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1.Introduction

INDOOR LOCALIZATION: KEY USES WiFi Fingerprinting Fingerprinting performance
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1.Introduction
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2.Background

2.1 3D FINGERPRINTING
2.2 QUANTUM ANNEALING
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2.1 3D Fingerprinting

1.Offline Calibration Phase:
o Collects RSS measurements from all visible APs at known
reference points throughout the 3D space
o Fingerprint = {(x, y, z), [RSS4, RSS;, ..., RSSu]}
o Creates radio map database linking locations to signal
patterns
2.0nline Localization Phase:
o User's device measures RSS values from nearby APs and
matches against the pre-built database
o Match — Estimated Position (X y, 2)
o Uses k-NN or other algorithms to find best matching

fingerprint
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Fig. 1. Example of WiFi fingerprinting location tracking

process with four APs.
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2.2 Quantum Annealing

1.Problem Encoding:
o Convert optimization problem into QUBO form Energy
o Define objective function Q(x) with binary variables
o Map to Ising Hamiltonian Hf (target Hamiltonian)
2.Initialization:

o System starts in ground state of simple Hamiltonian Hy

3.Adiabatic Evolution: -
Tunnel effect L

o System slowly evolves fromHotontf ... . . ..., .. Mo_._..

o Governed by: H(t) = (1- s(t))Ho + s(t)Hf

o s(t) varies from O to 1 over annealing time Solution
4.Measurement: Quantum Tunnelling
o Final state encodes optimal solution (binary) Fig. 2: Quantum Tunneling
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3.Problem Statement

How can we select n APs

from k candidates to

/1IN

maximize accuracy in a 3D

Environment?
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4. Architecture

Validation Data
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QUBO Solver
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Fig. 3: System Architecture.
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5.QUBO Formulation

TABLE I: Table of Notations

Symbol Description
Q(x,a,n) | The QUBO objective function.
X A binary AP selection vector of size n.
Q(X (I) — T; EX x; = 1 if AP 7 is selected, O otherwise.
¢ The balancing parameter (0 < o < 1).
The total number of candidate APs.

o
n
m The total number of samples in the fingerprint.
— Z I; ilq + ]- _ Z Z R; ij Ll + 7] Z Lg — k The desired number of APs to select.
n
I;
R

The penalty coefficient for the constraint.

=1 7>1 : .
The calculated importance score for AP 1.
ij The redundancy score between APs ¢ and j.
Ti, T Vectors of RSS measurements for APs ¢ and 3
Tl The [-th RSS measurement for AP 1.
T The mean of the RSS vector for AP 1.
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6.Results

6.1 Importance metrics 6.6 Penalty Impact
6.2 Entropy Importance 6.7 Inverse Temperature
Impact

6.3 Redundancy

6.4 Alpha Parameter Impact 6.8 QA VS SA

6.5 Budget (k) Impact
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6.1 Importance Metrics
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Fig. 4: Importance Methods Comparison.
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6.2 Entropy Importance

e Many APs have zero 1.75
importance. .
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Fig. 5: Entropy Importance.
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6.3 Redundancy

WAPQ06 o — 10

e We use only the non-zero importance

APS WAP109 -Oﬁé

5

e We calculate the Absolute Pearson " " g

Correlation gwws §

e Highly correlated APs tell the same 8 ey ¥

information ' EFFEH“ §

e We chose APs that are Ileast e = | EHEF” .
correlated to diversify our set of APs : ' ::

WAP489

0.0

Access Point
Fig. 6: Pairwise correlation matrix of AP RSS patterns.
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6.4 Alpha Paramater Impact
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Fig. 7. Impact of Alpha on the 3D Localization Error.
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6.5 Budget (k) Impact

27.5
e We try different values for the budget E25'0
(k) E 22.5
* Run the full system. uél 20.0
e We can see how the budget choice s
impacts Accuracy. 8 175
e Generally, the higher the AP count, the & 15.0 l I I
lower the accuracy. 125

15 20 25 30 35 40 45
k (Number of APs)

Fig. 8: Impact of k on 3D Localization Accuracy.
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6.6 Penalty Impact

e For small values of the penalty: the
optimiser can reach the target of k
APs with a minimum localisation
accuracy atn = 2.

 For larger penalty values, the
constraint term creates an overly
harsh energy landscape, causing the
annealer to get trapped in local
minima before reaching the target
number of APs k, which in 2 4 6 8 1(

. . Penalty Parameter (n)
turn affects the localization accuracy.

w
N

- Best

N N W
S o O

Mean 3D Error (m)
N
N

Fig. 9: Pairwise correlation matrix of AP RSS patterns.
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6.7 Inverse Temperature Impact

40 Min-Max Range
—$— Mean * Std

e B functions as a scaling factor that 35

controls the influence of the E

' 5 30

problem’s energy landscape. £ 1
* B determines how sharply the solver o,

distinguishes between optimal and S

suboptimal solutions. =20 =1
e Localization accuracy improves as 3 ji

RN
@)

increases.

* Improvement stopsat =5 2 y 6 8 10

Beta (B) - Inverse Temperature
Fig. 10: Impact of 3 on the Mean 3D Localization Error.
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6.8 QA VS SA

98.0%.100.0%

10 98.7%100.0%

0.8
e QA has the best exact floor .
Q
accuracy localization S 06
8 .
e Better than using the entire set <
o
of APs E 0.4
0.2 I Exact Floor
B +1 Floor
[ +2 Floors
0.0
QA SA All APs
Method

Fig. 11: Floor Accuracy across different Methods.
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6.8 QA VS SA
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Fig. 12: Different Methods Impact on 3D Localization Accuracy.
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6.8 QA VS SA

12.28s
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e Annealing time: duration over which the £
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to-prepare initial state to the final E .
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Fig. 13: Annealing time of SA VS QA.
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7.Research Paper

Quantum Optimization for Access Point Selection
Under Budget Constraint

Anonymous Authors

Absiract—Optimal Access Point (AP) selection is crucial for
indoor localization, yet it is ined by budget, cre-

ating a trade-ofT between localization accuracy and deployment
cost. Classical approaches to AP selection are oflten computa-

Traditional indoor loc research has primarily fo-
cused on discrete Noor ¢ o or two-dimensional (2D)
positioning within known floor levels (7], [8]. However, the
J Is of ical applications have evolved, now requiring

tionally expensive, hindering their application in large-scale 3D
indoor environments,

In this paper, we i a APs fion algorithm
under a budget constraint. The proposed algorithm leverages
quantum annealing to identily the most effective subset of APs
allowed within a nlven budg.el We formulate the APs selec-

tion p as a d binary ization

continuous three-dimensional (3D) localization that can simul-
taneously determine a device's latitude, longitude, and floor
with high accuracy [81-[10]. This shift to 3D reinforces the
underlying optimization challenge, which involves selecting
an optimal subset of exactly k access points from a pool of

(QUEQ) problem, making it suitable for li
solvers. The proposed technique can dreastically reduce infras-
tructure requiremenl-s with a negligible impact on performance.
We i the d algorithm and deploy
it in @ realistic 3D testbed. Our results show that the proposed
approach can reduce the number of required APs by 96.1%
while maintaining a comparable 3D localization accuracy. Fur-
thermore, the proposed quanlum approach oulperﬁornw damical
AP sclection n both and
speed. Specifically, our lﬂ.lmlqui: achieves a time nl‘ 0.20 seconds,
representing a speedup of 61> over its classical counterpart,
while reducing the mean localization error by 10% compared
to the classical counterpart. For floor localization, the quantum
approach achieves 73% Hoor sccuracy, sutperforming both the
classical AP selection (58.6%) and even using the complete set
of APs (70.4% ). This highlights the promise of the proposed
quantum APs selection algorithm for large-scale 310 localization.
Index  Terms—Optimizati Quantum  Computi QUBOD,
Access Point selection, Indoor Localization

I. INTRODUCTION

cal for applica
tracking and emergency response [1]. While -
ing System (GPS) technology provides excellent outdoor lo-
calization accuracy, indoor environments present umqm chal-
lenges including signal attenuation, multipat
the absence of satellite connectivity [2]. Consequently, WiFi-
based fingerprinting has emerged as the dominant approach for
indoor lecalization, leveraging the ubiquity of wircless access
points (APs) in modern buildings [3]-[6]. Leveraging Radio
Frequency (RF) technology, WiFi-based fingerprinting systems
function through a two-stage procedure. The initial offline
phase involves constructing a radio map, or RF fingerprint
by systematically collecting Received Signal Strength (RSS)
data from transmitters such as WiFi access points, cell towers,
and Bluetooth beacons at known locations across the site.
Subsequently, in the online phase, the RSS readings from
a device at an unknown location are gathered and matched
against the pre-established fingerprint database to determine
the most probable location based on signal

n lidates to maximize accuracy. This challenge is further
compounded by the dense deployment of APs in modem
buildings. While this density offers a theoretical opportunity
for improved precision, it paradoxically creates s
practical hurdles. The high number of APs introduces signal
redundancy, increases computational complexity, and inflates
hardware and maintenance costs [11], [12]. Consequently,
current approaches that wtili qailable APs without
systematic optimization result in over-provisioned  systems
that suffer from high costs for only marginal performance

all

gains [13]

Recently, there have been several studies addressing the
Access Point (AP) selection problem to enhance indoor lo-
calization systems. Classical techniques have been extensively
explored, with methods such as wsing a modified Jaccard
index [14]. employing PCA and astoencoders for feature
extraction | 15], and applying mutual information for dynamic
AP pruning [16]. These classical approaches, while effective
at establishing a trade-off between accuracy and cost, are often
computationally expensive for large-scale deployments. On the
other hand, emerging quantum techniques have been proposed
to overcome these computational hurdles by formulating the
proh]cm for quantum annealers [ 17]. However, a key limitation
of existing quantum formulations is that they do not incorpo-
rate rict budget constraint in their model, This omission
leaves them exposed 1o selecting a number of APs that could
exceed practical available hardware limitations, despite their
potential for speed.

In this paper, we introduce a quantum AP selection algo-
rithm that operates under a strict budget constraint, addressing
the key challenges in resource-consirained 3D indoor local-
ization. Our approach formulates the AP selection problem
as a Quadratic Unconstrained Binary Optimization (QUBO)
problem with cardinality constraints. The proposed quantum
algorithm wtilizes binary v les w denote AP selection
and formulates an objective function with a dual purpose: 1o
prmrll:m. APs that have a strong effect on location information
imize importance) and to deprioritize those with
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high correlation o others already selected (ie.. minimize

redundancy), all while strictlly adhering 1o the selection of

exactly & APs. This formulation makes it suitable for solv-
i ding [18]. A core component of our
ymparison of different importance metrics for
ithin the QUBO framework. These metrics,
based on analyzing the signal strength of each AP across
different locations, include signal entropy, signal variance,
signal average, and signal max. This comparison allows uws
to identify the most effective strategy for quantifying an AP"s
importance.

We implement the proposed quantum algorithm and deploy
tic 3D testbed. Our results demonstrate that
this technique can drastically reduce infrastructure require-
ments, culting the number of required APs by 96.1% with
a negligible impact on performance. The proposed quanium
approach outperforms classical AP selection algorithms in
both accuracy and computational speed, achieving a solution in
(.20 seconds, a speedup of 61 over its classical counterpart,
while reducin mean localization error by 10% compared
1o the cla terpart. For floor localization, the quanum
approach achieves 73% floor accuracy. outperforming both the
classical AP selection (58.6%) and even using the complete
set of APs (T0.4%). This performance highlights the promise
of our quantum optimization framework for enabling large-
scale, cost-effective 3D localization systems.

The rest of the paper is organized as follows: Section 11
gives a background on quantum annealing and the fingerprint-

method is the
weighting APs

ing localization problem. Section Il provides the details of

our quantum APs selection algorithm. We present the details
o and evaluation results in Section IV,

of the implement
Finally, Section V concludes the paper.

1l. BACKGROUND
In this section, we present the foundational concepls neces-
sary to understand our proposed approach. We first provide a
concise overview of quantum annealing. Then, we introduce
the Tund: als of fingerprinting-based 3D indoor localiza-
tion, which constitutes the application domain of our work.

A, Quantum Annealing

Quantum annealing is a specialized paradigm within quan-
tum computing [18], [19], designed for sclving complex
optimization problems that involve identifying the best solu-
tion among an exponentially Inri.c number of possibilities. It
follows the principles of ad tum computation [20],
[21]. where a quantum system is initialized in the ground state
of a simple Hamiltonian Hy and gradually evolved into the
ground state of a more complex Hamilwnian #fy [22]. This
adiabatic evolution enables the system to reach the optimal
solution encoded in Hy. The initial Hamiltonian Hy represents
a simple, easily prepared state, while Ff; encodes the target
optimization problem [23].

This process exploits quantum phenomena such as superpo-
sition and wnneling [24] w explore the solution space more
Ily escaping local

effectively than classical algorithms, poten
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Fig. 1: Example of WiFi fingerprinting location tracking
process with four APs.

minima. The system’s evolution during annealing is governed

by the time-dependent Schridinger equation |23]:

b
ifi= () = H(E)[e(t) (1)
i

where 7 is the in y fi the reduced Planck constant,
H(t) the time-dependent | tonian operator, and |y(1)) the
system's quantum state at time £, The Hamiltonian is typically
expressed as a lincar combination of Hy and H;, controlled by
a time-dependent parameter s(f) that varies from 0 to 1 [26]:

Ht) = (1 - s(t))Hy + s(t)Hy 2y

This construction is central not only to quantum mechanics
but also o combinatorial optimization [27]. Many real-world
optimization problems can be expressed as Quadratic Uncon-
strained Binary Optimizat QUBO) formulations [28], [29],

Minimize f(x) = 3 Qjwir; + 3 P (3)
y L]

where x is a binary vector, ;5 are coefficients of the quadratic
terms, and P, are coefficients of the linear terms [30].

QUBO problems can be reformulated as an lsing Hamil-
tonian, a model that represents magnetic interactions among
atomic spins [31], [32]. In this mapping. binary varables
correspond 1o spin states, and the QUBO objective function
maps onio the Ising energy function [33]. This equivalence
allows guantum annealers such as those developed by D-
Wave to solve QUBO problems natively [34], [35). Quantum
ing has been applied across diverse domains including
¢ [36]. logistics [37], machine learning [38]. and network
optimization [39].

B. Fingerprinting in Indoor Localization

Three-dimensional (3D) indoor localization aims to deter-
mine a user's precise position, including horizontal coordinates
and vertical height, within complex indoor environments [9],
[40]. Among various approaches, fingerprinting has emerged
as a leading technique due to its robustness against multipath
effects and signal atenuation [5], [41]. Fingerprinting-based
3D localization typically operates in two phases as shown

TABLE I: Table of Nota

Symibad it
%, o, ;) | The QUBD objective Tunchion,
x A hinary AP selection vector of size 1.
I EX £ 130 AP i is selected, () otherwise
- The balancing parameter (0 < o < 1),
" The total number of candidate APs.
m The total number of samples in the fingerprint
k The desired number of APs 1o select

The penalty cocfficient for the constraint,

The calculated importance scome for AP i

The redundancy score between APs  and j.

Vectors of RSS measurements for APs ¢ and §
1 The l-th RSS measurement for AP &

Fi The mean of the RSS vecior for AP/

¢ shows a representative 3D indoor
environment with multiple access points (AP1, AP2, AP3,
AP4) deployed across different floors.

In the offline calitrration phase, a technician systematically
collects RSS measurements from all ble APs at known
reference points throughout the 3D space, recording each
coordinates (x, y. z) along with the corresponding
or. These fingerprints are stored in a database where
cach entry contains the RSS readings from all APs and the
associated 3D position, In the online localization phase, a
user's mobile device mes s RSS values from nearby APs
10 form a query 11ny,r]'mnl which is then matched against
the pre-built database using a sim metric (e.g.. k-nearest
neighbors), The position comresponding to the best-matching
fingerprint is returned as the estimated 3D location [5], [41].

1II. METHODOLOGY

This section details our proposed AP selection algorithm.
We begin by formulating the budget-constrained AP selection
problem as a Quadratic Unconsirained Binary Optimization
(QUBO) problem. The forn intoe
ils core components: a term o ma ion of
influential APs, a term to minimize redundancy among the
selected APs, and a constraint term 1o enforce the strict AP
budget. The key notations used throughout this section are
summarized in Table 1.

A. QUBO Objective

Given a 3D fingerprint D = {(+*, ') }i™ ;. with ru samples
and n access points. For each sample ¢ € {1,..., m}, the
observed measurement from i APs consists of an RSS vector
R" and a 3D fingerprint location label y' € B, where
h label 3 combines latitde, longide, and floor height.
The goal is to select exactly k APs (AP budget constraint), en-
coded in a jon veclor x = (iry, o) € {0, 1}

subject o
Z..-, =k ()

such that loc ion accuracy using the reduced fingerprint
£ R* remains maximized. To this end, we define

es

vector ry
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the following Quadratic Unconstrained Binary Optimization
(QUBO) objective:

Qlx,a) =
nil‘,.r. k(1 "]ZZ“'J iy + J;(Z 4 i‘)‘

The QUBO objective function {}(x.a) is defined over a
binary selection vector x, where each el nl r; indicates
whether access point i is selected (r; 1) or not (x; ).
The term 1; represents the weighted importance score of
ing its individual contribution to lo-
s forms the importance component of

y
ss points § and j is captured by R, which
measures the comrelation between their signals; this constitutes
the redundancy part of the objective, scaled by 1—a 1o balance
against importance. The parameter o thus controls the trade-off
ng the total importance of selected access
points and minimizing their mual redundancy. To enforce
the selection of exactly & access points, the penalty term
B (Fi, @i — k)" is included, where y is an adaptive weight
that ensures the constraint is satisfied.

The optimal subset, x°, is then obtained as:

X" =arg min _ (Hx,o0). (6
x{0,1}"

2=k

Lejm

This fi lation enables integ with modem quantum
and classical QUBO solvers, supporting scalable optimization
under practical deployment constraints.

B. Importance

The importance of an AP is determined by anal

varif fits Received Signal Strength (RSS) s different
locations in the radio map. Intwitively, an AP whose RSS

remains constant throughout the environment provides no
discriminative information and is therefore unimportamt for
localization, Conversely, an AP whose RSS varies significantly
between locations is highly valuable for distinguishing one
position from another.

1) Entropy-Based Importance: This metric |||x,.p.||r¢< lh\_
Shannon entropy of each AP's RSS distribution, qu
the variability in signal strength readings. For AP i with RSS
probability distribution p{r, ;) for all samples | € m (at all
lecations), the importance is defined as:

I = =% plrig)loga piri) @

fem

ignal patterns, p<J—
. I{uwl_ur

coordinates,
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2} Variance-Based Importance: The variance meine cap-
tures the spread of RSS measurements for each AP across all
fingerprint locations:

) ;| m .
I = el Zl{r-,, - )" (8)
i=1

where 7 is the mean RSS for AP i, APs with high vanance
exhibit location-dependent signal characteristics, while low-
variance APs provide litle discriminative information.
3) Average-Based Importance: This metric uses the mean
signal strength as a proxy for AP ¢ importance:

ANG T o l -
I ;i m?r..r (L))
This approach assumes that APs with stronger average si
are more reliable and contribute more to loc Lo ACCUracY,
though it ignores spatial variation patterns,
4) Maximum-Based Importance: This metric identifics
APs based on their peak signal strength:

|y =, max 7 (10)

It assumes that APs with ib
have better coverage and si
more accurate localization.

highest maximum signal strength
al quality, potentially leading

C. Redundancy
To quantify the pairwise redundancy between access points

(APs), we compute a correlation matrix using the Pearson

correlation coefficient applied to the received signal strength
RSS data. Specifically, we consider only those APs with non-
zero importance scores to ensure relevance. For each pa
of relevamt APs ¢ and j, the absolute value of the Pearson
correlation coefficient between their RSS vectors is calculated,
producing a symmetric redundancy matrix [? where each
element f1;; represents the degree of redundancy between
the corresponding APs. High values of H;; indicate strong
correlation and thus potential redundancy, which the selection
algorithm aims to minimize 1o avoid overlapping or dependent
information contributions,

Ry = |Corr(ry, ;)| {11)

i (ria

(12)

1. Budge: Comstraing

The parameter o governs the trade-off between two ob-
Jectives: imizing the total imponance of the selected
access points and minimizing their mutual redundancy. The
formulation ensures that both objectives are balanced for

any given value of a. However, tming a alone does not

guarantee that exactly & APs will be selected. To enforce
this budget constraint precisely, we introduce a penalty term
(30, xi — k), where 4 is a sufficienily large weight that
ensures the solution satisfies the requirement of selecting
exactly k& APs.

TABLE II: System parameters and their default values

Parnmeter Defuult Value
AP Budger (k) b\
Impoetance-Redundancy Trade-off (n) 0.8

Penalty Coefficient{ry) 20
Impoance Metric Entropy
Number of Reads 1000
Number of Sweeps 1,000

Inwerse Temperatare (5) 10
Tramsverse Field () (K1)

IV. EVALUATION
In this section, we evaluate our proposed quantum algorithm
and implement it on a gquantum machine simulator [42]. We
start by describing our real testhed. Then, we show the effect
of the differem system parameters. Finally, we compare the
proposed quantum algorithm with its classical counterpart.
Table 11 shows our system parameters and their default values.

A, Experiment Setup

The e ized a publicly available dataser cover-
ing a fiv y ¢ with a t area of approximately
110m* [43]. The dataset incorporates signals from 520 WiFi
aceess points comprising both the building’s own infrastructure
and overheard APs from adjacent buildings. A fingerprinting
database of m = 21,0485 samples was vsed for the experi-
ments, Spatial coordinates (latiude, longitude) are normalized
1o [0,1], while floor indices remain discrete integers. We set
the floor height to 3.0 meters for 3D Euclidean distance
cal tions. For the Moor classification sk, a Random Forest
Classifier was employed. All classical benchmarks were exe-

cuted on a workstation equipped with a 12th Gen Intel Core
i7-12700H processor running at 2.30 GHz with 16 GB RAM,
operating on Windows 11 (64-hit),

For solving the QUBO formulation, we employ O) [42]
which is an open-source framework for quantum annealing
simulation that implements quantum Monte Carlo methods,
The quantum annealing parameters are set w 1,000 reads (in-
dependent optimization runs) and 1 () sweeps (Monte Carlo
ici ation of the solution

NP}}L‘E. I'I'I 1ht‘ next Slth\'ﬂ{lli]l‘l!&. we ]'K,‘I'[lm'l'l i.‘l!l'l'lprl'ht'l'l Ve
hyperparameter optimization across QUBO parameters (&, o,
1) and annealing-specific parameters (num_sweeps, inverse
temperature {) to identify optimal configurations. Performance
is evaluated wsing 3D localization ervor, floor classification
accuracy, and time-to-solution (TTS) metrics, with all results
representing mean and standard deviation over multiple inde-
als. As a comparison baseline, we utilize Simulated
g (SA) sampler [44], which implements classical
ing effects,

simulated an

pealing without quantum ©

B. Impartance

Figure 2 compares the performance of the proposed four
importance metrics for AP se n. The figure shows that
entropy-based importance achieves the best mean 3D local-
ization error of 11.58m, demonstrating that signal variability
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measured through Shannon entropy most effectively identifics
informative APs. This result indicates that for fingerprinting-
based localization, consistent signal paterns across diverse
locations are more valuable than peak signal strength or
high variability alone. Figure 3 further shows the Entropy
importance score computed for every access point in the
environment. The distribution reveals that a substantial num-
ber of APs contribute very linle to the localization model.
Pruning these low-importance APs can significantly reduce the
nal complexity while having a negligible
on II.(.'L'LI.I';IL':{.

impact on localiz

C. Redundancy

Figure 4 visualizes the correlation matrix for the access
points, revealing significant redundancy among numerous AP
pairs (indicated by the yellow regions). This correlation
roduces extra computational overhead without yielding a

corresponding improvement i loc
D. Effect of QUBO Parameters

1) Effect of Balancing Parameter a: Figure 5 illusirates the
impact of the & parameter on 3D localization accuracy, where

WIARODS =

WAP10D

WAPITS

MAccess Point

WAPIT4

" Absolute Pearson Correlation

Access Point

Fig. 4: Pairwise correlation matrix of AP RSS patterns.
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5: Effect of oo parameter on mean 3D localization error.

o controls the trade-off between importance maximization and
redundancy minimization in the QUBO objective. The figure
suggests that heavily weighting importance {e.g.. at a = 0.80)
produces consistent average results. which demonstrates that
the QUBO formulation effectively balances both the impor-
tance and redundancy.

2) Effect of Penalty Parameter 1j: Figure 6 shows the effect
of increasing the penalty parameter 1 on the selected number
of APs (at budget & = 20). Figure 7 further shows the 3D
localization accuracy, The figures show that, for small values
of the penalty, the opti

a mini 1 local

zer can reach the target of k APs,

will LioR ACCuracy n = 2. For larger
penalty values, the constraimt term creates an overly harsh
energy landscape, causing the annealer 1o get trapped in local
minima before reaching the target number of APs &, which in
wm affects the localization accuracy,

3) Effect of The Budger Paramerer k: Figure 8 illustrates
the relationship between the AP budget k and the result-
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Fig. 6 j Impact on the Number of Selected APs.
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Fig. 7: n Impact on the 3D Mean Error.

ing localization error. As anticipated, increasing the budget
{ie. selecting more APs) consistently improves localization
accuracy. This improvement, however, comes at the cost of
increased computational complexity in the positioning process.

E. Effect of Annealing Parameters

1) Effect of Inverse Temperamre Pavameter 3: Figure 9
demonstrates the impact of the inv temperature parameter
4 on 3D localization accuracy in the guantum annealing
process. In this context. 5 functions as a scaling factor that
controls the influence of the problem’s energy landscape,
effectively determining how sharply the solver distinguishes
between optimal and suboptimal solutions. The figure shows
that localization accuracy improves as (7 increases because a
higher value helps the annealer to more effectively navigate the
complex cost function and settle into a deeper. more optimal
oy state corresponding 1o a better AP selection. However,
provement saturates beyond a value of 3 = 5.

2) Number of Sweeps: Figure 10 illustrates the effect of
the number of sweeps on the time-to-solution (TTS). TTS
represents the total time required 10 successfully solve the
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problem with a high probability, encompassing anncaling time,
the number of iterations, and all associated overhead. As
expected, the results show that a higher number of sweeps
directly leads 1w an increased TTS. This relationship is intuitive
because each sweep represents a fundamental update step in
the annealing schedule. Allocating more sweeps allows the
solver 10 more thoroughly explore the solution space, which
naturally requires more computational time w complete,

F Compartson with Classical APs Selection

1} 3D Localization Accuracy: Figure 11 presents the mean
3D localization error across the different AP selection meth-
ods. The figure shows that the quantum annealing approach
(QA) achieves a mean error of 11.7m, which is lower than
simulated ann (SA) at 14.3m and lower than using
all APs having error of 124m. This demonstrates that our
quantum AF selection selects a more effective subset than
classical optimization methods, identifying wruly informative
APs while eliminating redundancy.
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2} Floor Accuracy: Figure 12 shows a comparison between
the different APs selection techniques for floor locs
The figure shows that the floor localization accuracy of the
quantum. annes approach (73%) is better than the sim-
ulated anncaling (58.6%). Morcover, it is better than the
accuracy obtained by using all the APs (70.4%). This is
becawse quantum annealing eliminates the redundant and noisy
APs in the environment,

3} Annealing Time: Figure 13 compares the anncaling time
of the classical simulated annealing against the proposed
quantum annealing. The figure shows that quantum annealing
achieves a significantly lower annealing time, demonsirating
its efficiency in solving our QUBO problem compared to
classical simulated annealing.

V. CONCLUSION

This paper presented a novel quantum algorithm for select-
ing Access Points (APs) under a predefined budget constraint
for indoor localization. Our approach was based on formulat-
ing the AP selection challenge as a Quadratic Unconstrained
Binary Optimization (QUBO) problem, which was then solved
using quantum annealing to determine the optimal AP subset
without exceeding the budgei. This methodology offered a
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pathway to significantly lower infrastructure costs with only a
minimal effect on localization performance.

The algorithm was implemented and evaluated within a
comprehensive 3D testhed. The experimenial findings demon-
strated a dramatic reduction in infrastructure needs, achievi
i 96.1% decrease in the ||umh|.r of APs required while mai
taining comparable 3D loc
quantum method also surpass
delivering superior accuracy and a substantial computational
speedup. It achieved & mean time-to-solution of 0,20 seconds,
which is ilx faster than the classical benchmark, all while
reducing the mean localization error by 10% compared 10
the clas simulated annealing, For floor localization, the
quantum approach achieved 73% accuracy. outperforming
both the classical AP selection (58.6% ) and even the complete
set of APs (70.4%). These results highlight the significam
potential of our quantum AP selection framework for practical,
large-scale 3D localization.
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Appendix: Key Terms & Acronyms

AP (Access Point) Quantum Annealing
e WiFi router or transmitter that broadcasts wireless o Optimization technique using quantum mechanics
signals  Exploits superposition and tunneling
 Used as reference points for indoor localization e Specialized for combinatorial optimization problems
RSS (Received Signal Strength) Hamiltonian
» Power level of WiFi signal received at a device e Mathematical operator representing total energy of quantum system
e Measured in dBm (decibel-milliwatts) e H(t) = (1-s(t))Ho + s(t)Hf
e Typically ranges from -30 dBm (strong) to -90 dBm e Evolution from simple Hqo to problem-encoding Hf
(weak) Quantum Tunneling
QUBO (Quadratic Unconstrained Binary Optimization) e Quantum phenomenon allowing particles to pass through energy barriers
e Optimization problem with binary variables (O or 1) e Enables escape from local minima
 Objective function contains quadratic and linear terms » Key advantage over classical optimization
 Native format for qguantum annealers Adiabatic Evolution
3D Localization e Slow transformation of quantum state
e Determining position in three-dimensional space e System remains in ground state if evolution is slow enough
e Includes latitude (x), longitude (y), and floor/altitude (z) | ¢ Foundation of quantum annealing
Fingerprinting Ising Model
* Indoor positioning technique using signal patterns e Model of interacting atomic spins
e Creates "fingerprint” of signal characteristics at each e Equivalent representation of QUBO problems
location  Native format for quantum hardware
e Matches nhew measurements to database




