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Design and Deployment of a Hybrid Neural Network for Real-Time GPS
Correction in Slow Moving, Low SWaP, UAYV Flight Systems

Gokul Nathan!, Alperen Cucioglu! and Sep Makhsous!

Abstract

The global surge in demand for unmanned aerial vehicles (UAVs), projected to reach $91 billion by 2033, spans diverse
applications in urban environments. However, achieving accurate horizontal geo-localization in urban settings remains
challenging due to poor GPS performance, creating a significant barrier to effective drone operations, even in static or
slow-moving deployments. Recreational-grade GPS systems, commonly used in low Size, Weight and Power (SWaP)
UAVs, suffer from residual errors exceeding 100 meters in urban environments, severely limiting real-time navigation
accuracy and drone autonomy. Although capable of good accuracy in conventional aerospace deployments, existing
traditional aerospace-ready GPS receivers are expensive, power-intensive, and heavy, making them unsuitable for low
SWaP drone deployment. Existing performance-enhancing post-processing techniques for recreational GPS are limited
by the real-time requirements and the noise, power, and computational constraints inherent to drone operations. This
underscores the critical need for accurate, robust, lightweight, and power-efficient urban localization solutions for UAVs.
In this work, we present a hybrid Integrated Recurrent Neural Network—Deep Neural Network (IRNN-DNN) architec-
ture, capable of running on embedded microcontrollers with recreational-grade L1C GPS receivers. Leveraging Long
Short-Term Memory (LSTM) networks, the IRNN-DNN model captures temporal dependencies and spatial error pat-
terns across multiple concurrent GPS receivers, allowing real-time error correction. Field tests with MTK3339 GPS
recgiver on UAVs in static test corditions showed, withya2D residual eaot of' sl meters at 10 Hz, a 30% improvement
over existing models—validate the IRNN-DNN approach as a promi§ing embedded solution for enhancing urban local-
ization performance in constrained UAV applications.

Keywords: Machine learning; Neural networks; Multipath mitigation; Real-time GPS correction; Urban drone opera-

tions

Introduction

Floreano and Wood (2015) identified the transformative po-
tential of drones in logistics and urban air mobility (UAM),
positioning them as a technological milestone capable of
revolutionizing sectors such as transportation and disaster
mitigation. They highlighted the significant impact of au-
tonomous drones in civilian applications, particularly for
navigating complex environments and providing more effi-
cient transportation solutions. Even earlier, MacSween-
George (2003) envisioned a "drone Uber" concept, propos-
ing using drones for human transportation. Collectively,
these works reflect early optimism about the role of drones
in reshaping logistics and mobility. While these works fo-
cused on large-scale, high capacity systems, practical de-
ployment has remained limited due to range, power, payload
and regulatory compliance (Raivi et al. 2023).
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Consequently, the research community 1s increasingly turn-
ing toward small, ultra-low SWaP (Size, Weightiand Power)
as a more viable near-term altern@tive:

While many broad definitions exists for low SWaP
drones (U.S. Army. 2010; Elmeseiry et al. 2021; Mohsan et
al. 2022; Federal Aviation Administration 2023), this study
specifically focus on mini and micro Class 1 drones (Ariante
and Del Core 2025), operationally defined here as drones
weighing under 5 kg and costing less than $3000. These
small platforms are widely adopted for specialized tasks that
require precise static or near-static positioning near obsta-
cles, particularly in dense urban environment. Examples in-
clude property inspections, static surveillance and threat
monitoring, terrestrial mapping, close-range photography
and videography, urban traffic monitoring at intersections
and parking lots, and IoT sensor deployment and monitoring
(Kim et al. 2013; Sorbelli 2018; Al-Turjman et al. 2020;
Barmpounakis and Geroliminis 2020; Thoa Mac et al. 2020;
Togola et al. 2020; Kabbabe Poleo et al. 2021; Kalaitzakis
etal. 2021; Elsayed et al. 2022; Al-Dharrab 2023; Kim et al.
2024; Dhawde et al. 2025). These applications share a criti-
cal operational characteristic central to this paper: the drone
is primarily deployed in static or near-static configurations
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at specific heights, often in close proximity to reflective
structures and obstacles in dense urban environments.

Although not fully autonomous, these drones typically
feature operator-assistive capabilities such as hovering,
landing, and stable positioning at fixed locations. These fea-
tures are particularly sensitive to Global Positioning System
(GPS) localization errors (Lima and Pereira 2021; Sun et al.
2023), especially when operating with low-cost, recrea-
tional-grade single-frequency GPS receivers commonly in-
tegrated with microcontroller-based flight computers archi-
tectures (Shetty and Gao 2015; Septian et al. 2022). Ensur-
ing robust and reliable GPS localization under these static
and highly constrained operational conditions remains a
critical research and operational challenge (Gao et al. 2013;
Su et al. 2022; Reid and Neish 2023; Zou et al. 2023) of
interest to the research community.

Operational standards for drone applications specify that
horizontal positioning errors must remain below 3 meters
with at least 90% probability, and vertical errors within ap-
proximately 12.5 feet (3.81 meters) under similar reliability
constraints (Bauranov and Rakas 2021; Fontaine 2023). De-
spite thesg elear guidelines,/reliably achieving this acctiracy
in urban/environments remains challenging due to fréquent
satellite! dropouts, severe/multipath reflections, and signal
degradation(Gowda et al. 20173 Zhang ¢t al. 2023),

Under optimal, open-sky, conditions,|GPS=based locali-
zation can achieve latgral accuragies within 1 meter. Yet, in
dense urban areas with obstructions, accuracy dropssignif-
icantly (Hamza et al. 2024), often resulting in horizontal er-
rors of hundreds of meters due to multipath (see Fig. 1)
(Michalski and Czajewski 2004). Multiple studies also illus-
trate that vertical positioning errors are further compounded
by this issue, typically exceeding horizontal inaccuracies by
at least 50%, and sometimes surpassing 100 meters (Zogg
2002; Alkeryd 2006; Chan et al. 2006; Wing and Frank
2011). Traditional guidance, navigation, and control (GNC)
approaches for drones and UA Vs often rely on complex sen-
sor suites—such as radar, depth sensors, and stereo cam-
eras—combined with computationally intensive algorithms
requiring high floating point operations per second
(FLOPS) capability (see Table 1). However, the size,
weight, and power demands of these systems make them im-
practical for lightweight, low-SWaP drone platforms (Ku-
mar et al. 2023).

To address these limitations, this paper proposes a ma-
chine learning (ML) model that combines conventional sig-
nal processing with lightweight neural architectures to en-
hance the positioning static accuracy of low-cost, recrea-
tional-grade GPS receivers (Nathan 2024) operating urban
environments near obstacles The study focuses specifically
on improving horizontal (2D) localization performance in

static or slow-moving conditions; altitude behavior was
monitored but not systematically evaluated. Our Integrated
Recurrent Neural Network-Deep Neural Network (IRNN-
DNN) model reduces 2D positional GPS error to under 2
meters (50% Circular Error Probability (CEP)) in real-time
on embedded microcontroller platforms during simulated
urban UAV operations, all at operational speeds exceeding
10 Hz. The remainder of the paper is organized as follows:
Section 2 discusses related work on GPS error correction
and ML approaches. Section 3 details the proposed IRNN-
DNN model, including its architecture, deployment, and ex-
perimental methodology. Section 4 presents and discusses
the experimental results and Section 5 concludes with a
summary of the findings and future directions.

Literature review: current GPS error
mitigation methods

Traditional GPS error correction methods have relied heav-
ily on techniques like Differential GPS (DGPS) and Real-
Time Kinematic (RTK) systems. RTK, which sends correc-
tion carrier-phase measurements from a base station to a
mobile platferm and achieves centimeter-level precision in
real-time, is, however, an expensive solution that demands
additional hardware. While strict linesof-sight (I1.OS) be-
tween the base stationfand rover 1§ not a technical require-
ment, tecent experimental studies (Fan et al. 2019b; Medina
et al.\2021; Tavasci let al. 2024a) have demonstrated that
non-ling=of-sightAINLOS) conditions between the base and
rover can leadto performafice degradation. DGPS i§ unsuit-
able for fast-moving drones as it introduces_latency and
communication delays, and increases=reliance 'on additional
infrastructure, raising costs (Gross et al. 2016; Tavasci et al.
2024b). In contrast, Precise Point Positioning (PPP) meth-
ods don’t operate in real-time; instead, they rely on post-
processing to enhance accuracy (Magsi et al. 2024). Alt-
hough hybrid PPP-RTK combinations exist, they still re-
quire substantial infrastructure and entail significant opera-
tional complexities (Kim 2021). These methods are also
generally unsuitable for targeted UAM applications, where
dynamics and urban environments exacerbate these issues
(Li et al. 2023).

Limitations of traditional approaches have led to the
adoption of ML techniques to enhance GPS localization ac-
curacy in urban settings (Du et al. 2020; Kanhere et al. 2022;
Meng et al. 2022; Zou et al. 2023; Qi et al. 2024; Zhao et al.
2024; Zheng et al. 2024; Yu et al. 2024b). ML algorithms
have demonstrated an ability to learn complex patterns and
predict multipath errors, offering solutions that are faster,
more precise, and adaptable to varying urban conditions.
ML methods have also seen considerable success in correct-
ing other forms of GPS error (Jia et al. 2024; Tete et al.
2024; Tohidi and Mosavi 2024; Hu et al. 2024; Yu et al.
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2024a). The paper by Kanhere et al. (2022) presented a
DNN model that reduced Global Navigation Satellite Sys-
tem (GNSS) positioning errors down to 5.9 (£5) m. Mo-
hanty and Gao (2023a) then explored a coupled approach
using Graph Neural Networks (GNN) with Kalman filters
for positioning. In their second paper, Mohanty and Gao
(2023b) examined how Convolutional Neural Networks
(CNN) learn and correct GNSS positioning errors in

Satellite (s,)

~ -

smartphones. By integrating neural networks to correct and
augment GNSS data, the authors show an improvement in
lateral positioning performance with errors reduced to 2.6
meters while moving in a vehicle on the interstate. This ap-
proach is extended by Huang et al. (2025) to low-quality
smartphone GPS data, resulting in Root Mean Square Error
(RMSE) concentrated under 10 meters, with 3.86 meters in
the best-case scenario, while a car is in motion.
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Fig. 1. Ilustration of GPS signal propagation paths demonstrating multipath and non-line'of sight (NLOS) effects leading to potential
reception delays and accuracy degradation in GPS recejyers. Multipath interference occurs @when ‘GPS «signals reflect ‘off surfages,

creating multiple signal paths to theteceiver. The teflected path, d ,: dy, 2y, o, , is longer, i.€. takesimore|time to teach thewreceiver,
than the direct path dg, ,,./These delayed signals cause positional errors of up to hundreds of meters, particularly in urban environments

with/mumerous reflective surfaces.
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Table 1. Comparison of Static GPS Localization Methods for Low-SWaP UAV Systems in Urban Environments: Accuracy, Power,
Computational Cost, and Deployment Trade-offs.

Accuracy

. Power Computa- .
_ 0,
Methc;ia/nl;:qulp CIS)O gole- Consumption tional Load (Sgg) Size/Weight PrmggeUse Key Limitations
’ (Watts) (FLOPS)
ters)
Highly sus-
L1C GPS, Basic locali- ceptible to
(MTK3339) 3.5 Very Low 10* — 10° ~$30 16 x 16 mm zation for multipath
(MediaTek 2016; ) 0.15W <Sg low-SWaP Degraded ur-
Abedi et al. 2020) UAVs ban perfor-
mance
Multi-Frequency Suitable for
GNSS (NEO-MON) | I;t‘éw - Moder- 105105 ~$70 12x16mm  standard E;frae‘i‘;g;‘r'
(u-blox 2023; Mi- 031w 57¢g UAYV appli- p
letiev et al. 2024) ) cations. mance.
Dual Freq RTK .
(ZED-F9P) Requires
(Janos and Kuras Precision ag- base station
. Moderate riculture, or correction
2021; Robustelli et 0.01-02  (~100- 106 — 107 ~$150— 22 x 17 mm surveying service
al. 2023; Miletievet ’ $250 ~10g ’
al. 2024; Tavasci et 200mW) autonomous Degraded ur-
al. 2024¢; u-blox UAVs ban perfor-
2024) ’ mance
Dual Freq PPP Global UAV Lg;lfe Cti’;?r
(Romero-Andrade Hich 35 25 mm operations Ig> f
etal. 2021a; Hohen-  0.01-0.5 (~§00mW) 107 =108 >8500 210 where base eotod by
sinn et al. 2022; & stations are a ecteh Yy
Ogutcu et al. 2025) unavailable 10NOSPACTIC
conditions.
Enhanced re- Requiresyex-
IRNN-DNN (This Additional No cost'to liability of tra compute
work) . existing sin~
STM32H747 O.I-Q.3 W for 105 implement ol fre- and/memory
. 1.71 running ML software <5g overhead
(STMicroelectron- model on method quency GBS 20:30%
) ) . . ~30% more
ics 2023) with train- STM32H747 Ieceivers @PU uiili
ing on PC 33\Kbits per i | s
sub:model on

(note) This table contrasts existing approaches across cost, performane®,’and deployment-feasibility. ltthighlightsstrade-offs between lo-
calization accuracy, system power budget, and operational limitations (Stempfhuber 2013; Wang et al. 2020; Romero-Andrade et al.
2021b; Xin et al. 2024; Halaj and Ka¢maiik 2024; Chen et al. 2025; Xiao et al. 2025). The IRNN-DNN approach (this work) offers a
lightweight embedded solution capable of near mid-grade accuracy at minimal cost and power, without requiring external infrastructure.

While these ML techniques have demonstrated improved
accuracy in 2D localization for ground-based applications,
they face greater challenges when applied to the 3D locali-
zation domains, as required for drone operations (Mishra
and Palanisamy 2023). The degrees of freedom in UAV are
higher, with six variables (X, y, z axes, and roll, pitch, yaw)
compared to the three in ground-based movement (X, y, z
axes, and orientation). This makes drone navigation a com-
plex multi-objective optimization problem, with far more
demanding real-time precision, safety, and reliability re-
quirements. Airborne GPS correction implementations are
also significantly more complex than ground implementa-
tions due to the need for rapid control over multiple physical
forces (thrust, drag, lift, weight), SWaP constraints, and
greater safety regulations (Mulgaonkar et al. 2014; Fan et
al. 2019a). Drones must also contend with diverse form fac-
tors, environmental disturbances, and 3D mapping

challenges not faced by ground vehicles (Doukhi and Lee
2021). The lack of explainability in ML algorithms from the
previous paragraph is a key issue in transitioning them to
aerospace, where explainability, certification, and trust in
safety-critical applications are vital (Brunton et al. 2021).
The DNN model in Kanhere et al. remains a "black box" and
lacks interpretability. The model's decisions are not easily
or physically interpretable by humans, making it challeng-
ing to certify such systems for aerospace applications. CNN,
GNN, and other ML models (Mohanty and Gao 2023b;
Mohanty and Gao 2023a; Huang et al. 2025) also lack phys-
ical interpretability. While automotive applications may not
require the same level of transparency, aerospace demands
the ability to verify and validate algorithms rigorously, mak-
ing the black-box nature of these models a significant limi-
tation. Consequently, the existing ground-based autono-
mous solutions fail to address these complexities,
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necessitating advanced, real-time ML algorithms tailored
for precise, 3D aerial navigation.

Current traditional GPS solutions designed for planes and
helicopters are not effective for drone operations in urban
environments due to significant differences in operational
needs and conditions. Aircraft operate at high altitudes,
where GPS signals encounter minimal multipath interfer-
ence, unlike drones. Additionally, planes and helicopters
follow stable, linear paths with lower demands for rapid,
precise localization, whereas drones need highly responsive
GPS for real-time maneuvering and obstacle avoidance in
complex urban terrains (Xia et al. 2018; Ryll et al. 2020;
Angelina Fernandez et al. 2022). SWaP constraints on
drones also make it impractical to integrate the bulky, high-
power aerospace GPS hardware typically used in traditional
aircraft (Wendel et al. 2006; Zhou et al. 2017). These chal-
lenges underscore the need for specialized GPS solutions
tailored to the unique conditions and demands of urban
drone operations.

Despite advancements in research, a critical gap persists
in developing real-time, accurate, efficient, and explainable
localization systems specifically designed for autonomeus
drone operations in urban’ environments. \This paper ad-
dresses this gap by leveraging\recent advaneements/in ML
and localization technologies from related fields. Our seien-
tific contribution is the development of ajrobust, geometry-
awarg GPS error correction madel that enhances§ localiza-
tion/ccuracy fordrones operating in obstructed urban areas,
providing both effi¢iency and interprétability in real-timie
applications. We leveraged recent developments and emerg-
ing ideas in ML and localization technologies in adjacent
fields.

- First, position-based error correction using only GPS
signals and satellite positions has become feasible with
advanced ML techniques. Lan et al. (2020) and Rama-
vath & Perumalla (2024) illustrate how neural networks
can effectively model and predict positioning errors us-
ing satellite positional data, offering comparable accu-
racy over traditional methods.

- Second, hierarchical learning structures have shown
promise in improving localization accuracy in complex
environments. Tursunboev et al. (2022) demonstrated a
hierarchical federated learning approach where small,
specialized models are aggregated by a larger model to
achieve better performance.

- Third, recent work by Chowdhary et al. (2023), Sharma
et al. (2022) and Nayfeh et al. (2023) provides a promis-
ing development in deployment pathways for ML mod-
els on low-power embedded hardware.

In the subsequent section, we detail how our proposed
method, IRNN-DNN, leverages these principles to achieve

high-accuracy positioning through a combination of neural
networks and data fusion strategies designed specifically for
drone operations.

Methodology

GPS pseudorange equations for single point precision (SPP)
technique are well studied and defined in the literature
(Borre et al. 2006). For a satellite, s, and receiver, r, the ge-
ometrical range between the satellite and receiver is given
by 1,°. Then the pseudorange equation P? is given by:

R R (1)
2

T‘: = \/(Xs - Xr)z + (ys - yr)z + (Zs - Zr)z

where €; includes the time offset, ionospheric, tropospheric
induced, and other error terms. (X ¢,V 5, Z s) and (X ., ¥ 1, Z 1)
are the positions of the satellite and the receiver respec-
tively. 67 represents the multipath error component and is
of most interest to this study.

Then for all the visible satellites, h, and receivers, i, it is
possible tesereate/a system of equations P, representing all
the psetidorange and multipath errors:
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where p represents the positional constraints ai] between the
multiple sensors mounted on the drone platform, and
[x,y,z]T is the position of the drone. Raytracing, is a com-
monly proposed method to solve this system of equations,
(Yuan et al. 2020). Raytracing is however computationally
expensive, dependent on accurate 3D environment models,
susceptible to transformation errors, and has limited real-
time feasibility (Lv et al. 2021a; Baasch et al. 2022; Ryzhov
2023). Extending the work done by Farej and Ismail (2023),
the 5 GPS receivers used in the study (GPS 1A, 1B,1C, 2A
& 2B) have unique satellite-obstacle-receiver geometry.
The small deviations (on the order of millimeters) in multi-
path errors are a consequence of the spatial arrangement of
the receiving antennas on a drone. We propose that
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Fig. 2. Detailed architecture of the IRNN-DNN Algorithm for Enhanced GPS Data Correction. The LSTM network handles temporal
dependencies in the data, while DNN processes the data for identifying DC error components.

multipath discrepancies in signals lead to predictable, meas-
urable changes in performance, between the GPS receivers
used, can be exploited to reduce the multipath errors using
ML. IRNN-DNN offers a promising alteenative, that leves-
ages a data-driven model to'learn error patterns, predict and
offer multipath correctionsg:

Thelrest ofithis section is organized as followsythe first
sub-sgetionFintroduces thereandidate ML model; the seecond
sub-gection infroduces/the experimental setup and the/data
sety the third_subsection introduces, the environment(s)\in
which the study is conducted, and the final sub-section in-
troduces the metrics used to measure the performance of the
algorithm.

Proposed ML model for Drone GPS Localization

Based on prior literature (Liu et al. 2019; Du et al. 2020;
Kanhere et al. 2022; Meng et al. 2022), we propose the
IRNN-DNN model to integrate a Long Short-Term Memory
(LSTM) network with a fully connected Deep Neural Net-
work (DNN) to capture and correct multipath GPS errors
efficiently. The LSTM handles temporal dependencies in
time-series GPS data. The DNN complements the LSTM by
addressing non-sequential errors, including constant sensor
offsets and other pseudorandom noise. The proposed IRNN-

When all the sensors are initialized, validated and nor-
malized, the IRNN-DNN algorithm itself is initialized. For
each parameter j within the sensor i, calculate the variance

a}; over the window W as in (7):

t—1
1 2
oh=——r Y (Sh-m) @)

k=t-m

DNN algorithm identifies recurring geometric configura-
tion-induced discrepancies and utilizes specialized error
correction ML models to improve GPS performance.

The désign, déployment, and implications of the algo-
rithm 8 three foundational components (see Fig. 2) are dis-
cussed subsequently.

Windowed Inverse Variance Weighted Correction Filter

The windowed inyerse\ variance weighted correction fil-
ter (IVF)enhane€s the accuracy and robustness of GPS sen-
sor data by dynamically weighing/each GPS measurement
based on its variance. This transpatent, statisti€al’approach
reduces the influence of noisy data, allowing the model to
focus on more reliable inputs. IVF method employs a dy-
namically sized window of values denoted as W character-
ized by a size m. The normalized sensor measurement at
time, t, is represented as a matrix S¢:

st = {s{,s%,sé,&i,sé,...} (5)
sk} (6)

where measurements of an individual sensor n at time t,
across k number of parameters, are denoted in the column
vector as, s&. The sensor measurements are normalized with
an initial validated measurement at t = 0.

t

t — t t
Sp = {nslv nS2) nS3, -

(®)

where f;; is the mean value of the parameter j in sensor i
over the window W with size m.

The deviation, ASitj, of the current measurement from its

running previous window’s mean, ;;, is given by
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where C;; is a correction element in C}, the correction matrix
applied to the latest sensor data, §*. C;; applies the correc-
tion to the i sensor’s j parameter.

The weight w;; for each parameter in each sensor is in-
versely proportional to the variance

__ 5
Wij (1D

=
O'l-j+6

where k; is some parameter specific tunable gain parameter,
initially set to 1, of; is the variance and € is a small constant
added to prevent division by zero. Then:

§t =8 + C, (12)

where S¢, the matrix with corrected sensor values, is ob-
tained by adding the correction matrix C, to S¢.

The IVF algorithm is scalable and adaptable to varying
sensor counts and parameters. It detects and corrects outliers
early, impfoving data quality, for ML. Unlike traditionalsfil*
tering techmiques, such as 1ow=pass filters (LPFs) or Kalman
filters (KF$), which requite System-specifi¢ tuning and ex-
ternal data, the [VF operates without the need for pre-con-
figuratiens:making it moresadaptable. By applying a trans-
parent signal processing technique, IVE ensures verifiable
inputs, enhancing system reliability and aiding compliance
with aerospace certification standards. Its traceable data
treatment boosts transparency, critical for regulatory adher-
ence before ML predictions.

Environment Classifier

The full composite IRNN-DNN model with one common
LSTM and DNN is very large in size, with a large memory
footprint, and is extremely difficult to run in real-time on
low-power, lightweight embedded systems. To enable real-
time execution on low SWaP, embedded systems, the au-
thors developed environment and error-specific sub-models
that run real-time on embedded microcontrollers. An
ML environment classifier (EC) categorizes the operating
environment type as open field, semi-urban, or urban. It se-
lects the appropriate environment-specific RNN-DNN sub-
model for optimal GPS corrections. This classifier also
serves as a system parameter controller for subsequent [IVF
and EC operations. This approach reduces memory and
computation demands, making real-time deployment feasi-
ble on low SWaP systems.

The environment classifier, C(.), analyzes a sliding win-
dow of sensor data, called the data window, W, to ascertain
sensor-measurement reliability and environment. In this

study, a DNN was used as the classifier. Each instance of
measurement is structured as a data frame [St §t] (refer to
eq.(5) and (12)). Multiple data frames are combined to form
W, whose length is controlled by a pre-set, environment-
specific numerical parameter, w,. Then, W is a 3D matrix
where data frames are stacked from the newest to the oldest:

w={[s 5" [s S [ 51°)

w e RWCXZnXk

(13)

where t,,_ is the latest data frame and ¢, is oldest data frame,
and w, is the length of the window. From each data frame,
a difference matrix, 4S, is constructed and evaluated against
a predetermined threshold:

ASt = st —§F

T= [Tl,‘tz, tnl

where 7 is the threshold matrix, where each column, t,,, de-
rived from historical observations and is parameter and sen-
sor specifie™BachiGPS sensor’s data is evaluated individu-
ally and assigned'a reliability label. The GPS sensor data is
discussed in the followingssub-section.ef the paper. In this
study, T,, is set to [y, ..., th |7 (56€ (8))AA data frame is
considered reliable if most ofits| columns are\below the
threshold.

(14)

(15)

Reliability([s §]") = {1' if Z.;('Asf' st)23 (16)

0, otherwise

where 1(.) is an indicator function that returns 1 if the con-
dition is true and 0 otherwise for k sensors. Then for each
window W:

AW = {AStwe, AStWe-1, . ASH}
17)

We

- .
Reliability(W) = 1, ZReltablllty(VAS EAW) =1, (18)
i

0, otherwise

where AW, the data window difference matrix, is con-
structed and evaluated against t,, a tunable threshold param-
eter. In this study, this threshold is set at 0.5W . A data win-
dow is deemed reliable if most of its frames are reliable.
Otherwise, then the latest data frame is discarded, and the
next window is evaluated. If w, consecutive data windows
are unreliable, the algorithm is halted. If the data window is

reliable, it is passed as input to C(.); then:
y = [Label, Reliability of Label] = C(W) (19)

where y, is the output of the neural network. By integrating
data from all sensors, a single poorly performing sensor is
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prevented from misleading the algorithm. This is important
for ensuring the redundancy, and reliability needed for aer-
ospace applications. Preliminary validation suggests that the
classification accuracy is near 100%, with a few occasional
misclassifications, though concerns around overfitting and
optimization exist (see Fig. 3a).

RNN+DNN

The RNN+DNN model processes inputs within a structured
three-dimensional matrix, M, which encapsulates multi-
sensor time-series data:

MNkaxW — [S'.k Ck],M IS ]RNXkXW (20)

where N represents the number of GPS sensors on the drone
(with N =5 in the current study), k signifies the number of
monitored parameters per GPS (with k = 11 as the desig-
nated key parameters in this study), and W is the dynami-
cally tunable window size corresponding to the number of
sequential data points considered for each parameter. This
allows the LSTM (a type of RNN model) to capture both
immediate and delayed error effects while reducing memory
footprint. The selection of the starting value of W = 25 is
predicated on empirical obsetvations of'data indicating that
a 2.5-second window typically includes|'sufficient datal to
generatg counteracting error Signals in an urban environ-
ment.

The input] normalized based, on individual/ predictor
characteristics) 1§ flattened to a 2D matrix, Z, by F(.); and
fed'into an LSTM, Hy vy (E, 0),Which predicts multipath er=
ror contributions:

21

E= F( il ); g € RIVWxP
”M“col

(22)

€temp = Heyn (E, 6)

where €¢pm,, is identified temporal GPS error at the instant
of measurement. Subsequently, these predictions are pro-
cessed through a DNN model, Hpyy (%, 0), that works on
identifying the instantaneous aperiodic and DC errors in
GPS, €p¢, as shown in the equation below.

M
épc = Hpwy ([(m'etempﬂ'e)

where 0 are a set of parameters that include the associated
weights for the input, connected, and output layers of the
model, along with any associated bias values as learned by
the model during the training stage.

(23)
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Fig. 3. Environment Classifier performance. (a)|Confusion/ma-
trix showing classification accuraey acrgss OpenField, Semi-Ur-
ban, and Urban envifonments. (b) ROC curveswith AUCwalues

indicating tsongsperformanee it OpenField (0:9345) and Urban
(0.9429), but lower in Semi-Urban (0.7641).

The final RNN-DNN neural network models as trained
and evaluated are small enough to be deployed on embed-
ded computers like STM32H747 (Arduino 2021) for real-
time processing. Early testing has revealed that each RNN-
DNN takes ~33 Kbits of memory and three sub-models can
be run concurrently on an embedded microcontroller (Fig.
4) at 10 Hz. Further optimization and additional testing of
the algorithm on device are ongoing. The computational
load of the proposed IRNN-DNN model was estimated
based on the number of parameters and the inference fre-
quency. Each sub-model contains approximately 1,000 pa-
rameters, corresponding to a memory footprint of roughly
33 kilobits (~4 kilobytes) assuming 32-bit floating-point
representation. Three sub-models operate concurrently, re-
sulting in a total parameter count of approximately 3,000.
Each inference involves one multiplication and one addition
per parameter, yielding an estimated 6,000 floating-point
operations per inference cycle across all sub-models. At an
operational frequency of 10 Hz, this results in a total com-
putational demand of approximately 60,000 floating-point
operations per second (FLOPS). This computational load is
compatible with typical mid-range microcontrollers such as
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the STM32H747, enabling real-time deployment without
dedicated acceleration hardware.

RNN-DNN Performance on STM32H747 (55 Input Features, Window Size 25, Hidden Dim 25)

—8— Operations per second
-=—- Baseline (10 ops/sec)

Operations per Second

6
Number of LSTMs
@

LSTM Outputs per Second vs Number of Features

—8— 1LSTM - Window 5
1LSTM - Window 10
—#— 1LSTM - Window 15
—8— 1LSTM - Window 20
—#— 1LSTM - Window 25
—#— 1LSTM - Window 30
-~~~ Baseline (10 ops/sec)

10 20 30 40 50
Number of Features

(b)
Fig. 4. RNN-DNN performance on STM32 embedded microcontrol-
ler. (a) Processing time vs. number of LSTMs, showing that the sys-
tem can achieve 10Hz operation with three RNN-DNN sub-models
running at once. (b) RMSE vs. number of features, indicating head-
room for feature optimization and future applications.

Error Correction Module

An error correction module employs the inverse haversine
equation to generate corrected coordinates, based on pre-
dicted error, labeled ‘Corrected GPS Data’. This data is
compared with ground truth GPS data to validate accuracy.
The output of the error comparison function, ¥, is 3 element
vector:

Y. = (n. e he)T (24)
where n, is the north error (primarily influenced by the

error in the latitude component), e, is the east error (primar-

ily influenced by the error in the longitude component) and

h. is the altitude error.

In summary, the IRNN-DNN algorithm enhances GPS
accuracy by leveraging multiple spatially separated anten-
nas on a drone to detect and correct multipath errors. Each
GPS receiver has its receiving antenna placed at a different

location on the drone. Consequently, the satellite-obstacle-
receiver geometry is slightly different for each sensor. The
IRNN-DNN algorithm uses these minimal differences to
identify if an obstacle is present and its spatial relation to the
drone. The LSTM and DNN know the relative position of
the sensors to each other, and they study how each GPS re-
ceiver’s performance changes over time to identify and
solve a system of temporal-spatial equations to identify the
characteristics of expected multipath error components
based on historical matching. The LSTM network uses rapid
and successive GPS measurements to track and encode
changes in each sensor’s performance. The DNN uses sta-
tistically significant temporal and spatial variations in the
reported positions between GPS sensors to mitigate errors.
The IVF ensures that the sensors feed reliable data to the
model, and changes in the sensor’s reliability are known to
the other components of the algorithm.

Experimental Setup and Dataset

Based on well-established performance characteristics
(Ford 2023; Alexovi€ et al. 2023; De Angelis and Giulietti
2023), the Holybro X500 V2 drone (Holybro 2023) was
chosen for this stady. The study isolates the satellite-obsta-
cle-re¢eiver geometry and multipath effects, rather than
drone movements by following +wWelléestablished stati¢ re-
ceiver methodologies(Jumaah \et jal. 2018; Suzuki et al.
2020b; Suzuki et al.[2020a). Introducing [dynami¢ motion
would'add other/Confounding variables (€.g. inertial drift,
aerodynamics, flight controller noise..")

To simulate realistic hovering |eonditions, gthe’drone is
mounted to a tripod with a ball joint. The ball joint permits
minor multi-axis movement (on the order of a few centime-
ters) and rotates up to 90° in the x and y-axis (parallel to the
ground plane), and full 360° rotation on the z-axis (perpen-
dicular to the ground), while remaining power and position
stabilized at 29-35% throttle. This simulates the drone hov-
ering exactly 5 feet above the ground over a fixed location,
like a drone would when delivering a package. The drone
corrects for small gusts of wind on its own and is rotated
until the front of the drone faces east. This setup ensures the
safe operation of the drone in flight-restricted locations and
serves as a valuable step to get certification for full flight
tests in the future. Fig. 5 depicts the setup used to conduct
the study. It should be noted that during all tests, UAV alti-
tude remained constant, and no deliberate vertical maneu-
vers were performed. Thus, data primarily captured hori-
zontal spatial errors.

Five MTK3339 (MediaTek 2016) GPS receivers
(1A,1B,1C, 2A & 2B) each with its own dedicated 28dB ac-
tive gain antenna, called sensors henceforth, are used for
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power. A data tether ensures reliable transmission of data to a laptop computer running a data capture program. The entire setup is
positioned 10 feet from the central column, which has precisely known coordinates.

data acquisition. A breakout board is used to connect the
sensors to a PRJC Teensy 4.1 microcontroller (2021) which
parses and structures the output messages from the receiv-
ers. The GPS sensors are arranged in a square-pentagonal
pattern. Sensors 1A, lB 2A, and 2B anchor the corners of a

PC running
drone control and
monitoring softwar

7 multiple GPS antenna for
GPS signal acquisi

to a dedicated receiver
Each antenna has a 5V
bias tee injector
in line and has 28dB gain (S8

capture, processes and translates L1 satellite radio signals
using a manufacturer specific, black box implementation of
the SPP algorithm. Other satellite constellations are not used
for this study as the governing body, the Federal Aviation
Admmlstratlon (FAA), only authorizes GPS system for air-
in US airspace (FAA 2014).

atripod, with propellers engaged to em
signal environment. A wireless transm
the computer, relays telemetry data in time, fa
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

In contrast to studies that focus on manipulating raw PSR
data (Andert et al. 2013; Kanhere et al. 2022; Bai et al. 2022;
Grenier et al. 2023), IRNN-DNN highlights the utilization
of National Marine Electronics Association (NMEA) (2002)
data as a standardized, economical, and more accessible al-
ternative. This approach builds upon previous work and en-
sures compatibility and interoperability across various GPS
devices (Bao et al. 2022; Jagiwala and Shah 2022; Ladino
and Sama 2024; Ramavath and Perumalla 2024). Processed
NMEA messages (‘Raw GPS’ data), were collected and re-
ported in real-time at 10 Hz, with sensors configured to cal-
culate from scratch and report a new GPS location fix once
every 0.1 secs, ensuring real-time satellite data processing
for SPP with no repetition of unresolved GPS fixes. Table 2
describes the NMEA 0183 messages gathered and how they
were used for this study. The microcontroller parses 55 pa-
rameters, across the 5 sensors, including reported position,
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Dilution of Precision (DOP) values, speed, altitude, satellite ~Environment and Test Location
count(s), fix type(s), magnetic variance, and antenna prop-
erties, and is then used to train the IRNN-DNN model. Fix
type in the NMEA messages refers to the quality and accu-
racy of the GPS position fix. In this study, only valid SPP
based GPS fixes (type 1 or 2) were considered. Wide Area
Augmentation Services (WAAS) augmented data were in-
cluded where available. All post post-processed or simu-
lated (3-8) were excluded or not collected. Additionally, the
data sets include the reported dilution of precision (DoP)
value(s); the type of antenna used for the fix (0-ceramic
patch, 1-external, 2-active); the number and IDs of visible
satellites and their ranges, calculated receiver speed, altitude
and magnetic variance reported was part of collected param-
eters. While satellite ID and reported pseudorange were col-
lected but were excluded from IRNN-DNN training, instead
were used for post-training validation and monitoring.

For the study, 5 locations near the University of Washing-
ton: three urban, one semi-urban, and one open-field site
(control) were selected. The test locations were classified
using the open sky metric (Deng et al. 2022), shown in Fig.
7, and the characteristics described in Table 3. These loca-
tions were selected to reflect the real-world restrictions
placed on UAVs, including near no-fly zones near air/sea-
ports, and dense urban areas, where GPS uncertainty poses
a risk to traffic and other infrastructure. Testing unrestricted
locations would not have provided a meaningful evaluation
of the algorithm for UAM due to a fundamental constraint:
UAVs cannot operate safely without reliable GPS, yet GPS
accuracy can’t be validated without flight testing. Our con-
trolled setup at these restricted locations ensures confidence
in the proposed algorithm’s reliability, supporting the case
for obtaining a testing license for full flight studies.
Table 2. National Marine Electronics Association (NMEA) mes- 55 - -
sage types, descriptions, and relevance to study | e f

4 3
y

NMEA o P! v Wav | ik
message Description Relevance to study - Urban-t “‘ 3 P g "’“ b %
)\ (; \: ] | Urban-2 b (W Hrban-S
HIGH. E tial fc § A 7 e
Global Positioning System Fix S Y 1\ \ g NI N
. ) . gathering GPS pa- v} T - ;
GGA Data: Provides latitude, longi- . ¥
. . rameters. Usedim ML
tude, altitude, and fix quality. -V
training b
GPSDOP and Acfive Satel- ~ HIGH. Essefitial ffor (@) ® o
Gsal  lites: Provides Dilution of Pre-  aSsessing GPS qual- ' | Y AL
cision (DOP) and the satellites  ity. Used in ML train- o N iy, X7 o
used fornavigation. ing o @ : g nw
HIGH. Used to un- Semi-Urban-11g Open Field

Satellites in View: Describes

o . . derstand satellite ge- &~

satellites in view, including . N -
GSV . . ometry. Only satellite -

IDs, elevation angles, azi- count was used in

muths, and signal strengths. o .. Y (d) (e)

ML training Fig. 7. UAV testing sites near the University of Washington: (a)

Recommended Minimum Nav-  HIGH. Used for nay- ~ Urban-1, (b) Urban-2, (c) Urban-3, (d) Semi-Urban-1, and (e)
RMC igation Information: Includes igation data integra- Open Field.

time, date, speed/course over  tion. Used in ML To minimize the impact of other changing environmental

ground. training confounding variables like orbital deviations, ionospheric

s it sbon here- MEDIUML Usedfor s bt wing ourvey mape. 2 st
GRS u GPS monitoring. Not ated not using ata but using survey maps. trilat-

siduals in the range measure-

et used for ML training. eration with National Geodetic Survey (NGS) map, Na-

tional Oceanic and Atmospheric Administration (NOAA)
geolocation markers, and monuments/structures with de-
fined positions accurate to within 15 centimeters, were used
to determine ground truth (U.S. Geological Survey 2018).

GPS Pseudorange Noise Sta- LOW Not used for
GST tistics: Provides statistics about ML training. Second-
the pseudorange noise ary monitoring

The test drone’s actual position is then mathematically cal-

Fig. 8 illustrates the hardware and data architecture of the
culated based on measured offsets from the known reference

proposed enhanced GPS localization system. The ‘Raw . vt
GPS’ data is processed in the flight computer. MATLAB Position as shown in Fig. 5.
(Mathworks 2023) is used on a desktop PC to train and test

the models with live flight data. The PC is used as a stand-

in for the flight computer for rapid iteration testing.
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Table 3. Key attributes of locations tested

Location Key Error Type and Contributing Factors
Omni-directional obstructions with no soft re-
Urban-1
flectors
Significant obstruction on one side with mul-
Utban-2 yES
tipath errors
Parallel, aligned obstructions with significant
Urban-3 . g £
multipath error
. Distant omni-directional hard reflectors with
Semi-Ur- . . .
ban-1 varying soft reflectors contributing to multi-
path error
. Control environment with minimal multipath
Open Field P
errors
Embedded
Mic F 1\1ghtt er Historical
icrocontroller GPS

NMEA
data

Raw
GPS

Embedded Flight Computer

Estimated;
Error

Error Correction
Computation

Environmental
Classifier

U

Fig. 8. Block diagram illustrating the architecture of an Embedded Flight Microcontroller integrated with a Flight Computer for en-
hanced GPS data processing. Data flows from the GPS receiver through the NMEA parser to the flight computer, where it undergoes
environment classification, inverse variance filter, hybrid neural network processing, and error correction to produce accurate and

reliable GPS data.

Evaluation Metrics

To comprehensively evaluate the performance of GPS lo-
calization for UAVs, this study employs five key metrics:
residual magnitude error (€4), angular error (8), altitude er-
ror (eg;; ), ellipsoidal uncertainty (EU) error (||Y,||,), and dy-
namic accuracy index (DAI). These metrics different as-
pects of accuracy and reliability in GPS (Table 4.)

Residual magnitude error represents the 2D horizontal
distance between the GPS-reported position and the actual
ground truth position, while angular error measures the
bearing difference between the estimated and actual posi-
tions (Fig. 9 (a)). Together they define the 2D residual error
vector. Angular error is used to detect systemic deviations
in reported positional offsets, which may indicate the pres-
ence of specific obstacles affecting signal propagation in

specific directions. This directional component of the error
helps in understanding whether multipath interference or
signal obstructions are influencing GPS accuracy from spe-
cific directions. For example, if obstacles are found in the
East-West directions (Urban-3 location in Fig. 7(c)), angu-
lar errors will be higher in that direction compared to the
North-South direction. These values are calculated using the
inverse haversine formula. The Residual Altitude error, e,
quantifies the difference in altitude between the GPS read-
ing and the ground truth (Fig. 9 (b)). The EU error represents
the Euclidean norm ||Y,||, of the horizontal and vertical er-
ror and provides a 3D positional uncertainty measure.
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Table 4. Performance Metrics and Evaluation Criteria for GPS
Error Correction.

Metric Impact on UAV Operations EV.a lugtlon
Criteria
Residual High residual magnitude errors ~ Should be
Magnitude  directly affect a UAV's ability within 3-
Error (€4) to navigate accurately meter radii
without any
Angular A low angular error improves specific di-
Error (0) path-following and route plan-  rectional
ning bias
Accurate altitude information is
critical for UAVs flying at var-
ying heights, especially when
operatmg near obstaclfas orin Should be
. airspace corridors Altitude re- S
Altitude . . within
siduals were monitored for
Error (eq;¢) . +3.81 me-
completeness; however, since ters
UAVV altitude was held static
during tests, dynamic vertical
behavior was not a primary
evaluation criterion.
Ellipsoidal A low EU error ensures that Should be
Uncertainty  combined positional errors do under 10
Error not compromise safety or result 1 oters
(1Yl in collisions
, A lower DAIsignifies that the Lower. .
Dynamie WA W ] value indi-
system maintains high localiza3
Accuracy : . . cates better
tion accuracy while processing
Index . perfor-
data at high speeds
mance

All error metrics are reported using two measuires: Mean
error (1) and RMSE. Reporting both metrics provides a
more comprehensive assessment of the algorithm. The
equations used are as follows:

(25)

(26)

where € is the error metric’s ground truth value, € the esti-
mated error and N is the total number of error points pre-
dicted by the algorithm. p quantifies if there is a systemic
bias in GPS corrections, while RMSE captures the overall
accuracy.
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Fig. 9. 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 pos-
itive valués indicating a reported position above the true ground
level.

The Dynamic Accwécy Index{(DAT)is)a now metri¢ in-
troduced in this paper to provide a more comprehensive
measure of GPS localization performance! DAI 1§ a ¢ritical
metricbecause it dddresses the dual challenge of achieving
high positienalaccuracy-and frequentupdates—both essen-
tial for UAV operations. A lower DAI value indicates supe-
rior performance. DALI is defined.as the ratio of mean accu-
racy (in meters) to the frequency of position reporting (in
Hz):

Mean Accuracy

m
DAI = — )
Frequency of Position Reports [Hz] @7

Results and Discussion

This section evaluates the IRNN-DNN model's performance
in two parts. The first part reviews unaided GPS perfor-
mance, identifying error patterns that can be used to im-
prove localization. The second part examines the IRNN-
DNN algorithm's ability to reduce GPS errors.

Baseline Performance

To establish a performance baseline, GPS data was col-
lected in open-field, semi-urban, and urban environments
without correction algorithms.

A spatial analysis using polar plots (Fig. 10) reveals that
errors in the open-field environment are tightly clustered
around the true position, indicating minimal directional
bias. The GPS fix in these conditions include WAAS
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augmentation signal, though these were sparsely reported by
the receiver. Majority of the fixes (95%+) used only SPP
technique and other tested locations had no WAAS fixes.
This contrasts with semi-urban settings, where the error dis-
tribution becomes more elliptical with no WAAS aug-
mented fixes, suggesting directional biases, lower accuracy
and greater variability.

In semi-urban environments (Fig. 10(b)), the data spread
becomes more elliptical, indicating a directional bias where
errors increase in certain azimuth directions due to building
reflections. This increased spread in error is confirmed by
the altitude time series in Fig. 11 (b), where altitude fluctu-
ations are larger compared to the open-field scenario. Sen-
sor 2B initially reports errors exceeding 100 meters before
stabilizing, while sensor 2A shows an initial deviation of
around -46 meters followed by an overshoot to +46 meters
before converging.

Urban environments present the most significant chal-
lenges to GPS accuracy, as illustrated by the wide residual
spread in Fig. 10(c). Directional biases are prominent due to
obstructions causing severe multipath reflections. The alti-
tude errorfplot in Fig. 11 (g) further emphasizes this,gwith
pronounged, fluctuations indicating complex signal behav-
ior. A multifaceted low-frequency nois¢ component is ob-
served/with signals exhibiting\similar patterns across dif-
ferent/Sensors but not in/other environments, ncluding a pe-
riodi¢’ sinusoidal oscillation apptoximately every 90|sec-
onds. This periodic pattern suggests that Some etrors are not
rahdorh but influenced By recutring ehvirchmental factors,
which opens the potential for predictive modeling. Within
urban environments, obstructions significantly increase er-
ror variability. Examining Fig. 15 (a), Urban-1, with omni-
directional obstructions, showed the highest error, with
some outliers exceeding 300 meters. Urban-2, characterized
by obstruction on only one side, demonstrated improved
performance but retained notable residual errors. Urban-3,
with urban canyon obstruction geometry, exhibits poor per-
formance, with error patterns closely linked to obstruction
geometry. These observations establish that obstructions
strongly affect GPS accuracy, with error variability closely
linked to environmental geometry.
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Fig. 10. Baseline residual offset errors recorded by five GPS re-
ceivers (GPS 1A, GPS 1B, GPS 1C, GPS 2A, and GPS 2B) in
different environmental conditions: (a) Open Field, (b) Semi-Ur-
ban, and (c) Urban environments. The top row of each panel dis-
plays polar plots that represent the residual error in meters as a
function of azimuth angles, illustrating how GPS accuracy varies
with satellite geometry across different environments.
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Patterns of interest in GPS Error Signals.

To analyze signal behavior in urban environments, Fig. 13
examines angular, magnitude, and altitude errors from three
GPS sensors over 20 hours, sampled at 10 Hz. Only 3 GPS
sensors (1A,1B, & 1C) are used instead of all 5. The ex-
tended sampling duration (20 hours) at high resolution gen-
erated vast amounts of data points, and including all 5 GPS
sensors introduces excessive redundancy without any addi-
tional meaningful insights. Additionally, reducing the sen-
sor count helped optimize the computational efficiency.

Table 5. Key attributes of sensor configurations tested

RMSE 3- RMSE 5-Sen- P-value
Parameter Sensor Con- sor Configura-
Reported . tion
figuration
Localiza- 0.257 0.268 3.2E-23
tion Pa-
rameter(s)
DOP Val-  0.309 0.260 4.8E-13
ues (s)
Satellite 0.322 0.339 4.5E-21
Visibility,
Reported 0.057 0.057 4.5E-32
Navigation
Data(s)
Fix Time 0.136 0.140 2.5B-28
Table 5 shows that/the RMSE\values of the parameters

used by the IRNN-DNN modellare relatively Similar The
positional parameters (L2-norm of latitude, longitude, and
altitude) ‘s RMSE values between three sensors (1A, 1B, &
1C) and 5-sensor (1A, 1B, 1C, 2A, & 2B) are 0.257 m? and
0.268 m? respectively with a p-value (paired T-test) of 3.2E-
23. This indicates that the difference is not statistically sig-
nificant (p = 0.05). Confirming that the integrity of the er-
ror pattern analysis is not compromised by using fewer sen-
sors. Similar patterns hold for other parameters (see Table 5
& Fig. 12.) The selection of these three specific sensors was
based on their relative positions, and signal stability. For
short-term events, all 5 GPS sensors were used to maximize
available data, maximize resolution, and detect finer-scale
discrepancies.

Final Box-Whisker Plot: 3-Sensor vs. 5-Sensor Setups
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Fig. 12. Box-whisker plot of GPS parameter in 3-sensor and 5-
sensor setups. The Localization Parameter represents the L2
norm of latitude, longitude, and altitude, while the DOP Value is
the L2 norm of HDOP, VDOP, and PDOP. The comparison
demonstrates that reducing the number of sensors does not intro-
duce significant variations in these key positioning metrics, vali-
dating the use of a 3-sensor configuration.

The angular errors in Fig. 13 (a) display notable fluctua-
tions, with periodic spikes attributed to shifts in satellite ge-
ometry and urban obstructions. These spikes indicate the
sensors' sensitivity to abrupt changes in the signal path, with
variations_between sensors suggesting differences in their
signal gprocessing| algorithms. Averaging sensor errors
doesn’tnecessarily reduce the error, suggesting that increas-
ing sensor count alonefmay et improve localization accu-
racy

Magnitude errops, @s seen in Fig. 13 (b), occur'in bursts,
likely due,to trafisientienvigonmental factors like\moving
obstacles or changes in satellite-obstacle geometry/ Despite
the spatial proximity of the sensots, their errers are not
phase-correlated at higher frequeéncies, implying that high-
frequency noise (1-0.1 Hz) and low-frequency noise (0.1-
0.001 Hz) require separate correction approaches. These
bursts can reach deviations exceeding 50 meters, reflecting
the challenges of maintaining consistent GPS accuracy in
urban settings.

Fig. 13 (c) shows altitude errors exhibiting periodic os-
cillations, suggesting that low-frequency patterns are pre-
sent and potentially predictable. While systematic errors in-
dicate that less frequent sampling could be effective for
modeling these trends, large datasets are necessary to cap-
ture long-term signal behavior accurately.

The spatio-temporal patterns in GPS errors highlight the
need for an adaptive correction model handling spatial and
temporal dynamics. The correlation between satellite-obsta-
cle geometry, periodic signal fluctuations, and low-fre-
quency noise components suggests the IRNN-DNN model
is suitable.
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Performance of Proposed Algorithm

1000 seconds of test data were used to evaluate the perfor-
mance of the algorithm. The IRNN-DNN model showed
strong performance in meeting drone system requirements
in environments with degraded GPS signals. The mean error
was reduced to below 3 meters in all test locations (Table
6). The reduced mean highlights the model’s ability to im-
prove GPS localization. Before applying the algorithm, €,4
ranged from 10.26 to 29.96 m. The algorithm reduced the
mean error from 1.71- 0 2.43 meters. Similarly, the €,;, and
the EU error shows significant reductions in mean error. The
consistent reduction in RMSE values for all errors suggests
that the IRNN-DNN model effectively minimizes the error
in GPS.

Table 6 also highlights another important trend. The
RMSE values and mean values are very close to one another
in almost all metrics (Semi-Urban 1’s €, is only exception)
after the application of the model. For example, Urban-1’s
€4 has a mean of 14.73 m and a RMSE of 19.56 m, but after
correction, both mean and RMSE converged to 2.43 m indi-
cating that the algorithm not only reduces average error but
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Fig. 13. Angular, magnitude, and altitude errors of three GPS
sensors in an urban environment over 20 hours at 10 Hz. a) An-
gular error shows frequent fluctuations and periodic spikes
caused by satellite geometry and urban obstructions, with notable
sensor variability; (b) Magnitude error displays sporadic drift and
sudden deviations, reflecting environmental impacts and higher
variance; and (c) Altitude error reveals a periodic pattern with
sinusoidal oscillations, suggesting cyclical satellite configura-
tions. These findings highlight exploitable frequency and spatio-
temporal patterns for GPS error correction.
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This closeness between the mean and RMSE suggests
that outliers and large error fluctuations have been effec-
tively suppressed. The following subsections analyze the
model’s performance across the evaluation metrics in detail.
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Fig. 14. Residual magnitude error post-correction for four differ-
ent urban and semi-urban scenarios for the first 900 seconds of
algorithm running. Each plot illustrates how the magnitude error
varies over time for the corresponding scenario, highlighting the
capability of the algorithm to correct magnitude errors.

IRNN-DNN improves performance, is generally stable, and
minimizes fluctuations (Fig. 14). It adapts well to environ-
mental changes, showing resilience during shifts in satellite
visibility in the 1000 seconds of data, with limited pgrfor-
mance dgterioration. This suggests effective filtering of in-
accuracies \caused by reflected satellite| signals. Conven-
tional methods like ray tracingachieve similaraccuracy, but
not in‘real=time (Lv et al."2021b):

Alfter applying the IRNN-DNN, algorithm (Fig. 15 (b)),
residual positionalerrorstare coricentratéd around thecenter,
indicating a marked reduction in both angular and magni-
tude errors. This correction suggests that the model effec-
tively mitigates noise and multipath effects, enhancing lo-
calization accuracy. The more focused distribution and the
formation of structured arcs imply that the model dynami-
cally adapts to satellite-obstruction-receiver geometry fac-
tors, thereby reducing systematic errors. Additionally, the
presence of fewer extreme outliers demonstrates the robust-
ness of the model.

Examining different environments establishes that ob-
structions strongly affect GPS accuracy, with error variabil-
ity closely linked to environmental geometry. In Urban

online at: http://dx.doi.org/10.1007/s10291-025-

Location 1, which is surrounded by three close reflectors
and has limited sky visibility along one axis, pre-correction
errors are significant in multiple directions due to signal re-
flections. After IRNN-DNN correction, errors along the
East-West (E-W) axis, previously the worst-performing,
significantly decrease. This location also demonstrates the
lowest variance, indicating high correction accuracy. Simi-
larly, in Urban Location 3, which is enclosed by reflectors
on parallel sides with severely constrained satellite visibility
on the E-W axis, the model achieves high post-correction
precision, especially along the E-W axis. In contrast, Urban
Location 2, with only a single reflector on the South-West
(S-W) axis and generally good visibility along the North-
South (N-S) axis, performs less optimally along the N-S axis
but shows improved results on the E-W and S-W axes, un-
derscoring the model's ability to correct errors in geometri-
cally complex environments with obstructions.

In Semi-Urban Location 1, although the IRNN-DNN
model continues to reduce errors, it exhibits greater variance
in performance compared to urban environments. This sup-
ports the idea that the model's correction is influenced by
the geometric configuration of obstacles. If the correction
were putely statistical, similar accuracy would be observed
acrosgall settings.Instead, the increased variability in errors
in semi-urban areas, deSpite) fewet obstructions, suggests
that the model learns and adapts based on geometry-specific
factors affecting signal propagation, rather than merely fit-
ting data trends. Thie relatively poorer performance at Urban
Location 2ypwhic¢h hasfewer obstruetions, further supports
this hypothesis, as it contains only @ne reflective surface.

A comparison between Urban=3"and Semi-Urban-1 fur-
ther clarifies these dynamics. Urban-3, with its consistent
reflection patterns and restricted sky visibility, provides sta-
ble signal conditions that allow the model to achieve high
correction accuracy. Conversely, Semi-Urban-1’s variabil-
ity—affected by factors like changing weather and human
activity—indicates that the model is not simply performing
statistical fitting but is actively learning from the obstruction
geometry and real-time multipath effects. This is important
as it provides a foundation for physically explaining the
model’s performance using ray tracing.
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Table 6. Statistical measures of GPS accuracy before and after the application of the IRNN-DNN algorithm on
test data. €, is the Residual Magnitude Error, €., is the Altitude Error and ||Y, ||, isEllipsoidal Uncertainty Error.

Statistical measure(s) before Statistical measure(s) after
€q (M) €q1t (M) IYell (m) €q (M) €qie (M) IYellz (m)
Location m m m m m m
%) %) %) %) %) %)
- - S N N Tz
Urban-1 14.73  19.56 50.48 50.49 52.59 54.05 243 243 3.35 3.87 4.14 4.58
Urban-2 17.66  21.05 51.59 51.71 54.53 55.86 2.79 2.92 5.89 6.29 6.51 6.93
Urban-3 10.26  14.19  48.00 48.00 49.08 50.06 2.33 2.33 2.30 2.75 3.27 3.59
Semi- 29.96 34.72 60.00 60.00 67.07 69.33 1.71 1.81 0.21 1.46 1.73 2.32
Urban-1
+ Urban Location 1
Altitude Error - Urban Location 2

Fig. 16 shows the residual altitude error after applying the
IRNN-DNN correction. Notably, the altitude error range is
significantly reduced from -50 to 100 meters pre-correction
to -3 to 10 meters post-correction. However, some variabil-
ity remains, with errors fluctuating even during stationary
UAYV hover, indicating that the model’s altitude predictions
are not entirely stable. This residual instability, even during
stationary UAV hover, reflects the model's limitations in
vertical error prediction, consistent with the fact that the ex-
perimental setup maintained a constant drone height. Thus,
altitude corrections observed in this study are incidental ra-
ther than the result of systematic model optimization.

Residual Magnitude Error (m)

Fig. 15

75

< Urban Location 3
+ Semi-Urban Location 1

15
0 °East

345

0 °East

Maximum allowable error (€4) for UAM operations
(b)

. GPS localization performance: (a) before and (b) after

applying the proposed IRNN-DNN model. The radial axis repre-
sents the magnitude of the residual error, while the angular posi-
tions correspond to the error direction in degrees east.
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Fig. 16. Residual altitude error post-correction for four different
urban and semi-urban scenarios. Each plot illustrates how the al-
titude error varies over time for the corresponding scenario, high-
lighting the capability of the algorithm to correct altitude errors.

A consistent over-correction of 10 meters across various
scenarios was observed, indicating model bias and inade-
quate training parameters. To enhance performance isola-
tion, this effset is adjusted,packnowledging that additienal
training and more data mayalleviate overfitting. The model
was retrained with the same ‘parameters employed for mag-
nitude correction. Althouygh the\model aghieves altitude er-
rors below the\critical 3.8 1-meter threshold \in\some cases,
demgnstrating acceptable accuragy, significant future stud-
ies are neededto\validate this hypothesis.

Despite these limitations, the patterns in residual errors
offer valuable insights into the underlying signal behavior.
Whenever a new satellite enters or exits the sensor's view,
the LSTM detects a brief spike in error. The DNN then uses
this predicted error, along with historical sensor data and
position-obstruction geometry, to forecast the overall error
in the current measurement, which is subsequently cor-
rected. Evidence supporting this behavior is visible through
a comprehensive examination of Fig. 13, Fig. 15, and Fig.
16.

From examining Fig. 16, one observes that the more var-
ied the signal characteristics, the less stable the model's per-
formance. In environments with heavy obstruction, such as
'Urban-1,' the residual errors are relatively stable, indicating
that the model is performing well in correcting errors. This
suggests that when the satellite signal is consistently ob-
structed or reflected, the model can make more reliable cor-
rections.

In contrast, environments with dynamic satellite-obsta-
cle-receiver geometry, such as 'Urban-2,' show greater vari-
ance in performance. As the satellite transitions from bad
(reflected path) to good (direct path) visibility, the model's
performance fluctuates. When the reflected and direct paths

are well-separated, the model performs well. However,
when the paths are not distinct, the model struggles, leading
to more error variability.

In 'Urban-3,' the satellite signal rapidly oscillates be-
tween reflected and direct paths in a relatively periodic man-
ner. To evaluate and explain the performance of our model,
we analyze the 'Urban-3' location and use raytracing to trace
how the signal from a specific satellite impacts GPS perfor-
mance. As the satellite moves across the sky, its path is per-
pendicular to obstructions. At low azimuth angles, the direct
path to the satellite is blocked, and only reflected signals are
detectable. This results in reduced confidence in the GPS
predictions, causing significant oscillations in the raw GPS
stream as the sensor attempts to localize accurately.

As the satellite approaches an azimuth angle of 90 de-
grees (directly overhead), the direct path becomes visible,
leading to lower variance between consecutive GPS meas-
urements and a more consistent error pattern. The LSTM
network identifies this behavior and predicts "where" the er-
ror is in relation to the satellite's position. It uses this insight
to anticipate the error pattern, resulting in lower magnitude
residual esrorsmEHowever, the constant oscillation introduces
significant uncertainty into the raw GPS stream, leading to
larger variability and the eharacteristic.escillatory. behayior
in the residual errors.

The key factor herg'is the ratio of direct to reflected path
signals.\When thig’ratio is more constant) the model's per-
formance becomics morestable but less effective in magni-
tude correction. On the other hand, when there is more os-
cillation in this ratio (i.e., frequent switching bétween re-
flected and direct paths), the system can handle the predic-
tions better, leading to lower magnitude residual errors but
more variability.

In summary, when the ratio of direct to reflected signals
remains constant, the model performs consistently but with
higher residual errors. Conversely, frequent oscillations in
this ratio allow the model to reduce errors but introduce
more variability. This tradeoff, shown in Fig. 16, demon-
strates the model’s ability to learn the satellite-obstacle-re-
ceiver geometry. This physical explanation is an equivalent
to utilizing ray tracing to correct GPS errors. This physical
explanation is crucial for understanding how the model
works, which is essential for aerospace certification. While
the algorithm does not explicitly determine the exact loca-
tion or nature of an obstacle, but it can infer its presence and
directional influence based on the observed multipath ef-
fects. By analyzing the discrepancies in GPS signals re-
ceived by multiple antennas, the model can identify whether
obstacles are present on one side, on multiple sides, or all
around the drone and how far away they are. This is evident
in the preferential corrections applied by the algorithm
where the nature of the correction provides insight into the
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surrounding environment. The residual angular error clearly
indicates this preferential axis of corrections as seen in Fig.
15 (b) and this correlates with number and direction of ob-
stacles as described in Fig. 7 and Table 3, If the multipath
interference is stronger in one direction, the corrections re-
flect this asymmetry. This capability can be used to enhance
the robustness of the GPS correction process by dynami-
cally adapting to spatial distortions in signals without re-
quiring an explicit obstacle mapping.

The consistency of preferential corrections along certain
spatial axes supports a key physical interpretation: the mod-
el's success is closely tied to meaningful spatial separation
of input signals in the horizontal plane. The hardware con-
figuration emphasized horizontal (2D) spatial separation,
with antenna placement primarily designed to capture lat-
eral positional deviations rather than vertical variations.
This design choice is further validated by the behavior of
the e,;; metric. Since vertical spatial separation was minimal
in the experimental setup, the model lacked sufficient verti-
cal signal diversity to learn meaningful corrections along the
altitude axis. Consequently, while strong and stable error
corrections were achieved in the horizontal plane, residual
vertical efrors remained relatively unstable. In this context,
eq; effectively serves as a/null hypothesis test, reinforeing
that without significant spatial structure [along a given axis,
the IRNN-DNN model cannotireliably predictior correct er-
rors. The"obsetved stability“of horizontal cotrections, con-
trasted with the, variability of vertical Corrections, under-
scofes.the model's,reliance on spatial diversity and suppoxts
the conclusion that performance is fundamentally linked to
environmental geometry.

Ellipsoidal Uncertainty (EU) Error

The IRNN-DNN model significantly improves Ellipsoidal
Uncertainty (EU) errors, mirroring the enhancements ob-
served in residual and altitude errors. It achieves consistent
positioning within a 10-meter tolerance across all environ-
ments, which is critical for safe airspace management.

The introduction of the IRNN-DNN model significantly
reduces EU error across all environments. In Urban-1, mean
horizontal precision error decreases dramatically from
52.586 m to 4.137 m, with a corresponding drop in standard
deviation from 12.91 m to 0.63 m. Similar improvements
are noted in other urban scenarios, with errors reduced to
under the 10 m requirement, underscoring the model’s reli-
ability in complex settings. The consistent reduction in
mean and standard deviation of EU error highlights the
model’s robustness in addressing challenges like signal ob-
structions and multipath reflections inherent to urban envi-
ronments.

Comparative Trade-off Analysis of Correction Methods

Beyond accuracy improvements, practical deployment in
urban UAV operations requires careful consideration of
trade-offs in power consumption, computational load, and
system cost. To better contextualize the benefits of the pro-
posed IRNN-DNN model, a Pareto analysis was conducted,
comparing its characteristics against those of conventional
GNSS correction approaches as summarized in Table 1.

High-accuracy techniques such as multi-frequency
GNSS, dual-frequency PPP, and dual-frequency RTK
achieve meter level or even centimeter level precision under
ideal conditions (Montenbruck and Steigenberger 2025;
Tang et al. 2025). However, their performance degrades sig-
nificantly in dynamic urban environments due to signal ob-
structions and multipath reflections. Moreover, these meth-
ods impose substantial cost, power, and computational bur-
dens, often requiring 10° to 108 FLOPS, making them less
suitable for small, low-cost UAV platforms. Cloud-based
RTK and offboard machine learning solutions reduce
onboard computational demands but introduce dependen-
cies on uninterrupted network connectivity and subscription
services, which can be vulnerable to urban communication
outages and accumulate significant operational costs over
time.

In/contrast, the IRNN-DNN model achieves a favorable
balance among these/competing factors, It delivers mid-
grade localization aceuracy (~1.7 meters| CEP) at modest
computational cost,(~10° FLOPS) and a minimal mgrgase in
power ‘¢onsumption (0.1-0.30 W), without requiring addi-
tional hardware investment. Importantly, its embedded de-
sign enables real-time operation even in dense dyflamic ur-
ban conditions without reliance eft“éxternal correction ser-
vices or persistent network access. This represents a practi-
cal Pareto trade-off: further improvements in accuracy
would require disproportionate increases in cost, power, or
complexity. These characteristics position the IRNN-DNN
approach as a lightweight, practical solution for enhancing
low-drift GPS accuracy in slow-moving UAV operations,
especially for resource-constrained platforms.

Dynamic Accuracy Index (DAI) and Comparisons with
existing ML-based GPS Correction Models

Several prior studies from the literature review section have
studied the use of ML based GPS/GNSS correction meth-
ods, primarily using LSTM, CNNs or deep learning models.
While a direct comparison of ML correction algorithms for
3D localization correction with drone GPS data is not feasi-
ble due to myriads of reasons discussed previously, the
IRNN-DNN model demonstrated impressive performance
compared to existing methods proposed in literature, see
Table 7.
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Table 7. Strengths of IRNN-DNN compared to existing
methods in literature.

Method Strength Weakness
LSTM-only Captures temporal Fails with a-periodic
Models dependencies noise
CNN Based Good for structured Struggles with dy-
Models spatial corrections namic conditions
Kglman Computational effi- Requires manual tun-
Filter Tech- . .

. ciency ing of models
niques
IRNN- Combines LSTM for . N

temporal errors + Requires more training

DNN
Model DNN for non-sequen-  data

tial errors

Unlike LSTM only approaches which struggle to capture
non-sequential, aperiodic errors such as sensor biases, sud-
den multipath reflections common in UAV environments
(see Table 7) (Alos and Dahrouj 2022), IRNN-DNN’s DNN
and IVF correct for these non-temporal errors. While CNN
is used for GPS corrections, excels in recognizing static,
structured patterns, the rapidly changing environmental
conditions cause CNNss to struggle (Zou et al. 2020). IRNN-
DNN’s optimized sub-models tackle each error type in each
specific type of environment separately;, with LSTMS
providing| temporal memory. This makes IRNN-DNN
highly suitable for UAM /operations. Other non-ML based
models like; Kalman Filters provide state-estimation [with
low computation costs,/theysrequire highly ‘accurate error
modgls, challenging requirements\to megt with WAV oper-
atiofis (Da Silva,and/Da Cruz 2016; Borup et al. 2020).
IRNN-DNN uses data-based techniques to learn these error
models, eliminating the need for direct tuning, and allowing
for continued self-learning. Some recent hybrid approaches
(CNN-LSTM) provide promising results. However, these
structures are computationally intensive, need additional
sensors, making them challenging to deploy in low SWaP
UAV environments. IRNN-DNN with its ability to run on
embedded microcontrollers and its sub models, is ideally
positioned for use in UAM operations.

Traditional filter only methods from literature exhibited
a DAI of 5.11 meters/Hz, with an accuracy of 5.11 meters
at around 1 Hz for GPS localization in surface applications.
A combined filter and neural network approach improved
this to a DAI of 2.17 meters/Hz, achieving an accuracy of
2.6 meters at approximately 1.2 Hz for GPS data, fused with
additional sensor data like IMUs sampled at higher fre-
quency rates. In contrast, the IRNN-DNN model achieved a
DALI of 0.17 meters/Hz, corresponding to an accuracy of
1.71 meters at 10 Hz, representing a significant reduction in
error and enhancement in processing speed.

The metrics support the conclusion that the IRNN-DNN

Table 8. Performance of IRNN-DNN compared to existing
methods in literature.

Method Accuracy  Frequency DAI
(m) (Hz) (m/Hz)

Traditional Filter 5.11 ~1 ~5.11

Only (Mohanty and

Gao 2023b)*

Filter + Neural Net- 2.6 ~1.2 ~2.17

work (Mohanty and

Gao 2023a)*

GA-BPNN@Huanget  3.86 - -

al. 2028)*

Vision Based Locali-  8.58 30 0.286

zation(Sohn et al.

2008)

IRNN-DNN Model 1.71 10 0.17

*The papers do no'specify the/exact frequency of data collec-
tion. Theyare best estimates based on'examining published data

model excels in urban conditions with more complex reflec-
tor configurations, potentially surpassing traditienal expec-
tations for GPS accuracy in such contexts. This outcome im-
plies that the model is capturing essential characteristics of
the multipath interference, which are then used to fine-tune
the algorithm's correction parameters.

Conclusions

GPS localization with ML is a highly saturated field. How-
ever, existing models lack optimization for real-time UAV
applications due to constraints of cost, SWaP and available
computation. The IRNN-DNN model addresses this critical
gap by providing a real-time, accurate, and efficient locali-
zation system for autonomous UAM operations. Unlike
conventional methods, IRNN-DNN dynamically corrects
GPS error and achieves meter-level positional accuracy by
detecting, and matching obstacle geometries to multipath ef-
fects. This study has four key findings.

First, this study demonstrates that hybrid DNN-LSTM
models can effectively mitigate multipath effects in GPS.
By leveraging hierarchical ML model, that can be deploya-
ble on embedded microcontrollers, IRNN-DNN offers an
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alternative to ray tracing for solving multipath error correc-
tion in SPP equations.

Secondly, the modular architecture is computationally ef-
ficient and offers an alternative method for low SWaP envi-
ronments. IRNN-DNN has been successfully ported and de-
ployed on an STM32 microcontroller, and achieves high-
speed, real-time operation at 10 Hz with headroom to spare.
The modular architecture also allows integration with other
sensors and/or models to further improve and optimize for
different applications and different environments. This po-
sitions IRNN-DNN to be used as a sensor fusion method as
well.

Third, this paper introduces a new metric, DAI, to ad-
dress a critical gap in drone localization performance char-
acterization. Unlike existing metrics, DAI combines the
temporal and spatial aspects of drone localization require-
ments into a singular metric. This metric is important for
characterizing the performance of a low-power embedded
system. IRNN-DNN sets the benchmark value at 0.17.

Finally, this study establishes a firm foundation for dy-
namic flight testing with drones. The strong performance of
this algorithm shows convinging evidence to deploy a drone
with thig algorithm to conduet future controlled flight tests
in a den$e urban environment.

Study limitations and Future Directions

While the model's pesformance'has been validated in | con-
trelled-environmentsfcomprehensive insflight testing-ofthe
drone GPS was not feasible due to regulatory constraints in
place. However, this study serves as a critical proof-of-con-
cept, providing a foundation for securing the necessary per-
missions for extensive flight testing from regulatory author-
ities. While this setup is effective in isolating multipath ef-
fects, it does not fully replicate a UAV’s motion, dynamics,
and interferences. Future studies will address these chal-
lenges through dynamic flight tests and detailed compari-
sons with other existing GPS correction methods in more
diverse and broader range of environments to ensure ex-
haustive validation.

Another significant limitation is that the algorithm was
tested in a priori locations. While the algorithm is expected
to perform identically in other locations, as the inputs are
normalized and the algorithm matches data to previously
seen obstacle geometries, more experimental studies are
needed to test this claim in detail. Future research will focus
on expanding available GPS data sets over various urban lo-
cations and geometry to enhance applicability and test gen-
eralizability.

While the IRNN-DNN model achieves significant im-
provements in horizontal GPS localization accuracy, its
ability to correct vertical (altitude) errors remains limited.

This behavior arises because the model relies on spatial sep-
aration between concurrently operating sensors to learn and
predict systematic multipath distortions. In the current ex-
perimental setup, vertical spatial diversity is minimal, re-
sulting in insufficient information for reliable altitude cor-
rection. Future work will expand the dataset to include 3D
obstacle environments, vertical separation of sensors, and
dynamic altitude changes, enabling a more comprehensive
evaluation and improvement of full 3D localization capabil-
ities.

Future research efforts will focus on building on the find-
ings of this study, by exploring hybrid physics-informed
ML models, such as Hamiltonian or Lagrangian frame-
works, to further improve the model's ability to capture sig-
nal propagation dynamics and mitigate other error sources.
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