© Copyright 2024

Gokul Nathan



Examination of Drone Localization Performance with Commercially Available Embedded GPS
Sensors

Gokul Nathan

A thesis
submitted in partial fulfillment of the

requirements for the degree of

Master of Science in Electrical Engineering

University of Washington

2024

Committee:
Sep Makhsous
Akshay Gadre

Alex Mamishev

Jai Jaisimha

Program Authorized to Offer Degree:

Department of Electrical Engineering



University of Washington

Abstract

Examination of Drone Localization Performance with Commercially Available Embedded GPS
Sensors

Gokul Nathan

Chair of the Supervisory Committee:
Sep Makhsous
Electrical and Computer Engineering

With the commercial drone market worth 24 billion USD and project to grow, accurate 3D
localization in urban air mobility is critical. Existing GPS systems in these environments are
plagued by multipath propagation and signal obstruction, resulting in typical urban GPS errors
ranging from 15 to 100 meters, far below the precision needed for safe operations. Using a
combination of experimental testing and data-driven modeling, this study quantitatively
demonstrates that a composite machine learning approach using commercially available embedded
GPS sensors, incorporating a Windowed Inverse Variance Weighted Filter combined with LSTM
Recurrent Neural Networks, can significantly reduce localization errors. Testing across varied
urban settings, GPS sensors improved location accuracy by up to 47% compared to conventional
filter methods in literature, with the model effectively reducing the average error in urban
environments to less than 1.8 meters. Dynamic Accuracy Index (DAI), a metric quantifying the
balance between positional accuracy and data processing speed, is introduced. The experimental

results reveal our system's proficiency, particularly evident in its DAI of 0.18 meter/Hz, surpassing



other conventional filter methods operating at approximately 1 Hz with a DAI of 5.11 meter/Hz
and proposed filter + neural network methods presented in the literature with DAI of 2.17. The
findings affirm the potential of using recurrent neural network-based machine learning algorithms
in enhancing GPS localization systems, presenting a viable pathway for integrating these
technologies into commercial UAV operations. This contribution is not only pivotal for the
advancement of urban air mobility but also enhances the safety and operational efficiency of UAV's

in complex environments.
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Figure 5-9. LSTM Neural Network Architecture in MATLAB. This schematic illustrates the

LSTM recurrent neural network used for time-series prediction. The network
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prediction size, outputting a one-dimensional 'y(t)' at every time step, signifying
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sensor (Single) versus multi-sensor (Group) microcontroller configurations. (a)
Latitude readings display a relatively stable median value with compact
interquartile ranges, although some outliers are evident at the lowest (0.1 Hz) and
highest (5 Hz) frequency settings, suggesting occasional signal instability or
environmental noise influence. (b) Longitude data reveals a substantial spread,
particularly at the 1 Hz frequency, indicative of a higher degree of variability
which appears to be lessened at the highest tested frequency of 10 Hz, pointing

towards improved consistency with increased data sampling. ...........c.ccecevveniennene. 96



Figure 6-4.

Figure 6-5.

Figure 6-6.

Variability in GPS Sensor 2B data across frequencies: comparison between
individual and shared microcontroller setups. (a) latitude readings reveal a
broader variance at the lower frequency of 0.1 Hz yet display a trend toward
stabilization as the frequency increases, with 10 Hz frequency exhibiting a
notably tighter spread, which may indicate enhanced signal tracking capabilities
at this sampling rate. (b) The longitude measurements depict a more consistent
and condensed distribution, indicating reliable sensor performance. The data
shows minimal outliers, particularly at higher frequencies, suggesting stability in
Capturing GPS SIZNALS .....oooiiiiiiiiieiiee et
Altitudinal Performance Variance of GPS Sensors Across Different Update
Frequencies. These box plots delineate altitude readings captured by four distinct
GPS sensors, designated as 1A, 1B, 2A, and 2B. Each sensor's performance is
assessed individually (labeled 'Single') and as part of a collective group managed
by a single microcontroller (labeled 'Group'). (a) Sensor 1A displays notable
variation in altitude at lower frequencies, with outliers indicative of sporadic
deviations from expected values. (b) Sensor 1B reveals tighter consistency,
especially at higher frequencies, signifying dependable altitude tracking. (c)
Sensor 2A's altitude data exhibits moderate spread across frequencies with
occasional anomalies, potentially reflecting environmental influences or sensor
idiosyncrasies. (d) Sensor 2B shows distinct reliability, with reduced variability
at increased frequencies, suggesting robust altitude determination capabilities in
varied operational SEEHINGS. .....cc.eeiviieriieriiieiieeie ettt
Evaluation of Optimal Operational Frequency Despite Error Occurrences. The
diagram contrasts effective sampling intervals across different operational
scenarios. Despite a set 1 Hz sampling frequency, error instances (depicted as
crosses) can significantly lower the effective sampling frequency, but at the
optimal frequency (green), the system maintains an effective 2.5 Hz despite
higher number of errors. Higher set frequencies, like 10 Hz, endure errors without

a substantial drop in effective frequency, indicating a benefit in data collection.
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Figure 6-7. Time Scatter Plot Analysis of GPS Sensor Performance at different update
frequencies over time in semi-urban location 2. (a) The residual error scatter plot
showcases the stability of GPS signal accuracy across different update
frequencies. Occasional sharp declines in error suggest improvements in
accuracy, likely due to additional satellites coming into the sensor's field of view,
reducing signal masking. (b) The angular error plot indicates sudden shifts in
error direction, hinting at changes in satellite positioning relative to the sensor.
Notably, a change to positive 2n radians suggests the new satellite signal is from
a westerly direction, aligning with typical GPS satellite movement from west to
east. (c¢) The altitude error plot correlates with the other two, where a decrease in
error magnitude coincides with the satellite visibility, supporting the hypothesis
that new satellite data can significantly impact sensor accuracy. ..........coceeveeueenee. 108
Figure 6-8. Temporal Angular Error Analysis for GPS Sensors at Varied Frequencies. These
plot trace angular error over time for GPS sensors 1A, 1B, 2A, and 2B at different
frequencies. (a) At 0.1 Hz, errors are stable with occasional spikes. (b) Increasing
the frequency to 1 Hz, more frequent deviations in error occur, which may
correspond to more dynamic environmental factors or sensor sensitivity to signal
changes. (c) At 3 Hz, the errors are more pronounced and erratic, possibly
reflecting the compounded effect of increased data capture rate and
environmental noise. (d) The 5 Hz frequency plot reveals a pattern of sharp peaks,
indicating significant, abrupt changes in the error magnitude, possibly due to
sudden shifts in GPS satellite visibility or signal multipathing effects. (e) At the
highest frequency of 10 Hz, the angular error demonstrates high variability, with
rapid oscillations that suggest the sensor's heightened reactivity to satellite
dynamics or immediate environmental diSruptions...........cccceeevierieeniienieenieennenne. 112
Figure 6-9. Overview of GPS Sensor Residual Magnitude Errors Across Frequencies. These
graphs depict the deviation from true position by various sensors over time,

showing their performance at different update rates. (a) Sensor 1A is highly



variable at 0.1 Hz. (b) At 1 Hz, volatility arises in all sensors except 1B. (c) Sensor
1A displays erratic behavior at 3 Hz. (d) At 5 Hz, Sensors 1A and 2A's errors
surge, indicating high-frequency sensitivity. (e¢) At 10 Hz, Sensor 1A's errors
escalate, 1B lacks stability, 2A's performance improves, while 2B consistently
maintains accuracy. This contrast underscores the necessity for selective
frequency application to match sensor capabilities with operational demands...... 113
Figure 6-10. Altitude Error Fluctuations at Varied Sampling Frequencies. Displays altitude
error trends for the same GPS sensors at different GPS ‘fix’ frequencies. (a) At
0.1 Hz, stable altitude with minimal error suggests consistent signals. (b) At 1 Hz,
altitude errors are constant, with a decreasing trend for sensors located on the
right-hand side of the drone, indicating possibly improved data due to frequent
updates. (c) At 3 Hz, errors show peaks and troughs, hinting at signal or
atmospheric disturbances. (d) At 5 Hz, notable error deviations emerge,
indicating increased environmental sensitivity. (e) At 10 Hz, altitude error
variability peaks, suggesting noise influence or rapid satellite changes. This
suggests higher frequencies may increase data volume and noise-related errors. . 114
Figure 6-11. GPS Error Distribution in Semi-Urban Environment. This polar scatter plot
illustrates the magnitude and direction of GPS errors for four sensors (1A, 1B,
1C, 2A) in a semi-urban setting. Data points represent the angular deviation and
distance from true position; closer clusters suggest higher accuracy. Distinct
colors for each sensor reveal their error profiles, with denser clusters indicating
more consistent readings. The plot indicates moderate GPS performance, with
errors less scattered than in dense urban areas but less concentrated than in open
fields, supporting the theory of environmental complexity affecting GPS
ACCUTACY . ..eeeuutteeuteeeuteeeuteeetteesueeesstaeeastaeassseeensseeesseesnsseesnnseesnsseesaseessaseeennseesnnseenas 117
Figure 6-12. GPS Error Distribution in an Urban Setting. The graph illustrates spatial error
patterns of GPS sensors in an urban area, with the elongated ellipses representing
directional biases in GPS errors. These biases highlight the impact of signal

reflection and multipath interference, causing consistent inaccuracies in specific



directions. The pronounced axes of the ellipses signify predictable error vectors,

pointing to the directional nature of urban GPS interference............cccceveeuennnenne.

Figure 6-13. GPS Error Characterization in Open Field Conditions. The polar plot displays

the distribution of GPS errors for multiple sensors in an open field, a setting with
minimal signal obstructions. The radial spread indicates the magnitude of error
from the true position, with a tighter cluster suggesting higher accuracy. The plot
reflects lower error values and less directional bias, confirming the expected

superior performance of GPS in open-field environments............cccceevverireneennee.

Figure 6-14. Time series plot of error signals from GPS sensor 1A operating in urban location

4, (a) raw angular error signals as reported by GPS DAQ system; (b) angular error
signals after the application of Windowed inverse variance weighted correction
filter; (c) raw magnitude error signals as reported by GPS DAQ system; (d)
magnitude error signals after the application of Windowed inverse variance
weighted correction filter; (e) raw altitude error signals as reported by GPS DAQ
system; (f) altitude error signals after the application of Windowed inverse

variance weighted correction filter. .........oocivviieiiiiniiiiiee e

Figure 6-15. Time series plot of error signals from GPS sensor 1B operating in urban location

4, (a) raw angular error signals as reported by GPS DAQ system; (b) angular error
signals after the application of Windowed inverse variance weighted correction
filter; (c) raw magnitude error signals as reported by GPS DAQ system; (d)
magnitude error signals after the application of Windowed inverse variance
weighted correction filter; (e) raw altitude error signals as reported by GPS DAQ
system; (f) altitude error signals after the application of Windowed inverse

variance weighted correction filter. .........oocvvviiiiiiiniiiiieeceee e

Figure 6-16. Time series plot of error signals from GPS sensor 1C operating in urban location

4, (a) raw angular error signals as reported by GPS DAQ system; (b) angular error
signals after the application of Windowed inverse variance weighted correction
filter; (c) raw magnitude error signals as reported by GPS DAQ system; (d)
magnitude error signals after the application of Windowed inverse variance

weighted correction filter; (e) raw altitude error signals as reported by GPS DAQ



system; (f) altitude error signals after the application of Windowed inverse
variance weighted correction filter. .........occveviiiiiiiniiiiiee e 124
Figure 6-17. Comparative analysis of GPS error signals from sensor 1A in Open Field location
2 and Urban Location 3. (a) Spectrogram for open field shows stable, low-
frequency signal distribution, indicating minimal interference. (b) Urban
environment spectrogram exhibits intermittent high-activity bursts at specific
intervals (2, 5, and 9 minutes), reflecting signal disruptions by urban structures.
(c) Time series plot correlates with spectrogram data, showing stable error
margins in open field 2 (green) and fluctuating errors in urban location 3(red),
supporting the use of LSTM for dynamic error Correction. ..........cecceeevvveeveeneenee. 132
Figure 7-1. Classifier Performance in GPS Data Categorization. This scatter plot represents
the classification of various GPS data points. Correctly identified data are shown
in solid dots, while misclassified points are in cross marks. The accuracy in
identifying urban, semi-urban, and open-field environments is evident, with most
data points correctly classified. The two misclassified instances of interest are
marked separately. The elliptical spread of correctly urban areas suggests
directional GPS errors, the larger circular spread in semi-urban areas and the
compact distribution in open fields potentially indicate how the model interprets
aNd 1aDELS POINLS. ....ccueiiiiiiiieiiecie ettt ettt 138
Figure 7-2. Hyperparameter Optimization Results. The plot shows the convergence of
estimated and observed classification errors through iterations, indicating
effective parameter tuning. The marked 'Bestpoint' signifies the optimal
hyperparameters with the lowest error, demonstrating the model's improved
accuracy during the optimization PrOCESS. ......cceerveeriieriieeriierieerteeereeieesveereenenes 140
Figure 7-3. Model Performance on application to replayed, unseen composite data stream
from sensors 1A, 1B, 2A, and 2B in all three operating environments while
deployed on the drone at 1.45 m. It highlights the model's adaptability to different
sensors and proficiency in handling unseen datasets. The Urban classification's

high precision is a testament to the model's capability in utilizing urban-specific



Figure 7-4.

GPS signal distortions, while the Semi-Urban classification's lower precision
signals a need for model enhancement or redefinition of environmental features. 141
Feature Importance in Environmental Classification. This graph depicts the
standard deviation of features used by a MATLAB-trained DNN for classifying
environments. High deviation in HDOP and Speed during misclassifications
indicates potential feature overlap between environments. Lower deviation across
correct predictions, especially in satellite count, suggests reliable feature use for

ACCUTALE CLASSITICATIONS. ..t nnnnn 143

Figure 7-5. Consistency of DNN Environmental Classifications by Feature Variability. The

Figure 7-6.

chart displays the standard deviation for each feature used by a deep neural
network (DNN) in environmental classification. Lower deviations for Satellite
Count on correct predictions underscore its stable predictive power. In contrast,
higher deviations for HDOP and VDOP during misclassifications indicate
environmental feature OVerlap. .........cooccoeviiiiiiiiieiiiee e 145
Classifier model confusion matrix. The classifier model shows high predictive
accuracy in classifying OpenField (33,966 cases), Semi-Urban (50,166 cases),
and Urban (60,032 cases) environments. Misclassifications are minimal,
indicating the model's effectiveness. The rare errors suggest slight feature overlap
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Figure 7-7. LSTM IRNN-DNN Model's Urban Performance in Urban Location 1. (a) Exhibits

fidelity in error magnitude prediction with minor deviations; notably, a significant
offset occurs at ~920 seconds. (b) The residual error shows a minor consistent
bias. (c) Uncovers angular error inconsistencies, deviating by +90 degrees,
indicating directional prediction issues. (d) Error distribution is skewed,

indicating room for model improvement, especially in angular error refinement. 147

Figure 7-8. LSTM IRNN-DNN Model's Urban Performance in Urban Location 2. (a) Residual

error magnitude closely aligning with targets, barring a few significant outliers.
(b) The residual error shows a minor consistent bias. (c) Uncovers fewer angular

error inconsistencies, indicating directional prediction issues. (d) Error



distribution is skewed towards over-correction, indicating room for model
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Figure 7-9. LSTM's performance in Urban Location 3. Plot (a) tracks error magnitude closely
with notable outliers. Plot (b) indicates a slight offset in magnitude error
correction. In (¢), angular error deviations suggest the need for model refinement.
Plot (d) reveals a slight bias in error predictions, underscoring the potential for
IMProved MOdel ACCUTACY. ...cuiiiiieiiieiiieiieeie ettt ae e 151
Figure 7-10. LSTM's performance in Semi-Urban Location 1. Plot (a) tracks error magnitude
closely with notable outliers at 300 secs. Plot (b) indicates an overcorrection
tendency in magnitude error correction. In (c), angular error tracking is accurate,
with a large offset observed at 950 seconds. Plot (d) reveals that the model is very

effective tracking angular errors with very little over/under-correction tendencies.

Figure 7-11. Error in GPS localization signal in urban and semi-urban environments. This
polar scatter plot visualizes the raw GPS data collected from four distinct
locations for algorithmic testing. Each color corresponds to a different
environment, demonstrating the variance in signal reception. Semi-urban location
has a constant DC offset error, 275° East, with dynamic frequency component. In
contrast urban locations, have relatively little observable DC error signals. 0,0
signifies relative ground truth position for each location. ..........ccccecevvivirincnnns 155

Figure 7-12. Errors in GPS system, after the application of the IRNN-DNN algorithm. The
radar plot showcases the dispersion of GPS data points (2c with outliers rejected).

0,0 signifies relative ground truth position. A marked reduction in error
magnitude is observed after application of the composite IRNN-DNN model. .... 157

Figure 7-13. Error Correction Efficacy in North Direction. This graph illustrates the model's
capacity to mitigate northward positioning errors in urban and semi-urban
environments, with test windows showing significant error reduction after
applying the inverse variance filter and IRNN-DNN model. Each test window
represents a 25-sample size at 10 Hz frequency, emphasizing the algorithm's

ability to reduce errors significantly, especially in challenging urban settings...... 158



Figure 7-14. Eastward Error Correction Analysis. IRNN-DNN algorithm displays a variability
in the reduction of errors in urban and semi-urban locations..............cccceceverueenene. 159
Figure 7-15. Altitude Error Correction in Diverse Environments. The plot illustrates altitude
error magnitude across urban and semi-urban test locations, showcasing the
model’s ability to mitigate altitude errors to be relatively constant. Changes to the
satellite availability influence the magnitude of the altitude error. ..............c..c...... 161
Figure 7-16. Isometric 3D view of GPS test locations illustrating signal reflection challenges.
The green arrow represents the signal from a satellite at first acquisition, and
purple the last signal received from the satellite before line sight is lost. (a) Urban
location 1 with a narrow alley enclosed by high walls, illustrating substantial GPS
signal reflection and multipath effects due to the urban canyon environment. (b)
Urban location 3 is bordered by tall buildings on two sides, with a third reflector
in the southerly direction a distance away. It depicts a lower level of GPS signal
interference with more open sky visibility compared to urban location 1. (c)
Urban location 2 with ‘soft’ obstacles (vegetation with varying density) and
marble columns to the north, showing mixed GPS signal reception conditions due
to partial blockage on one side. (d) Semi-urban, a relatively more open area with
obstructions for GPS signals located near the test field's edge with clear line-of-
sight access to the sky in the center of the reception field, indicative of more
favorable conditions for GPS reception. ...........cceecueeriieniieiieniieieeieeee e 163
Figure 8-1. A RNN cell designed for signal processing, featuring two distinct pathways for
error correction. The cell inputs a signal x¢ and outputs a corrected signal yz.
Internally, it manages two hidden states, h¢ and ht, which are responsible for
short-term high-frequency and long-term periodic error correction, respectively.
The system utilizes a novel error function, COBECA, aimed at outperforming
traditional metrics like RMSE and MAE by generating a trace error that captures
both high-frequency and periodic signal error. ........cccovvevieiiinienenneniereeeee, 179
Figure 8-2. A block diagram overview of COBECA highlight four key components. Spatial
sampler converts a time series is converted to a “spatial series” with samples

evenly spaced in distance. The spatial samples are fed into a spatial filter which
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distance traveled (a metric of the progress through a path). SO(n) Error block
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Figure 8-3. Integrated central carrier board designed during research study. (a) X-ray view of
the carrier board PCB layout, with top layer connections in red. The Ports are
based on the PCle express m.2 connector standard, with the traces connecting to
different SPI and 12C ports on a raspberry Pi computer. (b) A 3D model of the
assembled central carrier board with the IMU daughter card attached. ................. 182
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CHAPTER 1. INTRODUCTION

In recent years, the concept of Urban Air Mobility (UAM), a key component of the Federal
Aviation Authority’s (FAA) broader Advanced Air Mobility (AAM) initiative [1], has gained
significant attention and investment due to advancements in automation and electric propulsion
technology [2], [3]. One focus of the AAM initiative is creating and implementing autonomous
drones, aiming to enhance last-mile delivery systems [4]. Precise localization is essential for
autonomous vehicles (AVs), where accurate positioning is key for effective navigation and
situational awareness relative to the surroundings and other entities [5], [6]. Precise localization is
even more crucial for Unmanned Aerial Vehicles (UAVs) due to their three-dimensional operating
environment and the complexity of the aerial traffic coordination [7]. The work studied in this
thesis is motivated by the technological challenges and economic opportunities surrounding the

implementation of AAM in urban environments.

1.1 PROBLEM MOTIVATION

Currently, the Global Position System (GPS) is the most used technology for the outdoor
localization of drones [8], [9]. While GPS has transformed object trajectory and motion tracking
in terrestrial applications, there remain challenges to its capabilities and reliability in complex
urban environments [10]-[13], specifically in novel aerospace applications [11], [14]-[17]. This
challenge stems from the intrinsic limitations of current GPS systems [18]-[23], which are
primarily designed for 2D positional accuracy [16], [24]-[27], which prove inadequate for the
demands of 3D urban navigation [26], [28]-[30] amidst complex aerial and urban landscapes. To
effectively utilize GPS for 3D localization and extend existing 2D techniques that improve GPS
performance in urban environments, it's essential to tackle the challenges associated with signal
obfuscation, signal masking, and multipath errors [31]-[33] prevalent in dense urban
environments. This thesis focuses on refining GPS-based position estimation through machine
learning algorithms that utilize standard NMEA data from existing GPS receivers without

requiring hardware modifications.

An accurate 3D localization system can contribute positively to the peripheral

technological challenges inherent in AAM operations [34]-[37]:



o A precise localization system ensures that drones from different manufacturers can operate
within the same airspace without interference, facilitating seamless integration and

coordination.

o Localization technologies that require lower power consumption can extend the operational
range of drones by reducing the energy burden of navigation systems and optimize for

efficient pathfinding.

Addressing these technological challenges is essential for unlocking the full potential of
UAM operations. UAM operations can reduce a package cost by up to 60% compared to
conventional delivery methods if techno-economic challenges are solved [38]. A significant
portion of costs are due to technological, safety, and efficiency limitations, approximately 13.5
USD for lightweight payloads [34] to 60.0 USD for heavier payloads [38]-[40]. Consequently,
there's a need for a low-cost, low-power, interoperable sensor system capable of highly accurate
localization [41] for UAVs. This research seeks to identify the performance specifications for a
UAYV localization system tailored for Urban Air Mobility (UAM), assess the capabilities of current
consumer-grade GPS units, and introduce and evaluate a novel, low-power, hardware-embedded
GPS system enhanced with a composite machine learning algorithm. The goal is to deliver a high-
speed, highly accurate, low-power localization solution that effectively addresses the unique

challenges of UAVs navigating densely populated urban landscapes.
1.2 OVERVIEW OF CURRENT DRONE LOCALIZATION TECHNOLOGIES

Drones utilize multiple data sources to ascertain their positions within an environment. This
section provides a background on the choice of available localizations sensors, focusing on vision,

Inertial Measurement Units (IMUs), and GPS sensors.
1.2.1 Capabilities and challenges with vision localization technology

Vision localization technology uses cameras and computer vision algorithms to determine a
drone's position by analyzing visual features from the surrounding environment. It excels in
environments with distinct visual markers, offering precise positioning, with visual odometry

techniques achieving sub-meter accuracy [42] in ideal conditions [43].



However, the technology requires intensive computation for image processing, which can
strain the limited processing capabilities of UAVs, increase power consumption, and impact
system efficiency. Additionally, vision systems may perform poorly in low-light or visually sparse
settings and raise privacy concerns in populated areas due to their surveillance capabilities [44]—

[47].
1.2.2  Capabilities and challenges with inertial measurement units for localizations

IMUs are sensor systems commonly used for drone localization. IMUs typically consist of a
combination of accelerometers and gyroscopes, sometimes complemented with magnetometers,
that measure specific force, angular rate, and magnetic field strength. By integrating these
measurements over time, IMUs estimate the drone’s position and orientation relative to a known
starting point. One of the primary advantages of IMUs is their high update rate and responsiveness,
making them suitable for real-time applications such as drone navigation. IMUs can provide
continuous motion measurements, enabling rapid updates to the drone’s position and orientation.
Additionally, IMUs are relatively lightweight and compact, making them ideal for integration into
small unmanned aerial vehicles. IMUs have had success in the automotive industry, enhancing
autonomous vehicle navigation and stability for features like electronic stability control and lane-

keeping assistance [48]—[50].

IMUs, however, have significant limitations that can impact their accuracy and reliability.
One challenge is sensor drift, where small errors in sensor measurements accumulate over time,
leading to gradual inaccuracies in position estimation. This drift is particularly problematic in long-
duration flights, where even minor errors can result in significant deviations from the intended
path. Furthermore, IMUs alone cannot provide absolute positioning information and are
susceptible to cumulative errors over time. IMUs often require periodic recalibration or integration

with other sensor modalities, such as GPS or visual odometry, to mitigate drift.
1.2.3  Capabilities and challenges of using GPS for drone localizations

The Global Positioning System (GPS) is a satellite-based navigation system widely used for
localization. GPS operates on the principle of trilateration, where the position of a receiver can be

determined by measuring its distance from multiple satellites.



There are several reasons for prioritizing GPS technology in drone localization systems.
Firstly, GPS is widely adopted and integrated into micro consumer drones, providing a proven and
reliable solution for navigation. Features such as auto landing and subject orbit flight heavily rely
on GPS positioning to function accurately [51], [52]. Secondly, GPS offers global coverage,
allowing drones to navigate seamlessly across different geographic regions without the need for
additional infrastructure. This universality makes GPS an attractive choice for drone applications
requiring mobility and versatility. In contrast to alternative localization technologies such as
cameras or inertial measurement units (IMUs), GPS is the primary focus of this thesis due to its
cost-effectiveness, simplicity of implementation, and superior reliability. Given the
considerations, GPS emerges as the preferred choice, offering lower computational demands,
absence of drift, and robust performance, aligning closely with the objectives of this research

endeavor.

To comprehend the specifications required for a localization system of UAM drones, it’s
crucial to examine how the FAA’s concept of operations, current rules, and considerations

influence the deployment of drones.

1.3 DESIGN FUNCTIONALITY REQUIREMENTS FOR AUTONOMOUS DRONE

OPERATIONS

The operational landscape for drones is heavily influenced by airspace regulations set forth by the
International Civil Aviation Organization (ICAO) and the FAA, which categorizes airspace into
distinct classes [53]. UAM drones predominantly operate within Class G airspace, extending from
the surface to around 400 feet above ground level (AGL) in the US. This altitude limitation is a
crucial safety measure aimed at minimizing the risk of mid-air collisions and maintaining airspace
integrity near airports and other airways. UAVs must comply with stringent requirements to
uphold airspace safety and established aviation regulations. The following sections delve into the
considerations that shape UAM airspace and their collective impact on the advancing localization

demand for drones.



1.3.1 Safety considerations influencing drone operations

FAA has emphasized the critical importance of risk mitigation strategies [54] to facilitate the safe,
widespread adoption of drone technology in urban environments. Safety in UAM is predicated on
the twin objectives of reducing the severity of potential accidents and minimizing the likelihood

of their occurrence.

Urban environments present numerous challenges, such as obstacles, weather, and
turbulence, that necessitate robust localization systems for effective collision avoidance. Studies
suggest segmenting urban airspace into Obstacle and Free Space zones to facilitate navigation and
maintain safe separation from hazards [55], [56]. Weather and turbulence effects can further
constrain free space, emphasizing the need for precise navigation [57]-[59]. Further, to minimize
the probability of mid-air collisions, drones need to be aware of their position and simultaneously
model other drones as obstacles to avoid. To this effect, drones must maintain constant separation

from each other and the obstacle space [60].

Traditional Air Traffic Management systems (TAMS) impose a standard separation of 5
nautical miles or 2 minutes between aircraft [61], a regulation that is impractical for drones [6].
Various approaches have been proposed in the literature to address this challenge [62]-[64]. These
methods dictate stringent accuracy and operational frequency demands on the localization
subsystem. Specifically, the localization system must provide high precision and high-frequency
updates to safely manage drone movements within tight separation constraints and dynamic flight
conditions. Equation (1) summarizes the relationship between the precision of the localization
system, the separation distance between aircraft, and the dynamic nature of their movement [65],

[66].

Lo Cprec

[TJ < |Sep] and [Sep| = [max(ASB, [Dyngi|) (1)

where Loc,.. represents the max precision error of the localization system, Sep denotes
the separation distance between aircraft and ASB is a parameter representing a safety margin.
Dyng;; represents the minimum dynamic distance between aircraft during flight as required by the

airspace rules. Equation (1) mathematically defines the required precision as half the minimum



separation distance, ensuring that drones maintain safe navigation within designated air corridors
and minimize collision risks. Drone traffic flow dynamics significantly impact the minimum
positional resolution required for the localization system [67]-[69]. Based on equation (1), a
minimum altitude resolution of 12.5 ft is needed to satisfy the constraints placed on UAVs in [67],

[68].
1.3.2  Social considerations influencing drone operations

Urban Air Mobility (UAM) often takes place at lower altitudes and near residential zones,
heightening community concerns about airspace development [70]-[72]. Privacy issues
significantly influence drone operation requirements, including weight, power consumption, noise,
speed, and operational duration [73]. To safeguard privacy, the use of high-resolution cameras is
restricted, as they cannot identify human-sized targets from distances under 42 meters [74],
affecting the effectiveness of visual-based navigation strategies. Moreover, transmitting GPS-
tagged images for navigation risks privacy breaches. Therefore, drone localization systems should
focus on using onboard sensors and computing to ensure precise and reliable navigation without

infringing on privacy.
1.3.3  CNS considerations influencing drone operations

To facilitate autonomous drone operations, critical operational requirements pertaining to
communication, navigation, and surveillance (CNS) systems need to be addressed [67]. UAV
communication infrastructure significantly influences localization due to reliance on unencrypted
frequencies, which are susceptible to interference and have limited range [54], [67]. Advanced
signal processing within the communication subsystem is crucial for managing signal variability,
which can alter by up to 45 dB in the signal-to-noise ratio [75]. Given the vulnerabilities of UAV
communication systems, it's critical that processing and computing for localization occur directly
on the UAV. Utilizing onboard systems mitigates the latency and reliability issues associated with
remote data processing, ensuring real-time decision-making and enhancing the effectiveness of
navigation and communication in varied environments. This approach bolsters the overall safety

and reliability of UAV operations.



1.3.4  Scalability and compatibility

To effectively manage diverse air vehicle types within Urban Air Mobility (UAM), it's vital for
the localization subsystem to be scalable and compatible across various drone platforms. Limited
scalability can lead to challenges such as poor adaptation to different UAV configurations and
dynamic operating environments, reducing accuracy and operational efficacy. Thus, it's essential
to develop localization algorithms and infrastructure that are not only adaptable to various UAV
setups and environmental conditions but also capable of handling high traffic volumes and
complex urban settings in real-time. Prioritizing scalability ensures that the localization system

supports a broad range of drone models and operational demands, facilitating safe and efficient

UAM operations.
Table 1-1. Impact of UAM operations on GPS localization system
Functional Impact on GPS Localization subsystem
Requirement

Requires high-speed, accurate localization to ensure UA Vs navigate safely without collisions.
Safety GPS data must be precisely monitored and corrected in real-time to adapt to dynamic urban

environments and maintain flight within safe pathways

GPS localization must respect privacy considerations, ensuring data collection avoids

) sensitive areas. Systems should prioritize low-power, high-accuracy GPS solutions that

Social minimize the intrusion into private spaces while navigating urban landscapes. Localization

systems must ensure accuracy without intruding on private spaces.

Depends on robust performance to overcome communication disruptions and ensure reliable
CNS operation. Advanced GPS systems need to process signals effectively, especially in urban

settings where interference is common.

Scalable GPS systems are crucial for adapting to diverse drone types and operational

demands. These systems should offer flexibility in deployment for different UAV
Scalability

configurations and ensure that GPS data remains accurate and reliable across varying scales

of urban air traffic.

This section outlined various requirements for autonomous drone operations, including
reliability, robustness, scalability, adaptability, separation, and integration. The current UAM
Concept of Operations (Con-Ops) [1], [54], [67] satisfies these requirements by requiring drones

to fly within prescribed air corridors while accounting for uncertainties in their positions.



1.4  INFLUENCE OF DRONE OPERATIONS ON TECHNICAL REQUIREMENTS FOR

LOCALIZATION SYSTEM

This section explores how the functionality requirements in the previous section influence the

technical requirements of the localization system.
1.4.1 GPS systems in urban locations

GPS technology, vital for drone navigation, faces challenges in urban environments from
obstructions like tall buildings, leading to signal blockage and multipath issues, reducing accuracy
and reliability [76]-[78]. This impacts critical applications such as emergency response and drone
delivery, where precise positioning under 3 meters is necessary [6]. Despite advances in GNSS
hardware, antenna designs, signal processing, sensor fusion, and ML techniques[79]-[83],
significant gaps remain in GPS localization effectiveness in urban areas [84]. Filter methods can’t
handle multiple faults simultaneously seen in urban environments [85], statistical methods can’t
handle situations with limited GPS data [84], [86], and simple neural network models struggle
with absolute positioning and dynamic multi-path conditions [87]-[89]. With drone operating
predominantly in less complex rural and suburban settings [41], [90], [91], urban-specific

algorithm development is essential for safe navigation in urban areas.

This research evaluates GPS systems per ICAO guidelines, focusing exclusively on GPS
due to its approval for aerospace use [92]. The minimum evaluation benchmarks include FAA
standards for 15 ft accuracy 95% of the time [93] and ICAO's PBN 0.3 accuracy requirement for
all flight phases [94]. The thesis adopts stricter standards for its analysis.

This study focuses on single-frequency GPS receivers due to their affordability and wide
application. While less costly than multi-frequency models, single-frequency units typically offer
similar tracking resolution, albeit with a slower position acquisition rate. Multi-frequency
receivers, despite faster acquisition and a 95% reduction in initialization time[95]-[98], require
more power and are far more costlier[99]. This investigation assesses single-frequency receivers'

suitability for precise, rapid positioning tasks.



1.4.2  Multiple sensors localization challenges

The current research paradigm, widely embraced in both commercial and military aviation,
endorses the use of multiple GPS receivers to address coverage issues in larger aircraft [16], [17],
[100]-[104]. Extending this approach to drone applications, we aim to explore the variability
between low-power sensors with limited computational capabilities. This investigation also aligns
with the prevalent trend in commercially available flight controllers that accept independent
primary and secondary GPS receivers [105]. The study also seeks to investigate whether the fused
performance of these sensors can result in a low-power system equipped with low-power external
antennas capable of achieving performance levels comparable to larger GPS acquisition units that

consume at least an order of magnitude more power [106].
1.4.3 Machine learning integration

Certain machine learning algorithms have improved localization accuracy by dynamically
integrating data from sensors, environmental conditions, and historical data in other environments
and applications [80], [107]-[111]. The study will investigate advanced neural network models to
determine if they can effectively adapt to complex urban terrains and infrastructures, enhancing

localization performance for high-speed, accurate, and low-power aerospace applications.
1.4.4 Embedded localization system

Efficient resource utilization is critical in embedded localization systems on drones, where power,
weight, and size are major constraints. The project uses commercially available sensors and
microcontrollers (COTS) to avoid the need for new sensor development, focusing on optimizing
these components for low power consumption and minimal weight. Real-time processing on
embedded systems ensures immediate localization updates, crucial for dynamic urban
environments. Techniques like duty cycling and data compression further reduce power usage,
extending drone operational endurance. Standardized interfaces ensure these localization modules
easily integrate into various drone platforms, enhancing system interoperability and allowing for
scalability across different operational needs. To ensure compatibility with the energy constraints
typical of drone platforms, the power budget for the localization system is limited to around 15

Watts [112].



1.5 MINIMAL TECHNICAL REQUIREMENTS FOR DRONE LOCALIZATION SYSTEM

The advancement of drone technology has led to increasingly stringent requirements for their
operation, driving the need for minimal operating specifications to ensure safe and efficient
performance. These specifications encompass a range of scientific and engineering challenges that
must be addressed to meet the demands of diverse applications and operational environments. The
functional design requirements for drone localization necessitate the following technical

specifications, which are presented in Table 1-2.

Table 1-2. Functional, operational, and technical requirements for localization sub-system to satisfy autonomous

UAM drone operations
Functional Operational Technical Requirement
Requirement Requirement Summary
High—.Spe.ed Update rate of at least 10 Hz; latency under 50 milliseconds
Localization
Safety
Precise Localization Accuracy under 3 m horizontally; under 12.5 ft vertically in
Capability urban conditions 95.5% of time
Accurate Localization  Accuracy under 3 m horizontally; under 12.5 ft vertically
Capability
Social
Preserve Privacy Onboard processing of GPS
NS Antenna placement to enhance signal and reduce noise;
onboard processing of GPS signals
Develop for Airborne
Applications
Firm-real time operation
Scalability Power consumption under 15 Watts; compatible across various
Low Power drone platforms

Localization System

Scalability to adapt to different UAV configurations and

operational demands
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1.5.1 Operational frequency considerations for embedded systems

Operational frequency is crucial in embedded systems for drones, requiring a balance between
processing speed and power efficiency. The system must process data in real time while conserving
energy for longer flight times. It's important to minimize delay to respond quickly to changing
conditions, although higher frequencies can introduce errors and increase power consumption. The
GPS localization system must update its position based on satellite signals at a frequency of at
least 10 Hz. The effective update rate of a standard GPS receiver used in drones currently is about
1 Hz [113]-[115]. However, additional signal treatment, such as mean value or low pass filtering,

may be necessary, thus decreasing the effective update rate further [113].
1.5.1.1 Delay and latency

Max delay refers to the maximum allowable latency between input commands or sensor
measurements and the corresponding output actions or responses from the drone. Minimizing max
delay is essential for maintaining responsiveness and agility in drone operations, especially in
scenarios requiring precise maneuvering or interaction with dynamic environments. Engineering
challenges associated with reducing max delay include optimizing control algorithms, minimizing
sensor fusion latency, and enhancing communication protocols. The targeted maximum delay
acceptable for a localization system is to be under 50 milliseconds for consecutive measurements

of locations [116].
1.5.2  Power consumption considerations for embedded systems

Power consumption is a critical consideration in drone controller design, as it directly impacts
flight endurance, payload capacity, and overall mission capabilities. Minimizing power
consumption while maximizing performance is a significant engineering challenge that requires
careful optimization of hardware components, firmware algorithms, and operational strategies.
The localization subsystem uses varying watts of power, depending on the technology used to
perform localization. The key parameter to optimize is the meter-watt per frequency. The metric
measures how accurate weighted average offset errors the system can localize at a given power

and how little power It consumes. The lower the value, the better the performance of the system.
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A good target for a GPS-based localization system is 3 meters or less, at 10 Hz or better, while

consuming less than 10 W.
1.6 RESEARCH QUESTIONS

This thesis addresses the limitations of GPS systems as highlighted in previous studies (Section
1.1) by incorporating machine learning techniques to enhance GPS localization performance in
challenging urban environments, specifically for Urban Air Mobility (UAM) applications. The

central aim is concisely summarized as the following statement:

To enable GPS based, high-accuracy localization of UAVs operating in urban environments.

The objective is accomplished through a two-step approach:

1. Development of a hardware GPS Data Acquisition (DAQ) System: Tailored specifically
for drones, this system not only collects GPS data during flight for testing but is also

capable of processing this data onboard using the algorithms developed in this thesis.

2. Optimization of Machine Learning Techniques for Drones: Using machine learning, this
thesis aims to identify and correct GPS localization errors while operating on flight class

hardware.

1.7 PROJECT OUTLINE

To address the key inquiry, this project's scope and objectives, the comprehensive exploration
extends across three pivotal domains: Theoretical Design, Functional Design, and Experimental

Work. Figure 1-1 demonstrates this scope in a visual format.

Theoretical Design segment: An investigation into the theoretical underpinnings of GPS,
flight dynamics and leveraging machine learning algorithms. This involves a detailed examination
of GPS operational principles, including signal propagation, error sources, and mitigation
techniques, underpinned by the mathematical foundations that support the application of advanced
machine learning models, notably Long Short-Term Memory (LSTM) and Recurrent Neural

Networks (RNN), aimed at rectifying inaccuracies inherent in GPS data.
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Functional Design: This section studies engineering specifics required to realize the
theoretical concepts. It encompasses the development of an embedded system architecture tailored
for drone platforms, ensuring the system's expansibility and adaptability. The design also involves
a custom GPS Data Acquisition (DAQ) system, optimized to facilitate precise and efficient data
gathering essential for machine learning model training and validation. Work is also carried on

generating efficient machine learning architecture for GPS error correction.

Experimental Design: This section transitions from theory to practice, employing a
structured approach to validate the theoretical models and system designs. This includes a series
of meticulously planned tests ranging from static to dynamic, ground to hover, each designed to
rigorously assess the performance of the GPS machine learning enhancements in real-world
conditions. Moreover, this phase incorporates ML Training, aimed at refining the algorithms based

on the empirical data gathered, thus ensuring the models' robustness and reliability.

Future Work: There is a huge commercial demand and a large technical problem that
needs to be solved for the effective implementation of UAMs and AAMs. Commercialization
prospects of this technology are explored through further Flight studies, NSF I-CORP program,
and integration of XFF. The larger technical problem of effective urban navigation for aerospace
vehicles is explored as part of the author’s future research endeavors. This includes using flight
data to develop novel error correction algorithms and generative Al applications. Further

development efforts of an extension of the hardware architecture and R-sensors.
1.7.1  Organization of chapters

This thesis is systematically organized into nine chapters, each focusing on distinct aspects of
integrating GPS and machine learning to enhance drone navigation accuracy and reliability. This
structured approach facilitates a comprehensive exploration of the subject matter, from

foundational principles and theoretical designs to practical implementations and future directions.

Chapter 1 sets the stage for the thesis by outlining the motivation behind the research,
which includes addressing the technological challenge of extending GPS capabilities to 3D
localization for UAM. It lays out the design, functionality, and technical requirements for a drone

localization system built upon GPS technology.
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Chapter 2 delves into the Global Positioning System (GPS) and provides an overview of
its operating principles. Additionally, it explores the NMEA standard, signal characteristics, and
the architecture and types of GPS receivers, concluding with an examination of the various sources

of errors in GPS systems and new opportunities in the field of GPS localization.

Chapter 3 focuses on the Theoretical Design of ML Algorithms. It highlights the
application of machine learning in GPS studies and provides an overview of the proposed

algorithm IRNN-DNN. It concludes with the details of the algorithm's implementation.

Chapter 4 outlines the Functional Design of the GPS DAQ System and Drone Platform,
emphasizing the development of an embedded system architecture tailored for drone navigation

and a customized DAQ (PATHFINDER) for efficient data collection and processing.

Chapter 5 presents the Experimental Design, describing the methodology and setup for
conducting various tests to evaluate the performance of the GPS and machine learning
enhancements in real-world scenarios. This includes the selection of testing locations, mounting

GPS on drones, and analyzing errors in different phases of flight.

Chapter 6 discusses the results of testing the PATHFINDER system and offers insights

into the performance of GPS sensors within the design ML framework.

Chapter 7 highlights Performance Enhancement through Neural Networks, exploring the
classification of environments using machine learning and the application of LSTM RNN neural

networks on static GPS data to enhance navigational accuracy.

Chapter 8 concludes with Limitations, Conclusions, and Future Work, reflecting on the
challenges encountered, the achievements of the project, and potential future research directions

that could further advance the field of drone navigation technology.

14



. . Global Positioning . .
Flight Dynamics Machine Learning

Embedded System
Design
Design
Expansible Flight
Framework

Static Test Dynamic Test
PATHFINDER ML Training

Theoritical
Design

Functional
Design

©
=
0 &
(S %
R
o
3
w

Commercialization . - : PHD .Research S
FusionFLight H
XFF integration - C°M°t'°"
Flight } L Flight . Sensor H
| ﬂ H
Pilot Study } H Iterative Elliptical H
Error Correction
1

e S (

Figure 1-1. A visual outline of the thesis document.
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CHAPTER 2. BACKGROUND ON GLOBAL POSITIONING
SYSTEM

In this chapter, a background exploration of the Global Positioning System (GPS) is provided,
delving into its operational principles and components. The chapter aims to elucidate how these

attributes influence the performance of drone GPS localization in urban environments.

2.1  GPS OPERATING PRINCIPLES

In this subsection, the operating principles of the Global Positioning System (GPS) are explored,
including discussions on its various segments and the trilateration method used for determining

position.
2.1.1 Space segment

The space segment of the GPS encompasses a constellation of 31 active GPS satellites orbiting the
Earth [117]. Each GPS satellite is equipped with highly accurate atomic clocks. The satellites
continuously transmit signals towards the Earth's surface in various frequency bands. These signals
contain encoded data, including the satellite's unique identifier, ephemeris data (position and
velocity information), precise timing information (satellite clock time), and health status
indicators. The primary signal is the L1 band, operating at a frequency of 1575.42 MHz, while
additional signals are transmitted on the L2 and L5 bands at frequencies of 1227.60 MHz and
1176.45 MHz, respectively.

Different codes are modulated onto these carrier frequencies to facilitate signal reception
and processing by GPS receivers. The Coarse/Acquisition (C/A) code is a low-accuracy code
available to civilian users, providing positioning accuracy within approximately 10-20 meters in
ideal conditions [17], [118], [119]. In contrast, the Precise (P) code is a high-accuracy code

reserved for military use, offering a centimeter-level positioning accuracy [120].

The civilian GPS signal comprises three main components - a carrier, navigation data, and
spreading code, encoded within the GPS L1 C/A signal [121]. The carrier is a sinusoidal signal
defining the frequency band for broadcasting the GPS signal, with the GPS L1 C/A. GPS codes
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are generated and transmitted using complex modulation schemes and encoding techniques. They

are produced onboard GPS satellites using precise timing references from atomic clocks.

The navigation data is a binary-coded message containing crucial information about the
GPS satellite, such as its ephemeris, clock parameters, and health status, transmitted at a slow rate
of 50 bits per second for the L1 C/A signal [121]. Errors or inconsistencies in the navigation data

can lead to inaccuracies in determining the receiver's position.

The Spreading code is a high-frequency, periodic binary sequence transmitted at 1.023
MHz for the L1 C/A signal. This code sequence is a pseudorandom noise (PRN) code and is unique
to each GPS satellite. Because it is unique to each satellite, the PRN also serves as an identifier for
the GPS satellite, e.g., satellite PRN 12 refers to the GPS satellite broadcasting its signal with the
12" PRN code defined in the interface specification [122]. Spreading codes are also designed to
minimize correlation with phase-shifted versions of the signals. This helps minimize impact of
signal reflections, which can occur when the GPS signals bounce off objects such as buildings or

terrain before reaching the receiver.
2.1.2  Control segment

The control segment of the GPS system plays a crucial role in ensuring the accuracy of satellite
positions and clock synchronization [123]. The first step in the process involves determining the
precise orbits of the GPS satellites. Ground stations track the signals transmitted by the satellites
and measure the time it takes for the signals to reach them. By analyzing these measurements from
multiple stations, the control segment can triangulate the position of each satellite and calculate its

orbit with high accuracy.

In addition to orbit determination, the control segment ensures that the atomic clocks
onboard the satellites are synchronized. The clocks aboard the satellites can experience slight
deviations. The control segment computes orbit and clock error corrections. Once the corrections
are calculated, they are transmitted to the GPS satellites using ground-based uplink stations. These
correction signals are modulated onto the carrier signal broadcast by the satellites and transmitted

back to Earth. The correction signals contain information about the orbit and clock corrections for
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each satellite. In this study, the assumption is made that the received GPS signals incorporate

corrections transmitted by the control segment.

2.1.3  User segment

The user segment in the Global Positioning System (GPS) comprises the GPS receivers and
devices utilized by end-users to obtain positioning and timing information. The primary function
of the user segment is to receive and process the signals transmitted by the GPS satellites to
determine the user's precise location, velocity, and time. Chapter 2.3 discusses in more detail the
different types of GPS receiver and their role in GPS localization system(s). The following sub-

section (2.1.3.1) discusses the operating principles in detail.

In the context of this thesis research, the performance characteristics of the user segment, including
accuracy, precision, speed, and power consumption, directly impact the effectiveness of GPS

localization in urban environments for drones [ 124]. The central challenge in GPS localization for

drones lies in reconciling the competing demands of accuracy, speed, power consumption, and

cost. Each requirement presents its own set of priorities: achieving higher accuracy or faster
localization typically comes at the expense of increased costs and power consumption. Conversely,
efforts to minimize power consumption and costs often result in sacrifices in accuracy and
localization speed. However, the essential task for UAVs is to fulfill all four criteria
simultaneously. This juxtaposition of priorities creates a significant obstacle for UAV localization

systems, particularly in urban environments where precise localization is paramount.
2.1.3.1 Trilateration method

A GPS receiver works on the trilateration principle [125] to determine the precise location of the
receiver on Earth's surface. Trilateration involves calculating the intersection point of spheres
centered at known positions (satellites) with radii equal to the measured distances between the
satellites and the receiver. This method leverages the travel time of signals transmitted by the
satellites to the receiver. The mathematical formulation of trilateration begins with expressing the
distances between the receiver and each satellite in terms of their coordinates and the speed of

light. Let (x;, y;, z;) denote the coordinates of the i — th satellite, and t; represent the travel time
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of the signal from the i — th satellite to the receiver. The distance, R;, between the receiver and

the i — th satellite, can be expressed as:
Ri =cC- ti (2)

where c is the speed of light. The position of the receiver (x, y, z) can then be calculated by solving

a system of nonlinear equations [123], [126], [127], typically formulated as:

(x = x>+ @ —y1)*+ (2 —2z)* =c*(t —d)?
(x —x)> + Oy — y2)* + (2 — 2)? c? - (t; —d)?
(x — 2302 + O — ¥3)* + (2 — z3)* = c? (t3 — d)? 3)

=12+ (5 = 9 + (2 — 2% = 2 (tn — d)?

where (xi, yi, Z;) denote the coordinates of the k — th satellite, and t;, represent the travel time of
the signal from the k — th satellite to the receiver. The term, d, represents the difference in time
between the receiver's clock and the satellite's clock, which needs to be estimated along with the
receiver's position. Iterative algorithms [17] are essential for refining initial estimates,

(Xests Yestr Zest) [123], [128], [129], of (x, y, z) until a satisfactory level of accuracy is achieved.

The synchronization of satellite signals is a crucial aspect of GPS accuracy. Satellites
equipped with atomic clocks transmit signals at precisely known times, all of which are
synchronized with each other and with Coordinated Universal Time (UTC). Conversely, the clock
in the receiver is not synchronized with UTC, leading to a discrepancy, denoted as At , where
the receiver's clock can be ahead (Aty, >0) or behind (At,, <0). This discrepancy results in an
error in the measurement of the signal's transit time and, consequently, the calculated distance (R,,)
to the satellite. The measured distance, affected by this time error, is referred to as the pseudo-

range (PSR).

t, = At, — Aty 4)
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PSR, = R, +c- Aty

)

Consequently, a minimum of four satellites is needed for a good positional estimate. The

prominent method for solving this set of equations is the Gauss-Newton method. Mathematically,

denoting the nonlinear equations in (3) as f(X) , where X is the vector of unknowns, (X,y, z, d)

gives:

f(X) = f(Xest) + f’(X) (X _Xest)

(6)

where X, is the initial estimate of the of the solution (X,s¢, Yests Zest, Aty). From (2), (3), (5), and

(6):
2 : _ 0R,
PSR = \/(x est — xl) + (yest - yl) + (ZeSt - Zl) + WAx
Py,
ay T gz B2 T 1 8tm

where Ax, Ay, Az are the unknown errors in the final estimated position.

(x, Y, z) = (Xest, Vest Zest) = (Ax, Ay, Az)
Reorganizing terms and generating a set of linear transformation equations [127], we get

[Xesty — X1 Yestq = Y1 Zestq — Z1

R, R, R,
PSR1 - R1 Xesty — X2 Yesty — V2 Zesty; — Z2
c| [Ax
PSRl - R1 = |Xest3 — X3 Vestz — Y3 Zestz — Z3 c . Az ; fOT k >4
Xest1y — X1 Vesty — Y1 Zesty — 21 c
Ry Ry Ry ]
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[Xesty — X1 Yest; = Y1 Zestq — Z1 C-_l
R, Ry Ry
Ax Xesty — X2 Yesty — V2 Zesty; — Z2 c PSR1 - R1
Ay R2 RZ Rz PSRl - Rl
Az = |Xest3 — X3 Vestz — Y3 Zestz — Z3 c ' PSR1 - Rl ; fOT k >4 (10)
At R R R :
: : : PSRy — Ry
Xesty — X1 Yestq = Y1 Zest; — Z1 c
| R, R, R, ]
Ax
Ay -1
Az | =Weps  ~Xgps; fork =4 (11)
At,

Equation (10) is also in the form of the standard machine learning equation.
2.1.4  Expected GPS performance

On average, GPS Navigation System Error (NSE) is generally uniform everywhere in the U.S.
GPS paths and profiles can be straight, curved, or any 3-D trajectory the aircraft can follow. This
means that systemic errors studied in one location will be similar to those in another location, and
the actual flying of the drone will have a low impact on the system error. Consequently, additional
errors are situational, and it is these additional errors that need to be studied and improved upon
[130]. Vertical GPS errors are at least 50% greater than horizontal errors in-situ [113]. Under
optimal conditions, the GPS-based localization system can achieve accuracy with a lateral position
error of less than 1 meter. However, in more challenging operational environments, such as dense
urban areas or areas with significant obstructions, horizontal accuracy may degrade, resulting in
errors in the order of hundreds of meters [131]. Moreover, vertical accuracy, as highlighted in
various studies [113], [132], [133], tends to exhibit greater errors, typically exceeding 2 meters
under ideal conditions and surpassing 100s of meters when operating under cover or in
environments with limited satellite visibility. Consequently, for the GPS localization system, both

the vertical and horizontal positions estimates need to be improved upon.
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2.2  NMEA STANDARD

Pseudorange (PSR) measurements offer crucial raw distance estimates between the receiver and
satellites, providing insights into GPS system performance. In addition to these measurements, the
National Marine Electronics Association (NMEA) data standard [134] provides a standardized
messaging format that conveys supplementary information beyond PSR data. NMEA messages
encapsulate details about the receiver's position, velocity, time, and satellite data, enriched by
metadata and status indicators. This additional information enhances the understanding of GPS

system operation and performance.

The inclusion of a section on the NMEA standard within the thesis holds significant
importance, as it aligns with the objective of developing a hardware-software model aimed at
improving processed GPS data. Unlike studies focused on manipulating raw PSR data [14], [110],
[135], [136], the iRNN-DNN approach prioritizes the utilization of NMEA data as a standardized
and readily accessible alternative based on prior related work [137]-[141]. Leveraging NMEA
messages ensures compatibility and interoperability across diverse GPS devices and enhances

readability compared to traditional PSR codes.

The use of NMEA data instead of pseudorange (PSR) in our PATHFINDER system is
primarily driven by regulatory, economic, and technical advantages. Firstly, NMEA data meets
Federal Aviation Administration (FAA) standards, simplifying certification by adhering to
established safety and operational guidelines. This standardization expedites regulatory approvals

and ensures system compliance with strict safety protocols.

Economically, NMEA's standardized format boosts interoperability across different GPS
devices, significantly lowering development costs and enhancing system scalability for broader
deployment. This standardization aids not only in cost reduction but also improves system

robustness across varied operational contexts

Technically, NMEA data enriches localization with additional parameters such as velocity
and satellite information, which complements PSR measurements without compromising their
integrity. This approach maintains the PSR signal's integrity while augmenting it with valuable

data, enhancing overall GPS accuracy and reliability. The integration of NMEA thus supports a
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more robust and flexible localization system design, offering substantial improvements in GPS

performance for UAV applications.
2.2.1 NMEA data format

NMEA provides a structured and uniform way of conveying information between different
devices. At the core of the NMEA standard are data sentences, which are formatted strings of
characters containing specific types of information. These sentences are designed to convey
different types of data relevant to navigation, positioning, and other marine-related parameters.
Each sentence has a unique identifier and a defined structure, making it easy for receiving devices

to parse and interpret the information.

Among the commonly used NMEA sentences are the GGA (Global Positioning System
Fix Data), RMC (Recommended Minimum Navigation Information), and GSV (Satellites in View)
sentences. The GGA sentence, for example, provides essential details about the current GPS fix,
including latitude, longitude, altitude, and fix quality. The RMC sentence includes important
navigation information such as time, date, speed over ground, and course over ground. The GSV
sentence, on the other hand, offers insights into the satellites that are currently in view of the

receiver, including their IDs, elevation angles, azimuths, and signal strengths.
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Table 2-1. NMEA message types and descriptions.

NMEA Message

Description

Relevance to
Study

Example Values

GLL

VTG

GRS

GST

ZDA

HDT

Geographic Position —
Latitude/Longitude: Provides latitude
and longitude data.

Track Made Good and Ground
Speed: Provides information about
the track made good (course) and
ground speed.

GPS Range Residuals: Provides
information about the residuals in the
range measurements used by the
GPS receiver.

GPS Pseudorange Noise Statistics:
Provides statistics about the
pseudorange noise of the GPS
signals.

Time and Date: Provides information
about the current time and date in
UTC format.

Heading, True: Provides the true
heading of the vessel or vehicle.

NOT USED.
DUPLICATION
OF
INFORMATION

$GPGLL,4916.45N,...

NOT USED $GPVTG,054.7,T,...
MEDIUM. Used
for GPS $GPGRS,024603,...
monitoring.

LOW. Secondary
fallback source of  $GPGST,024603,...
data

NOT USED.
DUPLICATION
OF
INFORMATION
NOT USED.
DUPLICATION
OF
INFORMATION

$GPZDA,201530.00,...

$GPHDT,101.2,T,...

Messages of interest to the study are highlighted in green; the pale orange messages are not
used for ML training but are collected to monitor the GPS performance in-situ. Definitions of messages
were adopted from [134], [142] and generative LLMs were used to create dummy example sentences.
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2.2.2  Signal characteristics analysis

In GPS navigation, understanding the signal characteristics extracted from NMEA processed data
is crucial for assessing the quality and reliability of position information. This section focuses on
key parameters such as signal strength, satellite visibility, and dilution of precision (DOP) values

to evaluate the overall performance of the GPS system.

Signal strength, often measured in decibels (dB), indicates the power level of the GPS
signals received by the receiver. A higher signal strength typically correlates with better reception
quality and more accurate positioning. Analyzing signal strength variations over time and across
different satellite channels provides insights into signal stability and potential interference issues.
Low signal strength may result in degraded positioning accuracy, especially in environments with

obstructions or signal blockages.

Satellite visibility refers to the number of satellites detected and tracked by the GPS
receiver at any given time. A higher number of visible satellites generally leads to improved
positioning accuracy and reliability. By analyzing satellite visibility data, users can assess the
availability of sufficient satellite signals for accurate positioning calculations. Variations in
satellite visibility may occur due to factors such as satellite orbits, atmospheric conditions, and
terrain obstacles. Understanding satellite visibility patterns helps users anticipate potential signal

loss or degradation in specific geographic areas or environmental conditions.

Dilution of Precision (DOP) is a factor significantly affecting the positional accuracy
achievable with GPS technology. The precision of location determination via GPS is influenced
by two main aspects: the intrinsic accuracy of pseudo-range measurements and the spatial
distribution of the satellites in view. Figure 2-1 illustrates the influence of satellite position on
DOP The impact of these factors on positional accuracy is quantitatively expressed through various
DOP values, a set of scalar measures that describe the geometric strength of the satellite
configuration in relation to the receiver's location [127]. Various Dilution of DOP designations are
employed, including GDOP, which assesses 3-D spatial positioning and time deviation; PDOP,
which gauges 3-D spatial positioning; VDOP, evaluates the vertical positioning accuracy; and
HDOP, which evaluates horizontal positioning on a plane. The accuracy of any measurement is

proportionately dependent on the DOP value. This means that if the DOP value doubles, the error
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in determining a position increase by a factor of two [127]. Lower DOP values indicate better
geometric conditions for accurate positioning, while higher DOP values suggest increased
uncertainty and reduced accuracy. Analyzing DOP values allows users to assess the geometric

integrity of satellite constellations and identify optimal positioning opportunities.
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(a) (b)
Figure 2-1. PDOP is interpretable as the inverse value of the tetrahedral volume formed by all the satellites in
view of the receiver. a) The larger the volume, i.e., the more spread out the satellite positions are, the lower the
PDOP value. b) Narrow spread in the satellite position leads to higher PDOP values and lower precision in the

GPS solution. Adapted from [127]

By monitoring DOP variations during navigation, drone localization systems can anticipate
potential accuracy fluctuations and make informed decisions regarding data usage and reliability.
Interpreting signal quality indicators derived from NMEA processed data involves assessing the
relationship between signal characteristics and positioning accuracy. Strong signal strength,
consistent satellite visibility, and low DOP values generally indicate favorable conditions for
accurate GPS positioning. Conversely, weak signal strength, intermittent satellite visibility, and

high DOP values may compromise positioning accuracy and reliability.
2.3 GPS RECEIVERS

GPS receivers consist of several key hardware components [143], including antennas to receive
the GPS signals, radio frequency (RF) front-end circuitry to amplify and filter the incoming
signals, digital signal processing (DSP) units to demodulate and decode the signals, and a
computation unit to calculate the user's position based on the information received from multiple
satellites. While this thesis does not delve into the design of GPS receiver components, these
components affect the performance of GPS receivers and, by extension, the accuracy and reliability

of drone navigation in urban environments.
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2.3.1 Grades of GPS receivers

GPS receivers are categorized into different grades based on their accuracy, precision, and
intended applications [144], [145]. These grades range from high-precision survey-grade receivers

to consumer-grade devices commonly found in smartphones and navigation systems.
2.3.1.1 Survey-grade GPS receivers

Survey-grade GPS receivers offer the highest GPS precision and accuracy, engineered for
professional surveying and geodetic applications where centimeter-level accuracy is needed. These
devices have advanced features such as real-time kinematic (RTK) positioning and carrier-phase
measurements, enabling high precision in position determination. For example, Trimble's Geo 7
series and 6000 series are survey-grade GPS receivers known for their high accuracy and extensive
features. However, these accuracy metrics are measured and guaranteed only in stationary
applications. Additionally, Survey-grade receivers typically have high computational demands to
process complex algorithms for accurate positioning, which results in significant power

consumption.

Despite their exceptional performance in stationary surveying tasks, survey-grade receivers
are unsuitable for drone UAM operations and aerospace applications due to their high-power
consumption (20W for a GPS unit, with an additional 5-45 W depending on the antenna used) and
computational demands. Additionally, the advanced features optimized for stationary surveying
tasks may not align with the dynamic requirements of aerial operations. This unsuitability is further
discussed in section 2.5 These GPS receivers are expensive. Trimble's Geo 7X series costs
approximately 6666 USD [146] and the 6000 series costs 1800 USD [147]. This high cost offers
a poor performance-to-price ratio compared to mapping and consumer-grade receivers for UAM

applications.
2.3.1.2 Mapping-grade GPS receivers

Mapping-grade GPS receivers are tailored for applications such as mapping, Geographic
Information Systems (GIS), and land surveying, offering moderate accuracy and precision. These
devices, like Trimble Juno series, come equipped with features like data logging, post-processing

capabilities, and compatibility with GIS software packages.
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However, mapping-grade receivers typically operate at frequencies below 1 Hz, resulting
in a limited update rate that may lead to delayed or less accurate position fixes. For instance, the
Trimble’s mapping receivers operate at frequencies ranging from 0.1 to 0.5 Hz, impacting their
suitability for dynamic aerial operations. Moreover, mapping-grade receivers often have moderate
power requirements compared to survey-grade units, consuming approximately 10 to 25 watts
nominally [148]. This makes them more energy-efficient but still may not meet the demands of

drone UAM operations and aerospace applications that require rapid and precise positioning.

Cost-wise, mapping-grade GPS receivers vary widely, with prices typically starting at
$2500 and ranging up to $6000 [148]. They offer real-time horizontal precision ranging from 2 -
10m, corrected horizontal network accuracy of 0.5 - 5m, and post-processed horizontal network
accuracy of 0.3 - 15m [145], [148]. While they offer moderate accuracy and precision suitable for
mapping and surveying tasks, their limited update rate and moderate power consumption limit

their suitability for dynamic UAM operations.
2.3.1.3 Consumer/recreational-grade GPS receivers

Consumer-grade GPS receivers are characterized by their lower cost and accuracy than survey-
grade and mapping-grade counterparts. Widely integrated into consumer electronics such as
smartphones, handheld GPS devices, and automotive navigation systems, these receivers offer
convenience and accessibility for general navigation purposes. Models like Garmin's 76 and 60
series fall into this category. Neo-6M and MTK3999 are devices that integrate the entire receiver

architecture in a single-chip solution. The receivers cost anywhere from 10 to 250 USD.

Consumer-grade units typically operate with lower power consumption [145], on the order
of 18-25 mW [149], making them suitable for various consumer applications. Due to their
affordability and accessibility, consumer-grade GPS receivers are ideal for drone UAM
applications. However, further research and development are needed to enhance their accuracy and
precision [150] for aerospace use. This thesis contributes positively to the ongoing efforts in this
regard by addressing key challenges and proposing potential solutions for integrating consumer-

grade GPS technology into drone UAM systems.
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2.4  ERROR IN GPS SYSTEMS
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Figure 2-2. Illustration of GPS signal propagation paths demonstrating direct and multipath effects, where signals
reflect off surfaces or are obstructed by obstacles, leading to potential reception delays and accuracy degradation
in GPS receivers. Receivers Us and Uz are in the shadow of satellite Si. Receiver Ui is in the shadow of satellite
S2. Receiver Uz can only receive a reflected signal from satellite S1, contributing to longer propagation time and,

consequently, a longer pseudo-range measurement.

The implications of the error outlined in Table 2-2 on drone localization systems are
significant, particularly in safety-critical applications such as urban drone navigation. The errors
include effects from the ionosphere, satellite clocks, ephemeris data, troposphere, receiver
measurements, and multi-path interference. The unfiltered total RMS value of these errors is
calculated to be 5.3 meters, which reduces to 5.1 meters after filtering, a meager 3.77%
improvement. Consequently, simple filtering methods are insufficient to reduce the error
magnitude. Even though the GPS receiver exhibits error rates relatively close to the 3m
requirement, this is under ideal test conditions with a very well-calibrated and high-end survey-
grade GPS receiver. Additionally, the cumulative effect of these errors can result in substantial
deviations in position accuracy. Given the nature of these errors, they are not constant and vary
substantially. In urban environments, where signal obstructions, multipath interference, and dense
structures are prevalent, the observed error values tend to increase. This phenomenon can be
attributed to factors such as signal blockage by tall buildings, reflections causing multipath effects,
and increased signal attenuation, Figure 2-2, due to environmental conditions. These challenges

are explored in the subsequent sections.
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Table 2-2. Impact of different errors on average GPS receiver in ideal conditions[127]

Sources of Error Magnitude of Error

(meters)
Effects of lonosphere 4
Satellite clocks 2.1
Ephemeris data 2.1
Troposphere impact 0.7
Receiver Measurements 0.5
Multi-path
Unfiltered totalrms Value 5.3
filtered totalrms Value 5.1
Vertical error (68.3%) VDOP=2.5 12.8
Vertical error (95.5%) VDOP=2.5 25.6
Horizontal error (68.3%) VDOP=2.5 10.2
Horizontal error (95.5%) VDOP=2.5 20.4

Measurements conducted by the US Federal Aviation Administration over a 24-hour
duration, it has been observed that in 95% of instances, the horizontal error remains
below 7.4 meters, while the vertical error stays under 9.0 meters. The row highlighted
in green is the major focus of this study. Row in yellow are studied in connection to
their impact on experimental design but are not considered during algorithm
optimization

Table 2-2 highlights specific errors of interest, with multipath errors making the most
significant contribution. Given the necessity for high precision in aerospace applications, the
magnitudes of these errors, at 12.8 and 10.2 meters, exceed the desired accuracy level by an order
of magnitude, underscoring the criticality of addressing multipath interference. The 2™ order of
significance doubles this error to 25.6 and 20.4, respectively. Moreover, signal masking emerges
as another pivotal error source, particularly challenging in urban environments due to obstructed
lines of sight to satellites. While multipath errors can be mitigated with access to signals from
multiple satellites, urban signal masking presents a more complex problem. The exploration also
extends to the utilization of multiple GPS receivers, necessitating an examination of consistency
across these devices. Thus, multipath and signal masking stand out as significant factors
warranting focused attention in this thesis. Other concerns, such as Low Signal-to-Noise Ratio
(SNR), Ephemeris errors, and Carrier Wave degradation, although relevant, are not the primary
emphasis of this research. The following sub-sections, 2.4.1 to 2.4.4 orders the sources in order of

interest to this thesis.
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2.4.1 Signal masking

One of the primary challenges in GPS signal reception is signal masking, occurring when obstacles
such as buildings, trees, or terrain obstruct the line of sight between the GPS receiver and the
satellites, leading to partial or complete signal loss and causing inaccuracies in position
calculations [125], [151]-[153]. As depicted in Figure 2-2, receivers u, and uz are masked from
receiving signals from satellites s, and s;, respectively. For equation (11), With N satellites, we
have N constraint equations for solving W ps. For N > 5, the system is overdetermined. This
leads to a narrower solution space for the iterative method, such as Newton's method, reducing the
search area and allowing for faster convergence to a solution. The precision of the position
estimation is improved with more signals. The additional constraints from the extra satellites help
refine the solution, resulting in reduced positional uncertainty. This is reflected in lower Dilution
of Precision (DOP) values, indicating better positioning accuracy. Additionally, the impact of
clock mismatches between the receiver and satellites is mitigated with more signals. Clock errors
introduce inaccuracies in the measured time differences between the receiver and satellites,
affecting the calculated distances and, consequently, the position estimation. However, with a
larger number of satellites, the effect of individual clock errors is averaged out, reducing their
impact on the final position solution. Consequently, with signal masking, the receivers have fewer

reference signals to perform trilateration, leading to imprecise and inaccurate positioning.
2.4.2  Multipath interference

Multipath interference arises when GPS signals bounce off surfaces, leading to multiple signal
paths reaching the receiver, introducing errors by causing signal delay or phase shifts, especially

problematic in urban environments with numerous reflective surfaces [154]. In Figure 2-2, the

receiver u, receives a direct, ds,,,,, signal from s,. However, u, also receives a reflected signal

—

from sy, dg,r, = dy)r, = dry,, ds,r, 1s the path from satellite s, to a primary reflector 73, d,., ., is

the path from primary to a secondary reflector, 1y, (s) and d,q, is the path from the secondary

reflector to receiver.

dSsz + deT'l + dr1u2 2 d51u2 (12)
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By triangle inequality, as shown in (12) where d; ,,, is most direct path a signal can take
from satellite s; to receiver r;, the reflected path is longer, and consequently takes a longer time
to reach the receiver. From (24), the effects of this delay are immediately apparent in terms of the

larger error bounds and imprecise position estimates.
2.4.3 Receiver and hardware variability

GPS receivers may have inherent sensor variations due to factors such as manufacturing tolerances
or temperature fluctuations, which introduce systematic errors that affect the consistency of GPS
measurements [155]. Variations in GPS receiver components can introduce biases that affect
measurement accuracy, requiring calibration and correction for a reliable GPS positioning [156].
The physical placement and orientation of GPS sensors within a device or system can significantly
impact measurement accuracy, with misalignment or suboptimal sensor placement introducing
errors, especially in applications where precise orientation matters [156]. Incorrect sensor
orientation can cause drones to misinterpret trajectory, leading to deviations from intended flight
paths, compromised operational efficiency, and increased risk of collisions or lost drones. These
errors not only compromise the precision and reliability of positioning but also affect the overall

performance and safety of drone operations.
2.4.4 Receiver noise and interference

Global Navigation Satellite System (GNSS) signals are inherently weak when they reach the
Earth's surface. This low-power characteristic makes them highly susceptible to Radio Frequency
Interference (RFI), posing a significant challenge to receiver performance. RFI can originate from
various sources, including natural phenomena, man-made electronic devices, and communication
systems. The impact of RFI is a severe degradation of receiver sensitivity and accuracy, leading to
increased errors in positioning and timing measurements [157]-[159]. For drone localization
systems, the implications of RFI extend beyond mere inconvenience. The precision of drone
navigation and the safety of its operations are directly compromised by interference, potentially

resulting in navigational inaccuracies, loss of signal lock, and even system failure.
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2.5 OPPORTUNITIES FOR RESEARCH

Section 2.5.1 explores the limitations of existing GPS mitigation techniques and the potential for
innovative solutions in the field. Recent research has suggested using advanced machine learning
models, such as graph-based neural networks [111], convolutional neural networks (CNNs) [160],
[161], and ML-augmented particle filters [162]-[164], primarily developed for automotive
applications, enhances GPS accuracy and reliability in urban areas. In response to these
developments, this thesis proposes an adapted approach that employs a filter-enhanced composite
neural network, integrating recurrent neural networks (RNNs) with a subsequent deep neural
network (DNN) layer. This combination aims to leverage the strengths of each model to improve
GPS signal processing and accuracy significantly. Section 7.2 will delve into the rationale behind
selecting this specific model configuration, discussing how it addresses the shortcomings of

existing technologies and its suitability for drone localization in dense urban settings.
2.5.1 Unsuitability of existing mitigation techniques

Existing mitigation techniques for improving GPS positioning accuracy include Differential GPS
(DGPS), Real-Time Kinematic (RTK) corrections, and Precise Point Positioning (PPP)
techniques. These methods aim to enhance the reliability and precision of GPS-based localization
systems in various applications. Despite the advancements offered by these techniques in various
domains, they are unsuitable for a GPS-based localization system for drones due to several
limitations. This section will elucidate why these correction techniques are unsuitable for UAM

operations.
2.5.1.1 Differential GPS (DGPS)

Differential GPS (DGPS) methodologies leverage reference station networks and satellite-based
augmentation systems (SBAS) like WAAS, EGNOS, and MSAS to refine GPS positioning
accuracy [165], [166]. DGPS achieves this by juxtaposing measurements from reference stations
with those from the receiver, enabling corrections for factors such as atmospheric delays and

satellite clock inaccuracies [167, p. 33].
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One significant challenge for DGPS in drone and aerospace applications is the limited
coverage of reference station networks and SBAS, particularly in remote or sparsely populated
areas where drone operations may be conducted. This limitation becomes more pronounced in
urban environments, where signal blockage from tall buildings and structures can further reduce
coverage, leading to intermittent or unreliable correction signals. DGPS heavily relies on ground-
based infrastructure [167], posing challenges in scenarios where access to reference stations is
restricted or unavailable. In urban operations, where airspace may be congested and ground access
limited, relying solely on ground-based correction signals may not be practical. Moreover, DGPS
requires a clear line of sight between the receiver and reference stations to ensure accurate
corrections [168], making it less effective in environments with obstructed visibility. Effective
DGPS implementation necessitates the use of specialized receivers capable of processing
correction data from reference stations or SBAS. These receivers often cost more than standard
GPS receivers [169], adding to the overall expenses of drone and aerospace operations. While
DGPS offers significant improvements in GPS positioning accuracy through correction techniques
for large aircraft operations near airports, limitations such as coverage constraints, reliance on
ground infrastructure, and requiring specialized and costly receivers challenge its suitability for

drone operations.
2.5.1.2 Real-Time Kinematic (RTK) correction

Real-time kinematic (RTK) correction methods involve transmitting correction data from a base
station to the receiver in real time, enabling centimeter-level positioning accuracy. RTK offers
potentially significant advantages for achieving high-precision positioning in real-time

applications.

RTK correction relies on a direct line of sight between the base station and the receiver
[170], [171]. In urban environments maintaining a clear line of sight is challenging. Signal
obstruction from buildings and structures can degrade the quality of correction signals, leading to
intermittent or unreliable corrections and affecting the overall accuracy of drone positioning. The
effective range of RTK correction signals is inherently limited [170], determined by factors such
as signal frequency and atmospheric conditions [172]. These limitations make RTK less suitable

for applications where drones may operate beyond the range of the base station, such as long-range
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delivery missions. In scenarios where drones need to cover expansive areas or operate in remote
locations with sparse ground infrastructure, maintaining continuous RTK corrections becomes
impractical, limiting its utility for drone applications. Achieving reliable RTK correction coverage
requires deploying multiple base stations strategically throughout the operating environment to
ensure adequate signal coverage. This necessitates substantial infrastructure investment, including
the purchase, installation, and maintenance of base stations, increasing the overall cost of
implementing RTK correction for drone operations. Additionally, ongoing operational costs, such
as subscription fees for RTK correction services or network maintenance, can further contribute
to the overall cost of using RTK for drone navigation. These cost considerations pose significant
challenges, particularly for drone operators in UAM applications, where cost-effectiveness and

scalability are critical factors.
2.5.1.3 Precise Point Positioning (PPP)

PPP techniques represent a sophisticated approach to achieving highly accurate positioning
without the need for ground-based reference stations. PPP relies on precise satellite orbit and clock
correction data from specialized service providers [173], [174]. By utilizing this correction data,
PPP algorithms can calculate the drone’s position with a high level of accuracy, often in the sub-
I-centimeter range [175], depending on various factors such as satellite geometry and signal
quality. One of the key advantages of PPP is its ability to provide accurate positioning globally,

without the need for infrastructure deployment or reliance on nearby reference stations.

PPP typically requires a longer convergence time [173]. Convergence time refers to the
duration it takes for the PPP algorithm to compute a reliable position solution with a specified
level of accuracy. In dynamic environments such as urban areas, where drones may need to adjust
their position and orientation to navigate safely rapidly, the longer convergence time of PPP can
pose challenges. Delays in obtaining accurate position updates may result in suboptimal navigation
performance and potentially compromise the safety of drone operations. The availability and
geometry of satellites visible to the receiver heavily influences the performance of PPP. In urban
environments characterized by tall buildings, narrow streets, and dense foliage, the visibility of
satellites may be obstructed or limited, leading to degraded positioning accuracy, potentially

worser than conventional GPS [175], [176]. Additionally, the geometry of satellite constellations

35



can vary depending on the receiver's location and the time of day, further impacting the reliability
of PPP solutions. In scenarios where satellite visibility is restricted or compromised, PPP may
struggle to maintain accurate positioning, making it less suitable for precision drone operations in

urban environments.
2.5.1.4 Satellite-Based Augmentation Systems (SBAS)

SBAS, including systems like WAAS [166], enhance GPS accuracy through corrections
transmitted by geostationary satellites [177] . These systems improve position accuracy by
providing corrections for GPS signal errors caused by ionospheric disturbances, timing, and
satellite orbit errors. SBAS is particularly effective in open skies where the line of sight to the

geostationary satellites is unobstructed [178].

The effectiveness of SBAS is significantly reduced in urban settings where high-rise
buildings and dense infrastructures frequently obstruct the line of sight to the satellites. Such
obstructions not only hinder the reception of the GPS signals but also the SBAS correction signals,
leading to delays and inaccuracies in the corrected data. Additionally, the urban canyon effect,
where signals reflect off buildings causing multipath errors, exacerbates the challenge, as SBAS
systems are not designed to handle such complex signal distortions. The reliance on ground
stations for generating corrections also adds to operational costs and limits the feasibility of
expanding SBAS coverage, particularly in regions lacking the necessary infrastructure [179].
Consequently, while SBAS provides notable improvements in open areas, its limitations in urban
scenarios may lead to unreliable positioning for drones, potentially compromising navigational

accuracy and operational safety.

2.6 EMPLOYING NEURAL NETWORKS TO AUGMENT DRONE LOCALIZATION

The advancement of UAV localization systems has greatly benefited from the incorporation of
Machine Learning (ML) and Deep Learning (DL) techniques [180]. ML and DL algorithms excel
in recognizing patterns and data-driven decision-making, which are essential characteristics for
UAYV navigation. These computational methodologies have shown unparalleled capabilities in
handling complex, non-linear problems, making them ideal for improving the precision and

efficiency of the UAV navigation [181], [182]. The rationale behind the applicability of ANN and
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DNN [80], [183] in this domain is anchored on several foundational aspects that align with UAV
operations. Existing prior art establishes the validity of using machine learning to augment GPS

systems [80], [181], [184]-[186].

Deep learning neural network (DNN) models extend upon the principles of ML by
incorporating multiple layers of transformations, enabling them to capture intricate patterns within

data. Mathematically, a single layer in a deep neural network [187] is represented as:

h®O = g(W® « p-1 & p) (13)

where h® is the activation of layer /, W® and b are the weight matrix and bias vector of layer
[ respectively, and g is the activation function. This formulation can be applied to UAV GPS data

by interpreting the weight matrix W, as analogous to the rotation matrix R (refer to page 204), with

the bias vector b adjusting for offsets akin to calibration corrections in sensor data:

dy =g *(Rx*dg+Db) (14)

where g is an activation function introducing non-linearity, essential for modeling complex
behaviors. In the context of GPS error correction, the equation can be extended to account for error

propagation and correction mechanisms.

mc:g*(RW*mu_*‘b) (15)

The vector gps.represents the corrected GPS data, while gps,denotes the raw GPS
measurements. By applying the transformation Ry to the raw measurements gps,, potential errors
inherent in the GPS data, such as drift or noise, can be mitigated or compensated for. The bias
vector b allows for additional adjustments to account for systematic errors or biases in the sensor
measurements. Equation (15) informs us that any ML algorithm we propose must have a regression
layer as the last layer before the output. Furthermore, the activation function g introduces non-

linearity into the correction process, which is essential for modeling the complex relationship
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between the raw GPS measurements and the corrected data. This non-linearity enables the
correction algorithm to adapt to varying environmental conditions and sensor characteristics,
thereby improving the accuracy and reliability of the corrected GPS data. By treating the correction
process as a transformation operation, errors in the raw GPS measurements can be effectively
identified and corrected, leading to more accurate and reliable positioning information for UAVss
and other applications. Overall, this formulation provides a systematic approach to GPS error

correction by leveraging principles from neural network architectures.

However, there is a notable gap in exploring the potential of Recurrent Neural Networks
(RNNs), particularly Long Short-Term Memory (LSTM) and RNN, for localization accuracy
correction and multi-path mitigation [80]. Despite the demonstrated promise of LSTM in
examining time-series aerospace telemetry data, including GPS, [141], [185], the availability of
public time-series aerospace GPS data remains insufficient [80], [186], posing significant
challenges to research. GPS systems inherently use temporal data in their function, and use of
correction methodologies like RTK establishes the validity of using historical time and motion
data to augment GPS. An analysis of research publications spanning from 2000 to 2021, as
depicted in Figure 2-3, delineates the distribution of papers across different architectures. Among
the 125 total academic. papers examined in [80], only a fraction of these papers, accounting for 19
out of 75, delve into the potential applications of LSTM and/or RNN in the context of Global
Navigation Satellite System (GNSS) error correction operations, underscoring a glaring gap in
exploration within aerospace navigation research. Other deep learning architectures have been
employed to fuse temporal sensor data [ 188], enhancing the accuracy of state estimation over time
[189]. By leveraging deep learning, acrospace navigation systems can achieve robust performance
in dynamic environments, where traditional fusion methods may struggle to capture intricate
relationships between sensor measurements. Considering these observations, there exists a
significant opportunity for research to delve into the potential of RNNs, particularly LSTM
variants, in addressing GPS localization accuracy correction and multi-path mitigation challenges

within aerospace navigation.
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Figure 2-3. Frequency distribution of methods favored for publication in research papers. Data sourced from [80]

2.7 CHAPTER SUMMARY

This chapter provided an overview of the basic operating principles of GPS, including the
mechanics of trilateration and its significance in localization. We discussed the impact of receiver
quality on localization accuracy and explored the utility of NMEA data for enhancing GPS
precision. Additionally, the chapter addressed the key errors of interest for drone localization—
signal masking, multipath, and receiver variance errors—detailing their implications for urban
drone navigation. We also evaluated various GPS positioning augmenting systems, noting their
limitations for drone applications in urban settings. The unsuitability of these systems for drones
underscored the necessity for innovative solutions. In response, we proposed the integration of
machine learning. ML methods have significantly advanced the field of localization. This
evolution has been particularly evident in the application of Artificial Neural Networks (ANNs)
and Deep Learning (DL) techniques. We also advance the notion of using LSTM networks in the
correction process. The subsequent Chapter 3 delves into the design and development of the

proposed ML algorithm.
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CHAPTER 3. THEORETICAL DESIGN OF ML ALGORITHM

This chapter introduces the theoretical underpinnings and the design strategy of the machine
learning (ML) algorithm tailored for GPS localization improvement, particularly focusing on
addressing the challenges of localization accuracy and multi-path error correction in aerospace
applications. It outlines the algorithm's conceptual framework, emphasizing its application within

MATLAB for both development and evaluative purposes.

3.1 ALGORITHM OVERVIEW

The GPS correction algorithm developed in this thesis, illustrated in Figure 3-1, is an integrated
approach to enhancing GPS sensor data accuracy through a multi-stage correction process. It
represents a fusion of temporal dynamics modeling using Long Short-Term Memory (LSTM)
networks—a variant of Recurrent Neural Networks (RNN)—with Deep Neural Networks (DNN)
for comprehensive noise and error correction in GPS sensor data. The algorithm is designed to
address both immediate, high-frequency errors and more persistent, long-term inaccuracies that

GPS sensors encounter in various operational environments.

The raw data undergoes preliminary filtering using a Windowed Inverse Variance
Weighted Correction filter to reduce noise, dynamically adjusted based on the environment
classified by an upstream classifier. This classifier dictates the initial correction by assessing the
GPS data collection environment, affecting subsequent correction stages, and refining the process
for various operational contexts. The corrected data is then flattened, normalized based on
predictor characteristics, and fed into an LSTM, which predicts altitude, angular, and offset errors.
Subsequently, these predictions are processed through a Deep Neural Network (DNN) model that
works on integrating the temporal predicted errors with the data-driven error prediction. An error
correction module then uses the inverse of the haversine process (see equation (27)) to generate a
corrected set of coordinates. The refined GPS dataset is then compared against a ground truth GPS
to confirm accuracy. The final algorithm does this automatically to monitor the model’s
confidence. However, for the purpose of this thesis, this comparator is not implemented. The user

performed the comparison manually and tuned available parameters to optimize performance.
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multi-tiered approach to refining GPS data, starting with raw input processed by an inverse variance weighted
filter and categorized by environmental context. The data is then advanced through LSTM (RNN) and DNN stages
for temporal and non-sequential error correction, culminating in a GPS output closely matching the ground truth.
Each algorithmic component, from the initial filtering to the composite error prediction, is integral to the model's

capacity to deliver precise navigational data.

The LSTM model, a specialized form of RNN depicted in the subsequent stage of Figure

3-1, captures the temporal dynamics of the GPS errors. It specifically addresses errors with a
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temporal component, such as periodic interference from multi-path effects or signal dropouts. The
model's ability to process time-series data makes it ideally suited for anticipating and correcting
short-term, high-frequency errors that are temporally correlated. In conjunction with the LSTM, a
DNN model is employed to composite the output and handle non-sequential errors. The DNN
accounts for sensor-specific noise that might be positional, temporal, or computational in nature.
It also tackles DC offsets and other environmental noise that is not accounted for by the LSTM. In

the following sections, each of these sub-components of the algorithm is further discussed.

3.2  WINDOWED INVERSE VARIANCE WEIGHTED CORRECTION

The windowed inverse variance filter algorithm, also referred to as the inverse variance filter in
the thesis, is rooted in the fundamental concept of statistical weighting, where the reliability of
each measurement is determined by its variance [190]. By inversely weighting measurements
based on their variance, the algorithm assigns greater importance to more accurate and less variable
data points while downplaying the influence of noisy or uncertain measurements. This approach
ensures that the final corrected values are more representative of the true underlying data
distribution. Accordingly, when estimating a parameter from a set of measurements, those with
lower variance (i.e., higher precision) should contribute more to the estimation process, as they
provide more reliable information. Conversely, measurements with higher variance (i.e., lower
precision) should be assigned less weight, as they are more likely to be influenced by random noise

or systematic errors.

The inverse variance filter constitutes a pivotal component within the algorithmic
framework, designed to rectify sensor measurements by leveraging the principles of inverse
variance weighting. Unlike conventional approaches that consider all historical samples from t=0
[190] or only apply the filter to the current value [191]-[194], the proposed method employs a
dynamic window of values denoted as W characterized by a predetermined size m. Within this
window, the variance of sensor measurements for each parameter is meticulously analyzed to
discern trends and fluctuations. The sensor measurements at time, t, for all sensors, S¢, is

represented as:
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St = {sf,st, sk, sk st L) (16)

st = {Isy, sy, tsa, oon, s 3T (17)

St =8t + Cf (18)

where parameters of an individual sensor n at time t, the measurements across all parameters k
are denoted in column vector as, sf. The corrected sensor measurements, S¢, are obtained by
adding the correction C{ to St . Then for each parameter j within sensor i, calculate the variance

o/; over the window W as in(19).

t—1
1 2
— k
o = me (SE = mij) (19)
=t—-m
1 t—1
py=— > S (20)
k=t-m

where p;; is the mean value of parameter j in sensor i over the window W calculated as shown in

(20). The weight w;; for each parameter in sensor is inversely proportional to the variance is:

Wi = (21)

where € is a small constant added to prevent division by zero in the case of zero variance. The

t

deviation, AS;;, of the current measurement from its mean is given by (22).
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ASitj = Sitj — Hij (22)

where C;; correction term applied to each measurement. Following the correction process, the

corrections matrix applied Cf and the corresponding corrected data S¢ are concatenated to form a
unified dataset. This concatenated dataset is then passed on to the subsequent stages of the
algorithm for further processing and analysis. The inverse variance filter algorithm is designed to
be scalable, accommodating variations in the number of sensors and parameters. The algorithm's
scalability is attributed to its modular structure, enabling seamless integration of additional sensors

or parameters without necessitating substantial modifications to the underlying framework.
3.3 NEURAL NETWORK

In this thesis, we introduce an Integrated Recurrent Neural Network-Deep Neural Network (IRNN-
DNN) model, for the correction of GPS data by harnessing temporal dynamics and mitigating
environmental noise effects. This model is specifically designed to improve GPS performance
when hovering. This model is paramount to the correction algorithm, intricately capturing high-

frequency fluctuations and compensating for the persistent errors associated with GPS signals.
3.3.1.1 Neural network design

The IRNN-DNN model processes inputs within a structured three-dimensional matrix, denoted as
M, which encapsulates multi-sensor time-series data. This matrix is formally defined as:

M € RNVNxPxwW (24)

where N represents the number of GPS sensors on the drone (with N =5 in our scenario), P signifies
the number of monitored parameters per GPS system (with P = 11 as the designated key

parameters in this study), and W is the window size corresponding to the number of sequential
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data points considered for each parameter (with W = 25 chosen for initial training and testing
purposes). Each element m,,,, corresponds to a specific value of the p** parameter of the n'"

sensor at time w * tg from the current sample time.

MNPIL = (51 1] (25)

The selection of W = 25 is predicated on preliminary observations indicating that a 2.5-
second window typically includes sufficient data to observe counteracting error signals in an urban
environment. By examining contiguous 2.5-second intervals of GPS data, the model proposed can
recognize and assimilate the sporadic nature of GPS errors. This duration has been empirically
observed to encompass the periodic characteristics of the error signals, allowing for capturing both
immediate and delayed error effects. The LSTM by considering the multiple 2.5 seconds windows,
can predict the larger periodic error contributions, The validation of this choice is an integral part
of the thesis and warrants a dedicated investigation. Section 6.2 examines this choice of window
size. In the final algorithm implementation, this parameter can be autotuned by the model during
batch training and validation tests. The preliminary selection is based on visual inspection of error
signals across various environments, with the justification that it captures an adequate
representation of the underlying error dynamics. Following convention, the input to the IRNN-

DNN can be represented by the following equation:

X =FWM) (26)

where F(.) is a flattening function, transforming the 3D sensor data matrix into a 2D matrix
suitable for neural network processing. This transformation, while appearing simple, is crucial in
aligning the data for the learning apparatus. The architecture of the neural network comprises
layers that specialize in interpreting these sequences. The recurrent layers are specifically designed
to discern the temporal correlation within X, the flattened input matrix to the neural network. The
preprocessing stage converts this 3D matrix into a 2D format by flattening it into a shape of 250
columns and 11 rows in our study. The flattening function is also important for compatibility with

MATLAB, where the data will be processed, and the model trained. Figure 3-2 illustrates the
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IRNN-DNN model architecture being designed and implemented in MATLAB, commencing with
the input of corrected GPS data and associated corrections derived from the inverse variance
weighted filter. This input, encapsulated within a three-dimensional matrix, undergoes a
transformation via a Flatten Layer, rendering it into a format conducive to LSTM analysis. A
critical aspect of the preprocessing step is scaling the some of the raw NMEA data but not others.
Latitude, longitude, and altitude components are transformed to the NEU frame. This
transformation normalizes the positional data, but not the raw NMEA components describing the
quality of the fix. The raw, scalable NMEA signal quality indicators act as predictors and are
normalized based on their theoretical maximum values. Non-scalable parameters, like antenna
status, are sent to the ML training without any normalization. The NEU frame represents a local
tangent plane where positions are described relative to a local reference point, effectively
mitigating geospatial biases. This is crucial for normalizing these components without tying the

model's learning capacity to any specific geographical location.
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Figure 3-2. Schematic of the Enhanced IRNN-DNN Model for GPS Data Correction. This diagram depicts the neural

network architecture implemented in MATLAB, illustrating the sequential process from time-series GPS data input
to the final error prediction, showcasing the synergy between LSTM processing, environmental context integration,

and dense network prediction for predicting errors in a GPS sensor.
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The LSTM's capacity for information retention across intervals is critical for pinpointing
error sequences inherent to GPS signals. Each LSTM module is dedicated to detecting and
analyzing specific types of errors—altitude, angular, and magnitude—across all the data streams.
These LSTM layers effectively identify temporal anomalies and errors which are essential for
correcting transient and frequent disturbances typical in urban GPS data. Concurrently, the Feature
Input Layer processes output from the environmental classifier, which includes locational labels
and confidence predictions. This data is then concatenated with the LSTM outputs, enriching the
model with contextual environmental information. The Concatenation Layer fuses the LSTM
outputs with the environmental context, passing this integrated data to the Dense Neural Network
(DNN) structure. This is shown in Figure 3-2 as a fully connected deep layer that synthesizes the
temporal and contextual features into a unified feature set. The final stage of the IRNN-DNN
model is marked by a Regression Layer, where the high-dimensional feature space is distilled into
cumulative correction to the GPS estimates. This layer outputs continuous values that signify the
model's best estimation of the GPS errors at the sample time of the system. The output is configured
to predict three values of residual magnitude error, angular error, and residual altitude, as described
in Figure 5-8. Utilizing standard pre-built modules in MATLAB, the IRNN-DNN model's
development and testing phases are expedited, emphasizing the operational validation of the
model. The IRNN-DNN model’s MATLAB implementation signifies a considered balance
between leveraging existing neural network frameworks and innovating within those narrow
confines, as a proof of strategy that the specific combination of a windowed inverse variance filter
with an LSTM and DNN ML model can serve effective predictors of errors in complex urban
environments in real time. This balance allows for validating the model’s conceptual integrity and

the practical refinement necessary for real-world GPS data correction applications.

3.4 COMBINED ALGORITHM IMPLEMENTATION

The schematic provided in Figure 3-3 forms the basis for the algorithm's implementation on a
drone platform for testing. It leverages a microcontroller for the initial acquisition and parsing of
GPS data. A dedicated data collection unit interfaces with GPS sensors, funneling NMEA
messages to the embedded flight computer at a rate of 10 Hz. The sensor employs a co-processor
to perform the trilateration calculations discussed in section 2.1.3.1. Upon reception, the

microcontroller undertakes the critical task of parsing the NMEA data. It systematically extracts
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pertinent parameters and structures the data into a format primed for advanced processing. This
transformation is vital for aligning the incoming data stream with the algorithm's requirements.
Additionally, both raw and parsed data, alongside auxiliary information such as pseudorange and
residuals, are archived in the local storage for subsequent analysis. Once parsed, the data is
temporarily stored in volatile memory within the microcontroller, providing a buffer for the
subsequent transmission and processing stages. This intermediate storage is necessary to manage
data flow and prevent loss during high-frequency collection periods, where the sensor may send
data at a rate higher than 10 Hz. This approach not only preserves data integrity but also furnishes
a rich dataset for potential future examination. The performance and capabilities of the chosen

microcontroller are of paramount importance, with a comprehensive performance review slated

for the following chapter.
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Figure 3-3. Real-Time Embedded GPS DAQ and Correction System for UAVs. These schematic details the flow
from GPS data acquisition to error correction within a UAV-specific embedded system. It starts with a
microcontroller receiving NMEA data at 10 Hz, parsing it for subsequent processing. The system's co-processor
executes trilateration as per Section 2.1.4, while parsed data is stored locally. The microcontroller buffers data for

error correction computation using an RNN ML model, with performance details to follow in the next chapter.
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The microcontroller then forwards the curated data to an embedded flight computer, which
serves as the primary processing unit. Here, the IRNN-DNN Machine Learning (ML) Model is
deployed, delving into the GPS data's temporal patterns to identify and correct errors. Operating
under the constraints of onboard computing resources, the model dissects the intricacies of GPS
signal fluctuations to establish a more accurate positional fix. In tandem with the IRNN-DNN ML
Model, the Environment Detection Model runs classification algorithms to discern the operational
environment. It intelligently tailors the algorithmic parameters to enhance GPS performance,
accounting for extrinsic factors that could affect signal integrity, such as urban landscapes or
atmospheric anomalies. The process culminates in the Error Correction Computation phase. Here,
the model consolidates inputs from both the IRNN-DNN ML Model and the Environment
Detection Model to adjust the GPS data. The refined output, representing the corrected GPS
location, is then provisioned for real-time navigation and UAV positional tasks, showcasing the

system's readiness for operational deployment.

The GPS Data Acquisition (DAQ) system is designed with a rigorous commitment to
adhere to stringent weight and power specifications. This dedication is crucial for maintaining the
UAV's optimal flight dynamics, thus ensuring that its operational capabilities are amplified
without impairing its performance. The algorithm's architecture, which integrates lightweight yet
potent components, is adept at running on low-power microcontrollers and microprocessors. This
facilitates an efficient localization process that conserves resources without compromising the
system’s efficacy. The GPS DAQ system's algorithmic design, as conceived and developed within
the MATLAB environment, reflects a sophisticated blend of computational efficiency and
algorithmic portability. MATLAB's intrinsic versatility allows for the design, modeling, training,
simulation, and validation of complex machine learning models, such as the IRNN-DNN utilized
in this GPS correction system. This model's portability is a central feature of its utility, designed
from the ground up to be transferrable across a spectrum of computing platforms, each with their
unique constraints and capabilities. The portability of the MATLAB-generated algorithm is a
considerable advantage, primarily due to MATLAB’s ability to compile models into a range of
formats compatible with different target environments. For instance, MATLAB's automatic code
generation can translate the high-level IRNN-DNN model into C code, which can then be refined
and optimized to run efficiently on microcontrollers and embedded processors. This code, when

deployed, retains the mathematical precision and logic of the MATLAB environment while being
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tailored for the specific computational architecture of the target device. Optimizing software
components to operate across diverse compute devices involves an intricate understanding of each
device's capabilities. Microcontrollers, typically constrained by power and processing capacity,
require a lean version of the algorithm that focuses on critical computational tasks to minimize
latency and power draw. Meanwhile, more robust embedded flight computers, with greater
processing resources, can handle more complex versions of the algorithm, including sophisticated
error correction computation and the integration of real-time environmental data. MATLAB aids
in this optimization process through specialized toolboxes and compilers designed to fine-tune the
performance of algorithms on specific hardware. Furthermore, MATLAB's profiler tools can
identify bottlenecks in the algorithm, allowing us to restructure the code to avoid performance

lags, ensuring that each software component operates at peak efficiency.

3.5 CHAPTER SUMMARY

This chapter elaborates on the theoretical design and practical implementation of a ML algorithm
aimed at enhancing GPS localization accuracy. The subsequent chapter will delve into the
functional design of the GPS Data Acquisition system hardware. It will elaborate on the system's
hardware and software architecture, detailing the incorporation of embedded controllers and the

practical deployment of the algorithm across UAV platforms.
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CHAPTER 4. FUNCTIONAL DESIGN OF GPS DAQ SYSTEM AND
DRONE PLATFORM

4.1 DRONE PLATFORM

Table 4-1. Drone component specification by frame used

Specification X500 V2 S500
Motors 2216 KV920 Motor 2216 K920 (V2) Motor
ESC BLHeli S ESC 20A BLHeli S ESC 20A
Battery 4S Lipo Battery 5200mAh 50C 4S Lipo Battery 5200mAh 50C
RadioMaster RadioMaster
Receiver R88 V2 R81
Frsky D8 Frsky D8
Onboard GPS M8N
Flight Computer Pixhawk 6C Pixhawk 6C
Mission Payload computer Teensy 4.1 + Raspberry Pi 4 Teensy 4.1 + Raspberry Pi 4
Flight Time (mins) 18 12

Based on well-established performance characteristics, documented stability, precision, and
repeatability across various studies [195]-[197], two drones, the X500 V2 and S500 V2, from
Holybro running PX4 autopilot [198], [199]q, were chosen for comprehensive testing in this study.
These drones were assembled from pre-designed kits, featuring a carbon fiber frame, 2216 KV920
brushless motors, and AV2-BLHeli S 20A ESCs (Electronic Speed Controllers). The Pixhawk 6C
served as the designated flight controller, operating with the PX4 open-source firmware.
Communication between the ground station and the drone was facilitated through a 915MHz SiK
telemetry radio. X500V2 was selected as the platform of choice for gathering data and testing due
to its longer flight time and higher payload capacity when compared to the S500.
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4.1.1 Establishing baseline performance of the drone platform

University of Washington

Figure 4-1. Programmed Linear Survey on QGroundControl. This screenshot captures a planned flight mission for
the X500V2 drone within QGroundControl, highlighting the corridor scan strategy for assessing flight

characteristics.

In this section, we evaluate the drone's GPS accuracy by analyzing its adherence to a pre-defined
linear path set through the QGroundControl application. This test is crucial for assessing the
reliability of the GPS system under controlled conditions. Figure 4-2 presents a three-dimensional
analysis of the drone's flight path, comparing GPS-recorded positions (red dots), the path as fused
from onboard sensors, and the intended trajectory as programmed via QGroundControl (Figure 4-
1). The graphs are plotted with 'North' and 'East' on the horizontal plane and 'Altitude AGL (Above
Ground Level)' on the vertical axis. The accuracy of the drone’s flight path was verified against
fused flight estimate as reported by the PX4 system, and altitude discrepancies were measured
using image data. To ensure the reliability of our findings, each axis—x, y, and z in the NEU

frame—was tested individually in separate flights

An examination of the drone's flight path reveals significant insights into the GPS sensor
performance and navigational control. The plotted trajectory in Figure 4-2 demonstrates a clear
deviation from the intended target flight path, signifying a discrepancy that could be attributed to
a multitude of factors including GPS signal inaccuracies, potential errors in the drone's flight

control system, or even environmental influences that could affect the drone's adherence to its
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programmed route. Notably, the GPS fixes, indicated by red dots, are distributed erratically around
the measured fused path, hinting at a degree of imprecision within the GPS data itself. This scatter,
particularly evident in the vertical dimension, raises concerns about the drone's ability to maintain
a steady altitude, potentially due to common issues like barometric pressure fluctuations. Figure
4-3 shows how drone’s actual altitude is around 5 feet AGL, when the flight plan called for a of
10 feet AGL. Furthermore, the actual path taken by the drone, as synthesized from various sensor
data inputs from the drone using its own flight controller software, appears to diverge from the
designated route. Another area of concern is the evident altitude variability throughout the drone's
flight, suggesting difficulties in maintaining a consistent flight level—a challenge that may
originate from less reliable vertical positioning data from the GPS or a control system that is not

adequately responding to vertical disturbances.
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Figure 4-2. 3D reconstruction plot of a drone's flight path during the corridor scan test flight. The 'Target Flight
Path' represents the pre-planned trajectory that the drone aims to follow. 'GPS Fixes' are plotted as discrete points,
indicating the actual positions recorded by the GPS system during the flight. 'Fused Path as measured' shows the
path derived from the onboard sensor fusion algorithm, which integrates data from multiple sensors to provide a
more accurate estimate of the drone's trajectory. The discrepancies between these paths highlight the challenges in

navigation accuracy and the effectiveness of sensor fusion in correcting for GPS signal errors.

Compared to fully manual rate control, PX4 autopilot-driven flights exhibit significant
offset errors, with absolute values of flight parameters notably differing from ground truth

values. However, the variation between sequentially collected data points was lower in the
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automatic flight mode compared to manual rate control. Further investigation is imperative to
analyze the impact of flight mode on residual errors. For the remainder of the tests, we used the
drone in manual control mode. The drone was connected to a PC via a 2.4 Ghz datalink, and
specific flight commands were transmitted from the PC to the drone. A remote control with a
human pilot was on standby to intervene when issues arose during testing. There were multiple
incidents that necessitated human intervention in these tests. Given the observed discrepancies
and variability in the drone's positional estimates during flight, it becomes imperative to narrow
down the focus to a specific phase of flight to gain a more controlled understanding of the
system's behavior. Consequently, the next segment of the flight analysis will concentrate on the
hover phase. This phase is critical, particularly in addressing the "last ten feet problem" [35]. By
isolating and examining the hover phase, we aim to examine GPS performance when the drone

is required to maintain a fixed position.
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may stem from localization errors, suboptimal GPS signal quality, or barometric pressure variations affecting sensor

accuracy.

In wind-affected hover tests, the drone displayed considerable positional instability, as

demonstrated in Figure 4-4. Although the drone aimed to maintain a steady hover, GPS
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measurements showed an erratic altitude range of 0 to 15 meters AGL and substantial lateral drift,
up to 7 meters north and a span of 14 meters eastward (Figure 4-4(a)). These variations far
exceeded the drone’s observed physical drift, which was approximately +1 meter in all directions,
suggesting a discrepancy between actual drone stability and GPS-reported positions. The
divergence of GPS data from the drone's true position indicates a challenge for GPS modules in
accurately tracking a UAV during wind-induced movement, underscoring the need for more
precise localization techniques. The second plot, Figure 4-4 (b), depicting the fused flight path
estimate, is more indicative of the drone's response to wind interference. The trajectory shows
significant oscillation around the intended hover point. This oscillation is the drone's attempt to
stabilize itself and remain at the hover position, countering the wind's force. However, the spread
of the flight path illustrates the limitations of the control system under challenging environmental
conditions. The first graph shows a significant spread in the altitude data, indicating that the drone
was not only moving laterally but also vertically, struggling to maintain a constant height above
ground level. The performance as shown by these graphs highlights the challenges in maintaining
a stable hover in adverse weather conditions. Given these challenges, especially prevalent in urban
settings with complex wind dynamics, this thesis will mount the drone on a tripod to isolate GPS
performance from UAYV stabilization issues. This approach will allow for a focused study of GPS
errors during hovering, with the aim of enhancing GPS accuracy through algorithmic corrections,
irrespective of external environmental influences and ensures compliance with mid-study

regulatory changes [200] that restricted drone operations.

Drone performance tests reveals the need for further refinement in both the GPS positional
accuracy and the sensor fusion algorithms used for flight control. An examination of Figure 4-4’s
data shows that the frequency of GPS fixes is considerably lower than the rate at which IMU-
derived fused data is gathered. Specifically, the analysis of flight data reveals a GPS fix rate of
less than 1 Hz. The most significant delay recorded was during another test involving a circular
flight pattern, where only four GPS fixes were obtained over a span of 2 minutes and 42 seconds,
highlighting a substantial lag in the GPS data update rate compared to the more consistently
streamed IMU data. To address these deficiencies and to expedite the collection of more
comprehensive data sets compatible with various UAV systems, a specialized GPS Data

Acquisition Unit (DAQ) was developed for this research. The next subsection will present the
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DAQ framework created for this thesis, a scalable system capable of rapid GPS data acquisition

and processing.
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Figure 4-4. Hover test. Raw data from fused estimate as reported by Drone, and GPS data collected from GPS

sensors during the hover portion of the test. a) 3D Scatter of Drone Hover Test. The 3D scatter plot presents GPS
data from a hovering drone test. Notably, the GPS data inaccurately positions the drone at various altitudes between
0 to 15 meters AGL (ground height is at 38 m ASL), with a widespread in the North (0-7 meters) and East (4 to -
10 meters) directions, revealing significant offset from the true position. B) IMU trajectory plot. In contrast to the
GPS data, the IMU data shows a much tighter cluster of the drone's position, with East-West and North-South
movements contained within approximately 1.7 meters and 1 meter respectively from the origin, closely matching

visual observations and confirming the GPS ineffectiveness in capturing the performance of a hovering drone
4.2 EXPANSIVE FLIGHT FRAMEWORK

The insights gained from studying the current implementation of the Pixhawk controllers on
X500V2 are instrumental in evolving the system to accommodate forthcoming sensor
technologies. This endeavor establishes the criterion to satisfy for the conceptualization and
construction of next-generation flight controllers under the banner of the Expansive Flight

Framework (XFF).

o XFF must offer real-time monitoring capabilities to track the status and performance
of UAVs during flight. This includes monitoring the UAV's position, altitude, speed,

battery level, and other critical parameters.
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o XFF must facilitate data acquisition from onboard sensors and payloads mounted on
UAVs. It should support various types of sensors, including cameras, LiDAR, thermal

imaging, multispectral sensors, and environmental sensors.

o XFF must enable synchronized data collection, timestamping, and geotagging,

ensuring the accuracy and integrity of acquired data for subsequent analysis.

o XFF must be designed to be modular and extensible, allowing for seamless integration
with third-party software and hardware components. It supports interoperability with
existing UAV platforms, ground control stations, simulation environments, and data
management systems. Additionally, XFF offers customization options to tailor the

framework to specific user requirements and operational workflows.

o XFF must also provide tools for documentation, reporting, and audit trails to support

regulatory compliance and certification processes.

The tested hardware configuration of XFF is the Embedded Expansive Flight Framework
(EXFF) adopts a mothership design. A microprocessor capable of real-time operations acts as the
nexus for all sensory information collection. Each sensor unit is anchored by its own
microcontroller, which undertakes the tasks of sensor communication, data capture and storage, as
well as the application of filters, data processing, and algorithmic transformations. Post-
processing, the refined data is dispatched to the central microprocessor to inform flight controller
decisions. The focal point of this thesis revolves around crafting this framework and actualizing a
GPS carrier module that seamlessly integrates within the XFF infrastructure. Figure 4-5 depicts

the hardware architecture of the EXFF.
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Figure 4-5. embedded Expansible Flight Framework. Architecture of the Embedded Expansive Flight Framework
(EXFF). Central to EXFF is the Central Carrier Board with a Core Processor executing ML algorithms, such as
LSTM and RNN, for enhanced sensor data analysis. It's supported by Interface Boards managed by dedicated
microcontrollers for initial data processing, equipped with protection circuits to maintain system integrity and a
monitoring circuit for system health. This configuration underpins the GPS carrier module's integration, crucial to

the thesis's aim of refining UAV flight control through advanced data processing.

The Central Carrier Board (CCB) constitutes the foundational element of the EXFF,
encompassing the Core Processor which is tasked with the execution of intricate Machine Learning
algorithms, notably Long Short-Term Memory networks and Recurrent Neural Networks.
Furthermore, the board is outfitted with a comprehensive communication suite comprising CAN,
UART, and Ethernet modules to establish and maintain robust communicative links for the
transmission of essential flight data. A paramount feature of the system is the Feedback Loop
mechanism, which underpins the UAV's real-time operational efficacy by enabling dynamic
response to sensor inputs, thereby ensuring the stability and adaptability of the UAV under diverse
operational conditions. The purpose of the CCB is to act like a RDC to collect and transmit the
data to a flight computer.

The Interface Boards, which plug into the Central Carrier Board, are each governed by a
dedicated microcontroller tasked with the direct acquisition and preliminary processing of data
from associated sensors. These microcontrollers facilitate an initial layer of data management,
subsequently relaying the processed information to CCB for more complex analyses. A protection
circuit, protects against electrical anomalies, preserving the UAV's electronic system integrity and

providing necessary electrical isolation for both power and signal conduits. This design ensures
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adaptability with UAVs operating across a spectrum of power architectures. Furthermore, the
monitoring circuit embedded within enables continuous internal diagnostics, a feature instrumental
in conducting predictive maintenance and ensuring the continuous operational health of the

system.

The Control Bus and Feedback Bus serve as the interconnect between the CCB and the
interface board. The Control Bus is dedicated to command signals for the sensor operations and
system, whereas the Feedback Bus carries sensor data along with relevant metadata. The
modularity of the interface allows for each sensor's data to be managed individually, ensuring not
only scalability but also the isolation of sensor-specific issues, thus enhancing overall system
reliability. The following section discusses how a GPS interface board was designed and built to

satisfy the EXFF requirements.
4.3  GPS INTERFACE BOARD

A composite system with a daughter GPS interface cards and the central carrier board form the
architectural underpinnings of the Position Acquisition Toolkit for High-Frequency Inertial and

Navigation Data for Evaluation and Research (PATHFINDER).
4.3.1 Design requirements of GPS DAQ

This section details the design requirements of the GPS DAQ system.

4.3.1.1 Microcontroller and GPS sensor choice

The initial experimental phase utilized the Arduino Mega for the GPS data acquisition unit (DAQ)
due to its comprehensive C++ library support and ease of interfacing, vital for preliminary tests on
GPS receiver performance under varied conditions. The Adafruit Ultimate GPS V3 module, with
its MediaTek MTK3339 chipset, was chosen based on its ubiquity in consumer-grade UAV GPS
sensors, existing driver support, and prior evaluations in positioning systems [149], [201], [202].
The module's ARM7 co-processor enables onboard trilateration, freeing up the microcontroller for
additional tasks—a crucial feature for resource-constrained UAV environments. Additionally, the
chipset's capability for up to 10 Hz updates aligns well with the dynamic nature of UAVs,

facilitating real-time navigational adjustments Moreover, the module's onboard clock provides a
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pulse per second (PPS), a reliable time base that is crucial for coordinating data logging. PPS is
essential for aligning the data temporally across multiple sensors and creating a coherent data set

for analysis.

(b)
Figure 4-6. Prototype GPS DAQ System Setup on the Arduino MEGA platform. The compact layout neatly

houses the GPS modules and central processing unit, with wiring organized for optimal connectivity and
function. (a) showcases the Arduino MEGA platform with three GPS sensors, a real-time clock, and an SD
card breakout board for synchronized data logging, all encased for protection. and (b) deployed during a field
test.. It reveals an expanded setup with six GPS sensors connected to two Arduino MEGAs, powered by a 9V

battery for remote operations, capturing extensive GPS data in a field environment."

However, challenges arose with the serial interface of GPS receivers, particularly the
limited UART lanes, three, on the mega. To address this, two Mega units were used with their
clocks synchronized with the power-on timing approach, although start-up discrepancies due to
power-on timing variances and USB hub-induced delays were encountered. Subsequent
investigation revealed that the peak startup power exceeded the USB 2.0 limit of 2.5 W, further
complicated by the 500-mA current limiting fuse onboard the Mega Overcoming the power
constraints required integrating Adafruit Power Boost 1000C boards [203], each supported by a

2500 mAh battery, were integrated to provide sufficient power for reliable startup and operation.

Data alignment using the Arduino's clock time initially seemed effective but proved

problematic above 1 Hz, leading to sensor data misalignment of up to 500 ms. Despite this,
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prototype testing yielded insights, notably the inferior performance of internal ceramic antennas
compared to external ones, which demonstrated more stability and quicker signal acquisition
times. The internal antennas took over 20 minutes to acquire signals, with accuracy varying widely
between 10 to 100 meters, heavily influenced by nearby human activity. This inconsistency
prompted a shift to an external ceramic patch antenna, which, although improving stability with
precision values at approximately 50 to 100 meters, still required a long time for signal acquisition.
Ultimately, the adoption of an external antenna [204] with a 28dB gain, featuring an onboard bias-
tee supplying 5V, significantly enhanced performance. This antenna reduced signal acquisition
time to under two minutes and showed robust resistance to transient noises such as pedestrian

traffic.

Additionally, the initial software architecture revealed inadequacies. The SD card
experienced multiple failures, and the SPI bus on the Arduino Mega quickly became overloaded,
underscoring the limitations of the Mega as a data concentrator. Communication challenges
emerged when interfacing with more than seven sensors simultaneously, leading to buffer
overflows in the SPI and I2C interfaces due to the influx of sensor messages. Despite extensive
efforts to optimize code and implement a FreeRTOS on the platform, these strategies achieved
limited success. While the Arduino Mega offered a suitable starting point for the DAQ system, its

limitations necessitated a more robust platform for the DAQ.
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Figure 4-7. Exploded view of GPS DAQ Pod. A built around the MTK3333 chipset, high-quality GPS
module that can track up to 33 satellites on 99 channels, has an excellent high-sensitivity receiver (-165
dB tracking), and a built-in antenna. It can do up to 10 location updates a second for high speed, high

sensitivity logging, or tracking. Power usage is low at only 40 mA during navigation

The next major hardware iteration leveraged Adafruit Feather and Wings as a test platform.
The GPS DAQ Pod, as depicted in Figure 4-7, is engineered around the MTK3333 chipset [205],
offering performance and reliability at an economical price point of $30. The module tracks up to
33 satellites across 99 channels. With a receiver sensitivity of up to -165 dB tracking, the GPS
DAQ Pod meets the GPS L1 CA signal requirement of -160 dBW at ground level. Despite its
functionality, the GPS DAQ Pod maintains minimal power consumption, drawing only 30 mA
during tracking, ensuring prolonged operation without high power consumption. An RTC clock
was integrated into the embedded hardware stack using the SD card wing, calibrated with the
computer time upon software flashing. The RTC chipset (PCF8523) features a precision 1 Hz timer
utilized to control GPS localization, temporally aligning the start time and the 1 Hz timer to
regulate the sample rate. Data capture was initiated simultaneously using an external interrupt

signal.
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(a) (b)
Figure 4-8. Adafruit GPS sensor POD. (a) A single GPS data logger module equipped with a high-precision GPS

receiver, stacked atop a microcontroller and a data storage shield with SD card and RTC. (b). twin GPS modules
activated and undergoing testing, with their red status LEDs illuminated, indicating active positioning lock, and the

blue led (hidden) indicating storage of data to SD card.

Adafruit ESP32 provided wireless communications via its integrated Wi-Fi transceiver,
essential for space-constrained applications like drones. The ESP32's dual-core processor
successfully addressed the previous data loss issues encountered with the Mega, efficiently
managing data acquisition and real-time processing. Testing revealed interesting insights into the

performance of the GPS receivers. The results of the test are discussed in detail in 6.1.

However, challenges arose when integrating more than one GPS sensor due to limited
UART lanes. Only 2 lanes of the three available are made available, with one of the two available
reserved for USB debugging. Consequently, we constructed multiple test units with Adafruit
ESP32 feathers equipped with ADALogger and GPS wings, allowing each GPS sensor to be
connected to a single microcontroller, storing both raw NMEA and parsed data. In total, five pods
were assembled to facilitate the experimentation. A lipo battery was employed to power each of
the pods; given the constraint of each pod being able to collect information from only one GPS

receiver, an alternative system design is necessitated for final deployment on drones.
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Figure 4-9. pinout diagram of Teensy 4.1, with an ARM Cortex-M7 running at 600 MHz, exposing 8 UART, 3 SPI, 3
12C ports. [206]

(a) (b)
Figure 4-10. Prototype Teensy 4.1 GPS DAQ System, configured with five synchronized GPS sensors, captures
data at 10 Hz for robust operational testing. (a) Arranged on a breadboard with an onboard SD card reader powered
by a 2500mAh Li-Po battery. (b) Transferred to a waterproof platform for outdoor field testing. The DAQ

performed within spec when tested outdoors in damp conditions as well.

We subsequently adopted the Teensy 4.1 microcontroller [207] due to its superior I/O
capabilities, which were essential for our DAQ’s extensive communication requirements. The
Teensy 4.1, equipped with eight UARTs, two I2C buses, multiple SPI lines, and accurate on-board
clock met our high-frequency and data throughput specifications, enabling the progression to the
prototype development phase. Figure 4-10 depicts the prototype used in evaluations, which was

confirmed to effectively interface with GPS receivers to collect and store NMEA data correctly.
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The software initially developed for the GPS POD was revised for compatibility with the Teensy
platform and subjected to rigorous testing, the results of which are detailed in Chapter 6. This
Teensy-based DAQ system satisfied all requirements of the XFF framework, offering ample serial
ports and sufficient computational capacity to manage multiple GPS sensors concurrently. shows
the prototype built and used in evaluations. Moving forward, the Teensy-based system was utilized

in all machine learning data acquisition, training, and evaluation for this thesis.
4.3.1.2 Hardware and mounting specifications

This section specifies the physical housing requirements for the GPS Data Acquisition (DAQ)
system, detailing the enclosure's dimensions, materials, mounting options, ingress protection
rating, and environmental suitability. The selected black weatherproof box protects internal
electronics from dust, moisture, shock, and vibration. It features dimensions of 7.87 x 4.72 x 2.95
inches (200 x 120 x 75 mm) and includes thermal and cable management solutions, as well as
accessible ports for maintenance. The enclosure is equipped with five moisture-protected pass-
through ports for radio antennas, using dielectric grease and rubber washers to ensure watertight
seal. Inside, the Teensy 4.1 microcontroller interfaces with the 5 Adafruit GPS breakout board.
This prototype offers numerous options for mounting of the DAQ. It can be mounted right to the

drone or kept separate from the drone, with only the antennas attached to the drone.

Mounting of the GPS antenna and their placement of the drone is critical for performance
analysis. The antennas have magnetic back, and the top build plate on the drone has multiple
magnetic mount points. VHB is used to bind the sensors firmly onto the top plate. This is done to
facilitate rapid changing of the antenna as needed for investigation. This setup maintains the
antennas in a fixed position across all tests to prevent variability in data due to hardware changes.
Strategic placement of the GPS antennas circumvents potential signal blockages, with the receivers
positioned at the extremities of the build plate, in alignment with the four motor arms. An
additional receiver is placed forward, orienting towards the drone’s trajectory to ensure optimal
directional acquisition. The precise configuration of the sensors relative to each other and to the
origin in the drone's body frame is consistently maintained, utilizing the same microcontroller,
GPS sensors, antennas, adapters, and cables for all tests to ensure uniformity and comparability of

the data collected. This standardized setup underpins the reliability and repeatability of the
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experiments, ensuring that any observed variations in performance are attributable to

environmental factors and not to changes in equipment configuration.

w

wur St

(a) (b) (c)
Figure 4-11. Deployment design for selected GPS sensor with teensy 4.1 for on-drone flight tests. (a) External
view of the weatherproof GPS DAQ system enclosure, highlighting the five sealed antenna ports. (b) Open view
of the enclosure, displaying the wiring and organization of internal components. (c) Detailed interior view
showcasing the GPS modules connected to the Teensy 4.1 microcontroller, with emphasis on the modular design

and accessible arrangement for maintenance and adjustments.

4.3.2 Electronic design of GPS DAQ PCB

Communication between the MTK3339 based GPS sensors and teensy 4.1 microcontroller is
established via UART protocol, with each GPS sensor employing one of Teensy 4.1's available
UART ports for data transmission, for a total of 5 ports. Figure 4-12 presents the electronic
schematic of the connections. Each GPS antenna is connected to the Adafruit sensor breakout
board using SMA to uFL adapters. The operational voltage for the entire circuit is 5 volts, sourced
from the power boost 1000C board that supplies additional power for the sensors to operate. A SPI
communication lines from the Teensy 4.1 is routed to an edge connector, making it the control and

feedback port that can integrate with a flight management controller (FMC).
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Figure 4-12. Schematic of Teensy 4.1 GPS DAQ System Design. The schematic details the integration of
a Teensy 4.1 microcontroller with five Adafruit Ultimate GPS sensors, outlining their connections. UART
communication lines link each GPS module to the microcontroller, ensuring continuous data transmission.

The SPI communication line to the edge connector is used for interfacing with the flight computer.

Following the electronic design of the GPS DAQ system, the PCB (Printed Circuit Board) layout
has been developed. The shared Viny and GND lines deliver a uniform 5-volt power supply across
the entire assembly. The PCB, as depicted in Figure 4-13(a), measures approximately 82.68 mm
by 85.76 mm in height. The Teensy 4.1 is placed centrally and is flanked by the GPS sensors. The
length of the antenna cable and adapter is also specifically matched to ensure that each analog
signal has the same distance to travel before reaching the sensors. The PCB design utilizes a 4-
layer design. The top layer features a power plane to distribute the 5-volt. The two inner layers
function as ground planes. The bottom layer is not used. An M.2 standard interface is implemented
for physical connection between the flight computer and the DAQ. The ground planes also serve
a thermal management function, helping to dissipate heat generated by the microcontroller and

GPS modules.
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(a) (b)
Figure 4-13. (a) PCB layout for the GPS DAQ system, illustrating the placement of the Teensy 4.1 Microcontroller
and GPS sensors, and (b) Final GPS DAQ system as assembled for testing.

4.3.3 Software architecture of GPS DAQ

The firmware running on the Teensy 4.1 microcontroller, developed within the Arduino
environment, initiates with a setup and calibration phase during boot-up. This initialization process
establishes a connection with the flight computer, then initializes a serial connection to each GPS
sensor, resets historical data from the GPS sensors to ensure clean session starts, and configuring
these sensors to exclusively utilize GPS satellite data. This step disables the onboard logging
feature on the GPS sensors to ensure that only live GPS fix data is communicated. The data logging
protocols for the microcontroller and flight computer are instead initialized. A unique identifier

for each testing session is generated to differentiate between experiment datasets.

Post-initialization, the system transitions to an operational phase governed by a round-
robin scheduler. Operating at a 10 Hz frequency, the Teensy 4.1 microcontroller polls each GPS
sensor for NMEA data. The retrieved NMEA strings from each sensor are temporarily stored in
separate buffers and processed as system resources permit. While high polling rates occasionally
result in data loss—further examined in section 6.1.2—the system effectively processes and
transmits signals from the GPS sensors to the flight computer. The GPS co-processor's internal
clock enables precise timing for the 10 Hz fix rate of the GPS sensor, and this timer is distinct
from the Teensy’s timer. The sensors transmit the latest fix to the Teensy upon receipt of a

localization command, with the corresponding NMEA string relayed.
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Figure 4-14. GPS Data Acquisition System Communication Sequence. This sequence outlines the structured
exchange between GPS sensors and the Flight Management Computer (FMC), starting with an initial handshake that
includes sensor identification and environmental data. Following this, GPS data packets are sent, each punctuated

by an acknowledgment signal to ensure integrity before the next packet is transmitted.

Data transmission to the flight computer adheres to the EXFF communication protocol.
The protocol initiates with a handshake message containing sensor IDs, timestamps, and
environmental conditions, followed by the encapsulation of parsed GPS data into scalable data
packets. This approach facilitates the potential integration of additional sensors. To ensure data
integrity, each packet is acknowledged before the next is dispatched, thus maintaining a reliable
and orderly data flow. GPS data is stored in designated NMEA files on the Teensy for each sensor,
and a comprehensive data string is compiled and updated with current date, time, location
coordinates, satellite positions, and other relevant metrics whenever the sensors achieve a position
fix. This data string is subsequently logged onto the micro-SD card for enhanced data security.
Figure 4-14 illustrates this communication sequence graphically. For the purposes of this thesis,
the integration and testing of the GPS DAQ system are facilitated through a PC setup that includes
MATLAB, Arduino IDE, and a serial monitor program. This PC is connected to the Teensy 4.1
microcontroller via a serial interface. This arrangement is compliant with the EXFF framework,
which permits the independent replacement and maintenance of the flight computer and sensors.
Adopting this approach allows for effective testing and validation, ensuring that all components
function correctly together. It also supports comprehensive phases of data collection, machine

learning algorithm training, and deployment.
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4.3.3.1 Validation of existing libraries

The firmware development for the GPS Data Acquisition (DAQ) system involved extensive
validation and modification of existing libraries to ensure compatibility across various
microcontroller platforms. Central to this effort was the adaptation of the Adafruit GPS library
[208], which was originally tailored for the Arduino Uno platform and equipped with an
ATmega328P chip. To accommodate the cross-platform development efforts, the provided APIs
and code were re-written and tested for the DAQ .The Adafruit and Paul Stroffregen’s SD libraries
[209], [210], required thorough testing and modifications to function effectively on the Teensy 4.1

microcontroller, particularly to ensure accurate serial communication and data parsing.

Adapting the Adafruit GPS library for deployment on the DAQ required significant
modifications to cater to the capabilities of the Teensy 4.1. The robust original library in Python,
had a comparatively basic C++ version for Arduino environments. The python library was too
slow for the purpose of the DAQ experiments. A comprehensive translation of the GPS library
functions to C++ was required. Throughout this translation, numerous errors were encountered
with the Arduino's SD library, necessitating the removal of superfluous code to streamline its
functionality. The system required a mechanism allowing continuous GPS data polling without
delay, even while data processing and logging operations were ongoing. So essential features like
non-blocking write operations were carefully re-incorporated to SD library. Originally, the
Adafruit GPS library was configured to process only the RMC and GGA NMEA sentences.
Additional parsing functionality was introduced for the GST, GSA, GRS, and GSV sentences.
Although ZDA parsing was available from Adafruit, it was not enabled in the default settings. This

enhanced library was crucial for experimentation using the Teensy 4.1 DAQ.

4.4  CHAPTER SUMMARY

This chapter established the foundational design elements of the GPS Data Acquisition system and
its incorporation into a select range of UAVs, prioritizing those categorized from micro to small
sizes. This selection aligns with the operational paradigms of UAM, particularly in the context of
package delivery and last-mile logistics. The chapter presented the criteria for drone selection and

culminated in the choice of the Holybro X500 V2 drone based on its documented performance.
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Additionally, the hover test results underscored the critical need for enhanced GPS precision and

informed the test setup.

The capabilities of the PATHFINDER GPS DAQ system were elaborated upon,
highlighting the integration of the Teensy 4.1 microcontroller with an extensive array of 1/O
capabilities crucial for capturing high-speed data from multiple GPS sensors. This integration
forms the bedrock of the XFF, ensuring that the PATHFINDER is well-supported by a scalable
and robust hardware platform. As the discussion transitions to Chapter 5, the focus shifts to the

experimental design that will test the GPS DAQ system under real-world operational conditions.
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CHAPTER 5. EXPERIMENTAL DESIGN

The experimental design encapsulated in this chapter is not only geared toward answering the
primary motivation of the thesis but also aims to pave the way for future research and development
in UAV systems and urban aerospace navigation. This chapter will discuss how the experiments
were designed and conducted. This chapter will lay out the methodologies for location selection
and classification, detailing the drone hardware setup to mitigate previously identified biases, the
software processing implementation, and the exact data metrics collected towards answering the

research questions.

5.1 DESIGN OF EXPERIMENTS CONDUCTED TO STUDY GPS CAPABILITIES

This section delineates the experimental designs undertaken to probe the capabilities and

performance nuances of embedded GPS technology using the DAQ for use in aerospace industry.
5.1.1  Experiment to study the impact of microcontroller architectures and capabilities

This experiment focuses on the performance implications of consolidating multiple GPS sensors
onto a single microcontroller. A controlled setup was designed to first connect each sensor to the
microcontroller. Then 5 microcontrollers are connected to the microcontroller. All antenna
configurations and power distribution schemes were standardized. The sensors were connected to
a Teensy 4.1 microcontroller. Studies were run at different frequencies for 30 minutes, twice over.
A total of 3000 minutes of GPS data was analyzed. The tested was conducted in semi-urban

location 2.

To test the impact of the microcontroller on the GPS error, we ran the test for a continuous 24
hours in the same urban location 4 across each sensor. We tested the GPS sensors in the same
configurations with different microcontrollers through two runs in the same location at similar
times across days to reduce the effects of satellite and signal-induced error Through these
experiments, the consistency of GPS performance was scrutinized across different microcontroller

architectures—ATmega (Mega), and ARM (Teensy)—under identical operational conditions.
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The dual hypothesis being tested in this experiment are:

o Integrating multiple GPS sensors into a single microcontroller does not significantly

affect performance compared to individual microcontrollers for each sensor.
o Changing microcontrollers does not negatively affect the performance of each sensor.
5.1.2  Experiment to study the impact of update frequency on GPS sensors

The second experimental design targeted the GPS sensors' update frequency; we systematically
varied the update frequency and documented any shifts in positional accuracy and precision. To
ensure the validity of the experiment, all other variables, such as sensor placement and
environmental conditions, were kept constant. GPS units 1A, 1B, 1C, 2A, and 2B, were used with
100,000 entries aggregated at 0.1 Hz, 1 Hz, 5 Hz, and 10 Hz from the semi-urban location 2 over
4 different days to collect the data. Only the update frequency was altered, which allowed us to
attribute changes in performance directly to this parameter. The hypothesis being tested in this

experiment is:

o Higher GPS sensor update frequencies result in improved accuracy and precision

of positional data
5.1.3  Experiment to study impact of receiver variation and sensor tolerance

In this experiment, we investigate the performance consistency of multiple identical GPS receivers
operating simultaneously. We aim to assess whether multiple GPS receivers of the same make and
model exhibit consistent behavior and provide synchronized position fixes. We performed
impedance matching on the external active antennas. They were with 10% of each other. So, the
impact of the antenna is minimal. The data was collected at least 3 times in the test location at
periods of 15-30 mins each on each sensor. Each location had all 5 sensors running simultaneously
on a teensy DAQ. This data was also used for the ML training. Additionally, some of the data
collected for previous experiments was also used for this study, as long as the data met the criterion
of the data collected as described in the last few lines. This study seeks to identify if any of the
small manufacturing, processing, and clock errors within the receivers affect position accuracy and

precision. The hypothesis being tested in this experiment is:
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o Variations in manufacturing, processing, and clock differences among identical
GPS receivers have similar and measurable disparities in positional accuracy and

precision.
5.1.4  Experiment to study impact of operational environment on GPS receivers

This experiment explores the influence of different operating environments on the performance of
GPS receivers. We aim to assess how factors such as urban versus rural settings and open sky
versus obstructed environments impact the accuracy and reliability of GPS readings. By
conducting experiments in diverse environmental conditions and analyzing the corresponding GPS
data, we aim to identify environmental factors that may affect GPS performance and develop
strategies to mitigate their effect. No new data was collected for this experiment specifically. The
data collected over the previous experiments were used in the study. However, only data collected
at 10 Hz is studied to remove the effects of the update frequency on the data. The hypothesis being

tested in this experiment is:

o GPSreceiver accuracy and reliability are significantly influenced by the operational

environment, including urban density and electromagnetic interference
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5.2 LOCATION SELECTION
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Figure 5-1. Investigation for the presence of high vegetation and buildings in a 250m radius of a GPS receiver.
Obstacles of interest include building, dense vegetation and canopy cover, and other static obstacles like monuments
that effectively block radio waves. Impact of dynamic obstacles like people moving around the receiver are ignored

in this study as they are momentary, and their impact of on GPPS signal availability is minimal

The selection of locations for evaluating the GPS Data Acquisition system is a critical component
of the experimental design. The method for classifying locations as urban, semi-urban, or open
field is based on a direct visual assessment of the sky from the GPS receiver's perspective. This
method of classifying and predicting GPS performance is based on calculating the sky openness
ratio is adopted from methodology in [28]. To calculate the sky openness ratio, we employ an
antenna 150-degree conical field of view from the receiver's location to determine the extent of
sky visibility, as this correlates with the reception field of the GPS antenna employed for testing.
Figure 5-1 illustrates the methodology. A 360-degree sky map is created using a camera outfitted
with a special 150-degree lens. This image is flattened and is manually inspected to identify
percentage of sky visible in the picture. The 250-meter radius was chosen as it comfortably
guarantees that far-off obstructions are not included, as any reflected GPS signal of that obstruction

will be too weak for the antenna to pick up.
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Urban areas are typified by structures that obstruct the GPS line-of-sight and can cause
signal attenuation and multipath errors due to narrow streets and reflective surfaces. Such
environments, also fraught with high levels of radio frequency (RF) noise, have been
underrepresented in GPS performance studies, especially those that contextualize the data with
respect to drone operations. Hence, their inclusion is vital. For a location to be classified as urban,
the environment must exhibit a high density of tall buildings and/or trees that cover over 50% of
the area within a 250m hemisphere radius centered on the GPS sensor. The urban classification is
indicative of a setting with numerous potential obstructions to the line of sight between the GPS
receiver and the satellites, such as skyscrapers, dense foliage, or other significant structures. This
dense arrangement often results in reduced sky visibility and can lead to GPS signal attenuation,
multipath errors from signal reflection, and overall decreased accuracy in GPS data due to the

'urban canyon' effect. Urban location 1 was specifically selected to model this urban canyon effect.

Semi-urban areas offer a mix of open spaces and partial obstructions, such as buildings and
vegetation, leading to moderate levels of signal blockages and multipath errors. Moderate RF noise
in these areas can also impact the GPS signal integrity. These locations represent areas where small
pilot drone delivery systems are currently in use, making them relevant to the study. A semi-urban
environment is characterized by a moderate presence of tall buildings and trees, accounting for
10% to 50% of the area within the same 250m radius. Such environments present a mixture of
open spaces and potential obstructions. This category is a median between urban and open-field
classifications, offering a diversified GPS signal reception profile due to the semi-regular

interruptions in satellite visibility.

Open-field locations, devoid of tall structures and dense infrastructures, provide the
optimal conditions for GPS signal reception due to clear and unobstructed views of the sky. The
low RF noise environment of these areas serves to enhance the quality of the GPS signals, making
these locations ideal as drone launch points. An open-field environment is defined by very few or

no tall buildings and trees, with less than 10% of the area presenting such features.

In an urban setting, despite the prevalence of high-rise buildings, a location such as a rooftop with
an unobstructed view of the sky is classified as an open field for this study. This approach is

justified by the operational flight patterns of drones, which, as discussed in Chapter 1, navigate
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above, between, and sometimes near buildings. The classification is based on the actual flight
conditions in urban areas, rather than standard census classifications. This innovative approach
allows for a more nuanced classification based on actual conditions affecting GPS signal reception
rather than relying solely on conventional land-use designations. It is particularly beneficial for
UAYV operations, where the navigational context and the immediate surroundings' impact on GPS
performance are paramount. This nuanced categorization is particularly relevant for the tests
conducted within the city of Seattle, given that drones typically operate within a limited range and
do not venture extensive distances for takeoff and landing, and we extend the findings from the

research to other locations with significant multi-path reflection and obstructions.

| Placement of GPS Sensor |

| Scan 250m hemisphere to GPS |

Identify the presence of high
vegetation & buildings

I
[ T 1

High density of tall buildings/trees Some presence of tall buildings/trees Very small to no presence of tall
(over 50% of the area) (10% - 50% of the area) buildings/trees (less than 10% of the area)

Figure 5-2. Flow chart outlining the method for classifying the operational environment of a GPS sensor. It

delineates three distinct categories—urban, semi-urban, and open field—based on the proportion of high
vegetation and buildings within a 250m hemisphere surrounding the GPS receiver. The access to open sky

determines the type of test environment.

Near the University of Washington, we strategically selected eight distinct locations to
collect GPS data to evaluate GPS performance in varying urban landscapes rigorously. This
selection included four urban locations, two open-field locations, and two semi-urban locations,
all geographically concentrated around the university. Figure 5-3 plots these figures on a map to
show the contextual environment surrounding the locations, and Figure 5-4 labels each of these
points based on the sky-openness ratio as described in Figure 5-2. The proximity of these locations
to the University of Washington is intentional, leveraging the controlled urban environment to
simulate typical operational contexts for UAVs. The selection process, guided by the visual
assessment method described in the figures, ensures a consistent approach to classification based
on direct sky visibility. This methodology offers a practical framework to classify and select
operational environments, ensuring the validity and repeatability of the tests conducted in the

thesis.
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Figure 5-3. GPS Data Collection Sites Near the University of Washington. The red squares
indicate the test points. Two test points were located farther way from the core UW campus. The
locations were selected as they offered viable mix urban, semi-urban and open-field environment

for testing with easy access

Four urban locations were chosen to assess the GPS system's robustness in areas with high-
rise buildings and dense infrastructural development. The number of urban locations was higher
to ensure a comprehensive analysis of the most challenging environments where drones find it
challenging to operate. Two semi-urban locations were identified to represent transitional areas
that contain a mix of open spaces, lower buildings, and vegetation. These environments are
particularly relevant for understanding GPS performance in suburban settings or on the outskirts
of densely populated areas where small-scale drone operations like pilot delivery systems are
becoming increasingly prevalent. Two open-field locations were included to serve as a control for
optimal GPS signal conditions. These areas, devoid of significant obstructions, offer the clearest

line of sight to GPS satellites and are presumed to provide the highest GPS signal quality and
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accuracy. Such locations provide the baseline data against which the performance in more complex

environments can be measured.

Table 5-1. List of evaluation sites.

Location Grounfj truth Loqafuory Experiments Targeted
coordinates Classification
Red Square 47.65587, -122.30964 Semi-urban 1 ML Training, 6.1.4, 8.2

Chem E building
Kirsten Tunnel
Green Lake
Roosevelt
Rainier Vista
ECE

Sylvan Grove

47.65322, -122.30858

47.65447, -122.30605

47.67982, -122.32730

47.67960, -122.31618

47.65190, -122.30673

47.65380, -122.30648

47.65267, -122.30602

Urban 1
Urban 3
Open-Field 2
Semi-Urban 2
Open-Field 1
Urban 4

Urban 2

ML Training, 6.1.4, 8.2, 8.3
ML Training, 6.1.4, 8.2, 8.3
ML Training, 6.1.4
ML Training, 6.1.1,6.1.2, 6.1.3, 6.1.4
ML Training,6.1., 6.1.4
6.1.1, 8.1

ML Training, 6.1.4, 8.2, 8.3
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Figure 5-4. Eight GPS data collection sites, marked with red squares, are categorized into four urban, two semi-
urban, and two open-field environments. (a) location clustered around the primary test environment; (b) location
selected to geographically distance the test for open-field conditions and (c¢) semi-urban location 2. The red squares
in figures represent the approximate uncertainty in the GPS coordinates positions. Figures (b) and (c) are at a
relative zoom level of ~20x, and figure (a) is at relative zoom level of 1x. Semi-urban location 2’s uncertainty in

location is higher at 0.5 m as it far from any static NOAA markers or other known locations.
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5.2.1 Ground truth generation

The process of ground truth generation is paramount in the study to ensure the highest level of
accuracy in GPS data collection. Ground truth refers to the baseline coordinates obtained through
highly reliable and precise means, against which the performance of the GPS system under study

can be compared.

The primary source of ground truth for our experiments is derived from NOAA NGS
(National Geodetic Survey) markers, which serve as calibration points for GPS systems[211].
These markers' positions are confirmed on survey maps [212], allowing us to calculate the ground
truth coordinates accurately using these locations as references. By measuring physical distances
from these known landmarks, we ascertain coordinates with a consistent error margin of
approximately 5 centimeters. This method, as seen in Figure 5-5, offers a reliable reference for
GPS accuracy assessment, leveraging the fixed locations of NGS markers which are also utilized
by the GPS ground segment for error correction. Our first source of in situ ground truth is from a
commercially available GARMIN GPS device [213], typically delivering an accuracy within a 3-
meter radius in most conditions. To supplement this, an iPhone is utilized to provide a fused
location estimate. An iPhone shows variable accuracy, in dense urban environments, the precision

fluctuates between 15 to 45 centimeters.

In situ testing involved a structured setup, as depicted in Figure 5-6, where a drone was
mounted on a tripod at a predefined height. The drone's propellers were activated at full power to
simulate operational conditions, while a data tether ensured the direct and reliable transmission of
information to a laptop equipped with data capture software. This setup minimized the likelihood
of data loss, ensuring a continuous and complete dataset for analysis. The precision of this setup,
combined with the ground truth data, forms a robust framework for evaluating GPS performance

across various urban terrains.
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(b)
Figure 5-5. Getting NOAA ground coordinates from known standard markers. One marker is shown for
illustration, but multiple markers were used in the. Field, including markers located at known monuments, and
other reference structures such as flag poles and statues whose coordinates are known to high degree of precision.

The derived coordinate is accurate to 5 cm.
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tup in situ. The drone is mounted on a tripod at a set height and is switched on and

propellers are spinning at full power. A data tether is used to transmit the data reliably without dropouts out to a
laptop computer running a data capture program. The laptop serves as the central processing unit for the experiment,
collating and recording the drone's GPS data. The setup is strategically placed 10 feet from the central column,
whose coordinates are exactly known, providing a measure of ground truth against which the GPS data can be

compared.
5.3  SETTING UP OF MOUNTED GPS ON DRONE

To establish our experimental GPS system on the drone, strategic placement of GPS receiver
antennas was crucial. We positioned one antenna at the front to guide the drone's directional path
and placed others at each of the four corners, aligned with the propellers to maximize sky visibility
and signal reception. To simulate the impact of RF noise and interference commonly encountered
during flight, a remote control (RC) transmitter was actively used near the drone throughout the

setup. This preparation aimed to incorporate potential signal degradation into our data collection.

An M8N GPS unit, a recommended model for this drone, was mounted at the rear above
the propellers to log GPS signal conditions within the operating environment. While the data from
this unit was not analyzed, it provided a reference for the signal quality and integrity necessary for
the study. The drone system was linked to a ground-based computer via a telemetry radio,
facilitating wireless command transmissions and mirroring the electronic environment typical of

drone operations. This setup ensured no positional drift from the drone's inertial sensors, offering
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a controlled environment for accurate GPS data acquisition. This meticulous emulation of
operational conditions was vital to ensure the collected data authentically reflected the
complexities of drone navigation, encompassing all forms of signal interference encountered in
actual flight scenarios. The drone's onboard controller, equipped with multiple IMUs and a
barometer, is used exclusively for drone control; none of its data was utilized in this study, which

focused solely on evaluating the performance of selected GPS receivers.

Figure 5-7. UAV Ground Station Integration Test with experimental GPS DAQ Setup on UAV. This image
captures a UAV secured to a tripod, with propellers engaged to emulate in-flight dynamics. A wireless
transmitter-receiver, visible next to the computer, relays telemetry data in real time, facilitating direct command
transmission and live data monitoring to replicate true flight conditions for rigorous system validation. The
antennas of the test system, marked with white labels, are positioned on the drone's extremities to ensure wide
sky visibility and accurate signal reception. At the rear, above the propellers for a M8N GPS antenna compatible

with the drone's flight controller is mounted.
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5.4 PARAMETERS OF INTEREST
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Figure 5-8. GPS Error Metrics Defined. (a) Residual error, presented as non-negative, pairs with angular error in radians
east to define the error vector direction. (b) Altitude error, in meters, with positive values indicating a reported position

above the true ground level.

In the exploration of GPS accuracy, we direct the focus to the evaluation of residual errors, which
are the variations between the GPS-derived position and the ground truth coordinates. These errors

are instrumental in determining the precision of GPS data.

The Residual Magnitude Error is a measure of the distance between the position reported
by the GPS and the actual, verifiable location known as the ground truth. Mathematically, this

distance is calculated using the haversine formula:

latg,s — latg
2

d = 2r arcsin sin? < >

lon,,; — lon
+ cos(lat, ) - cos(lat,,) - sin? Ll g (27)
g gp

where d represents the distance error, r is the Earth's radius, lat, ; and lon,, are the latitude and

gps gps

longitude of the GPS-reported position, and lat, and lony and are the latitude and longitude of

the ground truth, respectively.
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The Angular Error, 0, defines the direction of the Residual Magnitude Error from the
ground truth to the GPS-reported position. It provides the angle in radians eastward from true north

to the direction of the error and is calculated using the following formula:

0 = tan-! ( sin(longps - longt) cos(latgps) cos(latgt) ) 28)
cos(latgt) sin(latgps) - sin(latgt) cos(latgps) cos(longps - longt)

The Residual Altitude Error,e,;; , quantifies the difference in altitude between the GPS

reading and the ground truth. This error is the vertical component of the residual error and is given
by:

eqir = altgps — alty: (29)

where altg is the altitude reported by the GPS, and alty, is the known altitude of the ground truth

location. Figure 5-8 offers a visual representation of these errors in the NEU frame.

The NMEA parameters selected for this study—PDOP, VDOP, HDOP, the number of
satellites, antenna status, time since last fix, receiver speed, and magnetic variation—are
strategically chosen to align with the precision and reliability requisites for UAV operations.
PDOP, VDOP, and HDOP are included due to their indication of the geometric strength of the
satellite configuration, which impacts the positional accuracy. These metrics are crucial in
assessing the real-time integrity of the GPS signal, an integral aspect for the flight control systems
of UAVs that necessitate high-precision navigation. The number of satellites in connection with
the GPS receiver is included as it is fundamentally indicative of navigational accuracy. In urban
settings, a discrepancy between the expected and actual number of connected satellites can inform

environmental classification and enable corrections based on historical signal data.

Antenna status is continuously monitored, serving as a direct reflection of the GPS system's
health and functionality. A constant antenna status is expected throughout the experimental trials;
any deviations suggest a potential fault, rendering the GPS data unreliable post-issue. Notably, the

sensors employed have a fallback ceramic patch antenna which, while not active like the primary
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antenna with a 5V bias tee voltage, possesses distinctly different performance characteristics. Time
since the last fix is a determinant of dynamic positioning accuracy. Within drone technology,
where real-time locational updates are critical, this parameter's freshness is key to making

informed operational decisions. Long time between fixes is indicative poor signal conditions.

Receiver speed is measured not for its direct impact on positional accuracy but for its
implications on the drone's performance and the GPS's ability to maintain precision at variable
velocities—a consideration crucial for UAVs that might require sudden changes in speed. In static
experiments conducted in this thesis, this value is expected to be zero; any reported movement
may indicate errors, which could be used algorithmically for error correction. Magnetic variation
is monitored because it assists in aligning the drone with the NEU (North, East, Up) frame,
ensuring accurate heading information for path planning, particularly important in challenging

navigation environments.

This study excludes other NMEA parameters that either do not significantly influence the
critical navigational operations of UAVs or do not provide insights beyond the selected metrics.
One key omission is PSR. This is done as many commercial GPS receivers do not support GRS
sentences, and previous works have shown success in using HDOP and VDOP as stand-ins for raw
pseudorange measurements [141], [214]. This targeted approach not only enables detailed
exploration of the GPS performance factors most pertinent to UAV operations but also ensures
efficiency in communication by limiting the data to what is necessary. The goal is to avoid data

overload while not omitting valuable information that could enhance GPS data integrity and utility.

5.5 SOFTWARE DESIGN

The software underpinning the experiments detailed in this thesis was developed in MATLAB,
version 2023B, with the platform’s extensive aerospace toolbox leveraged for its comprehensive
array of functions relevant to GPS and navigation systems. This section outlines the rationale for
the software choices and the structured approach to the design and implementation of the software
used throughout the experiments. For the analysis of drone flight data, using the Drone Toolbox
in MATLAB was crucial. It provided the necessary tools to interpret and analyze data logged in
ULog format, typically used for logging data in drones. This specialized toolbox streamlined the

process of converting raw flight data into actionable insights. In the process of analyzing GPS data
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for UAV navigation, NMEA coordinates are provided in the Degrees, Minutes, and Seconds
(DMS) format. To facilitate computation and enhance compatibility with various geospatial
analysis tools that require coordinates in a decimal format, a Python parser was utilized within the
software framework. The parser's function was to convert the DMS coordinates into the decimal
coordinate system. This conversion is essential for accurate location plotting, distance calculations,
and integration with machine learning models requiring numerical input for pattern recognition

and predictive analytics.

The Python parser operates by extracting the DMS values from the NMEA sentences and
then applying the formula:

Minutes Seconds

1 = 30
Decimal Degrees Degrees + 0 + 3600 (30)

to each coordinate. This script ensures that all GPS data used in the model is in a consistent format,
thus streamlining the subsequent data analysis stages. The transformed decimal data is then used
for all ML applications. The Neural Network Toolbox, with its suite of algorithms, functions, and
apps, allowed for the design and implementation of neural networks used in the machine learning
components of the research. The toolbox's capacity for designing, training, and validating neural
networks ensured that the models created were robust and effective for predictive analysis.
Incorporating the LSTM RNN, illustrated in Figure 5-9, the software captures not just immediate
data but also analyzes historical trends within and across data windows. This analysis is crucial for
the LSTM's learning process, enabling it to refine its predictions and adjustments continually. The
input to the LSTM is structured as a tensor with dimensions reflecting the number of samples,
features, and time steps. In this case, the size of the input tensor is 5x10x25, considering that the
GPS date column has been omitted from the feature set. The exclusion of the GPS date is a
deliberate choice to prevent model redundancy due to the ever-increasing nature of time values,
which could potentially hinder the model's ability to generalize and make accurate predictions. By
monitoring the sequence and effectiveness of corrections made by the LSTM, we can assess the
overall performance of the system. This continuous evaluation is key to understanding whether the
LSTM adjusts appropriately to the complex patterns within the GPS data, which is crucial for
optimizing GPS localization technologies in UAV systems. Beyond LSTM, MATLAB's
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Regression Learner and Classification Learner apps were employed for developing predictive
models with the GPS data. These apps provide an intuitive interface for selecting features,
choosing models, and assessing model performance, thereby simplifying the process of machine
learning model development. The underlying code, developed in MATLAB, is structured to
support various machine learning paradigms, including supervised and unsupervised learning,
ensuring a robust and flexible approach to data analysis. Custom scripts supplement the software
suite, facilitating data preprocessing, feature selection, real-time error analysis, and plotting of
data. This granular approach to the system's architecture allows for the detailed tracking of data
through each algorithm step, revealing how input variables are transformed into actionable
corrections. This modular design is crucial not only for debugging and optimizing the system but
also for understanding the underpinnings of machine learning applications in aerospace GPS
technology. The architecture of the experimental software for this thesis is intentionally modular,
eschewing a monolithic design in favor of a series of interlinked segments. This facilitates
transparency and traceability within each step of the data processing and algorithmic refinement,
crucial for the iterative enhancement of GPS localization in UAVs navigating complex urban
airspace. Such a design is not merely a preference but a requisite in aerospace software
development, aligning with standards and recommendations from authorities like NASA [215].
This approach aligns with the principles of white box software development, where the inner
workings of the application are fully exposed for examination and validation, ensuring each
component’s function and interaction within the system is clear, understandable, and compliant
with stringent aerospace software standards [216], [217]. This chapter seeks to satisfy the white

box software development requirements.

The combination of these advanced capabilities and requirements facilitated a
comprehensive and detailed analysis of the GPS performance in UAVs in the MATLAB suite.
Additionally, MATLAB's development environment is accredited for compliance with aerospace
industry standards, meeting stringent validation and certification requirements [112]. MATLAB
ensures stability across different platforms and offers comprehensive technical support. Its
robustness is vital when the software must be tested on various computers, as is common in
aerospace applications where flight computers may operate on diverse operating systems,

including proprietary ones [116].
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Throughout the experimentation and analysis phases, CoolTerm was used in the
experiment to intercept and monitor the serial data stream. This ensured that the inputs fed into
MATLAB were correct and reliable, providing a trustworthy foundation for subsequent analysis.
The software design articulated in this section underpins the experiments carried out to scrutinize
GPS performance. By leveraging MATLAB’s advanced toolboxes and applications, we have

established a methodological framework that is both robust and adherent to industry benchmarks.
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Figure 5-9. LSTM Neural Network Architecture in MATLAB. This schematic illustrates the LSTM recurrent
neural network used for time-series prediction. The network intakes a 5x10x25 dimensional tensor 'X' at each
timestep, encapsulating the last 25 samples of data. The 'Hidden' block represents the LSTM layers, each taking
the input and the previous time step's hidden state to compute the current output. The 'Output’ block then transforms
the LSTM outputs to the desired target prediction size, outputting a one-dimensional 'y(t)' at every time step,

signifying the network's prediction.
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5.6 CHAPTER SUMMARY

This chapter details the methodology and structure of experiments conducted to assess the
capabilities of embedded GPS technology and its application within the aerospace industry. Key
experiments were designed to examine the effects of various microcontroller architectures, update
frequencies on GPS sensors, receiver variation, and sensor tolerance, and the influence of different
operating environments on GPS receiver performance. These controlled experiments aimed to
isolate and identify the impact of each variable on the precision and reliability of GPS technology

in urban settings.

The chapter discusses the selection and categorizing of locations, for evaluating the
PATHFINDER GPS, based on the extent of sky visibility in urban, semi-urban, and open fields.
Furthermore, the chapter elaborates on the mounted GPS setup on drones, which is crucial for the
collection of experimental data. Parameters of interest for the study include residual errors and
their evaluation. The chapter explains the importance of understanding these errors for the
refinement of GPS data. To achieve empirical rigor in the experiments, the chapter outlines the
use of the NMEA parameters selected for the study, considering the precision and reliability
requirements for UAV operations. The software underpinning the experiments is meticulously
designed within MATLAB, using the platform's comprehensive aerospace toolbox. This software
design is critical for the real-time analysis and interpretation of drone flight data, showcasing the

advanced capabilities of MATLAB for machine learning and GPS performance analysis in UAVs.

While Chapter 5 discusses experimental design and procedures employed to test and
validate the capabilities of GPS technology for urban aerospace navigation, 6.1°s focus shifts to
the detailed analysis and interpretation of the experimental data. 6.2 will delve into the learnings
of the various tests conducted, examining the correlations and insights drawn from the intricate
dataset. This upcoming chapter aims to synthesize the findings into actionable knowledge geared

towards the evaluation and testing of the proposed ML algorithms.

91



CHAPTER 6. DISCUSSION OF RESULTS

In this chapter, the results obtained from the experiments structured in Chapter 5 are analyzed. The
goal of this chapter is to establish baseline performance of the PATHFINDER hardware,
elucidating the insights gleaned from sensor behavior that predict the effectiveness of the proposed
ML strategy. Over 350 hours of GPS data were amassed specifically for validating PATHFINDER
hardware. For conciseness, comprehensive data sets have been condensed, and selected sensor

data is visualized in plots.

Chapter 6 is organized to directly align the presentation of experimental data and the implications
of these findings on the EXFF, PATHFINDER, and IRNN-DN based on the experiments designed
in Chapter 5. Each subsection from 6.1.1 to 6.1.4 corresponds to the respective experiments from
5.1.1 to 5.1.4. Section 6.2 discusses the impact of data gathered with PATHFINDER hardware on
the overall IRNN-DNN algorithm.

6.1 ANALYZING THE PERFORMANCE OF GPS SENSORS IN THE EMBEDDED SYSTEM

This section evaluates the core performance metrics of GPS sensors within embedded systems. By
examining sensor data under a variety of testing conditions, we aim to derive meaningful insights
into their operational effectiveness. The findings are crucial for evaluating the reliability and

accuracy of the machine learning algorithms, which will be explored in Chapter 7.
6.1.1 Impact of microcontroller architectures and capabilities

Our investigation extends to multiple GPS sensors interfacing with a single microcontroller versus
each sensor being allocated to its microcontroller. The pivotal question was whether consolidating
sensors onto a single microcontroller would affect the system's precision and accuracy. A granular
analysis was conducted on sensors 1A, 2A, 1B, and 2B, examining their longitude, latitude, and
altitude data for consistency and spread, and consequently, their combined residual error. This

experiment was conducted semi-urban location 2.
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Figure 6-1. Variability Analysis of GPS Sensor Performance at Different Frequencies. The latitude and longitude
box plots represent the data recorded by GPS sensor 1A at varied update frequencies, comparing individual sensor
performance (labeled 'Single') against performance when grouped with multiple sensors on one microcontroller
(labeled 'Group'). (a) Latitude data points exhibit increased spread at lower frequencies, with a pronounced
interquartile range and noticeable outliers. (b) Longitude values also show a wider distribution at lower frequencies,.

The median lines across all frequencies suggest a stable central tendency despite outliers.

In the analysis of Sensor 1A's performance through the boxplot depicted in Figure 6-1 (a)
we assess latitude and longitude variations at different frequencies. At lower frequencies, such as
0.5 and 1 Hz, the data shows a notable spread, characterized by a wider interquartile range (IQR)
and outliers. This suggests variable sensor performance potentially due to a lower sampling rate's
inability to capture dynamic changes, or increased susceptibility to environmental noise and signal
multipath effects common in semi-urban settings. Despite these outliers, the median, indicating
the central tendency, remains relatively consistent whether the sensor operates alone or in
conjunction with others, suggesting stable average performance despite occasional signal loss or

drift at lower frequencies.

Figure 6-1 (b) corroborates that Sensor 1A performs better in a group configuration than
when operating solo, with fewer outliers and a more compact spread of values. The IQR is largest
at 1 Hz, the operational frequency recommended by the board integrator for this sensor. The

enhanced variability in GPS performance observed when fewer systems are active may be linked
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to the electrical characteristics of the embedded system. Specifically, the integration of multiple
sensors increases the total capacitance on the power supply line, which can act as a buffer or filter.
This smoothing effect from the capacitors helps stabilize voltage spikes and dips, providing a
reservoir of energy that maintains consistent voltage levels essential for the high-frequency crystal
oscillators in GPS modules. These oscillators are crucial for maintaining timing accuracy, which
underpins precise positioning. When operating with fewer sensors, the diminished collective
capacitive effect results in less effective voltage stabilization, thereby increasing the likelihood of
power supply fluctuations that can adversely affect GPS accuracy. This dynamic underscore the
importance of power supply quality in maintaining the integrity of GPS data, particularly in
configurations where the load variability significantly influences power characteristics, such as in
battery-powered drone systems. The magnitude of the latitude and longitude spread is about the

same (~17x12 m). Suggesting no one error axis is preferred.
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Figure 6-2. Box plot(s) showing the GPS sensor 1B performance connected to single dedicated microcontroller
(Single) and sharing one microcontroller across a group of multiple sensors (Group) at multiple operating
frequencies. At higher frequencies such as 5 Hz, the sensor displays reduced spread in data. The relatively smaller
spread in the group configuration across both latitude and longitude values suggests that the sensor's performance
is not compromised when sharing a microcontroller with other sensors. (a) Variation reported in latitude vales;

(b) variation reported in longitude values
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Sensor 1B, Figure 6-2, demonstrates a tighter spread of latitude and longitude data at higher
frequencies, particularly at 5 Hz. This suggests that Sensor 1B benefits from increased sampling
rates, which may provide a more consistent and continuous stream of data, allowing for better
signal processing and reduced influence from transient noise. The consistency of Sensor 1B's
performance when running alone compared to in a group can be inferred by comparing the spread
and outliers in its respective boxplots. The magnitude of the latitude and longitude spread is about
the same (9 x 6 m). Suggesting no one error axis is preferred. The magnitude of the error is
approximately half that of sensor 1A. The spread is significantly smaller in the group
configuration, indicating no performance degradation due to crosstalk or computational limitations
of the microcontroller handling multiple sensors. For the longitude readings of Sensor 1B, we
observe a consistent pattern with the 0.1 Hz frequency exhibiting more variability, like the latitude
readings. However, at 5 Hz, the spread is narrower, suggesting better performance and perhaps

more accurate readings due to a higher sampling rate capturing more data points.

From the analysis of both sensors mounted in the front of the drone, 1A and 1B, it seems
that lower GPS fix frequencies, such as 0.1 Hz, result in a broader spread of readings, potentially
affecting the precision of the GPS data. Conversely, higher frequencies allow for more consistent
and possibly more precise readings, albeit with the caveat that they may also capture more noise.
The comparison between the two sensors suggests that while both exhibit variability at lower
update frequencies, their performance may differ at higher frequencies, with Sensor 1B showing a
narrower spread in longitude data at 5 Hz compared to Sensor 1A. This could imply that Sensor

1B is more adept at handling higher update rates without sacrificing accuracy.
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Figure 6-3. Variability in GPS Sensor 2A at Different Frequencies: Latitude and longitude box plots showing
variations under different frequencies, comparing single sensor (Single) versus multi-sensor (Group)
microcontroller configurations. (a) Latitude readings display a relatively stable median value with compact
interquartile ranges, although some outliers are evident at the lowest (0.1 Hz) and highest (5 Hz) frequency settings,
suggesting occasional signal instability or environmental noise influence. (b) Longitude data reveals a substantial
spread, particularly at the 1 Hz frequency, indicative of a higher degree of variability which appears to be lessened

at the highest tested frequency of 10 Hz, pointing towards improved consistency with increased data sampling.

Sensor 2A, positioned at the rear of the drone and depicted in Figure 6-3, demonstrates a
stable performance in latitude, with an ~1 1m spread and a consistent median value across different
frequencies. The interquartile range (IQR) is compact, although outliers are present at both the
lower (0.1 Hz) and higher (5 Hz) frequency extremes. In contrast, longitude readings display
considerable variability, especially at the intermediate frequency of 1 Hz, which diminishes at the
higher frequency of 10 Hz, with a spread of ~10.49 m. Altitude measurements show variability at
both 1 Hz and 10 Hz frequencies, suggesting these frequencies may yield less reliable altitude data
due to potential signal fluctuations, with an overall range of about 10m. When comparing solo
versus group configurations, Sensor 2A exhibits a smaller IQR when operating independently.
However, the distribution of longitude errors is widest when the sensor is part of a group operating
at 10 Hz, indicating possible interactions or interference from other system components. Despite
this, the magnitude of errors remains consistent across different frequencies and configurations,
suggesting that the microcontroller's handling capacity and the inherent electrical characteristics

of the sensor setup do not adversely affect the absolute accuracy of the measurements. This insight
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underscores the importance of considering sensor placement and configuration to optimize

performance and reliability in UAV applications.
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Figure 6-4. Variability in GPS Sensor 2B data across frequencies: comparison between individual and shared
microcontroller setups. (a) latitude readings reveal a broader variance at the lower frequency of 0.1 Hz yet
display a trend toward stabilization as the frequency increases, with 10 Hz frequency exhibiting a notably tighter
spread, which may indicate enhanced signal tracking capabilities at this sampling rate. (b) The longitude
measurements depict a more consistent and condensed distribution, indicating reliable sensor performance. The

data shows minimal outliers, particularly at higher frequencies, suggesting stability in capturing GPS signals

Sensor 2B demonstrates high consistency and reliability in latitude measurements with
minimal outliers, as shown in Figure 6-4 (b). The longitude measurements exhibit a broader spread
at the lowest frequency of 0.1 Hz but become more stable at 10 Hz. Similarly, altitude readings
(Figure 6-5(d)) show decreased variability at higher frequencies, particularly at 5 Hz and 10 Hz,

suggesting better performance with increased data sampling rates.

Comparative analysis of Sensors 2A and 2B reveals that both sensors achieve more
consistent performance at higher update frequencies, attributed to a denser data collection that
likely enhances GPS positional accuracy. Sensor 2A, however, exhibits greater longitude
variability at lower and intermediate frequencies than Sensor 2B, potentially indicating higher
sensitivity to environmental factors or inherent variations in sensor manufacturing and

performance.
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Overall, the performance of Sensors 2A and 2B underscores the importance of selecting
appropriate update frequencies to optimize GPS accuracy. The observed consistency at higher
frequencies suggests that increasing the update rate may mitigate the impact of errors and

environmental interference, enhancing the reliability of GPS data in UAV applications.

Figure 6-5 illustrates the performance of embedded GPS sensors at a constant altitude,
revealing varied sensor characteristics across different frequencies. Sensor 1A shows considerable
variability in altitude readings at lower frequencies (0.1 Hz), with a broad interquartile range (IQR)
that tightens significantly at higher frequencies (5 Hz and 10 Hz), indicating more stable
measurements. In contrast, Sensor 1B demonstrates a consistently narrower IQR across the
frequency spectrum, suggesting a more stable performance, particularly at higher frequencies
where it maintains a compact spread, indicative of its superior capability to deliver consistent
altitude measurements under dynamic UAV operational conditions. For Sensors 2A and 2B,
Sensor 2A displays a relatively uniform spread of altitude readings, indicating stable performance
across various frequencies. Sensor 2B, however, exhibits increased variability and outliers at lower
frequencies, suggesting heightened sensitivity to lower update rates which may affect the

reliability of altitude measurements.

The analysis underscores that Sensors 1A and 1B perform optimally at higher frequencies,
with Sensor 1B showing slightly superior stability. Sensors 2A and 2B present distinct
performance profiles, emphasizing the need to tailor the update frequency to each sensor’s
characteristics and the specific requirements of the application. These findings provide critical
insights for the design and optimization of embedded GPS systems in UAVs, guiding the selection

of sensors and configuration settings to enhance operational performance and reliability.
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Figure 6-5. Altitudinal Performance Variance of GPS Sensors Across Different Update Frequencies. These box

plots delineate altitude readings captured by four distinct GPS sensors, designated as 1A, 1B, 2A, and 2B. Each

sensor's performance is assessed individually (labeled 'Single') and as part of a collective group managed by a single

microcontroller (labeled 'Group'). (a) Sensor 1A displays notable variation in altitude at lower frequencies, with

outliers indicative of sporadic deviations from expected values. (b) Sensor 1B reveals tighter consistency, especially

at higher frequencies, signifying dependable altitude tracking. (c) Sensor 2A's altitude data exhibits moderate spread

across frequencies with occasional anomalies, potentially reflecting environmental influences or sensor

idiosyncrasies. (d) Sensor 2B shows distinct reliability, with reduced variability at increased frequencies, suggesting

robust altitude determination capabilities in varied operational settings.
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Running the sensors individually versus in a group does not show a consistent pattern of
interference or performance degradation, suggesting that the microcontroller system can
effectively handle multiple sensors without introducing additional noise or errors. This finding has
important implications for system design and optimization, as it suggests that the use of a single
microcontroller can streamline hardware integration without sacrificing accuracy or reliability.
Moving forward, further research may explore additional factors influencing sensor performance
and scalability considerations for large-scale deployment scenarios. The experimental data
suggests valuable insights regarding the first hypothesis in question. Integrating multiple GPS
sensors into a single microcontroller does not significantly affect performance compared to

individual microcontrollers for each sensor

To investigate the second hypothesis concerning the influence of microcontroller type on
GPS sensor performance, we compared the operation of sensors 1A, 1B, and 1C when interfaced
with an Arduino Mega and a Teensy 4.1 microcontroller. The analysis, excluding data from
different sensor setups and focusing on urban location 4, is Figure 6-14, Figure 6-15, and Figure
7-1 ((a),(c),(e)) and the statistics are summarized in Table 6-1. The data for test was collected in
urban location 4. The statistical evaluation highlighted discernible disparities in sensor outputs

when transitioning between microcontrollers.

The analysis revealed that switching from Arduino to Teensy 4.1 microcontrollers resulted
in varied sensor performance as evidenced by shifts in mean, standard deviation (SD), and root
mean square (RMS) values of altitude, residual magnitude, and angular errors. For example,
Sensor 1A exhibited a mean altitude error reduction of 2.6 m on the Teensy (~A2.6/11 m = 24%
improvement), suggesting an improvement in accuracy. However, this was accompanied by a
slight increase in residual magnitude error (~5%) and a substantial rise in angular error (~84%),
indicating potential data capture issues with the Arduino.Similarly, Sensors 1B and 1C improved
altitude error mean with the Teensy. Nevertheless, both sensors showed increases in residual
magnitude and angular errors, with Sensor 1C recording the most pronounced improvement in

altitude error mean alongside increases in error variability.

For Sensor 1A, the standard deviation (SD) for altitude error marginally decreased from

18.2654 to 17.9635, suggesting a slight improvement in measurement consistency with Teensy
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4.1. However, the residual magnitude error's mean slightly increased from 27.1901 to 28.8255,

and its SD increased from 18.0468 to 20.5957, pointing to more variability with Teensy 4.1.

Sensor 1B showed a small improvement in altitude error mean, decreasing from -18.7950
to -17.9807. Nevertheless, the SD for altitude error showed negligible change, moving from
21.4509 to 21.1937. The residual magnitude error mean increased from 31.5387 to 33.0507, and
the angular error mean also rose from 0.7556 to 1.5858, both indicative of worsened performance
in these metrics with Teensy 4.1. Sensor 1C exhibited the most substantial mean altitude error
improvement, dropping significantly from -16.9624 to -9.3860, alongside an SD increase from
17.7701 to 22.0468, which implies greater dispersion of measurements with Teensy 4.1. The
residual magnitude error's mean showed an increase from 23.3855 to 27.6662, and the SD

decreased from 21.6481 to 18.2269, suggesting less variability but higher errors on average.

RMS wvalues for altitude error decreased for Sensors 1A and 1C, corroborating
improvements in altitude measurement with the Teensy. However, increased angular RMS across
all sensors indicated a change in angular measurement precision. ANOVA tests underscored these
observations, revealing statistically significant differences in error means between the two
microcontroller types, as evidenced by extremely low p-values and high F-statistics in Table 6-2.
The extremely low p-values, all effectively zero, strongly indicate that there are statistically
significant differences in the means of the errors between the two microcontrollers for each sensor.
This signifies that changing microcontrollers does have a statistically significant impact on the
performance of the sensors across all measured error types. The F-statistics are quite high in all
cases, reinforcing the conclusion that the performance differences are significant and systematic
rather than random variations. Given these results, we must reject the null hypothesis that
swapping microcontrollers does not affect sensor performance. Instead, we conclude that the type
of microcontroller significantly impacts sensor readings. Consequently, the choice of

microcontroller for PATHFINDER needs to be validated.
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Table 6-1. Signal statistics reported by sensors 1A,1B, and 1C when connected to Arduino mega

and a Teensy 4.1 microcontroller at Urban Location 4.

Sensor Microcontroller Error Mean Median SD RMS
Altitude -21.4723 2230700 182654 28.1901
Arduino Residual 27.1901 22.0245 18.0468 32.6341
Magnitude
A Angular 0.6520 1.9263 20826 21823
Altitude -18.8130 2214700  17.9635 26.0118
Residual
Teensy 4.1 Magnituge 238255 23.3829 205957 35.4272
Angular 1.1997 1.9632 17562  2.1268
Altitude -18.7950 164700 214509 28.5201
. Residual
Arduino Magnitude 315387 23.3058 23.7673 39.4915
Angular 0.7556 1.8200 19302  2.0729
1B
Altitude -17.9807 185700 211937 27.7935
Teensy 4.1 Residual 33.0507 30.0544  19.5299 38.3896
Magnitude
Angular 15858 2.1381 15513 22185
Altitude -16.9624 -19.6700  17.7701 24.5662
Arduino Residual 23.3855 14.1612 216481 31.8673
Magnitude
Angular 0.3969 1.7016 22066  2.2420
1c
Altitude -9.3860 4133700  22.0468 23.9616
Residual
Teensy 4.1 Maonitude 276662 256796 18.2269 33.1306
Angular 16718 1.9440 12885 21107

Very small Values and very large values are rounded to 0 and inf respectively
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Table 6-2. ANOVA Testing statistics of signals from Arduino mega and Teensy 4.1

microcontrollers.
Sensor Error Type F-Statistic T-Statistic ~ P-Value
altitude 4198.959 -64.800 0
1A magnitude 1389.869 -37.281 0
angular 15750.496 -125.501 0
altitude 284.162 -16.858 0
1B magnitude 941.393 -30.682 0
angular 43794.850 -209.272 0
altitude 27896.403 -167.022 0
1C magnitude 8916.171 -94.425 0
angular 97004.172 -311.455 0

Very small Values and very large values are rounded to 0 and inf respectively

For accurate 3D localization using latitude, longitude, and altitude data, the sensor's ability to
provide precise and consistent readings is paramount. Given that residual and angular errors are
derived from latitude and longitude—which relate to the horizontal positioning—and altitude
provides the vertical component, the microcontroller that consistently yields lower errors in these
metrics would be preferable. Teensy 4.1 appears to reduce mean altitude errors for sensors 1A to

1C, which is beneficial for vertical localization accuracy.

The Residual Magnitude Error impacts the overall 2D position estimation as it is derived
from latitude and longitude. A lower residual error is indicative of more accurate 2D positioning.
The Teensy 4.1 demonstrates a slight increase in mean residual errors for sensors 1A and 1B, but
a decrease in standard deviation for sensor 1C, suggesting a trade-off between increased average
error magnitude and consistency of measurements. Angular accuracy is crucial for orientation. The
Teensy 4.1 shows an increase in mean angular errors across all sensors. However, there is a
decrease in standard deviation for sensors 1A and 1B, suggesting that while the average error is
higher, the variability of those errors is less. This could be advantageous for ML applications where

consistent error patterns are more predictable and can be corrected algorithmically.

Considering these aspects, and the significantly higher speed, multiple 10, Teensy 4.1

could be the preferred choice for PATHFINDER. For machine learning purposes, consistent error
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patterns, even if the errors are somewhat larger, can be more beneficial because the algorithms can
easily learn to correct consistent errors. Given that the Teensy 4.1 shows more consistent (less
variable) errors, it might still be the better option for feeding data into an ML model aimed at
enhancing 3D localization accuracy. The machine learning model can be trained to identify and
correct for the systematic errors that are introduced by the Teensy microcontroller, leading to a

robust 3D localization system.
6.1.2  Impact of update frequency on GPS sensors

This section evaluates the impact of polling frequency on the data parsing integrity of GPS sensors
using Teensy 4.1. The integrity assessment involved comparing the GPS coordinates parsed on
nmeaParser in MATLAB [218], with those parsed directly on the microcontroller, transmitted to
the host PC. The study was conducted using sensors 1A, 1B, 1C, 2A, and 2B, collecting 100,000
entries at 1 Hz, 5 Hz, and 0.1 Hz from two different open-field locations across four days to reduce
potential GPS signal distortion effects. The different errors we are testing for in this experiment

arc

o Parsing Accuracy Evaluation: Accuracy was assessed by verifying the congruence
between the count of NMEA sentence lines and the number of GPS fixes. The
microcontroller, for each GPS sensor, appends two newline characters post-fix,
allowing a Python script to equate the count of new line characters to GPS fixes,

thus confirming no data loss occurred between fixes.

o String Length Verification: The consistency of data string lengths was ensured,
with any strings deviating from the expected length either omitted or flagged for

further analysis.

o Range Validation: The dataset underwent a validation check on a PC using Python
to confirm that all values fell within their expected ranges and that no corrupted

characters were present.

o NMEA String Sample Assessment: A sample of NMEA strings was evaluated for
parsing accuracy by comparing reported and parsed locations within a =1 second

window from the reported time, ensuring consistency across frequencies
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o Uncategorized errors: Some errors led to data being dropped or ignored, possibly
due to anomalies in the serial monitor capture program or the Python environment

rather than the NMEA processor itself.

Table 6-3. NMEA Adafruit Parsing Library error rate and contributing factors.

Frequency Error Data points Error Length Value NMEA Uncategorized
Count collected Rate Error Validation Parsing error
(cumulative) Issues
0.1 800 100000 0.8 749 21 30 0
1 1044 100000 1.044 873 45 126 0
5 2302 100000 2.302 991 11563 158 0
10 3909 50000 7.818 2179 1352 366 12

Accepted strings are strings that have been written to the SD card and passed validation
tests. We observe in Table 6-3 that at a frequency of 5 Hz, the likelihood of data corruption is
higher than at 1 Hz and 0.1 Hz. However, no significant difference was detected between the
corruption rates at 0.1 Hz and 1 Hz. At 1 Hz, 1,044 lines out of 100,000 collected were corrupted.
When two consecutive lines were corrupted, At 10 Hz sampling rate, we noted an increase in the
corruption rate compared to both 1 Hz and 5 Hz. Particularly, the "Value Validation" error
escalates significantly at 5 Hz and 10 Hz, highlighting the decreased reliability of the system at

these frequencies.

Despite the increase in error rates, a 10 Hz frequency allows for the accumulation of a
larger volume of valid data; out of 50,000 data points, 3,909 were identified as corrupted,
translating to an error for approximately every 13 correct readings. The errors do not exhibit a
systematic pattern, with the most extended sequence of consecutive errors being three, a rare
occurrence within the dataset. The most common error configuration we recorded was a pattern of
three valid readings followed by two errors, occurring 579 times in the test. No additional
predominant error patterns were detected. This highlights that the errors are random and not due
to communication issues like buffer overflow, which would indicate themselves in a clear pattern.
All frequencies tested revealed no parsing discrepancies between accepted strings and their
corresponding NMEA strings. However, an analysis of erroneous strings rejected during the
process uncovered multiple instances of data mismatch, the introduction of extraneous characters,
and missing characters within numerical values, e.g., a reported NMEA HDOP value of 0.763

being printed as 0.73 but reported in the API as 0.763. These errors hint that some of the
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opportunistic processing of data is interrupted by the arrival of new information within the the
transmission buffer. Consequently, around 10 Hz is an upper bound on the transmission rate of the
GPS data for 5 GPS sensors, all sending approximately 5 NMEA sentences every fix. To increase
the rate of transmission means reducing the number of NMEA parameters being transmitted or

increasing the UART baud rate.

Figure 6-6 shows a timing diagram that effectively illustrates the effective impact of the
most common error modes on GPS and predictor extraction for the IRNN-DNN algorithm. At 1
HZ, the most common error pattern was one invalid fixed data line for every three valid lines of
lines. This reduction in the effective data rate is significant because when GPS signal corruption
occurs, the slower fix rate combined with data corruption elongates the interval between accurate
GPS localizations. However, at 10 Hz, even with 3 lines of consecutive corruption, the signal loss
was only 0.3 secs. 0.3 seconds translates to 3.3 HZ. This sufficiently short interval has major
implications IRNN-DNN algorithm. The IRNN-DNN should be able to robust against bad or
corrupted missing data that can appear as many as three consecutive values. The analysis also
reveals that the corruption rate per sensor remains consistent, with an average of 80,000 errors
each, across five sensors managed by a single Teensy controller result in 398,157 corrupted lines
out of 6,000,000 readings. This finding suggests that error distribution is evenly spread across the
sensors, without any single sensor displaying a disproportionate error rate. While polling at higher
frequencies, the average error rate increases by at least a factor of 3; the effective localization rate,
as provided by the GPS, is significantly higher. Despite a higher absolute number of errors at
increased frequencies, the ratio of valid data to corrupted data suggests that the impact on the
effective localization rate is less severe than might be expected based solely on the error rate. This
suggests that higher frequency polling can still yield a net gain in usable localization data for
applications where more frequent updates are critical. Consequently, the pathfinder system can

parse the data at 10 Hz.
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Figure 6-6. Evaluation of Optimal Operational Frequency Despite Error Occurrences. The diagram contrasts effective
sampling intervals across different operational scenarios. Despite a set 1 Hz sampling frequency, error instances
(depicted as crosses) can significantly lower the effective sampling frequency, but at the optimal frequency (green),
the system maintains an effective 2.5 Hz despite higher number of errors. Higher set frequencies, like 10 Hz, endure

errors without a substantial drop in effective frequency, indicating a benefit in data collection. Checkmarks show

successful data captures. The 2nd error mode only increases the effective frequency
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Figure 6-7. Time Scatter Plot Analysis of GPS Sensor Performance at different update frequencies over time in
semi-urban location 2. (a) The residual error scatter plot showcases the stability of GPS signal accuracy across
different update frequencies. Occasional sharp declines in error suggest improvements in accuracy, likely due to
additional satellites coming into the sensor's field of view, reducing signal masking. (b) The angular error plot
indicates sudden shifts in error direction, hinting at changes in satellite positioning relative to the sensor. Notably,
a change to positive 2x radians suggests the new satellite signal is from a westerly direction, aligning with typical
GPS satellite movement from west to east. (c) The altitude error plot correlates with the other two, where a decrease
in error magnitude coincides with the satellite visibility, supporting the hypothesis that new satellite data can

significantly impact sensor accuracy.

Transmission and polling rate is one half of the coin. The other is if GPS fix rate. Fix rate
is number of times the GPS sensors and their co-processor process the signals revived from the
satellite and perform trilateration calculations. Having a higher effective fix rate means that the
effects of the environment on satellite signals can be more easily distinguished. However, very
high frequency rates may also mean that signal artifacts and other noises are more prevalent in the

signal.
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In the context of stationary GPS sensors capturing data for analysis, periodicity within the
error measurements is a significant factor that can be exploited for error correction. A distinct
alignment of error periodicity is visually observed at a 1, 3 and 10 Hz update frequency, seen in
Figure 6-7. This suggests that at these frequencies, the sensor is neither too slow to miss the
periodic event nor too fast to introduce excessive noise. Figure 6-7 (b) highlights the presence of
noise amidst the oscillation in altitude errors. While the noise complicates the direct use of these
oscillations for error correction, the underlying periodicity is still a valuable characteristic.
however, by corelating the periodicity of the altitude height, it is possible to identify a periodic
nature of the angular error. This means that we can predict an inverse corrector for the GPS error
in the future to account for offset angle based on past performance. The identification of periodic
nature in angular errors, correlated with altitude height, provides an opportunity to design
predictive models that can counteract GPS errors. If the periodic errors are consistent and
predictable, a model could be trained to apply an inverse correction factor to the GPS data,
effectively compensating for the anticipated error at any given time. An RNN could learn the
temporal patterns of these errors, using historical data to predict the phase and magnitude of the
error and apply a real-time corrective offset. RNNs are well-suited to this task due to their inherent
design, which allows them to recognize and predict sequences in time-series data. By training an
RNN on the historical GPS data, including the identified periodic errors, the network could learn
to predict future errors. This predictive capability could then be used to apply an inverse corrector
to the incoming GPS data, potentially improving accuracy by compensating for the periodic error

component.

The time scatter plots, Figure 6-7, illustrate marked fluctuations in GPS signal accuracy,
delineated by breaks in the data corresponding to sudden jumps in error, likely caused by changes
in satellite visibility. Specifically, in Figure 6-7 (c), we observe that the radial altitude error
decreases markedly at certain frequencies, indicating the potential acquisition of a signal from a
new GPS satellite coming into view. In the second plot, Figure 6-7 (b), there is an immediate
reversal in the direction of the error following the decrease, which supports the hypothesis of
altered satellite visibility. This sudden directional change in error, accompanied by a substantial
reduction in the magnitude of the residual error, Figure 6-7 (a), points to a significant latitude error
component, as suggested by the orientation of the sensors in the North-East-Up (NEU) coordinate

frame during the experiment. The positive angular shift of approximately +2x radians implies an
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error predominantly in the westerly direction, consistent with the expected movement of GPS
satellites from west to east. The concurrent drop in altitude error further bolsters the argument that
a newly visible satellite contributed positively to signal accuracy. Finally, the plot captures a
pronounced increase in error magnitude roughly 1000 seconds later, which could be attributed to
a GPS satellite moving out of visibility, instantaneously exacerbating the error. These
observations, captured through the scatter plots, offer substantive evidence of how GPS signal
quality is dynamically modulated by the shifting coverage of the satellite constellation. The in-
depth analysis of stationary GPS sensor data reveals that periodicity in altitude and latitude errors,
particularly evident at specific update frequencies, can be harnessed for predictive error correction.
We can look at Table 6-5 and Table 6-6 to see if it is possible to identify other secondary

relationships through a co-factor analysis. This is done in section 6.2.

Across all sensors, there is a discernible effect of sampling frequency on data variability.
Sensors tend to perform differently at specific frequencies, which should be considered when
setting up the data collection protocol or training ML models. The performance of each sensor
appears to be individualistic, with some showing better precision at higher frequencies and others
at lower frequencies. This individual performance characteristic should be factored into an ML
model as it can affect the prediction depending on which sensor's data it is processing. The
provided information in Figure 6-7 indicates that there are observable periodic trends in the altitude
and latitude errors, particularly at certain update frequencies. When examining the altitude error
across various frequencies, any periodic behavior suggests an underlying systematic influence on
the GPS sensor's readings. For example, if the altitude error displays regular oscillations, it could
be indicative of atmospheric conditions, satellite geometry, or multi-path effects that have a
cyclical nature. This periodicity could be influenced by factors like satellite positions changing in
a predictable pattern. Urban locations with strong reflectors can change this periodicity, by
blocking the signal, or having signal propagate for a longer distance through multi-path reflections.
IRNN-DNN can exploit this periodicity for error correction. Consequently, a high fix rate is

needed for the algorithm to function more effectively.

Our study demonstrates that consolidating sensor connections onto a single microcontroller
does not compromise system performance or introduce significant errors. This finding has

important implications for system design and optimization, as it suggests that using a single

110



microcontroller can streamline hardware integration without sacrificing accuracy or reliability.
Moving forward, further research may explore additional factors influencing sensor performance
and scalability considerations for large-scale deployment scenarios. Additionally, given that each
sensor functions better at a different frequency, we could use corrective and inverse variance
weighting methods to account for the GPS sensor-specific and operating frequency-specific
methods. This evidence validates the application of the inverse variance-based weighted filter
discussed in section 3.2. While no evidence supported the hypothesis that faster GPS fixes will
result in more accurate localization fixes, potential trends were found in the GPS error signals that
may be utilized for error correction. Running the entire embedded stack at these higher speeds of
10 Hz allows for a significantly greater volume of data points that can be analyzed for pattern-

based collection.
6.1.3 Impact of receiver variation and sensor tolerance

In examining the impact of receiver variation and sensor tolerance on GPS data accuracy and
precision, our study targeted hypothesis that disparities in manufacturing, processing, and internal
clock timing among identical GPS receivers result in measurable differences in positional data
quality. To address this, we conducted a detailed comparative analysis of multiple GPS receivers
of the same make and model. Each receiver was equipped with external active antennas that had
undergone impedance matching within a 10% tolerance range, reducing potential discrepancies
due to antenna variations. This setup allowed us to focus on intrinsic differences between the

receivers themselves.
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more dynamic environmental factors or sensor sensitivity to signal changes. (c) At 3 Hz, the errors are more pronounced and erratic, possibly reflecting the compounded effect
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of increased data capture rate and environmental noise. (d) The 5 Hz frequency plot reveals a pattern of sharp peaks, indicating significant, abrupt changes in the error

magnitude, possibly due to sudden shifts in GPS satellite visibility or signal multipathing effects. (¢) At the highest frequency of 10 Hz, the angular error demonstrates high

variability, with rapid oscillations that suggest the sensor's heightened reactivity to satellite dynamics or immediate environmental disruptions.
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Figure 6-9. Overview of GPS Sensor Residual Magnitude Errors Across Frequencies. These graphs depict the deviation from true position by various sensors over time,
showing their performance at different update rates. (a) Sensor 1A is highly variable at 0.1 Hz. (b) At 1 Hz, volatility arises in all sensors except 1B. (c) Sensor 1A displays
erratic behavior at 3 Hz. (d) At 5 Hz, Sensors 1A and 2A's errors surge, indicating high-frequency sensitivity. (¢) At 10 Hz, Sensor 1A's errors escalate, 1B lacks stability,
2A's performance improves, while 2B consistently maintains accuracy. This contrast underscores the necessity for selective frequency application to match sensor capabilities

with operational demands.
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The analysis of the data collected in identical test conditions is presented in Figure 6-8, Figure 6-
9, and Figure 6-10 which presents evidence of distinct performance characteristics among the

receivers, which exhibited variances in signal processing capabilities and precision.

At higher frequencies, sensor 1A showed signal integrity, suggesting robust internal
processing that could counteract the expected increase in error rates typically associated with rapid
data capture. Sensor 1A demonstrated this resilience, particularly at 10 Hz, where it managed to
keep the residual error below the anticipated threshold, as shown in the residual error plot, where
its curve remains lower compared to its counterparts. Conversely, Receiver 1B achieved optimal
performance at a lower frequency of 1 Hz. Its data output revealed a significant reduction in
angular and residual altitude errors when compared to its performance at 10 Hz, which was evident
from the angular error graph where its error rate notably decreased. Receiver 2A, displayed a high
level of precision in angular error at 3 Hz amidst urban multipath propagation, whereas Receiver
2B showed substantial signal degradation under similar conditions. A statistical analysis elucidated
that the performance between different receivers was not correlated, signifying manufacturing
variations did not translate to a uniform impact on performance. The temporal synchronization of
the receivers also allows us to discern collective error trends. Altitude error trends are discernible
at 3 Hz, manifesting across several units simultaneously. This commonality in error occurrence

points to the potential for system-wide correction strategies.

The overall consistency of each sensor's performance was similar when repeated runs were
conducted at high frequencies (Table B-1 and Table B-2). This repeatability is pivotal as it implies
that the inherent errors within a receiver remain stable over time at higher frequencies, which is
beneficial for developing correction algorithms. Significant is the consistency at higher operating
frequencies. This is a secondary validation of the finding that the GPS sensors need to operate at
high frequency for repeatable performance. Consequently, 5+Hz is a good target frequency for the

operation frequency for PATHFIINDER.

Examining the information presented in Table B-1 and Table B-2 and comparing it with
the temporal plots in Figure 6-8, Figure 6-9, and Figure 6-10 at a significance level of 0.05, we
observed consistent performance in the following sensor-frequency-error type combinations

during two separate testing instances. This consistency is evidenced by P-Values exceeding 0.05
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and F-Statistics approximating 1 for the following senor, parameter, and operating speed

parameters:
o Sensor 1A at 10Hz for all distance, altitude, and angular errors
o Sensor 1B at 3+ Hz for angular and distance error
o Sensor 1B at 10 Hz for altitude error
o Sensor 2A at 10 HZ for all distance, altitude, and angular errors
o Sensor 2B at 10 HZ for all distance, altitude, and angular errors

At various other points and during other testing iterations, the results also indicate marked
discrepancies in the variability and average values across the lower frequencies. With P-values
registering well below the threshold of 0.05, the statistical significance of these discrepancies is
affirmed, endorsing the hypothesis that sensor data exhibit variability. Furthermore, the F-
Statistics generally deviate from unity, pointing to unequal variances and suggesting that the data
display heteroscedasticity, which is the presence of non-constant variability within the dataset.
Thus the sensor noise is unpredictable at lower frequencies. At higher frequencies (above 5 Hz),
we see indications of significantly lower heteroscedasticity and minor indications of

homoscedasticity within the dataset(s).

This leads to following conclusions: Our study refutes the hypothesis that identical GPS

receivers inherently experience measurable performance disparities due to manufacturing,

processing, and clock differences. The performance profile of each receiver is unique and more

stable at higher frequencies. These individualistic performance characteristics emphasize the

necessity of accounting for each receiver's unique behavior in data collection and processing. It
also highlights the potential for using machine learning models, like RNNs, to correct for errors,

especially given the periodic nature of certain discrepancies.
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6.1.4  Impact of location on residual error
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Figure 6-11. GPS Error Distribution in Semi-Urban Environment. This polar scatter plot illustrates the

magnitude and direction of GPS errors for four sensors (1A, 1B, 1C, 2A) in a semi-urban setting. Data
points represent the angular deviation and distance from true position; closer clusters suggest higher
accuracy. Distinct colors for each sensor reveal their error profiles, with denser clusters indicating more
consistent readings. The plot indicates moderate GPS performance, with errors less scattered than in
dense urban areas but less concentrated than in open fields, supporting the theory of environmental

complexity affecting GPS accuracy.

The hypothesis being tested posits that the operational environment significantly influences GPS
receiver accuracy and reliability. The visual data presented in Figure 6-11, Figure 6-12, and Figure
6-13 supports this hypothesis. Given the large volume of data collected, the figures are plotting
the data collected by the sensors at one example test site for semi-urban, urban, and open field
locations respectively. Table B-3 to Table B-8 present the key statistical parameters about the data
captured at the locations studied in this section and used to train the IRNN-DNN model. Previous
sections have established that the sensors are all unique and individually contribute negligibly to
the overall error characteristics at any one location. Any trends observed in all sensors performance
across the different locations are most strongly influenced by the location rather than other
characteristics. All the data compared was collected at frequency of 10Hz. The spatial distribution

of GPS data across different environments reveals telling insights into the impact of operational
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settings on GPS receiver accuracy and reliability. Examining the figures corresponding to each
environment, we observe distinct patterns that further support the hypothesis of environmental

influence.

In an open-field environment, as shown in Figure 6-13, the scatter plot from this
environment demonstrates relatively lower residual errors, indicating a higher level of precision in
the GPS data. The magnitude of the spread is with 5 to 8 m radius. Sensors 1B and 2B exhibit a
~30 (0.52 rad) and ~330 (~5.76 rad) east angular error. I A and 2A do not present any significant
preference in the axis of spread. The error distribution for open-field locations shows a more
circular spread, which conveys a relatively uniform dispersion of GPS errors in all directions. This
pattern is expected in open-field scenarios where the absence of significant obstacles allows for a
clear line of sight to GPS satellites, resulting in more consistent signal reception and fewer

directional errors.

In urban settings (Figure 6-12), the same GPS sensor’s performance displays noticeable
degradation. In urban areas, the spatial error distribution of GPS readings exhibits elongated
ellipses, indicative of a directional bias in the GPS errors. Sensor 1B is particularly affected with
error magnitudes of 146 meters. The other sensors have errors concentrated in the 50-75 m range.
The angular error is well constrained between the 30° to 60° arc and the 210° to 240° east arc. This
shape suggests a prevalent influence of signal reflection and multipath interference caused by tall
buildings and dense infrastructure. The presence of a well-defined primary and secondary axis
within these ellipses implies that certain directions within the urban landscape are more susceptible
to GPS inaccuracies due to consistent, directional sources of interference when operating in a

stationary location.

In semi-urban environments, the results (Figure 6-11) present an intermediate state between open
fields and dense urban landscapes. The error spread in these conditions, while more pronounced
than in open fields, is less severe than in urban settings at 20-35 meters. This outcome is aligned
with the hypothesis, revealing a direct correlation between environmental complexity and GPS
performance. Sensor 2B and 2A have a North-South spread. 2B has initial cluster of values far
from the definite cluster. This is possibly an artifact from the trilateration process taking too long

to solve for a position upon cold start. This is statistically significant and can be ignored in the
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study. The semi-urban environment, lying between the complexity of urban settings and the
openness of fields, presents a hybrid pattern. The spread of GPS data is larger than in open fields,
suggesting increased signal disruption compared to open environments. However, the definition
of the primary and secondary axes is less distinct than in urban environments. This less defined
axis suggests that while there are obstructions causing GPS signal errors, they do not produce as
consistent directional bias as seen in densely built urban areas. The error distribution is somewhat
elongated, yet lacks the pronounced directional bias of urban readings, indicating a more

randomized array of obstructions affecting the signal.

o ° GPS 1A
120° € 60° GPS 1C
= * GPS 2A
g - GPS 2B
w100
150° 8 30°
©
B
(0]
o 50
o - Degrees
180 0 East
) '“J
210° { 330°
&
240° 300°

270°

Figure 6-12. GPS Error Distribution in an Urban Setting. The graph illustrates spatial error patterns of GPS sensors
in an urban area, with the elongated ellipses representing directional biases in GPS errors. These biases highlight
the impact of signal reflection and multipath interference, causing consistent inaccuracies in specific directions.
The pronounced axes of the ellipses signify predictable error vectors, pointing to the directional nature of urban

GPS interference.
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Figure 6-13. GPS Error Characterization in Open Field Conditions. The polar plot displays the distribution
of GPS errors for multiple sensors in an open field, a setting with minimal signal obstructions. The radial
spread indicates the magnitude of error from the true position, with a tighter cluster suggesting higher
accuracy. The plot reflects lower error values and less directional bias, confirming the expected superior

performance of GPS in open-field environments.

The operational environment's influence on GPS reliability and accuracy is corroborated
by these findings. Urban environments, with their inherent challenges, significantly impact the
quality of GPS data. In contrast, open fields, with clear lines of sight to satellites and minimal

electromagnetic interference, yield the most reliable GPS signals.
6.2 A DISCUSSION ON THE IMPLICATION FOR GPS MACHINE LEARNING

The spatial characteristics reflect the varying degrees of GPS signal interference present in each
environmental context. In designing and optimizing GPS-dependent applications for different
operational environments, these insights are critical. They emphasize the need for adaptive systems
capable of accounting for environmental-specific error patterns to maintain GPS accuracy and

reliability. For instance, UAV navigation systems could be equipped with environmental-aware
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algorithms that adjust for the observed spatial error tendencies, ensuring better localization
accuracy regardless of the operational setting. These systems can also monitor and assign
confidence to each of error prediction, discarding low confidence predictions. This potentially adds

to the overall stability and accuracy of the localization system.

In urban settings, GPS sensors 1A, 1B, and 1C’s time series performance, as depicted in
Figure 6-14, Figure 6-15, and Figure 6-16, reveals various signal characteristics crucial for

machine learning model training.

For Sensor 1A, the original signal is characterized by high volatility with pronounced
spikes, suggesting possible large instantaneous errors in position estimation. After applying an
inverse variance weighting filter, the filtered signal demonstrates a reduction in noise, offering a
clearer view of underlying trends. This indicates that preprocessing steps like filtering benefit

machine learning models by allowing them to concentrate on significant trends over noise.

Sensor 1B exhibits a similar original signal to Sensor 1A, albeit with diminished volatility.
Given its distinct behavior, the ML model may require different parameters or thresholds for
training on data from this sensor. The filtered signal for Sensor 1B also demonstrates substantial
fluctuations, hinting at periodic patterns in the filtered signal, which could be a valuable feature

for time-based learning in the ML model.

The time series for Sensor 1C shows the least volatility in its original signal, indicating
more stability or fewer abrupt errors. It's important for the ML model to be trained to handle this
stability without overfitting, as it may encounter different scenarios in practice. The lower
variability in the filtered signal for Sensor 1C suggests that the inverse variance weighting filter is

effective, and the ML model should incorporate this stability into its error estimation.
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Figure 6-14. Time series plot of error signals from GPS sensor 1A operating in urban location 4, (a) raw angular error
signals as reported by GPS DAQ system; (b) angular error signals after the application of Windowed inverse variance
weighted correction filter; (c) raw magnitude error signals as reported by GPS DAQ system; (d) magnitude error signals
after the application of Windowed inverse variance weighted correction filter; (e) raw altitude error signals as reported by

GPS DAQ system; (f) altitude error signals after the application of Windowed inverse variance weighted correction filter.
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Figure 6-15. Time series plot of error signals from GPS sensor 1B operating in urban location 4, (a) raw angular error
signals as reported by GPS DAQ system; (b) angular error signals after the application of Windowed inverse variance
weighted correction filter; (c) raw magnitude error signals as reported by GPS DAQ system; (d) magnitude error signals
after the application of Windowed inverse variance weighted correction filter; (e) raw altitude error signals as reported by

GPS DAQ system; (f) altitude error signals after the application of Windowed inverse variance weighted correction filter.
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Figure 6-16. Time series plot of error signals from GPS sensor 1C operating in urban location 4, (a) raw angular error signals
as reported by GPS DAQ system; (b) angular error signals after the application of Windowed inverse variance weighted
correction filter; (c) raw magnitude error signals as reported by GPS DAQ system; (d) magnitude error signals after the
application of Windowed inverse variance weighted correction filter; (e) raw altitude error signals as reported by GPS DAQ

system; (f) altitude error signals after the application of Windowed inverse variance weighted correction filter.
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Table 6-4. Statistical properties of error signal before and after applying the waited inverse variance filter.

Sensor Error RMSE RMSE ARMSE Variance Variance AVariance AdB
Type pre- post- pre- post-
filtering filtering filtering filtering

Altitude 27123  25.186 1.936 329.924 228.505 101.418 1.595

1A Angular 2.155 2.108 0.047 3.786 3.474 0.312 0.373
Magnitude 34.059  33.356 0.703 375.604 343.522 32.082 0.388
Altitude 28.159  24.784 3.376 454.823 273.515 181.308 2.209

1B Angular 2.147 2.115 0.032 3.239 3.064 0.174 0.240
Magnitude 38.944  38.316 0.628 473.723 435.217 38.507 0.368
Altitude 24266  21.055 3.211 415.270 269.796 145.474 1.873

1C Angular 2177 2.151 0.026 3.671 3.574 0.097 0.116

Magnitude 32.505  32.210 0.295 405.012 391.659 13.353 0.146

The inverse variance weighted filter, applied over a window size of W = 1500 data points,
corresponding to approximately 150 seconds or 2.5 minutes of data, carries significant
implications for the preprocessing of GPS sensor errors in machine learning applications. This
window size, precisely a multiple of 25, was deliberately selected by the author for testing
purposes, based on observational insights, as a suggested parameter for filtering the data prior to
input into MATLAB for signal processing. Further investigation is warranted to comprehensively

elucidate its effects. Section 7.1disscusses this further.

The analysis of the GPS sensor errors before and after the application of the inverse
variance weighting filter is summarized in Table 6-4, showing the RMSE values and the
corresponding improvement. The 'ITmprovement (A)' column indicates how much the error has
been reduced by the filter. A positive value indicated that the filtered signal is cleaner than the
unprocessed signal. To understand the impact of the filter, we look at the data with a short window
of 2.5 minutes. For all sensors and error types, the application of the inverse variance weighting
filter has led to an improvement in signal quality, as evidenced by a decrease in RMSE and

variance values.
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Sensor 1C showed the greatest improvement with a reduction of 3.2110 in RMSE, followed
by sensor 1B (3.3755) and sensor 1A (1.9364). This suggests that the filter is particularly effective
in environments with altitude-related GPS signal interference. The improvement is less
pronounced across all sensors for angular error, with the greatest improvement being 0.0470 for
sensor 1A. This could indicate that angular errors are less susceptible to the noise that the inverse
variance weighting filter is targeting. There is a moderate improvement in magnitude error for all

sensors, with sensor 1A seeing the largest reduction in RMSE by 0.7032.

The 'Variance Reduction' column quantifies the decrease in the power of the noise or
unwanted variations in the signal. Sensor 1B shows the most significant reduction in variance for
altitude error (181.3083), which is congruent with the greatest improvement in RMSE. The altitude
error has generally seen a substantial variance reduction across all sensors, suggesting that the

filter is particularly effective at enhancing the altitude signal's characteristics for the algorithm.

For angular and magnitude errors, while the improvement in RMSE is less than for altitude
error, there is still a notable reduction in variance, indicating a purer signal for these error types as
well. The improvement in RMSE and variance reduction across different error types and sensors
confirm the filter's effectiveness and its positive impact on the machine learning algorithm's

potential performance, with a consistent enhancement across different error types and sensors.

By examining the correlation coefficients from Table 6-5 and Table 6-6 and integrating
insights from the signal-to-noise ratio analyses performed earlier, we can construct a narrative on

optimizing and explaining IRNN-DNN model performance for GPS error correction application.
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Table 6-5. Co-relation coefficient table of offset error by GPS at different open field locations and signal

characteristics.

Height T Aitogs
eig ime itude
lowe  0PS \oies rpored rpre  Rorea S0 AREETOr  Ropord
(m) in view HDOP VDOP Alfitude  ~pg g sonlevel

(m)
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o | [ arme  otw oo oz 0000s 3.1505@228.58° 2907131
145 06426  -05492 07073 02484 00822 708763@dd4te 28039234
0 01094 01458 08888 01048 18040@249004° 0480926
075 00726 04708 : 08387  -01009 49819@337.83 M1
ot | | omm  omm . 04127 00152 4.9818@321.79° 09973
145 00041 -0.0187 . 02568 00202 79.4214@500420 SH302493
0 01527 -0.0402 05478 00048  05560@7.125° 0022933
0.75 08824 0.8479 : 08623 00028 50038@340.794° 5900901
o | | oome  oorss  onew oame oo 5.0038@36.770 2880812
145 00109 0.1476 : 0.1857  0.0060 894273@48400 108920
0 03608  -0.3643 09716 00284 26375@325.890° S+A68170
0.75 00924 00542 : 02489 01000 3.1505@311.64° 0985088
o | | ooms o : 02516 00080 3.1505@327.620 o 1082%%
145 07132 -0.7661 : 07661 00321  79.9270@46.200 1394V
0 00048 0.0400 09231 00299 03967@13.120 0933
0.75 05516 05439 01871 04799  -0.0451 59304@32035° o 000280
o | 2| om0z . 03985 00364 40771@337.830 OO 130874
145 05626  -0.5581 . 06976 00275 92.0065@4861° S 00!

Locations tested had an average height of 32.95 meters above sea level. Heights were measured against the NOAA height
marker with designation - U OF W MON 15. Data composite from open field locations 1 and 2. At 1.45 m above the ground,
all 5 GPS sensors reported dramatic increase in the average error. This is most like caused either by reflections of GPS
signals from ground, or some other unforeseen interference. The 1.45 m data will be, however, used in the training of the
model, as the ML test system is also placed at the height of approximately 1.45 m AGL.
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Table 6-6. Co-relation coefficient table of offset error by GPS at different urban locations and signal

characteristics.
Average Error Average
Helgnt Numberof ~ GPS GPS - (m@-N)  Atiude
Above . Time since Reported
GPSID  satellites reported Reported .
Ground o . last GPS fix above
in view HDOP Altitude
(m) sea-level
(m)
0 - 0.5607 0.2993 -0.0266 9.6332@218.12 51,304
0.75 -0.6187 0.6075 -0.6381 0.0548 168514@282.22 81814
1A
1.041 -0.4703 0.4807 0.8794 0.0104 17.3939@277.86 82877
1.45 -0.6992 0.6034 0.3372 0.0790 16.4668@259.38  70.084
0 -0.6900 0.6497 0.9386 -0.0260 16:7152@251.67  63.622
0.75 -0.4123 0.2477 -0.5854 0.0267 20075@330.24  37.851
— 1B
1.041 -0.5265 0.5807 0.2643 0.1082 38.2415@274.64 - 61.351
1.45 0.0041 -0.0187 -0.2568 -0.0125 38.2415@274.64  87.386
0 -0.8610 0.4287 0.9059 0.0037 11.8277@255.63  45.932
0.75 0.2969 -0.0855 -0.8540 -0.0914 17.1251@254.14 85472
e e— 1C
1.041 0.5923 -0.5739 0.2005 -0.0089 38.2415@274.64 82.513
1.45 0.0109 0.1476 0.1857 0.0225 14.3849@248.59  86.982
0 0.0177 0.1048 0.5123 -0.0242 159227@294.83  38.115
0.75 0.1734 -0.3432 -0.8176 0.0020 18.6703@274.12 85.041
— 2A
1.041 -0.0849 00167 02181 0.0359 10.6437@371.40  99.103
1.45 0.7132 -0.7661 -0.8534 0.0332 21.1100@262.73  91.647
0 -0.5460 0.5237 0.3156 -0.0688 16.3922@200.28  40.432
0.75 0.6830 -0.6816 -0.5210 0.1460 14.8708@298.92  81.269
— 2B
1.041 0.2027 -0.2153 -0.4190 -0.0644 7.8330@284.93 87.308
1.45 0.5626 -0.5581 -0.6976 -0.0601 20.4525@266.56  81.908

Locations tested had an average height of 59.890 meters. Heights were measured against the NOAA height marker with
designation - U W 4 RESET. Data composite from urban location1, urban location 2 and urban location 3. Urban location
1 was not included in the analysis for sensors 2A, 2B
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In open fields, the absence of significant obstructions leads to straightforward signal
acquisition, characterized by lower HDOP and VDOP values. The correlation coefficients are
generally in line with expectations. For instance, GPS ID 1A and 2A in open fields exhibit weaker
correlation coefficients than their urban counterparts, suggesting a less challenging environment
for signal processing. Specifically, GPS 1A at the height of 1.45 meters shows a strong positive
correlation with the number of satellites in view (0.6426), but a strong negative correlation with
GPS-reported VDOP (-0.7073). This indicates that while satellite visibility is good, the vertical
precision is compromised, likely due to the positioning of the satellites. This simplicity, while
facilitating clear signal reception, provides less "raw material" for machine learning algorithms

that thrive on complex patterns (Table 6-5). Thus, the impact of the IRNN-DNN in relatively good

signal conditions is limited. However, in urban conditions, with complex multi-path effects, the

correlation values are not straight-forward.

In Table 6-6, error magnitude shows complex correlation relationships with signal quality
predictors. Typically, one expects a positive correlation between HDOP and errors: as HDOP
improves (i.e., decreases), the accuracy and precision of the GPS readings should improve (i.e.,
errors decrease). however, GPS 1A at 0.75 m instead presents a high negative correlation with
HDOP (-0.6187). Altitude variances further indicate the differential effects of urban structures on
GPS accuracy when placed at different heights from the ground. For example, GPS 1A reports an
altitude of 81.814 meters ASL when placed at 0.75 AGL and 70.084 meters ASL at 1.45 meters
AGL,; receivers report an 11.73 m change in height when the actual height has changed by 0.7
meters. Similarly, other GPS sensors also misrepresent the altitudinal change by significant
margins. The presence of strong correlations, even when they are counterintuitive, serves as potent
learning indicators for ML models. An example is the strong negative correlation between the
number of satellites and accuracy observed in GPS 1C at ground level (-0.8610). Contrary to
expectations, an increased number of satellites in dense urban areas does not necessarily improve
accuracy due to the increased likelihood of signal reflection and refraction from surrounding
buildings. GPS 1A shows a correlation coefficient of -0.6187 at 0.75 meters for HDOP, indicating
a strong negative relationship, whereas at 1.45 meters, the coefficient is -0.6992, suggesting an
even stronger influence of HDOP on accuracy as altitude increases. This trend is consistent across
other sensors, such as GPS 1B and GPS 1C, indicating that higher altitudes may exacerbate the

negative impact of HDOP on GPS accuracy. This could be due to the increased exposure to satellite
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signals at higher altitudes, which might introduce more multipath and signal masking noise
through additional signal paths that are less obstructed, leading poorer trilateration solutions.
Training machine learning models to account for these variances can significantly improve their
ability to predict GPS errors by incorporating how altitude differences, relative to sensor height,

influence positional accuracy.

The varying correlation coefficients among different predictors across GPS sensors
underscore the complex and heterogeneous nature of environmental influences on GPS accuracy.
Sensor 2B shows moderate negative co-relation with number of available satellites, when at Om
AGL and becomes moderately positively corelated at 1.45 m AGL, with the correlation magnitude
being approximately the same. The diversity in predictor impact in Table 6-5 reveals that GPS
error characteristics are not universally consistent but rather depend on specific conditions and
sensor configurations. This highlights how environmental and sensor-specific factors can alter the
traditional expectations of HDOP's impact on positional accuracy. These differences suggest that
models need to be context-aware, adapting to the specific characteristics of each sensor's data and

its interaction with the environment. Thus IRNN-DNN needs to have individualized models for

different errors at different locations.

Building upon the detailed insights derived from the analysis of urban and open field
environments, the proposed IRNN-DNN model performance in urban areas can be explained by
its ability to integrate and leverage complex relationships and correlations identified in the GPS
data. Additionally, the model benefits from incorporating temporal data and subtle patterns, such
as the changes in error magnitude with altitude and the variance in error correlations with signal

predictors.

The RNN component of the model is adept at capturing the dynamics within time series
data. An examination of the spectrograms (Figure 6-17(a) and Figure 6-17 (b)), reveals distinct
characteristics of the GPS error signals. The spectrogram analyses, essentially short-time Fourier
transforms across a small temporal window, displayed in Figure 6-17 (a) and Figure 6-17 (b)
characterize the GPS error signals across open-field and urban environments. Figure 6-17 (a),
illustrating an open field scenario, shows a consistent spectral power distribution concentrated

primarily in the lower frequencies with minimal activity above 0.1 Hz throughout the 10-minute
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recording. This uniformity suggests stable GPS signal conditions typical in open fields, where
interference is minimal. Conversely, Figure 6-17 (b), depicting an urban setting, presents a more
complex spectral profile characterized by intermittent spikes of spectral power at higher
frequencies, notably around the 0.5-,2-, 6.5-, and 9-minute marks. These peaks indicate disruptions
likely caused by urban structures affecting signal path and integrity. The time series data in Figure
6-17 (c) provides further clarity on these observations. The green line, representing the open field,
maintains a low and stable error margin close to the baseline, confirming the minimal signal
disturbance. In contrast, the urban setting (red line) exhibits notable volatility with sharp error
peaks, particularly aligning with the spectral bursts observed at 0.5, 2, 6.5, and 9 minutes in Figure

6-17 (b), underscoring the significance of the temporal study of GPS disruptions.

These insights drawn from the spectrograms and time series plots underscore the complex
nature of GPS errors in urban landscapes, suggesting that transient and high-frequency errors
dominate in such settings. This temporal complexity is critical for selecting appropriate modeling
techniques like Long Short-Term Memory (LSTM) networks over simpler Deep Neural Networks
(DNNs). Unlike DNNs, LSTMs are equipped to leverage their memory capabilities to predict
future values based on learned data dependencies over time, which is ideal for the error

characteristics observed. LSTM preferred over other types o

The choice of LSTM parameters is directly informed by these spectral and temporal
analyses. Given the data's sampling rate of 10 Hz over an 11-minute duration, the selected
spectrogram resolution of 50 seconds with a 50% window overlap provides a comprehensive view
of the significant low-frequency content and its variations over time. To align with these insights,
the LSTM's input sequence length is set at 25 samples, corresponding to a 2.5-second window.
This setup allows the LSTM to detect and respond to rapid changes within the overarching patterns
identified in the spectrogram, offering a finer temporal resolution that is crucial for effective

navigation and error correction in dynamic urban environments.

131



-140 dB -120 dB -100 dB -80 dB -60 dB 40 dB 0dB

Frequency (Hz)

0 1 2 3 4 5 6 7 8 9 10
Time (minutes)

(@)

15 dB 30dB

Frequency (Hz)

0 1 2 3 4 5 6 7 8 9 10
Time (minutes)

(b)

® Urban Location 3

© Open Field Location 1

Residual Magnitude Error

Time (minutes)

(c)
Figure 6-17. Comparative analysis of GPS error signals from sensor 1A in Open Field location 2 and Urban
Location 3. (a) Spectrogram for open field shows stable, low-frequency signal distribution, indicating minimal
interference. (b) Urban environment spectrogram exhibits intermittent high-activity bursts at specific intervals (2,
5, and 9 minutes), reflecting signal disruptions by urban structures. (c) Time series plot correlates with spectrogram
data, showing stable error margins in open field 2 (green) and fluctuating errors in urban location 3(red), supporting

the use of LSTM for dynamic error correction.
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Additionally, the LSTM model’s ability to maintain 10 historical hidden states over 25-
second windows (totaling 250 seconds) allows it to encompass longer temporal patterns that match
the error peaks observed in the urban GPS data. This capability is essential for understanding and
predicting the error dynamics over intervals highlighted in the spectrograms, such as the recurring

disturbances at specific minutes marked by increased spectral power.

Ultimately, the detailed examination of the spectrogram’s temporal and frequency data not
only justifies the use of LSTM for modeling GPS errors in urban settings but also guides the
specific starting configuration of the model to optimize performance, with the subsequent DNN
layers effectively generalize these features to make accurate predictions. This two-tiered approach
ensures that both temporal patterns and deep-seated correlations are utilized, making the model

robust against the diverse conditions encountered in different environments.

The rationale for employing an environmental classifier in conjunction with an RNN+DNN
model also stems from the distinct variations in GPS signal behavior observed across different
settings, as detailed in Table 6-5 and Table 6-6. The different co-relation(s) discussed previously
also show that each location is unique and having IRNN-DNN model individually trained to
perform in each of these locations has the potential to be inherently superior and more explainable
than a single composite model. An environmental classifier would thus be instrumental in
discerning the type of environment based on identifiable GPS signal characteristics and selecting
the most appropriate RNN+DNN model tailored to that environment's specific challenges. This
approach allows for the dynamic optimization of model performance by leveraging environment-
specific features and correlations highlighted in the tables. As this model is interested in
relationships between data rather than temporal characteristics, a conventional neural network or
K-nearest neighbors or decision tree would ideal. In this thesis a neural network classifier model

is studied in the following chapter.

6.3 CHAPTER SUMMARY

In summary, Chapter 6 presents a comprehensive analysis of the impact of various factors on GPS
sensor performance, reinforcing key hypotheses and providing new insights into the design and
optimization of PATHFINDER systems. The findings underscore that while the type of

microcontroller significantly affects sensor readings, integrating sensor connections into a single

133



microcontroller does not degrade system performance or introduce substantial errors. The chapter
also illustrates how each sensor functions optimally at distinct frequencies, pointing to the utility
of corrective and inverse variance weighting methods to account for sensor-specific and
frequency-specific variations, as explored in section 6.1.2. Running the entire embedded stack at
increased speeds, such as 10 Hz, facilitates the collection of a larger volume of data points,
enhancing the system's capability for pattern-based data analysis and collection. Furthermore,
variations in manufacturing, processing, and clock differences among identical GPS receivers
result in notable disparities in positional accuracy and precision. This variability highlights the

need for calibration and filtering.

Overall, 6.2 supports the study's core hypotheses and lays a solid foundation for the design
and optimization of a GPS-only localization system incorporating a single microcontroller. The
insights derived from this thorough analysis are vital for advancing GPS system integration and
enhancing the explainability and navigational accuracy of the IRNN-DNN model in various
operational contexts. While the chapter primarily focuses on technical performance, precision, and
accuracy measures, we can also make specific statements about the power consumption of the GPS
localization system. Operating efficiently at 5V with a total peak current draw of 265 mA, the
system includes a Teensy 4.1 microcontroller drawing 100 mA, along with five GPS antennas and
five GPS sensors consuming 15 mA and 30 mA each, respectively. Converting this setup to watts,
based on the set requirement in watts, reveals a theoretical max power consumption of 1.625 Watts.
During physical testing in an urban environment with significant processing demands, the GPS
localization system sustained operations for over 8 hours on a 2500 mAh battery rated at 3.7V.
From this, we calculated the actual power consumption to be approximately 1.16 Watts. This real-
world testing confirms that under demanding conditions, the system efficiently processes and
gathers GPS data while consuming significantly less power than the 15-Watt limit set for
operations in Table 1-2. This performance not only demonstrates the system's energy efficiency
but also ensures its practical applicability in extended operational scenarios, comfortably adhering

to stringent power consumption constraints.
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CHAPTER 7. TESTING ALGORITHM PERFORMANCE

This chapter evaluates the performance of the IRNN-DNN algorithm developed in this study. The
IRNN-DNN model was trained using data from sensor sets 1A to 2B, across multiple locations
described in 5.2. The model was tested on data from geographically similar locations, and on
unseen data from the original training sites to assess generalization capabilities. Evaluation data

was captured in a separate test than that of the training dataset.

The first section of this chapter focuses on validating the inverse variance weighted filter.
This involves a statistical analysis to compare the error signals before and after the application of
the filter. Subsequently, the chapter evaluates the machine learning classifier algorithm, developed
in MATLAB. This algorithm's performance was tested using data from previously unseen data
collected from the same sensor sets but at slightly different time. Finally, the accuracy of the

IRNN-DNN model is investigated in terms of capability and explainability.
7.1 TESTING THE INVERSE VARIANCE WEIGHTED FILTER

Table 7-1. ANOVA Results for Filtered vs. Unfiltered Data in urban location.

Sensor Error Type F-Statistic P-Value (0.05 threshold)

Altitude 0.0138 0.9065

1A Angular 363.548 <0.0001
Magnitude 81.904 <0.0001

Altitude 5.3187 0.0211

1B Angular 33.547 <0.0001
Magnitude 20.733 <0.0001

Altitude 0.004 0.9497

1C Angular 7.334 0.0068
Magnitude 12.516 0.0004

The application of a moving inverse variance weighted filter to the dataset significantly enhances
the Angular and Magnitude error signals across the sensors, as evidenced by the Analysis of

Variance (ANOVA) results (see Table 7-1). This filtering method has proven effective in
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stabilizing these error signals, leading to significant improvements in data quality. For instance,
the Angular error in Sensor 1A demonstrated a remarkable reduction in variance (F-Statistic:
363.548, P-Value: <0.0001), confirming the filter's efficacy in environments where precision is
paramount. Similarly, the Magnitude error signal showed a notable enhancement (F-Statistic:
81.904, P-Value: <0.0001). However, the Altitude error signals across Sensors 1A and 1C
exhibited negligible changes post-filtering (F-Statistics: 0.0138 and 0.004 respectively),
suggesting that either the altitude data inherently displays low variance or that it is less amenable
to this filtering approach. Conversely, Sensor 1B's Altitude data indicated a moderate improvement
(F-Statistic: 5.3187, P-Value: 0.0211), which highlights some sensor-specific variability in filter
performance. Collectively, these results validate the moving inverse variance weighted filter as a
robust method for improving Angular and Magnitude signals in urban localization tasks,
underscoring its relevance and utility in enhancing the precision and reliability of sensor data in

variable urban environments.

The inverse variance weighted filter, applied over a window size of 1500 data points,
corresponding to approximately 150 seconds or 2.5 minutes of data, has implications on the
preprocessing of GPS errors predictors used in IRNN-DNN. A visual examination of filtered data
in Figure 6-14-Figure 6-16 suggest that the window size used in the moving inverse variance
weighted filter is chosen to balance noise reduction with responsiveness to changes in the signal.
The filtered data demonstrates a significant decrease in the frequency and amplitude of noise
spikes, suggesting that the window size is large enough to effectively smooth high-frequency
disturbances. Simultaneously, the retention of essential signal dynamics and a lack of phase shift
or lag in response to changes in the unfiltered signal indicate that the window size is not
excessively large, thereby preserving the responsiveness and integrity of the GPS error signals.
This careful balance is critical in urban environments, where maintaining the precision and
reliability of GPS data amidst frequent disruptions is paramount. The chosen window size ensures
that important navigational details are clearly maintained while minimizing disruptive noise,

facilitating accurate and dependable GPS-based applications.

This window size likely facilitated the extraction of longer-term patterns within the GPS
signal. This enhancement in performance can be directly correlated with the altitude error plots

from sensors shown in Figure 6-14(c), Figure 6-15(¢c), and Figure 6-16(c). These plots reveal near-
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periodic differences in altitude errors, which align with the approximately 6.6-minute period it
takes for a GPS satellite to appear and disappear from the horizon—indicative of the VDOP

showing a periodic frequency signal.

The computed metrics (Table 6-4) for the signal-to-noise ratio (SNR) and mean squared
error (MSE) provide compelling evidence of the effectiveness of the filtering process applied to
the GPS data. The ASNR,,,; measured at 17.271 dB, indicates a strong enhancement in the relative
strength of the signal compared to the background noise, which is critical for high-quality data
inputs. A higher SNR typically signifies a cleaner and more discernible signal, which is beneficial
for any applications that require precision and reliability. Meanwhile, the MSE of 20.858
quantifies the average power of the noise reduction achieved by the filter, measuring the square of
the error between the unfiltered and filtered signals. This metric helps understand the extent to

which noise has been minimized, aiding in better data interpretation and utilization.

These improvements make the GPS data more stable and consistent, which is crucial for training
IRNN-DNN. With more reliable data, the noise artifact variance within the training set is reduced,
allowing the RNN to effectively learn the true underlying patterns rather than noise, thus
optimizing the learning process. Additionally, the enhanced SNR ensures that the RNN can operate
more efficiently. With a clearer signal that is less obscured by noise, the RNN is better positioned
to focus on modeling the true signal dynamics. Inverse variance filter plays a key role in explaining

the performance the IRNN-DNN model.

In conclusion, this analysis underscores the substantial benefits of inverse variance-
weighted filtering in preparing data for complex machine-learning applications. As we transition
to Section 8.2, which discusses deploying a machine learning-based location classifier algorithm,

the foundation set by the enhanced data quality and improved learning conditions is invaluable.
7.2  ENVIRONMENT CLASSIFICATION USING MACHINE LEARNING.

This section explores the advancements achieved in environment classification through the
application of a Deep Neural Network (DNN), developed to interpret and categorize GPS data

across different urban environments. Leveraging the preprocessed data enhanced by the inverse
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variance weighted filter, the DNN showcases a notable proficiency in distinguishing between

urban, semi-urban, and open field environments based on GPS signal characteristics.

Environment Classifier Predictions
MATLAB trained Model 4 (Deep Neural Network)
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Figure 7-1. Classifier Performance in GPS Data Categorization. This scatter plot represents the classification of
various GPS data points. Correctly identified data are shown in solid dots, while misclassified points are in cross
marks. The accuracy in identifying urban, semi-urban, and open-field environments is evident, with most data
points correctly classified. The two misclassified instances of interest are marked separately. The elliptical spread
of correctly urban areas suggests directional GPS errors, the larger circular spread in semi-urban areas and the

compact distribution in open fields potentially indicate how the model interprets and labels points.

Figure 7-1 displays a scatter plot of GPS data points as interpreted by the classifier. The
plot predominantly demonstrates accurate classifications, yet two outliers’ merit particular
attention. They indicate that while the DNN excels in densely populated data clusters, it struggles
with spatial outliers or edge cases. Though three errors are noted, one misclassification—Ilabeling
open field data as urban—is deemed insignificant for this analysis, which focuses on the model's

performance in urban navigation enhancement.
7.2.1  Explanation of results spatial spread of coordinates

The classifier's ability to distinguish between various environments based on the spatial
distribution of GPS coordinates is evident in Figure 7-1. Urban areas reveal a distinct longitude

spread in GPS data, with an approximate range of 0.00094 degrees, corresponding to 52 meters.
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Despite the presence of three buildings surrounding one urban sensor in the test are, causing a non-
circular pattern in reflections, the longitude and latitude spreads are relatively similar, each
spanning about 12.02 meters. This similarity across diverse urban locations, even with varying

building obstructions, suggests a degree of consistency in GPS signal distortion.

In semi-urban areas, the spatial pattern differs with a smaller longitude spread of 0.00068
degrees (37.75 meters) and a latitude spread of 0.0007 degrees (28.05 meters). The GPS points
form a more circular pattern due to fewer and less dense obstructions, leading to moderate

multipath effects and a more dispersed signal due to line of sight and signal masking errors.

These distribution patterns, when correlated with standard NMEA data that provides a
baseline for GPS signal quality and positional accuracy, enable the classifier to infer the
environment type. A broader longitudinal spread indicates an urban setting, while narrower
spreads point to open fields. In the model, the spread in GPS coordinates observed in various
environments is internally represented through NMEA data, specifically using the HDOP
parameter rather than actual latitude and longitude values. This representation allows the model to
interpret broader longitudinal spreads typically seen in urban settings and narrower one’s
indicative of open fields. The HDOP value serves as a proxy, where the model interprets a decrease
in HDOP as an indication of an open-field environment rather than an urban one. Thus, when
HDOP values drop, the model may inaccurately classify urban locations as open-field due to the
perceived improvement in signal quality, which the model equates with fewer obstructions and

clearer signal paths. The incorrectly classified points point to this being the case.

In studying the erroneously classified within the vicinity of the urban cluster, tagged as
'OpenField — Incorrect’, an examination of the raw predictor data for the incorrect prediction shows
rapid reduction in HDOP, VDOP and speed values. This may be due to processing, artifact, and
or minor improvements in GPS conditions at that instant. Such reductions typically signal better
signal clarity, which the model might incorrectly associate with open-field conditions. This issue
exposes the classifier’s limitations in handling rapidly changing or unusual signal patterns. The
narrow or stringent decision parameters of the model could be failing to adequately account for
these outliers, potentially leading to overfitting on densely populated data regions. This overfitting

could diminish the model's effectiveness in accurately identifying less frequent or more complex
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patterns, suggesting a need for broader parameter tuning or a more adaptive learning approach to
improve its generalization across varying environmental conditions. To understand the effects of
the different predictors on the response, we need to study correlations between the predictors and

labels,
7.2.2  Explanation of results using co-relation factor

Figure 7-2 and Figure 7-3 showcase the hyperparameter tuning and classification performance of
a Deep Neural Network (DNN) across various environments. The hyperparameter tuning curve in
Figure 7-2 exhibits a sharp decline in classification error up to the 6th iteration, indicating that the
DNN quickly capitalizes on distinct, well-separated features for efficient classification, achieving
an optimal fit early in the tuning process. This rapid enhancement in performance stabilizes
thereafter, suggesting diminishing returns from further adjustments and a potential performance

plateau, highlighting the DNN's efficient exploitation of data features early in the model training.
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Figure 7-2. Hyperparameter Optimization Results. The plot shows the convergence
of estimated and observed classification errors through iterations, indicating
effective parameter tuning. The marked 'Bestpoint' signifies the optimal
hyperparameters with the lowest error, demonstrating the model's improved
accuracy during the optimization process.
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Figure 7-3. Model Performance on application to replayed, unseen composite data stream from sensors

1A, 1B, 2A, and 2B in all three operating environments while deployed on the drone at 1.45 m. It
highlights the model's adaptability to different sensors and proficiency in handling unseen datasets.
The Urban classification's high precision is a testament to the model's capability in utilizing urban-
specific GPS signal distortions, while the Semi-Urban classification's lower precision signals a need

for model enhancement or redefinition of environmental features

Figure 7-3 further elaborates on the classifier's effectiveness through ROC curves and AUC
scores across three distinct environments: OpenField, Semi-Urban, and Urban. The AUC scores
for OpenField (0.9345) and Urban (0.9429) indicate high accuracy, affirming the model's
capability to reliably identify these environments. Conversely, the Semi-Urban environment, with
a lower AUC of 0.7641, reveals challenges in model performance, suggesting ambiguities due to
overlapping environmental characteristics that require further model refinement, possibly through
the inclusion of more distinctive features or an expanded data set. The detailed analysis of standard
deviations in classification features as depicted in Figure 7-5 corroborates these findings. Correct
classifications generally show lower standard deviations, indicating confident and consistent
model predictions. Particularly, stable predictors like Satellite Count exhibit low variability across
all environments, underlining their robust predictive power. However, higher variability in HDOP
and VDOP during incorrect classifications suggests confusion in environmental differentiation,
likely due to similar dilution of precision values across different settings. This variability is

particularly notable in urban settings, where HDOP values fluctuate due to obstructions like
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buildings, which the model uses to distinguish urban environments effectively. Furthermore, the
transitional nature of semi-urban areas, which blend characteristics of both urban and open fields,
poses classification challenges as indicated by the 'Semi-Urban - Incorrect' segment in Figure 7-5.
This overlap leads to higher standard deviations and misclassifications, as observed in Figure 7-6
where urban environments are occasionally misclassified as open fields due to shared signal

characteristics under certain conditions.

The classifier has demonstrated robust accuracy in classifying urban and open-field
scenarios, not limited to specific sensor data, as it successfully generalizes across data from
multiple sensors (1A, 1B, 2A, and 2B). This broad applicability confirms the model's capability to
handle diverse GPS data effectively, including scenarios with missing data. The Urban Model
Operating Point shows a high True Positive Rate (TPR) and a low False Positive Rate (FPR),
corroborating the model’s precision in identifying urban environments. This accuracy likely
exploits the unique and complex GPS signal attributes caused by urban structures and multipath

effects.

Figure 7-4 demonstrates that for certain features such as Sensor 1A's HDOP and VDOP,
high standard deviations are associated with incorrect classifications. This variability suggests
inconsistency in the model's predictions when misclassifying environments, potentially due to
overlapping feature characteristics between the environments. In contrast, correct classifications
exhibit lower standard deviations, indicating a higher confidence and consistency in predictions.
A detailed examination of the features reveals differential impacts on classification confidence.
For instance, the Satellite Count of Sensor 1A maintains a narrow standard deviation across all
environments, suggesting it is a robust predictor across various settings. However, features like
HDOP exhibit greater variance, particularly in incorrect predictions, hinting at potential confusion
between environmental types due to similar HDOP readings across different settings. This
evidence supports the explanation proposed in section 7.2.1. While Figure 7-4 only analyzes the
parameters of sensor 1A, the analysis is consistent for other sensors as well. However, the

magnitude of the correlation varies as seen in Figure 7-5.
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Figure 7-4. Feature Importance in Environmental Classification. This graph depicts the standard deviation of
features used by a MATLAB-trained DNN for classifying environments. High deviation in HDOP and Speed during
misclassifications indicates potential feature overlap between environments. Lower deviation across correct

predictions, especially in satellite count, suggests reliable feature use for accurate classifications.

As seen in the Figure 7-5, the correct classifications for all environment types generally
maintain lower standard deviations, indicative of consistent and confident predictions by the
model. Specifically, features such as Satellite Count and Signal-to-Noise Ratio (SNR) demonstrate
tight clusters with low variability, suggesting their strong predictive power and the model's reliance
on them for accurate environmental classification. Conversely, features such as HDOP and VDOP
show wider spreads in standard deviation for incorrect predictions, revealing the challenges the
model faces when environmental features overlap, leading to misclassification. The analysis of
DOP values across all sensors and their impact on the classification model's accuracy is a
significant observation. HDOP and VDOP values are crucial as they represent the geometric
strength of satellite configurations for horizontal and vertical position information, respectively.
In urban environments, GPS signals can be obstructed or reflected by buildings, which would lead
to a greater fluctuation in HDOP values as satellites come into or go out of line-of-sight. This
fluctuation is a distinct characteristic that the model seems to utilize effectively to differentiate
between urban and less obstructed environments like semi-urban or open fields. The observation
that HDOP, VDOP, and PDOP values significantly vary suggests that the model leverages these

variables as key indicators of environmental context. A higher HDOP value could indicate
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potential signal degradation or obstruction, which is common in urban settings. Therefore, by
recognizing the patterns in these values, the model can discern the likelihood of a location being
urban based on the expected GPS signal quality and integrity. This reliance on DOP values for
classification aligns with the understanding that GPS accuracy and reliability are compromised in
areas with limited sky views. The precision of GPS data, including the DOP metrics, becomes a
valuable feature for the deep learning model to make distinctions between different environments.
Consequently, a model that can accurately interpret these variations is more capable of classifying
the geographical context, aiding in applications like localization correction, where understanding
the environment is essential for decision-making. It's notable that the model shows a consistent
pattern across which parameters the model relies on across all the sensors when predicting 'Urban
-Correct' classifications, indicated by the narrow spread in standard deviation. This pattern further
suggests that urban environments have distinct GPS signal characteristics that the model can

reliably identify.

The classification model, therefore, plays a crucial role in the IRNN-DNN framework by
determining the most suitable RNN model for handling specific error dynamics of each classified
environment. This capability is essential for enhancing the overall effectiveness of the GPS
localization system, ensuring that environmental contexts are analyzed with the most appropriate
computational strategies. Despite the high accuracy in classifying urban and open-field scenarios,
the model faces challenges with semi-urban environments and specific outlier conditions, which
could be addressed through additional training data and refined NMEA predictors, marking

potential areas for future research.
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Figure 7-5. Consistency of DNN Environmental Classifications by Feature Variability. The chart displays
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the standard deviation for each feature used by a deep neural network (DNN) in environmental
classification. Lower deviations for Satellite Count on correct predictions underscore its stable predictive
power. In contrast, higher deviations for HDOP and VDOP during misclassifications indicate

environmental feature overlap.
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Figure 7-6. Classifier model confusion matrix. The classifier model shows high predictive accuracy in classifying
OpenField (33,966 cases), Semi-Urban (50,166 cases), and Urban (60,032 cases) environments. Misclassifications

are minimal, indicating the model's effectiveness. The rare errors suggest slight feature overlap between categories.

In summary, the robustness of the DNN classifier in navigating complex GPS
environments and its strategic role in selecting the optimal RNN model based on the environment
validate its utility in improving GPS accuracy and reliability, especially in urban and open-field
contexts. This evidence-based validation supports the continued development and refinement of
the classifier to better accommodate the nuances of semi-urban environments and enhance its

overall predictive accuracy.
7.3  USE OF LSTM RNN NEURAL NETWORKS ON STATIC GPS DATA

Given the generally compact and circular distribution of coordinates in an open field scenario and
considering the relative efficacy of the inverse variance filter, this thesis will not dwell on the
algorithm’s performance in such environments. Instead, the following sections will characterize,
evaluate, and elucidate the performance of the LSTM and the composite IRNN-DNN model in
semi-urban and urban areas. To support this analysis, GPS data were gathered using five sensors
connected to a Teensy 4.1 data acquisition system. At each test location, data were recorded in 15-
minute intervals, with a GPS fix and polling rate of 10 Hz, while the DAQ system was mounted
on a powered and active drone. The drone was affixed to a tripod and weighted for stability at a
constant height of 1.45 m AGL. LSTM was trained on MATLAB and the predicted error for each
sensor was exported from the figures to the MATLAB workspace. In the following section, the

results of LSTM network in predicting in urban location 1, 2, 3 and semi-urban location 1 is
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investigated. Other locations were not tested due to lack of sufficient data and the complexity in
manually managing such a large dataset. The data from these locations were also not used for
training the LSTM. Additional work needs to be done to generalize these findings and deploy them

in situ on drones. This will comprise the future work undertaken by the author.
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Figure 7-7. LSTM IRNN-DNN Model's Urban Performance in Urban Location 1. (a) Exhibits fidelity in error
magnitude prediction with minor deviations; notably, a significant offset occurs at ~920 seconds. (b) The residual
error shows a minor consistent bias. (¢c) Uncovers angular error inconsistencies, deviating by +90 degrees, indicating
directional prediction issues. (d) Error distribution is skewed, indicating room for model improvement, especially

in angular error refinement.

Urban Location 1, surrounded by reflectors on three sides (see Figure 7-16(a)), poses a
significant challenge for the LSTM models of angular error prediction. Figure 7-7 (a) shows the

model's predicted error magnitude closely tracking the actual error, with the most notable deviation
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occurring at approximately 920 seconds into the experiment. The residual error distribution,
depicted in Figure 7-7 (b), indicates a consistent offset bias in the model, quantified at -1.017
meters. This implies that the model is over predicting the magnitude errors. This is indicative of
overfitting of the model. However, considering the average raw error magnitude in urban
conditions is 19.057 m (Table ), this 1-meter deviation corresponds to approximately a 5% offset
error. This is positive indication that the model is able accurately account for complex multi-path

signals and predict the magnitude of the predicted error accurately.

While the model effectively handles magnitude errors, it struggles with angular errors, as
shown in Figure 7-7 (c). where errors vary by +90 degrees East. This variance indicates a
significant misalignment in angular tracking, suggesting that the model, when facing north,
erroneously predicts south. This lack of precision in angular error tracking underscores a critical
area for improvement in the model's temporal accuracy. Tracking, is defined as the congruence
between the model's predictions and the actual error values. Examining Figure 7-7 (c) closely, it
is visible that errors are alternating between over prediction and underprediction, signified by the
alternating magnitude of the “actual -predicted Error (rad East)” graph. This could be indicative
of the fact that the LSTM model maybe lagging in its prediction. The training process has
inadvertently introduced a phase shift in error signal. Alternatively, the GPS receiver is attempting
to use phase difference to mitigate multi-path errors in this location before trilateration, and the
LSTM has essentially undone this filtering step done by the receiver. As the processing performed
in the sensor is a black-vox operation, examination of the performance of the LSTM component

in other locations may reveal which hypothesis is more accurate.

The histogram in Figure 7-7 (d) indicates an imbalanced prediction distribution, with one-
third of predictions overcompensating and two-thirds undercompensating. This skew suggests that
the LSTM may not be fully capturing certain error influences, possibly related to latitude. Despite
capturing the general trend of errors well, the model's persistent offset highlights the need for
integrating a DNN component to correct this bias and improve overall model accuracy. Further
correlation analysis could help identify the primary factors influencing the observed biases, which
would inform enhancements to the IRNN-DNN composite model. Addressing these biases is

crucial for improving the model's performance in urban environments, where it must manage
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complex multipath errors. Overall, while the model shows strong potential, its efficacy in angular

error prediction and bias correction needs refinement.
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Figure 7-8. LSTM IRNN-DNN Model's Urban Performance in Urban Location 2. (a) Residual error magnitude
closely aligning with targets, barring a few significant outliers. (b) The residual error shows a minor consistent bias.
(c) Uncovers fewer angular error inconsistencies, indicating directional prediction issues. (d) Error distribution is

skewed towards over-correction, indicating room for model improvement.

Urban Location 2, characterized by a simpler setup with a southeast-oriented reflector, the
LSTM model shows notable accuracy in tracking error magnitude, as illustrated in Figure 7-8 (a).

The data exhibits minimal deviations except for a significant outlier around 800 seconds. Despite
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this, Figure 7-8 (b) exposes an offset bias in the model's predictions, measured at -1.125 meters.
This bias, albeit slight, indicates an overcorrection trend in the error magnitude. While the model
demonstrates improvement in angular error tracking compared to Urban Location 1, with fewer
and less severe spikes, it still displays spikes up to 5 radians (230 degrees) East, indicating potential
latency in response. The periodicity in the “actual -predicted Error (rad East)” graph continues to
lead credence to both theories about LSTM’s lag behavior. The location with significantly less
complex multi-path environment, presents less opportunity for the receiver to perform phase based
multi-path rejection. Directly supporting the hypothesis fewer spikes are observed in the angular
error tracking graph. Alternatively, the soft reflections, and periodic signal masking may also

contribute to the reduced lag of the model.

The histogram in Figure 7-8 (d) analyzes the congruence between the model's predictions
and actual error values, revealing that one-third of the predictions underestimate by 0.3 radians
(17.2 degrees) and two-thirds overestimate by 0.275 radians (15.7 degrees) East. This skewed
distribution from zero implies that the model may not fully account for certain factors, likely
related to the latitude component, leading to systematic errors in the predictions. This would mean
that over time a distinctively arching pattern can be seen. This is in direct agreement with the

behavior seen in Figure 7-12.

Although the LSTM model significantly improves tracking, the persistent bias in latitude
adjustments underscores the need for further refinement. Incorporating a Deep Neural Network
(DNN) post-LSTM could help rectify these biases by providing additional error correction
capabilities. Future research should focus on identifying the specific factors contributing to this

bias.
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Figure 7-9. LSTM's performance in Urban Location 3. Plot (a) tracks error magnitude closely with notable outliers.
Plot (b) indicates a slight offset in magnitude error correction. In (c), angular error deviations suggest the need for
model refinement. Plot (d) reveals a slight bias in error predictions, underscoring the potential for improved model

accuracy.

Urban Location 3, framed by two perpendicular reflectors perfectly aligned along the
north-south axes and equidistant to both the east and west, presents a moderately challenging, and

significant scenario for the LSTM model.

As illustrated in Figure 7-9 (a) the LSTM model effectively tracks magnitude errors with
notable precision, except for sporadic spikes at around 300 and 800 seconds, peaking at 20 meters.

The residual magnitude error distribution, depicted in Figure 7-9 (b), reveals a minimal offset bias
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of 0.1267 meters, suggesting the LSTM model's effectiveness in determining the magnitude of

CITors.

The angular error tracking, visualized in Figure 7-9 (c), reveals less fluctuation and
smoother transitions than in other locations, but still includes significant spikes, with the largest
deviations reaching up to 5 radians (230 degrees) East. Because the reflectors are aligned to the
east and west, the signals will have similar phase shifts. The lack of any significant phase delay in
the angular error tracking in this example clearly shows that the LSTM is actually not introducing
any significant phase delay into the error stream itself. The phase delay seen in the other urban
locations is due to an artifact of the interactions between the signal processing done by the GPS
receiver and the LSTM. This is a simpler problem to overcome by adding more varied datasets,
getting more data points, and adding an additional filter. If the pattern continues to hold in the
semi-urban location, this will be strong indication that model is very suitable for complex multi-

path error resolution.

The error distribution histogram in Figure 7-9 (d) portrays an error distribution histogram
with the majority of predictions understating the error by 0.2732 radians (15.65 degrees) East.
Despite the proximity of this predictions to accurate tracking, the distribution's lack of
centralization around zero confirms an underrepresentation of certain error components, possibly

latitude-related, which introduces a systematic directional error.

In conclusion, while the LSTM model demonstrates proficiency in estimating error
magnitude within Urban Location 3, its performance in angular error tracking has critical

implications.
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LSTM Element of IRNN-DNN for Semi-Urban Location 1
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Figure 7-10. LSTM's performance in Semi-Urban Location 1. Plot (a) tracks error magnitude closely with notable
outliers at 300 secs. Plot (b) indicates an overcorrection tendency in magnitude error correction. In (c), angular
error tracking is accurate, with a large offset observed at 950 seconds. Plot (d) reveals that the model is very

effective tracking angular errors with very little over/under-correction tendencies.

Semi-Urban Location 1 is characterized by reflectors situated at distances of 50-100 meters
from the receiver in all directions. This setting provides a point of comparison with the LSTM
model's urban performance. In Figure 7-10 (a), the LSTM exhibits moderately good error
magnitude tracking. There are a few significant spikes present, the most notable being around 50
meters at 300 seconds into the experiment. The occurrence of a rapid oscillation tracking errors

suggest that the lack of noise and multi-path actually hurts the LSTM as it does not have enough
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historical information to learn the behavior of the error signal. This tracks with was expected based
on the error signals studied in section 6.1.4. Interesting behavior is noted after 9500 samples. The
error direction rapidly changes, and the system can effectively track the change. However, the
magnitude error tracking becomes significantly noisier. It can be hypothesized that, because the
direction of the error changed significantly, a new satellite came into or left the view of the
receiver. Given that the NMEA shows no change in the number of satellites in the entire window
of time captured expect for one at around the 250 second mark, with the satellite count dropping
by one, it means that there was some alignment between when a new satellite came into view and
a old satellite left. This potentially caused the direction of the error to change. However, since the
other predictors were similar, including DOP values, the LSTM may have struggled with

predictions of the error.

Continuing the examination of Figure 7-10 (c), the no significant lag is observed. The
angular error spread, presented in Figure 69 (d), centers around 0.007 radians East. Given that few,
if any multi-path is expected in the semi-urban location tested, there should limited phase
difference in the received signals. Since the angular error tracking, does not show any lag, it
provides another validation evidence to the hypothesis that the LSTM can track angular errors

effectively, and the phase shift seen in urban locations 1 and 3, are due to processing artifacts.

Overall, the LSTM model, while showing promise in magnitude error tracking, clearly
requires further optimization for angular error predictions. Incorporating a DNN post-LSTM could
potentially address these discrepancies, enhancing the model’s overall accuracy and making it
more adept at navigating the complexities of urban GPS signal environments. Further research
should focus on refining the model’s capacity to handle angular discrepancies and integrating

advanced filtering techniques to improve both magnitude and angular error predictions.
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7.4 A DISCUSSION ON THE IRNN-DNN MODEL

GPS localization performance before applying algorthim
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Figure 7-11. Error in GPS localization signal in urban and semi-urban environments. This polar scatter plot
visualizes the raw GPS data collected from four distinct locations for algorithmic testing. Each color corresponds
to a different environment, demonstrating the variance in signal reception. Semi-urban location has a constant
DC offset error, 275° East, with dynamic frequency component. In contrast urban locations, have relatively little

observable DC error signals. 0,0 signifies relative ground truth position for each location.

The IRNN-DNN model, takes the predicted error from the LSTM model and combines with the
raw data to create composite data feed into a regression function that can correct for GPS
localization errors. The task of the regression layer is to remove and DC bias present in the error
signal. This section examines the overall performance of the model in terms of horizontal position
accuracy, examines the contributing factors and finally examines the residual altitude error. IRNN-
DNN is also referred to as the composite model in this document. The terms are used
interchangeably. The same data used to evaluate the LSTM model is used in the IRNN-DNN
evaluation. The data sets were manually appended together and run through the MATLAB
regression learning app to train and test the final regression model. 65% of the available data was
used for training, 15% of the data for validation and the remaining 20% set aside for testing. The
final plots as seen in the section are for the entirety of the dataset. Urban location 2 data was
collected twice, as the DAQ ran out of battery in the first test after data capture was started. A
second session was started. The data from both data capture sessions are used to understand the

performance of the model as the locations were the same.
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Figure 7-11 presents the raw unprocessed residual magnitude and angular error from the
ground truth location in radial plot. Only one sensor value (sensor 1A) is plotted to improve the
clarity of the figure. All sensors showed similar characteristics as described. Notably, there is a
distinct directionality to the spread in each location, with error magnitudes spanning from 0 to 60
meters. Urban location 2 initially shows a preference to spread along the North-South axis in the
first trial and 45°-215° East in trial 2. Semi-urban location has a constant DC offset error, 180°-
275° East, with the dynamic frequency component. In contrast urban locations, have relatively
little observable DC error signals. 0,0 signifies relative ground truth position for each location. The
offset values demonstrate a broad distribution without a singular discernible pattern. Interestingly,
there is an error component that is consistently 180° east. This would signify that the latitude errors

are higher, with longitude errors close to zero.

Figure 7-12 plots residual data and angular error after application of the iRNN-DNN
algorithm in a radial plot. Post-correction, the predicted error magnitude and bearing are
superimposed onto the initial GPS coordinates to get new coordinates using the inverse haversine
formula, followed by recalculating the residual magnitude and angular error from the original
ground truth. The algorithm precipitates a significant contraction in error magnitude, congregating
the majority of data points across all locations within an error magnitude bracket of 1-2 meters.
The lowest magnitude of residual error magnitude is at 1.81(5) m (20) in urban location 1 (see
Table B-8). The highest magnitude of error is at semi-urban location 1 at 2.87 (5) m (20) (see
Table ). Examining the distribution patterns of the error, we see the residuals of semi-urban
location 1 are distributed along 188° and 241° east. Urban location 3, and Urban location 1 both
near similar patterns. Urban location 2 is the most interesting. There are clear deviations from the
distribution lines. There are both arcs and line error patterns. This indicates that the ML prefers

one direction over the other.
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GPS localization performance after applying algorithm
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Figure 7-12. Errors in GPS system, after the application of the IRNN-DNN algorithm. The radar
plot showcases the dispersion of GPS data points (2o with outliers rejected). 0,0 signifies relative

ground truth position. A marked reduction in error magnitude is observed after application of the

composite IRNN-DNN model.

To study the machine learning model's preferential accuracy in correcting errors along one
axis over another, an in-depth examination is required. This investigation will be conducted within
the NEU reference frame. Adopting the NEU frame facilitates the alignment of satellite orbital
dynamics with the drone’s operational environment in a coherent reference system. It is important
to note that satellites used for GPS, typically have an orbital path that moves from west to east.
From the vantage point of a ground receiver, this equatorial orbit means satellites traverse
latitudinal lines while maintaining a relatively fixed position along the longitudinal axis. This
inherent movement pattern may impact the GPS signal characteristics and, consequently, the errors
associated with latitude and longitude differently. By examining these dynamics within the NEU
frame, we can better understand the directional sensitivities of the model and refine its predictive
capabilities accordingly. Given the relative constancy of North error (Figure 7-13), it infers that
the machine learning model might be less equipped to tackle the angular component of the
multipath error. Based on work presented in [141] and [219] to develop hypotheses that can
account for these observations, one might consider environmental variables such as structural

interference that contribute to GPS signal multipath errors. The data presented in Figure 7-12
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shows that all predictions from the composite model, except one outlier, is within the three-meter

horizontal error requirement specifications in Table 1-2.
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Figure 7-13. Error Correction Efficacy in North Direction. This graph illustrates the model's capacity to mitigate
northward positioning errors in urban and semi-urban environments, with test windows showing significant error
reduction after applying the inverse variance filter and IRNN-DNN model. Each test window represents a 25-

sample size at 10 Hz frequency, emphasizing the algorithm's ability to reduce errors significantly, especially in

challenging urban settings.

The NEU errors are presented in Figure 7-13, Figure 7-14, and Figure 7-15 respectively.
For isolating the north component of the error, we will consider the latitude difference as
negligible, in line with equation (27) to zero. The experimental setup aligns the drone to face north,
thus any longitudinal error directly translates to an error in the north component. Similarly, the
east error is derived from the latitude error, and this method of error computation is valid

specifically due to the drone's northward alignment during the experimental phase.

Figure 7-13 reveals that the north error remains close to zero across all environments for
most of the dataset. However, urban location 2 is noted to have a few outliers. The mean error in
the north direction is reported as -0.04 m with a standard deviation (SD) of 0.005 m. This suggests
a remarkably consistent and excellent model performance in correcting longitude-derived north

directional errors. A closer look at the east error component is necessary to understand the
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performance of the composite model. Given the position of the test site(s), away from the equator,

a larger latitude error is expected [220].
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Figure 7-14. Eastward Error Correction Analysis. IRNN-DNN algorithm displays a variability in the

reduction of errors in urban and semi-urban locations.

For the east error component, we observe a distinct spread of around £2m during the initial
trial at Urban location 2, whereas in the subsequent trial, the error narrows to a range between -6
to Om. This variance indicates potential issues with the latitude error model's robustness and its
ability to handle noise, as evidenced by the output's high noise levels. Investigating the errors at
Urban location 1, we notice an approximate sinusoidal oscillation pattern in the error magnitude,
recurring approximately every 16.67 minutes—derived from a 10,000-window period correlating
to 1,000 seconds of sampled data. This periodicity mirrors the intervals during which breaks in
satellite visibility were recorded in early calibration experiments. This suggests a correlation with
satellite visibility; as satellites come into and leave the line of sight, the error performance is
affected. Given that 16.67 minutes is approximately the duration a GPS satellite is visible to a
stationary ground receiver, this pattern could indicate errors caused by satellite visibility cycles.
East errors have consistently had higher magnitude errors compared to North errors in literature

[220]. Specific experiments are warranted to explore further and confirm the impact of satellite
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visibility on model accuracy. Preliminary observations suggest that the model can rapidly adjust
for this cyclical error, as the sinusoidal error pattern is identifiable across other locations, albeit
with less clarity. Further investigation is needed to understand the broader implications of these
findings, including the presence of potentially longer-term error patterns that could be influencing
model output. To address these cyclical and longer-term error patterns, a cascaded LSTM model
may be beneficial, possibly requiring a lengthier data window to encapsulate and learn from these
periodicities. Such an adaptation could help the model capture and correct for temporal
dependencies that extend beyond the immediate window of data points. Other proposed neural
network-based GPS error correction methods [12], [111], [162], [220] have seen similar
relationships in terms of north and east accuracy. Models can reliably account for one error axis
better than the other axis. This finding can explain the specific error plot patterns seen in Figure

7-12. Let’s examine equation 63 and take its derivative, as shown in the equation below:

00 (longys — long, ) cos?(latyys)

dlaty, (long,s — long,:)2 cos?(la

(1)

tgps) cosz(latgt) + sinz(latgps - latgt)

If lon

and lon,, are very similar, we can use small angle approximations. The
agps gt 9

numerator of the function inside the arctangent simplifies to a small value, and the primary

influence on the term is through the sin(latg,,) term. The behavior of equation (31), is then large
dependent on the sinz(latgp s — latgt) term, where lat,, is a constant. Thus, the periodicity of the

angular errors post processing through the composite model can be explained by the individual

LSTM performance.

In urban locations, the patterns of latitude values increasing and decreasing explain the
observed spiral and circular patterns in the data. For semi-urban environments, the almost straight-
line spread of errors can be attributed to the high frequency of data point movements. This
observation aligns with the large magnitude of east error movements seen in the east error time
plot and Figure 7-10 (c¢). Such behaviors may result from the constantly changing errors in the test
location, as highlighted by the error plot in Figure 7-10 (a), where errors cluster closer to the

beginning and end points, suggesting instability or high variability in the model performance.
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Adapting measurements to degrees rather than radians or adding additional random
multiples of 2w to the longitude values could potentially help in scaling the values appropriately,
allowing the algorithm to converge on longitude errors with greater precision. This approach is
informed by similar issues encountered in the classifier, as indicated by the HDOP spike seen in

Figure 7-4 for both correct and incorrect urban classifications.
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Figure 7-15. Altitude Error Correction in Diverse Environments. The plot illustrates altitude error
magnitude across urban and semi-urban test locations, showcasing the model’s ability to mitigate
altitude errors to be relatively constant. Changes to the satellite availability influence the magnitude

of the altitude error.

Figure 7-15 indicates that the composite model does not consistently achieve sub 12.5 ft
(3.81 m) accuracy under all conditions. However, the presence of near-constant offsets, rather than
variable altitude readings, suggests that the model is successfully capturing some complex
interactions. Urban Areas 1 and 3 consistently show accuracy within 3.81 meters, but this level of
precision is not replicated in the semi-urban environment or Urban Location 2. Notably, Semi-
Urban Location 1 features distant obstacles, and Urban Location 2 has obstacles only in one
direction, which may affect model performance. Figure 7-16 captures the 3D isometric views of
the test location. It is plausible that the LSTM model utilizes phase errors from multiple reflected

paths to compensate for inaccuracies in more complex environments, as evidenced by the periodic
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nature of altitude errors observed in urban settings. However, the presence of a DC offset in the
altitude error signal, suggests the DNN component, has not significantly addressed the data
variations. The near constant outputs indicate systemic bias in the output. Further research is
required to determine if alternative structures could enhance the model’s accuracy post-LSTM

correction, or if such adjustments are even necessary.

Backing up the mathematical explanation of the results, a physical system can be realized
by studying how GPS signal from a satellite propagates to the receiver from first acquisition to last
acquisition. In Urban 1 and Urban 3 (Figure 7-16 (a) and (b)) scenarios, the signal from a GPS
satellite exhibits significant multipath errors as it first becomes visible to the receiver, originating
from the west and moving east. Multipath errors tend to decrease when the satellite is at its zenith,
directly overhead, where the signal path is least obstructed. As the satellite moves away, multipath
interference increases again. The signal-to-noise ratio for each satellite varies throughout its
passage across the sky. This variation introduces a periodicity in the PSR measurements’
reliability, with the GPS solution quality being initially poor due to multipath effects, improving
as the satellite approaches optimal azimuth and elevation, and then deteriorating again as it departs
is reflected in the HDOP values. The LSTM component of the proposed RNN-DNN model is
designed to exploit this periodicity. It can learn from the time series of HDOP measurements,
recognizing patterns where the signal quality oscillates due to the changing satellite positions
relative to urban reflectors. By doing so, the model effectively anticipates and compensates for the
systematic errors associated with multipath, refining the GPS localization. In contrast, in
environments like Urban 2 (Figure 7-16 (c)) and Semi-Urban 1 (Figure 7-16(d)), where reflective
surfaces are sparse, the periodicity in the PSR error is less pronounced. The LSTM's effectiveness
is thus diminished due to the lack of consistent temporal patterns to learn from. Urban 2, although
categorized as an urban environment, might present a heterogeneous mix of signal masking and
multipath reflections, making the PSR errors more erratic and less predictable. Semi-Urban 1 lacks
substantial structures to cause predictable multipath errors, resulting in a less cyclic error pattern

for the LSTM to identify and correct.
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(d)

Figure 7-16. Isometric 3D view of GPS test locations illustrating signal reflection challenges. The green arrow

represents the signal from a satellite at first acquisition, and purple the last signal received from the satellite before
line sight is lost. (a) Urban location 1 with a narrow alley enclosed by high walls, illustrating substantial GPS signal
reflection and multipath effects due to the urban canyon environment. (b) Urban location 3 is bordered by tall
buildings on two sides, with a third reflector in the southerly direction a distance away. It depicts a lower level of
GPS signal interference with more open sky visibility compared to urban location 1. (c) Urban location 2 with ‘soft’
obstacles (vegetation with varying density) and marble columns to the north, showing mixed GPS signal reception
conditions due to partial blockage on one side. (d) Semi-urban, a relatively more open area with obstructions for
GPS signals located near the test field's edge with clear line-of-sight access to the sky in the center of the reception

field, indicative of more favorable conditions for GPS reception.
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The comparison of performance across Urban Location 3 with Urban Location 1 and Semi-
Urban 1 highlights the model’s dependency on environmental consistency to form predictive
temporal models. The LSTM's strength lies in its ability to model errors with periodicity, such as
those observed in Urban 1 and 3, where satellite signals undergo predictable quality changes due
to the urban landscape. In less structured environments like Semi-Urban 1 or areas with mixed
reflective profiles like Urban 2, the LSTM may not perform as effectively because the error

patterns do not present the same level of periodicity for the LSTM to utilize.

Table 7-2. Co-relation factors between average GPS performance and GPS error metrics in semi urban

location 1.
U q U d Processed Processed Processed
nprocesse nprocesse Altitude Magnitude Angular
Magnitude Error Angular Error
Error Error Error
Average GPS 0.6098 -0.7381 -0.0098 0.2815 0.161
Longitude
Average GPS -0.5118 0.6414 0.0062 0.25 -0.1978
Latitude
Average GPS -0.484 0.483 -0.0056 0.284 -0.0911
count
Average GP S -0.5734 0.7625 0.009 0.0615 -0.2564
altitude
Average GPS NaN NaN NaN NaN NaN
magnetic
Variation
Average GPS 0.2296 -0.2389 -0.0025 -0.2062 0.0265
HDOP
Average GPS -0.067 -0.019 -0.0015 0.1228 0.0635
VDOP
Average GPS -0.0692 -0.0191 -0.0015 0.1265 0.065
PDOP
Average GPS 0.0983 -0.0864 -0.0122 -0.2664 -0.1534
Speed
Antenna Status NaN NaN NaN NaN NaN
Average time 0.0406 -0.0198 -0.0033 -0.096 0.0346

since Last fix
Table 7-2 presents the correlation factors between various average GPS performance metrics and the
associated GPS error metrics in semi urban location 1. The first column reflects the average values
aggregated from all five GPS sensors utilized during the experiment, with each sensor's data summed and
then divided by the number of devices active at that time. The presence of NaaN values is expected as these
parameters are not expected to change. Changes would signify a change in the environmental and
experimental setup.

164



The analysis of the IRNN-DNN model's performance, as delineated in Table 7-2, Table 7-
3, and Table 7-4, illustrates its intricacies in correlation to the data it has been trained on.
Statistically re-explaining the same composite model’s performance, High negative correlations
between 'Average GPS longitude' and 'Unprocessed Angular Error' (-0.7381), suggesting that
angular deviations errors increase with longitude. Proof of the mathematical and physical analysis
conducted in the previous section. For an ideal model, the post processing correlation should tend
towards zero. Correlation values thar exhibit a transition from negative to positive and vice versa,
implies that the model is starting to over fit to th e data with stronger overfitting meaning that the
model is fitting to noise in the data rather than generalizing. Generally, however, lower correlations
with processed error compared to raw signal, indicating improvements or stabilizations due to

processing.

Table 7-3. Co-relation factors between average GPS performance and GPS error metrics in urban location 1.

Unprocessed Unprocessed Angular Processed Processed
Magnitude Error Error Magnitude Error Angular Error
Average GPS 0.2173 0.2774 -0.1547 0.0248
Longitude
Average GPS Latitude -0.1749 0.2304 0.0557 01713
Average GPS count 0.0075 0.1733 -0.0367 -0.2128
Average GPS Altitude -0.2653 0.2956 0.1534 -0.0478
Average GPS magnefic NaN NaN NaN NaN
Variation
Average GPS HDOP 0.0379 -0.0924 -0.0275 0.0703
Average GPS VDOP 0.007 0.164 0.121 0.045
Average GPS PDOP 0.0072 0.1677 0.1251 0.0461
Average GPS Speed 0.0409 -0.0973 0.1668 0.1693
Antenna Status NaN NaN NaN NaN
Average time since 0.018 -0.0187 -0.031 -0.049
Last fix

Table 7-3 presents the correlation factors between various average GPS performance metrics and the associated GPS
error metrics in urban location 1. The first column reflects the average values aggregated from all five GPS sensors
utilized during the experiment.

Table 7-3 provides the correlation factors between average GPS performance metrics and
GPS error measurements, both processed and unprocessed, for an urban location 1. The table drops
parameters with "NaN' entries for certain metrics, such as magnetic variation, which indicates no

measurable change in these parameters throughout the experiment. Such invariance is anticipated
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for certain variables—magnetic variation and Antenna status in particular—since the drone
maintained a constant position, and no variation was expected. It should be noted that this might
differ when the drone is in motion. A moderate positive correlation of 0.2173 between 'Average
GPS longitude' and 'Unprocessed Magnitude Error' suggests a significant relationship wherein
increases in longitude readings may be associated with increases in the magnitude of errors. On
the other hand, 'Unprocessed Angular Error' has a negative correlation with 'Average GPS
longitude' (-0.2774), implying that larger longitude errors could coincide with a reduction in
angular errors. This relationship is moderate and does not necessarily imply a strong direct cause-
and-effect linkage. On the other hand, when examining processed errors, improvements become
apparent. 'Processed Magnitude Error' is negatively correlated with 'Average GPS longitude' (-
0.1547), indicating that the magnitude of errors has diminished following processing. Additionally,
'Processed Angular Error' exhibits a slight negative correlation with longitude (-0.0248), denoting
a notable improvement from the unprocessed state. This implies that the processing steps within
the IRNN-DNN model have successfully reduced the severity of these errors, enhancing the GPS

performance in an urban context where complex error patterns are expected.
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Table 7-4. Co-relation factors between average GPS performance and GPS error metrics in urban location 2.

Unprocessed Processed Processed Processed
Unprocessed Magnitude Unprocessed Altitude Magnitude Angular
Altitude Error Error Angular Error Error Error Error
Average GPS
Longitude 0.7217 0.3598 -0.4371 -0.2217 -0.3843 0.2908
Average GPS
Latitude -0.6079 -0.2042 0.2451 0.0979 0.3359 -0.4057
Average GPS
count -0.4065 -0.1737 0.1627 0.4064 0.2148 -0.1651
Average GPS
Altitude -0.7569 -0.3311 0.4344 0.0588 0.3653 -0.3464
Average GPS
HDOP 0.2241 0.1072 -0.1245 -0.2241 0.0201 0.0125
Average GPS
VDOP -0.0604 0.1292 0.1212 0.0604 -0.0799 0.0793
Average GPS
VDOP -0.0619 0.1287 0.1242 0.0619 -0.0797 0.082
Average GPS
Speed 0.116 -0.0441 -0.0076 -0.116 -0.0165 0.032
Average time
since Last fix 0.026 0.011 -0.0029 -0.026 -0.029 0.0353

Table 7-4 presents the correlation factors between various average GPS performance metrics and the associated GPS
error metrics in urban location 2. The first column reflects the average values aggregated from all five GPS sensors

utilized during the experiment.

From Table 7-4, a strong negative correlation is evident between 'Average GPS altitude'
and 'Unprocessed Altitude Error' (-0.7569), suggesting that as GPS altitude measurements
increase, the unprocessed altitude errors decrease. Additionally, there's a considerable positive
correlation with 'Unprocessed Angular Error' (0.4344). These correlations might point to the
altitude measurements being inversely impacted by altitude errors in the urban environment. When
it comes to processed data, a noteworthy improvement in correlation is observed, which implies
effective error mitigation through the IRNN-DNN model's processing steps. For instance, the
negative correlation for 'Average GPS longitude' with both 'Processed Magnitude Error' (-0.3843)
and 'Processed Altitude Error' (-0.2217) suggests that processing the GPS data reduces both the
error magnitude and the altitude error, with longitude demonstrating a significant influence on
these error reductions. Further analysis of unprocessed errors reveals that longitude is positively
correlated with "Unprocessed Angular Error' (0.7217), indicating a strong influence of longitudinal
errors on the direction of the error vector. Conversely, there is a substantial inverse relationship
with altitude errors, as shown by the negative correlation with 'Unprocessed Altitude Error' (-

0.7569). This could indicate a complex interaction between the GPS signal's longitudinal
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component and the vertical error. In terms of latitude correlations, 'Average GPS Latitude'
demonstrates a negative correlation with 'Unprocessed Magnitude Error' (-0.2042), and post-
processing, a positive correlation emerges with 'Processed Magnitude Error' (0.3359). This shift
suggests that latitude errors significantly affect the magnitude of errors and that they are not as
effectively mitigated by the model's processing as longitude errors are. This is a statistical

validation of the analysis performed previously in urban location 2.

Table 7-5. Co-relation factors between average GPS performance and GPS error metrics in urban location 3.

Unprocessed Unprocessed I;Arscﬁﬁjgg Processed
Magnitude Error Angular Error Igrror Angular Error
Average GPS -0.458 0.6372 -0.0733 0.5546
Longitude
Average GPS 0.4195 -0.5069 -0.0973 -0.4199
Latitude
Average GPS 0.3077 -0.4589 -0.031 -0.2508
count
Average GP S 0.4655 -0.6293 0.0523 -0.5782
Altitude
Average GPS
HDOP -0.1464 0.1996 -0.0301 0.163
Average GPS
\DOP 0.0218 -0.0735 0.0854 -0.0796
Average GPS
\DOP 0.0223 -0.0751 0.0883 -0.0815
Average GPS 0.0611 -0.0463 0.0374 0.0446
Speed
Average time -0.0561 0.0203 0.0252 0.0259

since Last fix
Table 7-5 presents the correlation factors between various average GPS performance metrics and the

associated GPS error metrics in urban location 3. The first column reflects the average values aggregated
from all five GPS sensors utilized during the experiment, with each sensor's data summed and then divided

by the number of devices active at that time.

Table 7-5 provides an overview of the correlation factors between average GPS
performance metrics and GPS error metrics for urban location 3. A strong positive correlation
exists between 'Average GPS longitude' and 'Unprocessed Angular Error' (0.6372), revealing a
substantial relationship where errors in longitudinal readings significantly influence the direction
of the angular error. This is further exemplified in Figure 7-11, where persistent errors in the
second and third quadrants indicate that most of the errors contribute positively to the primary

error vector. On the other hand, 'Average GPS longitude' also shows a negative correlation with
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'Unprocessed Magnitude Error' (-0.458), suggesting that higher longitudinal errors could
correspond to a decrease in the overall error magnitude, perhaps due to compensatory effects in
other error components. After processing, this correlation decreases to -0.0733 for 'Processed
Magnitude Error', demonstrating an improvement but still indicating the presence of directional
errors associated with longitudinal readings. Latitude correlations undergo a noticeable shift from
the unprocessed to the processed state, from -0.5069 to -0.0973, indicating a reduction in the effect
of latitude on error magnitude after processing. However, 'Processed Angular Error' maintains a
relatively high correlation with 'Average GPS longitude' (0.5546), suggesting a persistent
directionality in the errors related to longitude, which does not diminish considerably with
processing. The processed data for Urban Location 3 shows a reduced correlation in magnitude
errors but a remaining high correlation in angular errors with both longitude and latitude. This
indicates that the model's processing is more effective in reducing the magnitude of errors rather
than the directional component. Furthermore, 'Average GPS Latitude' sees a decrease in correlation
from unprocessed to processed states, indicating a lessened impact on the magnitude of errors,

although directionality issues continue to persist.

Upon reviewing the performance of the IRNN-DNN model as revealed in the correlation
data, it becomes evident that while the model can reduce the magnitude of GPS errors, there is a
persistent correlation between errors and predictors, even after processing. This persistence,
especially noted in the urban locations, could suggest a tendency towards overfitting, where the
model, instead of generalizing from the input data, captures noise or random fluctuations inherent
within the GPS signals. Such overfitting is indicated by the fact that despite processing, the output
errors remain correlated with the GPS measurements, a trait not observed with the LSTM model.
This continued correlation post-processing implies that while the model has learned to reduce the
magnitude of errors—perhaps to a level comparable with highly precise mapping-grade
receivers—it might still be homing in on some remaining stochastic elements of the dataset.
However, the reduction in magnitude errors and the model's performance, possibly rivaling that of
precise receivers, underscore the efficacy of the method and the potential of the IRNN-DNN
model. It implies that the foundation of the model is sound and with further refinement, particularly
in addressing overfitting by distinguishing between noise and actual signal, the model's accuracy
and reliability can be significantly enhanced. Future iterations of the model could benefit from

integrating strategies to prevent overfitting, such as regularization techniques or the introduction
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of noise-reduction algorithms that can discern and minimize the influence of random fluctuations

in the training data. More about this is discussed in section 8.3

7.5 CHAPTER SUMMARY

Chapter 7 provides an analysis of the performance of the IRNN-DNN composite algorithm in
correcting GPS navigation errors across various environmental settings. The chapter evaluates the
inverse variance weighted filter. It then transitions to an examination of the LSTM model's
performance on static GPS data, assessing its effectiveness in urban and semi-urban environments
characterized by different levels and complexities of multipath in urban environments, then
evaluates the data derived from the IRNN-DNN model's application across various urban settings
demonstrates a robust capability in addressing and mitigating multipath errors, with an intriguing
correlation between environmental complexity and model performance. We find that the error after
processing through the IRNN-DNN reduces to under 2 meters horizontal offset errors, more than

95% percent of the time (2-sigma distribution).

Notably, in Urban Location 1, which is characterized by the presence of three reflectors,
the model exhibits high precision in capturing and correcting multipath errors. This level of
accuracy, nearly paralleling that of Urban Location 3, which has reflectors on two parallel sides,
suggests that the model’s error correction mechanisms are adept at navigating complex multipath
conditions. In contrast, Urban Location 2, with only one reflector, shows a less optimal

performance, underscoring the model's enhanced functionality in more intricate settings.

The comparative analysis indicates that the IRNN-DNN model is particularly effective in
environments with multiple reflectors. This finding is counterintuitive, as such settings are
typically prone to increased GPS signal distortion. However, the model not only copes with this
complexity but also appears to leverage it to improve its error correction capabilities. This is
exemplified by the performance in Urban Location 1, where the multipath components are
effectively discerned and mitigated, resulting in a level of GPS accuracy that is compelling when

considering the challenges posed by such environments.

The metrics support the conclusion that the IRNN-DNN model excels in urban conditions

with more complex reflector configurations, potentially surpassing traditional expectations for
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GPS accuracy in such contexts. This outcome implies that the model is capturing essential
characteristics of the multipath interference, which are then being used to fine-tune the algorithm's

correction parameters.

In summary, the findings from Urban Locations 1, 2, and 3 contribute to a key thesis
conclusion: the IRNN-DNN algorithm demonstrates a remarkable capacity for understanding and
mitigating multipath errors, especially in urban environments of increased complexity. The
evidence suggests that the model's effectiveness is not diminished but rather enhanced by such
conditions, offering a promising direction for further research and development towards the

development of GPS based drone localization system.
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CHAPTER 8. LIMITATIONS, CONCLUSION AND FUTURE
WORKS

8.1 A SUMMARY ON THE KEY FINDINGS

This thesis embarked on an exploration of how recent advancements in signal processing, machine
learning, and embedded systems contribute to the enhancement of GPS localization technology in
drone and aerospace systems operating in urban environments. It began by questioning the
performance capabilities of embedded GPS receivers compared to traditional survey-grade
receivers, specifically within the context of urban air mobility applications. The investigation
revealed that while embedded GPS receivers offer a cost-effective alternative, they face challenges
such as increased susceptibility to signal reflection, obstruction, and multipath interference in
dense urban settings. Secondly, the thesis examined the trade-offs between single and multi-GPS
receiver systems, uncovering that multiple receivers, despite their higher energy consumption and
cost, provide improved accuracy and reliability crucial for critical aerospace applications. Lastly,
our exploration into machine learning applications demonstrated significant potential for
enhancing GPS sensor performance through predictive modeling and error correction, improving
the accuracy and reliability of GPS data in real-time. Through these inquiries, this thesis
contributes to the field of electrical engineering by showcasing the integration, efficiency, and

reliability of GPS technology, especially within the demanding environments of urban navigation.
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Table 8-1. Evaluation of proposed GPS localization system with IRNN-DNN against technical requirements

. . Condition Met .
Technical Requirement (Yes/Partially/No) Explanation
Update rate of at least Yes GPS sensor can operate at 10 Hz
10 Hz; latency under Algorithm corrects the outputs in under 50ms
50 ms
Horizontal accuracy met in all urban, semi-urban, and open-
field environments tested. Vertical measurements were met in
Accuracy condition ) Urban Locations 1 and 3, but not in Urban Location 2 and
) Partially )
met 95.5% of time semi-urban location.
However, the values are highly repeatable. Meeting the 95.5%
threshold
Error under 3 m v Horizontal accuracy met in all urban, semi-urban, and open-
es
horizontally field environments tested.
Error under 12.5 ft Partiall Vertical measurements were met in Urban Locations 1 and 3,
artially
vertically but not in Urban Location 2 and semi-urban location.
Onboard processing of v All algorithms can be run on lower power hardware typical of
es
GPS the flight computers used
Antenna placement to
] The antennas were located around the drone. The algorithm can
enhance signal and Yes ]
) effectively enhance the accuracy of the sensors
reduce noise
) ] The system is real-time capable from both the hardware, and
Firm-real time ) i
] Yes software perspective and architecture and implementation
operation .
perspective.
Power consumption v Actual power consumption is significantly below the limit, at
es
under 15 Watts approximately 1.625 Watts during peak operations,
Scalability to adapt to ) ) ]
) The algorithm is scalable in design and implementation.
different UAV ) o ]
Partially Additional testing needs to be done on new platform to verify

configurations and »
. compatability
operational demands

Table 8-1 evaluates the GPS DAQ hardware enhanced by the IRNN-DNN model against
precise technical requirements informed by proposed UAM operations. The composite model

consistently achieves horizontal accuracy under 3 meters across varied environments—urban,
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semi-urban, and open fields—demonstrating its robustness and adaptability in complex
navigational contexts. IRNN-DNN model achieves at a rate of 10Hz, significantly higher than
system with comparable levels of accuracy. This thesis now introduces the Dynamic Accuracy
Index (DAI), a metric that quantifies the balance between positional accuracy and data processing

speed. Lower the DAI values the better.

Mean Accuracy (20)

Dynamic Accuracy Index = (32)

Frequncy of Position Reports

The proposed IRNN-DNN method has a mean error of 1.8 m in a static position test
operating at 10 Hz in urban environments. This represents a 47% improvement over other proposed
alternative neural network models [111]. The experimental results reveal our system's proficiency,
particularly evident in its Dynamic Accuracy Index (DAI) of 0.18 meter/Hz, surpassing other filter
methods operating at ~1 Hz with a DAI of 5.11 meter/Hz [111]. It also exceeds the proposed filter
+ neural network methods presented in the literature with DAIs of 3.41[111] and 2.17 [220]. It
compares effectively with vision-based system with DAI of 0.15m/Hz (4.50 meters in horizontal
accuracy at 30 fps) [221] It excels in real-time processing, maintaining firm real-time operations
with minimal latency, crucial for UAV operations requiring immediate data processing and
response. The system's architecture, featuring non-blocking polling operations and a Last In, First
Out (LIFO) data window approach, plays a critical role in enhancing the overall efficiency and
real-time performance of the GPS localization system. Non-blocking operations ensure that data
processing does not wait for other operations to complete, eliminating queues or halts that could
introduce delays. The system in experimental testing showed a maximum delay of 10 ms between
data capture and final localization estimate. Additionally, the LIFO data window approach
prioritizes the processing of the most recently received data first. This method is particularly
beneficial in navigation systems where the latest data is often the most relevant. By prioritizing
newer data, the system can more rapidly adjust to new information, such as sudden changes in the
drone's position due to external factors like wind or obstacles. This approach minimizes the
influence of outdated data, which might no longer accurately represent the current situation,
thereby enhancing the accuracy and reliability of the system's outputs. Furthermore, the system

showcases exceptional energy efficiency, consuming well below the 15-watt limit during peak
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operations, which affirms its suitability for field use. The model also shows promise for cross-
compatibility with other inertial navigation sensors, though full integration remains a goal for
future development. Despite these strengths, the system struggles with vertical accuracy in specific
settings like Urban Location 2 and semi-urban areas, failing to consistently meet the 12.5 feet
standard and suggesting a targeted area for technological enhancement. Additionally, while
maintaining a minimum distance of 10 meters from sensitive areas, this aspect was not empirically
tested, relying instead on the theoretical accuracy capabilities of the system. Moving forward, the
subsequent section will address the limitations of this study, which is vital for framing the
encountered challenges and outlining potential avenues for the author’s future research to refine

the localization system's effectiveness in urban aerospace applications.

8.2  LIMITATIONS IN STUDY

This section identifies the study’s limitations and proposes strategies to address these issues in
future research. By resolving these constraints, future studies can improve robustness and

applicability.
8.2.1 Geographical diversity and multipath complexity

Our research highlighted the critical influence of the operational environment on GPS signal
accuracy. The study's scope was limited by the number of locations tested and time available for
data collection. We observed that the complexity of the environment, particularly regarding
multipath effects, is a determining factor in the performance of our algorithms. In more intricate
settings, the increased error and positional variance offer rich data for algorithm optimization.
Expanding the geographical diversity of test locations is a crucial next step to ensure our findings

and GPS error correction methods are robust and generalizable across varied urban landscapes.
8.2.2 Data and training complexity

Given the short time available for effective data collection using the validated PATHFINDER
system, data available from experiments for training, validating, and deploying the ML model was
limited. A significant portion of the study’s future work is to gather more data. The models trained

in MATLAB are also not suitable for direct deployment on drone platform due to significant
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limitations. While the MATLAB model was chosen for a good reason in this thesis, testing with
highly validated and tested model from literature, it is considered not ready to deploy. A significant
limitation was the manual moving and processing of data from one step of the composite model to
the next. Large datasets will only amplify this problem. Alternative techniques need to be
investigated. The study’s attempts in training the similar model in Azure cloud platform and
Python varied in effectiveness. A large caveat to the work presented is that while the model shows
repeatable results for the given test dataset, it was not tested with wild data from a drone in full

hover in a random location.
8.2.3 Hardware and firmware compatibility

Initial investigations suggest that hardware versatility and cross-compatibility of algorithms may
allow for the use of diverse GPS sensors and manufacturers' firmware. Despite a lack of correlation
in performance among identical GPS sensors, preliminary evidence supports a hardware-agnostic
approach for our system. Future testing will explore the extent to which different GPS sensors and
firmware can maintain system performance, contributing to the flexibility and scalability of the

solution.
8.2.4 Comprehensive flight phase testing

The thesis study was constrained to the hover phase of drone operations due to regulatory changes
during the research period. The investigative efforts were particularly impacted by recent
amendments to the FAA\regulations, specifically the Remote Identification (Remote ID) rule for
drones, which came into effect during our study period. Remote ID requires that drones operating
in the national airspace system broadcast identification, location, and performance information.
These rules necessitate that drones are equipped with Remote ID transmitters, which were not
readily available at the onset of their enforcement. Consequently, our field operations were
restricted This limited our data collection to indoor environments, which are not representative of
the data required for robust model training and validation. With the recent acquisition of compliant
ID beacons, we are now positioned to initiate controlled hover flight tests, which will serve as a

baseline for comparison with our previous stationary GPS tests.
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8.2.5 Propeller interference phenomenon

A significant and unforeseen observation was recorded during the static testing phase: propellers
fabricated from non-metallic materials, such as nylon and ABS, substantially interfered with the
signal reception of GPS receivers. This disturbance, although mitigated during our study by
operating the propellers, unveils a critical avenue for further exploration. A comprehensive
understanding of the interference caused by propeller materials could lead to enhanced drone

design parameters and optimal placement of GPS receivers to minimize such disruptions.
8.2.6 Equivalence of data sets and experiments

In the context of our study's constraints, establishing a methodological equivalence between the
static test conditions—wherein drones were immobilized—and the dynamic flight scenarios,
which involve close-to-the-ground maneuvers, emerges as a critical undertaking. This is
particularly salient given that the static tests, while controlled, do not encapsulate the full spectrum
of variables that drones encounter in active flight. Confirming this equivalence would substantiate
the hypothesis that extensive datasets derived from alternative yet analogous mobility patterns,
such as those of vehicular traffic, could significantly augment the scope and depth of our data.
Such augmentation is imperative for a rigorous and comprehensive training regime of our machine
learning models, which underpins the robustness and validity of the GPS error correction

techniques we have developed.

The incorporation of this diversified and enriched data pool has the potential to refine the
precision of the algorithms that form the backbone of our GPS error correction methodologies. By
simulating a more varied range of operational dynamics within our data-driven frameworks, we
can enhance the models' ability to generalize across different flight conditions. This advancement
is of paramount importance for the evolution of UAV navigation systems, ensuring that they
operate with heightened accuracy and reliability, even within the multifaceted and often

unpredictable urban airspaces.

Therefore, the subsequent phase of our research will involve a concerted effort to
methodically correlate the data obtained from stationary testing platforms with that derived from

drones in active flight. By bridging this gap, we aim to bolster the robustness of our error correction

177



mechanisms, thereby contributing to the overarching goal of achieving a higher standard of

navigational integrity for UAV systems in diverse operational contexts.
8.2.7 Extension of data collection duration

Extending the data collection duration is a foundational component of this research, imperative for
capturing comprehensive GPS performance metrics over time. During the initial phases of the
study, data capture was conducted in relatively short increments due to the limitations imposed by
both drone battery life and operational constraints. Although over 550 hours of usable test data
were amassed, the temporal granularity of these datasets was often constrained, with most data
samples reflecting brief snapshots of GPS performance. This limitation is particularly impactful
because longer-duration datasets enable the observation of nuanced patterns in GPS signal
behavior that may manifest only over extended periods or under varying environmental conditions.
Therefore, the need for continuous, long-term data collection is evident to enhance the depth and
fidelity of our analysis. To address this, we are initiating the development of R-sensors based on
Van Hunter Adams's pioneering work at Cornell[222]. These low-power, distributed DAQ systems
will facilitate extended remote measurement and data streaming, bolstering our dataset's
comprehensiveness. This development has broad applications, including micro-satellites,
environmental modeling, state-space monitoring, and precision agriculture, and will be a focal
point of my continued research efforts. These low-power, distributed data acquisition systems are
engineered to facilitate prolonged and autonomous data collection, wirelessly transmitting
pertinent parameters of interest to a centralized server. This technology will allow for an
uninterrupted and comprehensive capture of GPS data, overcoming the challenges of limited

battery life and manual data retrieval.

8.3 FUTURE RESEARCH CONTRIBUTIONS

This section outlines the future work to be undertaken by the author and potentially others in the
field based on the findings of this study. It emphasizes potential advancements and research

directions informed by the current results.
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8.3.1 Multi-gated recurrent neural networks

Currently, the neural networks employed in our studies are adaptations of established architectures
readily available in the market. These pre-existing models have been repurposed to facilitate our
training requirements. However, we have not ventured into the design of novel machine learning
structures specifically tailored for our unique application needs. Based on the insights gleaned
from the thesis, there are specific elements within neural network architecture that warrant further
exploration to fully exploit their potential in our domain. These elements include the architecture's
capability to perform both short-term and long-term error correction. Such a dual approach is
essential for addressing a spectrum of errors, from high-frequency noise typically associated with

short-term fluctuations to low-frequency, periodic errors that manifest over longer time frames.
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Figure 8-1. A RNN cell designed for signal processing, featuring two distinct pathways for error correction. The
cell inputs a signal x¢ and outputs a corrected signal yt. Internally, it manages two hidden states, h¢ and h,, which
are responsible for short-term high-frequency and long-term periodic error correction, respectively. The system
utilizes a novel error function, COBECA, aimed at outperforming traditional metrics like RMSE and MAE by

generating a trace error that captures both high-frequency and periodic signal error.

The next step in the research will involve an in-depth exploration of an RNN cell
specifically designed for signal processing. This cell will be characterized by dual pathways for
error correction, aligning with findings related to the optimal window size for the algorithm. The
cell will process input signals xt and produce corrected outputs yt, managing two hidden states ht
and h,. ht will address short-term, high-frequency noise, while the latter h,will correct long-term,

periodic errors. This design is informed by our previous work, which indicated that varying the

179



window size can significantly impact the performance of the algorithm, particularly in isolating

and correcting different error frequencies.

The system's efficiency will hinge on the COBECA error function, developed to enhance
accuracy beyond what RMSE and MAE offer. By capturing both high-frequency and periodic
signal errors, COBECA aims to provide a comprehensive trace error metric that is sensitive to the
diverse error dynamics encountered in UAV signal processing. The validation of this RNN cell
and the COBECA function will necessitate empirical testing across various datasets to ensure

robust performance and the adaptability of the cell to different error characteristics.
8.3.2 COBECA

The Convex Optimization-Based Error Correcting Algorithm (COBECA) represents a
advancement in the field of autonomy, specifically tailored for the task of trace comparison.
COBECA leverages spatial digital signal processing to transform temporal data into a spatial
series, enabling the sophisticated application of convex optimization techniques. This process
facilitates the precise fitting of ellipsoids to trajectory data within configuration spaces, thus
allowing for detailed comparisons of paths. By quantifying deviations in terms of translation,
rotation, noise, and scaling, COBECA offers a robust and dynamic tool for analyzing the intricate
behaviors of autonomous systems based on their movement patterns. This makes COBECA an
indispensable algorithm for ensuring the accuracy and reliability of trajectory data in real-time

applications, spanning from autonomous navigation to health device tracking.

180



o[k]
s ¥ B

Reflectio

Lolk —m] ]
ial :
q[k] ssap:‘;?er aWid Filter —bqj[u]—»-»[iw;k- ”}—» E;Jllﬁflncgal ‘ [
Ly[k]

E3- -0

¢ iy R

%l

CUSIVIERON —1— ¢;

(. J/

Figure 8-2. A block diagram overview of COBECA highlight four key components. Spatial sampler converts
a time series is converted to a “spatial series” with samples evenly spaced in distance. The spatial samples
are fed into a spatial filter which spatial noise. These filtered samples are integrated to generate estimates of
the distance traveled (a metric of the progress through a path). SO(n) Error block takes these estimates to
match the current path to the expected path to estimate the mean rotation and scaling. Reflection detector

detects whether reflection is present in the path. Eproj block estimates the perturbation in the path.

Further work is currently underway to validate and enhance the Convex Optimization-
Based Error Correcting Algorithm (COBECA). This effort focuses on rigorously testing the
algorithm's performance, elucidating its underlying mathematical properties, and demonstrating
its broad application spectrum. Specifically, COBECA's ability to accurately derive complex, path-
specific GPS errors is being explored to ensure its effectiveness in dynamic environments.
Additionally, by encoding the dynamics of motion within the error components, COBECA can be
integrated into a Recurrent Neural Network (RNN). This integration allows for the correction of
motion-derived inaccuracies, such as changes in the angle of a GPS antenna during maneuvers like
turns or alterations in a drone's flight path. This advanced capability enhances the precision of
trajectory tracking and navigation systems, making COBECA a crucial tool for improving the

reliability and functionality of autonomous technologies.
8.3.3 Frame-embedded sensors and long-term integration with PATHFINDER

A subsequent research phase aims to integrate Fiber Bragg Grating (FBG) sensors into the sensor
fusion matrix of UAV navigation systems, capitalizing on the precision strain and stress data to
refine localization techniques. By correlating the physical deformations captured by FBGs with
the aircraft's spatial orientation and movement, we envision a novel approach to enhance both
outdoor and indoor localization. The integration of this data with existing GPS and IMU sensors

could lead to significant improvements in localization accuracy, potentially unlocking new
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applications for UAVs in environments where traditional navigation systems are less effective.
While work was done developing the EXFF framework in this thesis, additional work must be
done to integrate different sensor-hardware systems. Work has been done to build and assemble
IMU daughter cards and an integrated central carrier board. Future work would include a hardware

study, and integration with the algorithms developed based on the work discussed in this thesis.
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Figure 8-3. Integrated central carrier board designed during research study. (a) X-ray view of the carrier board PCB
layout, with top layer connections in red. The Ports are based on the PCle express m.2 connector standard, with the
traces connecting to different SPI and I2C ports on a raspberry Pi computer. (b) A 3D model of the assembled
central carrier board with the IMU daughter card attached.

8.3.4 Inertial navigation sensors and PATHFINDER

While the current model relies solely on GPS data, a more robust model may be developed
integrating IMU data. The scalable architecture of our model facilitates the inclusion of additional
parameters such as accelerometer, gyroscope, barometer, and magnetometer data. This potential
improvement represents a significant avenue for future research, which I plan to pursue
immediately at the onset of my PhD studies. The incorporation of these diverse sensor inputs is
expected to mitigate the limitations of relying exclusively on GPS data by providing a more
comprehensive dataset for modeling drone behavior, especially in complex environmental
conditions. This approach will aim to improve the accuracy and reliability of localization

algorithms, aligning with the broader goals of advancing drone navigation technologies.
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Figure 8-4.(a) IMU PCB model; (b) assembled IMU board. Additional testing is to be carried out to investigate the
inclusion of IMU data to augment GPS positioning accuracy. (c) IMU board attached to a partially assembled CCB

for testing.
8.3.5 R-sensors

R-sensors build upon the foundational work accomplished in the GPS POD, utilizing insights from
the r-selection ecological strategy to optimize the deployment across distributed sensor networks
[223].This approach involves integrating a wide array of sensors, both on and off the vehicle, to
form a composite network that delivers high-resolution insights into system states under varying
conditions, significantly enhancing sensing techniques for Urban Air Mobility (UAM). In my
ongoing research, I aim to leverage this methodology in conjunction with embedded Fiber Bragg
Grating (FBG) sensors for stress and strain monitoring, creating a distributed system that not only
tracks drone activities but also the specific actions of each drone component. This comprehensive
data collection facilitates the development of composite models that are not only accurate and swift
but also grounded in explainable physical and statistical phenomena, thereby advancing our

understanding and control of UAV systems in complex operational environments.
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Figure 8-5. A pair of basic test R-sensor module with IMU and magnetometer attached.

8.4 FUTURE COMMERCIALIZATION WORK

As we advance from theoretical exploration to commercial application, our engagement with the
National Science Foundation's Innovation Corps (I-Corps) program marks a crucial transition. Our
participation will focus on the GPS Data Acquisition (DAQ) system, which has demonstrated
significant promise in enhancing the accuracy and reliability of UAV localization in urban settings.
Through I[-Corps, we aim to validate the market viability of the GPS DAQ system, identify
potential customer segments, refine the value proposition based on stakeholder feedback, and
develop a sustainable business model that addresses all aspects of production, distribution, and
support. This process will expand our industry network, enhance our team's entrepreneurial skills,
and ultimately contribute to the growth of the urban air mobility ecosystem. The PATHFINDER
project, which integrates a GPS carrier card with a backplane flight computer, is another focus
area. Here, more experimentation, design, and analysis are needed to optimize performance and
ensure system reliability under diverse operational conditions. These initiatives are expected to
propel our technology from lab to market, ensuring that our research has a tangible impact on the

field and remains aligned with industry needs and challenges.
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APPENDIX A: MATHEMATICAL FOUNDATIONS OF DRONE
LOCALIZATION

The precision of GPS is crucial for the localization of UAVs. Achieving this precision requires a
deep understanding of the mathematical methodologies that facilitate the conversion of coordinate
data across multiple reference frames—geodesic, North-East-Up (NEU), body-centric, and
inertial. These transformations are essential for accurate real-time navigation and the execution of
complex flight maneuvers. This section amalgamates and summarizes the relevant drone
navigation mathematics presented in the literature [49], [180], [224]-[228]. It explores the
Newtonian mechanics underpinning these transformations and introduces machine learning
techniques as potential enhancements. By drawing parallels between traditional Newtonian
formulations and contemporary ML approaches, this discussion aims to identify and address gaps
in the application of ML to drone localization. The integration of ML with established
mathematical frameworks is proposed to potentially improve localization accuracy in UAV

operations.

FRAMES OF REFERENCE

Legend
NEU frame

Body Frame
Inertial Frame

/

’Y’ East

Figure A-1. Frames of reference. The inertial frame is aligned with the body frame. NEU frame is the
operational frame in which data from different sensors in different frames are fused together. NEU frame is

aligned with the Earth-referenced coordinate system at the launch point.
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The NEU frame is an Earth-referenced coordinate system that provides a consistent global context
for positioning. Its axes are oriented toward the true north (N), the east (E), and the vertical
direction pointing away from the center of the Earth, known as up (U). This frame's immobility
relative to the Earth allows for a uniform reference for GPS coordinates globally, ensuring that
positional data from GPS satellites are interpreted consistently across different geographic

locations.

In contrast to the NEU frame, the body frame is a moving coordinate system that is aligned
with the drone's current orientation and position. The body frame's axes are defined with respect
to the drone's structure: the forward axis (positive X-axis), the leftward axis (positive Y-axis), and
the upward axis (positive Z-axis). This frame is essential for the drone's onboard systems to
understand its orientation in space, which directly influences thrust vectoring, stabilization, and

flight dynamics.
We define four primary reference frames for the analysis:

o Global Frame (G): A geodesic reference frame where the GPS operates. It is considered an

absolute reference frame in space.

o Inertial Frame (I): The inertial frame is a theoretical reference frame in which Newton's
laws of motion hold without any corrections for gravitational forces. In practice, this frame

is approximated by a frame fixed relative to the center of mass of the drone.

o Navigation Frame (N): A local frame defined with respect to a point on Earth, typically
aligned to the North-East-Up (NEU) convention.

o Body Frame (B): This frame is aligned with the center of gravity of the object under study
and moves with it. The coordinates in space are denoted as X' = (x,y,z)", where i is the

index variable and T is the frame of reference.

Xi= (x‘ y, Z)T (33)
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OPERATIONS IN REFERENCE FRAMES

Geodesic to NEU frame'

The conversion from geodesic coordinates to the North-East-Up (NEU) frame is a critical
operation. This transformation translates GPS coordinates, provided in terms of latitude, longitude,
and altitude, into a local coordinate system aligned with the drone's orientation and motion in
reference to a known reference point, most commonly the launch point. This conversion involves
a series of transformations that account for the Earth's curvature and the drone's spatial orientation.
While the WGS84 ellipsoid model is commonly employed for such calculations due to its
compatibility with global navigation systems [229], the haversine formula presents a viable
alternative, particularly for applications where simplicity and computational efficiency are
paramount [230], [231]. The haversine formula calculates the great-circle distance between two
points on a sphere using their latitudinal and longitudinal coordinates. Mathematically, it can be

expressed as:

Ap = ¢, — ¢4 (34)

A = 2, — A (35)

& = sin? (%) + cos(dy) - cos(dy) - sin? (Az—’l) (36)
¢’ =2-atan2(va,V1—a) (37)
d=R-c (38)

! Thanks to Alperen Cuci for his contributions in writing this section of my Thesis.
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where (@,,4,)and (@,,1,) are the latitudinal and longitudinal coordinates of two points
respectively, the haversine formula computes the distance, d, between them. R is the mean radius

of the Earth in meters.

Let (laty, lony, hy) represent the initial GPS coordinates (latitude, longitude, altitude) of
the starting point, and (laty, lony, h;) denote the current GPS fix. Using equation (38), we can get
the distance between the launch point and the current position. After obtaining the distance, we
proceed to calculate the North-South, 9P, % ; East-West, /*,3; and vertical, 9*,Z, components of

gps d — (QPS—’ gos3; 91752’ )T

the displacement vector, Y

9P°% = d - cos(laty,) - sin(lony, — long) (39)
9Py = d - [sin(laty)- cos(laty) — cos(laty) - sin(lat,) - cos(lony, — lon,)] (40)

7 =he — hy 41)

To derive velocity and acceleration from GPS data in the North-East-Up (NEU) frame, we
employ a systematic approach that leverages consecutive GPS readings. This process involves
calculating the change in position over time to obtain velocity and then determining the change in

velocity over time to derive acceleration.

Velocity is a vector quantity that describes both the speed and direction of motion. In the

NEU frame, velocity components, (Vy, Vg, VU)GPST, correspond to the North, East, and Up

directions, respectively. To calculate these components, we first need a series of position

measurements 7 ”,ﬁ&’ at known time intervals, t, from the GPS.
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These calculations provide the instantaneous velocity, 7 p;Vk , of the drone in the NEU

frame, considering the displacement in each direction divided by the time elapsed between two

consecutive GPS readings. The acceleration of the drone, 9%ya,, is given by:

-gps gpsy, -
'angVN' KN~ eV
gps ot ti — tr—1
kAN gps QPSV QPSV
grs, _ |agps _ |97 VE | | ke T k1E
Nk = kK| = |———|® (43)
ars ot b — lk-1
kK“1U gos gpos gos
0 kVU kVU - k—1VU
- ot 4L -ty

Inertial to NEU frame

The conversion from inertial to North-East-Up (NEU) frame for sensors' data, notably from
accelerometers and gyroscopes, plays a crucial role in localization systems of drones. The raw
measurements provided by these sensors form the basis for estimating the orientation and position

of the vehicle in three-dimensional space, enabling precise navigation and motion control.

The accelerometer measures acceleration in the inertial frame, equation (44), capturing the
drone's linear acceleration excluding gravity. Gyroscope data, represented in equation (45),

provides angular velocities around the drone's principal axes, corresponding to roll (@), pitch (6),

and yaw (y) rates of change.
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a; =< Ay, ay' a; >inertial (44)

g)i =< @, 911/) > gyro (45)

Xt=(xy2" (46)

The raw sensor data from accelerometers and gyroscopes is the starting point for state
estimation. The accelerometer provides a vector of accelerations in the inertial frame, while the

gyroscope yields angular velocities < ¢, 8, 1) > gyro associated with the Euler angles. Euler angles

< @,0, >5" offer a compact way to represent the orientation of the body frame B in respect to
the inertial frame. They describe the sequence of rotations about the principal axes that align the
body frame with the inertial frame. Estimation of this sequence of rotations is a critical step in

orientation estimation.

To transition between the rotational frames, we use transformation matrices. The rotation

matrix R, (@) for a rotation about the x-axis is given by:

1 0 0
R, (D) = [0 cos (@) —sin ((Z))] (47)
0 sin(@) cos(0)
cos(8) 0 sin(60)
R,(0) = [ 0 1 0 ] (48)
—sin(6) 0 cos (6)
cos(y) -—sin(y) O
R,(¥) = [Sin ) cos (Y) 0] (49)
0 0 1

Similarly, rotations about the y and z-axes, denoted as R, (6) and R, (1), respectively,

follow the standard formulation for 3D rotations.
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To localize effectively, a drone must translate acceleration and rotation data between its
local body frame and the global NEU frame. This process utilizes rotation matrices, which
mathematically represent the drone's orientation through roll, R, (@g), pitch, R, (6p), and yaw,
R,(Yp), angles. These angles correspond to rotations about the body frame's X, Y, and Z-axes,

respectively. The combined rotation matrix, R, is the product of these individual rotation matrices:

Rp,n = R,(Yp) * Ry, (0g) * Ry(¢p) (50)

This rotation matrix transforms acceleration vectors from the body frame to the NEU
frame, allowing the drone's movements to be interpreted within the global context. The

transformed acceleration vector in the NEU frame at a kth time instance is expressed as:

imﬁak = Rp,y *ap (51)

where ay, is the acceleration vector measured in the body frame. The IMU derived acceleration

fmita, in the navigational frame can be derived from the body frame acceleration a By » at time k

as follows:

imu
kAN

imﬁak = im%aE = Rp,y * G(aBk) (52)

imu
KAy

where G(“™Xa,) represents the gyroscopic filter applied to the body frame acceleration. The
gyroscopic filter accounts for the non-linear gyroscopic precision effects of rotational acceleration

on linear acceleration measurements and vice versa.

The velocity ™%V, and position "X, in the navigation frame can then be computed by
integration over time, with the application of appropriate filtering techniques to reduce noise and

bias.
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] ¢ ]
imuyy +f ’ a, dt
im}iVN | tl;:
mity, = |y | = | MV + f ag dt
im%VU tlz;l
imuy 4 f ay dt (53)
| tr1 |
PV + (Mray — Pay) - (e — tr—q)
= [ ™V + (im%aE - ;'ch{aE) “(te — te—1)
iV + (Mray — ay) - (b — teor)
- t ]
muy f V. dt
mixe] |
mEX = | MU | = | X + f Vg dt
im}éXU tl;:
imuy  + f Vy dt
i ti1 | (54)

; 1. 7
iV - (e — te—q) + E(lm%azv) (b — ty-1)?

Q

. 1.
Vi - (b — te—1) + E(lm%aE) (b — tg—1)?

. 1,
etV - (G — te—a) + E(lm%au) (ke — tre-1)?|

Operations in NEU frame

In the NEU frame, various operations are conducted to facilitate drone navigation, including
position estimation, velocity calculation, and attitude determination. These operations involve a
combination of mathematical transformations and sensor data processing to ensure accurate and

reliable navigation in three-dimensional space.
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Sensor fusion: complementary filter

The Complementary Filter combines data from both GPS and IMU sensors by blending their
respective measurements. It is designed to leverage the strengths of each sensor while

compensating for their individual weaknesses.

Let Oy denote the orientation angle obtained from the IMU, and Ogpg represents the
orientation angle derived from GPS measurements. The Complementary Filter can be expressed

mathematically as:
[Ofused = @ - Oy + B - Ogps + 605 ] s.t.|la+p+--+6| =1 (55)

where a, 3, -++, are the blending factors that determine the contribution of each sensor. Typically,
a,f,++,0 is chosen to favor one sensor over the other based on their respective accuracies and

update rates.
Sensor fusion: madgwick filter

The Madgwick Filter is an advanced algorithm that effectively combines GPS and IMU data by
utilizing sensor fusion techniques, such as quaternion-based orientation estimation. It employs a

gradient descent approach to optimize the orientation quaternion.

Let q denote the orientation quaternion representing the rotation from the body frame to
the Earth frame, and a and w represent the specific force and angular rate measurements from the
IMU, respectively. The Madgwick Filter updates the orientation quaternion based on the IMU data

and corrects it using GPS measurements. The algorithm can be summarized as follows:

[fI:%q(X’(g)—ﬁ-P-a] (56)

where @ denote quaternion multiplication, £ is a filter gain parameter, and P is a positive definite
symmetric matrix that determines the contribution of accelerometer measurements to the

orientation estimation.
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Equivalence of state estimation and neural networks

This section bridges the conceptual divide between a traditional vector transformation equation
(51) and its ML equivalent, offering a clear comparison and demonstrating equivalence under
specific conditions. The first step will be to establish clear analogies of classical vector
transformation and their neural network counterparts, then represent the transformation equations
into neural network expression using model representation before applying machine learning

extension and loss function optimizations to the model.

Staring with the transformation of coordinate data between the Earth-centric NEU frame
and the drone-specific body frame, the application of ML in GPS technology for UAVs involves
equation (51), where dy and dy represent vectors in possibly different vector spaces or coordinate
systems, and R is a transformation matrix. In ML, particularly within neural networks, the

operation of applying weights to an input feature vector is given by:

(57)

<
Il
<
*
=l
+
S

where, y is the resulting vector post-transformation, W is the weight matrix, X is the input vector,

and b represents a bias vector. In ML, the weight matrix W is typically derived through a learning
process, often using optimization algorithms that minimize a loss function. In contrast, the
transformation matrix R in classical vector equations is usually defined by the physical laws
governing the system or the required coordinate transformation. W is randomly defined as a large,
valued matrix. However, by seeding W to be R (refer to page 204), we establish a connection
between the ML weight initialization process and the underlying physics governing the system.
Using data-driven insights, models will be specifically selected to take advantage of the signal
characteristics and use these insights to improve the performance of GPS localization systems.
Moreover, this initialization approach provides a solid foundation for Machine Learning models,
potentially leading to faster convergence to optimal solutions. Unlike random initialization,
seeding W to mimic R allows the optimization process to focus on refining small discrepancies
between the model predictions and the real-world data, rather than recreating the underlying

physics from scratch. The concept of seeding W to match R also opens avenues for developing
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hybrid models that integrate classical physics principles into Machine Learning algorithms. Such
hybrid models not only benefit from the explainability provided by physics-based approaches but
also meet the stringent certification requirements in aerospace environments. To explore the
implications further, adopting a grid search algorithm can ensure comprehensive coverage of the
solution space within the model. Comparing equation (51) and (57) gives an idea for a similar

approach:
R < W: Transformation matrix in (51) is analogous to the weight matrix in ML.
dg < X:Input vector in (51) is analogous to the input feature vector in ML.

dy < y: Resultant vector in (51) is analogous to the output vector in ML before bias

adjustment.

Through these established parallels, it becomes evident that the transformation matrix
R plays a similar role to the weight matrix W in altering the state of the input vector through a
linear operation. This reveals a fundamental unity in the operations conducted in classical vector

transformations and neural network computations.
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APPENDIX B

Table B-1. Repeatability of sensor performance I.

F- T- P- F- T- P-
Sensor  Frequency  Error Type Statistic  Statistic  Value Sensor  Error Type Statistic  Statistic Value
altitude 1.000 0.000 0.90 altitude 1.00 0.00 0.96
0.1 angular 1.000 0.000 1.00 angular 1.00 0.00 0.97
magnitude 1.000 0.000 1.00 magnitude 1.00 -0.013 0.98
altitude 0.196 -14.79  0.00 altitude 3.16 -27.71 0.00
1 angular 2.215 -18.65 0.00 angular 1.00 0.013 1.00
magnitude  0.250 -10.63 0.00 magnitude 1.00 0.013 1.00
altitude 0.776 35.71 0.00 altitude 21.59 -25.72  0.00
1A 3 angular 0.714 -16.45  0.00 2A angular 1.00 0.00 1.00
magnitude  0.432 10.95 0.00 magnitude 1.00 -0.043 1.00
altitude 10.663 7.35 0.60 altitude 1.24 40.41 0.00
5 angular 0.128 -42.61 0.35 angular 0.00 32.79 0.00
magnitude  0.215 16.88 0.28 magnitude 0.00 -32.79 0.00
altitude 3.087 -0.327  0.80 altitude 1.00 0.091 1.00
10 angular 1.000 -0.016 1.00 angular 1.00 -0.026 1.00
magnitude 1.000 -0.050 1.00 magnitude 1.00 0.00 1.00

Hypothesis: All sensors perform identically across multiple test runs

Large values p-values are approximated to 1 and small p-values are approximated to be 0

Large values f-values are represented as >> and small f-values are represented as <<
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Table B-2. Repeatability of sensor performance II.

F- T- P- F- T- P-
Sensor  Frequency  Eror Type Statistic ~ Statistic  Value Sensor  Error Type Statistic ~ Statistic  Value
altitude 1.00 0.00 0.97 altitude 1.00 0.012 0.99
0.1 angular 1.00 0.00 0.95 angular 1.00 -0.040 0.98
magnitude 1.00 -0.017 1.00 magnitude 1.00 -0.029 1.00
altitude 0.50 38.60 0.00 altitude 0.23 36.06 0.00
1 angular >> 25.56 0.00 angular 7.69 2117 0.03
magnitude >> 25.56 0.00 magnitude 0.56 -22.03 0.00
altitude 3.795 37.49 0.00 altitude 1.94 4.756 0.00
1B 3 angular 1.00 0.00 0.99 2B angular 1.00 0.00 0.99
magnitude 1.00 0.012 1.00 magnitude 1.00 0.00 1.00
altitude 0.61 29.68 0.00 altitude >> -30.99 0.00
5 angular 1.00 0.00 0.980 angular 1.00 0.038 0.99
magnitude 1.00 0.091 0.90 magnitude 1.00 -0.026 0.99
altitude 0.76 33.62 1.00 altitude 1.00 -0.026 1.00
10 angular >> -5.72 1.00 angular 1.00 0.000 1.00
magnitude >> -5.72 1.00 magnitude 1.00 0.014 0.97

Hypothesis: All sensors perform identically across multiple test runs

Large values p-values are approximated to 1 and small p-values are approximated to be 0

Large values f-values are represented as >> and small f-values are represented as <<
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Table B-3. Key Statistics from the Open-Field 2 Data.

Statistic GPS1 GPS2 GPS3 GPS4 GPS5
Count 8760.0 8760.0 8760.0 8760.0 8760.0
Mean 3.79m 549m 3.74m 10.32m 9.97m

Std 0.13m 041m 0.62m 0.35m 0.82m
Min 344 m 5.07m 229m 9.67m 8.38 m
25% 3.84m 5.07m 3.26m 10.13m 9.31m
50% 3.84m 5.39m 3.58m 10.20 m 10.20 m
75% 3.84m 5.95m 438m 10.52 m 10.23 m
Max 3.84m 5.95m 451m 10.89m 11.12m
Table B-4. Key Statistics from the Urban-3 location Data.
Statistic GPS1 GPS2 GPS3 GPS4 GPS5 After IRNN-
DNN
Application
Count 32955.0 32246.0 32955.0 32955.0 32955.0 NA
Mean 7242 m 79.12m 7821 m 76.41m 75.90 m 2.108 m

Std 8.90 m 842m 8.20m 11.05m 545m 0.71m

Min 4711 m 18.67 m 62.17 m 37.05m 53.60 m 0.0

25% 65.60 m 76.29m 74.68 m 69.95m 73.79 m

50% 69.68 m 78.74m 7821 m 77.60 m 76.29 m

75% 7890 m 80.87 m 81.19m 82.08 m 7821 m

Max 98.10 m 154.01 m 100.18 m 108.41m 92.57 m 57m
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Table B-5. Key Statistics from the Open-Field 1 location Data.

Statistic GPS1 GPS2 GPS3 GPS4 GPS5
Count 34021.0 34021.0 34021.0 34021.0 34021.0
Mean 210.45m 21127 m 204.69 m 210.46 m 209.89m

Std 0.63m 1.82m 267m 118 m 2.32m
Min 209.10 m 206.19m 200.77 m 206.67 m 203.96 m
25% 210.23 m 210.67m 201.90 m 209.92 m 209.00 m
50% 210.36 m 211.04 m 204.77m 210.84 m 210.67 m
75% 21116 m 212.89m 206.33 m 21094 m 21159 m
Max 21141 m 214.66 m 21116 m 211.87m 21251 m
Table B-6. Key Statistics from the Semi-Urban 1 location Data.
Statistic GPS1 GPS2 GPS3 GPS4 GPS5 After
IRNN-DNN
Application
Count 18032 18032 18032 55024 33534 NA
Mean 57.56 m 35.65m 53.13m 70.44 m 58.16 m 2.868 m
Std 3.77m 3.97m 2.96m 13.63m 4294 m 1.09m
Min 48.70 m 29.40m 46.50 m 0.00 m 39.40m 0.0
25% 55.10 m 32.50 m 50.80 m 60.20 m 4210m
50% (Med) 56.80 m 35.80 m 52.60 m 69.00 m 4510m
75% 61.60 m 36.80 m 55.30 m 78.70m 56.30 m
Max 62.50 m 46.20 m 59.00 m 100.40 m 267.00 m 9.1m
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Table B-7. Key Statistics from the Urban-2 location Data.

Statistic GPS1 GPS2 GPS3 GPS4 GPS5 After IRNN-
DNN
Application
Count 45458 45458 45458 45458 45458 NA
Mean 4447 m 26.62m 4494 m 44.36 m 4244 m 2.295m
Std 15.09m 14.45m 15.29m 15.56 m 18.15m 0.88m
Min 0.00m 0.00 m 0.00 m 0.00m 0.00m 00m
25% 34.70 m 16.10m 4400 m 36.10 m 4560 m
50% (Med) 41.20 m 25.50m 4510 m 50.80 m 46.10 m
75% 60.40 m 35.50 m 51.90 m 51.60 m 46.70 m
Max 99.70 m 56.80 m 67.10 m 167.30 m 167.30 m 8.5m
Table B-8. Key Statistics from the Urban-1 location Data.
Statistic GPS1 GPS2 GPS3 GPS4 GPS5 After IRNN-
DNN
Application
Count 58474 58474 58464 58464 58464 NA
Mean 76.22 m 63.32m 85.11m 9. 1Mm 83.03m 1.807 m
Std 7.00m 38.01m 7.32m 7.79m 6.53m 0.78m
Min 0.00 m 0.00m 0.00m 0.00m 0.00m 0.0m
25% 69.90 m 35.30 m 78.60 m 88.20 m 77.70 m
50% (Med) 73.70 m 54.50 m 84.50 m 91.80 m 81.80 m
75% 82.80 m 92.00 m 90.40 m 94.60 m 87.60 m
Max 90.90 m 347.00 m 98.20 m 136.60 m 122.30 m 84m
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