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Declaration of Consent
I agree to make both versions of my thesis (with passing grad) accessible to the
public by having them added to the library of the Computer Science Department.

Saarbrücken,
(Datum/Date) (Dominic Buchheit)





Acknowledgments

Firstly, I thank my supervisor, Professor Dr. Dietrich Klakow for the continuous
support during the preparation and the thesis itself.

Besides my supervisor, I extend my thanks to my advisor Dipl. Ing. Youssef Oualil
for his motivation, immense patience and knowledge I experienced during the en-
tire time. Without his support it would not have been possible to write this thesis.

My sincere thanks also go to my second assessor Prof. Dr. Bernd Finkbeiner.

Many thanks go to the members of the LSV and the chair itself for giving me
feedback during the preparation phase and providing information as well as the
infrastructure needed to work on this thesis.





Abstract

In current times, object localization and tracking is getting more and more impor-
tant. There are different approaches with individual advantages and flaws, mostly
contradictory. Low error rates usually mean high computational effort, while low
computational effort means high error rates. Existing algorithms try to find a rea-
sonable exchange between these two extremes. The object of this work is to im-
plement some of the most common localization and tracking algorithms and study
their behavior in different scenarios using different configurations.
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1 Introduction

The following chapters describe the motivation and define some basic terms needed
in the course of this thesis.

1.1 Motivation

As described in the seminar paper [7], there are several different algorithms and
methods to localize and/or track generic objects in their environment. Some of
them were developed for a special case, but most of them are generic for any kind
of measurement-object combination. For example, a quantity to measure (and to
localize/track) could be a temperature as well as an image or an audio signal. On
the other side, an object to track could be a person, a robot or a thing in general.
As mentioned in the seminar paper [7], the focus of this work lays on tracking
speaking persons. Each of the algorithms -so called filters- has its advantages and
disadvantages, some are more robust than others, depending on the scenario and
parameters set.

1.2 Time Difference Of Arrival

We assume having n microphones ({m1,m2, ...,mn}) at pairwise disjunct posi-
tions in a space. The Time Difference Of Arrival (TDOA) describes the delay (in
time units) between an arriving signal at microphone mj with respect to the same
signal at microphonemi. Same signal in this case means the audio waves produced
by a speaker at an unknown position, sampled by mi and mj , respectively. Some-
times, authors refer to Sample Difference Of Arrival (SDOA) instead of TDOA.
The only difference is that TDOA respects the (constant) sample frequency f of
the sensors while SDOA does not. It follows the identity:

TDOA =
SDOA

f
(1)

Obviously, TDOA and SDOA are directly proportional (SDOA ∼ TDOA). There-
fore, if we talk about TDOA, it is also valid for SDOA and vice versa. Using the
far-field-assumption1, the TDOA of the signal produced by object x between the
microphones mi and mj can be defined as described in equation 2 [2]:

τmi,mj (x) =
||x−mi|| − ||x−mj ||

s
(2)

where s is the speed of sound. A similar approach as used in [3], uses, again under
the far-field-assumption, the angle of arrival instead of the absolute position x of
the object to track:

τmi,mj (Θ,Φ) =
d[Θ,Φ]T · (mi −mj)

s
(3)

1From a certain distance to the speaker on the wave-front of an audio signal could be viewed as a
straight line (instead of a curved line)
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where d[Θ,Φ] = [cos(Φ) sin(Θ), cos(Φ) cos(Θ), sin(Φ)] denotes the spherical-to-
Cartesian coordinate transformation of the angle of arrival, assuming a distance to
the speaker of r = 1m.

Figure 1 shows a schematic description of a TDOA scenario in 2-D space, where
x is the object of interest, mi and mj are the audio sensors (microphones), a is
the distance of the wave front already moved and d is the wave-front difference
between mj and mi. In this case the TDOA is obviously τmi,mj (x) = d

s . In

Figure 1: Schematic description of TDOA scenario.

practice, most of the time, the delay τmi,mj (x) is measurable, while the distance
between x and the microphones mi and mj , respectively, as well as the azimuth2,
are the (unknown) objects of interest.

1.3 Generalized Cross Correlation With Phase Transform

The Generalized Cross Correlation with Phase Transform (GCC-PHAT) provides
a TDOA estimation of a signal between two microphones. Given two signals xi(n)
and xj(n) of the two microphones i and j, GCC is defined as

Rq(τ) =
1

2π

∫ 2π

0
Φ(ω)Xi(ω)(Xj(ω))∗ejωτdω (4)

where (·)∗ denotes the complex conjugate, and Xi(ω) and Xj(ω) are the Fourier
transform of both signals xi and xj , respectively. Φ(ω) denotes a pre-filter. A

2The angle between x and the sensors
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common choice of Φ(ω) is the phase transform (PHAT) weighting:

Φ(ω) =
1

|Xi(ω)(Xj(ω))∗|
(5)

1.4 Steered Response Power - Phase Transform

The Steered Response Power (SRP) is probably the easiest way to localize an
object of interest. While easiest refers to the simplicity, the algorithm is highly
computationally inefficient. The steered response returned from a certain source
location q can be calculated as [4]

SRP (q) = 4π

M∑
m=1

(Rm(τm(q))) +K (6)

whereM denotes the number of microphone pairs andK is introduced by the auto-
correlation of each microphone pair (see [4] for more details). Since K is constant,
we ignore it during the rest of this thesis.

In order to find the source q̂ of the signal, one tries to maximize SRP (q) over all
positions Q in the 2-D/3-D space:

q̂ = arg max
q∈Q

SRP (q) (7)

In other words: SRP iterates over a defined grid (all positions in the scene), in
order to find the state which is most likely the source position of the object. Thus,
the computationally complexity is in order of O(n2m), where n is the number of
microphones and m is the number of states in the grid.
Figure 2 shows the basic qualitative tool chain of the SRP localization algorithm.
When talking about SRP with Phase Transform (SRP-PHAT), we imply a PHAT
weighted GCC estimation Rm(τm(q)) under SRP.
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Figure 2: Top: Define room and sensor positions. Middle: Superimpose a grid net.
Bottom: Apply SRP on grid.
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2 Thesis Description

Goal of this thesis is to implement and use several algorithms for object tracking,
in order to find differences in their behavior in certain scenarios. As mentioned, the
focus lays on audio signals produced by speakers. These signals were recorded by a
number of microphones, located in a relatively small room. The room dimensions,
the locations of the microphones and the speaker’s movement will be described in
more details in the following chapters.
Roughly, the thesis describes the following steps:

1. Implement different algorithms for object tracking.

2. Define scenarios and performance standards.

3. Simulate/build the scenarios.

4. Run a performance study using the implemented filters on top of the scenar-
ios.

5



3 Thesis Environment

During the thesis, we defined the environment where we performed all the experi-
ments. This environment will be defined in the following sub-chapters.

3.1 Room

In order to provide a consistent basis for each filter and scenario, we decided to
simulate audio signals rather than to record them. A further benefit of an approach
like this is that one can easily adapt the framework conditions by adding more or
less (or none) noise, as well as different speaker movements. The room is defined
as follows:

• Dimensions: 5m× 3m× 2.5m

• One microphone array with 8 microphones.

• Microphone array is located near the center at (2.5m/1.5m/0.9m), uni-
formly arranged on a circle with radius 0.06m.

• Carpeted floor, sound absorbing material on the ceiling.

We used the MATLAB implementation of the fastISM algorithm by Eric Lehmann
[8], based on [13] and [15], to simulate the room as described above.

Figure 3: Room containing a microphone array (gray) and an exemplary speaker (red).

Figure 3 exemplary shows the room dimensions.
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3.2 Speaker Movement

Besides the static speaker scenario as described in figure 3, we defined several
other moving speaker scenarios:

1. straight line

2. straight line with an edge

3. nonlinear line with an edge

4. nonlinear line

5. straight lines but with a sudden appearance at another position

6. circle around the microphone array

For the experiments itself we used the static scenario and 4 to 6.
For each of the scenarios, we assumed a static velocity of the speaker. Otherwise,
it would be mandatory to track the speaker’s velocity as well, which would enor-
mously complicate the scenarios. Since we are mainly interested in the direction to
the speaker (relative to the center of the microphone), we also defined the speakers
height to 1.7m.
Figure 4 shows a plot of the scenarios from the bird’s eye perspective. In every
scenario, except of the circle movement, the speaker starts at the lower left corner
and moves along the red marked trajectory.

3.3 Noise

The fastISM implementation allows to add noise in a definable level relative to the
signal, the so called signal-to-noise ratio (SNR). Generally speaking, the SNR is
defined as the relation between the mean power of the useful signal and the mean
power of the added noise. The mean power of a (real) signal s at time t is defined
as:

P̂ (t) = lim
T→0

1

2T

∫ T

−T
s(t) · s∗(t)dt s(t) is real

= lim
T→0

1

2T

∫ T

−T
s(t)2dt (8)

Using equation 8, the generic SNR is defined as follows:

SNRgeneric =
Puseful signal

Pnoise
(9)

Because of the fact that in most scenarios the noise is much lower than the useful
signal (⇒ Pnoise � Puseful signal), the SNR often gets defined logarithmically
and is measured in the pseudo-unit decibel (dB):

SNR = 10 · log(
Puseful signal

Pnoise
)dB (10)

7



Figure 4: 1. Static speaker. 2. Linear movement with sudden appearance at another
position. 3. Non linear movement. 4. Circular movement.

Bird’s eye perspective, speaker (red) at height z = 1.7m, microphone at z = 0.9m, the
z-axis stretches out of the paper layer.
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SNR value range (dB) Quality of signal
40 - 20 very good
19 - 10 good/okay
9 - 5 bad
4 - 0 very bad

−1 - −12 not usable

Table 1: Typical classification of signal-to-noise ratios.

FastISM uses the latter definition and a white Gaussian noise. Table 1 shows a
typical classification of signal-to-noise ratios.
We used different levels of SNR for each scenario: A low noise level (30dB), a
medium noise level (15dB) and a heavy noise level (5dB).

3.4 Scenario Outputs

After defining, configuring and simulating each of the scenarios, fastISM produces
multi channel audio signals. Each channel represents a real discrete signal, sam-
pled by a single microphone. In our case, we defined a microphone array contain-
ing 8 microphones resulting in a 8 channel audio file.
FastISM creates these audio files by simulating the Room Impulse Response (RIR)
and coat over a configurable audio file.

Besides the audio files, we used the defined speaker trajectory to calculate the
speaker’s real positions, the so called ground truth. The ground truth consists
of the speaker’s Cartesian coordinates and later gets uniformly stretched to fit the
duration of the audio file. This approach is valid since we assumed the speaker’s
moving velocity as constant.
Having the ground truth in Cartesian coordinates has several advantages: The
biggest one is that we know the real initial position of the speaker and we are able
to transform this position to spherical coordinates at any time to get the signal’s
direction of arrival.
Figure 5 shows the plotted samples of an audio file. The colorful peaks in the
background lead to the conclusion that the channels are in fact delayed since other-
wise the plots would fit perfectly over each other. The right side of figure 5 shows
a plot of the ground truth in form of the angle of arrival over the time in samples.

3.5 Limitations Of Test Data

Our simulation assumes ideal environment conditions, there is no unexpected ad-
ditional noise besides the noise produced by the speaker and/or the microphones.
This means that unexpected situations like a blowing light bulb or a projector’s fan
are not considered.

9



Figure 5: Left: 8 channel audio file plotted over each other. Right: Ground truth of a
nonlinear moving speaker (figure 4, picture 3).

As mentioned in chapter 3.4, the simulation needs an audio file to produce the
microphone signals. We selected a file where the speaker speaks without any
interruption, in order to make sure that there are always samples available for
tracking and the filters are getting disturbed as less as possible. However, as part
of this thesis, we wanted to check the filters behavior with missing samples and/or
longer intervals without a talking speaker. Therefore, we created additional audio
files for the simulation, based on the first file, and added some silence periods
where the pure audio signal equals zero.

Figure 6: A single channel of a simulated audio signal with 8 channels, containing three
silence periods, two major and one minor, SNR: 20dB.

Figure 6 shows a single channel of the simulated audio file. Note that, due to the
added noise, the signal during the silence periods is not zero at all. In the case of
figure 6 we used a fairly good signal-to-noise ratio of 20dB. All the scenarios are
designed for one single speaker. There is no multi-speaker support in this thesis.
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4 Tracking Algorithms

This chapter explains the principle behind filters in general and introduces the fil-
ters used in this thesis.

4.1 A General Filter

Unlike pure localization algorithms such as SRP-PHAT (chapter 1.4), tracking
filters should be able to track an object (online) and predict its next state. Most of
the filters follow a three point plan as illustrated in figure 7.

Prediction Update

Initialization

Figure 7: Three point plan for filters.

Algorithm 1 provides a pseudo code implementation of filters in general. All of
the filters used in this thesis are following this concept.

1 Initialize the filter’s individual parameters
2 For each iteration (i. e. each incoming measurement)
3 Predict the object’s state on base of the last prediction
4 Predict the object’s next measurement based on the predicted state
5 Update the prediction using the incoming measurement
6 End for each

Algorithm 1: Generic filter in pseudo code

Annotation: Our used MATLAB implementations of all the following filters can be
found in the appendix.

4.2 Variable Explanations

With this chapter, we want to clarify variables and terms often used in the following
chapters.
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4.2.1 Object State

An object state xk describes the object of interest x at a certain time step k. An
object of interest could be for example a position of a robot in the room or a filling
level of a hydroelectric plant. Let X be the set of all possible states (e. g. all
positions in the room), then x ∈ X describes a single object state. X0:k describes
the object’s states from time 0 to k.
x̂k means an estimation of the object state x at time k.

4.2.2 Measurement

Similar to the object state, a measurement yk at time k can have different meanings
(position, filling, time delays). We differ between direct measurements, where the
object’s state gets measured without the need of any transformation, and measure-
ments that need some kind of transformation. In other words: If y is in the same
space as x than y is considered as direct measurement, while for any transition
function h so that h(x) = y ∈ Y , y is considered as indirect measurement of the
state x. Y describes the set of all possible measurements and Y0:k describes the
measurements from time 0 to k.
ŷk means an estimation of the measurement y at time k.

4.2.3 The Object State Transition Function

The object state transition function f describes the relation between the object
state xk at time k and its predecessor xk−1 at time k − 1. It is needed to predict
the object’s next state, respecting some additional noise vk. It can be a nonlinear
function so that

xk = f(xk−1) + vk. (11)

If f is a linear system of equations, one could represent it in its matrix representa-
tion F so that

xk = F · xk−1 + vk. (12)

4.2.4 The Measurement Transition Function

The measurement transition function h maps an object state xk at time k to the
measurement yk produced by this state, respecting some additional noise wk. It
can be nonlinear so that

yk = h(xk) + wk. (13)

If f is a linear system of equations, one could represent it in its matrix representa-
tion H so that

yk = H · xk−1 + wk. (14)

12



4.2.5 The Object State Covariance Matrix

Pk is called covariance matrix of the state at time k. It basically describes how reli-
able the current estimation of the object state is. It is needed to form the knowledge
about the object state at a certain time, together with the estimated object state:

xk ∼ N (x̂k, Pk) (15)

where xk describes the object state and follows a normal distribution (N ) with an
object state estimation x̂k as mean and the Pk as covariance.

4.2.6 Noise Covariance Matrices

Similar to the state covariance matrix, which describes the reliability, the noise
covariance matrices describe how reliable the state model transition function and
the measurement transition function are. Having a signal-to-noise ratio (SNR) of a
white noise, determining the measurement covariance matrix R is simple:

R = I · 1

10
SNR
10

(16)

where I is the identity matrix and SNR is the signal to noise ratio in dB. We use
the white uncorrelated Gaussian noises vk and wk and their covariances Qk and
Rk in order to express the noise added to the transition functions at time k.

4.3 Assumptions

Single object tracking is meant to be concerned with the tracking process of one
single object. The object itself could either be static in its current state or moving
on a linear, nonlinear or even random trajectory. The following algorithms are all
capable of tracking one object, mostly using the following assumptions:

A1 Object dynamics (xk−1 → xk) and measurement equations (yk) are linear:

xk = Fxk−1 + vk

yk = Hxk + wk
(17)

A2 vk and wk are zero mean white uncorrelated Gaussian noise sequences.

A3 The posterior density of the object state p(xk−1|yk−1) at time k− 1 is Gaus-
sian with mean xk−1 (latest state estimation).

4.3.1 Kalman Filter

Since the Kalman Filter (KF) relies on every single one of the three assumptions
A1-A3, its implementation is simple, compared to the other filters in this document.
Challa et al. [1] derived the filter as in algorithm 2.

13



1: Prediction (predicted mean and covariance matrix):

x̂k|k−1 = F x̂k−1|k−1

Pk|k−1 = FPk−1|k−1F
T +Qk

(18)

2: Predicted measurement, innovation covariance matrix and Kalman gain:

ŷk|k−1 = Hx̂k|k−1,

Sk = HPk|k−1H
T +Rk,

Kk = Pk|k−1H
TS−1

k

(19)

3: Posterior mean (new position) and covariance matrix

x̂k|k = x̂k|k−1 +Kk(yk − ŷk|k−1),

Pk|k = Pk|k−1 −KkHkPk|k−1

(20)

Algorithm 2: Kalman Filter.

The Kalman Filter nicely shows the two step technique as described in figure 7.
While steps 1 and 2 predict the objects state and the next measurement, respec-
tively, the third step corrects these predictions based on the actual input. The
state covariance matrix (Pk|k−1) describes how reliable the prediction x̂k|k−1 is,
based on the last state covariance matrix Pk−1|k−1 and the state transition matrix
F , adding some transition noise using its covariance matrix Qk.

As simple the Kalman Filter is, as limited it is, since it hardly relies on the men-
tioned assumptions (chapter 4.3). The biggest flaw of the Kalman Filter is the
dependency of linear object and measurement transition functions, which excludes
the Kalman Filter from being a candidate for the TDOA approach.

4.3.2 Extended Kalman Filter

The Extended Kalman Filter (EKF) only relies on the assumptions A2 and A3 and
does not need linear models. In general, the EKF tries to approximate its nonlinear
models in each iteration. Again, we implemented the EKF derived and proposed
by Subhash Challa et al. (algorithm 3,[1]).

A question one may ask is: ”What happens if the transition functions are already
linear?”. This special case is indeed interesting, since then, it is not necessary to
calculate the linearization. In other words, the EKF reduces to the normal KF what
makes the KF a special case of the EKF.

14



1: Compute a linearized approximation of the object state transition:

Fk = ∇xT f(x)|x=x̂k−1|k−1
(21)

2: Predict the object state and covariance matrix:

x̂k|k−1 = f(x̂k−1|k−1),

Pk|k−1 = FkPk−1|k−1F
T
k +Qk

(22)

3: Compute a linearized approximation of the measurement transition:

Hk = ∇xT h(x)|x=x̂k|k−1
(23)

4: Predict the measurement and calculate the innovation covariance matrix and
Kalman Gain:

ŷk|k−1 = h(xk|k−1), Sk = HkPk|k−1H
T
k +Rk,

Kk = Pk|k−1H
T
k S
−1
k

(24)

5: Compute the posterior object state and covariance matrix:

x̂k|k = x̂k|k−1 +Kk(yk − ŷk|k−1),

Pk|k = Pk|k−1 −KkHkPk|k−1
(25)

Algorithm 3: Extended Kalman Filter, differences to the KF are marked red.
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4.3.3 Unscented Kalman Filter

The Unscented Kalman Filter (UKF) is an alternative to the EKF and therefore
relies on the same assumptions. While it shares the computational simplicity with
the EKF, it is easier to implement. The difference between this filter and the filters
before is that there is no need to compute Hessian or Jacobian matrices. Instead,
the filter uses the so called unscented transformation and sigma points to estimate
the linearizations. Figure 8 schematically shows the UT besides the linearization
and the actual object state. [9] and [10] provide detailed information about the
unscented transformation and about the parameters needed, as well as the number
of sigma points needed. During the implementation we used their definition.

Figure 8: Example of the Unscented Transformation for mean an covariance
propagation. Left: actual. Middle: first order linearization (EKF). Right: Unscented

Transformation. [9]

Algorithm 4 again describes the implementation derived and proposed by Challa
et al. [1]. Another good introduction is [14], provided by Julier et al.

16



1: Determine sigma points X1
k−1, ..., X

s
k−1 and weights w1, ..., ws

to match a mean x̂k−1|k−1 and covariance matrix Pk−1|k−1

2: Compute the transformed sigma points Xi
k = f(Xi

k−1), i = 1, ...s.

3: Compute the predicted state statistics:

x̂k|k−1 =

s∑
i=1

wiXi
k

Pk|k−1 = Qk +

s∑
i=1

wi(Xi
k − x̂k|k−1)(Xi

k − x̂k|k−1)T
(26)

4: Determine sigma points X1
k , ..., X

s
k and weights w1, ..., ws

to match a mean x̂k|k−1 and covariance matrix Pk|k−1

5: Compute the transformed sigma points Y i
k = h(Xi

k), i = 1, ..., s.

6: Compute the predicted measurement statistics:

ŷk|k−1 =

s∑
i=1

wiY i
k

Sk = Rk +

s∑
i=1

wi(Y i
k − ŷk|k−1)(Y i

k − ŷk|k−1)T

Ψk =

s∑
i=1

wi(Xi
k − ŷk|k−1)(Y i

k − ŷk|k−1)T

(27)

7: Compute the posterior mean and covariance matrix:

x̂k|k = x̂k|k−1 + ΨkS
−1
k (yk − ŷk|k−1)

Pk|k = Pk|k−1 −ΨkS
−1
k ΨT

k .
(28)

Algorithm 4: Unscented Kalman Filter.
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4.3.4 Particle Filter

In contrast to the filters before, the Particle Filter (PF) seeks a discrete approxima-
tion (stochastically) to the posterior probability density function. This has several
advantages:

• The implementation is much simpler: no need to derive rules for determining
the grid points, nor linearizing the models.

• The sampling procedure will automatically move sample points to the region
of the state space of interest.

• Computational complexity is decreased (because the error convergence rate
is independent of the dimension of the state).

Mostly, this filter is formualted as a Sequential Monte Carlo (SMC) method and
uses so called particles to estimate the object’s state. In general a particle filter
has the form as described by Challa et al. (figure 5, [1]): For each iteration, there
exists a number of particles n. If it is the first iteration (and there are not yet any
particles), the particles are created (A) around the initial object state respecting a
certain variance σ.
For each of these particles (= a possible object state), the filter now computes the
posterior object’s state. In other words: For each particle, it applies the object state
transition function f as well as the measurement transition function h with respect
to the noise covariances.

1: for i = 1, ..., n do

2: Draw samples(xik, t
i) ∼ x0

3: Compute the weight update factor:

eik =
p(yk|xk, y1:k−1)p(xk|xt

i

k−1), y1:k−1

q(xik, t
i)

(29)

4: end for

5: Compute the updated weights:

wi
k =

wi
k−1e

i
k∑n

j=1 w
j
k−1e

j
k

, i = 1, ..., n (30)

Algorithm 5: Basic Particle Filter.

Using the transformed particles ŷn and the actual measurement y the filter scores
each of the particles and weights them (B). Finally, after resampling (C) the parti-
cles with respect to the weights, the posterior object’s state gets estimated (D).

For each of the steps there exist different approaches. We used the following:
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A Gaussian distribution with variance σ.

B Multivariate Gaussian distribution at y with mean ŷn and the noise covari-
ance matrices.

C Gaussian distribution with variance σ around the best particles (particles
with highest weights).

D The mean of the resampled particles.

Obviously, the more particles used, the more accurate the filter will be as well as
the execution time will increase. Figure 9 shows schematically how the Particle
Filter works, assuming the same domain of the object states and measurements.
There are several other (improved) implementations such as the Bootstrap filter for
single-object tracking or the Optimal Importance Density for single-object track-
ing. Both (and more) are described and derived in [1].
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Figure 9: Schema for the function of the particle filter with 100 particles, x, y ∈ Y
Top: Creation of particles around the previous object state and their transformation.

Bottom: Resampling of the particles with respect to their weighting based on the actual
measurement and estimation of the posterior object state.
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4.4 Limitations

In order to be able to compare the performance of the pure algorithms, we decided
to implement the basic filter algorithms only and renounced adding heavy improve-
ments. For many of the limitations below, solutions are available. These will be
pointed out in later chapters.

4.4.1 Transition Functions

The accuracy of the filters estimates hardly depends on the accuracy of the transi-
tion functions (object state and measurement) used. Figure 10 schematically illus-
trates the advantage of a more precise transition function f over a less precise one:
The error covariance R can be chosen lower and therefore the estimates will be
more accurate. This applies for both, model transition function and measurement
transition function.

Figure 10: Left: Relatively good model function f . Noise covariance R can be low.
Right: Relatively bad model function f . R must be higher.

4.4.2 Agile vs. Passive Object Movement

The higher the speed and/or the agility of the object, the better the transition func-
tions have to be in order to ensure the estimations quality. Otherwise, the error
covariance matrices must be increased with the same effect as described in chap-
ter 4.4.1.

4.4.3 High Noise Level

A high noise level (= low SNR) leads to wrong measurements in the meaning of
e. g. incorrect positions or too large or too low TDOA values.
Figure 11 illustrates the difference between an audio record without any noise and
a static SNR of 5dB. Of course this applies not to audio signals only but signals
in general, too. The noise level is not necessarily constant, but could change over
time, e. g. different noise volumes of a projector’s fan.
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Figure 11: Left: Audio record with no noise. Right: The same audio record with noise
added (SNR 5dB).

4.4.4 Periods Of Silence

If the object stops producing measurements (e. g. stops speaking) but contin-
ues moving, it appears to the filter that there are missing or wrong measurements.
There are several approaches conceivable in order to fix or soften this effect:

• Take the measurements as they are (object appearing at another position,
chapter 4.4.5).

• Stay static at the last known position.

• Use the object transition model alone to simulate the object’s movement.

4.4.5 Rapidly Moving Object

Sometimes it seems that the object seems to move infinitely fast to another posi-
tion in the space. Often, this is because of missing measurements or periods of
silence (chapter 4.4.4). In multi speaker scenarios, another reason could be the
mislabeling of two or more objects.
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5 Experiments

In order to check the performance of each individual filter, we performed a series of
experiments with different scenarios. We decided to use two different approaches:
On top of SRP pre-localized directions and a pure TDOA approach. This chapter
details the used bases for the experiments and justifies the parameters we chose
during the experiments.

5.1 Setup

5.1.1 Signal Response Power, Pre-Localized

In order to check the filters’ tracking only performances we decided to pre-localize
the speaker using SRP-PHAT (chapter 1.4). We used the SRP implementation
of Lathoud [5] which he -and several other researchers- also uses in his AV16.3
corpus [6]. As mentioned, SRP is a grid based algorithm. We defined a hexahe-
dron as grid matching our defined scenario room with a resolution of 0.1m. This
means that each of the grid points has a distance of 0.1m to each of its neighbors.
Neighbor in this case means the direct neighbors on the x, y and z axis excluding
diagonals.

Even if SRP estimates the object’s position in Cartesian coordinates, we experi-
enced that these are not reliable enough. This is because the algorithm tries to
maximize the SRP value over all available grind points. If one has a relatively
rough grid (as we have with a resolution of 0.1m) it is possible, and quite likely,
that the algorithm finds maximized grid points differing from the Cartesian ground
truth. Having a closer look to equation 6 this effect is easy to guess, since the SRP
value only depends on the recorded signal (xi(t), xj(t)) and the TDOA between the
two microphones (τdi,j), but not directly on the position. Even the TDOA does not
depend directly on the positions, but on the distance to the microphones (equation
2) or the direction of arrival (DOA, equation 3). The direction of arrival (azimuth
of spherical coordinates) is a good and reliable value to measure and therefore we
used it as basic unit for this experiment and the following experiments.
Figure 12 shows the difference in accuracy between the Cartesian coordinates and
the DOA (azimuth only) of the SRP estimates of a static speaker.
Of course, one could increase the resolution of the SRP estimation, but this leads to
an increasing time of execution. As an example: A room of size 5m× 3m× 2.5m
and a resolution of 0.3m leads to nearly 1, 700 grid points. The same room with
a resolution of 0.2m leads to about 5, 400 grid points. We experienced that there
is no big difference in the result between the resolutions 0.3m and 0.2m. A good
resolution of about 0.01m produces about 37, 000, 000 grid points. Each of these
grid points has to be checked for maximum in each step, i. e. for every audio
frame. We experienced that the resolution of 0.1m tends to be a good compromise
between execution time and accuracy.
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Figure 12: SRP estimation vs. ground truth of a static speaker. Left: Cartesian speaker
estimation Right: Direction of arrival to speaker

5.1.2 TDOA Approach

In contrast to the SRP based approach we also decided to use a more direct TDOA
approach. Following this approach, we pruned the localizing step before the track-
ing and more or less move it to the filter part. It is important to recognize that each
filter does not localize the object directly, but compares and qualifies the actual
measurement with the measurement predicted by its transition function and its pre-
dicted speaker state. Therefore, a grid, as used in the SRP approach, is no longer
required.

Besides the obvious advantages (execution complexity) of this approach we hoped
to achieve better results in more difficult scenarios, e. g. scenarios with periods
of silence, because of the tracking function of the filter and not only localizing the
speaker.

5.1.3 Transition Functions

Since we wanted to keep the experiments as generic as possible, we decided to re-
nounced on accurate object state transition functions. Of course it would be better,
in the sense of error rates, to use a transition function that is actually closer to the
speakers movement, but in general it is hard, if not impossible, to predict a speak-
ers movement before the scenario starts.

This is why we decided to take a static object model, i. e. a static object transition
function:

fSRP (xk) = fTDOA(xk) = xk (31)

Since the filtering on top of SRP is a direct measurement we therefore also used a
static transition function:

hSRP (x̂k) = x̂k (32)

For the indirect measurement (TDOA) approach we used the TDOA formula as
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described in equation 3:
h(x̂k) = τmi,mj (x̂k) (33)

where x̂k =

[
Θ
Φ

]
is the object state to track, Θ describes the direction of arrival

(azimuth) and Φ the elevation of arrival.

Annotation: Although we are mainly interested in the azimuth, we also track the
elevation. This is needed because the time delay formula depends on both, the
azimuth and the elevation.

5.1.4 Parameters

Of course, the used parameters had a high impact on the result of each of the sce-
narios. The most important ones for KF, EKF and UKF are object state covariance
P and object state and measurement transition noise covariances Q and R. The
Particle Filter does not have a state covariance, since it does not assume Gaussian
state distributions. Besides Q and R, here, the important parameters are the num-
ber of used particles n and their initial variance v.

As described in chapter 4.2.6, Q and R could get calculated. Because we used
static models, although the speaker is not static in most of the scenarios, the cal-
culated matrices are not quite valid. They were good clues, but in general we
estimated them experimentally based on the calculations done.

P = I established as a solid value for the initial state covariance matrices, where
I is the identity matrix. For the SRP approach, the following noise covariance
matrix intervals established as solid choices, depending on scenario and SNR:

Q ∈ [I · 10−3, ..., I · 100]

R ∈ [I · 102, ..., I · 105]
(34)

For the TDOA approach, the following matrices produced valid results.

Q ∈ [I · 10−5, ..., I · 10−1]

R ∈ [I · 10−7, ..., I · 10−4]
(35)

Bavdekar et al. describe in [16] a way on how to estimate Q and R using again a
separate EKF.

For the Particle filter, an initial variance of v = 2◦ and the usage of n = 100...500
particles were sufficient and produced reasonable results.
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5.2 Experiments

It follows a selection of results from performed experiments. Before running each
of them, we made some expectations:

• Since the transition functions in the SRP based scenarios are static and there-
fore implicitly linear, the EKF reduces to a normal KF (chapter 4.3.2).

• The results of the UKF should be relatively close to the EKF, since it is an
alternative based on the same assumptions.

• The PF should perform slightly worse compared to the other two filters, since
we used relatively few particles.

Also, we considered a Rooted Mean Squared Error (RMSE) of 20◦ as too uncertain
and therefore as failed.

5.2.1 Static Scenario

The most interesting part in this experiment is, that without a small amount of
noise, SRP-only fails in terms of a too big RMSE, even without periods of silence.

static
static

with 1 period
of silence

static
with 3 periods

of silence

N
o

no
is

e

SRP only 22.7205 21.6001 22.0277
SRP KF 0.1043 0.0961 0.0969
SRP EKF 0.1043 0.0961 0.0969
SRP UKF 0.1043 0.0960 0.0968
SRP PF 4.1607 3.8306 4.5292
TDOA EKF 3.4961 7.0544 13.4027
TDOA UKF 3.7068 4.2448 13.9929
TDOA PF 8.2679 16.8695 56.8644

SR
P

30
d
B

SNR only 10.7616 34.3544 50.6412
SRP KF 0.0697 0.2296 0.6492
SRP EKF 0.0697 0.2296 0.6492
SRP UKF 0.0696 0.2293 0.6488
SRP PF 4.4355 15.4373 42.7201
TDOA EKF 7.2177 6.9277 10.3640
TDOA UKF 7.3532 4.9138 8.1450
TDOA PF 19.2738 75.7083 86.3967

Table 2: RMSE (◦) of static scenario without noise and with small amount of noise
(SNR 30).
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As table 2 shows, a small amount of noise helps SRP to perform better. This is
because of missing/failed measurements in the no-noise part which causes the al-
gorithm to use its fall-back plan, i. e. use 0◦ as estimated location. This also
explains the relatively constant RMSE when looking additionally at the two audios
with periods of silence.

While adding a small amount of noise (SNR 30dB) helps the SRP-only algorithm
in the case of the scenarios without silence periods, it is not useful for the latter two.

Each of the Kalman Filters (KF, EKF, UKF) performed extremely well, in fact and
as expected, KF and the EKF produced the exact same result on top of SRP and
the UKF is extremely close to them. This is unique in this thesis because it is the
only case where the used model is close to the scenario: Static speaker and static
transition functions f and h. That is why the filters could trust the model more and
the measurement less than in the other scenarios, resulting in these good results.
The deficit of the Particle Filter is bigger than expected, especially for the case with
low noise.

Obviously, the TDOA approach in general is worse than the SRP approach, espe-
cially in the more difficult scenarios with silence periods.
For the other noise levels the error rates were analog to the examples provided,
increasing with the noise and periods of silence. Therefore we renounced to report
them at this point.
Figure 13 exemplary shows the three experiments done. Firstly the SRP-only,
followed by the filtered one on top of the SRP-only results and finally the SRP
independent TDOA approach. Note that for the azimuth Θ it does apply that
180◦ = −180◦. Therefore the visual peaks in the EKF-TDOA approach of fig-
ure 13 are only that high because of the plotting range.

5.2.2 Non Linear Scenario

Because of the relatively low level of nonlinearity, this scenario turned out to be
relatively easy to handle for the filters. Again, KF and EKF produced the same
result (SRP-based) and UKF is pretty close to this result, too.
As table 3 clearly shows, putting a filter on top of SRP is beneficial in every case.
Looking at the normal records only (without the periods of silence), the RMSE
of the SRP-only experiments are approximately 6 times higher and more. The
experiments without noise produced good to excellent results for both approaches,
except for the PF with silence periods.
Even with a low SNR of 5dB the SRP-based results are acceptable, while the direct
TDOA approach already fails at a decent level of 15dB.
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Figure 13: Static scenario with decent noise (SNR 15dB).
1. SRP only. 2. EKF on top of SRP. 3. EKF with TDOA approach.
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static
static

with 1 period
of silence

static
with 3 periods

of silence
N

o
no

is
e

SRP only 19.9634 20.4864 19.6605
SRP (E)KF 2.0008 2.3575 2.5084
SRP UKF 1.9995 2.3565 2.5074
SRP PF 2.3350 2.4196 2.6982
TDOA EKF 2.8319 12.1138 11.4902
TDOA UKF 2.7936 9.5803 11.5289
TDOA PF 4.2205 57.6764 84.3495

SN
R

3
0d
B

SRP only 8.3895 36.0819 50.7440
SRP (E)KF 1.9947 13.9869 12.7660
SRP UKF 1.9948 13.9859 12.7648
SRP PF 2.6584 21.7404 16.0266
TDOA EKF 11.0538 20.9717 25.1544
TDOA UKF 10.8936 17.3914 28.4501
TDOA PF 14.9138 60.4819 77.6691

SN
R

15
d
B

SRP only 30.4364 42.7577 54.5943
SRP (E)KF 5.5962 14.5356 13.8382
SRP UKF 5.5908 14.5320 13.8340
SRP PF 9.8469 17.9281 10.7257
TDOA EKF 23.6184 40.7160 50.7616
TDOA UKF 35.6637 41.8068 95.9002
TDOA PF 80.2830 81.8513 77.4901

SN
R

05
d
B

SRP only 58.8280 61.6458 67.2944
SRP (E)KF 11.7107 18.4976 14.1200
SRP UKF 11.6869 18.4988 14.1208
SRP PF 22.2744 32.5907 33.9102
TDOA EKF 36.4392 38.6488 54.9348
TDOA UKF 85.2814 98.3634 84.8097
TDOA PF 74.4079 80.3600 77.2603

Table 3: RMSE (◦) of nonlinear scenario without noise and with different levels of noise
(SNR 30dB, 15dB, 5dB).

5.2.3 Circle Scenario

Table 4 shows the results of the most interesting parts of the experiments per-
formed. For the lower SNRs we renounced to display the results of the TDOA-
approach filters, since we considered them as failed.
Again without any noise, the SRP-only results are relatively constant, while as soon

29



static
static

with 1 period
of silence

static
with 3 periods

of silence
N

o
no

is
e

SRP only 12.83 11.91 12.62
SRP EKF 10.02 9.49 9.99
SRP UKF 10.02 9.49 9.99
SRP PF 19.95 19.8 19.71
TDOA EKF 9.78 18.5 24.29
TDOA UKF 12.19 17.86 37.36
TDOA PF 11.32 78.47 72.59

SN
R

3
0d
B

SRP only 7.89 34.97 52.39
SRP EKF 9.81 21.34 36.32
SRP UKF 9.81 21.34 36.32
SNR PF 20.59 34.26 57.35
TDOA EKF 13 34.53 40.48
TDOA UKF 24.13 24.95 27.91
TDOA PF 17.2 63.99 77.24

SN
R

15
d
B SRP only 27.69 41.75 55.11

SRP EKF 11.23 13.4 33.4
SRP UKF 11.23 13.4 33.4
SRP PF 26.15 37.77 58.58

SN
R

05
d
b SNR only 54.68 60.77 68.32

SRP EKF 15.81 17.37 25.82
SRP UKF 15.81 17.38 25.82
SRP PF 47.72 52.02 70.62

Table 4: RMSE (◦) of circular scenario without noise and with different levels of noise
(SNR 30dB, 15dB, 5dB).

as we added some noise to it, the error gets bigger the more periods of silence are
in the signal. And again, as in the other experiments, EKF and UKF are close to
each other, except for some exceptions, i. e.the TDOA approach with SNR 30dB.

Figure 14 shows the difference between a SRP based UKF with heavy noise (SNR
5dB) and a TDOA based PF without any kind of noise. In this case, the over-
all RMSE of the non noised scenario with PF was slightly better than the overall
RMSE of the heavy noised scenario with the UKF, which clearly shows the domi-
nance of the SRP based algorithms.
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Figure 14: Circular moving speaker with high noised (SNR 05db, left) SRP approach and
TDOA-based PF without noise (right).

5.2.4 Linear Scenario With Sudden Appearance

This experiment was designed to be the hardest on purpose. The main difficulty
was the speaker’s rapid movement through the room and sudden appearance at
another position. Therefore the velocity of the speaker is not static anymore and
causes trouble, especially for the filters’ tracking function. Goal of this experiment
is to check the filters’ agility in hard scenarios like that.

static
static

with 1 period
of silence

static
with 3 periods

of silence

N
o

no
is

e

SRP only 7.6248 8.5693 10.1954
SRP EKF 12.5693 12.2114 12.5148
SRP UKF 12.5699 12.2120 12.5154
SRP PF 24.7676 25.3689 24.6815
TDOA EKF 97.8132 95.6738 91.8924
TDOA UKF 54.0591 54.2657 57.8579
TDOA PF 84.9758 90.8512 83.9620

SN
R

30
d
B

SRP only 6.1573 34.8808 66.0711
SRP EKF 14.3757 35.1916 46.3026
SRP UKF 14.3762 35.1918 46.3028
SNR PF 27.1731 32.5813 62.0624
TDOA EKF 69.5716 90.6113 54.2002
TDOA UKF 81.7156 89.1739 88.5572
TDOA PF 79.9628 81.8218 77.4885

Table 5: RMSE (◦) of linear moving scenario with sudden appearance at another
position without noise and a low noise of SNR 30dB.

Table 5 shows that this scenario was in fact really hard, especially for the TDOA
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approach filters.

Figure 15: Linear moving speaker with jumps at a low noise level (30dB).
Left: Minimal overall RMSE, EKF. Right: In places minimal RMSE, EKF.

Figure 15 illustrates why this scenario is so hard to handle. While both graphs
show the exact same scenario (SNR 30dB, TDOA-based approach, EKF), they
differ in the used parameters. The left one is adjusted to produce a minimal RMSE
over the entire signal, while the right one tries to be as near to the ground truth
as possible. In other words: The left one trusted the measurements more than its
model and the right one the other way around. This results in a very agile filter on
the left and a relatively passive filter on the right.
Using a pre-localized SRP-based version (figure 16) provides results that are much
better.

Figure 16: Linear moving speaker with jumps at a low noise level (30dB), SRP-based
EKF.

Again, it is 180◦ = −180◦ for the azimuth. Interesting are the round edges at every
jump. This is caused by the relative balanced parameters, meaning the trust in the

32



model and in the measurement is relatively the same. This leads to a decent overall
RMSE rate of 14.38 degree.

5.2.5 Overall Results

In oder to evaluate the filters overall performance we computed the mean RMSE for
each approach, filter and scenario. Table 6 shows the result. As expected before
and experienced during the experiments, the Unscented Kalman Filter produced
almost similar RMSE values to the Extended Kalman Filter. This can be seen
extremely good on the SRP approach, no matter what amount of noise added, and
also for the TDOA approach with reasonable amount of noise. Having higher noise
levels, the results are drifting more apart, but failed anyways.

No noise SNR 30dB SNR 15dB SNR 5dB

SRP only 16.25 34.92 42.25 59.86
SRP (E)KF 5.9990 13.3764 13.6189 16.5904
SRP UKF 5.9985 13.3753 13.6169 16.5906
SRP PF 12.1211 24.4567 31.9609 65.5715
TDOA EKF 12.7583 23.0631 52.0023 71.3110
TDOA UKF 13.0934 24.5367 74.0301 90.0963
TDOA PF 65.1319 76.4721 80.4673 76.2049

Table 6: Mean RMSE (◦) of all scenarios with respect to the noise levels.

Looking at SRP-only and pure RMSE values, each of the filter successfully de-
creased the error in each case, except for the Particle Filter for high noise scenarios.
In general, the Particle Filter fails earlier than any of the other filters. The same
applies for the more direct TDOA approach. While the Particle Filter failed even
without noise, the others brought an improvement compared to SRP only, at least
for low noise scenarios. We discussed the cause of this behavior during and after
the experiments.
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6 Discussion

During and after the experiments, we briefly discussed the implementations and
the RMSE results for each scenario.

6.1 Kalman Based Filters

As mentioned in chapter 5, the Kalman Filter and the Extended Kalman Filter pro-
duce the same result for linear models. This is not only valid for the scenarios we
used during the experiments, but a generic rule. This fact can easily get proven by
looking at the definitions of the algorithms (chapter 4.3.1 and chapter 4.3.2): If
the model functions f and h are linear, then there are matrix representations avail-
able, F and H , respectively. This means that there is no linearization needed to get
F and H and the Extended Kalman Filter reduces to the normal Kalman Filter.

As seen in the results, the UKF was almost always extremely close to the EKF. In
the experiments section we argued that the the UKF is designed as an alternative to
the EKF. At this point we want to detail this a bit more. Looking at the algorithm
definition (chapter 4.3.3) one can see that the filter’s frame stays the same as of
the EKF. In contrast to the EKF’s linearization approach, the UKF computes so
called sigma points and uses them to compute the predicted mean and the predicted
measurement statistics. Roughly, this process is the same as of the EKF, but with
different equations since of the usage of sigma points.
This means that the success (or failure) of the UKF depends on the accuracy of the
sigma points used. The biggest advantage with respect to the EKF is that there is
no need of computing the linearizations of the model functions, i. e. computing
Hessian and Jacobian matrices, which can be hard, even with computer aided tools
such as MATLAB. That is why the Unscented Kalman Filter has its raison d’être
besides the other filters. In our experiments the Jacobian matrices were relatively
easy to compute and there was no reason to compute Hessian matrices, but in
different scenarios and different tracking states the UKF can be a good alternative
with accuracy close to the EKF [1] while being easier to implement.

6.2 Particle Filter Performance

We expected that the Particle Filter would perform worse than the other filters. But
the experiments showed much worse results, especially for the TDOA based sce-
narios with periods of silence. A reason for this is because of the used multivariate
Gaussian distribution to estimate the particle weights: If the actual measurement is
too far from the particles, the distribution to compute the weights evaluates close to
zero for each particle. Normally at this point, the normalization would compensate
this problem, but in practice, at some point, the computer’s (or MATLAB’s) max-
imal resolution is reached, resulting in the weight 0. In the worst case this is true
for each particle, resulting in an undefined weight (division by 0) and a fall back
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plan is needed, e. g. take the measurement as posterior object state (if possible)
or take the last object state as the new one (compare chapter 4.4.4). In fact this
is why the Particle Filter performs that bad, especially when there are periods of
silence and/or moderate-to-heavy noise is included. There are several approaches
to eliminate this behavior. Some of them, e. g. the so called Extended Kalman
auxilary Particle Filter for single-object tracking, are described and discussed in
[1]. Another possibility would be to modify the methods calculating the weights
and estimating the posterior object state. Cho et al. [12] for example provide an
extension of the Particle Filter that recognizes when it is useful to resample the par-
ticles. But, remembering that we used a static function as object transition model,
in our case a more detailed transition model would be advantageous and lead to
better results.

Besides the filter modifications, there are methods to increase the measurement
accuracy as well, since often missing or failed measurements could get easily rec-
ognized and fixed. Oualil et al. [3] for example provide a Gaussian mixture model
for improving TDOA based acoustic source tracking.

6.3 RMSE As Our Measurement Criterion

The framework for the experiment was designed to compute the minimal RMSE
for each scenario and filter on a predefined parameter interval. This is why we
decided to use the overall RMSE as our main criterion, knowing that this is not
meaningful in every single case.

Figure 17 exemplary shows why the overall RMSE is not always the best choice as
criterion. While estimation 1 has a minimal lower overall RMSE of 0.1160 than
estimation 2 with 0.1375, the result of the second one is much smoother, even
without applying a dedicated smoother, especially for the second half.

Another important criterion is the recovery time, which we defined as following:
The time after a period of silence (or of failed measurements) the filter needs until
it reaches the overall RMSE again.

It remains to the future work to extend the framework in considering additional
criterion to the overall RMSE.

6.4 Execution Time/Filter Complexity

Execution time in general is hard to define and measure, since it hardly depends on
the used computer setup, as well as on the implementation of the algorithms itself.
As an example, there are several implementations of a discrete Fourier Transfor-
mation, all with different benefits and disadvantages, some of them highly paral-
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Figure 17: Overall RMSE (unit-less) of two estimations with respect to the ground truth.
0.1160 for estimation 1, 0.1375 for estimation 2.

lelized, others not at all.

But in order to be able to rate the speed of the filters or at least compare their com-
plexities, we decided to estimate their complexity using the Big O notation (O).

Annotation: Since we want to compare the filters themselves, we assumed that
matrix operations are linear to the dimensions of the participating matrices. For
the DFT we assumed a complexity in O(f · log(f)) that is well known reached by
the FFT (f is the size of the array to transform). For each algorithm we considered
a single time iteration.

6.4.1 Signal Response Power

Having M microphones (⇒ P =

(
M
2

)
unique microphone pairs) and N pos-

sible states in the grid, the complexity of SRP for each time iteration is at least
O(P ·N · 2f · log f) = O(P ·N · f · log f).

6.4.2 (Extended) Kalman Filter

Having an object state dimension of dx and a measurement dimension of dy and ad-
ditionally assuming that the model functions (and their linearization processes) are
constant, the Kalman Filter and its extension is at least in O(n) with n ∼ dx + dy.
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6.4.3 Unscented Kalman Filter

Let there be s sigma points where n = s ∼ dx+dy, the Unscented Transformation
is in O(s). Then the UKF is at least in O(2s) + O(5s) = O(n), putting it to the
same complexity class as the standard Kalman Filter and its extension.

6.4.4 Particle Filter

Obviously the complexity of the Particle Filter heavily depends on the number of
particles p. Again, we assumed that the model functions are constant. The filter
itself contains at least 4 sums over p (= for−loops) so that the algorithm is at least
inO(4 ·p). Considering additionally the Gaussian distributions, and therefore their
array operations that are linear to the object state and measurement dimensions
(n so that n ∼ dx + dy), the complexity increases to at least O(p + p · n) =
O(p · (1 + n)).
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7 Conclusion And Future Work

Finally, we can say that the experiments showed that the filters on top of SRP
are highly beneficial in most of the cases. A more direct TDOA approach did
not perform as good as expected. While the results for scenarios with low noise
and without interrupts are okay, the other scenarios failed fast. Reasons for these
failures are predominantly missing or wrong measurements, as well as periods of
silence. Of course, the parameters (covariance matrices etc.) are important, too, as
well as the model functions, but we came to the conclusion that it is important to
process the measurements itself. A possible approach for this could be eliminating
measurements that are clearly wrong. We observed, proportional to the noise level,
that the SDOA measurements are sometimes totally wrong in the term that GCC
provides a delay of more samples than physically are possible. These -obviously
wrong- measurements could get eliminated easily, e. g. using a Low Pass Filter.
Another approach uses the filter’s knowledge of the estimation and the measure-
ments in the past, e. g. using a Gaussian mixture model as proposed by Oualil et
al. [3].

The implementation of each filter in general was mostly straight forward. The only
difficulties occured when adapting the filters to our models, meaning the model
functions and their processing (linearization etc.) as well as the handling of the
object state and measurement dimensions.

Looking at the overall RMSE only, a combination of SRP and a (Extended/Un-
scented) Kalman Filter on top provides the best results. While the computational
effort for this solution is enormous, each direct approach via TDOA is much faster
(in terms of complexity), but provides worse results. Indeed we did not perform
any computational time study, but we experienced that the approaches on top of
SRP took up to 15 times the time than the TDOA approaches. Knowing this, one
can choose between these two approaches, depending on what is needed in a cer-
tain scenario.

As the experiments and their evaluations show, each of the filters is able to produce
reasonable results when respecting some parameters as noise level and speaker
movement. But in praxis one hardly knows the scenario and its frame parameters
before it happens. In general we can say that, if execution time is not critical, i. e.
if offline tracking is sufficient, the SRP-based filters are the best choise. In situa-
tions, where online tracking is needed, the TDOA-based filters (including diverse
optimizations) provide tracking performance that is obviously worse than the SRP-
based ones, but in much less time.

Besides the overall RMSE, there are several other criterions usable to measure the
quality of the result. By the help of the recovery time, for example, one can mea-
sure how agile the filter is, but a unit for how smooth an estimation is, could also be
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meaningful in some scenarios. A possibility for this would be to iterative calculate
the (mean) elevation of an estimation. The more homogeneous this elevation (in
combination with the RMSE) the smoother the estimation.

This thesis considers only with single-object tracking filters, ignoring multiple-
object ones. As mentioned in the seminar paper [7] there are in general two possi-
ble approaches to achieve multi-object support:
Firstly, there exists the dedicated distinction followed by applying the single-object
filters, one for each object. And on the other side, one could use a multi-object
filter such as the PHD filter. The framework built in this thesis is basically capa-
ble of running multi-object scenarios. It remains to the future work to implement
multi-object scenarios and execute appropriate filters. Of course, any other filter,
or extensions to the existing ones, could get tested with the thesis’ framework as
well.

Another constraint we defined before running the experiments was to consider the
azimuth only. Currently the framework is able to track the azimuth as well as the
elevation to the object, but the RMSE optimization only considers the azimuth. A
future step would be to consider the elevation as well.

Another scenario to check in the future could be varying the noise: Different SNR
levels in the same scenario with static (or dynamic) noise covariances, for example,
mime more realistic circumstances such as a projector fan in the room.
Besides the different levels of noise one could run experiments with non-Gaussian
noises. In this case one has to make sure that the used filters are capable of handling
non-Gaussian noise.
And last but not least one could vary the audio files used as basis for the scenarios.
As mentioned, we used a audio file where the speaker talks without any period of
silence, so that we are able to define periods of silence when and especially where
we wanted. Using other audio files with more natural talking speakers remains to
the future work.
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Appendices
A Filter algorithms

This section provides our implementations of the filters used during this thesis.
Please be informed that the filters -as shown here- only consist of the prediction
and update step for a single measurement (direct measurement or an audio frame).
In order to keep it as simple as possible we pruned all non filter related code (e. g.
code to plot) in this document. Actually there is a wrapper around each of the filters
that handles the measurement acquisition, estimation storage, error calculation and
other important things. Generally spoken, the general filtering process is described
in algorithm 6.

1 Initialize the filter’s individual parameters
2 For each iteration (e. g. each incoming measurement)
3 Call the filter
4 Predict the object’s state on base of the last prediction.
5 Predict the object’s next measurement on base of the predicted state.
6 Correct the prediction using the incoming measurement.
7 End call
8 Handle returns and store estimation.
9 End for each

Algorithm 6: Generic filtering process in pseudo code.
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A.1 Kalman Filter

Subhash Challa [1]

1 f u n c t i o n [ x , P ] = K a l m a n F i l t e r ( x , y , F , H, P , Q, R)
2 %% KALMAN FILTER
3 % I n p u t s :
4 % x : The l a s t p r e d i c t e d s t a t e
5 % y : The o b j e c t ’ s measuremetns ( what t h e s e n s o r measured )
6 % F and H: t r a n s i t i o n m a t r i c e s
7 % P : s t a t e c o v a r i a n c e m a t r i x
8 % Q and R : e r r o r c o v a r i a n c e s m a t r i c e s ( model and o b s e r v a t i o n )
9 % O u t p u t s :

10 % x : S t a t e e s t i m a t e
11 % P : P o s t e r i o r s t a t e c o v a r i a n c e m a t r i x a t t ime k+1
12

13 % −− Step 1 : p r e d i c t e d mean ( x h a t k ) ,
14 % c o v a r i a n c e m a t r i x ( P k )
15 x h a t k = F · x k 1 ;
16 P k = F · P · F ’ + Q;
17

18 % −− Step 2 : p r e d i c t e d measurement ,
19 % i n n o v a t i o n c o v a r i a n c e m a t r i x ( S k ) ,
20 % Kalman g a i n ( K k )
21 y h a t k = H · x h a t k ;
22 S k = H · P k · H’ + R ;
23 K k = P k · H’ / S k ;
24

25 % −− Step 3 : p o s t e r i o r mean ( t h e ”new” x h a t ) ,
26 % c o v a r i a n c e m a t r i x ( t h e ”new” P )
27 x = x h a t k + K k · ( y − y h a t k ) ;
28 P = P k k 1 − K k · H · P k k 1 ;
29 end
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A.2 Extended Kalman Filter

Subhash Challa [1]

1 f u n c t i o n [ x , P ] = E x t e n d e d K a l m a n F i l t e r ( x , y , f , F , h , H, P , Q, R)
2 % EXTENDED KALMAN FILTER
3 % I n p u t s :
4 % x : The l a s t p r e d i c t e d s t a t e
5 % y : The o b j e c t ’ s measurements ( what t h e s e n s o r s measured )
6 % f and h : t r a n s i t i o n f u n c t i o n s
7 % F and H: l i n e a r i z e d t r a n s i t i o n f u n c t i o n s ( m a t r i x form )
8 % P : s t a t e c o v a r i a n c e m a t r i x a t t ime k
9 % Q and R : e r r o r c o v a r i a n c e s m a t r i c e s ( model and o b s e r v a t i o n )

10 % O u t p u t s :
11 % x : S t a t e e s t i m a t e
12 % P : P o s t e r i o r s t a t e c o v a r i a n c e m a t r i x a t t ime k+1
13

14 % −− Step 1 : Compute t h e l i n e a r i z e d models F ( o f f ) and H ( o f h )
15 % Already done b e f o r e t h e f i l t e r c a l l ( I n i t i a l i z a t i o n s t e p )
16 % u s i n g j a c o b i a n ( . . . )
17

18 % −− Step 2 : Compute p r e d i c t e d mean and c o v a r i a n c e m a t r i x
19 x h a t = f ( x ) ;
20 P k k 1 = F · P · F ’ + Q;
21

22 % −− Step 4 : Compute t h e p r e d i c t e d measurement , i n n o v a t i o n
c o v a r i a n c e

23 % m a t r i x and Kalman g a i n
24 % IMPORTANT: Also h e r e : Took t h e normal KFs e q u a t i o n
25 y h a t = h ( x h a t ) ;
26 S k = H · P k k 1 · H’ + R ;
27 K k = P k k 1 · H’ / S k ;
28

29 % −− Step 5 ; Compute t h e p o s t e r i o r mean and c o v a r i a n c e m a t r i x
30 x = x h a t + K k · ( y − y k ) ;
31 P = P k k 1 − K k · H · P k k 1 ;
32

33 end
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A.3 Unscented Kalman Filter

Subhash Challa [1]

1 f u n c t i o n [ x , P ] = U n s c e n t e d K a l m a n F i l t e r ( x , y , f , h , P , Q, R)
2 % UNSCENTED KALMAN FILTER %
3 % I n p u t s :
4 % x : P r e v i o u s model s t a t e
5 % y : C u r r e n t measurement
6 % f : The model t r a n s i t i o n f u n c t i o n ( p r e d i c t o b j e c t s t a t e )
7 % h : The measurement t r a n s i t i o n f u n c t i o n ( p r e d i c t measurement )
8 % P : I n i t i a l v a l u e o f t h e e s t i m a t i o n P
9 % Q, R : The model / measurement n o i s e c o v a r i a n c e

10 % O u t p u t s :
11 % x : S t a t e e s t i m a t e
12 % P : P o s t e r i o r s t a t e c o v a r i a n c e m a t r i x a t t ime k+1
13 dim y = numel ( y ) ;
14 dim x = numel ( x ) ;
15

16 % S t a t i c p a r a m e t e r s f o r t h e f i l t e r
17 a l p h a = 1 · 10ˆ−3; % atomar , t u n a b l e
18 b e t a = 2 ; % atomar , t u n a b l e
19 k i = 0 ; % atomar , t u n a b l e
20 lambda = a l p h a ˆ2 · ( dim x + k i ) − dim x ; % s c a l i n g f a c t o r
21 c = dim x + lambda ; % s c a l i n g f a c t o r
22

23 %% 1 . Dete rmine sigma p o i n t s X k−1ˆ1 . . . X k−1ˆ s and i t s
24 % w e i g h t s wˆ1 . . . wˆ s
25 W mean = [ lambda / c 0 . 5 / c + z e r o s ( 1 , 2 · dim x ) ] ;
26 W cov = W mean ;
27 W cov ( 1 ) = W mean ( 1 ) + (1− a l p h a ˆ2 + b e t a ) ;
28 c = s q r t ( c ) ;
29 X = c a l c u l a t e s i g m a s ( x , P , c ) ;
30

31 %% 2 . Compute t h e t r a n s f o r m e d sigma p o i n t s (X) +
32 %% 3 . Compute t h e p r e d i c t e d s t a t e s t a t i s t i c s
33 [ x 1 , X 1 , P 1 , X 2 ] = u n s c e n t e d t r a n s f o r m a t i o n ( f , X, W mean , W cov ,

dim x ,Q) ;
34

35 %% 4 . Dete rmine sigma p o i n t s X k ˆ1 . . . X k ˆ s and i t s
36 % w e i g h t s wˆ1 . . . wˆ s t o match a mean x h a t k k −1
37 % and c o v a r i a n c e m a t r i x P k k−1 +
38 %% 5 . Compute t h e t r a n s f o r m e d sigma p o i n t s (Y) +
39 %% 6 . Compute t h e p r e d i c t e d measurement s t a t i s t i c s
40 [ y 1 , Y 1 , P 2 , Y 2 ] = u n s c e n t e d t r a n s f o r m a t i o n ( h , X 1 , W mean , W cov

, dim y , R) ;
41

42 %% 7 . Compute t h e p o s t e r i o r mean and c o v a r i a n c e m a t r i x
43 P 12 = X 2 · d i a g ( W cov ) · Y 2 ’ ;
44 K = P 12 / P 2 ;
45 x = x 1 + K · ( y − y 1 ) ;
46 P = P 1 − K · P 12 ’ ;
47 end

IV



Yi Cao [11]

1 f u n c t i o n [ y , Y, P , Y 1 ] = u n s c e n t e d t r a n s f o r m a t i o n ( f , X, W mean , W cov , n
, R)

2 % UNSENTED TRANSFORMATION C a l c u l a t e s t h e u n s c e n t e d
t r a n s f o r m a t i o n

3 % f n o n l i n e a r map ( t r a n s i t i o n f u n c t i o n )
4 % X sigma p o i n t s
5 % W mean w e i g h t s o f mean
6 % W cov w e i g h t s o f c o v a r i a n c e
7 % n number o f o u t p u t s o f f
8 % R a d d i t i v e n o i s e c o v a r i a n c e
9 %

10 % y t r a n s f o r m e d mean
11 % Y t r a n s f o r m e d sa m p l i n g p o i n t s
12 % P t r a n s f o r m e d c o v a r i a n c e
13 % Y 1 t r a n s f o r m e d d e v i a t i o n s
14

15 L = s i z e (X, 2 ) ;
16 y = z e r o s ( n , 1 ) ;
17 Y = z e r o s ( n , L ) ;
18

19 f o r k = 1 : L
20 Y ( : , k ) = f (X ( : , k ) ) ;
21 y = y + W mean ( k ) · Y ( : , k ) ;
22 end
23

24 Y 1 = Y − y ( : , ones ( 1 , L ) ) ;
25 P = Y 1 · d i a g ( W cov ) · Y 1 ’ + R ;
26 end

Yi Cao [11]

1 f u n c t i o n [X] = c a l c u l a t e s i g m a s ( x , P , c )
2 % CALCULATE SIGMAS C a l c u l a t e s t h e sigma p o i n t s a round a

r e f e r e n c e p o i n t x
3 % x R e f e r e n c e p o i n t
4 % P C o v a r i a n c e
5 % c C o e f f i c i e n t
6 % X The c a l c u l a t e d sigma p o i n t s
7

8 A = c · c h o l ( P ) ’ ;
9 Y = x ( : , ones ( 1 , numel ( x ) ) ) ;

10 X = [ x Y+A Y−A ] ;
11 end
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A.4 Particle Filter

Subhash Challa [1]

1 f u n c t i o n [ x , p a r t i c l e s ] = P a r t i c l e F i l t e r ( x , y , f , h , Q, R , n , v ,
p a r t i c l e s )

2 % PARTICLE FILTER
3 % I n p u t s :
4 % x : P r e v i o u s o b j e c t s t a t e
5 % y : C u r r e n t measurement
6 % f : The model t r a n s i t i o n f u n c t i o n ( p r e d i c t o b j e c t s t a t e )
7 % h : The measurement t r a n s i t i o n f u n c t i o n ( p r e d i c t measurement )
8 % Q, R : The model / measurement n o i s e c o v a r i a n c e
9 % n : Number o f p a r t i c l e s t o use

10 % v : V a r i a n c e o f p a r t i c l e s
11 % p a r t i c l e s : P r e v i o u s p a r t i c l e s
12 % O u t p u t s :
13 % x : S t a t e e s t i m a t e
14 % p a r t i c l e s : P o s t e r i o u r p a r t i c l e s
15

16 dim x = numel ( x ) ;
17 dim y = numel ( y ) ;
18

19 % g e n e r a t e p a r t i c l e s a round t h e i n i t i a l v a l u e o f x
20 i f numel ( p a r t i c l e s ) == 0
21 % I n i t p a r t i c l e s f o r f i r s t t ime
22 x p a r t i c l e s = z e r o s ( n , dim x ) ;
23 f o r i =1 : n
24 x p a r t i c l e s ( i , : ) = x + s q r t ( v ) ∗ r andn ( dim x , 1 ) ;
25 end
26 e l s e
27 % use t h e l a s t p a r t i c l e s
28 x p a r t i c l e s = p a r t i c l e s ;
29 end
30

31 % Do t h e t r a n s i t i o n f o r e v e r y p a r t i c l e and measurement
32 x p a r t i c l e s h a t = z e r o s ( n , dim x ) ;
33 y p a r t i c l e s h a t = z e r o s ( n , dim y ) ;
34 p a r t i c l e w e i g h t s = z e r o s ( n , 1 ) ;
35 f o r i =1 : n
36 % P r e d i c t t h e s t a t e p a r t i c l e s and measurement p a r t i c l e s
37 x p a r t i c l e s h a t ( i , : ) = f ( x p a r t i c l e s ( i , : ) ) + ( s q r t (Q) ∗ r andn (

dim x , 1 ) ) ’ ;
38 y p a r t i c l e s h a t ( i , : ) = h ( x p a r t i c l e s h a t ( i , : ) ) ;
39

40 % M u l t i v a r i a t e normal d i s t r i b u t i o n
41 % Without ” 1 / ( s q r t (2∗ p i ) ˆ2 ∗ d e t (R) ) ” s i n c e i t g e t s w e i g h t e d

anyways
42 p a r t i c l e w e i g h t s ( i ) = exp (−1/2 ∗ ( y ’ − y p a r t i c l e s h a t ( i , : ) ’ ) ’

∗ i n v (R) ∗ ( y ’ − y p a r t i c l e s h a t ( i , : ) ’ ) ) ;
43 end
44

45 pw sum = sum ( p a r t i c l e w e i g h t s , 1 ) ;
46 f o r i = 1 : 1 : n
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47 p a r t i c l e w e i g h t s ( i , : ) = p a r t i c l e w e i g h t s ( i , : ) . / pw sum ;
48 end
49

50 % Resample t h e p a r t i c l e s
51 f o r i =1 : n
52 x p a r t i c l e s ( i , : ) = x p a r t i c l e s h a t ( f i n d ( r and <= cumsum (

p a r t i c l e w e i g h t s ) , 1 ) , : ) + s q r t ( v ) ∗ r andn ( 1 , dim x ) ;
53 end
54

55

56 % C a l c u l a t e t h e mean of t h e p a r t i c l e s which i s our f i n a l
e s t i m a t e

57 x = mean ( x p a r t i c l e s ) ;
58 end
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B Thesis Framework And Tools

This chapter deals with the frameworks and scripts we developed during the thesis
and its preparation, worth mentioned. During the entire process we were interested
to keep the tools as general in possible. In the ending we now have a framework
which allows to define new scenarios and filters with relatively low effort in order
to check their performances.

B.1 Simulation Process

As mentioned in chapter 3.1 we used fastISM to simulate our audio files. We
wrote a wrapper which allows to define the speaker’s trajectory (as fastISM audio
file) and produces the simulated audio files with different noise levels.

B.2 Experiment Setup

Using the framework, it is possible to run the same filter with a set of different
settings over several audio files and/or pre-localized directions. In general, to run
the experiments with a custom filter it is needed to define the filter and to define
how to use the filter. The remaining parts (scenario definition, audio handling, etc.)
is done by the framework.

B.3 Git Repository

We heavily used the version control system Git during the entire thesis and its
preparations. A copy of the repository can be requested at the author.
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