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Abstract—Unmanned Aerial Vehicles (UAVs) operating in
GNSS-denied environments typically rely on Inertial Measure-
ment Units (IMUs) for position estimation. However, this ap-
proach is susceptible to error accumulation, commonly known
as inertial drift. Standard industry solutions mitigate this issue
by fusing IMU data with external sensors such as LiDAR or
cameras. However, these sensing modalities are not suitable for
all environments. An alternative approach is to leverage coop-
eration within a swarm of drones, enabling agents to exchange
information and improve their position estimates collectively. One
such method employs a Distributed Graph Optimization (DGO)
algorithm to cross-reference spatial uncertainties among UAVs
in the swarm. However, existing DGO frameworks are primarily
validated using relative swarm cohesion metrics, which provide
little insight into the swarm’s absolute positioning accuracy.

To address this limitation, this paper evaluates a basic DGO
state estimation model against a basic Dead Reckoning (DR)
baseline. A Python-based simulation environment was developed,
and four experimental conditions were investigated: varying sen-
sor quality, swarm size, flight duration, and trajectory geometry.
The results show that DGO outperforms DR under degraded
sensor conditions, whereas DR maintains lower error during
short-duration flights when high-quality sensors are available.
Crucially, a temporal breakeven point is identified beyond which
the unbounded error growth of DR exceeds that of the coop-
erative DGO framework. This finding demonstrates that while
standalone DR offers superior short-term precision, cooperative
estimation provides a more stable and sustainable framework for
prolonged operations in GNSS-denied environments.

I. INTRODUCTION

Unmanned aerial vehicles (UAVs) are increasingly being
deployed in complex environments for deliveries, rescue mis-
sions or even data collection [7]]. While Global Navigation
Satellite Systems (GNSS) typically provide absolute position-
ing, their signals are sometimes degraded, spoofed or entirely
unavailable in critical areas [[16]. Consequently, modern au-
tonomous UAVs must be capable of navigating strictly using
onboard, local sensing modalities []1]].

In GNSS-denied environments, drones rely on the Inertial
Measurement Unit (IMU) to estimate their trajectory through
inertial navigation [17]]. However, IMUs are inherently suscep-
tible to high-frequency noise and bias instability.

To mitigate this drift, standard industry approaches fuse
IMU data with a suite of exteroceptive sensors [22]. These
frameworks commonly employ Visual Odometry (VO) via
cameras, spatial mapping using LiDAR or Ultra-Wideband
(UWB) to continuously correct inertial estimates [4]. However,
the reliability of these standalone fusion techniques degrades
significantly in challenging operational scenarios. Vision and
LiDAR systems frequently fail in visually obscured or feature-
less conditions—such as heavy smoke or dust [23]].

Alternatively, Artificial Intelligence (AI) techniques can be
employed to model and compensate for non-linear sensor
noise, theoretically mitigating inertial drift [5] [8]. However,
these same studies note that learning-based methods present
significant practical shortcomings for resource-constrained
UAVs, including prohibitive computational overhead and a
severe vulnerability to predictive degradation in unfamiliar
environments.

A promising solution to mitigate navigation drift is coopera-
tive estimation. By deploying a swarm of interconnected UAVs
into a jammed environment, individual agents can exchange
relative measurements and state data to collectively estimate
the group’s position. Through continuous information sharing,
the swarm can cross-reference localization uncertainties and
heavily constrain the growth of individual positional errors,
typically utilizing either centralized or distributed estimation
architectures [3|.

Existing literature frequently points to cooperative estima-
tion as a solution for navigational drift [2] [3]] [12] [20]. To
demonstrate these advantages, this paper utilizes a simulation
framework to answer a comparative question: To what degree
does drone cooperation mitigate inertial drift when compared
to a standalone Inertial Navigation System?

To answer this question, we investigate the difference
between standalone and cooperative approaches and explore
the impact of swarm size on the quality of the estimation.
Furthermore, this paper also explores the impact that IMU
quality has on drift mitigation.

We developed a simulation environment to evaluate the
absolute positioning accuracy of a modified Distributed Graph
Optimization (DGO) algorithm, building upon the framework
proposed by Xiong and You [20]. While the original study
primarily validated the algorithm’s efficiency in maintaining
relative swarm cohesion, our work isolates the state-estimation
module to rigorously test its efficiency for global trajectory
tracking as individual sensor noise accumulates over time.

The remainder of this paper is structured as follows: Sec-
tion reviews existing mitigation techniques, Section [II]
formalizes the proposed architecture, Section[[V]introduces the
simulation setup, Section |V| analyzes the implications of the
results, Section [VI] addresses responsible research practices,
and Section summarizes the findings.

II. BACKGROUND AND RELATED WORK

This section surveys current works on mitigating inertial
drift when absolute global positioning is unavailable.

A. Position estimation for single agent approaches

When operating inside GNSS-denied environments, UAVs
need to operate entirely on their on-board sensors, to estimate
their position without the use of external signals or infrastruc-
ture [|1]]. This section presents some of these approaches, from
basic Dead Reckoning, to traditional sensor fusion algorithm
and learning based methods.

1) Basic Dead Reckoning

Basic Dead Reckoning (DR) serves as a fundamental tra-
jectory estimation methodology for UAVs [17]. To estimate
the position, DR utilizes a recursive state-estimation process.
It takes the last known absolute position and continuously
advances the vehicle’s estimated coordinates by applying
displacement vectors derived from onboard sensors.

The efficiency of DR in GNSS-denied or degraded envi-
ronments has been the subject of extensive evaluation. For



instance, Szykula and Furtak [18] investigated DR perfor-
mance under varying degrees of signal denial, demonstrating
that intermittent GNSS availability significantly bounds error
growth compared to environments with absolute signal loss.
Furthermore, Kissai and Smith [14] mathematically estab-
lished that relying strictly on simple DR without external
feedback loops rapidly yields cumulative positional errors.

Ultimately, while basic DR provides a critical short-term
bridging capability, its standalone viability is constrained by
sensor drift. This limitation renders simple DR unreliable for
extended navigation in strictly GNSS-denied environments.
Consequently, modern UAV localization frameworks treat DR
not as a standalone solution, but as a state-estimation layer that
requires continuous recalibration via exteroceptive modalities,
such as Optical Flow [19] or LiDAR [13]].

2) Sensor Fusion Techniques

To overcome the inherent vulnerabilities of individual sens-
ing modalities—such as the unbounded drift of basic DR or the
limited range of local sensors—modern navigation frameworks
rely on sensor fusion. This algorithmic process mathematically
blends complementary data streams into a central estimator,
reconstructing a vehicle trajectory that is significantly more
accurate, reliable, and robust than any single sensor could
achieve in isolation. In modern UAV navigation, the Extended
Kalman Filter (EKF)—the non-linear counterpart to the foun-
dational Kalman Filter [[11]—has become the industry standard
for this task.

Instead of blindly propagating sensor inputs through DR, the
EKF utilizes a recursive Bayesian framework. It dynamically
weights the certainty of a dynamic system model against
incoming, noisy sensor measurements to estimate an unob-
servable state and bound estimation error. In GNSS-denied
environments, where absolute positioning is unavailable, this
sensor fusion framework is critical. Existing single-agent ap-
proaches rely heavily on the EKF to fuse noisy internal data
(such as an IMU) with external measurements (such as Visual
Odometry or LiDAR).

The advantages of the EKF over basic DR are well doc-
umented. While standalone DR inevitably suffers from un-
bounded error accumulation due to integrated sensor noise,
the EKF effectively bounds this uncertainty. For instance, a
comparative study by Zhou et al. [24] demonstrated that an
EKF-based localization system significantly reduces cumula-
tive trajectory error in GNSS-denied environments compared
to unassisted DR.

Despite its widespread adoption in autonomous navigation,
the standard EKF has several fundamental limitations. Because
UAV motion is inherently nonlinear, the EKF relies on Ja-
cobian matrices to linearize the transition and measurement
functions. Consequently, its performance depends strongly on
the accuracy of these linear approximations and the underlying
model parameters. As discussed in [9]] and [10]], EKFs are
often difficult to implement and tune, and their reliance on
complex algebraic derivations makes them particularly prone
to implementation errors.

3) Al based estimation techniques

Artificial Intelligence (AI) has emerged as a highly effective
strategy for mitigating the complex, non-linear errors that
appear in GNSS-denied UAV navigation. Rather than relying
solely on rigid mathematical models, recent advancements
utilize data-driven approaches to learn the noise characteristics
of UAVs directly from sensor measurements.

For instance, Cioffi et al. [5]] proposed a hybrid architecture
that combines deep learning modules with a traditional EKF.
In this setup, a neural network is utilized to learn the complex
error dynamics of the inertial sensors, predicting positional
displacements to update the filter. This hybrid approach effec-
tively bounds the drift, outperforming standard DR odometry.
Building on the concept of adaptive estimation, M. Irfan et al.
[8] proposed a deep-learning-based sensor fusion framework.
Unlike classic approaches that rely on static parameters, this
framework evaluates environmental changes in real-time and
dynamically adjusts the fusion weights accordingly. By intelli-
gently prioritizing reliable sensor data, the system can maintain
high accuracy even as conditions fluctuate.

Ultimately, the integration of AI and ML represents a
significant advancement over traditional, purely mathematical
state estimation. However, as acknowledged within these stud-
ies, learning-based methods still exhibit significant practical
shortcomings [5]] [8]]. Most notably, because these models rely
heavily on their training data, they frequently experience a
drop in performance when deployed in unfamiliar environ-
ments.

B. Cooperative Position Estimation

When single-agent systems face drift during extended
GNSS-denied operations, modern localization frameworks fre-
quently pivot to cooperative estimation [3]] [12]]. By deploying
a swarm of interconnected UAVs, individual agents can ex-
change relative spatial measurements and state data to collec-
tively estimate the group’s position, thereby cross-referencing
uncertainties and heavily constraining the growth of individual
positional errors.

1) Extended Kalman Filters in Cooperative Scenarios

As mentioned before, EKFs are an industry standard due
to their reliability in position estimation. Naturally, scientists
have tried to couple them with cooperative approaches.

For instance, Belfadel et al. [2] utilized an EKF to estimate
the cooperative position of a drone swarm, relying on data
fused from anchor drones stationed outside a jammed area.
Similarly, Ellingson and McLain [6] developed an EKF-based
relative navigation framework that allows UAVs to share inter-
vehicle measurements to limit group drift.

However, as established in the previous section, standard
EKF approaches possess foundational mathematical vulner-
abilities. Furthermore, these EKF architectures suffer from
severe scalability limitations. Unlike lighter distributed meth-
ods, cooperative EKF frameworks require the continuous,
high-frequency transfer of both state estimates and high-
dimensional covariance matrices between agents. Because the
EKF must maintain cross-covariances between all agents to



remain consistent, the size of the joint covariance matrix scales
quadratically with the swarm size. As the number of drones
increases, these dense matrices impose a high communication
burden on the members of the swarm [[15]].

2) Graph Optimization and Distributed Architectures

To overcome the problems introduced by the EKF, Graph
Optimization (GO) has emerged as an alternative for multi-
robot systems. In a standard GO scheme, the state of each
drone is represented as a vertex, and the relative inter-agent
measurements are represented as edges. By evaluating these
constraints, the swarm’s spatial configuration can be deter-
mined through mathematical optimization.

These algorithms have been implemented in multiple sys-
tems. For example, Hao Xu et al. introduce the Omni-Swarm
approach in [21]], where a UAV swarm collects omnidirectional
visual and UWB distance data. This data is then processed
through a graph optimization algorithm that fuses measure-
ments such as local motion, inter-drone distances, and visual
detections to minimize the overall error and estimate the
position of each drone.

Similarly, Xiong and You [20] propose a lightweight Dis-
tributed Graph Optimization (DGO) framework, in which each
drone in the swarm solves a localized optimization subprob-
lem in parallel using solely onboard sensors, which measure
relative distance, relative angle, and self-state displacement.

However, a limitation of the studies on the DGO algorithm,
such as the one proposed by Xiong and You, lies in the
evaluation metrics that are used. Xiong and You validate their
model [20] by using the relative distance between drones in
the swarm as their primary Key Performance Indicator (KPI).
While this effectively proves that the control framework main-
tains swarm cohesion, it fails to quantify how accurately the
cooperative algorithm estimates the swarm’s absolute global
position as individual sensor noise accumulates over time.

III. SYSTEM DESIGN

To address these evaluation shortcomings, the relative po-
sitioning estimation framework implemented in this study is
based on the DGO architecture proposed by Xiong and You
[20], but alters the experimental methodology.

The architecture proposed by the original authors relies on
a tightly coupled system: it utilizes DGO to estimate relative
spatial positioning, and Decentralized Model Predictive Con-
trol (DMPC) to execute physical flight corrections. However,
this study intentionally isolates the DGO module to evaluate
its standalone state-estimation accuracy.

A. Theoretical Sensor Models

To execute the DGO algorithm, each UAV utilizes three
theoretical measurement models representing onboard propri-
oceptive and exteroceptive sensors.

The relative distance d; ;(k) measured by drone ¢ observing
drone j at epoch k is modeled as the true Euclidean distance
affected by sensor noise:

d; j (k) = h*(pi(k), p;(k)) + va(k) (1)

Here, h'(pi(k), p;(k)) represents the true geometric distance
between the position vectors, and v4(k) represents the mea-
surement noise associated with distance sensors.

Similarly, the onboard vision system provides bearing mea-
surements representing the relative angle 6; ;(k) between the
drones:

0:5(k) = h®(pi(k),p;(k)) + vo(k) 2)

Where hf(p;(k),p;(k)) calculates the true geometric bearing,
and vy (k) accounts for the angular inaccuracy of the optical
Sensor.

For self-state estimation, representing high-frequency IMU
odometry, the algorithm relies on the step-to-step displacement
of each drone. The measured displacement Ap;(k — 1,k)
between epoch k£ — 1 and k is defined as:

Api(k —1,k) = h*(pi(k) — pi(k — 1)) + b+ vs(k) (3)

where h®(p;(k) — p;(k — 1)) is the measurement function of
the state estimation, such that the measured displacement is
mapped directly to the true displacement vector, b is the bias
and v,(k) is the noise associated with the sensor.

Displacement between epochs is utilized because, while
absolute state estimation accumulates unbounded error over
time, short-term displacement remains mathematically stable
for calculating cost functions.

B. Distributed Graph Optimization (DGO)

The DGO algorithm requires the drones to cooperatively
minimize a set of objective functions to estimate their global
positions. First, we define N; as the neighboring drones of
drone 1.

The distance cost function penalizes deviations between
the measured distance and the theoretical geometric distance
calculated by the solver:

JAk)y = 3" |ldi (k) = [Ipi(k) — pS(R) 25, )
JED;

In this formulation, D; (D; C N;) denotes the subset of
drones observable by drone 4, while p;(k) is the current
position vector being evaluated by the optimizer. Furthermore,
p;(k) represents the most recently received estimate from
neighbor j, corresponding to its state from the previous
optimization epoch (k—1). To account for hardware reliability,
the residual is weighted by the Mahalanobis norm using the
distance sensor variance X,.

The angle cost function minimizes the discrepancy between
the camera measurements and the theoretical angle derived
from the coordinate estimates:

2
Tk =D [|05500) = Loik).B5(RDG,  ®)

JEO;
Here, ©; (©; C N;) is the set of drones observed by drone 1.
Finally, the self-state estimation cost function compares the

step-to-step displacement calculated by the optimizer against
the drifting odometry measurement:

JE(k) = |Api(k — 1,k) — (pi(k) — pi(k — )35, (6)



In the final step of the original DGO algorithm, proposed
by Xiong and You, the objective function simply sums the
individual costs. However, an analysis of this strategy reveals
a scaling vulnerability. Because the distance and angle cost
functions (Equations [4] and [5)) are summations over the sets
of observed drones, increasing the swarm size linearly in-
creases the magnitude of these constraints. Consequently, the
algorithm prioritizes the swarm cohesion over maintaining the
global position of the drones.

To resolve this imbalance, we propose a normalized com-
posite objective function. By scaling the relative measurement
costs by the cardinality of their respective observation sets,
the algorithm ensures that the inter-agent constraints remain
balanced against the self-state estimation, regardless of the
swarm density.

Therefore, the final estimated position p;(k) at any given
time step can be computed by minimizing the following cost
function:

1 1
p; (k) = arg min —Jidk JriJ?k +Jfk> 7
i) = ang i (31T + g 120+ T2 R))

C. Algorithm Execution

To execute the position estimation algorithm, the swarm
operates in a decentralized structure. At each timestep (epoch
k), the drones rely on their onboard sensors to gather relative
distance, relative bearing and self-state displacement. The op-
timizer takes these measurements and computes the spatial co-
ordinates that best satisfy the sensor constraints and minimizes
the cost function. Once the optimization is completed, the
drones broadcast the computed positions to their neighboring
drones, to act as the optimized position estimation (p§(k)).
The execution flow is outlined in Algorithm [T}

Algorithm 1 Isolated DGO State-Estimation

1: Input: Relative measurements d; ;(k) and 0; ;(k), State
estimation Ap;(k — 1, k)
Output: Optimized position estimate p; (k)
Initialize system and starting coordinates
for each drone i € {1,..., N} in parallel do
Receive broadcasted positions p§(k) from neighbors
jEN
Calculate distance cost J&(k) from Equation
Calculate angle cost J?(k) from Equation
8:  Calculate self-state estimation cost J7 (k)
from Equation [6]
9:  Optimize:
(k) — arg ming, ) (71 JAK) + r J2(K) + T3 (k)
10:  Broadcast p;(k) to observable neighborhood N for
epoch k + 1 (this becomes p$(k + 1))
11: end for

IV. SIMULATION AND EXPERIMENTS
A. Simulation Setup

To evaluate the efficacy of the proposed cooperative esti-
mation framework, a simulation environment was developed
in Python 3.10.12. The experimental setup isolates the DGO
module to evaluate its open-loop state-estimation accuracy,
independent of physical control loop compensations.

In the original study, the primary evaluation metric was the
relative distance between drones. Under this relative metric,
the DMPC module did not negatively impact the measured per-
formance, as the KPI only kept track of the swarm formation.
Conversely, because this study evaluates absolute trajectory
deviation, keeping the DMPC active introduces a critical issue.
Physical flight corrections executed by the DMPC—such as
steering a drone to maintain formation with a drifting neigh-
bor—would actively alter the absolute trajectory, making it
hard to test whether the positioning error was caused by the
estimation errors or by physical control errors.

The UAV swarm is programmed to track a predefined 8-
shaped trajectory. This specific geometry was selected be-
cause its continuous variations provide a robust stress test for
uncompensated inertial drift over time. The simulated flight
operates at an average velocity of 0.31 m/s.The total flight
duration is treated as an independent variable and adjusted per
experiment to evaluate both short-term precision and long-term
drift accumulation. The trajectory is outlined in Figure [I]
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Fig. 1: Predefined Trajectory

B. Validation of implementation

Before evaluating the modified version of the DGO algo-
rithm, it is necessary to validate the underlying simulation
environment and the baseline implementation. In the original
study, Xiong and You validated their cooperative framework
by utilizing the relative distance between drones as the primary
KPI to measure swarm cohesion.

To prove the algorithmic integrity of our isolated DGO
implementation, a validation experiment was conducted using
the original, un-normalized cost functions. The swarm was
deployed along the simulated 8-shaped trajectory.

In their original study, Xiong and You [20] demonstrated
that the DGO framework maintains swarm cohesion by bound-
ing the relative distance error between agents to approximately
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Fig. 2: Original Paper experiment

0.2 meters. As illustrated in Figure [2} our baseline DGO im-
plementation mirrors this performance, successfully bounding
the relative distance error to under 0.2 meters throughout flight
operations. This comparison confirms that our implementation
replicates the capabilities of the original algorithm.

However, while this validation confirms that the internal
swarm geometry is accurately preserved, a cohesion-based
KPI fails to quantify how accurately the cooperative algorithm
estimates the swarm’s absolute global position as individual
sensor noise accumulates over time. Therefore, to evaluate
the true viability of DGO in GNSS-denied environments, the
subsequent experiments require a shift in evaluation metrics.

C. Baseline and Evaluation Metrics

To evaluate the effectiveness of the cooperative localization
approach, the modified DGO algorithm is compared against a
Basic Dead Reckoning (DR) baseline. In the DR baseline, each
UAV estimates its position solely from its own displacement
measurements, without exchanging information with other
agents. To ensure a fair comparison, the baseline uses the
same displacement measurements, Ap;(k — 1, k), defined in
Equation 3 that are used by the DGO framework for self-state
estimation. The position estimate is propagated according to
Equation [§]

Pi.pr(k) = pipr(k — 1) + Ap;(k — 1,k) )

Both approaches are evaluated on the same simulated N-
agent swarm. While DGO incorporates inter-agent coopera-
tion, the DR baseline treats each drone independently and
disables all communication between agents.

Performance is quantified using the Absolute Trajectory
Error (ATE), defined as the Root Mean Square Error (RMSE)
between the estimated and ground-truth trajectories. For drone
1, the ATE is given by:

K
= LS k) - pr )2
ATE,; = K;\pz(m p; (k)| ©)

where K denotes the total number of time epochs. To obtain
a swarm-level performance measure, the ATE values of all
drones are averaged. This metric serves as the primary KPI
throughout the evaluation.

D. Experiment 1: Impact of sensor quality on Drift Mitigation

The first experiment quantifies how varying degrees of
hardware noise impact the drift mitigation capabilities of the
DGO framework compared to the standalone DR baseline. To
evaluate the mathematical efficiency of this algorithm, we con-
duct a parametric sensitivity analysis. The system is evaluated
across three distinct sensor quality profiles: "Degraded’ (Table
[[), 'Baseline’ (Table [l) and ’Ideal’ (Table [[). The 'Baseline’
profile utilizes the sensor variances and drift rate established in
the original study by Xiong and You [20]]. To test the failure
points of the DGO module, these baseline parameters were
modified to create the 'Degraded’ and ’Ideal’ scenarios. By
exposing the algorithms to these varying noise profiles, we are
able to assess their performance against sensor degradation.

TABLE I: Degraded Sensor Profile

Parameters
Sensor
Sampling rate Error
Distance sensor 25 Hz ¥q=0.5m
Angle sensor 10 Hz g =5°
L Error = 0.05m/s
State estimation 100 Hz S, = 0.09m/s

TABLE II: Baseline Sensor Profile

Parameters
Sensor
Sampling rate Error
Distance sensor 25 Hz ¥3=0.1m
Angle sensor 10 Hz Y =2°
N Error = 0.005 m/s
State estimation 100 Hz S, = 0.05m/s

TABLE III: Ideal Sensor Profile

Parameters
Sensor
Sampling rate Error
Distance sensor 25 Hz ¥g=0.02m
Angle sensor 10 Hz Y9 = 0.5°
State estimation 100 Hz Error = 0.001 m/s

3s = 0.005m/s

The results of Experiment 1, illustrated in Figure 3] demon-
strate that the efficacy of the cooperative DGO framework
is highly dependent on hardware quality. When operating
with highly degraded sensors (Table [I), the DGO significantly
outperforms basic DR. Conversely, under the ’Baseline’ and
’Ideal’ profiles, the Absolute Trajectory Error (ATE) detailed
in Table [[V] reveals that Basic DR starts as the more accurate
approach, but it is outperformed by the modified DGO algo-
rithm after a certain temporal threshold. This is mathematically
consistent, as the DGO actively injects high-frequency relative
measurement noise into the state estimate, which temporarily
outweighs the slow, linear drift of a high-quality, unassisted
IMU.

Additionally, Figure [3| exhibits a distinct, reduction in the
DGO error curve. Given that inertial drift is cumulative,



this apparent self-correction is not an algorithmic feature,
but rather a geometric artifact caused by the self-intersecting
coordinates of the 8-shaped flight path. This phenomenon is
isolated and analyzed in Experiment 4.

TABLE IV: Experiment 1: KPI

Sensor Profile Basic DR ATE(m) DGO ATE(m)
Degraded 5.75 2.46
Baseline 0.57 0.63
Ideal 0.12 0.14
5 7
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Fig. 3: Algorithmic Performance for Different Sensor
Profiles: Accumulation of Positioning Error

E. Experiment 2: Effect of Swarm Size

The second experiment aims to determine how swarm size
impacts the cooperative localization accuracy. Utilizing the
"Baseline’ quality sensors profile (Table [[I), the simulation
evaluates the absolute positioning error across variable swarm
sizes of N € {2,4,6,8} drones. The purpose of this experi-
ment is to test if increasing the swarm size leads to a reduction
in trajectory deviation.

— DGO Swarm (2 drones)  —— DGO Swarm (6 drones)

-~ Basic DR — DGO Swarm (8 drones)
1.2 DGO Swarm (4 drones)

Error (m)
o o g
o 3 o
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N

0.0

0 25 50 75 100 125 150 175 200
Time (s)

Fig. 4: Algorithmic Performance for Different Swarm Sizes:
Accumulation of Positioning Error

As illustrated in Figure 4] and Table[V] expanding the swarm
size directly improves the global positioning accuracy of the
cooperative framework. Although the standalone basic DR
baseline exhibits superior initial precision, the Cooperative
DGO framework maintains a lower Absolute Trajectory Error
(ATE) over extended flight durations. Notably, the data indi-
cates that the most significant performance gain occurs when

TABLE V: Experiment 2: KPI

Swarm Size  Basic DR ATE(m) DGO ATE(m)
1 0.58 -

2 - 1.07

4 - 0.6

6 - 0.57

8 - 0.47

scaling from two to four agents. While adding more drones
continues to reduce the localization error, these subsequent
marginal improvements are less pronounced.

F. Experiment 3: Time Horizon experiment

This experiment evaluates the long-term temporal stability
of the localization frameworks by isolating flight duration as
the primary variable. Utilizing the ’Baseline’ quality sensors
(Table[MI), we analyze absolute positioning error over extended
trajectories. The objective is to quantify which approach is
more sustainable for longer flight durations.

5] — Basic DR
—— DGO Swarm

Error (m)
w

N

0 200 400 600 800
Time (s)

1000

Fig. 5: Algorithmic Performance over Long Time Horizons:
Accumulation of Positioning Error

TABLE VI: Experiment 3: KPI

Sensor Profile Basic DR ATE(m)

2.89

DGO ATE(m)
1.58

Baseline

The results presented in Table show that the DGO
algorithm achieves a lower overall ATE of 1.58 m, compared
to 2.89 m for basic DR. Figure [5] provides further insight into
this difference. Although basic DR exhibits a lower absolute
positioning error during the initial stages of the flight, its
error grows at a nearly constant rate, reaching approximately
5.0 m after 1000 seconds. In contrast, the DGO algorithm
demonstrates superior long-term stability.

This result is caused by the characteristics of each individual
algorithm. Basic DR relies exclusively on the IMU, which
provides a lower initial noise floor. This allows the algorithm
to perform better on short-term flights. However, because the
error in basic DR accumulates over time and the algorithm
lacks a bounding mechanism, the estimation ends up degrading
over time.

On the other hand, the DGO algorithm forces the swarm to
incorporate external measurements. In the short term, adding



these terms to the optimization leads to a worse system preci-
sion. However, for longer time horizons, the cross-referencing
of the DGO algorithm leads to a better performance.

G. Experiment 4: Trajectory Geometry

To address the anomaly of the decreasing error observed in
the previous experiments, this evaluation introduces a simple,
straight-line flight path. Utilizing the average quality sensor
profile (Table [[)), we analyze the positioning error over this
new trajectory to pinpoint the exact cause of the previously
observed error reductions.

—— Basic DR
—— DGO Swarm
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Fig. 6: Algorithmic Performance on a Linear Trajectory:
Accumulation of Positioning Error

The results of the linear flight, illustrated in Figure [6]
reveal a contrast to the 8-shaped trajectory. When constrained
to a straight path, the basic DR baseline exhibits a slow,
linear drift, accumulating to approximately 1.0 meters of error.
Conversely, the DGO swarm experiences a severe degradation
in localization accuracy, reaching over 2.0 meters of error
within the same time frame. The previously observed increase
and decrease in the error graph are absent, confirming that
the decrease was a geometric artifact, created by the 8-shaped
trajectory.

In a strictly linear flight, the relative angle and distance
between drones remains almost entirely constant. Because of
this, the algorithm lacks the diverse spatial constraints neces-
sary to correct the global trajectory. Instead of correcting the
drift, the DGO algorithm degrades the estimate, by injecting
distance and angular sensor noise into the state optimization,
without the geometric diversity required to balance it.

V. DISCUSSION

The experimental results highlight a functional trade-off in
GNSS-denied environments. As observed in Experiment 3, the
standalone basic DR baseline maintains superior trajectory es-
timation during the initial flight phases. This is consistent with
the sensor model, as the IMU data provides a low initial noise
floor. However, because basic DR lacks an external bounding
mechanism, this precision degrades into an unbounded, linear
drift, ultimately reaching an absolute positioning error of 5.0
meters at the 1000-second mark. Conversely, the DGO Swarm
model introduces a higher initial baseline error, due to the
inherent measurement variance of relative distance and bearing
sensors. By concluding the extended trajectory with a reduced

error of approximately 2.6 meters, it surpasses the standalone
method over longer operational horizons.

Furthermore, the specific temporal breakeven point observed
at approximately 170 seconds exposes a gap in existing liter-
ature. While prior work, such as the study by Xiong and You
[20], validates DGO primarily through the metric of relative
swarm cohesion, our evaluation reveals a critical operational
nuance: cooperative estimation imposes a definitive short-term
accuracy penalty compared to standalone DR. However, for
prolonged missions, the DGO algorithm performs better.

In addition to these temporal constraints, the results of the
linear trajectory evaluation (Experiment 4) establish a strict ge-
ometric boundary for cooperative estimation. The experiment
confirmed that the periodic error reductions observed in the 8-
shaped trajectory were geometric artifacts. More importantly, it
demonstrated that in strictly linear flight, the DGO framework
underperforms basic DR. Because linear paths lack the geo-
metric variations necessary to make relative spatial constraints
observable, the continuous injection of high-frequency sensor
noise actively degrades the estimate faster than stable DR.
Thus, the true utility of DGO is fundamentally tied not only
to mission duration but also to trajectory complexity.

The results of Experiment 2 show that the modified DGO
algorithm scales well as more drones are added, although
the benefits gradually decrease. Increasing the swarm size
improves the absolute state estimation by providing more
spatial information between agents. This confirms that the
normalized objective function works as intended, addressing
a key issue in the original DGO formulation. By balancing
the influence of relative measurements and odometry data, the
algorithm prevents inter-agent observations from dominating
the optimization process. As a result, the swarm maintains
an accurate global trajectory instead of focusing only on its
internal formation. While increasing the number of agents
from two to four significantly reduces the estimation error,
adding more agents leads to smaller improvements, indicating
a point where the extra computational cost may no longer
justify the performance gain.

Finally, while the isolated DGO framework demonstrates
a promising cooperative approach, its operational limitations
in real-world deployments must be addressed. This study
intentionally isolates the state-estimation loop to strictly quan-
tify algorithmic accuracy. In a fully deployable architecture,
integrating a Distributed Model Predictive Control (DMPC)
module to execute physical flight corrections would likely
introduce computational latency.

VI. RESPONSIBLE RESEARCH

a) Reproducibility and Transparency

To ensure the reproducibility of the results presented in
this paper, the experimental framework has been described
in detail. The simulation environment was developed using
Python 3.10.12. Furthermore, all experimental parameters and
sensor models have been explicitly specified in their respective
sections, enabling independent verification and replication of
the reported findings.



b) Work Integrity
This study is based on the work of Xiong and You [20].
Throughout the paper, clear distinction is made between the
original methodology and the modifications introduced in
this work, specifically the normalization of the cost func-
tions and the revised performance metric. Furthermore, the
assumptions and limitations of the original framework are
explicitly acknowledged. In particular, the open-loop nature
of the simulation and the omission of the DMPC module are
highlighted to avoid overstating the algorithm’s applicability
to real-world deployment.
c) Use of Artificial Intelligence
Throughout the project, Artificial Intelligence—specifically
Large Language Models (LLMs)—was utilized for multiple
tasks in the development process. For academic writing, LLMs
assisted with text formatting, grammatical refinement, and
structural clarity. Additionally, Al served as a tool for brain-
storming ideas and connecting related concepts. Crucially,
LLMs were not used in the development of the underlying
algorithms presented in this paper; all simulated results are the
direct output of the mathematical models described. The author
comprehensively reviewed all Al-assisted text. Finally, LLMs
were employed to assess the overall quality of the manuscript.
d) Impact of the Research
The development of UAVs in GNSS-denied environments is
a complex and multifaceted challenge. The primary motivation
of this work is to enhance the safety and reliability of
autonomous swarms operating in critical applications such as
delivery services and search-and-rescue missions in degraded
or compromised environments. At the same time, it is ac-
knowledged that algorithms enabling increased autonomy in
GNSS-jammed settings may also be adapted for military or
surveillance purposes. This dual-use nature is recognized, and
the intended focus of this research is on promoting applications
that prioritize safety, transparency, and societal benefit.

VII. CONCLUSION

In conclusion, Cooperative Position Estimation techniques
provide a vital mechanism for extending the operational via-
bility of GNSS-denied UAV missions. This study has demon-
strated that while basic DR offers short-term precision, the
unbounded nature of inertial drift severely limits its long-
term reliability. Conversely, the DGO algorithm surpasses
standalone DR over extended flight durations.

However, this evaluation also establishes critical opera-
tional and architectural boundaries for cooperative localization.
Specifically, the framework’s efficacy is tied to trajectory
complexity; during linear flights, the injection of relative
sensor noise degrades DGO performance below that of basic
DR. Additionally, the evaluation confirmed that increasing the
swarm size successfully improves global positioning accuracy,
validating that the normalized cost function effectively bal-
ances local swarm cohesion with absolute trajectory estima-
tion.

While this open-loop evaluation provides clear baseline
metrics, future work must address the complexities of fully

deployed systems. Subsequent research should expand upon
this foundation by integrating active DMPC modules into
the localization framework. Reintegrating the DMPC will
allow researchers to assess how physical trajectory corrections
impact the overall absolute positioning error. Furthermore,
translating DGO corrections into active formation adjustments
requires assessing the computational overhead and potential
latency introduced to the system.

The simulation environment must also be expanded to
introduce variable UAV kinematics, such as differing flight
speeds. Alongside these dynamic kinematics, future studies
should investigate whether the initial swarm formation affects
the accuracy of the position estimation. Finally, extending
the evaluation to analyze how having drones at varying Y-
axis coordinates changes the algorithm’s performance will be
crucial for testing the framework across a wider, more complex
spectrum of operational scenarios.
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APPENDIX A
USE OF ARTIFICIAL INTELLIGENCE

As stated in the report, Artificial Intelligence—specifically
Large Language Models (LLMs)—was used for multiple tasks
in the development process.

Below are examples of prompts that were used for each
specific task:

A. Text Formatting, Grammatical Refinement, and Structural
Refinement

e “Because standard UAV kinematics involve highly non-
linear rigid-body dynamics, the EKF relies on Jacobian
matrices to linearize transition and measurement func-
tions. Rephrase this.”

o “Algorithmic Performance For Linear Trajectory: Accu-
mulation of Positioning Error. Polish this title.”

B. Brainstorming Ideas
e “How is constraint imbalance solved in mathematical
modeling and Artificial Intelligence?”
C. Overall Quality of the Manuscript Assessment

o “Examine my explanation of this experiment as harshly
as possible.”
¢ “Give me harsh feedback on this abstract.”
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