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Abstract

In this thesis, we study ranging algorithms in an indoor environment using narrow-band
industrial, scientific, and medical (ISM) radio bands at 2.4 GHz. Previously, a phase
difference approach implemented for this problem. However, the distance estimation is
rather inaccurate for indoor ranging, mainly due to multipath and noise. This thesis
studies several direction of arrival (DOA) techniques such as matched filter (MF),
minimum variance distortionless response (MVDR), and multiple signal classification
(MUSIC) to reduce the impact of indoor multipath. Forward-backward smoothing and
Akaike information criterion - minimum descriptive length (AIC-MDL) also proposed to
diminish the multipath effect further and estimates the number of separable multipath
in the channel. Besides, MUSIC-like is discussed to prevent incorrect estimation number
of sources. We test the proposed algorithm under different channel parameter value,
compensate the bias, and show the performance improvement as the absolute bias value
reduced up an order of magnitude.
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Introduction

In this thesis, we study algorithms for phase-based ranging in an indoor environment
using narrow-band industrial, scientific, and medical (ISM) radio bands at 2.4 GHz.

1.1 Background

High-accuracy localization is essential for mobile users, industrial applications, and
warehouses. An excellent location sensing system allows a mobile device to determine
its position correctly. Then, various location-based services, for instance in tracking,
navigating, and monitoring, would be possible for this device [3]. Therefore, ranging
and localization is a key for radio networks.

The global positioning system (GPS) is the most widely used positioning system in
the world, based on global navigation satellite system (GNSS) [!]. However, GPS is not
compatible for indoor use, because of line of sight (LOS) transmission between receivers
and satellites is not feasible in an indoor environment. The indoor environment is more
complicated compared to outdoor, due to various additional obstacles, such as walls,
equipment, or human. These obstacles affect the propagation of electromagnetic (EM)
waves, which lead to multipath. Multipath, along with noise, deteriorates the accuracy
of positioning.

There are several approaches to gather range information from radio networks for
indoor location and these approaches are based on the positioning algorithm [5]. Time
of arrival (TOA) and received signal strength indicator (RSSI) are some examples of
range information [0, 7].

This project will be conducted based on the phase difference approach, which is an
indirect TOA. Several reasons for using this approach are [2]:

1. Suitable for multipath environments
2. It can be implemented using low-cost components

3. It is well known that using ultra-wideband (UWB), accurate indoor ranging can be
realized. Due to its broad bandwidth, a temporal resolution is accomplished with
the ability to separate LOS from multipath reflections. However, UWB technology
is not compatible with that of popular radio communication technology like Blue-
tooth low energy (BLE) and Zigbee. Therefore, we focus on the phase-difference
approach, which can be realized using a narrowband BLE/Zigbee transceiver [8].

1.2 Motivation

The main problem in indoor ranging is multipath propagation. The existence of multi-
path, which gives both constructive and destructive interference to the signal, produces



uncertainties in the TOA estimate. It is possible since the direct path is not always
the fastest and strongest one. This situation leads to important consequences, such as
a significant ranging bias [9].

There is also another problem with a narrow-band measurement, which is around
2 MHz bandwidth (BW). This measurement is very vulnerable to the multipath chan-
nel in consequence of possibility out-of-phase addition between LOS and non-line of
sight (NLOS) waveforms. A narrower-band frequency means a longer pulses durations.
Thus, it is more sensitive to multipath effect. The reflected pulse has a big chance to
collide with the LOS pulse and lead to deteriorating the signal because the transmission
duration of the narrow-band pulse is around 500 ns for 2 MHz BW [10].

Based on the main issue above, the phase difference approach requires to carry out its
ranging measurements at multiple tones/frequencies, to alleviate the multipath effect.
The idea is merely to gather the information from a frequency band as wide as possible,
where it is around 80 MHz for a 2.4 GHz ISM band. The number of tones/frequencies
used can be selected depending on the severity of multipath propagation, which can be
seen based on the ratio of LOS signal power to signal power in delay paths, or Rician
K-factor [11].

1.3 Problem statement

Based on the background and motivation mentioned in the above section, there are
three main problems which summarize the content of this thesis. The first problem is to
improve the result of ranging accuracy of phase differences using advanced estimation
methods derived from direction of arrival (DOA) algorithms. The second problem
is to distinguish and resolve the number of separable multipath among all possible
multipath components. The performance of this algorithm is re-evaluated within the
same environment after compensating the bias.

1.4 Thesis outline

The rest of this thesis is organized as follows. Chapter 2 gives the necessary background
of the phase difference ranging model and its compliance with IEEE 802.15.4, the
theory of ranging algorithm based on DOA, and related topics. In Chapter 3, the
proposed ranging algorithms are presented alongside with simulation results. Chapter
4 introduces the bias compensation to improve the ranging accuracy further. Chapter
5 introduce a variation of ranging algorithms which are not based on requiring a-priori
knowledge of source number while maintaining the performance under adverse channel
conditions. Chapter 6 concludes the project and suggests future work.



Theoretical Backgrounds

2.1 Phase difference

Phase difference is a ranging technique in which the mean of the signal phase shift is
used to measure signal propagation. The ranging scheme is based on the active reflector
principle as shown in Figure 2.1.

Device A transmits a continuous wave (CW) signal modeled by sin 27 ft. Device
B receives the CW signal by a certain phase shift due to the distance r and the radio
propagation.

The active reflector principle allows only half duplex operation. This principle means
that both devices A and B may not communicate in both directions simultaneously. In
this principle, both devices A and B establish phase measurements. The received phase
at the receiver ¢y can be expressed as a function of the wavelength of frequency fj.
Both the initiator (A) and reflector (B) devices have a clock reference and are coarsely
synchronized to each other, with a time bias of At:

Gop = 27Tf0(f — At) mod 27 Popa = 27Tf0(f + At) mod 27 (2.1)
c c

Device B measures the incoming signal phase ¢y ,, and compares this phase to the
local oscillator (LO) signal phase. Device B transfers back the phase difference to device
A resulting in ¢, ,, and uses it as a correction factor:

o = Po,p + Pops = 47Tf0(£) mod 27 (2.2)
Device A Device B
(Initiator) (Reflector)
RX RX
X TX

Figure 2.1: Active reflector principle [!]



Another phase measurement on a second frequency f; = fo + Af, gives ¢, where
A¢ = ¢y — ¢ is given by:

A= ¢y — Py = 47rAf£ mod 27 (2.3)

with

C C
A
A mod 517

r= (2.4)

and the maximum distance (maximum unambiguous range) can only count up to de. =
ﬁ.

This phase measurement is done in the 2.4 GHz ISM band based on active reflector
principle. In fact, two frequencies are adequate to calculate a distance with the phase
difference technique, whereas this measurement uses a large number of phase values
which is obtained in uniform frequency steps. This method is beneficial to recognize and
negate small-band interferences on specific frequencies and to manage the measurement
unpredictabilities on the hardware level. Therefore, these multi-tones, with uniform
frequency steps of A f MHz over the entire ISM band, calculate Ky measurement points
from ¢g to ¢, 1 and Ky energy measurements from each frequency.

K phase measurements show the number of tones used in this project. If Af = A
MHz, and the bandwidth is B MHz, then B = (K; — 1)A. Implicitly, the number
of tones is Ky = %. Also, measuring all K tones from ¢y to ¢x, 1 means that
there are Ky — 1 measurement point differences, A, ... A¢g, 1. Thus, we calculate

the average value of the measurement point A¢ as:

Kp—1

Kf — Z Ag; (2.5)

Figure 2.2 illustrates that the ranging procedure using phase measurements in this
thesis, with a more detailed ranging sequence shown in Table 2.1. In general, device
A begins the ranging measurement. Device B executes a range measurement while
device A transmits a carrier, and vice-versa. Device B sends a frame with measurement
results to device A, before device A can determine the range between A and B. We may
also measure the magnitude of the channel, which combined with the phase gives the
measurement of H(f), which allows for more advanced signal processing techniques.



Ranging Ranging Kt Phase and Magnitude Measurements Eﬂliie Distance
Request Ack (Kt = (Frax — Fmin) / Af) ) Calculation
3 Results
/f“‘l
B RX TX L TX
Tslar A T}
. L a—] P
Device TX End |
/
A X RX { RX
. )
\ u >
< >« > \ b Time [ps]
TX Frequency SFD Tetart B \PLL settling

Dev. A [MHZ] to Af step

Fmax
/
Network Channel / /_/_\—

PAf

Fmin

Figure 2.2: Ranging procedure [2]

Table 2.1: Ranging sequence]?]

No Device A No Device B
1 Transmit ranging request frame
1 | Lock automatic gain control (AGC) after receive request frame
2 Transmit ranging acknowledgement (ACK)
2 Receive ranging ACK
3 Lock AGC
4 Starting timer after Rx end 3 Starting timer after Tx end
5 | Setting phase-locked loop (PLL) to 1st measurement frequency
6 Starting phase measurement sequence
4 Setting PLL to 1st measurement frequency
7 Setting PLL to original frequency
5 Starting phase measurement sequence
6 Setting PLL to original frequency
7 Transmit result frame
8 ACK result frame
8 Receive ACK
9 Release AGC lock
9 Release AGC lock
10 Restore IF position
11 Distance calculation

2.2 Channel model

In general, the channel can be presented by its low-pass channel impulse response h(t)
as follows [12]:

h(t) = Bre!™6(t — 7 (2.6)

where 0(.) is the Dirac delta function and parameters of the k-th path Sy, 7, and 6y
are the real positive gain, propagation delay, and phase shift, respectively. j is the



imaginary unit, defined by v/—1. The Fourier transform of channel impulse response
is:

H(f) = / T h(t)e T dy (2.7)

o0

— § Bke—JQﬂ'ka +70k
k

With a uniform frequency step between each tone, in example f; = f;_1 + Af =
fe +iAf, the frequency response becomes:

H(fi)=h; =Y fre % =01, K —1 (2.8)

k

— Z Bke*j%(farmf)mﬂ@k
k

_ Z 5ke—j2ﬂ(fcm+mfﬂc—9k)
k

— Z Byt emi2mmi(fetiAf)
k

— § BkeijijWkac e*jQﬂ"rkiAf
—_—
k

ag 2k

Note that k in principle extends from 0 to co. However, in our simulation model, it is
truncated from 1 to NN,. Also, ¢ shows the tone index and f. is around 2.4 GHz.

Bk, Tk, and 0 are random parameters due to the people motion and equipment in
and around the building. Nevertheless, these parameters can be assumed as virtually
invariant random variables as we assume that the channel is virtually slow.

Turin first suggested the formulation in (2.8) as statistical modeling of the urban
radio channel [13]. This model was later used for statistical modeling of the indoor
radio channel [14, 15, 16], which was first introduced by Saleh and Valenzuela at Bell
Laboratories as the earliest statistical modeling of the multipath profiles for the in-
door radio channel [17]. The IEEE 802.11 and IEEE 802.15 community referred to
these models above to build practical models. They used all of them to compare the
evaluation performance of various possible implementations [15].

The channel model from this ranging procedure is based on the Saleh-Valenzuela
non-cluster model [17]. This model is a method to generate model realizations [19]. The
channel model aims to get the joint statistics of arrival times and path gains (7%, fk),
respectively, as defined in (2.8). The phase angles, 6y, will be assumed to be statistically
independent random variables with a distribution over [0, 27].

This channel model in its simplest form assumes that the magnitude of all paths
after LOS follow a Rayleigh distribution, the arrival time of the paths forms a Poisson
random variable, and the envelope of the power delay spectrum forms an exponentially
decaying function. Under this model, the proposed LOS propagation time, 7y, equals:

r
= - 2.9
To - (2.9)



where ¢ is the speed of light and r is the separation distance between transmitter and
receiver as explained in Section 2.1.

Actually, according to this model, multipath arrivals happen in clusters. Clusters
arrive according to a Poisson arrival process with fixed rate u. However, in our case,
we simplified this model as we do not consider clusters except for one. Therefore, we
only consider the arrival of multipath rays also according to a Poisson process with a

fixed rate A.

The inter-arrival times between each ray are distributed exponentially since the
arrival process is Poisson. If 7 denotes the kth ray arrival, with & = 0,1,2, ..., the
probability density functions (PDF) will be:

p(7i | Te—1) = Nexp|—A(1, — T%-1)], k>0 (2.10)

and the power delay profile (PDP) can be expressed using (7, which is a negative
exponential function of 7:

B2 = B2(7s) (2.11)

where $2(0) = (2 is the average power gain at delay 0. The parameter ~ is the ray
power-delay time constant. PDP gives the intensity distribution of a signal received
through a multipath channel as a function of propagation delay. The propagation delay
is the difference in travel time between multipath arrivals.

A Rician K-Factor is also an important parameter used to characterize the PDP,
defined as a ratio between LOS and non-LOS (NLOS) delay:

ﬁQ

== (2.12)

with 202 the mean power of the scattered paths. Figure 2.3 shows an example of a
channel impulse response and power delay profile for this channel model simulation.
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Figure 2.3: Channel Impulse Response (CIR) and Power Delay Profile (PDP) K-factor = 1,
A =0.25 [1/ns]. It is the parameter used for the majority of our simulations

2.3 Ranging algorithms based on channel magnitudes

Phase difference as explained in Section 2.1, is useful enough as a ranging method
for a single ray channel, which is a pure LOS. However, our channel model is derived
from the multi-ray model. It is more accurate to model the real-life indoor situations,
where there is a lot of multipath coming to the receiver. Therefore, a combination of
an advanced signal processing algorithm is needed to reduce the impact of multipath.
However, the information of channel magnitudes is required as well instead of just
channel phase measurements. Nevertheless, the measurement of channel magnitudes
can be easily obtained using a narrowband (NB) transceiver.

First, for the noiseless case, the channel vector is obtained from a set of selected
frequencies. In this case, we have Ky tones in the ISM Band. Therefore, it will result
into:

ho ! 1 . 1
a
hl 20 21 | ao
2 2 2 1
h — h2 — ZO Zl e ZNp—]. ] (2.13>
Ki—1 Ky—1 Ky—1 aN,—1
hKf—l _ZO 21 Ce Zprl_

where 2, is equal to e 7™*2f and ay, = Bjel% Ik fe,
To obtain a MUSIC algorithm, we initially converted this channel vector into a



(L +1) x (K — L) Hankel matrix, H[20]:

ho hl hKf—L—l
hi  hy ... hg_
H=| . 7 ot (2.14)
ho b o i
=[Za ZD(z)'a ... ZD(z)" " 'a] (2.15)
=Z[a D(z)'a ... D(z)™ " a] (2.16)
with ) )
1 1 ... 1
20 Rl .- ZNp—l o
a
7|2 &4 A a=| (2.17)
_zoL zlL e ZJLVp_l_ ANp—1

with Z is a (L + 1) x N, matrix with a Vandermonde structure and vector a has size of

N, x 1, and creates H using a form of smoothing [21]. D(z)i is a Diag operator which
is defined as:

20 0 ... 0
0 2 0 ... 0

D(z) =0 0 % ... 0 (2.18)
00 0 ... 2y,

Smoothing is a technique firstly introduced in the spatial processor to eliminate the
singularity in both the input signal and interference correlation matrix. This singularity
was created by the coherence between the desired signal and the interference. Evans
et al. [22] initially used spatial smoothing (SS) in the direction-finding problem. Shan
and Kailath [23] modified it to the beamforming problem.

Looking at (2.20), the channel vector h is indexed from 0 to Ky — 1. We construct
a set of Ky — L subvectors of length L + 1. Each subvector is shifted by one from the
previous subvector. The ith subvector has the 7th element as its first element. In other
words, we can see the channel vector h is now divided into overlapping subvectors of size
L+ 1 that form the first subvector of {hq, ..., hr}, second subvector of {hy,..., hri1},
until the last, (K; — L)th, subvector of {hx, 1,..., bk, 1}.

Unlike a covariance matrix, the Hankel matrix might not be squared. Therefore, we
attempt to make it square by multiplying it with its Hermitian:

H = HH" (2.19)

which creates a new squared matrix of size (L + 1) x (L 4+ 1). H has a structure as
Hermitian matrix.
The algorithm process will be slightly different in case of the noise present as:

9



ho 1 | | . no
hq 20 21 ceo ZN,-1 0 ny
h 22 22 52 ay
h= 2 = 0 1 Tt “Np-1 . + | N2 (2.20)
Ki—1 Ky—1 Ky—1| LAN,—1
hKf—]_ _ZO Zl “ e ZNp—l_ an_]_

with n; ~ A47(0,0?) here is the noise added in each tone. The Hankel matrix H also
contains some noise now:

ho hl hKf,Lfl_
h h co. hg,_
— 7 YT~ [za ZD()'a ... ZD()"7 " a] + N (221)
hy hpir ... hKffl i
and
_no nq anfol
n n A (Y
N — 1 2 K{ L (2.22)
LN Npyr - NKp—1

After this, the next few sections will present a short overview of different ranging
estimation algorithms. In general, these algorithms can be divided into two classes:
conventional techniques and subspace techniques.

The conventional techniques are based on digital beamforming in DOA algorithms,
and they require a large number of tones to achieve a high resolution. These techniques
electronically steer beams in all possible delays and look for the first significant peak
in the output power. Matched Filter and Minimum Variance Distortionless Response
(MVDR) belong to this category.

2.3.1 Matched Filter

One of the most straightforward conventional techniques is Matched Filter (MF), where
the time uncertainty region is scanned and a power measurement is taken for all delays
[24, 25]. A matched filter estimates the LOS delay by choosing the one that maximizes
the output power while scanning over all possible 7:

Pyp(7) = e(7)"He(r), (2.23)
where e(7) is the steering vector defined as:
1
o—J2mAsT
e(r) = ¢/ (2.24)
eszfiLAfT

The distance estimation using this method is obtained from the earliest notable
peak among all visible peaks.
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2.3.2 MVDR

The MVDR technique was initially introduced by Capon in 1969 and is also known
as Capon’s method, linearly constrained minimum variance (LCMV), or maximum
likelihood method.

This algorithm minimizes the output power while constraining the energy towards
the delay 7 [26]. This minimization is done conditionally so that the gain at the delay
of the estimated LOS value is kept constant, meaning the signal is passed without
distortion:

# = max  {min w"Hw subject to  w'e(r) = 1} (2.25)

where the operator max; means the first local maximum and w is the (L 4+ 1) x 1
complex vector. The weight coefficient vector of the MVDR algorithm can be solved
using Lagrangian multipliers. Lagrangian multipliers are designated to optimize a mul-
tivariable function subject to one or several constraints. The Lagrangian function then
can be arranged as:

L(w,\) = wHw — \(w'e(r) — 1) (2.26)

where \ is the Lagrange multiplier. Setting the derivatives of (2.26) with respect to w
equal to zero yields:
dL(w,)\) —
—;VVVV ) Hw—de(r) = 0 (2.27)
W= )\ﬁ_le(T)

Both sides of (2.27) can be multiplied by e(7)", which the left-hand side is equal to 1

based on (2.25). The value of X is then equal to {e(T)Hﬁ_le(T)}*l. Substitutes back
the value value of A to (2.27), we obtains:

I oo
e(t) ' H "e(r)

The output power is given by:

. 1
Pyvpr(T) = — (2.29)
e()"H 1e(7‘)
Hence, we will solve:
T = max i PMVDR(T) (230)

2.3.3 MUSIC + Smoothing

Most of the conventional techniques have resolution limitations because they do not
exploit the eigenstructure of the Hankel matrix. Subspace-based methods, such as
MUSIC, utilize this structure and make it possible to find a high-resolution algorithm.
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Therefore, we first compute the singular value decomposition (SVD) of H:
H=UX(s)VH (2.31)

In the noiseless case, the MUSIC algorithm can then be obtained by applying eigen-
value decomposition (EVD) of H:

H=UZ(s)VIVI(s)U" (2.32)
H=U(Z(s)*U" (2.33)
H=U(X(s))’U" = [Us 0] %" 0 (U7 o] (2.34)

® 0 O S '

The pseudo-spectrum now looks like:

Puiw(7) 1 (23)

T .

B e

with U = [ uy]...|urs1]. In the ranging context, we may exactly find the first signifi-

cant peak based on all peaks shown in the pseudo-spectrum.

In the noisy case, since there is no a priori information related to how many sources
we have, the vector space U is divided into the signal and the noise subspace by an
assumed number of N, and L + 1 — N, respectively, with N, < L + 1. In MATLAB,
the default value of N; is equal to half of L + 1.

2 0

H=U(Z(s)’U" = [U, U,] { 0 =

2} U7 0,7 (2.36)

In this case, if the steering vector is almost orthogonal to the noise subspace, a
multipath component (MPC) is found. Steering vectors corresponding to the possible
delays of arriving signal lie in the signal subspace and are consequently orthogonal to
the noise subspace. The LOS delay can be determined by looking through all possible
array steering vectors to get those which are orthogonal to the space spanned by the
noise vector.

Hence, the pseudo-spectrum becomes [27]:

. 1
Pyu(t) = =5 (2.37)

S fe(m) Myl
="

Range estimation can now be derived based on this pseudo-spectrum by finding the
first significant peak among all peaks shown.

Smoothing is beneficial for this ranging estimation since the signal is partially cor-
related due to the multipath propagation. By using smoothing, it needs 2K number of
measurements to solve K correlated signals.
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Proposed Method

In this chapter, we continue the study from Chapter 2 by comparing the results between
MF, MVDR, and MUSIC. After that, three main different possible structures of H in
order to create a squared H matrix are also reviewed. Then, we propose an approach to
reduce the multipath effect based on an incorporated eigenstructure-based technique of
H, called as forward-backward smoothing (FBS) and an information theory based tech-

niques, namely Akaike Information Criterion (AIC) and Minimum Description Length
(MDL).

3.1 Channel parameter

Six different parameters such as LOS delay, K-Factor, ray interval rate, ray decay
constant, SNR, and number of tones were applied in the simulation. These parameters
are listed in Table 3.1 and the simulation for each ranging algorithm will be run for
1000 different realizations of the channel model.

Table 3.1: Channel model parameter and simulation configuration

No Parameter Value
1 LOS Delay 20 ns
2 K - Factor 1
3 Ray interval rate (A) 0.25 [1/ns]
4 Ray decay constant (7) 0.046 [dB/ns]
5 Signal to Noise Ratio (SNR) 20
6 Number of tones (Ky) 80
7 | Hankel matrix (H) dimension 41 x 40

3.2 Comparison between MF, MVDR, and MUSIC

As we may see in Figure 3.1, the MF algorithm creates the pseudospectrum as a sinc-
like function. The main lobes occur at the estimated LOS delay. It is possible since
the signals in this range of delays sum coherently, whereas it is not the case for other
delay values. The number of sidelobes is equal to the number of rows in the matrix H.
The width of the main lobes is also related to the number of rows of H. The width is
around 1000/(L 4 1) ns. The width gets smaller for a higher number of L.

13
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Figure 3.1: Matched Filter

In MVDR, the peak is generally sharper than in MF as illustrated in Figure 3.2. It
shows that MVDR provides better resolution than MF'.

Pseudo-spectrum (dB)
8
T T
,é_)
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-55
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delay[ns]

Figure 3.2: MVDR

Among all ranging algorithms, MUSIC provides the best resolution as shown in
Figure 3.3. The width of the lobes is much shorter compared to MF, and the peak is
slightly sharper than MVDR. In MUSIC, the first significant peak is located around
10-15 dB. The gap between the main lobes and most of the sidelobes is approximately
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20 dB. Since we used H matrix of 41 x 40, it creates a H with size 41 x 41, means we
would assume the number of separable multipath is around half of the total number of
columns of H, 20.

Pseudo-spectrum (dB)
& o
T T
L e—
1 1

1 1 1 1 1 1 1 1 1
-20
0 100 200 300 400 500 600 700 800 900 1000
delay[ns]

Figure 3.3: MUSIC

From Figure 3.4, MUSIC and MVDR give more robust results than MF'. For the rest
of this report, MUSIC is used over MVDR based on a better statistical performance as
shown in Table B.1 in Appendix B.

—MVDR
—MUSIC

Figure 3.4: Cumulative Distribution Function (CDF') of Matched Filter, MVDR, and MUSIC
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3.3 Comparison between square, wide, and tall matrix of H

As demonstrated in Figure A.1 and Figure A.2 in Appendix A the size of the H matrix
plays a significant part on how the results of (pseudo)-spectrum looks. In Figure A.1,
several high sidelobes are present, even though they can still be distinguished in com-
parison with the main lobe.

In Figure A.3, the (pseudo)-spectrum results for a wide matrix H is better than
for the square matrix. Better results mainly due to a lower number of main lobes and
higher orthogonality between the first main lobe and most of the sidelobes which are
about 25 dB.

The pseudo-spectrum results in Figure A.2 show that a tall matrix performs the
worst of all. It can be seen that it is unclear to determine the exact position of the first
peak. High sidelobes also make a narrower gap to the primary lobe.

From Figure 3.5, there are ranging results based on 1000 different single-channel
realizations with 20 dB of SNR(Signal to Noise Ratio). The results show that the
MUSIC + Smoothing performance are quite similar regardless of the type of H matrix,
regarding ranging bias. It shows that all of them have almost the same standard error.
However, based on statistics result in Table B.2, the squared matrix of H will be chosen
for the rest of this report since it still has small advantage result among others regarding
median and standard deviation error.

——

—MUSIC 41x40
—MUSIC 54x27| |
——MUSIC 27x54] |

o
©
T

CDF/P(Err<x)
o o o ) o o o
o @ > o > N ®
T T T T T T

o
T

.o
o
o

Figure 3.5: Cumulative Distribution Function (CDF) comparison of MUSIC + Smoothing
results

3.4 MUSIC + Forward-Backward Smoothing

To increase the resolution of range estimation, a set of forward and conjugated backward
subvectors are used, since it proves that to solve K correlated signals, it only needs %K
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number of measurements, instead of 2K . In this case, for L + 1 number of subvectors,
instead of just solving a maximum of L%J different multipath components, now we
can address a higher number [2(L +1)]. |z] is floor(x), the greatest integer number
less than, or equal to z.

Instead of H, we now try to make the smoother type of matrix by forming a new
square matrix H,.:

H, 2 JH]J (3.1)
where * is the complex conjugate and J is the exchange matrix:
00 ... 01
00 ... 10
IS (3:2)
01 ... 00
10 ... 00

Then, the new forward-backward smoothed covariance matrix is obtained by aver-
aging between H and H,,[25]:

~ A 1
H=:
2(L+1)

Similar as in H and H,,,, H also has a Hermitian matrix structure.

(H+H,,) (3.3)

3.5 MUSIC + Forward-Backward Smoothing + AIC-MDL

Subspace methods like MUSIC could perform best with the exact information on the
number of sources. However, in our case, this becomes a big problem since we do not
know the number of separable multipath components. The first approach is then to
look into the eigenvalues of the covariance matrix of H, before we discussed for the
forward-backward covariance matrix of H later in this section. Therefore, the Akaike
Information Criterion (AIC) algorithm estimates the most likely number of sources
within this condition, with the test is given by [29], [30], [31]:

AIO(NS> - LN,s<NS) +p<Ns) (34)

where Ly, (Ns) is a cost function based on Anderson’s sufficient statistic in [32]:

1 L+1
Ln,(N,) = (K; — L)(L — Ny + 1) In { £=hetd == Ned] < (3.5)
(HiL:AlfSH §;) T=NF1

with & indicates the smallest L — N, eigenvalues of H, and p(N,) is a penalty term.
The penalty term is indicated by the number of freely adjusted parameters in H for

conventional (or forward-only) smoothing, supposed there are N, sources.
H with N, sources consists of N, + 1 eigenvalues (£,...,&n,,02%) and N,
eigenvectors(uy, ..., uy,), where Ny < L + 1. The eigenvalues are real and there-
fore count as Ny + 1 real parameters, while the eigenvectors are complex, unit norm,
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and mutually orthogonal. It follows that H has 2(L + 1) parameters in each vector,
and 2(L 4 1) N, parameters for N vectors. However, not all of the parameters are free
to vary. Each vector must have 1 element with a real number, means a reduction of N,
degrees of freedom (DOF). Furthermore, we have to deduct another Ny DOF due to
their unit norm and 2(Ng(Ns — 1)/2) due to their mutual orthogonalization since the
eigenvectors follow certain constraints. Therefore, the total number of DOF is:

p(Ng) = Ny +1+42Ny(L +1) — Ny — Ny — Ny(N, — 1) (3.6)
= Ny(2(L+1)— Ny) +1

The second term of the addition of one is an option that can be ignored, so:

and the AIC test is [33]:
AIC(N,) 2 {Ly,(N.) + [NJ(2(L + 1) = N,)]}. (3.8)
and
N, azc = argmin{ AIC(N;)}. (3.9)

Based on this cost function, AIC can be defined as:

Nyare = argmin{ Ly, (Ny) + N[2(L+ 1) — Ng|)} (3.10)
Following Akaike’s work, Schwartz [31] and Rissanen [31] made two different ap-
proaches. Schwartz [31] used the Bayesian approach, defining a prior probability to
each model, and chose the model with maximum a posteriori probability. Rissanen’s
method is derived from an information theoretic argument. Rissanen suggested select-
ing the model that had the minimum code length since every model can be looked at as
an encoding of the observation data. In the large-sample limit, both approaches gave
the same criterion called Minimum Description Length (MDL):

MDL(N,) = Ly, (N.) + gp(N.) (K — L) (3.11)
= Ln,(Ns) + % N,2(L+1) — N, + 1] In(K; — L)

Note that the cost function of MDL is identical to AIC, while the penalty term has
an extra factor of 3 In(K; — L), and

~

Nsypr, = argmin{ M DL(N;)}. (3.12)
N

The MDL criterion is then given by:

Nonspy, = argmin {LNS(NS) + % [N +1) = N+ 1] (i - L)} (3.13)

s
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As discussed in the previous sub-chapter, forward-backward approach gives benefit
in averaging a coherent or correlated signal environment. Therefore, the detection tests
now must be adjusted to account for the use of H instead of H.

If forward-backward smoothing applies, the AIC formulation change since FB av-
eraging alter the Hermitian structure of H into both Hermitian and centro-Hermitian
property in H, or in other words:

H = JH]*J (3.14)

In the FB case, the eigenvectors {u;} corresponding to different eigenvalues can be
chosen as centro-Hermitian vectors, which has a property u; = Ju;. It means that the
bottom half elements of the vector are only conjugates of the top half elements resulting
in free parameters for half of the total elements. Assume that (L + 1) is even, then
there are only $2(L + 1) free parameters in each centro-Hermitian vector, or Ny(L + 1)
free _parameters in N, number of sources.

H with N, sources still consists of N largest eigenvalues, (L + 1) — N, repeated
eigenvalues of 02, and N, eigenvectors. However, centro-Hermitian properties as ex-
plained above reduce DOF for %Z(L + 1). Then, the constraints of unit norm and
mutual orthonormality reduces DOF by N, and %NS(NS —1).

The penalty term is now changed due to the introduction of FB averaging [35]:

PN = Ny +142N,(L+1) = No(L +1) = N, — w (3.15)
= %Ns(2(L +1)=N,+1)+1
or neglecting the constant of one,
p(N) ~ %NS(2L _N,+3) (3.16)
The AIC-FB and MDL-FB functions are:
Nyarerp = argmin{ Ly, (N;) + %NS[Q(L +1) =N, + 1]} (3.17)

Ny

1
= argmin{ Ly, (Ny) + §NS(2L — Ns+3)}

s

and

N 1
NSMDL:FB = argmin{LNs(Ns) + ZNS[Q(L + 1) — Ns + 1} hl(Kf — L)} (318)

N,

1
= argmin{ Ly, (N;) + ZLNS(QL — Ny +3)In(K;— L)}
N

where the Lg(N,) is given by (3.5), with the & is the cigenvalues of H now.
We can see that FB averaging is reducing the free adjustable parameters by a factor
of 2. The tests still have similar structure since the only change is in the penalty
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function. After that, we find the value of Ny that minimize (3.17) and (3.18) and
expressed it by N.,.

In [29], it shows that both MDL and MDL-FB are consistent. It means that as K
goes to infinity, Niypr and Nespr.rs approach N,. On the other hand, AIC is incon-
sistent and, asymptotically, tends to overestimate the number of signals. Nevertheless,
for a small Ky the AIC generally has a better probability of a right decision. Therefore,
based on this information, the number of signals N, in this simulation are then decided
as the minimal value among N, 4rc.rp and Ngypr.ra-

3.6 Results

3.6.1 MUSIC + Forward-Backward Smoothing

In Figure 3.6, we see the effect of forward-backward smoothing where the first main
lobes are located around 30 to 35 dB. It is approximately 20 dB higher in compari-
son with forward-only smoothing, given the similar power of the sidelobes. From the
Table B.3 in Appendix B, FBS clearly reduces the standard deviation error about 20%.

Pseudo-spectrum (dB)
s
T

| ﬁ\ |
IR | |
] WM A

0 100 200 300 400 500 600 700 800 900 1000
delay[ns]

Figure 3.6: An example of the pseudo-spectrum of MUSIC + Forward Backward Smoothing
with H size of 41 x 40

3.6.2 MUSIC + Forward-Backward Smoothing + AIC-MDL

In Figure 3.7, the effect of inserting AIC - MDL is seen by diminishing most of the
sidelobes. It also results in the higher energy at the rest of the lobes since the number
of sources are now significantly reduced. It can also be seen that the number of sources
N, for a squared H matrix now estimated at around 6, instead of just halves total
number of rows, 20.
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Figure 3.7: An example of the pseudo-spectrum of MUSIC + Forward Backward Smoothing
+ AIC - MDL with H size of 41 x 40
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Figure 3.8: CDF Comparison of MUSIC + Forward-Backward Smoothing + AIC MDL Re-
sults, K-factor = 1, A = 0.25 [1/ns]

From Table B.4 and Figure 3.8, it can be seen that there is some additional ranging
performance result of MUSIC by inserting AIC-MDL. In fact, the best ranging result
is shown on a squared matrix case.

Insertion of AIC-MDL undoubtedly reduce the outliers and standard deviation of
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ranging bias. It is shown that the standard deviation of AIC-MDL is now 0.344 m,
compared to forward-backward smoothing and MUSIC with 0.402 m and 0.491 m,
respectively. An improvement in minimizing standard deviation probably because AIC-
MDL reduces all sidelobes which do not belong to expected sources. Therefore the range
probability of peak detection is now much narrower than in MUSIC.

3.7 Bias Compensation for MUSIC 4 Forward-Backward
Smoothing + AIC-MDL

Figure 3.9 and Table C.1 compare the results of the ranging algorithms in Figure 3.8
and its bias compensation. Bias compensation is done by computing another different
set of data for calculating the bias and subtracting it with the bias from the previous
data set. Overall, the empirical CDF shows a reduction of bias for FBS and AIC-MDL.
It is shown that the median bias is around 0 m after compensation. Median is the
statistics chosen instead of mean as it is less affected by the effect of outliers.
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-—-MUSIC after bias compensation
-—-FBS after bias compensation —
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Figure 3.9: CDF comparison of MUSIC + Forward-Backward Smoothing + AIC MDL Re-
sults, K-factor = 1, A = 0.25 [1/ns], before and after bias compensation
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3.8 Conclusion

In this chapter, we proposed more advanced ranging algorithms which tackle the mul-
tipath effect as the main problem in the previous chapter. In the first part of this
chapter, we compared and evaluated the performance of Matched Filter, MVDR, and
MUSIC. The results showed that MUSIC provided a better performance over MF and
MVDR. Also, MUSIC performs better in a structure of square matrix of H than in
wide or tall structure. In the second part of this chapter, Forward-Backward Smooth-
ing and AIC-MDL are introduced and applied on top of MUSIC algorithm to reduce
further the standard deviation in ranging results by diminishing the multipath effect
and estimating the number of separable multipath in the channel.
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Bias Compensation

Previously, the addition of FBS and AIC-MDL has been able to reduce the outliers
of the ranging estimation as discussed in Chapter 3. However, both of them are still
unable to overcome the bias as in the MUSIC algorithm. In this chapter, we proposed a
bias compensation in order to try to remove the bias. The impact of bias compensation
is then examined through different channel model parameter combinations.

4.1 Procedure of compensating bias in ranging

The diagram in Figure 4.1 proposes the process of bias compensation in real ranging.
The process could be done by exploiting the benefit of the simulation of bias compen-
sation.

‘ Start ’

Ky phase and magnitude measure-
ments as illustrated in Figure 2.2

l

Estimate primary channel
model parameters (K-factor
and SNR) using [30, 37]

Ranging algorithms
from Chapter 3

Lookup the estimation
of bias value from Ta-
ble C.4 in Appendix C

‘ End ’

Figure 4.1: Block diagram of compensating bias in ranging
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At the first stage in the process, the K tones are measured as explained in Figure
2.2. The result of the phase difference can be split into two different parallel steps. One
of them is to reduce the effect of multipath by using the proposed ranging algorithms
from Chapter 3. The other step is estimating the main channel model parameters.

Throughout this chapter, we may study that K-factor and SNR are chosen as the
primary characteristics of the model which contribute significantly to the bias value
since it may be difficult to estimate all possible model parameters. Ramesh et al. in
[30] estimate K-factor using a statistical ratio of observables over a block of data in
a generalized fading channel, while Abdi et al. [37] estimate SNR using higher-order
statistics. Results of the K-factor and SNR estimation will be the base of the lookup
table to estimate the value of bias further as shown in Table C.4 in Appendix C.

In the last step, the result of bias estimation subtracts the result of the ranging
algorithm to get the final results of ranging.

4.2 Ranging bias for different K-factor and A

Figure 4.2 and Table C.2 illustrates the estimated ranging bias for varying parameter
values of K-factor and A. The value of K-factor differs from 0.1 to 1, with an increment
of 0.1, while the value of A differs from 0.1 ns to 1 ns, with an increment of 0.1. Overall,
both K-factor and A tend to impact the bias value of the range estimation. Lower K-
factor means a higher proportion of NLOS signals compared to the LOS signals. It
leads to a higher estimation bias. A similar situation also happens for a higher A since
it increases the arrival rate of each multipath component.

The figure shows that K-factor has a more significant impact on ranging bias than
A. The gradient of the curve explains this situation. However, there is a considerable
drop in bias value from 0.1 to 0.2 in the ray interval rate. This drop is possible since for
A equal to 0.2, the gap between each ray is around 5 ns. Meanwhile, the gap becomes
approximately 10 ns for A equal to 0.1, which is sparse already. Implicitly, we may see
that the resolution for AIC-MDL is between 5 ns and 10 ns in this case.

4.3 Ranging bias for different K-factor and A after bias com-
pensation

The mesh plot in Figure 4.3 displays the impact of bias correction of the results from
Section 4.2 and Table C.3 in Appendix C. Overall, the ranging bias now reduced to an
absolute value below 0.08 m for all combinations of both K-factor and A, as also shown
in Table C.3. The bias value now just fluctuated slightly from —0.034 m until up to
0.073 m, compared with 0.043 m to 0.62 m previously without bias compensation.

As the bias correction is now added into the ranging results, the bias for all ranging
results for different values of K-factor and A is more or less similar. These results show

that the proposed approach could refine the ranging results for all parameter values of
K-factor and A.
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Ranging bias for different Ray Interval Rate (A) and K-Factor

0.7

0.6

o o o
w i 3

Ranging Bias [m]

I
S

0.1

0.6
0.7

K-Factor ) 1 01

Ray Interval Rate (A) [dB/ns]

Figure 4.2: Mesh plot of ranging bias for different K-factor and A

Ranging bias for different Ray Interval Rate (A) and K-Factor after Bias Compensation
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Figure 4.3: Mesh plot of ranging bias for different K-factor and A after bias compensation
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4.4 Ranging bias for different SNR and K-factor

Figure 4.4 and Table C.4 provides ranging bias results for different values of K-factor
and another parameter, SNR. It is clear that ranging results change significantly for
various values of K-factor and SNR.

In contrary to the effect of A in Section 4.2, SNR is a more influential parameter in
estimating the bias value. It is shown that increasing the SNR value up to around 9
dB could affect reducing the bias to less than half. For example, for K-factor equal to
0.6, the ranging bias can differ from 0.263 m with 11 dB of SNR to 0.134 m with 20
dB of SNR. A similar pattern is also shown for other values of the K-factor. Based on
these facts, it is shown that the worst ranging bias is 0.904 m for 0.1 of K-factor and
11 dB of SNR, whereas the best ranging bias is 0.08 m for K-factor equal to 1 and 20
dB of SNR, showing around 0.9 m of bias difference.

Both the mesh plot and the table only show the results varying the SNR from 20 dB

to as little as 11 dB, because, for an SNR lower than 11 dB together with a low K-factor,
the interested peak becomes very weak and indistinguishable from the sidelobes.

Ranging Bias for different SNR and K-Factor
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Figure 4.4: Mesh plot of ranging bias for different SNR and K-factor
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4.5 Ranging bias for different SNR and K-factor after bias
compensation

Figure 4.5 and Table C.5 illustrate the impact of bias compensation for all combinations
of SNR and K-factor based on the results in Section 4.4. The results are shown as
ranging bias in meter unit.

Overall, the proposed correction reduces the absolute bias value up to below 0.08 m
for all different parameter values of SNR and K-factor. The bias value now only differs
from —0.073 m to 0.055 m, where some of them show a perfect bias value of 0 m.

As the bias compensation is now added to the result of ranging bias, the bias values
of K-factor and SNR are more or less similar. It proves that the proposed approach
could also improve the ranging result for all parameter values of K-factor and SNR.

Ranging bias for different SNR and K-Factor after Bias Compensation
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0.04

0.02

Ranging Bias [m]

\ \
-0.04 Z

, ; \ /
-0.06

\
-0.08

11
0.5 /
0.4
0.3
K-Factor
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Figure 4.5: Mesh plot of ranging bias for different SNR and K-factor after bias compensation

4.6 Ranging bias for different K-factor and

Figure 4.6 and Table C.6 in Appendix C show the ranging bias with value variation in
two different parameters of K-factor and +. The results are shown in the meter unit.

Overall, it is quite evident that + has almost no influence on the ranging bias. It is

probably due to a common low value of v set in the channel parameter. The value of
parameter -y varies from 0.01 to 0.1 dB/ns.
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Ranging bias for different Ray Decay Constant () and K-Factor
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Figure 4.6: Mesh plot of ranging bias for different K-factor and

It is clear from both the mesh plot and the table that changing the ~ value for
all conditions of K-factor, has little impact on the ranging result. For instance, for a
K-factor equal to 0.5, the ranging bias only changes from 0.153 m for 0.01 dB/ns of v
to 0.171 m for 0.1 dB/ns of 4. There is only around 0.02 m difference in bias.

4.7 Ranging bias for different K-factor and v after bias com-
pensation

Figure 4.7 and Table C.7 provide a ranging result of bias compensation for different
values of K-factor and v from Section 4.6.

It can be seen from the mesh plot that the ranging bias is stagnated for all different
values of K-factor and . The bias value now only varies from —0.074 m to 0.038 m,
where some of them also show perfect bias value of 0 m.

To conclude, bias compensation is able to refine the ranging results for all parameter
values of K-factor and ~.
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Ranging bias for different Ray Decay Constant () and K-Factor after Bias Compensation
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Figure 4.7: Mesh plot of ranging bias for different K-factor and ~ after bias compensation

4.8 Conclusion

In this chapter, we proposed a method to reduce further the bias in ranging. In the first
part of the chapter, we illustrated the flowchart of compensating ranging bias in real life.
In the later part of the chapter, we investigated the effect of several essential channel
parameters, such as K-factor, ray interval rate (A), and SNR. Results of different
combinations of the parameters are shown in a mesh plot and raw data table in the
appendix. The performance advantage of compensating this bias is also shown in this

chapter.
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MUSIC-Like

In this chapter, a variation of ranging algorithm is presented by introducing a different
optimization problem. The goal of this optimization problem is minimizing the variance
of the output array subject to keep the output power at each delay and avoid a trivial
solution. The problem is called as a MUSIC-Like method, having similarities with
MUSIC in some special cases, but not based on subspace methods and not estimating
the number of separable multipath.

5.1 Overview

Previously, MF and MVDR is applied as a ranging estimation technique to solve the
problem. Both MF and MVDR do not need any information about source number.
However, it can be seen from Chapter 3 that MF and MVDR could not provide a
resolution as high as MUSIC. However, MUSIC is a technique that demands subspace
decomposition to determine the constraint which already estimated by AIC-MDL.

The results in Chapter 4 show that SNR is a vital channel parameter since the
ranging performance deteriorates by around half for a 9 dB difference. Djuri¢ [38] also
indicates that AIC and MDL are prone to estimating a wrong number of sources for
low SNR and a small number of samples in DOA problem. An error in determining the
model order of the signal subspace could affect the overall performance of the subspace-
based methods like MUSIC. Therefore, a declining ranging performance due to a false
approximation of separable multipath numbers should be prevented.

In this chapter, a new optimization problem is proposed which not based on the
subspace decomposition hence it does not need the number of sources. Instead, the
solution of this optimization problem will look at the eigenvector associated with the
smallest eigenvalue of the matrix which relies on both the delay and the smoothed
covariance matrix, H. The algorithm is called as MUSIC-like [39].

The MUSIC-like algorithm does not need a split between signal and noise subspaces.
In [39], the algorithm is addressed as MUSIC-like even though this technique does
not depend on the subspace decomposition since it follows the MUSIC algorithm in
two aspects: the equivalent spectral spectrum in the absent of sources for DOA case
and optimal weight vector specified by the weighted sum of noise eigenvectors. This
algorithm claimed to perform better than MUSIC with AIC-MDL under low SNR
conditions [10].
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5.2 Problem Statement

The proposed algorithm solves the optimization problem given as:

min w'Hw (5.1)
subject to  w'e(r)e(r)'w + A || w |3 = w'{e(r)e(r)" + Bl 1w = c

where ¢, > 0 are constants. The constraint in (5.1) is different than MVDR in
(2.23) as using output power rather than the output signal copy itself. Therefore, this
algorithm is proposed constraint on the power gain at delay 7 with L, norm constraint
of the weight vector [41].

The following Lagrangian function can be constructed using the Lagrange multiplier
technique:

L(w,\) = wWHw — /\(WH{G(T)G(T)H + 5IL+1}W - c) (5.2)

where A is the Lagrangian multiplier. Setting the gradient of L(w, \) with respect to
the weight vector w to zero gives:

Hw = A(e(T)e(T)H + mm)w (5.3)

It can be seen that the formulation becomes a generalized eigenvalue problem, with the
pair of {H, (e(7)e(r)" +BI41)} is called as matrix pencil [12, 13]. Since (e(7)e(r)" +
BIL41) is an invertible matrix, then X is the generalize eigenvalue of (e(T)e(T)H +
BILH)AE. Multiplying both sides from (5.3) on the left with w!l yields:

wiHw = Aw{e(r)e(r)" + Sl 1 }w = Ae (5.4)

is the one that we want to minimize looking back at (5.1). Therefore, the optimal
weight vector is the eigenvector associated with the minimum eigenvalue of (e(T)e(T)H—i-
Bl L+1) “MH. Tt also can be seen just the selection of g that influence the optimal weight
vector, while the value of ¢ is not crucial for this algorithm. The value of ¢ will only be
totally adjusted by the optimization problem.

Given the Sherman-Morrison formula [11, 15]:

_ . A7lbctA!
the inverse of (81,11 + e(T)e(T)H)_l is equal to:
g B %e(r)e(r)"
G R (56)
B5%e(r)e(7)"
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A suggested choice for 3 is derived in [10] as:

6 - (]- - a)ﬁmin + aﬁmax (57)

where 0 < a < 1. The value of « is given by:

8. max e(T)Hﬁ_le(T)
— min — T 5_8
Bmax  min e(T)Hﬁ_le(T) 58)

7

«

where both [, and Pha.. are equivalent to the peak and floor of the MVDR output
power, respectively.

Given the optimal weight vector w, the spectrum LOS delay is then estimated by
finding the first peak of Py pike(T):

1

WP Y

15 MUfLike<7_ )

which is different from the power response derived by MVDR estimator.
The implementation of the MUSIC-Like algorithm can be summarized using the
following steps:

1. Select a suitable 8 based on (5.7)
2. Calculate B = (B + e(T)e(T)H)flﬁ as shown in (5.6)

3. Find the eigenvector with respect to the minimum eigenvalue of B

4. Calculate the spectrum according to (5.9)

5.3 Simulation Results

Figure 5.1 shows the (pseudo)-spectrum of MUSIC-like. It is observed that MUSIC-
like has a similar spectrum and resolution with MUSIC in Figure 3.3. The first peak
located at the estimated LOS delay. It shows that MUSIC-like is capable as a ranging
algorithm for this channel model. Table B.1 in Appendix B presents the statistical
performance of MUSIC-like among previous ranging algorithm using the same channel
parameter in Table 3.1. It can be seen that the performance of MUSIC-like is similar
to AIC-MDL under high SNR conditions.

The advantage of the MUSIC-like algorithm over AIC-MDL can be seen under
low SNR environments. In low SNR conditions, a model order estimation techniques
like AIC-MDL are unable to assure correct results. Figure 5.2 depicts the ranging
performance of MUSIC-like compare with MUSIC decoupled with AIC-MDL. Ranging
bias equal to zero is also plotted for reference. MUSIC-like and AIC-MDL have only
marginal difference performance under high SNR, (above 0 dB). However, AIC-MDL is
started to unable to perform satisfactorily for SNR below —7 dB. In such conditions,
MUSIC-like has a better capability to estimate the LOS delay.
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5.4 Conclusion

In this chapter, MUSIC-like is an algorithm presented without estimating the number of
sources. It can be seen that MUSIC-Like has two advantages compares to the previous
methods. First, this algorithm does not require the information about the number
of sources to estimate the LOS delay. Second, the performance of MUSIC-like still
gives better performance compare to MUSIC coupled with AIC-MDL algorithm under

adverse SNR conditions.
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Concluding Remarks

6.1 Conclusions

The major objective of this thesis is to improve the ranging accuracy in the narrow-band
indoor environments using industrial, scientific, and medical (ISM) radio bands exploit-
ing various signal processing approaches. Previously, the phase difference method was
proposed. Phase difference is a compatible technique for a single-ray pure line of sight
(LOS) channel model. However, the phase difference method is not entirely suitable
for the multi-ray radio channel model. In this channel model, both LOS and non-line
of sight (NLOS) paths are present. For this reason, a combination with a direction of
arrival (DOA) algorithm is needed with the aim of minimizing the ranging bias. In
Chapter 3, the performance of various DOA techniques such as matched filter (MF),
minimum variance distortionless response (MVDR), and multiple signal classification
(MUSIC) were compared and evaluated. The result shows that MUSIC comes out as
giving the best ranging performance of all.

As multipath are present in the channel model, the signals are also highly correlated
between the desired signals and the interference signals. Therefore, forward-backward
smoothing is implemented in combination with MUSIC to identify a higher number of
correlated signals and to improve the ranging resolution.

MUSIC is a subspace-based DOA estimation method which divides the vector space
into a signal subspace and noise subspace. Exact knowledge of estimating the number
of signals is necessary to be able to distinguish between noise and signal subspace. Con-
sequently, MUSIC is also known to be able to perform best with precise information on
the number of sources. The number of sources, in this case, is the number of separable
multipath of the channel model. In the earlier simulations, this number of separable
multipath was assumed to be half of the highest possible number of total multipath.
An information theory based algorithm, Akaike information criterion - minimum de-
scriptive length (AIC-MDL), has been investigated in this thesis in combination with
MUSIC and forward-backward smoothing to improve the ranging accuracy. The num-
ber of separable multipath is estimated using AIC-MDL algorithm so that it can further
diminish the disturbance from multipath issues.

Chapter 4 focuses on reducing the result of ranging bias from Chapter 3. The first
part of this chapter suggests that bias compensation is possible to improve the ranging
precision given the right information of channel parameter values. The second part
of the chapter concentrates on problems of estimating the bias value given specific
knowledge of channel parameter values. Bias value estimation for various situations
of an indoor environment were analysed and stored. It is done by simulating several
channel parameters, such as K-Factor, signal to noise ratio (SNR), ray interval rate
(M), and ray decay constant () with different a range of values. The results reveal
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K-factor and SNR as the two main parameters that are crucial in contributing to the
bias and need to be estimated in order to lookup the estimation of ranging bias value.
Estimation of K-Factor and SNR has been discussed by Ramesh et al. in [36] and Abdi
et al. in [37], respectively. The results in Chapter 4 have shown that bias compensation
with exact estimation of channel parameter value can further reduce the absolute bias
value until up an order of magnitude.

Chapter 5 focuses on using another variation of ranging method based on two main
factors: improvement of ranging performance over low SNR and avoid estimating the
number of signals while still maintaining the ranging performance. As shown in Chap-
ter 4, SNR is an essential parameter along with K-Factor that affects the ranging
performance of AIC-MDL. Performance of AIC-MDL is known to degrade severely
over low SNR which could affect the overall ranging performance. The MUSIC-like
algorithm is proposed to improve the result over poor SNR conditions without estimat-
ing the number of separable multipath. The results show that the estimation accuracy
of MUSIC-like is similar to AIC-MDL over high SNR conditions. The ranging perfor-
mance also improves over the existing model order estimation methods under adverse
SNR environments.

6.2 Future Works

In this section, several recommendations and challenges for extending this research are
presented:

e Testing algorithms on real measurements

Channel modelling and simulation in this thesis were performed using MAT-
LAB software. It is vital to check further the advantages of all the proposed
approaches using real indoor measurement. Also, these measurements could re-
sult in new challenges, such as the possibility of some information loss between
each transceiver.

e Reducing the number of tones

The number of tones used in this thesis equals K as explained in Chapter 2. It
is interesting to see if the measurement can be done with fewer tones and check
the trade-offs between reducing the number of tones and the ranging accuracy.
Compressed sensing (CS) is one of the possible methods to do this if the channel
vector h is N-sparse, with N < K [16, 17].

e Optimal tone placement

In this thesis, several ranging algorithms are derived and combined with a bias
compensation in order to improve the ranging results in the ISM band. However,
the exact knowledge of channel state information (CSI) is fundamental to perform
all of these approaches above [18]. Currently, the channel estimation to obtain
CSI is done by using Ky tones in a conventional uniform pattern. Non-uniform
placement tones can be considered in order to find the most optimal placement
tones.
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¢ Reducing the computational complexity of the MUSIC-Like algorithm
The MUSIC-Like method requires a high computational time to find an eigenvec-
tor related to the minimum eigenvalue of the matrix depending on each delay and
the correlation matrix of the steering vector, or called as minor component [19, 50].
A statistical method to extract this component adaptively, such as minor compo-
nent analysis (MCA) can be considered to solve a generalized eigen-decomposition
problem [51]. Recently, Samir et al. [52] introduce a fast MCA algorithm to reduce
the computational time further.
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Appendix A

In this appendix, Figure A.1, A.2, and A.3 presented the example pseudo-spectrum
results of MUSIC 4 Smoothing for the thesis case studies with different size of Hankel
matrix H.

Pseudo-spectrum (dB)
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Figure A.1: An example of pseudo-spectrum of MUSIC 4+ Smoothing with H size of 41 x 40
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Figure A.2: An example of pseudo-spectrum of MUSIC + Smoothing with H size of 54 x 27
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Figure A.3: An example of pseudo-spectrum of MUSIC + Smoothing with H size of 27 x 54
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Appendix B

In this appendix, the performance data for various ranging algorithms are presented in
Table B.1 - B.4.

Table B.1: Results of ranging bias
Matched Filter MVDR MUSIC AIC-MDL MUSIC-Like

MIN [m] -5.945 -5.854 -1.349 -1.221 -1.678

MAX [m] 11.671 15.187 6.617 4.255 1.599
MEAN [m] 0.745 0.107 0.117 0.086 -0.007
MEDIAN [m] 0.446 0.079 0.098 0.079 -0.012
STD [m] 1.400 0.745 0.491 0.344 0.463

10% PERCENTILE [m] -0.378 -0.362 -0.250 -0.287 -0.461
90% PERCENTILE [m] 2.094 0.537 0.519 0.409 0.394

Table B.2: Results of MUSIC + Smoothing ranging bias
MUSIC 41x40 MUSIC 54x27 MUSIC 27x54

MIN [m] -1.349 -2.283 -1.825

MAX [m] 6.617 13.117 8.631
MEAN [m] 0.117 0.126 0.188
MEDIAN [m] 0.098 0.116 0.116
STD [m] 0.491 0.645 0.594

10% PERCENTILE [m] -0.250 -0.235 -0.342
90% PERCENTILE [m] 0.519 0.427 0.501
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Table B.3: Results of MUSIC + Forward-Backward Smoothing ranging bias

MUSIC 41x40 MUSIC 54x27 MUSIC 27x54 FBS 41x40 FBS 27x54 FBS 54x27

MIN [m] -1.349 -2.283 -1.825 -5.744 -3.418 -1.514

MAX [m] 6.617 13.117 8.631 2.771 4.035 4.566
MEAN [m] 0.117 0.126 0.188 0.061 0.061 0.143
MEDIAN [m] 0.098 0.116 0.116 0.061 0.061 0.116
STD [m] 0.491 0.645 0.594 0.402 0.481 0.436

10% PERCENTILE [m] -0.342 -0.342 -0.268 -0.268 -0.360 -0.250
90% PERCENTILE [m] 0.519 0.519 0.557 0.391 0.501 0.519

Table B.4: Results of MUSIC + Forward-Backward Smoothing + AIC MDL ranging bias

MUSIC 41x40 MUSIC 54x27 MUSIC 27x54 FBS 41x40 FBS 54x27 FBS 27x54 AIC-MDL 41x40 AIC-MDL 54x27 AIC-MDL 27x54

MIN [m] -1.349 -2.283 -1.825 -5.744 -3.418 -1.514 -1.221 -1.825 -1:129

MAX [m] 6.617 13.117 8.631 2.771 4.035 4.566 4.255 13.850 2.552
MEAN [m] 0.117 0.126 0.188 0.061 0.061 0.143 0.086 0.102 0.176
MEDIAN [m] 0.098 0.116 0.116 0.061 0.061 0.116 0.079 0.061 0.153
STD [m] 0.491 0.645 0.594 0.402 0.481 0.436 0.344 0.692 0.329

10% PERCENTILE [m] -0.342 -0.342 -0.268 -0.268 -0.360 -0.250 -0.287 -0.342 -0.177
90% PERCENTILE [m] 0.519 0.519 0.557 0.391 0.501 0.519 0.409 0.501 0.556
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Appendix C

In this appendix, Table C.1 indicates the performance data of bias compensation for
different ranging algorithms, derived from Table B.4. Table C.2 - C.7 depicts the
performance of bias compensation for different radio environments. N, = %

Table C.1: Results of ranging bias before and after compensation

Before Bias Compensation After Bias Compensation
MUSIC 41x40 FBS 41x40 AIC-MDL 41x40 MUSIC 41x40 FBS 41x40 AIC-MDL 41x40

MIN [m] -1.349 -5.744 -1.221 -3.345 -5.451 -1.166

MAX [m] 6.617 2.771 4.255 3.284 1.874 2.625
MEAN [m] 0.117 0.061 0.086 -0.025 -0.016 0.016
MEDIAN [m] 0.098 0.061 0.079 -0.030 -0.012 0.025
STD [m] 0.491 0.402 0.344 0.425 0.464 0.310

10% PERCENTILE [m] -0.342 -0.268 -0.287 -0.452 -0.378 -0.323
90% PERCENTILE [m] 0.519 0.391 0.489 0.391 0.336 0318

Table C.2: Ranging bias for different K-factor and ray interval rate (A) [m]

A/ K-factor 41 02 03 04 05 06 07 08 09 1
0.1 0.354 0171 0.153 0.080 0.080 0.061 0.061 0.043 0.043 0.052
0.2 0.519 0327 0226 0.153 0.134 0.134 0.008 0.098 0.080 0.080
0.3 0519 0354 0226 0.208 0.189 0.134 0.116 0.116 0.098 0.098
0.4 0.556 0.391 0263 0.208 0.171 0.153 0.134 0.134 0.098 0.080
0.5 0502 0.372 0281 0.226 0.189 0.134 0.116 0.098 0.098 0.089
0.6 0574 0391 0299 0.244 0189 0.71 0.116 0.134 0.098 0.080
0.7 0.574 0391 0.299 0.226 0.189 0.171 0.134 0.116 0.134 0.008
0.8 0.502 0.425 0263 0.208 0.89 0.71 0.34 0.134 0.098 0.116
0.9 0.620 0409 0.299 0.244 0208 0.144 0.34 0.116 0.116 0.008
1 0.610 0391 0.290 0.226 0.189 0.153 0.116 0.116 0.116 0.116
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Table C.3: Ranging bias for different K-factor and A after compensation [m]

K-factor

AL/ 01 02 03 04 05 06 07 08 09 1
0.1 -0.037 0 -0.037 0.018 0 0.019 -0.018 0.018 0 -0.009
0.2 0.037 -0.01 0.018 0.018 0.019 0 0.018 -0.019 0.018 -0.019
0.3 0.073 0 0.037 0.036 -0.018 0 0.018 -0.018 -0.019 0
0.4 0.036 0 0.018 0 0 0.009 0 0 0 0.018
0.5 0 0 -0.018 -0.018 0.019 0.018 0.036 0 0.009
0.6 0.055 0.018 -0.018 0 0 0.018 0.037 -0.009 0.018 0
0.7 0.082 0.018 0.019 0.018 0.018 -0.018 0 0 -0.018 0
0.8 0.037 -0.034 0.036 0.018 0 -0.018 0 0.019 0.018 0
0.9 0.027 0 0 0 0.027  0.019 0 0.018 -0.019

1 -0.018 0.018 0.009 0.037 0 0 0.037 0 0 -0.018
Table C.4: Ranging bias for different K-factor and SNR [m]

K -factor SINTE 4L 11 12 13 14 15 16 17 18 19 20
0.1 0.904 094 0.766 0.702 0.72 0.684 0.629 0.611 0.556 0.537
0.2 0.592 0.565 0.519 0.482 0.446 0.446 0.446 0.373 0.391 0.373
0.3 0.427 0.464 0.373 0.382 0.318 0.299 0.308 0.299 0.226 0.263
0.4 0.336 0.318 0.281 0.263 0.244 0.226 0.244 0.244 0.208 0.189
0.5 0.299 0.281 0.263 0.244 0.226 0.208 0.189 0.153 0.171 0.171
0.6 0.263 0.244 0.226 0.199 0.189 0.171 0.171 0.153 0.153 0.134
0.7 0.244 0.226 0.171 0.18 0.171 0.153 0.1563 0.171 0.134 0.134
0.8 0.189 0.171 0.153 0.171 0.153 0.116 0.116 0.098 0.116 0.098
0.9 0.189 0.171 0.153 0.153 0.116 0.134 0.134 0.116 0.098 0.116

1 0.153 0.1563 0.134 0.098 0.116 0.116 0.098 0.116 0.08 0.08
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Table C.5: Ranging bias for different K-factor and SNR after compensation [m]

B [dB] 11 12 13 14 15 16 17 18 19 20
K-factor

0.1 -0.037 -0.073 0.028 0.018 0.055 -0.019 0.018 0.009 0.036 0.055
0.2 0.028 -0.009 0 0.019 0 -0.019 -0.037 0.018 -0.037 -0.055
0.3 0 -0.073 0.018 -0.046 0.018 0.009 0 -0.018 0.055 -0.037
0.4 0.027 0.018 0.018 0.036 0.019 0.037 0 0 0 0
0.5 0 0.018 -0.01 -0.018 0 0 0 0 0 -0.018
0.6 0 -0.018 -0.037 0.009 0 0.018 0.018 0 -0.019 -0.018
0.7 0 0.018 0.037  0.009 0 0 0 0 0 -0.018
0.8 0 0.018 0 0 -0.019 0.037 0.036 0.036 0 -0.019
0.9 -0.018 -0.018 0 0 0.037 0 -0.036 -0.009 -0.019 -0.037
1 0.018 0 0.019  0.055 0 -0.018 0 0 0.018 0

Table C.6: Ranging bias for different K-factor and ray decay factor () [m]

K -facton VIB/S] 001 002 0.03 0.04 005 006 0.07 008 0.09 0.1
0.1 0.556 0.556 0.574 0.556 0.574 0.592 0.556 0.537 0.537 0.574
0.2 0.391 0.336 0.345 0.354 0.354 0.336 0.336 0.354 0.373 0.318
0.3 0.208 0.281 0.263 0235 0.263 0.244 0.263 0.263 0.244 0.244
0.4 0.189 0.189 0.199 0.226 0.171 0.208 0.208 0.171 0.208 0.189
0.5 0.153 0.71 0.153 0.171 0.153 0.153 0.153 0.153 0.171 0.171
0.6 0.116 0.134 0.134 0.134 0.134 0.134 0.153 0.153 0.116 0.153
0.7 0.134 0.116 0.098 0.107 0.116 0.098 0.116 0.116 0.116 0.116
0.8 0.098 0.116 0.116 0.098 0.098 0.098 0.098 0.098 0.116 0.098
0.9 0.098 0.116 0.098 0.098 0.098 0.098 0.098 0.08 0.116 0.098
1 0.08 0.08 008 008 008 008 006 008 008 008
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Table C.7: Ranging bias for different K-factor and « after compensation [m]

K-factor 7 [dB/ns] 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.1
0.1 0.036  -0.019 0 -0.01 -0.037 -0.073 -0.037 0.019 0.019 0
0.2 -0.074 0.018  0.009 0 0 -0.037 0 -0.018 0 0.018
0.3 0.018 -0.018 0 -0.009 -0.019 -0.018 0 -0.019 0 0.019
0.4 0 0 -0.01 0 0.037 -0.037 -0.019 0.018 -0.019 0
0.5 0 0 0.018 -0.018 0.018 0 0.018 0 -0.018 0
0.6 0 0 0 0 0.019 0 -0.019 -0.019 0.018 0
0.7 -0.018 -0.018 0.018 -0.009 0 0.018 0 0 0.018 0
0.8 -0.019 0 -0.018 0 0.018 0 0.018 0.018 -0.037 0
0.9 -0.019 -0.018 0 0 -0.019 -0.019 0.009 0 0 0

1 0 0 0.018 0 0.018 0.018 0.038 0.018 -0.019 0.009
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