the BRUDEX laboratory

compare the performance of the proposed MST+ method with the
baseline MST and reference microphone-based TDOA estimation
methods and the steered-response power method, both in terms of
TDOA estimation error as well as source position estimation error.
Section 4.1 outlines the acoustic scenario, in Section 4.2, we discuss
practical considerations for the implementation of the considered
methods, and in Section 4.3 we discuss the experimental results.

4.1. Acoustic Scenario
In our experiments, we used noisy and reverberant signals from the
BRUDEX database [32], where the speech source and the noise were
recorded separately by M=6 distributed microphones in a laboratory
with dimensions of about 6 m × 7 m × 2.7 m, whose layout can
be seen in Fig. 3. A 10 s recorded speech signal randomly chosen
from one of the three available recorded signals was considered for
120 different static source-microphone configurations (comprising 10
random microphone array configurations for each of the 12 available
source positions) at a height of approximately 1.5 m. We considered
three reverberation levels, corresponding to low (T60 ≈ 310 ms),
medium (T60 ≈ 510 ms), and high (T60 ≈ 1300 ms) reverberation.
Diffuse-like babble noise produced by loudspeakers in the corners
of the laboratory was added to the recorded speech signals at a
signal-to-noise ratio of 5 dB averaged across the microphones.

4.2. Practical Implementation
The algorithms were implemented with a sampling frequency fs=16
kHz and a short-time Fourier transform (STFT) framework was used
with a frame length of 1024 samples (corresponding to 64 ms), 50%
overlap between frames, and a square-root-Hann analysis window.



The CPSDs between the microphone signals were calculated in the
STFT domain using recursive smoothing as

ψi,j [k,l] = λψi,j [k,l−1]+(1−λ)Yi[k,l]Y
∗
j [k,l] , (12)

where k denotes the frequency bin index, and l denotes the time frame
index. We used a recursive smoothing factor λ=0.98, corresponding
to 1.58 s. The PHAT-weighted CPSD was computed as ϕi,j [k,l]=
ψi,j [k,l]/|ψi,j [k,l]|. The GCC-PHAT functions (based on an average
of multiple CPSDs) were then computed using the inverse discrete
Fourier transform for discrete time lags n=τfs, i.e.,

ξi,j [n,l] =
1

(K−1)

K−1∑
k=1

ϕi,j [k,l] exp

(
ȷ2πnk

K

)
, (13)

where K denotes the DFT length. To achieve a more precise
TDOA estimate, the GCC-PHAT functions were interpolated with an
upsampling factor R=10. We only considered physically realistic
time-lags, i.e., nmin

i,j ≤ni,j ≤nmax
i,j , with nmax

i,j =−nmin
i,j =RfsDi,j/ν,

with Di,j = ||mi − mj ||2 denoting the distance between the
microphones i and j. The TDOA estimate for the l-th time frame
was then obtained as τ̂i,j [l]= n̂i,j [l]/(Rfs).

To evaluate the usability of the estimated TDOAs from different
methods for source position estimation, we used the spherical (SI)
interpolation-based source position estimation method [1]. In each
time-frame, the SI cost function (constrained to a distance of 5 m
from the centre of the room) was iteratively solved with gradient
descent. For comparison, we also considered the SRP-PHAT method
used in [11], i.e., the SRP-PHAT functional was evaluated on a 2D
grid, first at a resolution of 10 cm, then at a resolution of 1 cm in
the vicinities of the three grid points with the highest SRP-PHAT
functional values, to find the global functional maximum.

4.3. Comparison of TDOA and Position Estimation Performance
To evaluate the TDOA estimation performance of the considered
methods, we used the mean TDOA estimation error

σ =
1

S(M−1)

S∑
s=1

M∑
m=2

|τ̂m,1[s]−τm,1(p[s])| , (14)

over all snapshots (time frames with active speech) s=1,...,S, for
each 10 s signal and all 120 source-microphone configurations (noting
that the source position p[s] was static for each configuration). For
the SRP-PHAT method, the TDOA estimation error was computed
based on the TDOAs corresponding to the estimated source position.
In addition, to evaluate the usability of the estimated TDOAs for
SI-based source position estimation, we considered measures based
on the position estimation error ε[s]= ||p̂[s]−p[s]||2, i.e., the mean
position estimation error over snapshots ε= 1

S

∑S
n=1 ε[s] and the

accuracy Acc= 1
S

∑S
s=1X (ε[s]≤10 cm), using the indicator function

X (·), which is equal to 1 if ε[s]≤10 cm and 0 otherwise.
For all considered TDOA estimation methods, Table 1 shows the

TDOA and source position estimation errors for the three considered
reverberation levels. As can be observed, the SRP-PHAT method
results in a relatively poor source position estimation (and TDOA
estimation) performance (e.g., σ = 0.28 ms, ε = 29.3 cm, and
Acc = 63.0 % in medium reverberation). This is likely because
the SRP-PHAT method has not been tested for such random source
and microphone configurations, where it may not be ideal to weight
the CPSD from each microphone pair equally within the SRP-PHAT
functional. Considering the TDOA-based methods, randomly choosing
the reference microphone (Ref-A method) also results in a relatively
poor TDOA and source position estimation performance (e.g., σ=1.34

Table 1: Mean TDOA estimation error σ, mean position estimation error ε and
position estimation accuracy Acc for the SRP-PHAT method, three reference
microphone-based methods (Ref-A, Ref-C, Ref-R), the baseline MST method,
and the proposed MST+ method for three reverberation conditions.

R
ev

er
b. Error TDOA Estimation Method

Metric SRP-
PHAT Ref-A Ref-C Ref-R MST MST+

L
ow

σ [ms] 0.18 0.49 0.16 0.04 0.04 0.01
ε [cm] 20.0 28.1 8.5 2.9 2.9 0.7

Acc [%] 69.5 81.1 93.9 98.2 98.3 99.8

M
ed

. σ [ms] 0.28 1.34 0.54 0.14 0.12 0.08
ε [cm] 29.3 70.9 28.6 9.0 8.9 5.0

Acc [%] 63.0 54.3 77.1 92.9 92.8 95.8

H
ig

h σ [ms] 0.44 1.77 0.80 0.44 0.40 0.28
ε [cm] 37.9 90.1 46.1 24.3 20.3 10.5

Acc [%] 59.6 44.2 62.7 82.2 85.0 92.4

ms, ε = 70.9 cm, and Acc = 54.3 % in medium reverberation).
The results of the Ref-C method show that the TDOA and source
position estimation performance can be easily improved by simply
choosing the microphone closest to the centroid of the microphone
array as the reference microphone (e.g., σ=0.54 ms, ε=28.6 cm,
and Acc =77.1 % in medium reverberation). The reliability-based
Ref-R and MST methods outperform the SRP-PHAT, Ref-A and
Ref-C methods, showing the importance of taking into account the
reliability of the GCC-PHAT functions for determining the minimal
set of microphone pairs. In low and medium reverberation conditions,
the Ref-R and MST methods perform very similarly. However, in
high reverberation the MST method performs slightly better than
the Ref-R method (σ = 0.40 ms, ε= 20.3 cm, and Acc = 85.0 %
compared to σ=0.44 ms, ε=24.3 cm, and Acc =82.2 %), most
likely because in the MST method no reference microphone needs to
be chosen. The results in Table 1 clearly show that the proposed MST+
method outperforms all other considered methods in every reverber-
ation condition (e.g., σ=0.08 ms, ε=5.0 cm, and Acc =95.8 %
in medium reverberation). This suggests that it is beneficial to average
over multiple CPSDs from multiple microphone pairs to accurately
estimate TDOAs and improve source position estimation performance,
rather than estimating each TDOA based on a single CPSD.

5. CONCLUSIONS
In this paper, we have proposed an incremental method, improving
the time-difference of arrival (TDOA) estimation based on an average
over multiple cross-power spectral densities (CPSDs) from multiple
microphone pairs, compared to reference microphone- and minimum
spanning tree (MST)-based methods which rely on a single CPSD.
This method re-estimates the TDOAs corresponding to the MST
of generalized cross-correlation with phase transform (GCC-PHAT)
function reliabilities, in multiple steps, beginning with the edges with
highest GCC-PHAT reliabilities. In each step, we incorporate an
additional CPSD, estimated indirectly via another microphone from
a previous step. Including the indirectly estimated CPSD requires a
phase-alignment, which we achieve using a phase shift based on re-
estimated TDOAs from previous steps. Based on noisy and reverberant
speech signals recorded in a laboratory with an array of spatially
distributed microphones, we evaluated the performance of the different
methods in terms of TDOA estimation error and source position
estimation error, for three reverberation conditions. Experimental
results for different source and microphone configurations demonstrate
that the proposed method considerably improves the TDOA and
source position estimation performance compared to existing reference
microphone-, MST-based, and steered-response power-based methods.
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