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1

The small-scale linear microphone arrays that are widely found in smartphones could be used
to locate a sound source for indoor environments. After the Time Differences Of Arrival
(TDOAs) in microphone pairs are estimated, a TDOA-based hybrid localisation scheme is
proposed for a small-scale linear microphone array. The scheme contains two stages: the initialisation stage using the Levenberg-Marquardt (LM) algorithm, and the refining solution
stage using the Weighted Least-Square (WLS) algorithm or the Multi-Dimensional Scalingbased (MDS) algorithm. Simulations and field tests show that the proposed indoor localisation scheme outperforms the existing schemes, and it can achieve an average error of 0·32
metres in an 8 m by 5 m area.
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1. INTRODUCTION. Localisation technologies and location-based applications
have been extensively investigated in recent years. Global Navigation Satellites
Systems (GNSS) have been widely adopted for positioning and navigation in outdoor
scenarios. Indoor environments, on the other hand, bring about more location-based services opportunities as well as more challenges for localisation because of less availability
of navigation satellites and complicated built structures hindering signal propagation.
Other than GNSS, short-ranged signals such as WiFi, Bluetooth (Bahl and
Padmanabhan, 2000; Chen et al., 2013; Gomes and Sarmento, 2009; Pei et al.,
2010b; Pei et al., 2010c; Priyantha et al., 2000), Radio-Frequency Identification
(RFID) (Ni et al., 2004), Ultra Wideband (UWB) (Pahlavan et al., 2006), longranged signals such as Global System for Mobile communications (GSM)
(Syrjärinne, 2001), Digital Television (DTV) (Chen et al., 2012), and magnetic fields
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(Storms et al., 2010) have been utilised in indoor localisation for schemes such as proximity, fingerprinting, or triangulation. Microelectromechanical Systems (MEMS)
motion sensors offer the opportunity of continuous relative navigation when the localisation infrastructure is unavailable (Chen et al., 2010; Chen et al., 2011a; Chen et al.,
2011b; Foxlin, 2005; Indoor Atlas Ltd, 2011; Mathews et al., 2011; Pei et al., 2010a;
Pei et al., 2011; Pei et al., 2012; Pei et al., 2013). The low cost camera is also a potential
localisation sensor (Ruotsalainen et al., 2011). Furthermore, hybrid solutions
(Kuusniemi et al., 2012; Liu et al., 2010; Liu et al., 2012a; Liu et al., 2012b) are
adopted to improve the availability and reliability of localisation.
Today, the small-scale linear microphone arrays widely installed on smartphones
could be used for localisation. Although the microphones involved in a small-scale
array are physically located in one single device of a portable size that is easy to
carry, their small scale poses major challenges to the existing localisation technologies.
While large-scale microphone arrays have been widely applied for localisation
(Filonenko et al., 2010; Filonenko et al., 2012; Hoflinger et al., 2012; Holm, 2012;
Janson et al., 2010; Pertila et al., 2012), small-scale linear microphones are mainly
used for discriminating sounds based on direction, locating sound sources in terms
of direction, and enhancing the microphone performance by reducing noises. For instance, microphone arrays have been used for scream and gunshot detection and localisation (Valenzise et al., 2007), for monitoring vehicles, e.g. airplane, vessel, auto, etc.,
for noise diagnosing (Michel and Barsikow, 2003; Piet et al., 2002; Schulte-Werning
et al., 2003), noise reduction, speech recognition, teleconference, speaker tracking
(Khalil et al., 1994), and for game consoles, etc. However, the possibility of localisation
using a small-scale array is much less explored in the literature.
In this paper, we propose an indoor localisation scheme, which relies on a small-scale
linear microphone array to locate a sound source based on Time Difference Of Arrival
(TDOA). The proposed localisation scheme is a hybrid solution on the basis of three
existing TDOA localisation methods, which are the Weighted Least-Square (WLS)
method, the Multi-Dimensional Scaling-based (MDS) method and the LevenbergMarquardt (LM) method. For the existing localisation methods, we present two findings by simulations and field tests: 1) the WLS method and the MDS method perform
well only for sources located close to the perpendicular bisector of the microphone
array, while the MDS method is slightly better than the WLS method, and 2) the
LM method can give an initial estimate, which indicates the location for a near-field
source, or the direction for a far-field source. Considering these new findings,
we design a hybrid localisation scheme consisting of two stages: 1) find the initial
estimate of the source using the LM method, 2) rotate the microphone array so that
the source can be roughly relocated on the perpendicular bisector of the microphone
array, then find the refining estimate of the location of the source using the MDS
method. By this two-stage procedure, the scheme has the advantages of the existing
methods and efficiently expands the feasible area of the localisation scheme using a
small-scale linear microphone array. Simulations and field tests results show that the
proposed scheme can achieve an average error of 0·32 m in an 8 m by 5 m area.
The rest of the paper is organised as follows. The fundamentals of a small-scale
linear microphone array are described in Section 2. Section 3 introduces the TDOA
approach adopted in this paper. In Section 4, we present the proposed localisation
algorithms. Our experiments and results are discussed in Section 5. Finally, some
concluding remarks are drawn in Section 6.
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Figure 1. Far-field model.

2.

SMALL-SCALE LINEAR MICROPHONE ARRAY
2.1. Speed of Sound. Sound is a compression wave that travels around 342 metres
per second in dry air with temperature at 20 °C. The speed of sound in conditions of
various temperatures can be calculated from Hoflinger et al. (2012):
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
C ¼ 331:3 × 1 þ T=273:15;
ð1Þ
where C is the speed of sound in m/s, and T is the temperature in °C. In contrast with
electromagnetic waves, the propagation speed of sound is significantly slower, which
relaxes the requirement of timing in a sound-based localisation system.
2.2. Far-field and Near-field. For a linear array, a sound may be considered to
come from a far-field source as shown in Figure 1 if:
jrj >

2L2 f
;
C

ð2Þ

where r is the distance from a sound source to the centre of the microphone array, L is
the dimension of the linear microphone array, f is the frequency of the sound, and C is
the speed of sound (Steinberg, 1976). The near-field sound source is shown in Figure 2.

3.

TIME DELAY ESTIMATION
3.1. TDOA. The range from the sound source to the ith microphone of the
microphone array can be calculated as:
ri ¼ Cti ;

ð3Þ

where ti is the travel time of sound from the sound source to the ith microphone. A
TDOA solution does not require the synchronisation of the clock of the sound
source and that of the microphone array, which reduces the system complexity.
Suppose that the three-dimensional coordinates of the sound source and the microphones are denoted as s ¼ ½sx ; sy ; sz T ∈ R3 and mk ¼ ½mxk ; myk ; mzk T ∈ R3 ,
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Figure 2. Near-field model.

respectively. Then the ideal TDOA associated with the ith microphone pair (mi1, mi2) is
computed as (Brandstein, 1995):
Δti ¼

Δri ks  mi1 k  ks  mi2 k
¼
;
C
C

ð4Þ

where k  k denotes the Euclidian distance between two points. Δri is the range difference between distance ||s−mi1|| and ||s−mi2||. Equation (4) indicates that we can solve
the unknown location of a sound source with TDOA measurements of at least three
independent microphone pairs.
3.2. Time Delay Estimation. Considering that in practice the TDOA estimate is a
non-ideal measurement around the ideal TDOA, we formulate the Time Delay
Estimation (TDE) from Equation (4) as:
Δ^ti ¼

ks  mi1 k  ks  mi2 k
þ ηi ;
C

ð5Þ

where ηi is an additive error assumed to be independently distributed for different
microphone pairs.
The microphone signals at the ith and the jth microphones can be respectively modelled as:

xi ðtÞ ¼ sðtÞ þ ni ðtÞ
;
ð6Þ
xj ðtÞ ¼ sðt þ Δtij Þ þ nj ðyÞ
where s(t) is the source signal, ni(t) and nj(t) represent the additive noises respectively at
the ith and the jth microphones, Δtij denotes the time delay between two received
signals. The aim of TDE is to estimate Δtij that is proportional to the range difference
(Brandstein and Ward, 2001; Carter, 1987; Knapp and Carter, 1976). The time domain
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cross-correlation method obtains the delay estimate between two microphones as the
time lag that maximizes the cross-correlation between the received signals. The frequency domain algorithms based on the Generalised Cross-Correlation (GCC)
method implement a frequency domain cross-correlation by introducing a weighting
function to eliminate noise disturbances:
Rx1x2 ðτÞ ≡

1 ∞
∫
W ðωÞX1 ðωÞX2 ðωÞe jωτ dω;
2π ∞

ð7Þ

where X1(ω), X2(ω) are the Fourier transforms of two microphone signals. X*2(ω) is the
conjugate function of X2(ω). The Maximum Likelihood (ML) approach and the Phase
Transform (PHAT) weighting functions are two widely used functions. The ML approach performs well in moderately noisy and non-reverberant environments
(DiBiase et al., 2001; Ianniello, 1982). In environments with high reverberations, the
PHAT weighting function (Knapp and Carter, 1976), shown in Equation (8), has
more robust performance:
WPHAT ðωÞ ¼

1
:
jXi ðωÞXj ðωÞj

ð8Þ

4. LOCALISATION ALGORITHMS. In this section, firstly we address the
problem of sound localisation based on the TDOA scheme. Secondly we adapt
three basic localisation methods to solve the localisation problem for a linear
array, namely the WLS method (Chan and Ho, 1994), the MDS method (Wei
et al., 2008; Wei et al., 2010), and the LM method (Lourakis, 2005; Moré, 1978;
Nocedal and Wright, 1999). Finally, we propose a hybrid localisation scheme to
solve the localisation problem for a linear array. Our work is derived in a 2-D
plane scenario, where the axis parallel to the linear array is set as the X-axis, and
the perpendicular bisector of the linear array as the Y-axis. Extension to 3-D scenarios remains for future studies.
4.1. Problem Statement. The localisation problem can be formulated by over-determined non-linear equations. Given a specific speed of sound, the TDOA transforms
to the range difference of arrival. Selecting the first microphone as reference, the range
differences of all the possible microphone pairs with respect to the first microphone can
be defined as:
Δrk;1 ¼ rk  r1 ≡ CΔtk;1 ; k ¼ 2; 3; . . . ; M:

ð9Þ

Taking into account the measurement error of time differences of arrival and from
Equation (5), we rewrite Equation (9) as:
Δrk;1 ≈ CΔ^tk;1 ; k ¼ 2; 3; . . . ; M:
For convenience, we define Δr1,1 = 0.
On the other hand, rk can be expressed as:
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
rk ¼ ðmxk  sx Þ2 þ ðmyk  sy Þ2 ; k ¼ 2; 3; . . . ; M:

ð10Þ

ð11Þ
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Then, the unknown sound source location s = [sx, sy]T should be the best approximate
solution to the following set of non-linear equations:
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ðmxk  sx Þ2 þ ðmyk  sy Þ2  ðmx1  sx Þ2 þ ðmy1  sy Þ2 ¼ CΔ^tk;1 ;
k ¼ 2; 3; . . . ; M:

ð12Þ

4.2. Basic Localisation Algorithms. We consider three basic methods, i.e., the
WLS method, the MDS method and the LM method to solve the localisation
problem. The detailed algorithms of the three methods are shown as Algorithms
1, 2, and 3, respectively. While Algorithm 1 is a direct application of existing literature, Algorithms 2 and 3 are particularly modified from existing literature to adapt
to the usage of the linear array. Also, Algorithms 1 and 2 are closed-form solutions, and Algorithm 3 is an iterative solution. Some remarks are shown at the
end of the algorithms. The simulation results and further discussion are presented
in Section 5.

Algorithm 1. The WLS method (application of Chan and Ho (1994))
1: ρ2k ¼ m2xk þ m2yk , k = 1, 2, …, M.
2: xk;1 ¼ mxk  mx1 , k = 2, …, M.
2

3
1 0:5    0:5
6 0:5 1    0:5 7
6
7
3: Q ¼ 6 .
.
..
..
.. 7
4 ..
.
.
. 5
0:5 0:5    1 ðM1Þ×ðM1Þ
2

3

Δr22;1  ρ22 þ ρ21

6 Δr2  ρ2 þ ρ2 7
16
3;1
3
1 7
7.
4: h ¼ 6
6
7
.
24
..
5
2
2
2
ΔrM;1  ρM þ ρ1
2

3
Δr2;1
Δr3;1 7
7
7.
..
5
.
ΔrM;1

x2;1
6 x3;1
6
5: G ¼ 6 .
4 ..
xM;1
ð1Þ

ð1Þ

ð1Þ

6: xs ¼ ½sx ; r1 T ¼ ðGT Q1 GÞ1 GT Q1 h.
7:

ð1Þ
sy

¼

r
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
  
ð1Þ

r1

2

ð1Þ

 sx

2

.
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8: Bð1Þ ¼ diag

(rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

 

ð1Þ

mx2  sx

2

ð1Þ

þ my 2  s y

2

;

)
r
r
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
 

 
ﬃ
ð1Þ 2
ð1Þ 2
ð1Þ 2
ð1Þ 2
;...;
mxM  sx
:
þ my3  sy
þ my M  s y
mx3  s x
9: Σ = C2B(1)QB(1).
h
i

1
ð2Þ
ð2Þ ð2Þ T
¼ GT Σ1 G GT Σ1 h.
10: xs ¼ sx ; r1
ð2Þ
sy

ð2Þ 2

ð2Þ 2

r1
 sx
.
h
i

T
ð2Þ ð2Þ T
is the best approximate solution in this method.
12: The result sx ; sy ¼ sx ; sy

11:

¼

ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
r
  

Algorithm 2. The MDS method (modiﬁed from Wei et al. (2008))
1: zk ¼ ½mxk ; myk ; i  Δrk;1 T , k = 1, 2, …, M, i2 = 1.
2: Calculate the (M + 1) × (M + 1) matrix D, whose (m + 1, n + 1)th entry is:
½Dmþ1;nþ1 ¼ ðzm  zn ÞT  ðzm  zn Þ
¼ ðmxm  mxn Þ2 þ ðmym  myn Þ2  ðΔrm;1  Δrn;1 Þ2 ; m; n ¼ 1; . . . ; M
The entries in the ﬁrst column and the ﬁrst row of D are all set to zero.
3: JMþ1 ¼ IMþ1 

1
1Mþ1 1TMþ1 , where 1M+1 is a (M + 1) dimensional column
M þ1

vector with all elements 1.
1
4: B ¼  JMþ1 DJMþ1 .
2
5: Find the eigenvalue decomposition of B, B = UΛUT, where Λ = diag{λ1, …, λM+1},
λ1≥…≥λM+1 ≥ 0, U = [u1, …, uM+1], UUT = I.
6: Un = [u4, …, um+1].
2
M
1 X
mx
6 
6
M þ 1 k¼1 k
6
6
M
X
6
6 mx1  1
mx
6
M þ 1 k¼1 k
7: P ¼ 6
6
6
..
6
.
6
M
6
1 X
4
my m 
mx
M þ 1 k¼1 k

M
1 X

my
M þ 1 k¼1 k

my 1 

my M

M
1 X
my
M þ 1 k¼1 k

..
.
M
1 X

my
M þ 1 k¼1 k

M
1 X

Δrk;1
M þ 1 k¼1

Δr1;1 

M
1 X
Δrk;1
M þ 1 k¼1

..
.
M
1 X
ΔrM;1 
Δrk;1
M þ 1 k¼1

3
7
7
7
7
7
7
7
7.
7
7
7
7
7
5
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8: m = [1/(M + 1)−1, 1/(M + 1), …, 1/(M + 1)]T with (M + 1) × 1 dimensions.
PT Un UTn m
.
9: z ¼ ½sx ; ~sy ; r1 T ¼ T
mﬃ Un UTn m
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
10: sy ¼ my1 þ r21  s2x .
11: The result [sx, sy]T is the best approximate solution in this method.

Remarks:
The key equation which makes Algorithm 2 valid is PTUn = zmTUn, where z = [sx, sy,
−r1]T. Since we set Y-axis as the perpendicular bisector of the linear array, all the
myk ðk ¼ 1; 2; . . . ; MÞ are the same. It can be observed that the second column of P
is proportional to m, leading to that the second row of PTUn and zmTUn are linearly
dependent. So the second element of z is forced to be a constant, which equals to
my1 . That is to say, sy cannot be directly solved from z. Hence, Step 9 of Algorithm
2 only gives a tentative solution for sy, i.e., ~sy . The final solution for sy is obtained in
Step 10 of Algorithm 2.

Algorithm 3. The LM method (modiﬁed from Nocedal and Wright (1999))
 > 0, Δ0 ∈ ð0; ΔÞ,
 η ∈ ½0; 1=4Þ.
1: Set Δ
(0) (0) T
2: Initialize x(0)
s = [sx , sy ] .

3: for l = 0, 1, 2, …
(l)
4: Calculate ε (x(l)
s ), J(xs ) from Equations (13–17):
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ðlÞ
ðlÞ
ðlÞ
ðlÞ
εk ðxðlÞ
Þ
¼
ðsx  mxk Þ2 þ ðsy  myk Þ2  ðsx  mx1 Þ2 þ ðsy  my1 Þ2  Δrk;1 ;
s

k ¼ 2; . . . ; M

ð13Þ
h
iT
ðlÞ
ðlÞ
ðlÞ
ε ðxðlÞ
s Þ ¼ ε2 ðxs Þ; ε3 ðxs Þ; . . . ; εM ðxs Þ ;

ðlÞ

ðlÞ

ð14Þ

ðlÞ

∂εk ðxs Þ
s x  mxk
sx  mx1
ﬃ;
 qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
¼ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
∂sx
ðlÞ
ðlÞ
ðlÞ
ðlÞ
ðsx  mxk Þ2 þ ðsy  myk Þ2
ðsx  mx1 Þ2 þ ðsy  my1 Þ2
k ¼ 2; . . . ; M
ðlÞ

ðlÞ

ð15Þ
ðlÞ

sy  myk
sy  my1
∂εk ðxs Þ
ﬃ;
 qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
¼ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
∂sy
ðlÞ
ðlÞ
ðlÞ
ðlÞ
2
2
2
2
ðsx  mxk Þ þ ðsy  myk Þ
ðsx  mx1 Þ þ ðsy  my1 Þ
k ¼ 2; . . . ; M

ð16Þ
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2

3
ðlÞ
ðlÞ
∂ε2 ðxs Þ ∂ε2 ðxs Þ
6
7
6 ∂sx
∂sy 7
6
7
6
7
..
..
JðxðlÞ
Þ
¼
6
7:
s
.
.
6
7
6
ðlÞ
ðlÞ 7
4 ∂εM ðxs Þ ∂εM ðxs Þ 5
∂sx
∂sy
5: Let the diagonal matrix D with non-negative entrances satisfy:
h
i
T
ðlÞ
; n ¼ 1; 2:
½D2 n;n ¼ JðxðlÞ
s Þ  Jðxs Þ

ð17Þ

n;n

6: Obtain pl that (approximately) satisﬁes:

T


1
Þþ JðxðlÞ
ÞT εðxðlÞ
Þ pþ pT  JðxðlÞ
ÞT JðxðlÞ
Þ p; s:t:kDpk  Δl :
min ml ðpÞ ¼ f ðxðlÞ
s
s
s
s
s
2
p∈R2
(l)
7: Calculate f(x(l)
s ), f(xs + pl ) from Equations (13) and (18):

f ðxs Þ ¼
ðlÞ

8: ρl ¼

ðlÞ

M
1X
ε2 ðxs Þ:
2 k¼2 k

f ðxs Þ  f ðxs þ pl Þ
¼
ml ð0Þ  ml ðpl Þ

9: If ρl < 1/4, then Δlþ1

ðlÞ

ð18Þ
ðlÞ

f ðxs Þ  f ðxs þ pl Þ
:
1 T
ðlÞ T
ðlÞ T
ðlÞ
ðlÞ
ðJðxs Þ εðxs ÞÞ pl  pl Jðxs ÞJðxs Þpl
2
¼ 1=4  kpl k.

10: If ρl > 3/4 and ||pl|| < Δl, then Δl+1 = Δl.
11: If 1/4 ≤ ρl ≤ 3/4, then Δl+1 = Δl.

12: If ρl > 3/4 and ||pl|| = Δl, then Δlþ1 ¼ minð2Δl ; ΔÞ.
= x(l)
13: If ρl > η, then x(l+1)
s
s + pl.
= x(l)
14: If ρl ≤ η, then x(l+1)
s
s .
ðlÞ

^ s ¼ xs .
15: If one of the following conditions is satisﬁed, then stop iterating, and let x
ðlÞ

ðlÞ

1) Jðxs ÞT  εðxs Þ < th1 , where th1 is a preset threshold.
2) ||pl|| < th2, where th2 is a preset threshold.
3) f(x(l)
s ) < th3, where th3 is a preset threshold.
4) The maximum number of iterations is reached.
16: end (for)

Remarks:
1) The detail of Step 6 of Algorithm 3 is shown in the Appendix.
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2) Limited by the objective function, the result of the LM method heavily depends on
the initial point.
3) The LM method works in both far-field and near-field conditions. If the sound
source is a far-field source, the LM method can give an estimate of the direction
of the source. If the sound source is a near-field source, the LM method can give
an estimate of the location of the source. In contrast, the direction-finding algorithms, such as Multiple Signal Classification (MUSIC), work only in the farfield condition.
4.3. The Proposed Hybrid Localisation Algorithm. We propose a hybrid localisation scheme on the basis of the discussed three basic localisation methods.
Algorithm 4. The hybrid scheme
1: Use Algorithm 3 (LM) to ﬁnd an initial estimate of the source location, denoted as
ð1Þ
ð1Þ ð1Þ
xs ¼ ½sx ; sy T .
2: Calculate the angle θ = angle(x(1)
s ). θ refers to the angle from the Y-axis to the line
connecting the origin of the coordinate system and the initial estimate of the source
location.
3: Rotate the microphone array around the origin point by the angle of θ, so that the
source can be roughly relocated on the perpendicular bisector of the microphone
array.
4: Use Algorithm 1 (WLS) or Algorithm 2 (MDS) to ﬁnd a reﬁning estimate of the
(2) (2) T
source location in the new coordinate system, denoted as x(2)
s = [sx , sy ] .
5: Use the standard coordinate transform to obtain the coordinates of the reﬁning
estimate of the sound source in the original coordinate system as:

cos θ  sin θ ð2Þ
ð3Þ ð3Þ T
xð3Þ
¼
½s
;
s

¼
xs :
s
x
y
sin θ cos θ
Remarks:
1) Algorithm 4 contains two stages: the initialisation stage (Steps 1 and 2) to estimate
the direction of the source, and the refining solution stage (Steps 3, 4, and 5) to estimate the location of the source.
2) The purpose of Step 3 of Algorithm 4 is to adjust the posture of the microphone
array so that the source is relocated close to the perpendicular bisector of the microphone array, i.e., close to the Y-axis in the new coordinate system. It will be illustrated in Section 5 that only when the source is located close to the Y-axis can it
be localised accurately by Algorithms 1 and 2. It is for this reason that Step 3 of
Algorithm 4 is needed.
3) Step 3 of Algorithm 4 is feasible in practice because the microphone array is a
small-scale device whose posture is easy to control.
5. EXPERIMENTAL RESULTS.
we evaluate the performance of the
hybrid localisation scheme discussed
linear microphone array, a Kinect

In this section, via simulations and field tests,
basic localisation methods and the proposed
in Section 4. As an example of a small-scale
device (Webb and Ashley, 2012) with four
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Figure 3. Illustration of the positions of the microphone array, the sources, and the initial points for
the LM method.

microphones arranged in a line is used in our field tests. The width of the microphone
array is measured to be 0·226 m. Simulations are also conducted with the same microphone deployment adopted in our field test.
5.1. Simulation Results and Discussions. We consider a four-element microphone
array in a 10 m × 10 m area. Also, we assume that the sound source and microphones
are located at the same height so that the 3-D problem is simplified to a 2-D one. We
place the small-scale microphone array on the line of y = 1, as shown in Figure 3. To
be more specific, the coordinates of the four microphones in the linear array are
(−0.113,1), (0.036,1), (0.072,1), (0.113,1), respectively.
Firstly, we evaluate the performance of the three basic localisation methods described in Algorithms 1, 2, and 3. To illustrate that the localisation performance
varies with source locations, we select 9 typical positions, the coordinates of which
are (0,2), (−1,2), (2,2), (0,5), (−1,5), (2,5), (0,8), (−1,8), (2,8) as shown in Figure 3.
Since the LM method needs to initialise an initial point of searching, we set four different initial points located at (0,2·5), (0,4·5), (0,6·5), (0,8·5).
In our simulations, we suppose that the estimate error ηi follows an independent and
identically distributed (i.i.d.) zero-mean Gaussian distribution. For each algorithm
and each sound source position, 100 independent experiments are conducted. In the
WLS method and the LM method, the average of the outputs from the 100 experiments is set as the final localisation result. In the MDS method, on the other hand,
the median of the outputs from the 100 experiments is set as the final localisation
result, so that some experiments with huge estimate errors can be excluded from the
performance evaluation. Such huge estimate errors are usually caused by a nearly
zero denominator in Step 9 of Algorithm 2. Suppose that the standard deviation
(STD) of the assumed Gaussian distribution is 2·924 μs, which corresponds to a
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Figure 4. Localisation performance for sources at (0,2), (−1,2), and (2,2).

STD of 1 mm for the range estimation. The localisation performances of the three
algorithms are shown in Figures 4 to 6.
From Figures 4–6, we conclude that:
1) The WLS method and the MDS method can give accurate estimates on source locations when the sound source is close to the Y-axis. The smaller the Y coordinate of
the source is, the more accurate the estimated location is. The accuracy of the MDS
method is better than that of the WLS method.
2) The LM method can provide accurate estimated directions of the sources. The estimated direction of the source is more accurate when the initial point lies closer to
the centre of the microphone array. However, in the LM method, an accurate estimation of the exact coordinates of the source cannot be guaranteed, since the final
result of the LM method depends on the choice of the initial point.
In conclusion, the WLS method and the MDS method perform well only for sources
located close to the perpendicular bisector of the microphone array, while the
LM method is particularly good at estimating the direction of the source. We should
re-emphasise that, in contrast to the direction-finding algorithms like MUSIC which
work only in the far-field condition, the LM method works in both far-field and
near-field conditions.
Secondly, we evaluate the performance of the proposed hybrid localisation scheme
(Algorithm 4). The details of the hybrid scheme are explained as follows. In Step 1 of
Algorithm 4, the initial points for LM method are set to be (−2,2), (−1,3), (1,3), and
(2,2). The estimated direction of the source is set to be the average of the four estimated
directions calculated from the four initial points. In Step 3 of Algorithm 4, the MDS
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Figure 5. Localisation performance for sources at (0,5), (−1,5), and (2,5).

Figure 6. Localisation performance for sources at (0,8), (−1,8), and (2,8).

method is chosen to estimate the location of the source in the rotated coordinate
system, since it performs a little better than the WLS method. The other simulation
parameters are the same as those for Figures 4 to 6.

Downloaded from https://www.cambridge.org/core. IP address: 100.26.182.28, on 18 Sep 2019 at 20:35:01, subject to the Cambridge Core terms of use, available at
https://www.cambridge.org/core/terms. https://doi.org/10.1017/S0373463315000107

928

W U YA N G J I A N G A N D O T H E R S

VOL. 68

Figure 7. Localisation performance for sources at (0,2), (−1,2), (2,2), (0,5), (−1,5), (2,5), (0,8),
(−1,8), (2,8).

Figure 8. Estimate error distribution of the hybrid scheme in a target area.

In Figure 7, we compare the simulation results for the WLS method and the proposed hybrid scheme. Here, we choose the WLS method as benchmark because it is
a well-known TDOA-based localisation algorithm and it has a similar performance
as the MDS method as can be seen from Figures 4 to 6. Additionally, in Figure 8,
we display the estimate error distribution of the hybrid scheme in a given area. The
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Figure 9. The Microphone array in a Kinect.

estimate error is defined as the distance between the true location and the estimated
location of the same source.
From Figures 7 and 8, we summarise the following conclusions.
1) The estimated locations by the hybrid scheme are more accurate than those by the
WLS method, especially for sources located relatively far away from the Y-axis.
2) The accuracy of the estimated locations by the hybrid scheme decreases when the
source goes away from the centre of the microphone array.
3) The hybrid method could achieve an average accuracy of 0·32 m in the square area
marked in grey in Figure 8.
5.2. Field tests. We verify the effectiveness of the investigated localisation algorithms using field tests. A Kinect device (Webb and Ashley, 2012) with four microphones arranged in a line has been used in our tests. The Kinect microphone array
features four microphone capsules with each channel processing 16-bit audio at a sampling rate of 16 kHz. The dimensions of the Kinect microphone array are shown in
Figure 9. The distance between the left most and the right most microphones is
0.226 m. Only one microphone is placed on the left-hand side and the three other
microphones are located on the right-hand side of the device. The Kinect microphone
array was originally designed for beam forming (Thomas et al., 2012). Previous research on the Kinect microphone array mainly focuses on the direction detection of
a sound source instead of the exact location. In this paper, we use the Kinect for
locating a sound source and estimating its coordinates.
Figure 10 shows the test setup, where a Kinect device is placed on a table near the
wall and connected with a laptop via USB connection. In the test environment, as
shown in Figure 11, a sound source is located on another table with the same height
as the one that the Kinect device stands on. The local coordinate system defined for
our tests is depicted in Figure 11.
Figure 12 shows a test example in which a sound source emits a signal four times,
and the signal is recorded by the four channels of a Kinect microphone array. Each
channel handles the signals of one microphone. The signals are utilised for time
delay estimation using the algorithms described in Section 3. It should be noted that
we conducted our field tests in a simple way in order to concentrate on verifying the
effectiveness of the algorithms. The more sophisticated acoustic signal processing is
beyond our scope and remains for future studies.
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Figure 10. Test setup.

Figure 11. Test environment.

If we consider all the possible microphone pairs, i.e., (Mic1, Mic2), (Mic1, Mic3),
(Mic1, Mic4), (Mic2, Mic3), (Mic2, Mic4), (Mic3, Mic4), an example of the delay estimates is shown in Figure 13 and Table 1, where the source is located at (1,1·9). From
Figure 13, we can see that both of the methods give good estimates of the true time
delay, while the time domain delay estimate method is a little better than the GCCPHAT delay estimate method. The maximum error of delay estimate is about
0·0066 ms, which is interpreted into about 2·26 mm error in the range measurement.
The average deviation between the range measurement and the true range is 1·01 mm.
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Figure 12. Signals of Kinect’s four channels.

Figure 13. Time delay estimation experiment.
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Table 1. Time Delay Estimation Experiment.
Microphone pair
index

Microphone
pair

1
2
3
4
5
6

(Mic1,
(Mic1,
(Mic1,
(Mic2,
(Mic2,
(Mic3,

Mic2)
Mic3)
Mic4)
Mic3)
Mic4)
Mic4)

True delay
(ms)

Time domain delay
estimation (ms)

GCC-PHAT delay
estimation (ms)

0·1956
0·2522
0·3059
0·0565
0·1103
0·0537

0·1937
0·2562
0·3125
0·0562
0·1125
0·0562

0·1875
0·2500
0·3125
0·0625
0·1250
0·0625

Figure 14. Localisation performance for sources located at (0,3), (1,2·9), (−1,4), and (1,6·7).

Table 2. Localisation Error for sources located at (0,3), (1,2·9), (−1,4), and (1,6·7).
Source location
(0,3)
(1,2·9)
(−1,4)
(1,6·7)

Localisation error of WLS (m)

Localisation error of hybrid (m)

0·4109
0·3950
1·5444
4·0794

0·1355
0·1554
0·4251
2·1981

The coordinate system of the field test is the same as that used in Section 5.1. In
Figure 14 and Table 2 we present the field test results of the hybrid scheme for
another four sources located at (0,3), (1,2·9), (−1,4), and (1,6·7). The well-known
WLS method is chosen as the benchmark.
From Figure 14 and Table 2 we can see that the estimated locations by the hybrid
scheme are more accurate than those of the WLS method. In the same square grey

Downloaded from https://www.cambridge.org/core. IP address: 100.26.182.28, on 18 Sep 2019 at 20:35:01, subject to the Cambridge Core terms of use, available at
https://www.cambridge.org/core/terms. https://doi.org/10.1017/S0373463315000107

NO. 5

INDOOR LOCALISATION USING SMALL-SCALE MICROPHONE ARRAY

933

area plotted in Figure 8, the WLS method achieves an average error of 0·7834 m. The
mean error of the proposed hybrid scheme is only 0·2387 m. Thus, our field tests verify
the conclusions drawn in Section 5.1.

6. CONCLUSION AND FUTURE WORKS. Microphone arrays have been
widely used for sound localisation. Small-scale microphone arrays have been deployed
in consumer electronic devices such as Kinect and smartphones. This paper studies the
possibility of using a small-scale linear microphone array for the purpose of locating a
sound source. Both the time domain delay estimate method and the GCC-PHAT delay
estimate method are applied to estimate the time difference of arrival in a microphone
pair. Given the time difference estimations, we adapt the WLS method, the MDS
method, and the LM method to calculate the coordinates of the sound source.
Furthermore, we develop a hybrid scheme based on the above basic methods. Both
simulations and field tests are conducted. Simulation results show that the proposed
hybrid scheme outperforms the existing methods, which can achieve an average accuracy of 0·32 m in a room of 8 m by 5 m. Field tests are executed in a laboratory
environment using a linear array in a Kinect device with a length of 0·226 m. The
time delay estimate method is verified to be able to give delay estimates with an
error less than 0·0066 milliseconds, which satisfies the requirement of localisation algorithms. Field test results corroborate the conclusions drawn from simulations.
The scope of this paper is aimed at localisation solutions. Therefore, the efficiency of
the utilised algorithms is ignored. In the future, we will further study these topics, for
instance, using the geometry information to constrain the iterative optimisation and
restrict the search space. This paper only presents the test results for a static environment. In the future, the effects of obstacles, e.g., people, furniture, equipment etc., and
tracking of moving target will be studied. Finally, we will extend our work to threedimensional scenarios in future studies.
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APPENDIX
The detail of Step 6 of Algorithm 3 is as follows:
Solving the minimization problem in Step 6 of Algorithm 3
 
~ ¼ J xðlÞ
6.1: J
 D1 :
s
 
~T  ε xðlÞ
:
6.2: g ¼ J
s
~
~T  J:
6.3: B ¼ J
6.4: Eigenvalue decomposition: B = QΛQT,
where Λ = diag{λ1, λ2}, λ1 ≤ λ2, QQT = QTQ = I
6.5: If λ1 ≤ 0, then go to Step 6.7
6.6: If λ1 > 0, then let p = −QΛ −1QTg. If ||p|| < Δl, then go to Step 6.20; if ||p|| ≥ Δl, then
go to Step 6.7.
6.7: Initialise λ(n) = λ(0) which satisfies λ(0) > −λ1.
~
Rλ
J
pﬃﬃﬃﬃﬃﬃﬃﬃﬃ
¼ Qλ
,
0
λðnÞ I
where Qλ is orthogonal, Rλ is upper triangular.
6.8: QR decomposition:

6.9: Solve p(λ(n)) from RTλ Rλp = −g.
6.10: If |||p||−Δl| < thλ, where thλ is a preset threshold, then stop iteration and go to
Step 6.20.
6.11: If |||p||−Δl| ≥ thλ
6.12: Solve q from RTλ q = p.
6.13: Set h = 1

kpk2 kpk  Δl

:
Δl
kqk2
~
Rλ
J
¼ Qλ
,
6.15: QR decomposition: pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ðnþ1Þ
0
λ
I
where Qλ is orthogonal, Rλ is upper triangular.

6.14: λðnþ1Þ ¼ λðnÞ þ h 

6.16: Solve p(λ(n+1)) from RTλ Rλp = −g.
6.17: If ||p(λ(n+1))|| < ||p(λ(n))|| and λ(n+1) > 0, then n ← n þ 1, go to Step 6.8.
6.18: If ||p(λ(n+1))|| < ||p(λ(n))|| and λ(n+1) ≤ 0, then let λ(n+1) = λ(n)/2, go to Step 6.8.
6.19: If ||p(λ(n+1))|| ≥ ||p(λ(n))||, then let h ← h=2, go to Step 6.14.
6.20: pl = D−1p.
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