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Abstract—Ad-hoc arrays formed by mobile devices are increas-
ingly available to capture audio and video in social events. Using
spatial signal processing algorithms, e.g., beamforming, with
microphone signals of such arrays is hindered by the unknown
locations of the devices and the lack of temporal synchronization
between them. While self-calibration methods can be applied
to estimate these missing parameters, they typically impose
restrictions and require time to converge. Time difference of
arrival (TDOA) values contain source related spatial information,
and they have been previously used in source localization and
tracking. In this work, relative time-of-arrival (TOA) is proposed
to be used for estimating source spatial information. The method
is then applied for beamforming using ad-hoc arrays. Simula-
tions and measurements with smartphones are used to test the
accuracy of different proposed TOA estimators. Then, speech
captured by a smartphone array is beamformed using the TOA
estimators. Results show that Kalman filter based TOA steering
achieves similar enhancement performance as using the ground
truth TOA.

Index Terms—Time of arrival estimation, Beam steering,
Kalman filter, Speech enhancement

I. INTRODUCTION

Traditional beamforming requires that the array shape is
known and the audio is sampled synchronously. The array is
then steered towards a desired direction of arrival (DOA) using
a steering vector to provide an enhanced signal. However, such
microphone array equipment do not necessary exist in situa-
tions where beamforming would be useful. Nowadays, many
people carry a mobile device that contains a microphone. In an
interaction situation multiple such devices are present and they
form an ad-hoc microphone array, where device locations are
inherently unknown and they lack temporal synchronization.
To utilize traditional beamforming with an ad-hoc microphone
array, self-location [1], [2], [3] and temporal offset estimation
algorithms can be used to estimate the microphone coordinates
and time-align the signals to allow the calculation of the
steering vector. However, such algorithms typically impose
restrictions to the problem and require time to converge.

An alternative approach for estimating the microphone
geometry and temporal offset is to estimate the steering vector
from the data. Weiss and Friedlander [4] propose a semi-
blind calibration method based on second order statistics
for steering vector estimation using sensors with unknown
gain and phase. Khabbazibasmenj et al. [5] present a robust
method for steering vector estimation based on maximizing the
beamformer output while requiring some a priori knowledge
of the array geometry and the source direction.

We assume here that only the steering vector delays are
unknown as a result of the unknown device geometry, un-

known start times of capture in the devices, and unknown
source location. For such situation a lower level represen-
tation of the source spatial information than DOA can be
considered. Brutti and Nesta [6] and Ma et al. [7] propose
to track the time difference of arrival (TDOA) measurements
between microphone pairs using sequential Bayesian filtering
techniques. By knowing the source TDOA vector, one can
steer the array towards the source using the relative delays
between the reference sensor and other sensors. Additionally,
the TDOA vector is not sensitive to geometric distortions that
affect the tracking of source positions as discussed in [6]. The
downside of TDOA tracking is the curse of dimensionality
– in an M microphone array there are P = M(M ! 1)/2
microphone pairs, and the dimension of the TDOA is O(M2).

In this work we proposed the concept of passive time of
arrival (TOA) estimation with an ad-hoc microphone array.
A matrix formulation of the problem shows that the TDOA
measurement is obtained by the product of TOA vector and an
observation matrix. Therefore, instead of tracking the TDOA
observation vector we propose that TOA vector is estimated.
The benefit is that the dimension of the TOA vector is linearly
related to the number of microphones O(M). We propose
an inverse matrix solution to solve the TOA vector from the
TDOA observations. In addition, we formulate the problem
as a linear sequential Bayesian estimation problem and apply
Kalman filtering to track the time-varying TOA vector.

This paper is organized as follows. In Section II the signal
model is presented, and the TDOA estimation is discussed.
Section III presents the TOA estimation using i) a subset
of microphone pair TDOAs, ii) all microphone pairs with
Moore-Penrose inverse, and iii) sequentially using all pairs
with Kalman filtering. Section IV presents TDOA simulations
of a moving source and compares the accuracy of the proposed
methods. Section V describes measurements of a smartphone
array. It is followed by the results Section VI, where the TOA
estimation accuracy is validated with the measured data. In
addition, the output quality of sum-and-delay beamforming
using the TOA methods to steer the smartphone array is
evaluated. Finally, Section VII concludes the discussion.

II. SIGNAL MODEL

Let mi " R3 be the ith microphone location, i " 1, . . . ,M ,
where M is the total number of microphones. The direct path
signal at microphone i at time t can be modeled as a time-
shifted version of the source signal s(t) as

xi(t) = s(t) # !(t! "i), (1)
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where # denotes convolution, !(·) is Dirac’s delta function,
and "i is time of arrival (TOA) in the ith microphone. The
TOA consists of the propagation delay and an unknown time
offset of the ith microphone denoted here as !i

"i = c!1$s!mi$+!i, (2)

where c the is speed of sound, and s " R3 denotes source
position in Cartesian coordinates. The time difference of
arrival (TDOA) between the source and microphones i, j is

"ij ! "i ! "j = c!1($s!mi$ ! $s!mj$) + yij , (3)

where yij ! !i !!j is the pairwise time offset.
Generalized cross-correlation (GCC) can be used to measure

the TDOA values [8], and PHAT-weighting is often applied in
indoor audio applications due to its robustness [9]. The PHAT
weighted cross-spectrum between two microphone signals i, j
is

Gij(#) =
Xi(#) ·X"

j (#)

|Xi(#) ·X"

j (#)|
, (4)

where Xj(#) is the ith input signal spectrum from a time
frame, and # is angular frequency. The time domain cross-
correlation signal is the inverse Fourier transform of Gij(#)

rij(" ) = F!1{Gij(#)}. (5)

The peak location of rij(" ) then is used to obtain a TDOA
estimate

"ij = argmax
!

rij(" ). (6)

A. Delay-and-Sum Beamforming

A TOA vector ! = ["1, . . . , "M ]T can be used to form the
steering vector of a beamformer at time t

a(#, t) = exp(i#! ). (7)

Typically, the TOA values for the microphones are given as a
relative delay to a reference microphone with zero delay. The
delay-and-sum beamformer (DSB) aligns the desired signal
component in the input channels before summation

Y (#, t) =
M
!

i=1

ai(#, t)Xi(#, t). (8)

III. TOA VECTOR ESTIMATION

We note that the TDOA vector is generated from the TOA
values vector ! by the observation matrix H

y = H! (9)

where the TDOA values are stacked into a vector y, and TOA
values are stacked into vector ! ,

y = ["1,2, "1,3, . . . "M!1,M ]T , y " R
P#1

! = ["1, "2, "3, . . . , "M ]T , ! " R
M#1

and

H = [ e1 ! e2, e1 ! e3, . . . , e1 ! eM , e2 ! e3, . . . ,

e2 ! eM , . . . , eM!1 ! eM ]T , H " R
P#M , (10)
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Fig. 1. The three microphone array is depicted, surrounded by the 200
simulated source positions shows as circles.

where ei are orthogonal unit vectors
ei = [!i1, !i2, . . . , !ii, . . . , !iM ]T, and !ij is Kroenecker’s
delta function.

A. TOA From a Subset of TDOAs

The most simple estimator for relative TOA is to use the
pairwise TDOA values "ij between the first sensor (i = 1)
and the sensors j = 2, 3, . . . ,M . Here, the first sensor delay
is arbitrary and we select "1 = 0. The other values are "j =
"ij , %j > 1, i = 1. In summary, the TOA vector is

!̂ = [0, "1,2, "1,3, . . . , "1,M ]T , !̂ " R
M . (11)

The downside of (11) is that the information between sensor
pairs that do not involve the reference sensor is omitted.

B. Pseudo-Inverse TOA Estimator

The TOA vector ! in (9) can be solved using the Moore-
Penrose inverse and thus utilizing all TDOA measurements.
However, the columns of H are linearly dependent with
rank(H) equal to M ! 1. Therefore, as in the subset TDOA
estimator the absolute offset of each channel is not solvable.
Instead, the relative channel offset is solvable with respect to
a reference channel. Here, without losing generality the first
channel is set as the reference with zero offset value "1 = 0.
The corresponding first column of the matrix H is removed
and the resulting matrix is denoted as H0. The TOA estimator
is written

!̂0 = (HT
0H0)

!1HT
0y. (12)

The resulting TOA values !̂0 = ["2, "3, . . . , "M ]T are relative
to the first sensor offset "1 = 0. The TOA vector is !̂ =
[0, !̂ T

0 ]
T.

C. Kalman Filter TOA Estimator

The problem of tracking a sequentially evolving state, such
as a moving person, can be formulated as a recursive Bayesian
estimation problem consisting of two steps: prediction and
measurement update. Kalman filtering provides optimal so-
lution for any system that has linear measurement and state
equations, corrupted by additive Gaussian noise. For a more
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Fig. 2. Estimated TOA values !2, and !3 are obtained from the simulated TDOA measurement using the proposed methods. The black lines display the ground
truth TOA. The left figure displays TOA obtained directly from TDOAs between the first sensor and other sensors. Middle panel displays the Moore-Penrose
inverse TOA estimates. The right panel displays the Kalman filtered TOA estimates. The RMSE are also given for the cases.

detailed approach on Kalman Filtering, refer to e.g. [10]. The
state and measurements equations are written for the TOA
estimation problem as

xt = Axt!1 + qt, (13)

yt = H0xt + rt, (14)

where A is the transition matrix of the dynamic model, qt &
N (0,Q) and rt & N (0,R) are noise processes at time t.
Here, the Wiener velocity model is applied to model the target
dynamics as in [11]. Now, in the case of three microphones
the resulting state vector is:

x =
"

!
T
0 , !̇

T
0

#T
= ["2, "3, "̇2, "̇3]

T , (15)

where !0 is TOA vector with first sensor omitted, !̇0 is
corresponding TOA velocity. The transition matrix is

A =

$

%
%
&

1 0 !t 0
0 1 0 !t
0 0 1 0
0 0 0 1

'

(
(
)
. (16)

The observation matrix (10) for three microphones is

H = [e1 ! e2, e1 ! e3, e2 ! e3]
T =

* 1
1
0

!1 0
0 !1
1 !1

+ ,- .

H0

/

where H0 is a two-column submatrix. The TOA vector is then
obtained similarly to the pseudo-inverse solution, i.e., !̂ =
[0, !̂ T

0 ]
T.

Possible measurement outliers are not well modeled by
the normal distribution. This causes errors in the Kalman
filtering process, and it requires a clutter detection scheme
for measurements that contain outliers. The measurement
probability for the current state xt if target is present is [11]

p(yt|xt, target present) = N(yt|Hxt,R), (17)

therefore if this probability is low, it is likely that the measure-
ment is actually clutter. In such case, the measurement update
step is omitted and only the prediction step of the Kalman filter
is run. A more sophisticated data-association method could be

applied, e.g., a Monte-Carlo based as in [11], but the issue is
out of the scope of this paper. The Kalman filter is initialized
to the position of the TOA estimator with zero velocity.

D. Evaluation of TOA Performance

The TOA estimator RMS error is used to evaluate the TOA
accuracy as

$(! ) =

0
1
1
2

1

N

N
!

t=1

$!̂0(t)! !0(t)$2, (18)

where !̂0(t) is the relative TOA estimate at time t, and !0(t)
is the ground truth TOA vector, relative to the first sensor.

IV. SIMULATIONS

A simulation study is made to test the performance of
the proposed TOA estimators using noisy TDOA data. We
simulate TDOA values obtained with a three microphone
triangle array, where the microphones are equally spaced on
a circle of 1 m radius. A sound source is set to travel a circle
around the microphones starting 0.5 m below the microphones
and ending 0.5 m above the array, refer to Fig. 1 for an
illustration. A total of 200 source points are simulated based
on the near-field TDOA model (3) with added noise that has
covariance R = %2

sI, where %s = 20. The TDOA unit is one
sample at 48 kHz sampling rate and speed of sound set to
343 m/s. The temporal offset values in (2) are drawn from
random Gaussian distribution !i & N (µ,%2) with variance
%2 = 10.

Figure 2 displays the results of a single run of TOA
estimation, and displays the TOA values ("2, and "3). The left
panel of Fig. 2 displays the TOA values obtained using the
direct TOA values (11), middle panel is the Moore-Penrose
inverse (12), and the right panel displays the Kalman filtering
based TOA estimates (13)-(14)1. The Kalman filtered esti-
mates clearly demonstrate lower error than the other solutions.

The simulations were run with the same parameter values
for 100 times and the average results are presented in the first
result column of Table I. As expected, the RMSE is highest

1The clutter detection is not used here, and the filter parameters are
manually selected to fit the data.



Fig. 3. A picture of the measurement setup with ten smartphones located
on a table. The subjects walked around the table.

(19.9 samples) for the TOA estimator that uses only the TDOA
values between the first sensor and the other sensors (11).
By using all sensor pairwise TDOA values with the Moore-
Penrose inverse the error is decreased (to 16.2 samples), since
information is added (12). Finally, using all pairwise TDOA
values in a recursive fashion with the Bayesian approach
(Kalman filter (13)-(14)) results in the smallest error (8.7
samples).

V. MEASUREMENTS

The measurements are gathered with the microphones of
ten smartphones, which are placed on the wooden table in
a meeting room. The devices distances range from 0.25 m
up to 1.9 m. The audio capture sampling rate is 48 kHz
and sample accuracy is 16 bits (integer). The room’s di-
mensions are 5.1 ' 6.6 m and the reverberation time T60

is approximately 370 ms. Figure 3 depicts the smartphones
on the table surface. In addition, reference microphones were
attached to the smartphones but these are not utilized in this
work. Two recordings are analyzed, where a speaker walks
around the table while reading three sentences. The speaker
wears a condenser boom microphone that is used to provide
the reference signal, i.e., the desired signal. Even though the
smartphones were simultaneously commanded to record, large
differences exist in the actual recording start times. Therefore,
the signals are first automatically aligned to processing frame
accuracy by aligning their energy envelope curves.

The ground truth TDOA values are obtained for each
microphone pair (i, j) separately by manually annotating the
TDOA values for the recording using the TDOA estimates
between the ten devices (6). The annotator then drew a smooth
continuous TDOA trajectory on top of the measured TDOA

TABLE I
RMSE VALUES OF THE TOA ESTIMATION FOR THE SIMULATIONS AND

FOR THE ACTUAL MEASUREMENTS ARE GIVEN. FOR THE 100 SIMULATION

RUNS, RMSE AVERAGE (µ) AND STANDARD DEVIATION (") ARE GIVEN.

RMSE (samples) for Simulation Measurements
Rec 1 Rec 2

Subset of TDOAs 19.9 ± 0.8 437 461
Moore-Penrose inverse 16.2 ± 0.7 223 232
Kalman Filter 8.7 ± 0.9 47 110
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Fig. 4. A single channel TOA estimate in the second recording !5(t) is
plotted using all estimators and the ground truth.

values avoiding outliers. These ground truth TDOA values are
then used to obtain the ground truth TOA values using the
Moore-Penrose inverse (12).

The lengths of the recordings are 8.9 and 12.1 seconds.
All estimators utilize the same TDOA measurements obtained
using a 4096 sample Hann window. The window length is
85.3 ms and is chosen to be the same window length as the
beamformer to avoid extra computations.

VI. RESULTS

A. TOA Estimation Accuracy

Figure 4 depicts the output of the TOA estimators on
recording case 2 by visualizing the TOA value for the 5th
sensor. The subset of TDOAs method (11) closely follows
the annotation in some parts, but is corrupted by outliers in
many segments, especially in the interval 3 s ! 7s. Using all
TDOA values with the Moore-Penrose inverse also results in
outliers. The Kalman filtered2 values with the clutter detection
follow closely the annotation. This is due to not using outliers
to update the state, but instead predicting the state using the
motion model and the previous state value.

Table I gives the RMS errors of both recording TOA esti-
mation. The order of performance for both of the recordings
is the same as in the simulations.

B. Speech Enhancement Metric

The time-domain beamformed signal y can be decomposed
into target signal (starget) and artifact errors (eartifacts) that are
introduced components which do not originate from the target

y = starget + eartifact, (19)

where the target signal is the reference signal from headworn
close-talk microphones. Sources-to-Artifact Ratio (SAR) is an
objective measure of signal separation quality, defined in [12]

SAR = 10 log10

3
$starget + einterference + enoise$2

$eartifacts$2

4

, (20)

2Kalman filter parameters and the clutter detection threshold were manually
adjusted to fit the data, and the same set of parameter values is used in both
recordings.
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Fig. 5. Segmental sources-to-artifacts ratio (SSAR) for the beamformed signal using TDOA subset method for array steering.

where in addition to artifact errors it decomposes the signal
into interference component, which is generated by interfering
sources, and noise component. In this work these components
are omitted since there are no interfering sources or noise
estimate. The BSS eval toolbox 3.03 is used here.

However, a moving sound source leads to time-varying
gains of the microphone array in contrast to the time-invariant
approach of the SAR score. Time-variance is here approxi-
mated by decomposing the signal into K overlapping segments
to obtain a segmental SAR (SSAR) score. The length of each
segment is 500 ms and they are manually labeled as speech
or silence. Only segments that contain speech (starget) are
considered. A single score is obtained by taking the arithmetic
average of linear scale SARk values, termed as segmental

sources-to-artifact ratio by arithmetic mean (SSARA)

SSARA = 10 log10

5
K
!

k=1

10SARk/10

K

6

. (21)

3http://bass-db.gforge.inria.fr/bss eval/
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Fig. 6. SSARA scores for beamformed signals using each TOA estimator
and the ground truth for array steering is presented for the two recordings. In
addition, the highest score for an unprocessed microphone is given.

This procedure is similar to and motivated by arithmetic
segmental signal-to-noise ratio (SSNRA) presented in [13],
which estimates the time-varying SNR over active segments.

C. Objective Quality of the Beamformed Speech

The beamforming (8) uses 75 % overlap between sequential
windows of length 4096 samples. Instantaneous TOA estima-
tors, i.e., TDOA subset method, and Moore-Penrose inverse,
estimate the dominating spatial values in each frame and
therefore amplify the background noises between natural gaps
present in speech signal. In addition, when the frame SNR
is low the instantaneous TOA estimators can switch rapidly
between a source and a noisy direction. This leads to lowering
of the beamformed signal amplitude. In contrast, the Kalman
filter tracks the TOA values between sequential frames, and
noisy frames do not cause the array to be steered into noise
direction. Instead, the trajectory of the source is estimated
based on the motion model until reliable observations are
received and used to update the filter state.

This behavior is visible in the TOA estimator plot of
recording 2 in Fig. 4. Especially between time 3 s!7 s the
instantaneous TOA estimators are corrupt, but the Kalman
filter is able the estimate the true trajectory closely. Figure 5
plots the segmental SAR values (20) over the beamformed
signal for the TDOA subset method (11), where the amplitude
of the beamformed signal is low during the time segment
3 s!7 s. This leads also to lowered SAR values. Figure 7
plots the beamformed signal and SAR values using the Kalman
filter for array steering (13)-(14). The corresponding segment
3 s!7 s has higher amplitude, and higher SAR scores than the
instantaneous TOA estimator.

Figure 6 gives the SSARA scores (21) for the beamformed
signals using the steering vector with the discussed TOA
methods. Steering the array with the Kalman filtering based
TOA provides equal scores compared to using the manually
annotated ground truth TOA values. The subset of TDOAs
performs second best, followed by the best microphone signal.
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Fig. 7. Segmental sources-to-artifacts ratio (SSAR) for the beamformed signal using Kalman filtering for array steering.

The TOA obtained with the subset method results in better
SSARA than the TOA with Moore-Penrose although the
RMS error (Table I) predicts the opposite. However, a careful
investigation of the TOA error structure reveals that 70 to 80
percent of TOA values have smaller error in the TOA subset
method than in the Moore-Penrose method. The rest of the
errors are larger, which explains the higher RMS error.

VII. CONCLUSION

Microphone locations and start time offset values are re-
quired in order to steer a beamformer towards a desired
direction. In ad-hoc microphone arrays, formed by devices like
smartphones, tablets, and laptops, these required parameters
are generally unknown. This prevents the direct use of some
traditional array signal processing methods such as beamform-
ing. This work proposed the use of time of arrival (TOA)
vectors to model the source spatial information. The dimension
of the TOA vector is M ! 1, for an M microphone array.
A closed form solution was proposed for TOA estimation,
followed by a Kalman filter based TOA estimator to model
the continuous behavior of a moving sound source.

Simulations were used to evaluate the performance of TOA
estimators for a moving source, where Kalman filter based
TOA estimator was found more accurate over the Moore-
Penrose inverse method and the subset of TDOAs.

An ad-hoc array consisting of ten smartphones was used to
record two 10 second speech segments. The estimated TOA
values were then used to steer a sum-and-delay beamformer to
enhance speech without the knowledge of the microphone lo-
cations or capture start times. The results demonstrate that the
Kalman filter based TOA estimator achieves similar results as
the ground truth TOA evaluated with the presented sequential
version of an objective scoring metric.

Future work will investigate the problem of detecting,
deleting, and tracking of multiple sources with the proposed
concept.
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