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Abstract

Pedestrian navigation on smartphones mainly depends on Global Navigation Satel-
lite Systems (GNSS) due to their accessibility and widespread adoption. However,
GNSS performance deteriorates in challenging environments such as urban canyons,
tunnels, under trees, and covered or partially obstructed environments, where mul-
tipath, non-line-of-sight (NLOS) effects, and atmospheric disturbances, combined
with limitations of low-cost smartphone GNSS receivers, lead to significant accuracy
degradation.

To overcome these limitations, this thesis first presents a systematic review of in-
ertial and GNSS fusion methods implemented on smartphones, providing contextual
background for pedestrian positioning and identifying the strengths and shortcom-
ings of existing approaches. Building on these insights, the thesis investigates the
fusion of GNSS with Pedestrian Dead Reckoning (PDR) using Factor Graph Opti-
mization (FGO) as a robust alternative to classical Kalman Filter (KF)-based fusion.
Unlike strapdown inertial navigation with low-cost MEMS, PDR offers slower drift
growth and better resilience to smartphone carrying-mode variations, making it well-
suited for infrastructure-free pedestrian navigation. Moreover, while PDR+GNSS
integration has been studied using traditional methods, its fusion through FGO
remains relatively underexplored in the literature, highlighting a research gap this
thesis aims to address.

The first case study evaluates FGO against KF in real-world walking and running
trials, demonstrating that FGO consistently improves horizontal accuracy by 30.6%
in walking and 10% in running while offering greater robustness in GNSS-degraded
conditions. In addition, this case study investigates FGO’s resilience to two typical
PDR error types, Short and High Errors (SHE) and Continuous and Low Errors
(CLE) caused by gait variability and carrying-mode changes. Tests with ten diverse
participants show that FGO outperforms both KF and a Smoothed KF (SKF), reduc-
ing mean error by about 25% compared to KF (24% compared to SKF) and enabling
faster recovery after transient disturbances.

The second case study addresses FGO’s computational cost by introducing two
sliding-window strategies: Naive Windowing FGO (NW-FGO) and Marginalized
Windowing FGO (MW-FGO). Evaluations under GNSS multipath and PDR error
conditions identify optimal window lengths (50 s for GNSS and 30 s for PDR)
that preserve Batch FGO accuracy while reducing processing time from 2500 s to
38 s using MW-FGO. Marginalization consistently outperforms naive windowing,
improving mean positional accuracy by 2.18 % across tested window sizes.

The third case study examines the impact of GNSS quality on fusion accuracy
by combining PDR with GNSS Single-Point Positioning (SPP) and Post-Processed
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Kinematic (PPK) solutions through both FGO and KF. Experiments with a Google
Pixel 4 along a 1.8 km semi-obstructed path show that integrating PPK within
FGO reduces the 2D mean error by 22.5% compared to FGO with SPP (3.29 m
vs. 4.25 m). FGO consistently outperforms KF under both SPP and PPK fusion
strategies, although smartphone-based PPK remains at the meter level due to low
ambiguity resolution. Finally, the results highlight the high computational cost
of batch FGO, suggesting the need for more efficient windowed formulations for
real-time applications.

In summary, this thesis advances smartphone-based pedestrian localization
by (1) systematically reviewing inertial+GNSS fusion methods, (2) introducing and
validating FGO as a high-accuracy alternative to KF-based fusion, and (3) developing
computationally efficient windowing strategies for real-time deployment and (4)
assessing the impact of higher-quality GNSS processing (PPK) when fused with
PDR through FGO. The results demonstrate that FGO-based fusion delivers robust,
accurate, and efficient pedestrian positioning in GNSS-challenged environments,
offering practical pathways to reliable, infrastructure-free navigation on mobile and
wearable platforms.
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Figure 1.4: Research methodology applied across all three case studies.

State-of-the-art: The methodology begins with an in-depth review of current
literature related to inertial+GNSS fusion architectures on smartphones. This
includes surveying fusion architectures, algorithmic approaches, error sources, and
evaluation metrics. The insights gained helped identify research gaps and guided
the formation of the hypothesis and system design.

Case Study 1 - Pedestrian Motions & Transient Variations:

This case study investigates how varying pedestrian behaviors and transient han-
dling of a smartphone affect positioning accuracy in real-world scenarios. Pedestrian
data was collected using a smartphone during different motion types, specifically
walking and running. In addition to these motion types, the smartphone was delib-
erately subjected to transient variations such as swinging, shaking, and rotating
realistic disturbances that frequently occur during everyday use. These transient
changes directly impact the performance of inertial sensors and challenge the stabil-
ity of PDR systems.

Furthermore, to reflect human diversity, the data collection involved different
individuals with varying walking styles, gait patterns, heights, and genders. These
physiological and behavioural differences introduce additional variability in inertial
measurements and help evaluate how PDR performance is influenced across user
profiles.

Given the complexity introduced by these motion and user-induced variations, it
becomes essential to examine how different sensor fusion strategies perform under
such conditions. Therefore, the fusion of GNSS and PDR data was implemented
using FGO and compared against the widely used KF and its smoothed variant, the
Rauch-Tung—Striebel (RTS) filter. This comparison aims to evaluate the robustness,
accuracy, and adaptability of each method under realistic, dynamic conditions.

Case Study 2 - Sliding Window Techniques for Efficient FGO:

This case study explores the use of sliding window-based FGO methods, which
restrict the optimization to a limited, most recent subset of states and measurements,
thus significantly reducing computational overhead while still maintaining accept-



able estimation accuracy. Two variants of sliding window strategies are implemented
and evaluated:

1. Naive Sliding Window: This method simply discards older states and measure-
ments beyond the window size. It reduces computation but can lead to information
loss, especially when handling delayed or out-of-sequence observations.

2. Marginalization-based Sliding Window: This is a more advanced strategy
that marginalizes out the old variables in a mathematically consistent manner by
transforming them into prior factors that retain essential historical information.
Although slightly more complex, it preserves important correlations and supports
smoother state transitions over time.

Both approaches are implemented and tested on pedestrian datasets affected
by typical GNSS errors and PDR-related errors due to user motion dynamics and
transient variations in smartphone orientation. The case study analyzes and com-
pares their performance in terms of positioning accuracy, computational load, and
suitability for real-time deployment on mobile devices.

Case Study 3 - Impact of GNSS Quality on Fusion Accuracy:

This case study investigates how the quality of GNSS data affects the perfor-
mance of fusion architectures when combined with PDR on smartphones. It focuses
on comparing SPP, which is commonly available on smartphones and represents
a lower-accuracy mode, with PPK positioning, which uses correction data from a
nearby base station to achieve higher precision. SPP is more prone to various er-
rors such as multipath, atmospheric delays, and signal degradation, particularly
in urban environments. In contrast, PPK offers centimeter-level accuracy but is
typically used offline due to its higher computational demand. By fusing both SPP
and PPK data with PDR using KF and FGO, this case study evaluates how each
fusion method responds to changes in GNSS accuracy. The analysis aims to under-
stand not only the positioning accuracy under each condition but also the robustness
of each fusion approach in compensating for GNSS degradation. This comparison
provides insight into how improved GNSS data impacts overall fusion reliability
and highlights the adaptability of FGO relative to traditional filtering methods in
practical smartphone-based navigation scenarios.

Experiments and Evaluation: Each case study includes a detailed evaluation
phase where fusion performance is assessed using standard error metrics. Com-
parative analysis is conducted to measure the improvements offered by FGO over
classical methods in various scenarios.

Results and Discussion: Findings from each case study are synthesized and
compared with existing literature to validate the proposed hypothesis. The results
help demonstrate the efficacy, limitations, and future potential of FGO-based fusion
systems for smartphone-based pedestrian positioning.

Scientific Dissemination: The outcomes of this research have been docu-
mented and submitted for publication in peer-reviewed journals and conferences,
contributing to the broader scientific understanding of inertial+GNSS fusion on
smartphones.
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chapters.

Chapter 3 - Case Study 1: Pedestrian Motions and Transient Variations:
This chapter investigates the effect of pedestrian motion types and transient smart-
phone handling behaviors (swinging, shaking, rotating) on positioning performance.
Using real-world data collected from different users, the study analyzes how vari-
ations in gait, speed, and smartphone orientation impact the reliability of PDR.
GNSS and PDR data are fused using both FGO and KF (including the smoothed RTS
variant), and the performance of each method is compared in dynamic conditions.

Chapter 4 - Case Study 2: Sliding Window Techniques for Efficient FGO:
Given the computational burden of full-batch FGO, this chapter examines two sliding
window strategies, naive and marginalization-based designed to reduce processing
cost while preserving accuracy. The chapter evaluates these techniques under GNSS
and PDR-related errors, quantifying the trade-offs between computational efficiency
and localization performance in smartphone-constrained environments.

Chapter 5 - Case Study 3: Impact of GNSS Quality on Fusion Accuracy:
This chapter explores how the quality of GNSS measurements affects overall fusion
performance. Two GNSS processing levels, SPP and PPK, are compared when fused
with PDR data using both FGO and KF. The study aims to understand the extent to
which improved GNSS corrections can enhance fusion accuracy and mitigate errors
introduced by PDR variability.

Chapter 6 - Conclusions and Future Work: The final chapter summarizes the
major findings and contributions of the dissertation. It evaluates the performance
of the proposed FGO-based fusion system under different scenarios and discusses
its practical implications for infrastructure-free pedestrian navigation. Limitations
and open challenges are identified, and directions for future research are proposed,
particularly in areas such as real-time optimization, context-aware adaptation, and
integration with emerging sensor modalities.
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Table 2.1: Comparison of PDR Components, Algorithms, and Techniques in Smart-
phone Implementations

Accuracy / Reliability

PDR Step Technique / Algorithm Description / Equation Notes

Peak-Valley: Accurate on

flat surfaces, sensitive to
Peak-Valley: detects local . . v
maxima/minima in noise.
® Peak-Valley Detection 242 o2 FSM: More robust across
a =1/as+a5+as.
Step Detection ¢ Zero-Crossing mag oy T

¢ F'SM (Finite State Machine)

. . . varied gait patterns but
Zero-Crossing: uses sign changes in . .
needs calibration.

Zero-Crossing: Prone to

false positives in irregular

vertical acceleration.
FSM: models step cycle via states.

terrain.

ML: High accuracy if

* Weinberg’s Model Weinberg: Sp =k -\ /@peak — Amin well-trained, but
Step Length U Regre.ssion Mod'els Regression: fits features lik'e dev.ice/user (}ependent.
Estimation ® Machine Learning (NN, frequency, peak mag, duration. Weinberg: Simple,
1. 1
SVM) ML: uses labeled training data for moderate accuracy.
* Constant Step Size step prediction. Constant: Low accuracy,
error grows rapidly.
Madgwick: Good real-time
Fuses accelerometer, gyroscope accuracy, low computation.
. ¢ Madgwick Filter ' 8Y pe; Mahony: More stable in
Heading . magnetometer. : .
Estimati ® Mahony Filter AHRS outputs devi entation dynamic motion.
stimation 0 s device orientation
* Android Rotation Vector API . upd M k> APT: Fast but less
projected to ENU.
transparent and harder to
tune.
Barometric: Good for
Height / tair/floor detecti
{g * Barometric (2.5D) Barometric: Ak =L -In(22 ° a1r. .oor evection,
Altitude « Vertical Acceleration (3D)  3D: integrat tC | P i height sensitive to weather.
1 1 :
Estimation - integrates verticala. to heght. gp. High drift, rarely used
alone.
Performance drops
. L. Pocket, hand, waist, bag = different significantly with
¢ Carrying Position .
Smartphone .S line Jitt, motion profiles. handheld use.
ampling Jitter
Constraints png Android OS introduces variable Sensor dropout, latency,

* Power Management . Lo
sampling and sensor fusion issues. and placement cause

inconsistencies.

while machine-learning-based methods may provide improved robustness at the
cost of higher computational load. Step-length estimation methods also vary widely:
empirical and regression-based models are simple but device- and user-dependent,
whereas biomechanical or adaptive filtering approaches can provide higher accuracy
under diverse walking conditions. Heading estimation remains one of the most chal-
lenging components, as magnetometer-based heading is sensitive to environmental
disturbances; therefore, many smartphone systems fuse gyroscope and accelerometer
signals to improve stability.

Overall, the table highlights that smartphone-based PDR systems must balance
computational cost, sensor noise, and environmental variability, leading to a diverse
set of algorithmic choices depending on the target application, accuracy requirements,
and device constraints

Comparison with INS:

While both PDR and INS rely on inertial sensors, their mechanisms, assumptions,

and limitations differ significantly, especially when implemented on smartphones:
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¢ Error Accumulation: INS suffers from exponential error growth due to
continuous integration of acceleration and angular velocity. In contrast, PDR
uses discrete updates per step, which makes it more robust against drift over
time.

* Sensor Requirements: INS requires high sensor accuracy and precise cali-
bration (bias, scale, misalignment), which is often not feasible with consumer-
grade MEMS. PDR can tolerate lower-quality sensors by relying on repeatable
patterns like walking.

* Motion Constraints: INS assumes arbitrary motion in 3D space, while PDR
assumes bipedal step-based movement. Therefore, INS can be used in any
scenario (including vehicles), while PDR is specifically tailored to pedestrian
navigation.

¢ Complexity: INS involves more complex mechanization equations, orientation
estimation, and sensor fusion. PDR models are simpler and more interpretable,
especially when relying on handcrafted step detection and length estimation.

¢ Drift and Stability: INS systems without correction fail within seconds due
to drift, especially in smartphones. PDR, when well-calibrated, can achieve
acceptable accuracy over longer durations, particularly in indoor or GNSS-
degraded conditions.

* Implementation Feasibility on Smartphones: PDR is more practical
for smartphones due to computational efficiency, robustness to noise, and
independence from absolute positioning. INS, on the other hand, requires
advanced filtering, synchronization, and often fusion with GNSS or other
sensors to remain viable.

¢ Use Cases: INS is preferable for vehicle-based scenarios with stable mounting
and consistent dynamics. PDR is preferred for human-centric applications
such as indoor navigation, activity recognition, or pedestrian mobility analysis.

PDR offers more flexibility, as inertial sensors can be positioned in various
locations on the body such as handheld, in a pocket, on the wrist, or in a backpack
making it ideal for widespread use. Compared to traditional INS, which continuously
integrates acceleration and angular velocity, PDR has a more controlled error growth
pattern. Specifically, PDR’s error tends to grow linearly with the number of steps,
which is comparable to foot-mounted INS systems employing zero-velocity updates
(ZUPT). In contrast, traditional strapdown INS without such correction mechanisms
typically exhibits cubic error growth due to compounding integration drift.

However, as with all dead reckoning techniques, PDR is not without limitations.
Its independence from external signals also means it cannot correct accumulated
errors. For example, sensor bias, miscalibration, or incorrect step estimation can lead
to position drift that cannot self-correct without external updates (e.g., from GNSS
or map constraints). Additionally, PDR can struggle with non-walking activities
such as elevator use, cycling, or rapid directional changes. Despite these challenges,
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Table 2.2: Comparison of Absolute and Relative GNSS Positioning Techniques

) Positioning Corrections Infrastructure Typical
Technique . Use Cases
Type Used Requirement Accuracy
Consumer
Broadcast
SPP (Standard GNSS,
. ( aI_l .ar. Absolute ephemeris and None (standalone) 3-10 meters
Point Positioning) ] smartphones,
satellite clock L.
navigation apps
N
SBAS GNSS . . . .
(Satellite-Based corrections via SBAS satellites Aviation,
1 -
. Absolute GEO satellites and ground 1-3 meters safety-critical
Augmentation o
(e.g., clock, segment navigation
System) .
iono)
Decimeter to Geodesy,
1
. . Precise clock  Global correction . offshore
PPP (Precise Point . . centimeter L.
Positioning) Absolute and orbit (from service (e.g., IGS, (after navigation,
itioni
g SSR) RTX) precision
convergence) .
farming
Orbit, clock, .
onosphere Correction
1 b . .
SSR (State Space tro o];) here Correction provider Enables PPP  model
.p Absolute P p or satellite or similar distribution for
Representation) corrections . .
broadcast solutions high-accuracy
(broadcast as
GNSS
state models)
Code-based
differential
DGPS (Diff tial ti Vehicle tracki
(Differentia Relative corrections Local base station 1-3 meters © 1c.e racng,
GPS) from nearby mapping
reference
station
GBAS High-integrit,
' H,l eerity . <1 meter (with Precision
(Ground-Based . corrections Airport-based . . . .
. Relative . . integrity aircraft landing
Augmentation near airports  ground stations monitoring) svstems
itori
System) (via VHF) g Y
Land surveying,
ier-ph Local k isi
RTK (Real-Time . C.arrlerp ase Local or netwo‘r 1-5 em pre(.:1s1on
. . Relative differential RTK base station . agriculture,
Kinematic) . . . (real-time)
corrections (with data link) autonomous
vehicles
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2.4.1 Research Questions

A key part of any systematic review is defining the main research question, as
it helps focus the review and guides the overall analysis. This review begins by
addressing the following main research question (MRQ):

MRQ: What are the alternative methods, potential, and research gaps regarding
the fusion of inertial sensors and GNSS in smartphones for location and navigation?

Since this main question is quite general, it is divided into multiple research
questions (RQs) below:

1. RQ1: Which INS methods are used with smartphone sensor data in existing
inertial and GNSS fusion systems?

2. RQ2: What GNSS processing techniques have been implemented and evalu-
ated in smartphones?

3. RQ3: What sensor fusion methods/algorithms have been used to combine
inertial sensors and GNSS in smartphones?

4. RQ4: What fusion architectures for inertial sensors and GNSS have been
proposed and evaluated for smartphone positioning?

5. RQ5: What are the current challenges and future opportunities in iner-
tial+GNSS fusion for smartphones?

2.4.2 Keywords

In recent years, there has been a rapid rise in the number of studies about the
fusion of inertial+GNSS architectures in mass-market devices. As a result, it is
essential to establish specific search criteria and tactics to find the publications that
are most pertinent to the subject of this systematic review. Consequently, the process
continues with selecting keywords related to the specific topic and goals of the
study. The chosen keywords include "inertial sensors fusion," "inertial measurement
unit fusion," "INS/GNSS," "IMU/GNSS," "PDR/GNSS," "data-driven INS/GNSS,"
"position*," "location,” and "navigation localization. Any number of characters is
indicated by the wildcard pattern (* in the query). These keywords were used in
queries to identify related terms with similar prefixes (such as position, positioning,
and positions).

2.4.3 Query

Once the keywords were defined, the search queries were structured to retrieve
relevant literature. These queries were applied using the advanced search features
of two well-known academic databases: Web of Science and Scopus. The following
search strings were used:

Web of Science Query:
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TS=((((““Inertial sensors’’ OR ‘‘Inertial Measurement Unit”
OR IMU OR PDR OR INS OR Accelerometer OR Gyroscope

OR Magnetometer OR ‘‘data-driven ins’’)

AND (gnss OR gps OR PPP OR RTK))

AND (fusion OR integration OR merge))

AND (position* OR location OR localisation OR navigation))
Timespan: 2016-2024

Scopus Query:

TITLE-ABS-KEY(((((““Inertial sensors’ OR ‘‘Inertial Measurement Unit’’
OR imu OR PDR OR ins OR accelerometer OR gyroscope

OR magnetometer OR ‘‘data-driven ins’’)

AND (gnss OR gps OR RTK OR PPP))

AND (fusion OR integration OR merge))

AND (position* OR location OR localisation OR navigation))
AND (LIMIT-TO (PUBYEAR , 2024) OR LIMIT-TO (PUBYEAR , 2023)
OR LIMIT-TO (PUBYEAR , 2022) OR LIMIT-TO (PUBYEAR , 2021)
OR LIMIT-TO (PUBYEAR , 2020) OR LIMIT-TO (PUBYEAR , 2019)
OR LIMIT-TO (PUBYEAR , 2018) OR LIMIT-TO (PUBYEAR , 2017)
OR LIMIT-TO (PUBYEAR , 2016))

Both queries aimed to retrieve peer-reviewed papers relevant to the scope of this
review, including conference papers, journal articles, and other scholarly sources.
However, not all returned results met the inclusion criteria.

2.4.4 Choosing a Study

The results of the preceding search must go through a process outlined in the
PRISMA diagram and checklist document. In this step, all related studies are found,
duplicate records are eliminated, and inclusion and exclusion criteria are defined.
These criteria serve as the foundation for the final choice of works to be included in
the qualitative and quantitative synthesis.

2.4.4.1 Stage 1 Identification

SCOPUS and Web of Science are both prominent databases that index content
from a wide range of sources, including IEEE Xplore, SpringerLink, ArXiv, Wiley
Online Library, and others. When the results from the two data sets are combined,
duplicate records are created that need to be deleted. Thus, utilizing reference
management software, the obtained records are stored along with their metadata
and bibliography. This software is used to categorize studies found through search
engines and delete duplicate information.
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Figure 2.15: Distributions of collected papers over the 2016-2024.

of these methods relies on the inertial data collected by built-in MEMS sensors in
smartphones. The following subsections first outline the fundamental principles
behind each technique, followed by a critical examination of how they have been
implemented, evaluated, and adapted in recent research. Where relevant, practical
challenges and insights emerging from the literature are also highlighted.

2.5.1 Inertial Navigation System (INS)

Background: Recent literature highlights a growing interest in deploying INS on
smartphones for pedestrian navigation, driven by the ubiquity of embedded MEMS
IMUs. While traditional INS implementations have seen success in structured
environments (e.g., vehicles or robotics), extending these techniques to handheld
smartphone scenarios remains non-trivial. Studies have consistently reported de-
graded performance in pedestrian use cases due to unpredictable motion patterns,
limited sensor fidelity, and inconsistent device handling. Several works attempt
to mitigate these limitations through model simplification, external calibration, or
signal corrections; however, no unified solution has emerged. The following analysis
synthesizes recurring limitations reported across multiple studies to reveal common
implementation challenges specific to smartphone-based INS systems.

In the literature: Several studies have identified key implementation chal-
lenges when deploying INS on smartphones, particularly in pedestrian applications.
These challenges often stem from irregular user motion, sensor noise, limited com-
putational resources, and the constraints of consumer-grade MEMS hardware.

Use Case Dependence and Motion Complexity
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cannot be accurately modelled as constant sensor biases or white measurement
noise and therefore pose challenges for reliable heading and height estimation.

* Model Generalizability: Step length estimators trained on individual users
(e.g., regression or ML-based models) often fail to generalize across different
users, gaits, or environments without extensive recalibration.

¢ Smartphone Hardware Constraints: Limitations such as non-uniform IMU
sampling, sensor latency, occasional data dropout, and aggressive power-saving
modes on Android systems impact the continuity and accuracy of real-time
PDR computation.

Despite these challenges, smartphone-based PDR remains the most practical
inertial-only positioning method for indoor pedestrian navigation, especially when
models are carefully calibrated and validated in context specific scenarios.

2.5.3 Data-Driven Inertial Navigation

Background: Conventional INS and PDR techniques suffer from cumulative drift,
especially when implemented using low-cost MEMS inertial sensors on smartphones.
These systems require either continuous integration of acceleration or step-by-step
updates based on heuristic detection methods, both of which are susceptible to noise,
sensor bias, and user-specific gait variations.

However, AI/ML-based data-driven inertial navigation systems offer an alter-
native approach, where displacement is learned directly from raw inertial mea-
surements using machine learning and deep learning models. These models can
predict displacement vectors from temporal windows of sensor data, eliminating the
need for traditional components such as step detection, orientation estimation, or
handcrafted heuristics.

Implementation: To build an AI/ML-based PDR system, raw data from smart-
phone inertial sensors, specifically, 3-axis accelerometer and gyroscope readings, is
used. At each time step ¢, the acceleration d@(¢) € R? and angular velocity &(¢) € R3
are collected. Instead of analyzing a single reading, a short sequence (or window) of
data over the past T time steps is used.

Zy={ldt-1),0(t-1)]l7=0,...,T -1} (2.7)

This sequence represents the recent motion history of the device. A machine
learning model %y, with parameters 8, learns to map this input window to the
estimated 2D displacement (movement in the ground plane):

Ap: = Fo(Zy) (2.8)

Then reconstruct the full trajectory by adding each predicted displacement step-
by-step:

Di+1=Ps + APy (2.9)
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Figure 2.19: Taxonomy of Smartphone-Based Inertial+ GNSS Fusion Architecture
Derived from Existing Literature.
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Figure 2.20: Classification of Inertial+GNSS Fusion Architectures in Smartphone-
Based Systems.

2.8.1 Integration Levels

Fusion architectures are commonly integrated by different levels of integration,
each representing a unique strategy for integrating sensor data. Although these
architectures often utilize similar dynamic models, they differ significantly in how
GNSS observations are used, affecting both the system’s complexity and overall
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2.8.4 Data-Driven Inertial+ GNSS Fusion Architectures

The emergence of data-driven techniques in pedestrian navigation has been largely
driven by the limitations of classical model-based PDR and INS approaches. Tradi-
tional PDR systems depend heavily on manually crafted models for step detection,
stride length estimation, and heading updates, often tailored to fixed walking condi-
tions or device orientations. Similarly, classical inertial navigation systems rely on
linear motion assumptions and struggle with cumulative drift due to sensor biases
and noise. These handcrafted methods, while computationally efficient, are not suffi-
ciently robust for the variability encountered in real-world smartphone usage where
users may walk irregularly, change device placement, or move through complex
environments such as staircases, elevators, and crowded urban areas. Moreover,
sensor characteristics vary significantly across commercial devices, reducing the
generalizability of fixed-parameter models.

In contrast, data-driven approaches offer a compelling alternative by learning
motion patterns directly from raw sensor data. Techniques involving convolutional
and recurrent neural networks have demonstrated improved performance in step
estimation, trajectory prediction, and inertial signal correction. These models in-
herently adapt to user behavior and environmental changes without the need for
extensive manual calibration. As a result, research on data-driven methods for
standalone PDR or INS has rapidly expanded, showing measurable improvements
over classical baselines. However, despite this growing interest, the application
of data-driven techniques in the context of PDR/INS fusion with GNSS remains
extremely limited. While machine learning has been successfully applied to refine
PDR or INS independently, the number of studies that implement a fully data-
driven fusion architecture where the learning model integrates both inertial and
GNSS measurements is minimal. A thorough review of the literature revealed
no existing studies that apply machine learning specifically for smartphone-based
inertial+GNSS fusion.

2.8.5 Overall Analysis of Inertial+GNSS Fusion Architectures

The literature reveals three main categories of inertial+ GNSS fusion architectures in
smartphone localization: INS+GNSS, PDR+GNSS, and data-driven PDR/INS meth-
ods each reflecting distinct trade-offs in design complexity, accuracy, and practical
deployment.

INS+GNSS Architectures: Among the reviewed approaches, INS+GNSS-SPP-LC
was the most commonly studied, offering a practical trade-off between signal avail-
ability and reasonable accuracy. These systems mainly used KF and its nonlinear
extensions because of their lower computational demands. INS+GNSS-RTK configu-
rations showed better positioning precision but required external corrections and
supporting infrastructure. PPP-based methods appeared less frequently and showed
more variation in performance.

PDR+GNSS Architectures: PDR-based fusion is well-suited for pedestrian use,
especially in indoor or GNSS-challenged environments. Most studies combined PDR
with GNSS-SPP using FGO or EKF in loosely coupled setups, making PDR+GNSS-
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INS+GNSS fusion remains the most common approach for vehicular and in-
frastructure based use cases, particularly where smoother motion dynamics allow
more accurate inertial propagation. Within this space, SPP is widely used due to
its compatibility with off-the-shelf smartphone GNSS chips, though its accuracy is
limited. PPP and RTK offer significantly improved precision, but their dependency
on correction services, higher initialization time, and greater computational demand
limit their adoption in real-time mobile applications. Consequently, loosely coupled
architectures dominate, particularly for INS+GNSS-SPP, where simple Kalman-
based filters are sufficient and easy to implement on mobile devices. However, this
restricts robustness in degraded environments and limits the achievable accuracy.

In contrast, PDR+GNSS fusion architectures are applied to pedestrian appli-
cations where gait, step detection, and heading estimation offer a self-contained
motion model. In this domain, FGO has emerged as a preferred fusion method due
to its capability to handle asynchronous updates, delayed GNSS corrections, and
sparse measurements. Most of the FGO implementations in this context focus on 2D
trajectory estimation. While this is reasonable for many outdoor navigation tasks,
it overlooks the growing demand for 3D localization in urban multi-level settings.
In domains outside smartphones, including robotics and autonomous systems, FGO
has been successfully extended to full 3D estimation. This suggests a promising, yet
underexplored, opportunity to extend FGO-based PDR+GNSS systems to support
full 3D positioning on smartphones.

Most existing smartphone-based FGO solutions use GTSAM, which, while pop-
ular, has notable limitations in real-time smartphone deployments. The library
does not support a complete, native sliding window implementation out of the box,
requiring additional customization to support fixed-lag smoothing efficiently. More-
over, some key components required for robust optimization such as marginalization,
window maintenance, and real-time pose pruning require significant effort to imple-
ment manually. Alternatives such as Ceres Solver offer more flexible optimization
strategies and better native support for sliding window techniques, including support
for iISAM2-style incremental smoothing, but they are rarely used in the context of
smartphone localization. Very few studies investigate these options, and fewer still
compare their computational footprint, convergence behavior, or estimation accuracy
under realistic smartphone conditions.

In terms of comparative analysis, FGO has not been consistently compared
against other smoothing methods. While KF and EKF are the most common base-
lines, their smoothing variants, such as RTS or fixed interval EKF smoothers, offer a
more appropriate basis for comparison. These smoothing filters can also be adapted
for hybrid fusion, providing a better balance between computational cost and accu-
racy. Currently, this class of algorithms is rarely evaluated alongside FGO in a fair,
unified framework. As a result, the understanding of the real trade-offs between fil-
tering and smoothing approaches remains limited, especially for smartphone-based
systems.

Architecture selection is strongly influenced by the application domain. In au-
tomotive scenarios, tightly coupled INS+RTK systems are desirable for achieving
centimeter-level accuracy. In contrast, low-power fitness trackers or pedestrian
mobility systems prioritize energy efficiency and drift correction over high absolute
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accuracy, making loosely coupled PDR+SPP architectures more suitable. PPP is
attractive for infrastructure-free, high-accuracy use cases like urban AR or drone
navigation, but its slow convergence and satellite dependency pose significant imple-
mentation hurdles. Thus, each integration is a product of a trade-off, dictated by the
interplay of hardware access, algorithmic complexity, application requirements, and
environmental constraints.

Another recurring pattern is the lack of diversity in fusion algorithms. While KF
and EKF remain dominant in INS+GNSS-SPP systems, their limitations in handling
strong non-linearities, ambiguous measurement models, or missing data are well
known. The use of PF and UKF remains marginal, and adaptive filters like AEKF
are largely absent from smartphone platforms, despite their proven ability to adjust
to changing noise characteristics and dynamic system behavior. Similarly, deep
learning and hybrid ML-physics models, which have gained traction in robotics, are
mostly absent from inertial+ GNSS fusion in smartphones. These approaches could
offer new ways to learn sensor error models, detect motion anomalies, or adaptively
weigh sensor inputs, particularly under harsh conditions such as GNSS outages,
indoor transitions, or erratic user motion.

Many systems continue to evaluate performance under idealized conditions uni-
form user motion, strong GNSS visibility, and consistent device orientation. Very few
consider dynamic smartphone placement, multipath interference, varying pedestrian
gait, or motion transitions from walking to running or climbing. Vertical accuracy,
essential for multi-level buildings and indoor navigation, is rarely analyzed, despite
being critical for next-generation applications like indoor mapping, emergency re-
sponse, and AR guidance. Energy efficiency, too, remains underreported, though it
plays a decisive role in real-world deployment viability.

The taxonomy presented in this work shows that while INS has been fused
with SPP, PPP, and RTK using a variety of filters, many combinations remain
unexplored, particularly in the context of smartphones. For example, INS+GNSS-
SPP is consistently implemented with KF-based methods, while fusion with AEKF,
PF, or FGO is absent. The same is true for INS+GNSS-PPP and RTK, where
EKF dominates. Yet each fusion algorithm brings different strengths in terms of
adaptability, resilience to non-linearities, and computational complexity, all of which
could be leveraged in smartphone applications. The same observation applies to
PDR-based systems. While PDR has been successfully fused with GNSS-SPP using
FGO, fusion with PPP and RTK is extremely rare, despite the increasing availability
of smartphones with dual-frequency GNSS support.

There is also very limited exploration of hybrid systems that combine INS and
PDR with GNSS, even though combining these approaches could offer complemen-
tary advantages. INS for high-speed motion, PDR for pedestrian tracking, and GNSS
for absolute correction. Hybrid filter architectures, where multiple motion models are
fused through multi-rate or hierarchical filters, represent another underdeveloped
research direction.

Although data-driven approaches are included as a conceptual fusion category
due to their growing relevance in PDR and inertial navigation research, the liter-
ature review revealed very limited work on data-driven INS+GNSS fusion using
smartphone data; therefore, such approaches do not yet constitute a mature or influ-
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ential direction in current smartphone-based fusion systems. Overall, this review
highlights a clear opportunity to move beyond current implementation patterns and
explore the full space of fusion architectures and algorithms. Future research should
focus on algorithmic diversity, better adaptation to smartphone-specific conditions,
and rigorous comparative studies that evaluate accuracy, energy efficiency, and
robustness across environments. Moving forward, the fusion landscape must evolve
from fixed, handcrafted pipelines to more adaptive, modular systems capable of
adjusting to user context, motion state, and environmental uncertainty. Only then
can smartphone-based localization systems reach the level of accuracy, robustness,
and scalability demanded by emerging applications in navigation, mobility, and

augmented reality.

89



Chapter 3

Case Study I: Pedestrian Motions
Transient Variations

3.1 Introduction

This chapter presents the main findings from two peer-reviewed publications that
examine the comparative effectiveness of KF and FGO for smartphone-based pedes-
trian navigation in real-world scenarios. KF offers efficient, real-time recursive
updates but is limited by its reliance on only the most recent measurement and
previous state for estimating the next state. In contrast, FGO incorporates all avail-
able past measurements into a global optimization problem, enabling better error
correction and trajectory consistency over time.

The first publication evaluates KF and FGO for walking and running motions
in partial urban environments, with a primary focus on handling motion-induced
PDR errors rather than GNSS inaccuracies. The second publication extends the
investigation to more challenging conditions, introducing controlled pedestrian-
induced errors to assess the robustness of KF, its smoothed variant (SKF), and FGO.
Together, these studies provide a comprehensive assessment of FGO’s advantages
over traditional KF-based methods for practical pedestrian tracking applications.

3.2 Publication P1: KF vs. FGO under Walking and

Running Conditions

3.2.1 Overview

The first study compared FGO and KF in partial urban environments where GNSS
signal quality was degraded by surrounding buildings. PDR, while effective for
certain motion types, struggles to adapt to all human motion patterns. Walking
generally exhibits stable and predictable dynamics, making it easier to model,
whereas running introduces rapid and complex movements that lead to significant
drift.
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3.2.2 Methodology

A dual-frequency smartphone (Huawei P9) collected GNSS and inertial sensor data,
with high-precision RTK GNSS from a Ublox ZED-F9P receiver providing ground
truth. Both KF and FGO were implemented with identical input parameters and
noise models to ensure fair comparison.

3.2.3 Results

FGO performed better than KF in both walking and running. Running, despite
introducing larger drift errors, still showed improved accuracy under FGO due to its
use of historical data for drift mitigation.

Key Findings

¢ Walking: FGO reduced mean horizontal error by 30.6% and median error by
24.7% compared to KF.

¢ Running: FGO reduced mean error by 10% and median error by 6.15% com-
pared to KF.

¢ KF was more responsive to rapid movement changes but suffered from drift
accumulation.

¢ FGO'’s historical optimization better handled transient GNSS degradation and
PDR drift.

3.3 Publication P2: KF, SKF, and FGO under Real-
istic PDR Error Conditions

3.3.1 Overview

The second study expanded the evaluation by comparing KF, SKF (KF with
Rauch-Tung—Striebel (RTS) smoothing), and FGO under realistic pedestrian motion
disturbances. In addition to transient changes in smartphone carrying modes, such
as shaking, swinging, and rotating. This study also broadened the evaluation to
include more pedestrians, capturing variations in gender, height, walking speed,
and gait patterns.

3.3.2 Methodology

Ten pedestrians performed both walking and running, introducing two categories of
PDR errors:

¢ Short and High Errors (SHE): Brief but substantial disruptions, such as
sudden shakes or rotations.

¢ Continuous and Low Errors (CLE): Gradual variations from natural differ-
ences in gait and user characteristics.
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Smartphone data were fused with GNSS measurements using KF, SKF, and FGO.

3.3.3 Results

FGO performed better. Here are the main findings of this study.

Key Findings

¢ FGO reduced mean horizontal positional errors by =25% compared to KF and
24% compared to SKF.

* Median errors were reduced by 30% vs. KF and 32% vs. SKF.
* FGO converged faster after high-intensity disruptions.

* FGO demonstrated better resilience to diverse pedestrian-induced errors and
carrying-mode disturbances.

3.4 Summary

Collectively, these publications affirm the considerable potential of FGO for enhanc-
ing the accuracy and reliability of pedestrian localization systems in challenging and
realistic usage environments. The results establish FGO as a promising and robust
alternative to KF-based methods for smartphone-based pedestrian navigation.
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