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Abstract

The use of low-cost, batteryless radio frequency identification (RFID) tags for
efficient communication and localization via signal backscattering, has been
recently established in research and industry scenarios. This work draws in-
spiration from a recently proposed multistatic localization technique, that
exploits the form of ellipses in the plane, using phase information and poten-
tially, (elliptical) direction-of-arrival.

A 2D localization scheme is introduced, that exploits neural networks
(NNs) for improved accuracy. Specifically, a Deep Feed-Forward Neural Net-
work is developed that performs regression for tag location estimation from
phase-based measurements as input, offered from a custom multistatic RFID
interrogation setup.

In the first part, traditional techniques are contrasted with neural net-
works trained with 10% samples and, through simulation comparisons across
an 8x4 m? area, a pronounced advantage for the latter is demonstrated for
random tag positions. Then, a substantially improved setup is presented
which, by utilizing only one extra antenna, yields a remarkable 76% reduc-
tion in mean absolute error (MAE), in the order of 2.48 c¢m, while median
absolute error is below 1 cm. Contrary to bibliography, it is proven that this
outcome is not due to phase ambiguity, but the determining factor is the
increased difference in the values of the phase-based inputs within the tested
area, thus giving the neural network more diverse information to be trained
upon.

In the second part, experimental data are used to evaluate the efficiency of
the neural networks in two real-world scenarios, with tags being positioned
up to 1.2 meters away from the antennas and 44 samples taken in total.

It is remarked that the system is trained with simulated data, while the
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experimental data mentioned above are only used for testing. This time, the
NNs perform in a comparable fashion to the traditional methods, in both
experimental scenarios, with MAE ranging from 19 cm (in the first) to 27
cm (in the second scenario) and the median within a centimeter of each other,
at approximately 8.5 cm.

Two major conclusions can be drawn from this thesis; firstly that NNs
trained exclusively with simulated data can perform reasonably well with ex-
perimental (real-world) measurements, comparably to state-of-the-art meth-
ods; secondly, there is plenty room for improvement, by using experimental
data for training, perhaps with a tag in a moving robotic platform, and care-

fully selected reader antenna placements, as already shown in simulations.
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Chapter 1

Introduction

The ever-increasing need to automate procedures in many aspects of every-
day life, has led to a tremendous increase in the usage of radio frequency
identification (RFID) tags. These tags can either be active, semi-passive
(battery-assisted) or passive (batteryless), with the latter being used in this
work. Passive tags are characterized by their low cost, ease of installation,
and batteryless operation, finding applications in item detection and data
collection in the supply chain, tickets for public transportation, credit cards,
etc., robotic systems, livestock and agriculture, as well as in event manage-
ment, in open or closed spaces, such as festivals and museums, respectively.

An essential component for RFID tag interrogation is the RFID reader,
responsible for transmitting and receiving signals to and from the tag. Two
main architectures, monostatic and multistatic, are employed for this pur-

pose. In monostatic setups, a single device handles both transmission and
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Figure 1.1: Multistatic interrogation of an RFID tag.
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reception, while multistatic setups use separate devices, as seen in Fig. 1.1.
Although they offer wider coverage and greater accuracy, challenges such as
carrier frequency offset and timing constraints are introduced in the system,
which demand special techniques to be solved. In this work, both scenarios
are analyzed, while a multistatic setups will be used for further experimen-
tation.

In addition to the successful interrogation of tags for information retrieval,
many applications also require accurate estimation of the tag’s location, to
track items or predict their trajectories. Some combination of Received Sig-
nal Strength Indicator (RSSI), phase measurements and reference tags, are
mainly used to tackle this problem, in both monostatic and multistatic se-
tups, with the latter obviously being the preferred, as more information can
be extracted.

In recent years, the surge in the use of neural networks, has sparked new
interest in the localization field as well, as more complex systems can be
utilized and even more information can be extracted from the existing ones.
This work relies on the multistatic localization technique introduced at [1],
which exclusively uses phase measurements, and aims to improve its accuracy,

by introducing neural networks and experimenting with the antenna setup.

1.1 Gen2 Protocol

The Gen 2 Protocol, as defined in [2], governs the communication and op-
eration between RFID readers and tags, which is based on backscatter com-
munication. Each RFID tag is equipped with an antenna that can toggle
between two states, Zy and Z;. In the low state (Zp), the antenna operates
as an open-circuit, maximizing its reflection coefficient to backscatter the
signal to the receiver. In the high state (Z), "perfect” matching occurs,
setting the reflection coefficient to zero and maximizing power transfer for
RF energy harvesting, where the tag absorbs energy from the signal.

The Gen 2 Protocol also defines crucial time constraints that must be
satisfied for successful tag interrogation, employing the framed slotted Aloha

(FSA) algorithm. Firstly, the transmission of a continuous wave (CW) by
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the reader, activates nearby tags. Subsequently, the QUERY command is
transmitted to the tag to initialize various parameters, including tag rate,
line code, and number of FSA slots. Assuming a single tag is present and a
single FSA slot is available, a random 16-bit sequence (RN16) is generated
and backscattered from the tag, triggering the transmission of an acknowledg-
ment (ACK) message. The successful matching of RN16 and ACK sequences
indicates a successful handshake, leading the tag to backscatter its 128-bit
payload, which includes the electronic product code (EPC) — a 96-bit identi-
fication information. Finally, after the tag backscatters a message, a known
preamble sequence is transmitted, providing valuable information for channel

estimation.

1.2 Miller Line Coding

Line coding is used in Gen2 tags, in order to ensure the reliable function
of the tags and consequently the reliable communication. As noted before,
Gen2 tags are batteryless and harvest energy when they operate on state
Zy. Line codes guarantee a perfect 50/50% distribution of the duty cycle
between states Z; and Z;, so that regardless of the original bit sequence,
enough energy will always be absorbed, while of course keeping the informa-
tion intact. Another benefit of using line codes is the introduction of memory
to the signal, which helps to distinguish noise signal from real tag response,
enhancing data detection.

In Miller line codes, there are four possible waveforms for each encoded
bit; two for bit-1, denoted as 1-High and 1-Low (S,,1, S;2) and two for bit-0,
denoted as 0-High and 0-Low (S,,3,S,,4)". The transition from one symbol
to the next always changes the line level (High — Low, Low — High), ex-
cept from when we are transitioning from bit-0 to bit-1, where the line level
remains the same. Furthermore bit-0 waveforms must change level in the
middle of the bit, whereas bit-1 waveforms will have constant level at the
middle of the bit.

'Keywords "High” and ”Low” refer to the line level at the start of the waveform.
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Focusing on Miller 2 line encoding (m = 2), the four possible waveforms—

based on the above rules—are as follows:
So = {Sa1, Sa2, Sa3, Sa4} = {1001, 0110, 1010, 0101},

where the first two correspond to bit 1 and the last two to bit 0. So in order
to encode one bit we need a sequence of four zeros and ones. In order to
make the distinction between the bit and this smaller quantity, the notation

)

of the chip is established, indicating each ”low” or ”high” line level of the
bit, the duration of which is considered to be constant. Hence, each bit on

Miller 2 will consist of four chips:
Ty, = 4Tehip (1.1)

Accordingly, for Miller 4 (8) line coding there will be 2x (4x) more chips
per bit, thus the bit duration will increase.
Returning now on the S, waveforms of Miller 2, it can be seen that they

can be produced in turn by two, worm-like, sub-waveforms denoted as:

S 1, fo<t<Le 0, fo<t< e
0 — y PO1 — )
0, if e <t<T, 1, ifle<t<T,
where T,, = ﬁ is the duration of the sub-waveform and BLF' is the

backscatter link frequency. So the time needed to transmit one whole bit, will
be equal to T, = 2T, = 577 |

the number of samples per bit, will be equal to:

2]. Finally, the oversampling factor, denoting

Ty 2

=== 1.2
T, Ty x BLF (12)

1.3 Thesis Organization & Contributions

In Chapter 2, monostatic and multistatic system models, with and without

synchronized software-defined radios (SDRs), are analyzed in detail, with
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the individual parts of the signal, the noise model and the derived symbol-
to-noise ratio being thoroughly explained. Methods to compensate for the
problems that non-synchronized SDRs introduce and DC and channel esti-
mation techniques, are also offered.

In Chapter 3, the ElIIDoA method [1] for multistatic 2D localization,
which exploits the form of ellipses to estimate the tag position, is analyzed.
The concept of ambiguity in the phase measurements is introduced, while an
additional localization method which only takes advantage of the DoA values
is also mentioned.

In Chapter 4, a localization technique that uses neural networks is offered,
while simultaneously a brief introduction to the structure of a neural network
is given, with the various parameters that compose it being explained. The
choices that were made during the construction procedure are elucidated and
more complex setups, that have additional antennas and create ambiguous
data, are presented.

In Chapter 5, experiments with simulated data are being conducted, for
both the neural networks and the traditional methods, in multiple scenarios.
The results are then compared, in order to assess the efficiency benefits of
the neural networks. Different topologies tested, show that increasing the
distance between antenna pairs has a huge benefit in the efficiency, while on
the most part, NNs outperformed the traditional methods, reaching as low
as 2.5 cm mean absolute error (MAE), for random tag positions in an 8x4 m?
area. Experimental evaluation is also provided for tags in a smaller area (up
to 1.2 m away from the antennas), with data from two real-world scenarios.
NNs again prove their robustness performing comparably to the traditional
methods in both testing areas, while being trained exclusively on simulated
data.

In Chapter 6, the summary of the thesis is presented, with the two main
findings being the viability of the NNs both in simulations and real-world ex-
periments and the remarkable effect that the increased distance between the
receiving antenna pairs had on the simulation results. Ideas and directions

for future research, upon this work, are also provided.
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1.4 Notation

Symbols N, R, C represent the set of natural, real and complex numbers,
respectively. CN (m, C) refers to the proper complex Gaussian distribution
with mean vector m and covariance matrix C. R(w) and &(w) refer to the
real and imaginary part of a complex scalar w, respectively, while Zw refers
to the phase. Expectation of function g(-) of continuous random variable
x with probability density function (PDF) f,(-) is denoted as E[g(x)] =

Jo9(@) fa(@)d.
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Chapter 2

System Model & Housekeeping
Tasks

2.1 System Model

For the entirety of this work a multistatic setup of a single transmitter (Tx)
antenna and M > 1 receiver (Rx) antennas is assumed, except for a brief

mention in the monostatic equivalent.

2.1.1 Channel Model

Large-scale channel path-loss is modeled by the following equation, as per [3]:

we () (4

where ¢ € {CR;, CT, TR;} denotes the carrier-to-i-th receiver, carrier-to-

tag and tag-to-i-th receiver links, respectively, A is the carrier wavelength, d,
is the distance between the components of each link, dj is a reference distance
and v, is the path-loss exponent for link q. When dy = 1m and v, = 2, we

get the free space channel path-loss, which assumes no multipath effect:

e () o2

Due to strong line-of-sight (LoS) signals present in this problem, small-
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scale Rice flat fading channel model [3] is adopted:

2
er((Fa ). e

kq+1aq’ kg +1

where o7 = E [|hy|?] is the average power of the scattering components and
kq > 0 is the power ratio between the deterministic LoS component and the
scattering components. For £, = 0 Rayleigh fading is obtained.

The end-2-end complex channel gain for path 7 is denoted as:
hi = her hrri = |her hrri| e 779 € C (2.4)

where ¢; = ¢cr+¢rrR,i € [0,27), hor and hrg; denotes the baseband complex
channel coefficients for the Tx (carrier emitter) antenna-to-tag and tag to-i-

th Rx (receiver) antenna link, respectively.

2.1.2 Signal Model with Unsynchronized SDRs

As the RFID readers are not synchronized, the system will suffer from in-
duced frequency and phase terms, denoted as carrier frequency offset (CFO)
and carrier phase offset (CPO). Therefore, the carrier-emitter will transmit a
continuous wave (CW) of frequency F., whose baseband equivalent is given
by:

c(t) = /2P, e I@TATtHAGR), (2.5)

where Af and A¢g are the CFO & CPO, respectively, and P, is the power
of the carrier wave. The scattered waveform from the tag, as it receives the

continuous wave passed through the carrier-to-tag link (CT), is given by [4]:

U(t) =\ T]LCT hCT [(As — Fo) + (FO - Fl) xtag(t)] C(t), (26)

where z4,,(t) € {0,1}, n € {0,1} models tag power scattering efficiency, As €
C symbolizes tag’s antenna load-independent structural mode parameter [5]
and 'y, I'y stands for the reflection coefficients for bit 70” and bit 717,

respectively.
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The received signal at the i-th Rx antenna will be the superposition of
the CW in Eq. (2.5) passed directly to the reader, through the CR; link and
the backscattered signal from the tag in Eq. (2.6), that will pass through the
TR; link:

Yi(t) =v/Lcr,i horgi c(t) + v/ Lo hrrg u(t) + ni(t)
= {\/ 2P, (\/ Ler,i her,i + /Lot Ly, (As — o) her hTR,i)

+v/2P.nLcr Ltr,; (To — 1) hor hrr, xtag(t>:|

. e I@rAft+AGR) n;(t) (2.7)

The term inside the brackets can be divided into a time-independent DC

term and the time dependent term, which includes the tag bit:

Maci = \/ 2P, (\/ Ler,i her,i + /Lot Lrr,i (As — o) her hTR,z‘) (2.8)

Miag; = \/2P. nLer Lrr,; (Do — ) hor by (2.9)

The discrete time equivalent, gives us the following;:
Yilk] = (M + Miags Trag[K]) eI ETEIMTFAOR) 4y, 1], (2.10)

where Ty is the receiver’s sampling period. Thermal noise n;[k] follows
the circularly-symmetric complex Gaussian distribution and is modeled by
nilk] ~ CN (O,afbi), with different noise samples being independent. The

power spectral density of the noise follows:

; Do psw
wn(F) = 2 : (2.11)

0 ,  otherwise

where W stands for receiver’s bandwidth and Ny = kyTy, with k, and Tj de-
noting the Boltzmann constant and receiver temperature, respectively. The

noise, being complex, has a real and imaginary part, which follow normal
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. . . . . 2 . 2 — 2
distribution, with zero mean and equal variance TRmalk]) = OS(nalk]) = Tpart,i-

In order for that to be true we solve the Pythagorean theorem:

0-7211' - Ui(’nz[k]) + O‘%(nz[k]) =2 Of)art,z’

2 i
= Jpart,i - ;
So to produce the noise samples, we will multiply two normally distributed
U?Li o \/§O'ni
2~ T2

random numbers (one for each plane) with

2.1.3 Signal Model with Synchronized SDRs

Assuming synchronized SDRs, using an external function generator, elimi-
nates CFO and CPO among the different Tx and Rx antennas, thus simpli-
fying Eq. (2.10) to the following;:

Yilk] = (Maci + Miagi Traglk]) + nilk] (2.12)

In order to calculate the symbol-to-noise ratio, we must first remove/block
the DC term using a DC-blocking filter, as it does not contribute any infor-

mation on the transmitted data.
gl[k] = mtagﬂ- xtag[k] + nl[k] (213)

Symbol-to-noise ratio definition follows:

E Umtag,i xtag[k] ‘2}

SNR =

E [Jn]
_ 2P.n LorLrr; (To —T1)?E [her hTR,z‘|2] E [|J7tag|2}
N 2N W T, '
Due to Miller line coding it stands true that E[|zy.e|*] = fOT |Ttag|2dt = T

and assuming E[|h,?] =1, ¢ € {CR,i,CT, TR, i}, we finally get:

P, n LCTLTR,i (Fo - F1)2 T

SNR =
2NWT

(2.14)
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Carrier-to-noise ratio is denoted as:

]E “mdc,i’ﬂ

CNR =
E [Jn|’]

(2.15)

2.1.4 Monostatic Setup

The monostatic setup, naturally, simplifies the signal model, as there is no
need for synchronization between the different SDRs. Thus Af = A¢r =0
and furthermore the small and large-scale models are simplified too, with
Ler = Lrr = L;, her = hrr, giving us h; = hi; and hcg now referring to
the leakage in the CR link. Applying the above in Eq. (2.7) gives us for the

7-th antenna:

yi(t) = [\/Q_Pc<\/ Ler,i her,i + /1 Li(As — To) hi)

+ 2PC n Ll(ro - Fl) h’z xtag(t):| + nz(t) (216)

The corresponding SNR value follows:

B P.nL?(Ty—T)2T

SNR
2NoWT

(2.17)
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2.2 Housekeeping Tasks

2.2.1 CFO & CPO Compensation for unsynchronized
SDRs

In systems utilizing unsynchronized software-defined radios (SDRs), as seen
in subsection 2.1.2, addressing carrier frequency offset (CFO) and carrier
phase offset (CPO) is essential for reliable communication. The Gen2 pro-
tocol imposes strict time constraints, necessitating swift execution of syn-
chronization and offset compensation algorithms to prevent communication
timeouts. More specifically, the reader must start the transmission of the
ACK signal, within 75 seconds from the last symbol of the RN16, where T,
takes values within 37, < T, < 20T, [2]. Given that T, = ﬁ, as seen in
Section 1.2, setting BLF to its lowest possible value, i.e., BLF = 40kHz, we
get Tous < Ty < 500us.

One approach, described in [6], employs a digital phase-locked loop (PLL)
to compensate for CFO and CPO, following the methodology outlined in |7,
App. C]. CFO tracking focused on sampling during time intervals where only
the continuous wave (CW) signal is present, as no additional information
from the tag is added. Typically, the latter 4/5 of the CW duration is only
used, in order to avoid measurements during the time the PLL oscillates, until
it settles in its output value. Tuning PLL parameters optimally is crucial for
effective performance tailored to specific applications.

An alternative method explored, involved the use of a periodogram, which
offered potentially higher resolution than PLLs but with increased computa-
tional overhead, making it impractical for real-time applications. Optimized
PLL implementations stroke a better balance between accuracy and runtime
efficiency, making them preferable.

In both methods, CPO compensation, which is crucial for tag localization,

was not possible. To understand this, perfect CFO and DC compensation is
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assumed for the system in Eq. 2.10, with the resulting signal following:

yivstep[k] = (mtag,i xtag[k]) e_jA¢R +n; [k]
= (|Mag,i| Trag[k]) e (OitadR) 4 n;l k|, (2.18)

To estimate the tag location accurately, it was necessary to separate the
phase offset A¢g from the phase induced by the channel ¢;. One approach
would be to assume constant channel for a specific time interval, known
as coherence time, and then compute the overall induced phase for each
transmitted packet. Each of these estimation would inherently involve the

constant value of the channel as well.

2.2.2 Channel Estimation for Synchronized SDRs

DC offset removal is common practice in bibliography, in order for synchro-
nization, data detection and channel estimation to be possible. A simple
mean over the CW samples is enough for DC estimation. Bellow we present
an even simpler way of channel estimation, based on the preamble bits, which
does not require estimation of the constant DC term.

Based on Eq. (2.12), we get:

Ypr1,ilk] = (1M, €92 — |Miyagil€’®) + npe i[K] (2.19)

Ypro,i [k] = ’mdc,i‘ ej¢dc’i + nprO,i[k] (220)
Subtracting Eq. (2.19) from Eq. (2.20) we get:
Yaif £[k] = [Mtagil€’** + naiypi[k] (2:21)

By calculating the inverse tangent of the imaginary part divided by the real
part of Eq. 2.21, the induced phase of the propagation channel can therefore

b = tan ™! S (Yaisrlk])
it (%(ydiff,i[k])> (2.22)

be estimated:
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Chapter 3

Multistatic Localization Using

Phase-Based Techniques

Work in [1] introduces a state-of-the-art direction-of-arrival (DoA) estimation
technique, which is comparable in efficiency with MUSIC algorithm; it is then
utilized for multistatic 2D and 3D localization. In this Chapter, a summary

of this work is given, in order to lay the foundation going forwards.

3.1 Topology

For practicality and without loss of generality, we assume that all antennas
are located upon the x-axis, thus simplifying many of the equations that will
be presented bellow, as the y coordinates for the antennas are considered zero.
The co-linear Tx and Rx antennas and the RFID tag define a plane, in which
the RFID tag location is denoted as 7 = [Tiy Ytag)’, while similarly the
Tx and Rx antenna locations in that plane are denoted as 7y = [TTy O]T
and ZTrx; = [Try; 07, @ € {1,2,..., M} for each one of the M receiving
antennas, respectively. All antennas are facing towards the same direction,
thus illuminating the same half-plane and they are synchronized using an
external function generator.

The induced phase of the propagation channel h; that was defined in Eq.
(2.4) and proven to be calculable for systems with synchronized SDRs in

Section 2.2.2, can be written as follows:

27

X (der + drrs) + Cb?wlta (3.1)

gbprop,i = ¢z = éhz =

where dor = ||y — 2|2 is the Euclidean distance between the Tx antenna
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and the RFID tag, drr; = ||Zrx; — 1|2 the Euclidean distance between the
RFID tag and the i-th Rx antenna, A\ stands for the carrier wavelength and
¢ is the phase due to multipath, during transmission of Tx and reception
of Rx antenna i. The measured phase at the reader is also affected by various
reasons, such as the tag itself, cabling and phase noise, with all these being
accumulated into ¢}'. Thus, the overall phase model at the ¢-th Rx antenna

follows: 5
T
Pout,i = T(dCT + drr,i) + @F (3.2)
From the above equation, it can be observed that any distance dct + drr.;
with

dCT + dTR,i - )\2i + k,’l>\, k’z € N (33)
™

outputs the same wrapped phase measurement € [0,27), for a given value
of noise. Thus, phase measurements introduce distance ambiguity that must
be explicitly addressed.

In order to narrow down phase values to [0, 27), the measured phase from
the i-th RX follows:

(bRx,i = (bout,i mod 27

)

—~
*

2
{Tﬂ(dCT + drr,;) mod 27 + ¢} mod 2%} mod 27

9 N
{Tﬂ(dCT + drr,;) mod 27 + gb?} mod 27, (3.4)

where at (*:), the property (a + ) mod~y = [(a¢mod~y) + (5 mod~y)] mod~y

was utilized.

3.2 Elliptical Direction-of-Arrival (EIIDoA)

Given Eq. (3.3), we can convert a set of K phase values into a single distance
value der + drr g, for k; € {0,1,..., K}. So for each i € {1,2,..., M} of the
receiving antennas, a set of K concentric ellipses is defined, where the foci

of these ellipses are the locations of the Tx and the i-th Rx antenna and the
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K ellipses designate the possible coordinates of the tag.
To find the DoA of the tag’s signal, the intersection point of two set of
ellipses is needed, i.e. two receiving antennas are needed, contrary to MUSIC
algorithm, which requires N,,; > 2 receiving antennas. The equations for
two sets of ellipses will be equal to:
(1‘2—%)2 1 2?J2 —1,
ailk]  bilki]

7

(3.5)

where (x;,0) is the center for the i-th set of ellipses and a;, b; are the semi-
major and semi-minor axes, respectively. By definition, the distance of a
point in the ellipse from the two foci is fixed and equal to 2a;. Thus, based

on Eq. (3.3), we get:

¢RX,7;
2w

2&1' [kz] = dCT + dTR,i =A -+ kl)\, (36)

The linear eccentricity ¢; is the distance between the center and either of its
two foci, or half the distance of the two foci, which is independent of k;, as

the foci for a set of K concentric ellipses remain the same.

¢ = ||Trx — Trxll2/2 (3.7)
Semi-minor axis b;[k;] can be easily calculated from the other two:

bilki] = \/a2[k] — ¢? (3.8)

The theory above demands for one intersection point to be found, between
the two sets of ellipses, in order to calculate the DoA of the tag’s signal.
However, if we visualize the problem (Fig. 3.1), multiple intersection points
will be found, which is logical, given that we have K "pairs” of ellipses.
Work in [1], proved that these intersection points indicate the possible tag
locations, which in the case of Fig. 3.1a, lie in a single line, introducing
distance ambiguity, while in the case of Fig. 3.1b, lie in two separate lines,
therefore adding direction ambiguity too. Fortunately, the following theorem

insures that, if the distance between the two receiving antennas is smaller
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than \/2, direction ambiguity disappears, ensuring there is a unique DoA of

the tag’s signal.

Theorem 1. [1]Assuming one Tz and two Rz antennas located at the same
line, if the distance dx between the two receiving antennas is dx < \/2,
then a unique direction-of-arrival (DoA) 6 of the tag signal can be found,

wrrespectively of the Tt antenna location.

A close form to calculate the DoA, when dx < A/2, is given in the follow-

ing lemma:

Lemma 1. [1]Assume one Tx and two Rz antennas located at the same
line, pa = @Ops1, OB = Qry2 denote the phase at the receiving antennas,
respectively and o = ||z — me,1||2 =drg, = |27 — xRx,2”2 =drpy.

If the distance dx between two receiving antennas satisfies dx < A\/2, then
direction of arrival (DoA) 6 € (0,7/2) of the tag signal is given by:

Fora > j:

sin~! (%) . ifda > ¢p
0 ~
o (—WA ;fgc + 2”)) . ifda < b

and for a < B:

sin~! (— A(9a gﬂ(ﬁfx_ 27T)> . if oa > ¢B

sin~! (—%) . if pa < ¢p

In order for both Theorem 1 and Lemma 1 to stand, far-field propagation
is assumed, i.e., tag must be located at least 10\ away from the antennas.
Furthermore, prior knowledge of the tag position, relative to the antennas,
is required to select the correct type. Fig. 3.1a also includes a graphic rep-
resentation of the estimated DoA angle, as calculated above, for a simulated

system. Finally, as we are only interested in the half plane that lies in front
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Figure 3.1: ElIDoA without (above) and with (below) ambiguity.
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of the antennas (y.,, > 0), any intersection point found behind the antennas
is discarded.

Let’s now assume an intersection point p = [p[1] p[2]] of the two set of
ellipses!, that lies in front of the receiver antennas. Then, the DoA estimate
will be:

, (3.9)

fy = 90° — tan~! ( pi2] ) 180

pll] — s

where x5 = (TRry1 + Trx2)/2 is the x-axis coordinate of the midpoint of the
2 Rx antennas. Moreover, given that the intersection points are collinear, a
more robust DoA estimate can be obtained by averaging all the intersection

points:

K-1
A 1 _ Pi[2] 180°
Op=90°— — ) tan! ~ 3.10
0 K kZ:O o (pk[l] — T (3.10)

3.3 Multistatic 2D Localization

As seen in Fig. 3.1a, 2 Rx antennas are only capable of estimating the
direction in which the tag is located. To identify the tag’s distance from
the antennas and therefore its true location, a third Rx antenna is needed
in order to create a third set of ellipses and afterwards search for the point
where all three sets of ellipses intersect. In Fig. 3.2 the 2D localization
scheme is displayed, with all the necessary information to understand the
system topology and the two estimation methods implemented, which will
be explained below. For better readability, only a portion of the ellipses
have been plotted. In a real system, enough ellipses, to fill the area of
interest, must be computed. However, as the area grows larger, so will the
computational time, which may lead to implications, concerning the real-time
tracking of the tag itself. A viable alternative would be to use the previous
estimation of the tag position and ”center” the ellipses around the tag, thus
computing only a handful of sets, though this would require constantly robust

measurements.

IThe intersection points were calculated using InterX function created for MATLAB:
https://www.mathworks.com/matlabcentral/fileexchange/22441-curve-intersect
ions


https://www.mathworks.com/matlabcentral/fileexchange/22441-curve-intersections
https://www.mathworks.com/matlabcentral/fileexchange/22441-curve-intersections
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Figure 3.2: Multistatic 2D localization of an RFID tag.

There are 3 ways to find out the intersection points: 1) the intersection
method of two conic sections, as per [8], which is not implemented bellow, 2)
calculating 2 DoA estimates from pairs Rx1 - Rx2 and Rx2 - Rx3, drawing
the lines passing from the medians of these two antenna pairs and finding the
intersection points of the two lines, 3) by equating the left-hand sides of Eq.
(3.5) in pairs of ¢ = {1, 2, 3} and finding the common intersection point of all
3 pairs (the obtained equations are simple, due to the fact that all ellipses

foci are in the same line).

Method 2 Implementation

Firstly, we take the two midpoints between the pair of antennas Rx1 - Rx2
and Rx2 - Rx3.

TRe,1 + TRz,2
9 ’

TRz2 T TRz 3
2

Rxmidpl = RxmidpQ =

We draw the two lines that start from the aforementioned points and end at

the outer most intersection points that can be found for the pairs, say pio
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and po3. The intersection point of the two lines gives us the estimated tag

coordinates.

Method 2.5 Implementation

An almost identical, but computationally less expensive way to find the in-
tersection point, is to calculate the two DoA angles based on Th. 1, draw
the two lines representing DoA and calculate their intersection point. This
way, the ellipses and their intersection points are not computed, making the
algorithm considerably faster. However, as it was stated previously, DoA
measurements require partial knowledge of the tag position, i.e., whether
drr,; or drr,; is greater. One approach to address this challenge would be to
compute DoA for both types and select the value that has the smaller differ-
ence compared to the last estimation. This way continuity can be achieved,
even when the tag passes through the perpendicular bisector of the two Rx
antennas in question. Alternatively, a more effective and robust way to erad-
icate the issue, would be to place the antenna pairs on the edges of the area
of interest, guaranteeing that only one condition will always be true. This es-
timation method is illustrated in Fig. 5.2, where the reader can also visualize
how the ideal setup would be, in order to have no need for prior knowledge

of the tag position.

Method 3 Implementation

In the third method, we search for the three intersection points (for the 3
pairs of ellipses) that overlap the best. In order to achieve this, Eq. (3.5) is

used, transferring all the terms on the left and declaring a new variable:

Replacing the coordinates of each intersection point to all the ellipse equa-

tions, a three dimensional vector is created, showing how well each intersec-
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2. Then, for each Rx antenna, we find which one

tion point fit the ellipses
of the K ellipses does each intersection point best satisfy. We do this by
selecting the minimum absolute value of dps out of the K. We save, for each
intersection point, both the value of dps and the index k € {0,1,..., K} in
a new matrix dps2. Finally, we add the 3 values computed for each intersec-
tion point (one for each Rx antenna) and the one with the minimum overall
value is selected as the approximate tag location. Given the complexity of

the algorithm, the respective MATLAB code is given below:

2Given that each intersection point is always part of two ellipses, it will have two zero
values.
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% Variables explanation:
% p: intersection points
% K: sets of ellipes , Nant: number of antennas
% a, b, midp: ellipse variables
dps = zeros(length(p) ,K,Nant);
for i=1:length(p)
for k=1:K
for j=1:Nant
dps(ik,§) = (p(1,1) — midp(j,1))."2/a(j,k)"2 + p(2,
i)."2/b(j,k)"2 — 1;
end
end

end

dps2 = zeros(length(p),2,Nant);
for i=1:length(p)

[vl,idx1] = min(abs(dps(i,:,1)));
[v2,idx2] = min(abs(dps(i,:,2)));
[v3,idx3] = min(abs(dps(i,:,3)));
dps2(i,1,1) = vl;

dps2(i,2,1) = idx1;

dps2(i,1,2) = v2;

dps2(i,2,2) = idx2;

dps2(i,1,3) = v3;

dps2(i,2,3) = idx3;

end
sdsp2 = sum(dps2 (:,1,:) ,3);

[7,idx] = min(sdsp2);
est_tag_coord = p(:,idx);
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Chapter 4

Multistatic Localization Using

Neural Networks

Prior art in [9] and [10] proved how neural networks (NNs) can improve
the speed and accuracy of RFID tag localization, in monostatic systems,
based mainly on phase measurements, without knowledge of the tag’s initial
position. Moreover [10], proved the inclusion of ambiguous data (wrapped
phase measurements) to be advantageous for the performance of the NNs.
In this Chapter, an even better performing and more efficient method of
multistatic 2D tag localization, with the help of a Deep Feed Forward Neural
Network (DFFNN), will be introduced, based on the theory of Chapter 3.

4.1 Introduction To Neural Networks

Neural Networks, inspired by the intricate architecture of the human brain,
have demonstrated exceptional prowess in learning complex and non-linear
relations between input data and desired output, through the processing of
vast amounts of data. In situations where traditional methods reach their
inherent limits or encounter challenges, NNs possess the capability to learn
patterns and discover relations, that no human-designed algorithms can pro-
duce.

The structure of a typical NN usually includes an input layer, one or more
hidden layers and an output layer, each containing multiple—interconnected
between the layers—mnodes. During the training process, input data are fed
into the network and information is propagated through the hidden layers,
where it is transformed through the use of biases, weighted connections and

activation functions. These functions introduce non-linearities, allowing the
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network to capture complex relationships within the data. The received

signal on a random node can be denoted as:

z= inwi + b, (4.1)
i=1

where z; is the information received from the ¢-th neuron that the node
receives, w; is the weight of this path and b is the bias that is specific for the
whole node. The signal will then be passed through the activation function

(see 4.3.2 subsection) and sent to the next layer:

y=[(2) (4.2)

The process explained above, is displayed in the Figure bellow:

) Bias
Weights

b
1 o— Wy

\ T Activation
function Output

ZCQ o—— w2 p

— ‘ ‘

Ty O— Wy

Inputs

Figure 4.1: Artificial Neuron.

The output layer produces the final result, i.e., the prediction of the
output. During the training phase, the network tries to adjust its parameters,
in order to minimize the difference between its predictions and the actual
outcomes, guided by a loss function. Besides of converging to the target
output, the process of iteratively updating weights and biases, also known
as Back-Propagation, is also responsible for enhancing the network’s ability
to generalize from the training data. Hence, a validation dataset is needed,
to check after each iteration whether the network is becoming too closely

related to the training set, failing to correctly predict new datal. Last but

I This issue is also known as overfitting.
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not least, the test dataset is used to evaluate the overall ability of the model.
Validation and test datasets ought to provide an unbiased evaluation of the

model and therefore must never be used to train the neural network.

4.2 Variable Analysis & Pattern Recognition

To begin, we will find which variables should be used to feed the NN. In Fig.
4.2 we observe how three different measurements behave in the span of 100
iterations, where the location of the tag is fixed at a random place. We see
that, due to the added phase noise (fully correlated with ¢™ ~ N(0, 472)), the
phase measurements received at the 1st Rx antenna are completely random
(as it will be at any of the three Rx antennas), while the phase difference
between the 1st and the 2nd Rx antennas and the DoA angle are constant.
Note that ¢ry; will take values in (0,27) and as a result A¢;; € (—2m,2m),
but to simplify the model we take the modulo 27, so it will also report in
(0,27). Finally, 6;; € (0,7).

The manners in which the phase difference and the DoA angle fluctuate in
the 2-dimensional space are presented in Fig. 4.4 and Fig. 4.3. Overall, both
values seem fitting for feature inputs; the only observations worth noting

are the phase discontinuity, which is apparent in Fig. 4.3, and the constant

360 | LN * *

0 20 40 60 80 100
Iteration

Figure 4.2: Phase based Measurements for fixed tag location.
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zero value on the—perpendicular to the z-axis—line that passes through the

midpoint of the two antennas.

4.3 NN Construction

A Regression Multi-Layer Perceptron (MLP) with 6 hidden layers was im-
plemented, as per [9], in order to estimate the coordinates of the tag. Clas-
sification would not be efficient for this kind of work, as an extremely dense
grid—consisting of thousands of classes—would be needed, in order to have

)

good accuracy. The "pool” of feature inputs included all the phase-based
measurements available, i.e., A¢ia, Apas, 012,023, from which we either se-
lected all four, the former two or the latter two, in order to compare the
importance of each metric for the algorithm (see Section 5.1). The output
of the system are the estimated tag coordinates, denoted as 1y and Jyqg,
calculated in centimeters®. A graphic representation of the neural network
structure is presented in Fig 4.5, where the number of nodes for each layers
is also displayed.

Custom loss functions were created, using the Euclidean distance to com-

pute the error:

e = ||Ziag — Tragl|2 = \/(xmg — Ttag)? + (Ytag — Ytag)? (4.3)

Mean absolute error (E[le|]) and root mean squared error® (y/E[|e]2]) were
both evaluated in separate NNs, in order to achieve the best efficiency for
each loss function.* However, the differences between results were insignifi-
cant, thus, all results were extracted using the NNs that had MAE as their
loss function. MAE and RMSE equations are presented in Eqs. 4.4 & 4.5,

It was observed that converting the outputs to centimeters yielded slightly better
results, compared to meters.

3Technically the mean squared error was used as the loss function and the root of the
value was calculated afterwards.

4As clarified in Section 4.1 the loss function plays an active role in the training of the
NN
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Figure 4.5: MLP Neural Network Structure.

respectively:

l & .
EHCH = H Z ||xtag7i - xtag,i||27 (44)
=1

1 — .
VE[eP] = | = > ®iagi — Trag.ll3, (4.5)
n
=1

where n denotes the number of samples.

Finally, the trained NN can be mathematically expressed as:

INN(Apia, Apag, O12, 023) = Zigg (4.6)

4.3.1 Data Scaling

Before feeding the network with the data, it is common practice to pre-process

the input data first®. There are plenty of options here, which are divided in

°In regression problems, such as this, usually only the input data require pre-
processing. Output data pre-processing is recommended only in multi-output cases, with
different variations on the outputs and in classification problems.
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two main categories; Normalization and Standardization. In normalization
(e.g. MinMaxScaler, MaxAbsScaler), feature values are usually scaled down
to [0,1] or [—1, 1], while preserving the relationship between the minimum
and maximum values of each feature. MinMaxScaler always scales down
the inputs to fit [0, 1], while MaxAbsScaler will scale down values to [0, 1],
if only positive values are present, [—1,0] if only negative are present and
[—1,1] when both are present.°

In Standardization (e.g. StandardScaler, RobustScaler) the values af-
ter processing will have properties of a standard normal distribution with zero
mean and variance equal to unit, ensuring faster convergence and algorithmic
stability. In cases where all the inputs are positive (e.g. normalization to fit
in [0,1]), a zigzagging effect may be observed, due to the fact that weight
updates will all have the same sign in each iteration, i.e., they will either all
increase, or all decrease. As a result, the network will converge in a very
slow manner, as seen in Figure 4.6, or it will be completely unable to con-
verge [11]. Furthermore, for cases with many outliers, there is RobustScaler,
which ignores extreme values.

It is of utmost importance to first divide the data and then create the
transformation function, which performs the scaling, based only on the train

subset. This way, no statistical information is passed to the training process

0.8
0.6
0.4r

0.2¢

0 L L )
-1 -0.5 0 0.5 1

Figure 4.6: Zigzagging Effect on a Loss Function.

SFor this specific problem, where the inputs are all positive (see Fig. 4.2), there will
be no difference between MinMaxScaler and MaxAbsScaler.
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about the validation and test datasets.

In the pursuit of refining the performance of the model, two further con-
siderations come to the forefront. Firstly, when the inputs can be separated
by their importance, it is common practice to scale down the less signifi-
cant ones, thus focusing on features with more substantial contributions and
managing the network’s resources more efficiently. Secondly, it is desirable to
have uncorrelated input variables, when possible. This condition minimizes
multicollinearity, meaning that a single parameter change during backpropa-
gation, will not affect the rest of the parameters, thus improving the stability
of the network. In our system such a constraint cannot be met, as all of our
inputs are products of the phase measurements and the position of the an-
tennas. Finally, the preprocessing that is selected sometimes also determines

which activation functions are preferable, as it will be seen in Chapter 5.

4.3.2 Activation Function

A big role in the efficiency of the network plays the activation function, which
determines the extent in which a neuron is activated /passed in the next node.
The three most commonly used activation functions for the hidden layers,

which are all non-linear, are the rectified linear unit (relu) [12], defined as:

0 , <0
relu(z) = (4.7)
z , x>0

and the closely related standard logistic function (sigmoid) and hyperbolic
tangent (tanh), which both have a characteristic ”S”-shaped curve and their

definitions follow:

. . 1
sigmoid(x) = = (4.8)
and
tanh(z) = &< (4.9)
anh(z) = =, :

respectively. However, when it comes to the output layer, the linear f(z) = x

function is used for regressors, as the output values are not bounded, nor
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normalized.

In Fig. 4.7 we can see that tanh is centered around the origin, whereas
sigmoid is centered around 0.5 and, along with ReLLU, will have only positive
values. This distinction makes the hyperbolic tangent preferable, for the same
reasons presented at the previous subsection [11]. Another reason to select
tanh over sigmoid is its faster rate of change, as seen in Fig. 4.8, which in turn
means faster converging. A common phenomenon, when using sigmoid and
tanh activation functions, is the vanishing gradient problem, which occurs
when your input is on either extreme of the scale, where these functions are
relatively flat and their gradient is near zero. During backpropagation, this
will cause the weight updates to have extremely small values, slowing down or
bringing to a halt the learning process. ReLU on the other hand, has a step
function for gradient, ensuring that there will be no vanishing gradient effect,
therefore accelerating the convergence. On top of that, it is computationally
cheaper, as no exponentials need to be calculated. However, dead neuron
units occur frequently on ReLLU, because the derivative of the function for
negative inputs is zero, meaning that the weights will not be updated.

Given that the problems regarding ReLU concern the part where x < 0,
there are many variations that try to introduce a non-zero gradient for these
values [13]. Leaky ReLU (LReLU) [14] and parametric ReLU (PReLU)
[15], both have linear equations for the right half-plane, with lrelu(x) =
0.0lz, = < 0 and PReLU being the generalized form, with prelu(z) =

R i1
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Figure 4.7: Activation Functions. Figure 4.8: Derivatives.
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ar, x < 0. Finally there is exponential ReLU (ELU) [16], with elu(z) =
a(e® — 1), x < 0. Results in bibliography vary, regarding these methods,
with many reporting the original ReLU as the best performing [13], conclud-
ing, once again, that every selection is problem based and that sometimes
the simplest methods are the most efficient. In Chapter 5 experiments will

be conducted to compare these functions.

4.3.3 Optimizer

An optimization algorithm is a method designed to minimize a loss func-
tion by updating the weights and biases of the model in response to the
loss function output. In an N-dimensional space, the objective is to find
the values of z;, where ¢ € {0,1,..., N — 1}, that minimize the value of
L(z1,79,...,ox_1)". Tt is essential to note that in the imaginary N-D space,
there may exist local minima, flat regions (plateaus), and other features
that contribute to the complexity of the optimization problem. The two-
dimensional equivalent of the problem is displayed in Fig. 4.6, while for the
sake of completeness a three-dimensional model is also displayed in Fig. 4.9.

The two main optimizers used in the literature are RMSprop and Adam.
To comprehend these optimizers, a brief overview of Gradient Descent and
some of its variations is necessary. Similar to the converging line depicted
in Fig. 4.6, gradient descent makes larger steps when the slope is steeper
(indicating a larger first derivative). As we approach the base of the slope, the
gradient gradually diminishes until reaching the minimum. Weight update
is given by:

Wey1 = Wy — nVEt(wt), (410)

where 7 is the learning rate, and VL (w;) = g—ii is the partial derivative of

the loss function £ with respect to a weight w at a particular round of the
algorithm, denoted as t. Relying solely on the first derivative implies that
this optimizer may struggle to overcome local minima and might become

trapped in flat regions.

"The admission has been made that an N-dimensional space will have (N-1) variables,
so that it can be displayed in N dimensions.
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Figure 4.9: Loss Function for two variables.

The Momentum optimizer [17] builds upon Gradient Descent and in-
corporates memory into the algorithm in the form of momentum, effectively
keeping track of past gradients. Drawing an analogy to a ball rolling inside

a bowl, accelerating and decelerating, momentum applies this principle:
v = pvg_1 — nV L (wy) (4.11)

W1 = Wy -+ Ut, (412)

where p € [0, 1] represents the momentum coefficient. This coefficient influ-
ences the impact of past gradients on the current update. The Momentum
optimizer enables the algorithm to overcome local minima and navigate small
plateaus, ultimately reducing convergence time.

The Adaptive Gradient Algorithm (Adagrad) [18] also incorporates
information from past gradients, but it utilizes them in a distinct manner.
Adagrad aims to mitigate overfitting in specific parameters by dynamically
adjusting the learning rate. It executes smaller updates for parameters asso-
ciated with frequently occurring features and larger updates for those linked

to infrequently occurring features. The mathematical representation of Ada-
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grad is given by:

Ve = Z V2L, (w) (4.13)

Wiyl = Wt — %Vﬁt(wt) (414)

Unlike optimizers with momentum, Adagrad lacks a momentum component,
and due to the accumulation of squared gradients in the denominator, it
tends to be relatively slow.

Moving on to Root Mean Square Propagation (RMSProp), firstly pro-
posed by Geoff Hinton, this optimizer maintains a moving average of the
squared gradients for each weight and adjusts the weight updates accord-
ingly. This can be compared with Adagrad, with the inclusion of a decay
rate u, which helps the algorithm to ”forget” past gradients, thereby enhanc-

ing the learning rate.

Y= pyer + (1= p) V2L (wy), (4.15)

Wiy1 = Wt — %Vﬁt(wt), (416)
t

where p € [0, 1] is the moving average parameter, typically set to the default
value of 0.9.

Adaptive Moment Estimation (Adam) [19] combines the strengths
of RMSprop and Momentum, leveraging Momentum’s speed and RMSprop’s

adaptability to all parameters. The mathematical representation is as follows:

my = Bime—y + (1 = B1) VL (wy), (4.17)
V¢ = Bgﬂtfl + (1 — Bg)(Vﬁt(wt))z, (418)
iy = 1T—tﬁ{ (4.19)
. Ut
V¢ = 1_—3, (420)

W41 = Wy — mt, (421)
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where §; and [, are the momentum and scaling parameters, and € is a
small constant to prevent division by zero. Adam consistently performs as

well as, or even better than, RMSprop, all while being faster.

4.4 Introducing Ambiguity in the Phase

Measurements

Work in [10] proved that the combination of a typical antenna setup, which
produces unambiguous phase measurements, with a setup where the distance
between antennas surpasses the A/2 limit, thus introducing ambiguity, yields
better resulting NNs. Received signal strength indicator (RSSI) measure-
ments were also taken from N reference tags, giving the neural network more
robust information to train upon.

Building on this insight, a novel setup was devised, featuring 4 Rx anten-
nas arranged in pairs of two, to capture both ambiguous and non-ambiguous
data. This configuration yields a total of 8 feature inputs: four related to
neighboring antennas without ambiguity (A¢pie, Agsy, 612, 0s4), and four re-
lated to non-neighboring antennas with ambiguity (Agi3, Ad1s, Adaz, Aayg).
The topology, along with the corresponding ellipses, is depicted in Fig. 4.10.
The intersection of the two lines representing the Direction of Arrival (DoA)
of the tag’s signal, as elaborated in Section 3.3, is also illustrated, providing
a reliable estimate of the tag’s location.

In this configuration, the phase difference between two antennas from
different pairs (0= > A/2) will be wrapped, i.e., the same phase value may
correspond to multiple points in the area. Fig. 4.11 visually represents
the phase difference from the Rx2-Rx3 pair, clearly demonstrating that the
phase is "folded” five times. If the outermost antennas were chosen (Rx1-Rx4
pair), even more folds would be evident, while further increasing the distance
between antennas would result in additional wrapping. Therefore, in setups
where pairs are positioned farther from each other, an increased number of
folds is expected.

In broad terms, wrapping certain phase difference measurements could
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Figure 4.10: Multistatic 2D localization of an RFID tag, with ambiguity.

prove beneficial, as it amplifies the rate of change of the values, in relation
to distance. This augmentation enables the NN to extract more information,
since the difference of these values for neighboring points will be greater,
while the non-ambiguous data provide a solid ground. The primary question
in this context revolves around determining the optimal separation between
the two pairs to maximize useful information, without disorienting the NN
with excessive ambiguity. The answer, as all things in NNs, depends heavily
on the specific problem that is being solved. Given that this work utilizes
simulated data to train the NN, with samples for random tag positions within
the area of interest, increasing the distance can be done with a lower risk of
confusing the NN. As it will be seen in Section 5.1, simulation results of a
setup with more than 30 folds in the A¢y3 measurements performed better
than the aforementioned one, but not for the reason mentioned above. On
the contrary, it will be proven that ambiguous data do not further reinforce
the NNs efficiency and that the amplified differences in the non-ambiguous
inputs, accompanied by the increased distance between the pairs, is the dif-
ference maker. Furthermore, in an experimental environment, where data

samples may be more unreliable and with many outliers, a high level of am-
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biguity could prove unfavorable.

360

Phase (deg)

Figure 4.11: Phase Difference A¢o3 distribution, for non-neighboring anten-

nas.
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Chapter 5

Numerical Results

In this Chapter, MATLAB simulations were employed to gather measure-
ments from various multistatic setups, which were then utilized to train
neural networks (NNs) and compare their performance with the traditional
ElIDoA method. The Google Colaboratory (Colab) platform was utilized for
building and training the NNs, providing three separate sessions with access
to cloud computing resources at the time of writing. The implementation was
carried out in Python, using TensorFlow (v2.15.0) and the Keras libraries.
For all the neural networks trained, learning rate was set to 10™*, batch
size to 64, training epochs to 50, the database was split 85/15% train/vali-
dation and the custom MAE function, seen in Eq. 4.4, was used as the loss
function. In order to ensure comparable results between different executions,
the tf.keras.utils.set random seed utility was also used, which creates
a fully deterministic program by setting all the random seeds of the program

L. Moreover, the tf.keras.backend.set_floatx option

at the same value.
was evaluated, while trying to find the best compromise between training
time and efficiency. By setting the float data type to be 64 bit long, an
improvement of—at best— some millimeters was noted, in the expense of
doubled training time. Thus, the more common 32 bit size was selected.

All experiments were conducted using the multistatic setup with synchro-
nized Software-Defined Radios (SDRs) as described in Section 2.1.3. Thus,
the phase noise (¢') was considered fully correlated Gaussian and was mod-
eled as such, with ¢} = ¢7 Vi,j € 1,2,..., Nyps. Rician fading was assumed
with scattering components modeled by kcr = 15, kcr,i = 15, krr,; = 10,

and 02 = E[|hy|*] = 1 for all paths. For the large-scale channel path-loss,

'A random seed is an initial input for a pseudorandom number generator, determining
the sequence of generated numbers, thus enabling reproducibility.
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reference distance dy = 1m and path-loss exponents ver = ver; = VTR, = 3
were considered. Power of the carrier wave was P, = 25dBm (0.316W), car-
rier frequency was set at f. = 865MHz, load-independent structural mode
parameter equal to Ay = 0.6047 + 15 * 0.5042 [5] and the tag’s scattering
efficiency was 7 = 0.1. These parameter values were chosen to represent
a realistic system with considerable losses throughout communication. The
SNR, in relation to the distance of the tag from the Tx antenna, is presented
in Fig. 5.1.

Three different topologies were created, as illustrated in Fig. 3.2, Fig.
4.10, and Fig. 5.2. In each case, the antennas were positioned along the x-
axis. For Fig. 3.2 it stands that 21y = 0.465, Trx1 = d/2, Trx2 = —d/2 and
TRy = —3d/2, where d = \/2 and ) is the carrier wavelength. For Fig. 4.10:
Ty = 0, Trx1 = 0.5, Trx2 = 0.5 —d/2, Tpe3 = —0.5 and x4 = —0.5—d/2.
Finally for Fig. 5.2: xpy = 0.465, Trx1 = 3, Trxo = 3 — d/2, Trx3 = —3
and Try4 = —3 —d/2. An 8x4 m? area was assumed where the tag could be
located, with 244, € [—4,4] and y4, € [0, 4].

100}
80 |
g 60|

% 40} \\\\,\\
20 |

0 | | | | | |
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|z72 — 7|2 (M)

Figure 5.1: SNR relative to the distance.
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5.1 Towards The Optimal Neural Network

In Chapter 4, the construction of the neural network was thoroughly ex-
plained and analyzed. While some variable choices were straightforward,
others were narrowed down based on existing bibliography. This Section eval-
uates, compares and explains various setups. The areas where the preferred
choice was apparent were the data scaling and the selection of optimizer. In
the former, RobustScaler is always employed, to ensure an equal distribu-
tion of negative and positive inputs, while in the latter, Adam is undeniably
the preferred choice. Although experiments were conducted to reach these
conclusions, they were deemed less critical for inclusion.

For all comparisons, a pair of visuals will be provided: a Figure display-
ing the loss during the training process and a Table illustrating the test
results, both using mean absolute error measurements. The mean over three
separate NNs is calculated by training the network with different random
states, indicating different splits of the train/validation data. This is done
in order to ensure that the results will be as reliable as possible. Finally,
in order to compare ambiguous with non-ambiguous data, a total of three
databases were created, for the three systems in Fig. 3.2, Fig. 5.2 and Fig.
4.10. Each database consisted of almost? 2 million random samples, where
850,000 samples were used for training, 150,000 for validation and the rest
for testing. Throughout the following subsections, the three setups will be

compared between them.

5.1.1 Activation Functions Comparison

Starting with the activation functions, the two most common in relu &
tanh were compared, as well as two variations of them in elu® & sigmoid,
respectively. As demonstrated in Fig. 5.3 and Table 5.1, hyperbolic tangent,
prevailed in all the experiments as the favorable choice, exhibiting similar

convergence time to relu, while elu converged faster and was slightly better

2Some of the samples reported complex DoA values due to the noise in the system
and, thus, were not used.
3Exponential relu was selected as the best performing alternation of relu.
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Figure 5.2: Multistatic 2D localization of an RFID tag, with increased wrap-
ping in the phase measurements.

performing compared to relu. However, in the process of experimenting and
refining the NNs relu frequently outperformed its variations, thus no safe
conclusion can be drawn. The error increase from tanh to elu and relu was
14.5% and 29%, respectively. Finally, sigmoid could not "keep up” with the
rest, noting a significantly increased convergence time, caused partially due
to a period of decreased learning rate, which indicates that the network tried

to converge on a local minimum.

5.1.2 Feature Inputs Comparison

As discussed in preceding sections, correlated inputs can pose a challenge
during the training of neural networks. However, in this problem, having
completely uncorrelated inputs is not feasible as phase differences originate
from the same ¢;; values. Moreover, DoA measurements, 6;;, are directly de-
rived from the phase difference measurements A¢;;—as indicated in Lemma
1—, resulting in even stronger correlation.

This raises the question of whether incorporating DoA values as feature

inputs is beneficial or detrimental to the network’s training process. To
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Figure 5.3: Training loss per iteration for various activation functions (Fig.
5.2 system was used).

Table 5.1: Test Loss (cm).
tanh | elu | relu | sigmoid

248 | 2.84 | 3.20 6.45

address this, experiments were conducted by varying only the feature inputs
of the neural networks. For the original system depicted in Fig. 3.2, three
cases were considered: including all four metrics as feature inputs, including
only the phase difference measurements, and including only the direction-of-
arrival measurements.

The mean losses during the training process are displayed in Fig. 5.4,
while the mean test losses are displayed in Table 5.2. Notably, the model us-
ing exclusively Ag;; measurements deviated by only 1 ¢cm from the optimal
solution (12% error increase), but exhibited a significantly prolonged con-
vergence time, while in two instances it showed signs of early converging, at
around 7 and 17 epochs. Conversely, the utilization of only 6,; measurements
resulted in a fast-converging network that deviated by 4 cm from the target
(36% error increase). In conclusion, DoA measurements, while insufficient
on their own, introduce additional information that aids the neural network

in achieving a more reliable convergence.
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Figure 5.4: Training loss per iteration for various feature inputs (Fig. 3.2
setup was used).

Table 5.2: Test Loss (cm).
Agij, 0ij | Agij | 0y
10.55 11.79 | 14.37

5.1.3 Ambiguous vs. Non-Ambiguous Data

In Section 4.4, the impact of the distance between Rx antenna pairs on the
phase wrapping phenomenon was analyzed, by comparing the two setups that
produced ambiguous data. Displaying their errors in Fig. 5.5 and Table 5.3,
reveal that the setup with increased distance between the pairs and, thus,
increased number of wraps, is better performing, though it needs slightly
more iterations to converge.

In an effort to comprehend the reason behind the increased efficiency of
the best-performing model, experiments were conducted, where only ambigu-
ous and only non-ambiguous data were used. The results, showcased in Fig.
5.6 and Table 5.4, revealed a remarkable dependency of the efficiency on the
non-ambiguous data, with the inclusion of ambiguous data, surprisingly, hav-
ing almost no effect on the loss. Despite maintaining four feature inputs in
the non-ambiguous case, the increased distance between antenna pairs aug-

ments the differences in measurement values across the area of interest. This
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Figure 5.5: Training loss per iteration for the two ambiguous systems.

Table 5.3: Test Loss (cm).
~ 30 phase wraps | ~ 5 phase wraps
2.48 4.32

observation is visualized in Fig. 5.7 and Fig. 5.8, where the non-ambiguous
Ag;; distributions of the setup in Fig. 5.2 are presented. It can clearly be
seen that the line of phase discontinuity follows the perpendicular bisector
of the line segment formed by the antenna pair. Having two separate pairs,
means that they can be positioned apart from each other, thus enabling the
neural network to extract more valuable information. In contrast, the original
setup with three Rx antennas, could not afford such flexibility, resulting in a
similar distribution in the values of A¢;; measurements and, thus, noticeably
lower efficiency compared to systems with four Rx antennas.

To conclude, some intriguing results are presented in Fig. 5.9 and Table
5.5. Various neural networks with different feature inputs were trained, for
the configuration illustrated in Fig. 5.2. Notably, adding the ambiguous
A¢;; measurements to the non-ambiguous, reduces the performance of the
network, increasing the loss by 9.5%. Finally, similarly to the setup on
Fig. 3.2, the NN that included both A¢;; and 6;; measurements, performed
better than its counterpart that only used phase differences, with the former
having a MAE of 2.51 ¢cm and the latter 3.18 cm (21% improvement). These
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Figure 5.6: Training loss per iteration for various feature inputs (Fig. 5.2

setup was used).

Table 5.4: Test Loss (cm).

All inputs

Only non-ambiguous

Only ambiguous

2.48 2.51

8.17

observations further support the earlier assumption that DoA-trained neural
networks do not perform well, but their inclusion as feature inputs create

better performing and more robust neural networks. It only remains to be

confirmed with experimental data.

5.1.4 Optimal NN

To summarize, the optimal neural network configuration, with a MAE of 2.48
cm, was based on the setup displayed in Fig. 5.2 and used RobustScaler
for input scaling, Adam optimizer, tanh activation function* and included all
eight metrics as feature inputs. For the setup in Fig. 3.2, the optimal NN
reported a MAE of 10.55 cm and had the same characteristics, apart from the
feature inputs, where the total number was four. Avoiding DoA inputs, to

create a more fair comparison of the NNs with the traditional methods, the

4As it will be seen in Section 5.5, relu was more robust when tested with experimental
data.
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Figure 5.9: Training loss per iteration for various feature inputs (Fig. 5.2
setup was used).

Table 5.5: Test Loss (cm).
Non-amb. A¢z] All A¢Z] Amb. A¢U 92]
3.18 3.48 8.17 17.19

MAE reported was 11.79 and 3.18 cm, for Fig. 3.2 and Fig. 5.2 respectively.

5.2 Model Mismatch

A reliable method to evaluate if a neural network has overfitted, is to test it
using a dataset with slightly different parameters. This way the fluctuations
in the parameters that a real-world setup would have, can be somewhat repli-
cated, while the generalization capacity of the network can be determined
too. Datasets of 10% samples were created for the setups in Fig. 3.2 and Fig.
5.2, where only the scattering components were changed. For the decreased
path losses scenario kot = 20, kcr; = 20 and krg,; = 15 were selected, while
for increased path losses the values were ket = 10, kcr; = 10 and kg, = 7.
The corresponding losses are displayed in Table 5.6, where a 2.6% and 2.8%
decrease in loss, for Fig. 3.2 and Fig. 5.2, respectively, was noted in the first

case. In the second case a 1.9% and 0.8% increase in error was reported.
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Table 5.6: Test Loss for different values of scattering components (cm).

cm Opt. NN | Better k; | Worse k;
Fig. 3.2 10.55 10.28 10.75
Fig. 5.2 2.48 2.41 2.50

5.3 Neural Networks vs. Traditional
Phase-Based Techniques

To evaluate the phase-based techniques, as analyzed in Chapter 3, simula-
tions were conducted, using the setups depicted in Fig. 3.2 and Fig. 5.2.
Specifically, the mean absolute error (E[|e|]) and the mean squared error
(v/E[le|?]), for various given paths of the tag and then for random tag loca-
tions, were calculated. The median absolute error (|€|) was also computed
to provide a more comprehensive understanding, as some Methods reported
significantly increased error for specific positions (usually above the receiv-
ing antennas) and a noteworthy difference between mean and median was
apparent.

The two paths displayed in Fig. 5.10a were considered, consisting of 20
and 40 tag locations respectively. For the first, 100 iterations were conducted,
while for the second 50, thus each amassing to 2000 samples. For the random
location scenario, depicted in Fig. 5.10b, 5000 samples were taken, in order
to assure adequate coverage of the area. In all three cases, a total of 20
set of ellipses, centered approximately around the tag, were computed. After
some experiments, it was selected as a fair balance between running time and
coverage. As already mentioned, to compare the path-based results with the
optimal NN, the mean error over three NNs is computed, for three different
random states, i.e., three different splits of the data.

The error for the setup in Fig. 5.2 was evaluated, only comparing Method
2.5, which does not use ellipses to estimate the tag location, with the optimal
NN for this situation. The evaluation of this setup using the ellipse-based
techniques, was deemed extremely expensive computationally and thus, not

applicable in a real world scenario. The results for all scenarios are shown in

Table 5.7 & Table 5.8.
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Figure 5.10: Movement Scenarios of the tag.

In the case of the three Rx antenna setup depicted in Fig. 3.2, Method
2 demonstrates superior performance compared to the rest, including the
optimal NN, across both path scenarios. However, the NN exhibits a clear
advantage for randomly selected tag positions, while Method 2 simultane-
ously presents the highest mean and lowest median absolute errors among
traditional methods. Moreover, a significant disparity between mean and
median absolute errors is observed for the neural network across all scenar-

ios, attributed partly to the tag’s passage in front of the ”invisible lines”,
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Table 5.7: Simulation results of multistatic 2D localization in Fig. 3.2,

considering different localization techniques and movement scenarios (¢" ~

N(0, 472)).

’ cm Movement Scenario ‘ Elle|] ‘ €| ‘ E[le|?] ‘
Scenario 1 0.51 | 0.34 0.71
Method 2 Scenario 2 2.41 | 1.94 3.21
Rand. Position 39.86 | 7.11 70.56
Scenario 1 17.97 | 8.76 33.02
Method 2.5 Scenario 2 23.42 | 8.71 67.80
Rand. Position 21.47 | 891 56.26
Scenario 1 4.84 | 4.52 5.65
Method 3 Scenario 2 9.68 | 8.27 11.77
Rand. Position 30.91 | 13.35 56.19
Scenario 1 2.13 | 0.81 6.04
Opt. NN Scenario 2 3.09 | 2.24 4.59
Rand. Position 10.55 | 2.56 34.15

Table 5.8: Simulation results of multistatic 2D localization in Fig. 5.2,
considering different localization techniques and movement scenarios (@™ ~

N(0,472)).

’ cm Movement Scenario ‘ Elle|] ‘ |E] ‘ E[le|?] ‘
Scenario 1 1.70 | 1.66 1.72
Method 2.5 Scenario 2 4.68 | 4.61 4.70
Rand. Position 5.60 | 4.44 14.50
Scenario 1 0.43 | 0.39 0.49
Opt. NN Scenario 2 0.60 | 0.54 0.70
Rand. Position 2.48 | 0.83 | 10.41

where the values of Ag;; and 6;; become zero, as depicted in Figures 4.3
& 4.4. The network’s ability to estimate the y coordinate in that area is
heavily compromised, leading to degraded estimations. Additionally, in the
two path scenarios both geometric methods outperform Method 2.5, which
utilizes DoA intersection, but fall short for random tag positions. Excep-

tions include the remarkably low median absolute error of Method 2 and the
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RMSE of Method 3, which is comparable to that of Method 2.5. Overall,
the NN demonstrates adequate efficiency across all scenarios, exhibiting at
least half the error of the best-performing traditional method in all metrics
for random tag positions. However, all methods have their weak areas, as
illustrated by the differences between mean and median values.

Transitioning to the setup of Fig. 5.2, the results clearly confirm that it is
superior compared to the previous, with the optimal NN achieving sub-1 cm
error in most tag positions. A notable 76.5% drop in mean absolute error is
observed for random tag positions, with similar improvements reported across
all cases. The gap between mean and median values vanishes in all cases,
except for the random tag position of the optimal NN, where it is mitigated,
but not completely eliminated. The increased error values that create this
discrepancy are once again reported for tags placed above the antenna pairs,
but as it has already been stated, the increased distance between the pairs
heavily benefits the NN.

5.4 RDPF: A monostatic alternative

A viable alternative, in cases where the tag remains static for extended pe-
riods, involves employing a monostatic setup with a moving reader. Recent
work [20] introduced a method of utilizing phase-based particle filtering to
estimate tag locations. This method involves mounting the antenna on a
robotic platform, allowing for multiple measurements as the antenna moves
to evaluate the tag’s position reflecting the signal.

Following experimentation with various parameters, the results presented
in Table 5.9 were obtained. Notably, with 500 measurements per tag (i.e.,
500 antenna positions), the Mean Absolute Error (MAE) closely matched
that of the optimal Neural Network (NN) for the setup depicted in Fig. 5.2.
Interestingly, the RDPF1 method exhibited a significantly higher median
and lower Root Mean Square Error (RMSE), indicating that it may be more

5

robust. Further evaluation based on two path scenarios® corroborated this

5The evaluation of RDPF in a moving tag scenario is not realistic and it was only
performed for comparison purposes.
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Table 5.9: Simulation results of monostatic 2D localization using RDPF1 [20],
with ¢" ~ N(0,5°), M = 10° particles in an 8x4 m? area (cm).

Movement Scenario | Efle|] | |€] E[le|?]
Scenario 1 2.12 | 1.49 2.53
Scenario 2 2.86 | 2.62 3.56

Rand. Position 2.61 | 2.14 3.25

observation; significantly reduced errors for the NN imply that it suffers from
outliers in certain regions, which, as already said, holds true for the areas
above the Rx antennas.

Finally, an attempt was made to estimate the tag position using only four
measurements, but as anticipated, it failed, consistently placing the tag at
the center of the particle initialization area. RDPF relies on an increased
amount of measurements which mimics the presence of numerous antennas,
to overcome limitations presented by the monostatic setup. Consequently, for
scenarios involving moving tags or when the antennas cannot be moved and

a small amount of antennas are at disposal, this method proves impractical.

5.5 Experimental Evaluation

Two equivalent experimental setups were created, in order to evaluate the
results yielded via simulations; one in the multipath-rich lab environment
and one in a wider space, with higher ceiling, outside the amphitheater of
the ECE building. The hardware used, consisted of a Gen2 UHF RFID tag,
three USRP N200 Software Defined Radio (SDR) devices, with FLEX900
daughterboards. The external function generator used for the synchroniza-
tion of the SDRs was the RIGOL DG2042 and the antennas used were two
MT-242032/NRH 7dBic (1 Tx, 1 Rx) and two FlexiRay SF2 5.5dBic (2
Rx)®. Tx power and carrier frequency were set identical to the simulation
parameters: P, = 25dBm and f. = 865MHz. Unfortunately, training with

experimental data was not feasible due to the significant time required to

5Both types of antennas are Right-Hand Circularly Polarized (RHPC)
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create sufficiently large datasets and, thus, the experimental data were used
only for testing.

In regard to the topology, a near identical setup to that of Fig. 3.2 was
constructed, with sub-1 c¢m error in the true position measurements of the
antennas and the tag, while the whole antenna array was shifted 0.465m to
the left, intending to place the Tx antenna at the origin. All antennas and
tags were set at a height of 1.05m". A custom movable steel rack housed all

the devices, apart from the antennas and the tag.

5.5.1 Scenario 1: Lab (Rich Multipath)

For the first scenario, the lab environment was selected, known for its many
reflective surfaces and multipath rich characteristics. Fig. 5.11, displays
the setup constructed for the experimental evaluation of this scenario. A
database of 20 samples was created, with the tag positions being displayed
in Fig. 5.12. Two of them (10% of the total) were deemed unusable, as at
least one of the Direction of Arrival (DoA) values was complex and could
not be used. The error results for all methods are presented in Table 5.10.
Given the problems accompanying this setup, the notable increase in the error
measurements, compared to the simulations, was justifiable. However, the
analogies between the various methods and the NNs broadly held true, with
the best-performing NNs being within 1 cm of the Methods 2 & 3 in all three
metrics, indicating that Method 2 performed slightly worse than expected
and Method 3 slightly better. Method 2.5 suffered, exhibiting twice the error
values of the rest, which was also justifiable considering the proximity of the
tags to the antennas and the poor performance of this method in simulation
measurements for the first path scenario.

Furthermore, a slight disturbance in the results was caused by the pres-
ence of some outliers (specifically three) in one of the three, theoretically op-

timal, NNs®, resulting in somewhat skewed results. Due to the small amount

"Even though the methods in question perform 2D localization, i.e., the height error
is not computed, it is important to denote the height at which the measurements were
taken, as it affects the reflections.

8As it was clarified in Section 5.1, the mean over three separate NNs is calculated,
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Figure 5.11: Experimental setup for multistatic 2D localization, inside the
lab.
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Figure 5.12: Tag Positions for the first experimental scenario.

of samples, all three metrics were affected from the problematic NN, report-
ing twice the mean absolute error of the other two (18 cm difference), while

even the median was approximately 5 cm higher. Consequently, the averages

each using different random state, to ensure reliability.
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Table 5.10: Experimental results of multistatic 2D localization in multipath
rich environment, for various feature inputs and activation functions. Tags
and antenna placement shown in Fig. 5.12 were used.

cm Ellel] | le] Ellel’]
Method 2 18.66 | 8.09 | 30.56
Method 2.5 41.40 | 21.78 | 61.12
Method 3 18.41 | 8.07 | 30.98
A¢ra, Aos, b1o, 05 - tanh | 24.54 | 9.86 | 41.15
A¢1z, Agas - tanh 37.76 | 14.03 | 63.65
Apr9, Aoz, 019,093 - relu | 18.97 | 8.25 | 30.57
Ao, Agog, O1o, 0o - Telu | 18.93 | 8.21 | 30.70
Ap12, Ados - relu 18.97 | 8.51 | 30.51

of the three NNs were worse than the ellipses-based methods.

For this reason, the results of the NNs trained with relu as the activa-
tion function are also displayed, which did not suffer from outliers and were
comparable with Methods 2 & 3. Moreover, the results of the NN trained
without DoA and with estimated DoA (given by Eq. 3.9), from the second
method are also presented”?. For the estimated DoA, it must be noted that
any advantage in the time division that the NN could have, vanishes and the
comparable results of the NN with the traditional methods, suggest that the
only reason to use such a NN is for cross validation.

The outliers issue noted above, even though minor, created uncertainty
over which really is the "optimal NN”. Therefore, this term will not be
used in the current Section, as it creates confusion. A first evaluation of
the situation, suggests that the relu-trained NN is more reliable than the
tanh-trained. This statement is reinforced by the findings regarding the
NN that exclusively used A¢;; measurements as inputs, where the number of
outliers for the tanh-trained one heavily increased, deeming it unusable, while

the relu-trained alternative was on par with the best performing methods

9DoA trained NNs have an ”unfair advantage” over traditional methods, as the quad-
rant where the tag is located is considered known (see Lemma 1). Thus, they cannot be
the only comparison present.
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(fact that also refutes the significance of DoA measurements). Given the
small sample size, a safer conclusion will be drawn, after the analysis of the

forthcoming results in the next experimental scenario.

5.5.2 Scenario 2: Amphitheater Entrance

For the second scenario, an unknown—in terms of reflections—location was
selected, seen in Fig 5.13, which was believed to suffer less from reflections. A
wider range of samples was taken, with the tags being on average further away
from the array of antennas, compared to the previous dataset, surpassing the
one meter "boundary”. Results shown in Table 5.11, reveal a setup that had
more outliers compared to the first, i.e., samples with extremely high error,
reporting an almost 10 cm increase in the mean absolute error, but being
within a centimeter when using the median for evaluation. RMSE had a
comparable increase to MAE measurements (40% and 60% for MAE and
RMSE, respectively).

Given the results, the assumption about the better characteristics of the
location cannot be confirmed, but it is important to note that the mean

distance of the tag from the antennas was higher, therefore increasing the

noise factor. Moreover, the superiority of relu activation function, over tanh

(a) Front view. (b) Back view.

Figure 5.13: Experimental setup for multistatic 2D localization, outside the
ECE amphitheater.
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Figure 5.14: Tag Positions for the second experimental scenario.

Table 5.11: Experimental results of multistatic 2D localization (unknown
multipath reflections). Tags and antenna placement shown in Fig. 5.14 were

0 ‘ ‘ ‘ Fix3 Rx2 Rx1
-1 -0.8 -06 -04 -02 O

x (m)

Tx

A Tag Positions

02 04 06 08 1

used.
cm Ellel] | le| Ellel’]

Method 2 26.46 | 8.78 | 50.20

Method 2.5 49.66 | 50.47 | 64.68

Method 3 27.01 | 8.24 51.97

Adra, Aoz, 012,605 - tanh | 37.30 | 13.10 | 64.25

A¢1z, Agys - tanh 63.97 | 49.49 | 90.06

A@ra, Aoz, 012, 055 - Telu | 26.36 | 8.43 | 49.25

Ao, Agog, bra, Bos - Telu | 26.89 | 8.78 | 49.57

A1, Aoz - relu 26.95 | 10.27 | 50.00

is established, while the significance of the DoA measurements in the training

process, is yet again disputed.
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Chapter 6
Conclusions

6.1 Conclusion

There are two main takeaways from this thesis. Firstly, it demonstrates the
viability of neural networks (NNs) as a competitive alternative to traditional
methods in real-world scenarios. NNs produce comparable results, whether
or not Direction-of-Arrival (DoA) measurements are utilized, while exhibit-
ing robustness against various noise and multipath profiles and operating
at high speeds. Remarkably, these NNs achieve such performance despite
being trained on a single comprehensive dataset, with simplistic modeling
of multipath effects and constant channel variables. This underscores their
incredible potential for implementation in applications where time and cost
are critical factors, with minimal disruption to installation sites. Moreover,
when trained on equally large datasets generated from experimental setups,
NNs have the potential to outperform traditional techniques, by capturing
the intricate dependencies between phase measurements and tag positions.
In essence, these results serve as a proof-of-concept that NNs can surpass
their traditional counterparts.

The second takeaway revolves around the concepts of increased antenna
distances and ambiguity in the phase measurements. It has been proven in
simulations that increased distance between antenna pairs are vastly benefi-
ciary for neural networks, as well as for traditional methods (DoA intersec-
tion), reducing the error values to an impressive one quarter of what they
previously were. Adjusting for transmission power, coverage from the an-
tennas and other variables on an experimental setup, it is undeniable that
a b antenna setup, similar to those depicted in Fig. 4.10 and Fig. 5.2, has

the potential to outperform the 4 antenna one, created for the experimental
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evaluation of this work. Furthermore, ambiguity in the data itself did not
help in the localization process, contrary to previous assumptions regarding
monostatic setups [10]. However, for a neural network trained with experi-
mental data, where outliers are inevitable and convergence may be challeng-
ing, the deliberate introduction of ambiguous data—with a carefully selected
amount of phase wrapping—may prove beneficial. Ultimately, as it was al-
ready proven, what is beneficiary or optimal in a simulated environment does
not always translate to the real world.

And with that in mind, some discrepancies between simulations and ex-
periments must be addressed. First and foremost the activation function
selected. Even though the findings in bibliography [9] suggested that relu
was the preferred choice, after the simulation results, the deliberate choice
was made to declare tanh as the optimal option and thus differentiate. The
truth is that there were no indications to believe otherwise, given that both
functions performed in a similar fashion, as seen in Fig. 5.3, with tanh emerg-
ing as the superior choice in most cases, but not by much. However, as it was
made clear in Section 5.5, the correlation between simulations and experi-
ments was not that strong, with relu activation function undeniably being
the preferred choice, especially when DoA values were not used. Speaking
of DoA measurements, it was also perceived (partly due to the findings con-
cerning activation function) that they did not have a substantial impact on
the efficiency of the NNs, especially given the fact that they required partial
knowledge of the tag location.

6.2 Future Work

Arriving to the last Section, where ideas for future continuation of this work
are given, it must be said that a bittersweet feeling emerges, as some of
the following were not beyond reach. First and foremost, it would be very
interesting to extract experimental results from the systems with two pairs of
receiving antennas. Besides of the increased information in the distribution of
the two phase differences, as seen in Fig. 5.7 and Fig. 5.8, such configurations

offer the flexibility to strategically position antennas at the edges of the area
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of interest. This change would reposition ”blind spots” near the edges?,
where tag positioning may be less probable. Moreover, this setup unlocks
the potential for leveraging Direction of Arrival (DoA) measurements, as the
tag’s position, relative to the antenna pair, remains consistently known, i.e.,
either always on the right or on the left of the antenna pair. Let’s not forget
that ambiguous data will be available in such a setup and despite the findings
of this thesis, it would be intriguing to experiment further and test them with
experimental data.

This setup, can also be altered either to strategically position the weak
spots in areas of less significance, or to adjust phase wrapping for performance
optimization. Additionally, scaling up this system, by employing multiple
pairs of receiving antennas at varying distances, could prove advantageous.
This approach enables the user to divide the area to subdivisions where the
two neighboring pairs are used to estimate the tag location, or to unify all the
information to a single NN. However the use of DoA will once again require
partial knowledge of the tag position. Finally, in all setups, probability theory
could also be used, by creating a grid and equating the relative likelihood
that the tag is positioned in a each grid slot in the area and then using that
information to decide where the antennas should be positioned. However,
this requires additional time spent and disturbance at the installation site.

As the viability of the neural networks has already been proven, the next
step would be to evaluate their performance when trained with experimental
data. To achieve that, the only realistic solution would be to automate the
procedure of data gathering, for example with the use of a moving robotic
platform upon which the tag is placed. A necessary condition is for the true
position of the tag to be calculated with no error.

Finally, addressing the challenges posed by unsynchronized Software De-
fined Radios (SDRs) opens new possibilities. It would be intriguing to assess
the neural network’s performance when residual carrier and phase offsets
(CFO & CPO) are present.

1 As already established, regions above the antennas pairs have reduced performance
due to the feature inputs being near zero, along the perpendicular bisector.
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