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Abstract—Linearized Direction of Arrival (LinDoA) is a
method for sound source localization that is designed for use
with wearable microphone arrays. The method uses a Taylor
series expansion of the sound source signal in the time domain
to beamform and estimate the direction of arrival. The original
method is limited to spatial sampling, but is here generalized to
also consider temporal sampling for improved performance and
usability. The proposed generalization allows for time-domain
formulations of the Delay-and-Sum and Minimum-Variance Dis-
tortionless Response beamformers in addition to the original
formulation by implementing interpolation and estimating the
noise covariance. A number of variants of the method are
described and the design choices are discussed. The methods
are evaluated on data gathered by a head-worn array in real
and simulated experiments and are compared to conventional
methods. They are shown to perform on par with conventional
methods at a reduced computational cost.

Index Terms—LinDoA, Microphone Array, DoA Estimation

I. INTRODUCTION

Sound Source Localization (SSL) and Direction of Ar-
rival (DOA) estimation using sensor arrays are problems with
a long history reaching back half of a century, see e.g. [1]–
[4]. A recent review of the field is found in [5]. The driving
application in our research is Hearing Aid Systems (HAS),
and a number of methods have been proposed for SSL and
DOA estimation in this context. Arrays worn on the body
are studied in, e.g., [6] and [7], and in [8] SSL estimation
is performed taking into account the Head-Related Transfer
Function (HRTF). To achieve situational awareness, using SSL
or DOA estimation is a necessary step to the eventual goal
of reducing noise and interference in HAS while amplifying
sources of interest through beamforming. This allows persons
with hearing impairments to participate in conversations in
challenging environments, like restaurants or public transport.

Traditional sensor array applications, such as radars and
sonars, have naturally assumed narrowband signals. In con-
junction with regular array geometries, such as the Uniform
Linear Array (ULA) [9], efficient implementations of non-
parametric DOA methods were enabled, e.g., Multiple Signal
Classification (MUSIC) [10] and Minimum-Variance Distor-
tionless Response (MVDR) [11]. However, for these methods
the geometry and the size of the array are highly dependent
on the frequency of the signal since the sensors must be
separated by more than half the signal wavelength to avoid
aliasing. In some applications, this constraint leads to imprac-
tically large arrays. Many HAS have therefore used differential
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microphones [12]–[14], which beamform by differencing the
array sensors directly in hardware. With this approach the
array size must be small enough so that the acoustic field
pressure differentials can be approximated accurately [15]. A
disadvantage with differential microphone arrays is that it is
difficult to steer the beam [16], so often the beam is fixed
in the end-fire direction. However, for traditional HAS a fixed
beam has been sufficient.

Recently, a time-domain approach was proposed using a
Taylor series expansion of the signal [17], [18]. The method
works with broadband signals and promises advantages for
small arrays. In a previous extension to this method [19],
constraints were added to enforce consistency of the estimated
signals over time. A disadvantage of this approach is the
increased computational cost compared to the original method.
The first contribution of this paper is to achieve consistency
over time while maintaining the efficient batch estimation
approach of the original method. The second contribution of
the paper is to take noise covariance into account, similar to
the MVDR method [11]. A Delay-and-Sum (DS) [20] version
of the filter is also proposed.

The methods are evaluated in one simulated scenario and
two real scenarios, where a mobile microphone array, worn
as a pair of glasses, is used to record the data. See [19] for
more details on the equipment. The orientation of the array is
measured using an IMU, so in the last scenario the absolute
direction to the sound source is estimated. The methods are
compared in all scenarios and the results show performance on
par with the MVDR method, but with a smaller computational
cost. The code is provided as open source1.

II. BEAMFORMING

The beamformer is at the core of the methods proposed in
this paper. It is used for amplifying signals of interest and
plays a central role in estimating directions of arrival [20].
The original LINDOA method is presented in this section as it
is described in [19] and [17].

A. Signal Model

We consider an array of M sensors making noisy measure-
ments of a far-field and free-field signal s(t) [5] at various
delays τm, computed as a function of the direction of arrival
and the sensor position. The measurements are modelled as

ym(t) = s(t+ τm) + em(t), m = 1, . . . ,M, (1)
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and vectorized as

y(t) =
[
y1(t) . . . yM (t)

]T
, (2a)

e(t) =
[
e1(t) . . . eM (t)

]T
, (2b)

where e(t) ∼ N (0,R). For a single source in an anechoic
environment, e(t) reduces to independent measurement noise,
but for more realistic environments e(t) has a more compli-
cated structure incorporating also interfering signals.

The signal s(t) is assumed to be smooth in the sense that
it is well approximated by a truncated Taylor expansion

s(t+ τ) ≈
L∑
l=0

τ l

l!
s(l)(t) = h(τ)x(t), (3a)

where

x(t) =
[
s(t) ṡ(t) . . . s(L)(t)

]T
, (3b)

h(τ) =
[
1 τ . . . τL/L!

]
. (3c)

The errors caused by the truncated terms in the Taylor ex-
pansion are assumed to be included in the measurement noise
e(t), resulting in the model,

ym(t) = h(τm)x(t) + em(t), m = 1, . . . ,M, (4a)
y(t) = Hτx(t) + e(t), (4b)

where the latter is a vectorized representation of the former
and τ = [ τ1 ... τM ]T is a function of the signal’s direction of
arrival and the geometry of the sensor array.

Since the signal is assumed to be sampled uniformly at times
tk = kT , where k = 1, . . . , K are the sample indices and T
is the sampling time, an equivalent discrete-time notation is
introduced as ·k , ·(tk), e.g. yk , y(tk).

B. Estimation
The Best Linear Unbiased Estimator (BLUE) for the signal

in model (4) is given by a Generalized Least Squares (GLS)
estimator [21]

x̂(t) = (HT
τR

−1Hτ )−1HT
τR

−1y(t), (5a)

cov
(
x̂(t)

)
= (HT

τR
−1Hτ )−1. (5b)

If the measurement noise is approximated as independent and
white with covariance R = σ2I, the estimator reduces to

x̂(t) = (HT
τHτ )−1HT

τ y(t), (6a)

cov
(
x̂(t)

)
= (HT

τHτ )−1σ2, (6b)

which is the Linear Direction of Arrival (LINDOA) method
proposed in [19] and [17].

Rather than obtaining an estimate at a particular point in
time, a continuous-time function is estimated. The estimate
ŝ(t+ τ) of the signal at time t+ τ is given by

ŝ(t+ τ) = h(τ)x̂(t), (7)

for which the special case τ = 0 gives h(0)x̂(t) = ŝ(t),
extracting the first element of the estimation vector.

The corresponding loss function for this estimator is given
by

V (x) = ‖y(t)−Hτx‖2R, (8)

Fig. 1. Various options for selecting the measurements to include in each
estimate. The black arrows represent the signal propagating through a circular
array with 3 microphones and a radius of 6 cm. The colored lines show the
spatial samples. The crosses show the samples in time for each sensor at
8000 Hz. The black dots show the center of the array corresponding to the
estimation time. The distance between the temporal samples for each sensor
is fixed at the sampling time, while the relative position of the samples for
different sensors will shift with the direction of arrival. (a) Original LINDOA
(b) Extended LINDOA (c) Closest sample per sensor (d) N closest samples
(e) Time span (f) Average LINDOA

where ‖a‖2A = aTA−1a. In the case of independent noise this
loss function reduces to

V (x) = ‖y(t)−Hτx‖2. (9)

III. VARIANTS FOR IMPROVED PERFORMANCE

The main advantage with the LINDOA beamformer in its
original design is the decoupling of estimates between sam-
ples. This allows for both fast and sparse estimates. However,
the decoupling is also one of the main disadvantages of the
method since the smoothness of the signal between samples
is neglected, resulting in an unnecessarily high number of
degrees of freedom and noise sensitivity. Further, the original
method is highly sensitive to model errors as well as the size
and geometry of the array. In this section a few variants of the
method are proposed for mitigating these issues.

A. Extended Samples

A first step to improve the method is to combine temporal
and spatial sampling by extending the measurement vector
y(t) with neighbouring samples in time. The extended model
is given by

ȳk =

 ȳ1
k
...

ȳMk

 =

 H̄τ1
...

H̄τM

xk +

 ē1k
...

ēMk

 = H̄τxk + ēk (10a)

where 2p+1 neighbouring samples are included using a sliding
window in time as

ȳmk =
[
ymk−p ymk−p+1 · · · ymk · · · ymk+p−1 ymk+p

]T
, (10b)

cov ēk = R̄, and

H̄τ =
[
hT (τ − pT ) · · · hT (τ) · · · hT (τ + pT )

]T
. (10c)

The estimator in (5a) can be applied directly using this
model. However, the estimator can also be modified to only
utilize a subset of the measurements in the vector, allowing
an individual sliding window to be used for each set of time
delays τ , see Figure 1.



B. Local Samples

If the array is large, in the sense that the delays τ might be
larger than the sampling time T , the temporal samples closest
in time to tk can be chosen by using only the measurement
from sensor m corresponding to arg mini |τm − iT |, see
Figure 1(c). The main advantage of this approach is that
the measurements that carry the most information about the
signal at time tk, by being temporally close, are used, and
measurements that are temporally distant are disregarded. In a
similar manner, the included measurements can be selected as
a fixed number N of the temporally closest measurements to tk
for all sensors, see Figure 1(d), or as all measurements within
a time window around time tk, see Figure 1(e). A disadvantage
is that the loss function is no longer suitable for comparing
different directions of arrival since different measurements are
included.

This variant is less dependent on the array size compared to
the original method, since, if the sampling rate is high enough,
samples that are temporally close can be obtained even for
distant sensors. Further, since more samples are available and
the time span of the samples can be controlled, the group of
samples considered for different directions can be made more
similar, allowing a selection of Taylor order that is appropriate
for all directions. Regardless of how the local measurements
are chosen the effect is similar, however, the smoothness of
estimates between different directions of arrival may differ.

The rows corresponding to the ignored measurements are
discarded in (10a) prior to computing the estimator (5a) and
the corresponding columns of the estimator are zeroed to allow
a single extended measurement vector to be used for all sets
of delays regardless of local sampling. The notation used for
extended samples in (10a) will therefore be used also for local
samples.

C. Interpolation Averaging

In order to improve the algorithm in the case of model
mismatch, e.g. due to interfering sources in the scene, one
option is to rewrite the DS beamformer on LINDOA form. The
DS beamformer achieves implicit attenuation of signals arriv-
ing from other directions by interpolating the measured signal
temporally for each microphone, aligning them according to
the delays and averaging. By considering the measurements
for each sensor individually as

ȳmk = H̄τmxk + ēmk , (11)

an estimate x̂mk = Vmȳmk of the signal is obtained using (5a).
The individual estimates are then averaged as

x̂k =
1

M

[
V1 · · · VM

]
ȳk. (12)

The number of samples included per sensor must be greater
than the order of the model to have a well-posed problem. If
the number of samples is exactly one more than the order, the
observation matrix is by definition invertible and the estimate
becomes an interpolation of the measurements.

D. Minimum Variance Estimate

A significant improvement of the conventional DS beam-
former is achieved by noticing that other weights can also
produce unbiased estimates. This leads to defining an opti-
mization problem that minimizes the variance of the estimator
while maintaining unbiasedness [11]. A similar improvement
is made for LINDOA by assuming an arbitrary positive definite
covariance matrix R. The resulting estimator for this case was
given in (5a), but formally the MVDR beamformer is derived
by considering the filter

x̂k = Wȳk = WH̄τxk + Wēk. (13)

The objective is to find a filter W that minimizes the second
term in some sense, while maintaining unbiasedness. This
leads to the optimization problem

arg min
W

TrWR̄WT s.t. WH̄τ = I, (14)

which has the same solution as the GLS estimator given in (5a),

W = (H̄T
τ R̄

−1H̄τ )−1H̄T
τ R̄

−1. (15)

This optimization problem can be separated into n independent
problems,

arg min
wi

wT
i R̄wi s.t. wT

i H̄τ = uTi , i = 1, . . . , n, (16)

where ui is the ith column of the identity matrix and
W = [ w1 ··· wn ]T . Unless a continuous-time representation
of the estimate is required, it suffices to estimate only the
first element of xk, the signal sk, significantly reducing the
computational cost.

Similarly, a minimum variance approach to interpolation
averaging is also possible. Given the interpolations ŝmk =
uT1 Vmȳmk = vTmȳmk , the estimates for the sensors, ŝk =
[ ŝ1k ··· ŝMk ]T = Vȳk, are combined as

ŝ = wT ŝ = wTVH̄τx(t) + wTVē(t) (17)

where V = diag(vT1 , . . . ,v
T
M ) and VH̄τx(t) = 1s(t) by def-

inition, and 1 is the M -element one-vector. The optimization
problem is then formulated as

arg min
w

wTVR̄VTw s.t. wT1 = 1, (18)

and the solution is

w =
(VR̄VT )−11

1T (VR̄VT )−11
, (19)

where the denominator normalizes the weights and the size
of the inverse is M × M . Although the interpolators V
can be chosen as either (5a) or (6a), the latter can offer
a reasonable trade-off between considering the covariance
matrix and achieving computational performance.

The main issue with this approach, as with all MVDR type
of methods, is that in general R̄ is not known beforehand, but
needs to be estimated.



IV. DIRECTION OF ARRIVAL

The beamformers proposed in Sections II and III assume
that the delays corresponding to the desired signals are known.
This section discusses the computation of the delays and the
estimation of the direction of arrivals.

A. Propagation Model
To estimate the DOA a propagation model is used. This

model determines the mapping from direction, mainly az-
imuth ϕ, but also elevation θ depending on the application,
to time delays τ for all sensors. Given the far-field and free-
field propagation model [5] assumed in Section II-A, the time
delays for sensors at locations p and vectorized direction of
arrival v are given by

τ (θ) =
1

c
pTv(θ) (20)

where c is the speed of sound, p = [ p1 ... pM ], pi is a column
vector of the two- or three-dimensional sensor coordinates and
θ is the parameterization of the source. For two dimensions,
θ , ϕ, the direction vector is given by

v(ϕ) =
[
sin(ϕ), cos(ϕ)

]T
(21a)

and for three dimensions, θ , [ϕ, θ],

v(ϕ, θ) =
[
sin(ϕ) cos(θ) cos(ϕ) cos(θ) sin(θ)

]T
. (21b)

For near-field and free-field problems a different propaga-
tion model is used [22] where the time delays τ (θ) are directly
parameterized in the two- or three-dimensional location of the
sound source. This results in SSL rather than DOA estimation.
If the propagation model also considers attenuation of the
signal strength, the model in (4) can be appropriately modified
to take this into account. The proposed methods can still be
applied with minor adaptations.

B. Signal Power vs Measurement Error
To find the direction of arrival a loss function is minimized.

A natural choice is the loss function used by the beamformer
in (5a), but additionally parameterized with the source param-
eter θ,

V (x,θ) = ‖yk −Hθx‖2R, (22)

where ‖a‖2A = aTA−1a and Hθ , Hτ (θ). The optimization
problem is then given by

θ̂ = arg min
θ

min
x

K∑
k=1

‖yk −Hθx‖2R, (23)

where the signal estimate x̂k(θ) can be obtained explicitly
using (5a) and used directly as

θ̂ = arg min
θ

K∑
k=1

‖yk −Hθx̂k(θ)‖2R. (24)

There is no explicit solution to this problem, however, due to
the low-dimensional and bounded nature of the parameter θ
in DOA estimation this problem is efficiently solved through
gridding, although numerical approaches are possible as well.

For original or extended LINDOA without local sampling,
where yk and R are independent of θ, this can be simplified
for improved performance. For local sampling and average
LINDOA this is not possible since yk and R change with θ.
One option to reduce complexity is to only sum errors for a
subset of the samples.

Another approach is to estimate the signal using the pro-
posed loss function, but determine the direction of arrival by
maximizing the power of the estimated signal

θ̂ = arg min
θ

K∑
k=1

∫ T/2

−T/2
‖h(τ)x̂k(θ)‖2dτ

= arg min
θ

K∑
k=1

x̂Tk (θ)

∫ T/2

−T/2
hT (τ)h(τ)dτ x̂k(θ) (25)

= arg min
θ

K∑
k=1

x̂Tk (θ)Mx̂k(θ),

or approximately in discrete time as

θ̂ = arg min
θ

K∑
k=1

‖h(0)x̂k(θ)‖2 = arg min
θ

K∑
k=1

ŝ2k(θ). (26)

The main advantage of using power to estimate direction of
arrival is the reduced computational cost compared to comput-
ing the error. The discrete approximation further reduces the
computational cost by only requiring the first element of x to
be estimated.

V. DESIGN

A. Choice of Order

A sampled segment of an underlying signal with large
variation requires a larger order to be approximated accurately.
Shrinking the time span of the sampled segment reduces its
variation and consequently the order needed to approximate
it. This is the motivation for using local sampling.

In practice the order cannot be larger than the number of
samples with unique time delays. For directions of arrival
where some of the time delays align, the rank of the ob-
servation matrix is reduced and consequently the maximum
possible order of the model. As an example, the highest order
in the broadside direction for a linear array is zero for original
LINDOA, regardless of the number of sensors. For extended
LINDOA this is less of an issue, since temporal samples
always have unique sampling times, but the condition of the
observation matrix is highly dependent on the direction of
arrival and the geometry of the array. For average LINDOA the
order is limited by the number of temporal samples included
for each sensor.

One way to view this parameter is that it relates to band-
width. By design, signals estimated by conventional beam-
formers cannot have energy outside the frequency content of
the measurement signals. This is not the case for LINDOA,
which uses spatial sampling and thus can introduce energy at
higher frequencies than is found in the temporally sampled
signals. Selecting a small order results in a low-pass filter
of the estimated signal, limiting its bandwidth. When the



correct direction of arrival is considered, the measurements
will match the model and yield a small loss function. For
incorrect directions of arrival, the model does not have high
enough bandwidth to match the measurements, so the loss
function is large.

Selecting an appropriate order given the model, parameters
and bandwidth of the signal is not obvious. A general approach
is to keep the order just high enough to capture the frequency
content of the source signal within the sliding window and
verify that this order is low enough to never cause observability
problems in any direction. If this is not possible, a change of
parameters or a redesign of the array should be considered.

B. Noise Covariance Matrix Estimation

To improve the estimate when dealing with correlated noise,
it is essential to accurately estimate the noise covariance
matrix. The same need arises using MVDR. It is common to
use a voice activity detector (VAD) [20] or speech presence
probability [23] to update the noise covariance matrix estimate
only when there is no speech present. A less robust method is
to estimate the covariance matrix for all measured signals and
rely on the distortionless response condition to not cancel the
desired signal [20]. Although this approach does not require a
VAD, model errors are bound to attenuate the desired signal.

To estimate the covariance matrix, the design needs to trade
off between adaptation speed and accuracy. For a stationary
scene, the estimate can be based on all available data, resulting
in high accuracy. However, for a changing scene, old data is
irrelevant and it is important to update the estimate to reflect
current conditions. One option is to use a sliding window
for estimation, where the window size determines the trade-
off. Another option is to recursively estimate the covariance
using a forgetting factor λ to determine the trade-off [24]. If
measurements are processed in frames, the covariance can be
updated as

ˆ̄Rf = (1− λ) · ˆ̄Rf−1 + λ ·
kf+Nf∑
k=kf

ȳkȳ
T
k

Nf
, (27)

where f denotes the frame index and kf and Nf denote the
start time index and length of each frame. The covariance
is initially chosen as a scaled identity matrix of reasonable
magnitude, which corresponds to LINDOA.

C. Reverberation and Attenuation

In natural environments the signal suffers from reverbera-
tion [20] due to reflections and obstacles, resulting in delayed
and attenuated versions of the signal corrupting the direct
signal. If the room impulse response is known, it is straight-
forward to account for it, but in general the impulse response
is unknown and can change rapidly, so applications need to
manage it adaptively in real time [25], [26].

Similarly, for a head-worn microphone array the head itself
introduces reverberations of a more static nature, which is
often mitigated by estimating a HRTF that inverts such effects.
The gain and other characteristics of individual sensors may
also vary, which is dealt with using calibration.

Although these are important issues that cannot be neglected
in real scenarios, they are hereon assumed to be mitigated
through pre-processing of the sensor signals.

VI. RESULTS

A. Experiment Setup

Three scenarios are evaluated, one simulation and two real
experiments. An array with a geometry in the form of glasses
is considered in all scenarios. The array has 4 microphones
in the front and 2 microphones on each side. See [19] for
a full description of the hardware. The microphones are
sampled at 8000 Hz. The samples are split into Hamming
windowed frames of 1024 samples with an overlap of 50%.
The covariance matrix is estimated using (27).

Scenario 1 is a simulation where two different songs arrive
from directions 66.6◦ and 113.4◦ with high SNR. Scenario 2 is
a real experiment where two participants of a dialogue arrive
from directions 66.6◦ and 113.4◦, respectively. The dialogue
is a simpler scenario in the sense that it acts as a single
source in most frames. Scenario 3 is a real experiment where a
monologue arrives as a single stationary source from direction
90◦, while the microphone array rotates one revolution. The
orientation of the array is estimated using an IMU [19].

The recordings in the real experiments are dereverberated
using the Generalized Weighted Prediction Error (GWPE)
approach described in [26].

B. Choice of Parameters

The parameters of the method have a significant impact on
the performance and computational complexity. The choice
of parameters depends on many factors including the source
signals, the environment, the geometry of the array and the
available computational resources. The model order, number
of local samples to include for each sensor and the forget-
ting factor are evaluated for MV-LINDOA in Scenario 1. An
estimate is associated with a source if the error is less than
23.4◦, half the true separation of the sources, and is considered
an outlier otherwise. For each set of parameters, the number
of outliers and the Root Mean Square Error (RMSE) of the
correctly associated estimates are computed.

1) Model Order: The MV-LINDOA method is applied with
4 local samples, forgetting factor 0.1 and orders 1 − 8. The
RMSE and the number of outliers are shown in Table IIa. For
Scenario 1, orders 2−5 seem to give reasonable performance
with regards to RMSE and number of outliers.

2) Number of Samples: The MV-LINDOA method is applied
with a fourth-order model, forgetting factor 0.1 and 2−8 local
samples as well as all extended samples, denoted global. The
extended samples are chosen so that the delays for all sensors
and all directions always lie between two samples. The RMSE,
the number of outliers and the relative computation time are
shown in Table IIb. For Scenario 1, 4, 6 and 8 local samples
and using all samples seem to give reasonable performance
with regards to RMSE, number of outliers and computation
time.



TABLE I
PARAMETER COMPARISON

(a) Model Order

Order RMSE (◦) Outliers
1 11.214 206
2 4.213 14
3 3.372 11
4 3.064 17
5 2.890 33
6 3.182 41
7 8.348 90
8 8.341 75

(b) Local Samples

Samples RMSE (◦) Outliers Time
2 5.299 23 0.9
3 6.970 149 0.9
4 3.064 17 1.0
5 4.027 42 1.4
6 2.825 22 1.8
7 2.699 35 1.7
8 2.357 20 1.9

Global 2.622 3 2.1

(c) Forgetting Factor

Factor RMSE (◦) Outliers
0.0001 4.494 0
0.0003 7.200 0
0.001 7.815 0
0.003 5.109 0

0.01 1.795 0
0.03 1.179 3

0.1 3.064 17

3) Forgetting Factor: The MV-LINDOA method is applied
with a fourth-order model, 4 local samples, and a range of
forgetting factors between 0.0001 − 0.1. The RMSE and the
number of outliers are shown in Table IIc. For Scenario 1,
a forgetting factor of 0.03 seems to result in fast enough
adaption to improve the estimate while limiting the number
of outliers.

C. Methods
Six variants of LINDOA using sample extension are applied

to each of the three scenarios with a fourth-order model.
The variants are LINDOA and MV-LINDOA, average LINDOA
and average MV-LINDOA, global MV-LINDOA and MV-LINDOA
using the measurement error. The MVDR method [20] using
an estimate of the measurement covariance matrix is applied
for comparison as well. The parameters for each scenario are
selected using the approach outlined in Section VI-B. Outliers
and RMSE are computed as described in Section VI-B. The
times are measured relative to the MV-LINDOA method and
are provided to give an intuition for how the different design
choices affect the computational cost.

1) Scenario 1: All methods use a forgetting factor of
0.03 and 4 local samples, with the exception of the average
methods, which use 5 local samples to achieve interpolation.
Figure 2 shows the outputs of the beamformers for directions
in the vicinity of the true sound sources. The estimation errors
are shown as a violin plot in Figure 3. See Table II for
the RMSE, number of outliers and the computation time for
the different methods. The output is the power of the signal,
normalized over the DOA grid for each frame, for all methods
except for Error MV-LINDOA, where the negative measurement
error is shown.

In this scenario, the proposed methods seem to perform on
par with MVDR, while requiring less computations in general.
The exception is the Error MV-LINDOA which is slower, but
outperforms the other methods. This is reasonable due to the
high SNR and accurate model. The averaging methods are
faster, but perform worse than their corresponding standard
methods. While taking the covariance matrix into account is
computationally more intensive, it is shown to have a positive
impact on the performance of the estimator. Using local
samples compared to global samples seems to have a positive
impact on the performance while reducing computation.

2) Scenario 2: All methods use a forgetting factor of
0.0001 and 6 local samples. The results for a subset of the

Fig. 2. Direction of arrival estimation in Scenario 1. Truth is marked with
a solid dash in the beginning and end of the sequence. a) Original LINDOA
b) Average LINDOA c) MV-LINDOA d) Global MV-LINDOA e) Average MV-
LINDOA f) Error MV-LINDOA g) MVDR.



TABLE II
METHOD COMPARISON

Scenario 1 Scenario 2 Scenario 3
Method RMSE Outliers Time RMSE Outliers Time RMSE Outliers Time
LINDOA 2.364 0 0.1 9.219 115 0.1 10.494 278 0.1

Average LINDOA 6.172 0 0.2 10.809 135 0.1 9.808 150 0.1
MV-LINDOA 1.179 3 1 9.172 93 1.0 11.434 337 1.0

Global MV-LINDOA 2.520 0 2.0 13.191 70 1.8 11.502 615 1.6
Average MV-LINDOA 3.213 0 0.5 10.004 127 0.4 9.978 192 0.4

Error MV-LINDOA 1.030 0 5.3 14.975 121 5.1 9.084 198 5.4
MVDR 2.180 0 3.2 12.624 212 2.3 11.417 513 2.4

Fig. 3. The estimation errors in Scenario 1 for some variants of LINDOA as
well as MVDR for comparison.

Fig. 4. Direction of arrival estimation in Scenario 2. Truth is marked with a
solid dash in the beginning and end of the sequence. a) MV-LINDOA b) Error
MV-LINDOA c) MVDR.

methods are shown in Figure 4, the estimation errors are shown
in Figure 5 and the RMSE in Table II.

In general MV-LINDOA seems to have fewer outliers and
slightly better performance than MVDR in this scenario, as
well as a lower computational cost. Error MV-LINDOA seems
to have trouble separating the sources causing a large RMSE.

3) Scenario 3: All methods use a forgetting factor of 0.001
and 6 local samples. The results are shown in Figure 6, the
estimation errors in Figure 7 and the RMSE in Table II. Note
that the estimated direction is absolute in this scenario. The
fluctuations over time are caused by the rotation of the array

Fig. 5. The estimation errors in Scenario 2 for some variants of LINDOA as
well as MVDR for comparison.

Fig. 6. Direction of arrival estimation in Scenario 3. Truth is marked with a
solid dash in the beginning and end of the sequence. a) MV-LINDOA b) Error
MV-LINDOA c) MVDR.

and depends both on orientation estimation errors and on
inaccuracies in the model of the array geometry. See [19] for
details regarding the IMU.

The methods perform similarly in this scenario. Average
LINDOA performs well compared to the other methods, and
the main reason this method can compete is that only a single
source is present.

VII. CONCLUSION

The original LINDOA method for direction of arrival es-
timation has been improved to consider temporal sampling
in addition to spatial sampling of the signal. This allows for



Fig. 7. The estimation errors in Scenario 3 for some variants of LINDOA as
well as MVDR for comparison.

variants of LINDOA that are equivalent to the DS beamformer
and that take the noise covariance into account. Further, to
improve the performance, reduce the computational cost and
simplify the selection of appropriate design parameters, only a
number of samples local to the estimation time are considered.

With the proposed improvements, interfering signals are
attenuated, which means that the power of the estimated
signal can be used to estimate direction of arrival. The main
advantage of this is that the computational cost of the method
is reduced by an order of magnitude. The original loss function
is still of interest and is shown in experiments to perform well
in some scenarios.

The methods are evaluated in three scenarios, one clean
simulation and two noisy real experiments. The third scenario
also considers estimation of absolute direction using an IMU
for estimating the orientation of the array. Overall the methods
are shown to have a performance similar to the MVDR method,
while exhibiting a reduced computational cost. Although an
individually selected forgetting factor for MVDR might have
improved its performance, the proposed methods are shown to
be viable alternatives.

To reduce the artifacts visible in the results, a soft selection
rather than a hard selection of the local samples is proposed
for future work. The ability to beamform using the proposed
methods have not been evaluated properly and should be
considered in subsequent work. The filter version of LINDOA
shows promise to better handle beamforming with multiple
sources, but needs to be investigated further. For better com-
parison with other methods, the response of the method in the
frequency domain should be derived.
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