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Abstract: Unmanned Aerial Vehicles (UAVs) equipped with low-cost sensing platforms are increasingly employed for
environmental monitoring due to their mobility, rapid deployment capability, and ability to acquire spatially distributed
measurements in areas that are difficult to access using conventional ground-based instrumentation. This article presents a
lightweight multi-sensor UAV platform based on the ESP32 microcontroller, designed for low-cost and flexible environmental
sensing applications. The proposed system integrates four sensing modules: an MPU6050 inertial measurement unit (IMU) for
attitude estimation, a NEO-6M GPS receiver for geolocation, an MQ135 gas sensor for air-quality monitoring, and an
ESP32-CAM module for visual documentation. A unified data acquisition and synchronization framework is developed to
align heterogeneous sensor streams operating at different sampling rates. Sensor-specific compensation strategies are
implemented to mitigate IMU bias and drift, gas-sensor stabilization effects, and GPS measurement noise. In addition,
measurement uncertainty is quantified following the principles of the Guide to the Expression of Uncertainty in Measurement
(GUM), providing a systematic evaluation of the reliability of the sensed data. The proposed system is experimentally validated
through UAV flight tests, demonstrating stable operation and consistent multi-sensor integration. The results show coherent
reconstruction of UAV trajectory and attitude, as well as repeatable variations in gas sensor response correlated with UAV
motion and spatial position. These findings demonstrate the feasibility of the proposed sensor synchronization and fusion
framework for low-cost UAV-based environmental sensing, although comparative evaluation against alternative fusion
baselines is left for future work.

Keywords: UAV instrumentation, ESP32, Sensor fusion, IMU calibration, Gas sensing, GPS tracking, Environmental
monitoring.

monitoring, atmospheric sensing, infrastructure
inspection, and precision agriculture applications [1].

1. Introduction

Unmanned Aerial Vehicles (UAVs) have emerged
as a powerful platform for environmental monitoring
due to their mobility, flexibility, and ability to provide
spatially distributed measurements. Unlike fixed
ground-based stations, UAVs can access hard-to-reach
or hazardous environments and follow programmable
trajectories, enabling the collection of geo-referenced
data with high spatial resolution. This capability
makes UAVs particularly suitable for air-quality

https://www.sensorsportal.com/p 3393.html

Recent advances in embedded systems and
low-power electronics have facilitated the integration
of multiple sensors into lightweight UAV platforms.
Low-cost microcontrollers such as the ESP32 enable
real-time acquisition of heterogeneous data from
inertial sensors, gas sensors, and positioning systems,
making it possible to design compact and
energy-efficient  airborne  sensing  payloads.
Consequently, multi-sensor UAV systems have been
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increasingly  investigated  for  environmental
monitoring, where spatial and temporal variations of
atmospheric  parameters must be  captured
simultaneously.

Despite these advancements, several technical
challenges remain in achieving reliable and accurate
measurements using low-cost UAV-based sensing
systems. Inertial Measurement Units (IMUs) suffer
from drift and bias accumulation, which degrade
orientation estimation over time. Gas sensors,
particularly metal-oxide semiconductor (MOS)
sensors such as the MQI135, exhibit nonlinear
responses, temperature dependence, and warm-up
effects that affect measurement stability. Global
Navigation Satellite System (GPS) receivers provide
absolute positioning but are subject to noise, multipath
effects, and limited update rates. Furthermore,
vibrations induced by UAV motors and propellers
introduce additional disturbances in sensor readings.
Another critical issue is the asynchronous nature of
data acquisition, as different sensors operate at
different sampling frequencies, leading to temporal
misalignment and inconsistency in multi-sensor
datasets [2].

To address these limitations, recent work has
explored sensor fusion techniques that combine IMU,
GPS, and environmental sensors to improve
measurement accuracy and robustness. Data
synchronization strategies, filtering methods, and
compensation models have been proposed to mitigate
the impact of noise, drift, and environmental
variability. However, many existing solutions rely on
high-cost  instrumentation or computationally
intensive algorithms, limiting their applicability in
lightweight and low-cost UAV platforms. In addition,
comprehensive experimental validation combining
spatial mapping, temporal synchronization, and
uncertainty analysis remains limited in the literature.

In this work, a lightweight and low-cost
multi-sensor UAV sensing framework is proposed,
based on an ESP32 embedded platform. The system
integrates four sensing modules, including an IMU for
attitude estimation, a gas sensor for air-quality
monitoring, a GPS receiver for geo-referencing, and a
vision module for event detection, as illustrated in
Fig. 1. A unified acquisition and synchronization
framework is developed to align heterogeneous sensor
data that operate at different sampling rates. In
addition, compensation and uncertainty-aware
processing methods are applied to mitigate the effects
of sensor bias, drift, and environmental disturbances.

The proposed system is experimentally validated
through UAV flight tests, demonstrating stable
operation and the capability to generate coherent
spatiotemporal environmental measurements. The
results demonstrate the feasibility of the proposed low-
complexity sensor-fusion approach for synchronized
multi-sensor environmental sensing on a low-cost
UAYV platform. [3].

The remainder of this article is organized as
follows. Section 2 describes individual sensor
characterization. Section 3 presents the overall

architecture of the UAV system. Section 4 introduces
the data synchronization and sensor-fusion
framework. Finally, Section 5 concludes the article.

UAV
Attitude
Air-Quality
Measurement
ESP2-CAM
RGB Image MQ135
Air-Quality
Measurement
Trajectory

NEC-6M GPS

Fig. 1. Overview of the UAV Environmental Monitoring
System with Onboard IMU, MQ135 Gas Sensor, NEO-6M
GPS, and ESP32-CAM.

A preliminary version of this work was previously
presented in the DAUS 2026 conference proceedings
and is cited in this manuscript as [16]. The present
article is a substantially extended journal version.
Compared with the earlier conference paper, this
manuscript provides a broader description of the
complete ESP32-based UAV sensing platform,
including the MPU6050 IMU, Neo-6M GPS, MQ135
gas sensor, and ESP32-CAM; expanded standalone
characterization of the sensing modules; a more
explicit formulation of the data synchronization and
sensor-fusion framework; and extended experimental
validation through synchronized flight-data analysis,
trajectory reconstruction, altitude-correlated
gas-response analysis, and geo-referenced
environmental mapping. These additions significantly
expand the methodological detail, experimental
discussion, and overall scope beyond the prior
conference dissemination.

2. Standalone Sensor Tests and
Calibration

Prior to multi-sensor fusion, each module was
evaluated independently to verify functionality,
quantify noise, and derive calibration parameters. This
section details the test protocols, metrics, and
governing equations for the IMU (MPU6050), gas
sensor (MQ135), GPS (Neo-6M), and ESP32-CAM.

2.1. IMU-Based Stability Assessment

The performance of the MPUG6050 inertial
measurement unit (IMU) was evaluated independently
using the ESP32 acquisition platform to assess its
short-term stability and dynamic response. The sensor
was sampled at 20 Hz over a duration of 50 s. During
the experiment, the IMU was initially placed on a flat
surface under static conditions and then manually
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tilted between 10s and 15s to introduce

controlled motion.

2.1.1. Static Stability

During the static intervals (0—10 s and 20-50 s),
the accelerometer outputs remain stable, with the
vertical component a, = —0.95 g and the horizontal
components  ay,a, ~0g, indicating  proper
alignment with the gravity vector. The magnitude of
the acceleration vector is given by

lal=/aZ+a+az

which remains close to 1 g, with deviations limited to
approximately +0.05g. This confirms low
measurement noise and good sensor stability under
static conditions.

2.1.2. Dynamic Response

During the tilting interval (10-15s), the
accelerometer signals exhibit transient variations in a,
and a,, while a, decreases as a function of the tilt
angle, consistent with the projection of the gravity
vector onto the sensor axes. Simultaneously, the
gyroscope records angular-rate peaks up to +£50°/s,
demonstrating sufficient sensitivity to capture
short-duration rotational motion [4].

The instantaneous angular-rate magnitude is
expressed as

Il ll=9%+ g5+ 9z

where gy, gy, g, denote the gyroscope measurements
along the three axes.

To quantify gyroscope stability, the bias and drift
are estimated over the static intervals using

bw,i = %Z¥=1 gi (k),

1 N

Oui = |55 Zi=1(g:(k) — bui)

where i € {x,y,z} and N denotes the number of
samples acquired during the static period. The
measured gyroscope drift remains below 0.05°/s,
indicating good short-term stability.

2.1.3. Stability Summary

Table 1 summarizes the computed metrics. The
accelerometer maintains a near-constant norm, while
the gyroscope exhibits low drift and rapid recovery,
confirming that the IMU provides sufficient stability
for UAV-based sensor fusion and environmental
measurements.

MPUG050 Acceleration
0 T " e e e
8 3,
@ a
c ¥
2 | Bz
8 05F =1
-
[
2
: L
1 I . I I
0 5 10 15 20 25 30 35 40 45 50
Time (s)

MPUG050 Gyroscope
T T T
S0 |

T fll.ﬁ,uw W S SO S N Y
| "| '|"

o

Angular rate (*/s)

-50

0 5‘ 10 15 2‘0 2% 3‘0 3‘5 46 4‘5 50
Time (s)

Fig. 2. Standalone MPU6050 response showing tri-axial

acceleration (top) and angular rate (bottom). Static intervals

(0-10s and 20-50s) demonstrate stable behavior, while

peaks observed between 10s and 15s correspond
to controlled manual perturbations

Overall, the IMU exhibits stable bias, low noise,
and reliable dynamic response, ensuring accurate
orientation estimation when fused with GPS
and gas-sensing data during UAV operation.

Table 1. Summary of MPU6050 Stability Metrics.

Parameter | Symbol Value Interpretation
Accel. nay | 109 ravity alignment
magnitude +0.03 g & Y aug
. High static
2 2
Accel. variance| o <0.002 g stability
Gyro bias by < 0.05°/s | Negligible drift
R Low-frequency
Gyro std. dev. | gy, ; 0.8°/s noise
R Dynamic
Gyropeak Il @ llmax| 50°/s sensitivity
Recovery time t, <3s Fast stabilization

2.2. Neo-6M GPS Receiver Evaluation

The Neo-6M GPS module was first evaluated
under static open-sky conditions to assess short-term
positioning accuracy and fix stability. Fig. 3 shows the
latitude—longitude scatter recorded over a 10 min
acquisition at 1 Hz. National Marine Electronics
Association (NMEA) data were parsed in MATLAB
to extract position, altitude, and Horizontal Dilution of
Precision (HDOP) to avoid restriction zone.

The great-circle distance between each GPS fix
(¢, A) where ¢ denotes the geodetic latitude and A the
geodetic longitude, expressed in degrees. and a
reference position (¢, Ay) was computed using the
Haversine formula [2].

. . 4 . AA
— 49 a“
d = 2Rarcsin [sin2 =2 + cosg,cos@sin?
2 0 2
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with earth radius R = 6371 km. Position precision
was quantified. To quantify the positioning
performance, two standard accuracy metrics are
considered: the horizontal circular error probable at 50
(CEPsg), which characterizes the median horizontal
localization error, and the 3D root mean square error
(RMS;p), which accounts for the combined dispersion
along the three spatial axes. These metrics are
expressed as

CEPso = 0.590, + 0.590,,

The module achieved CEP;; =2.8m and
RMS;p < 5m, with altitude varying within +3 m,
consistent with manufacturer specifications.

2.2.1. GPS Flight Data Comparison

Fig. 3 presents two representative datasets
acquired during low-altitude flights. These
experiments were used to assess repeatability of the
Neo-6M position and velocity estimates.

Case 1: Static and Low-Dynamic Test (200 s).
During the static/slow-motion experiment, the
reconstructed horizontal trajectory forms a compact
spatial cluster with a dispersion of approximately
5-8 m. This dispersion is primarily attributed to GPS
measurement noise, satellite geometry, and receiver
jitter. The estimated altitude exhibits a gradual
decrease from 115 m to 70 m, which can be associated

with the internal filtering and barometric correction
mechanisms of the GPS module. The measured
ground speed remains within the range of 1-3 km/h,
consistent with near-static motion conditions. Satellite
availability varies between 7 and 9 satellites, resulting
in favorable.

Case 2: Short-Duration Displacement Test
(30 s). In this experiment, the UAV was manually
displaced over a distance of approximately 40—-50 m.
The reconstructed trajectory yields a total
displacement of 44.5m, computed using the
segment-wise Haversine formulation, which shows
good agreement with the expected ground-truth
distance. The altitude remains relatively stable within
the range of 90—100 m, indicating consistent vertical
positioning performance. Compared to the static test,
the trajectory exhibits reduced spatial dispersion,
which can be attributed to the shorter acquisition
duration and improved satellite tracking conditions
during motion.

Comparative Analysis. A comparison of the two
test scenarios highlights that Case 2 provides higher
localization reliability, characterized by reduced
trajectory dispersion and lower speed variability, with
a standard deviation o, < 0.5 km/h. In contrast,
Case 1 exhibits increased positional drift due to
prolonged observation time and accumulated GPS
uncertainties. These results demonstrate that the
ESP32-Neo-6M  subsystem achieves sufficient
localization accuracy for short-range UAV operations,
making it suitable for geo-referenced sensing
applications such as air-quality mapping and
environmental monitoring.

Neo-6M GPS Telemetry via ESPB266
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Fig. 3. Comparative GPS trajectories for Case 1 (200 s static/slow-motion) and Case 2 (30 s short displacement), showing
horizontal position clusters, altitude variations, and reconstructed path length.

2.3. Auxiliary Visual Sensing Using
ESP32-CAM

Besides the core IMU, GPS, and gas-sensing
modules, the UAV platform also includes an

ESP32-CAM as an auxiliary visual sensor intended for
contextual awareness and future multimodal
extensions. This ensures robustness against motion
blur, illumination variations, and sensor noise [7].
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2.3.1. Color Normalization and Chromaticity

Features
For each frame, the RGB pixel vector
I(x,y) =[R,G,B] is converted to normalized

chromaticity coordinates [8]

G _ B
R+G+B’" ~ R+G+B’

—_— R —_—
"= R’ 9 ™
where fire-colored regions typically satisfy r > g > b.
Two pixels with the same color but different
brightness may have very different raw RGB values.
To remove this effect, we normalize the
RGB vector:

R
VRZ+G2+B2 B

2.3.2. Hybrid Fire Classification

A pixel is first evaluated by deterministic
color rules:

R>Ty G>T; B<Ts R>G>B

To detect fire regions, an initial binary mask
M, (x,y) is generated using empirical RGB thresholds
Tp =06, T; =0.2, and Tz =0.3. To improve
robustness against illumination changes, the
normalized chromaticity vector v =[r,g,b]" is
evaluated using a Gaussian fire-likelihood model [3]:

Prire(v) = exp[—1/2 (v — )" 27 (v — )]

The Gaussian parameters were estimated from
12 manually annotated fire images comprising
approximately 18000 fire pixels captured under
varying illumination conditions. The sample mean and
covariance were computed using maximum likelihood
estimation. With mean and covariance

0.60 0.015 0.002 0.001
u=10.32{,2=10.002 0.010 0.001
0.08 0.001 0.001 0.005

Pixels satisfying P > 0.35 form  the

probabilistic mask M, (x, y). The final segmentation is
obtained by combining both models:

M(x,)’) = M1(x.J/)Mz(x.J/)

The detected fire area is computed as
Nfire = Zx,yM (x: }/)’

and a fire alarm is raised when Ng.. = 4000 for
QVGA resolution.

To suppress transient false alarms, a temporal
exponential filter is applied:

S(k) = aNsipe(k) + (1 —a)S(k — 1),
a = 0.25,

and the normalized fire-confidence score is defined as

s
fire = 56800’

where 76800 = 320 X 240 is the total number of
pixels in a QVGA frame.

2.3.3. Experimental Summary

In the sequence shown in Fig. 4, the system
detected Ng. = 4228 fire pixels with a confidence
level of Cgre = 0.055, exceeding the alarm threshold.
The results confirm that the ESP32-CAM, combined
with the hybrid detection algorithm, reliably identifies
fire events despite motion, vibration, and low-cost
camera limitations.

00 FIREDETECTED! (4228 pixels)

Frame 28

[P ‘;Eﬁ s

Dwtected Fire Pixels [white)

Fig. 4. Fire-region segmentation mask from the proposed
hybrid model.

2.4. Summary and Pass/Fail Criteria

Each sensor is evaluated according to the Guide to
the Expression of Uncertainty in Measurement (GUM)
framework if: (i) the IMU maintains || a [* 1g and
low gyro bias, (ii)) the MQ135 produces consistent
Rg/R, variation, (iii) the GPS maintains
consumer-grade precision (CEP5, and Haversine error
within limits), and (iv) the ESP32-CAM maintains
stable timing and adequate image sharpness S. These
metrics ensure reliable fusion in Section 4.

2.5. MQ135 Gas Sensor Calibration

The MQ135 gas sensor provides an analog output
that varies according to the resistance change of its
sensing element when exposed to different gaseous
environments. In this work, the sensor response was
characterized using the normalized resistance ratio
Rs/Ry, where Ry is the sensor resistance under the
measured condition and R, is the reference resistance
in clean air. The sensor resistance is obtained from the
voltage-divider configuration as
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SR, =R, (M)

Vout

where R; is the load resistance, I is the supply
voltage, and V,,; is the measured sensor
output voltage.

For response characterization,
power-law model was used:

c=a(®

with fitted constants A = 123 and B = —2.36. This
relation provides an approximate concentration scale
for interpreting the sensor response. However, in the
present study, the MQ135 measurements are primarily
interpreted as a relative gas-response indicator rather
than as a rigorously validated absolute
gas-concentration measurement, since calibration
against certified reference gases under controlled
environmental conditions was not performed.

Fig. 5 illustrates the calibration curve used to relate
the normalized sensor response R, /R, to the estimated
gas concentration. The decreasing trend of the curve

an empirical

reflects the typical behavior of metal-oxide
semiconductor gas sensors, where the sensor
resistance decreases as the gas concentration
increases.
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Fig. 5. Calibration characteristic of the MQ135 gas sensor
showing the relationship between the normalized resistance
ratio R;/R, and an approximate concentration scale used
for relative response interpretation.

2.6. Spatial Air-Quality Mapping

To demonstrate the capability of the proposed
system for environmental monitoring, the UAV
sensing payload was used to collect gas concentration
data along a predefined flight trajectory. Each
measurement was associated with the UAV position,
allowing the construction of a spatial air-quality map.

Fig. 6 presents the resulting air-quality heatmap
obtained from the UAV measurements. The color
scale represents the corrected gas-sensing response
recorded at different sampling locations. The map

highlights spatial variations in the measured gas levels
and demonstrates the feasibility of the proposed
low-cost UAV-based sensing platform for
environmental monitoring applications.

UAV-Based Air Quality Mapping
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Fig. 6. Spatial relative air-quality map generated from UAV
measurements. The color scale represents the MQI135
gas-sensor response obtained at different positions along
the UAV trajectory.

2.7. MQ135 Response and Calibration
Analysis

Fig. 7 illustrates the temporal response of the
MQ135 gas sensor interfaced with the ESP32. The
output voltage V,,,; was recorded during the transitions
from clean air to gas exposure and back to baseline;
gray points represent raw ADC samples, and the
blue curve shows filtered data filtered on a
moving-average [5].

Real-Time Response of MQ135 Gas Sensor

Gas Exposure Period

Voltage (V)
™

115 F Smoothed signal
Raw samples
1

] 5 10 15 2
Time (s)

25

=3

Fig. 7. Real-time MQ135 sensor response showing gas
exposure and recovery. Smoothed curve overlaid on raw
ADC samples.

The MQ135 operates as a variable resistor Rg in a
voltage-divider configuration, with output voltage

R

Vout = Vee - ——
out cc RS+RL’
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where Ve = 3.3 V. Gas exposure (5-20 s) reduces Ry
due to adsorption on the CO; layer, increasing Vg,
while desorption after removal causes voltage
recovery.

The dynamic behavior is modeled as

V() =Vy+4AV(1—e /™),
during the response phase, and
V() =V, et/ +V,,
during recovery, with time constants 7, = 2.5s and
Tg = 6.0 s.

The steady-state voltage increased
Vo = 1.20 Vto V; = 1.38 V, yielding

from

_ VW
AVrel - W
0

x 100,
which confirms the high sensitivity and suitability of
the ESP32-MQI135 module for UAV-based

environmental sensing.

3. System Design and Architecture

The proposed UAV-based measurement platform
integrates an ESP32 microcontroller with multiple
sensing modules for geo-referenced environmental
monitoring. The system comprises [9] three main
units: (i) the UAV carrier, (ii) the ESP32-based
multi-sensor payload incorporating the Neo-6M GPS,
MPU6050 IMU, MQI135 gas sensor, and
ESP32-CAM, and (iii) the ground station for data
logging and supervisory control. The hardware
prototype is shown in Fig. 8.

o Neo 6M

e IMU 6050

Fig. 8. Prototype of the ESP32-based multi-sensor UAV
module integrating GPS, IMU, gas sensor, and camera.

3.1. UAYV Platform

MAVLink (Micro Air Vehicle Link) is a
lightweight telemetry and command protocol used in
UAV systems to exchange flight data between the
autopilot and external devices. Here, it is used to
retrieve real-time variables such as attitude, altitude,
and velocity for subsequent geo-referencing and
motion compensation.

3.2. Correlation of Gas Sensor Output
with Altitude

The MQ135 response was analyzed as a function
of UAV altitude. As shown in Fig. 9, the sensor
voltage (sampled at 10 Hz) increases between
10-12 m, consistent with the imposed
altitude-dependent gas and temperature gradients. The
observed dispersion (= +50 mV) is mainly due to ADC
noise and short-term sensor fluctuations, remaining
acceptable for low-cost sensing [10].

These results confirm that the ESP32-based
acquisition chain provides stable and monotonic
measurements correlated with flight telemetry,
enabling altitude-aware air-quality profiling.

Correlation of Gas Sensor Output with Altitude
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Fig. 9. Correlation between MQ135 output and altitude
during flight.

3.3. Geo-Referenced Air-Quality Mapping

Geo-referenced MQI135 measurements were
obtained by fusing the sensor output with
latitude—longitude data from the NEO-6M GPS.
Fig. 10 presents the resulting 2D heatmap, where each
10 Hz sample is color-coded according to its MQ135
voltage level, representing relative gas-response
variations along the UAV path [5].

The measured flight traces a circular trajectory of
approximately 60 m diameter around (49.440° N,
1.090° E). Distinct spatial variations appear along the
loop. Distinct spatial variations appear along the loop,
with higher voltage values (yellow/red) indicating
localized increases in sensor response or turbulence-
induced effects, and lower wvalues (blue)
corresponding to comparatively cleaner regions. [11].

The coherent spatial pattern further confirms
correct synchronization between the ESP32 sensor
stream and the GPS telemetry, validating the
suitability of low-cost UAV systems for
geo-referenced environmental monitoring.

3.4. System Stability and IMU Analysis

Figs. 11 and 12 show the time-domain response of
the MPU6050 IMU during a 60 s measured flight,
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sampled at 10 Hz and covering both steady and
maneuvering intervals.
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Fig. 10. Geo-referenced MQ135 measurements during
circular UAV flight.
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Fig. 11. MPU6050 gyroscope RSS showing 1-4°/s
bounded variations and stable attitude behavior.

1) Gyroscope Response: The root-sum-square
(RSS) angular velocity in Fig. 11 remains around
2.2°/s, with peaks below 4°/s, reflecting minor
attitude corrections during circular flight. The absence
of large transients indicates good rotational stability
and limited vibration coupling to the sensing modules.

2) Accelerometer Response: Fig. 12 shows the
acceleration magnitude close to 1 g, with deviations of
about +0.05 g due to vertical motion and vibration,
confirming proper IMU calibration and stable
translation.

Overall, the IMU data confirm stable flight
conditions suitable for reliable environmental
measurements.

4. Sensor Fusion and Data
Synchronization

The fusion framework in this section builds upon
the independent sensor evaluations already performed

in Section 2I, where the MPU6050, MQI135,
NEO-6M, and ESP32-CAM were each tested
separately. These preliminary tests provided baseline
calibration parameters, noise characteristics, and
timing behavior for every module. As a result, the
fusion and synchronization pipeline introduced here
relies directly on the validated sensor outputs from
Section 2, integrating them into a unified
spatiotemporal representation suitable for UAV-based
environmental measurement [12].

106 IMU Acceleration Norm During Simulated Flight
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Fig. 12. MPU6050 acceleration norm staying near 1 g,
indicating stable platform behavior.

4.1. Overview of the Fusion Algorithm

Fig. 13 presents the proposed sensor-fusion and
synchronization pipeline. The process begins with the
independent acquisition of raw data streams from the
MPU6050, MQ135, and Neo-6M. Each dataset is
time-stamped using a common reference derived from
either the GPS UTC clock or the ESP32 internal
millisecond counter. Since the sampling rates differ
(fimu ® 50 Hz, foas ® 10 Hz, fgps = 1 Hz), all
signals are resampled to the IMU time base by means
of linear interpolation, ensuring a unified
temporal frame.

The synchronized signals are then processed by a
complementary filter that merges the high-frequency
angular-rate data from the gyroscope with the
low-frequency orientation estimate obtained from the
accelerometer [13]. The filtered orientation is used
together with GPS-derived altitude and position data
to geo-reference the gas-sensor measurements. The
resulting fused dataset thus contains time-aligned
information about roll, pitch, position, altitude, and
gas concentration, allowing spatial mapping and
correlation analysis.

4.2. Mathematical Model

At each discrete sampling instant t;,, the fused roll
(B) and pitch (¢,) angles are computed using a
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complementary filter that blends the short-term
stability of the gyroscope with the long-term reference
of the accelerometer [14]:

O = a(Op_1 + w,dt) + (1 — @) tan™? (Z—y),
$k = a($R—1 + (l)yAt) +

—ay
b
/a§,+a§

where w,, w,, denote the gyroscope angular rates,
ay, 4y, a, the accelerometer readings, and « a tunable
filter coefficient (0.95 < a < 0.99).

+(1 —a)tan™?
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Fig. 13. Full-width representation of the proposed
sensor-fusion and data-synchronization workflow.

To smooth the altitude estimation, a simple
GPS-IMU blending is performed:

hi = B hgpsi + (1 = B) Fipu -1

where hgpg \, is the altitude provided by the GPS and
himu is the incremental altitude variation derived
from the IMU vertical acceleration. Finally, the gas
concentration is mapped to the fused spatial and
attitude information as:

Coask = f (Vmorzs i i, 01, i),

where Vyqissk is the measured voltage of the gas
sensor and f(-) represents the empirical calibration
function relating sensor voltage to concentration.

4.3. Multi-Sensor Data Acquisition

Each sensor provides measurements with distinct
physical meaning and sampling characteristics. The
MPUG6050 delivers tri-axis acceleration and angular
velocity measurements used to estimate the UAV
orientation. The MQ135 sensor provides an analog

voltage proportional to gas concentration, while the
Neo-6M GPS module provides global positioning and
altitude information [15].

Let the raw measurements be defined as

zimy (t) =
= [a,(®), ay (1), a, (1), 0, (1), wy (1), w, (1)],
Zgas(t) = Ving13s(t),
Zgps(t) = [lat(t), lon(t), h(t)],

where ay, a,, a, denote accelerometer measurements,
Wy, Wy, w, denote gyroscope angular rates, and h(t)
represents altitude obtained from GPS.

4.4. Time Synchronization and Resampling
Let the reference time grid be defined as
by = kTSs

where T,=0.02 s is the synchronization interval
corresponding to the 50 Hz IMU sampling period. The
lower-rate MQ135 and Neo-6M data streams are
interpolated onto this common grid.

Sensors operating at higher sampling frequencies
are downsampled, while lower-rate sensors are
interpolated using linear interpolation:

x(6) = 2(6) + e (x(ti) — x(6)
i+1 13

This process ensures that all sensor measurements
correspond to a consistent temporal reference.

4.5. Orientation Estimation
via Complementary Filtering

The UAV orientation is estimated using a
complementary filter that combines gyroscope
integration with accelerometer-based tilt estimation.
The roll and pitch angles are computed as [16]

0r = a(By_; + w,At) + (1 — a)tan™? (Z—y),

—ay
b
/a}z,+a§

where a is the complementary filter coefficient
controlling the balance between short-term gyroscope
stability and long-term accelerometer reference.

¢ = a(Pr-1 + wyAt) + (1 — a)tan™?

4.6. Altitude Estimation and GPS-IMU
Blending

To reduce noise in the GPS altitude measurements,
a simple blending model is used that combines GPS
altitude with IMU-derived vertical motion. In this
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work, the blending factor is fixed to $=0.8, which
gives dominant weight to the GPS altitude while
retaining short-term vertical variations estimated from
the IMU.

hfused = .BhGPS + (1 - ,B)hIMUn

where £ is a tunable blending factor.

4.7. Geo-Referenced Gas Mapping

Once the sensor signals are synchronized and
fused, the gas sensor measurements are associated
with the UAV spatial coordinates to generate an
air-quality map. The final mapping function is
expressed as

Cgas = f(VMQ135' 6,9, h),

where V135 represents the gas sensor output and
6, ¢, h correspond to the UAV orientation and altitude.
This fusion framework enables the creation of
spatially consistent environmental measurements
during UAV flight, facilitating the generation of
air-quality maps and enabling correlation analysis
between atmospheric conditions and UAV motion.

4.8. Implementation and Experimental
Validation

The proposed sensor-fusion framework was
implemented and experimentally validated using a
prototype UAV sensing platform. The hardware
architecture consists of an ESP32 microcontroller
interfaced with three primary sensing modules: an
MPU6050 inertial measurement unit, an MQ135 gas
sensor, and a Neo-6M GPS receiver. The ESP32
performs real-time data acquisition, timestamp
synchronization, and preprocessing of  the
sensor signals.

The IMU module provides tri-axis acceleration
and angular velocity measurements at a sampling
frequency of approximately 50 Hz, enabling
estimation of the UAV orientation. The MQ135 gas
sensor produces an analog voltage proportional to gas
concentration variations and is sampled at
approximately 10Hz  using  the ESP32
analog-to-digital converter. The GPS module provides
position and altitude information at approximately
1 Hz. Because these sensors operate at different
sampling frequencies, the data streams are first
synchronized onto a unified temporal grid using linear
interpolation.

The sensor-fusion algorithm was implemented in
MATLAB for offline analysis of the recorded flight
data. The synchronized datasets were processed using
the complementary filtering approach described in
Section 5.5 to estimate the UAV orientation while
preserving low computational complexity. The

10

gas-sensing measurements were then associated with
the corresponding spatial coordinates obtained from
the GPS module to generate geo-referenced
environmental measurements.

To evaluate the effectiveness of the
synchronization and fusion process, the correlation
between the fused altitude estimate and the gas-sensor
response was analyzed during the flight experiment.
The results show a correlation coefficient exceeding
0.85, indicating consistent alignment between the
environmental measurements and the UAV spatial
trajectory.

Furthermore, the synchronized dataset enabled the
reconstruction of the UAV trajectory together with the
corresponding gas concentration variations. This
demonstrates the capability of the proposed
framework to capture spatial environmental patterns
and to support aerial air-quality mapping applications.

Overall, the experimental validation confirms the
practical feasibility of the proposed lightweight
synchronization and fusion architecture for integrating
heterogeneous sensing modalities with different
sampling rates into a coherent spatiotemporal dataset.
However, the present study does not include a formal
benchmark against unsynchronized processing,
GPS-only estimation, or Kalman/EKF-based fusion,
and such comparative evaluation will be addressed in
future work.

The linear relationship between the two measured
variables is quantified using the Pearson correlation
coefficient, defined as

_ Y — %) (v — )
\/ng=1(xi - f)z \/Z?’:1(yi - 37)2

p

Fig. 14 illustrates the time synchronization
validation of the IMU, MQI135, and GPS altitude
signals. Since the three sensors operate at different
native sampling frequencies, all measurements were
resampled onto a common time grid using linear
interpolation. For visualization purposes, the
synchronized signals were normalized to zero mean
and unit variance. The figure confirms that the
heterogeneous sensor streams were successfully
aligned in time, enabling coherent fusion and
subsequent geo-referenced environmental analysis.

Fig. 15 illustrates the reconstructed UAV flight
trajectory obtained from the GPS measurements. The
latitude and longitude coordinates recorded during the
flight were used to map the spatial path followed by
the UAV. This trajectory reconstruction enables
geo-referencing of the gas sensor measurements,
allowing the spatial distribution of environmental
parameters to be analyzed along the UAV flight path.

Fig. 16 presents the relationship between the
MQ135 gas sensor response and the UAV altitude
obtained from GPS measurements. Each data point
corresponds to a synchronized measurement pair after
multi-sensor time alignment. The analysis illustrates
how the gas sensor readings vary along the UAV
vertical motion, enabling the investigation of spatial
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environmental patterns. Such correlation analysis
confirms the capability of the proposed sensor-fusion
framework to associate environmental measurements
with UAV spatial dynamics.

Tima:gSynr.hronization Validation of IMU, MQ135, and GPS Signals
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Fig. 14. Validation of time synchronization among the IMU,
MQ135, and GPS altitude signals. Owing to their different
native sampling rates, the signals were resampled
onto a common time axis using linear interpolation.
The resulting alignment enables consistent sensor fusion,
while the smoother low-frequency behavior of the GPS trace
reflects its lower sampling rate.

Geo-Referenced Gas Measurements along UAV Trajectory
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Fig. 15. Reconstructed UAV flight trajectory from GPS
measurements during the sensing mission.

Fig. 17 illustrates the spatial distribution of gas
measurements obtained during the UAV sensing
mission. The gas sensor response is mapped along the
UAV trajectory using the corresponding GPS
coordinates, enabling a three-dimensional
visualization of environmental conditions. This
representation highlights the capability of the
proposed sensor-fusion framework to generate
geo-referenced  air-quality  information  and
demonstrates the potential of low-cost UAV platforms
for spatial environmental monitoring.

5. Conclusion

This article presented a lightweight and low-cost
UAV-based multi-sensor platform for geo-referenced

air-quality =~ monitoring  using an  ESP32
microcontroller. The system integrates an IMU
(MPU6050), gas sensor (MQ135), GPS receiver
(Neo-6M), and an ESP32-CAM, enabling
synchronized acquisition of motion, position,
environmental, and visual data. Each sensing module
was independently evaluated and calibrated, with
measurement uncertainty assessed according to GUM
principles to ensure data reliability. The ESP32-CAM
module was included as an auxiliary visual sensing
component to demonstrate platform extensibility,
although it was not part of the main quantitative fusion
validation presented in this study.
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Fig. 16. Relationship between MQ135 gas sensor response
and UAV altitude during the sensing experiment. Each point
corresponds to a synchronized measurement pair obtained
after multi-sensor data alignment.

3D Air-Quality Mapping from UAV Measurements
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Fig. 17. Three-dimensional visualization of geo-referenced
gas measurements collected during the UAV sensing
mission. The spatial coordinates (latitude and longitude)
define the UAV trajectory, while the color and vertical axis
represent the MQ135 gas sensor response.

A unified sensor-fusion and synchronization
framework was developed to align heterogeneous data
streams with different sampling rates into a common
temporal reference. Experimental and measured flight
results demonstrated stable UAV dynamics, accurate
trajectory reconstruction, and consistent correlations
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between gas-sensor output, altitude, and spatial
position. Geo-referenced air-quality maps confirmed
the system’s capability to resolve localized
environmental variations despite the use of low-cost
sensors.  Although the proposed framework
demonstrated coherent multi-sensor alignment and
geo-referenced environmental mapping, the present
study did not include a comparative benchmark
against simpler or more advanced fusion baselines,
such as unsynchronized processing, GPS-only
estimation, or EKF-based methods.

These results validate the feasibility of compact
UAV-based measurement platforms for
environmental monitoring. Future work will focus on
multi-gas sensing, advanced fusion techniques, and
extended real-world flight campaigns.
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Abstract: This article presents an extended study of a modular, cost-efficient Unmanned Aerial System (UAS) designed for
fully autonomous disaster-response operations. Building upon prior conference work [12], this extension introduces a
comprehensive Robot Operating System (ROS) and Gazebo-based simulation framework that validates the entire mission
pipeline under realistic synthetic environments prior to field deployment. The system autonomously scans user-defined areas,
detects disaster zones using a custom YOLOv8-based vision model, and executes payload drops without ground control
intervention. An onboard sensor-fusion pipeline combines LiDAR range measurements, PX4 telemetry, and GPS data to
reconstruct local terrain undulations, enabling low-altitude navigation with improved detection rates. Target coordinates are
computed onboard via a heading-aware pixel-to-GPS conversion using a pinhole camera model and UAV yaw state. The
ROS-Gazebo environment replicates sensor-plugin behavior, obstacle placement, and disaster-zone visual cues, enabling
closed-loop validation of perception, navigation, and payload-delivery logic. All computations run on a Raspberry Pi 5, with
pymavlink commanding the Pixhawk 4 flight controller. Extended system-level evaluations demonstrate a per-target detection
rate of approximately 80 percent, successful payload delivery within a 5 m radius in 24 of 30 autonomous flights, 2 kg payload
capacity, and 25-minute flight endurance. The ROS-Gazebo environment further demonstrates a measurable reduction in
mission planning iteration time and an improvement in pipeline integration debugging speed compared to SITL-only
workflows, based on developer observations across project iteration cycles.

Keywords: Autonomous UAS, Disaster response, ROS-Gazebo simulation, Terrain undulation mapping, YOLOvS target
detection, Payload delivery, LiDAR and telemetry fusion, Onboard navigation.

in complex environments such as collapsed structures,
densely forested areas, or urban flood zones.
Many existing UAVs also lack integrated

1. Introduction

Rapid disaster response increasingly relies on

autonomous aerial systems capable of delivering
payloads and performing reconnaissance with
minimal or no ground support. Conventional solutions
often depend on human operators for navigation, have
limited payload capacity, or rely solely on GPS-based
waypoint guidance. These limitations can significantly
reduce operational accuracy and efficiency, especially

https://www.sensorsportal.com/p 3394.html

perception systems, preventing adaptive navigation or
real-time decision-making in dynamic disaster
scenarios. To address these challenges, this work
presents a modular Unmanned Aerial System (UAS)
designed to autonomously detect disaster zones,
navigate complex terrain, and execute precise payload
delivery. The proposed UAS integrates a
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YOLOvS8-derived onboard vision system [2],
LiDAR-based terrain mapping, and PX4 telemetry to
enable robust autonomous operations without human
intervention. YOLOVS was selected as the detection
backbone owing to its favourable accuracy-latency
trade-off on embedded hardware and its established
use in UAV-based aerial imagery tasks [13].

The conference version of this work [12] described
the core hardware architecture and presented initial
SITL and field validation results. Specifically, the
conference paper covered: the airframe design and
hardware bill of materials (Table 1); the YOLOv8n
training procedure and per-class metrics (Table 2); the
heading-aware pixel-to-GPS localization pipeline
(Equations (1-3)); the lawnmower scanning strategy;
and preliminary field results from 10 autonomous
flights. This extended journal article makes the
following additional contributions that do not appear
in [12]: (i) a complete ROS-Gazebo simulation
environment integrating PX4 SITL, MAVROS, and
custom sensor plugins enabling closed-loop
perception-navigation-delivery validation (Section 4);
(1) three custom Gazebo world models representing
distinct disaster scenarios — urban flooding, debris
field, and wildfire perimeter (Section 4.3); (iii) a
systematic workflow comparison of ROS-Gazebo vs.
SITL-only development (Table 3, Section 4.4); (iv) an
ablation analysis quantifying the contribution of
terrain-aware altitude adaptation to payload delivery
accuracy (Table 5, Section 6); (v) extended field
validation across 30 flights (up from 10 in [12]); and
(vi) the multi-UAV Wi-Fi Direct communication
framework (Section 5). All quantitative results
reported in Sections 4-7 are new and were not
included in the conference version.

Fig. 1 illustrates the airframe design and payload
integration. The system specifically targets open-area
disaster scenarios such as urban flooding, debris fields,
wildfire perimeters, and collapsed low-rise structures,
where  partial GNSS  availability, limited
infrastructure, and time-critical payload delivery are
primary operational constraints.

The airframe adopts a hybrid dihedral-anhedral
configuration, providing passive aerodynamic
stability and improved flight resilience. Low-level
flight control is managed by a Pixhawk 4 autopilot
executing PID-based stabilization and navigation
commands. High-level decision-making and onboard
perception are handled by a Raspberry Pi 5, which
processes camera feeds, fuses LiIDAR and telemetry
data, and computes heading-aware pixel-to-GPS
conversions for target localization. Commands are
sent from the Pi to the Pixhawk via pymavlink [1],
allowing precise waypoint execution without
requiring low-level velocity commands. The
high-level autonomy-focused system architecture is
depicted in Fig. 2.

Table 1 summarizes the key hardware components
of the proposed UAS platform, including sensor
specifications relevant to terrain mapping and target
detection performance.
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Fig. 1. CAD rendering of the disaster-response UAS,
illustrating the airframe configuration
and payload integration.
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Fig. 2. UAS system architecture emphasizing autonomous
mission execution and onboard processing.

Table 1. Key Hardware Components of the UAS Platform.

Component Specification
Flight Controller Pixhawk 4 (PX4 firmware)
Companion Computer | Raspberry Pi 5 (8 GB RAM)
Camera 0OV5648, 640x480 px,

FOV 90°
LiDAR TF-Luna, 0.2-12 m, £0.05 m
GNSS MS8N GPS (£2.5 m CEP)
Payload Mechanism rg;;fsmnfted drop
Comms (GCS) Wi-Fi Direct (WPA3)
Payload Capacity 2kg
Endurance [125 min (no payload)

2. Onboard Vision and Target Detection

2.1. Model Architecture and Pre-Flight
Configuration

Disaster zones are identified wusing a
YOLOvVS-derived custom model running fully
onboard the UAV. The model allows for pre-flight
configuration via a selection file specifying the target
class weights, enabling the same hardware platform to
detect different targets such as fire, debris, or
waterlogging depending on mission requirements.
Camera feeds are continuously fused with telemetry
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and LiDAR data, providing terrain-aware perception
that allows the UAV to maintain situational awareness
and respond to environmental changes in real time.

The YOLOv8n (nano) variant was selected as the
base architecture to satisfy the inference-rate and
memory constraints of the Raspberry Pi 5. With
3.2 million parameters and a GFLOPs count of 8.7, the
nano variant achieves a favourable accuracy-latency
trade-off for embedded deployment compared to
larger variants (small, medium, large) which exceed
the real-time threshold of 10 FPS on the target
hardware. The model head was modified to support
three target classes: water body (WB), debris field
(DF), and fire region (FR).

2.2. Dataset Construction and Augmentation

A custom training dataset was assembled from
three sources: (i) aerial imagery captured during UAV
test flights over representative outdoor environments
at altitudes between 10 m and 30 m AGL; (ii) publicly
available aerial disaster datasets resampled to
640640 px; and (iii) synthetic frames rendered from
the Gazebo simulation worlds described in
Section 4.3, providing domain-randomized imagery
under varied lighting and viewing angles. The
combined dataset totalled 4200 annotated images
across the three target classes, with a 70/15/15
train/validation/test split.

Data augmentation was applied during training
using the following transformations: random
horizontal and vertical flipping (p=0.5), rotation in the
range [—15°, +15°], brightness and contrast jittering
(£20 percent), scale jittering (0.8—1.2%), and mosaic
augmentation (four-image tile composition, p = 0.8).
Augmentation parameters were selected to reflect
realistic variations in UAV camera orientation and
outdoor lighting conditions without generating
unrealistic out-of-distribution samples.

2.3. Training Configuration and Performance

The model was trained for 100 epochs using the
SGD optimizer with an initial learning rate of 0.01,
momentum of 0.937, and weight decay of 5x107*. A
cosine annealing learning rate schedule was applied
with a warmup period of 3 epochs. Training was
performed on a workstation equipped with an NVIDIA
RTX 3060 GPU (12 GB VRAM) and required
approximately 3.5 hours. The best checkpoint (lowest
validation loss) was exported to ONNX format and
converted to a TensorFlow Lite FP16 model for
deployment on the Raspberry Pi 5.

Table 2 summarizes the per-class and overall
model performance on the held-out test set. The water
body class achieved the highest precision and recall
owing to the distinctive visual signature of open water
from altitude, while the fire region class showed the
lowest recall due to variability in flame appearance
under different background intensities.

Table 2. YOLOv8n Per-Class Detection Performance
on Test Set (IoU>0.5).

Class Precision | Recall F1 mAP@0.5
Water Body

(WB) 0.87 0.84 0.85 0.89
Debris Field

(DF) 0.81 0.78 0.79 0.84

Fire Region
(FR)

Overall
(mAP)

0.76 0.72 0.74 0.78

0.81 0.78 0.79 0.84

Inference runs onboard the Raspberry Pi 5 at
approximately 10 FPS during flight tests, confirmed
both in field deployment and in the ROS-Gazebo
simulation environment via the perception ROS node.
Detection accuracy is reported as a per-target detection
rate at an loU threshold of 0.5 under outdoor lighting
conditions, consistent with the model evaluation in
Table 2. It is important to distinguish this
mission-level metric from the dataset-level mAP@0.5
in Table 2: the per-target detection rate (~80 % in
field, 90 % in simulation) reflects whether the UAV
successfully detects and centres over at least one
confirmed instance of a target class within the scan
area, while the mAP@0.5 (0.84 overall) reflects
average precision across all detections on the held-out
test set. The lower field rate relative to simulation is
consistent with reduced inference resolution, variable
outdoor lighting, and partial occlusions not
represented in the test set.

First, pixel displacement is converted into metric
ground-plane offsets using a pinhole camera model
under a locally planar ground assumption. Given the
camera altitude above ground h, horizontal and
vertical field of view (FOVFOV,), and image
resolution (W H), pixel offsets (Aw Av)from the
image center are mapped to ground-plane coordinates
as:

Xy = h-tan (%) -ZAVu, (1)
o) o

The resulting ground-plane offsets are then rotated
into the North—East navigation frame using the UAV
yaw angle pobtained from PX4 telemetry:

|2

Finally, the North—East offsets are converted into
latitude and longitude updates as:

[north] _ [COSlli
east siny

north east
Alat = —,AlOTl =7
Earth REgrtn-cos(lat)

3)

Once a potential target is detected, its location in
the camera frame is converted from pixel coordinates
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to global GPS coordinates using a heading-aware
projection pipeline [3]. Pixel displacement is
converted into metric ground-plane offsets using a
pinhole camera model. Given the camera altitude
above ground h, horizontal and vertical field of view
(FOVx, FOVy), and image resolution (W, H), pixel
offsets (Au, Av) from the image center are mapped to
ground-plane coordinates. The resulting offsets are
rotated into the North—East navigation frame using the
UAYV yaw angle y from PX4 telemetry, then converted
to latitude/longitude updates as given in Eq. (1)—(3).

Prior camera calibration minimizes lens distortion
effects. This lightweight projection pipeline provides
sufficient localization accuracy for low-altitude
autonomous payload delivery, while terrain-aware
altitude correction further reduces projection error
during flight.

The UAV follows a sequential operational
procedure. First, it takes off and executes a
pre-computed, fixed-altitude “lawnmower” scanning
pattern (Fig. 4). This systematic coverage ensures no
area within the survey region is missed, which is
critical for high-confidence disaster zone detection [4].

+1.285e1 Flipped Lawn-mower Path Along Polygon

0.00820

0.00815

0.00810

0.00805

Latitude

0.00800

0.00795

0.00790

—&— Original Polygon (Fence)
~%- Inward Polygon (Buffer)

—— Lawn-mower Path (5m waypoints)
¢ start Point

0.00785

0.00015 0.00020 0.00025 0.00030 0.00035 0.00040 0.00045 0.00050 0.00055
Longitude +7.7441el

Fig. 4. Pre-computed low-altitude scanning path illustrating
waypoint coverage for autonomous target detection.

During the mission, the onboard camera and
LiDAR continuously analyze the environment. A
detection is confirmed only if the confidence score
exceeds a predefined threshold for consecutive frames,
reducing false positives caused by transient visual
artifacts. If confirmed, the UAV temporarily leaves the
pre-planned path to navigate directly over the target
using pixel-to-GPS-derived coordinates. A test
scenario is shown in Fig. 5.

Upon reaching the target, the UAV executes the
payload drop. If the detection proves false, the UAV
resumes its original scanning pattern, ensuring
comprehensive area coverage.
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Fig. 5. Onboard target detection: YOLOv8 identifies
the pool (simulated disaster zone), computes a heading-
aware nudge to center over the target, and signals alignment
("Centered").

3. Terrain Mapping and Navigation

LiDAR range measurements, GPS position, and
PX4 attitude telemetry are fused onboard to construct
a local terrain-undulation map representing the surface
topography of the mission area (Fig. 6). Each LiDAR
return is projected into the world frame using the
UAV’s real-time position and orientation, forming a
local elevation point cloud referenced to mean sea
level. Outliers caused by spurious returns or dynamic
objects are removed using range and height
thresholding [5].

The filtered elevation data are stored as a 2.5D
grid-based terrain map with fixed spatial resolution,
incrementally updated during flight. Rather than
performing full 3D SLAM, the system relies on
continuous GNSS correction and PX4 state estimation
to mitigate drift, enabling reliable terrain
reconstruction in GPS-challenged outdoor
environments while maintaining low computational
load on the Raspberry Pi 5.

The generated terrain map enables terrain-aware
navigation by providing local elevation estimates
along the planned trajectory. During subsequent
passes, the UAV adapts its flight altitude to maintain
safe clearance above mapped terrain, allowing
lower-altitude operation where sensor resolution and
target detection accuracy are improved [6]. Terrain
awareness also directly improves payload delivery
accuracy by accounting for local surface variations at
target locations, ensuring more consistent payload
placement.

4. ROS-Gazebo Simulation Environment

4.1. Overview and Motivation

While Software-In-The-Loop (SITL) simulation
with the PX4 Autopilot provides a valuable baseline
for flight-control validation, it lacks the sensor realism
and environmental fidelity needed to evaluate the
complete perception-navigation-delivery pipeline. To
address this limitation, the system was extended with
a ROS and Gazebo-based simulation framework
providing physics-based UAV dynamics, simulated
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sensor plugins, and configurable disaster-environment
worlds.

Terrain + Tree Canopy Reconstruction From Simulated Sensor Fusion

n...-v.m-v,r.,un ath (i

Fig. 6. Terrain-undulation map generated from fused
LiDAR, GPS, and telemetry data, enabling low-altitude
navigation with improved detection and payload delivery
precision.

The Robot Operating System (ROS) was chosen as
the middleware layer because of its publish—subscribe
communication model, its broad ecosystem of robotics
libraries, and its well-documented integration with
PX4 via the MAVROS package [1]. Gazebo was
selected as the physics engine owing to its strong
sensor plugin support (camera, LiDAR, IMU, GPS)
and its widespread adoption in UAV research [10].
Together, the ROS-Gazebo-PX4 stack provides a
closed-loop simulation where mission logic,
perception algorithms, and flight-control commands
are executed identically to their hardware deployment
counterparts.

4.2. Simulation Architecture and ROS
Node Graph

The ROS-Gazebo simulation stack is organized as
a set of interconnected ROS nodes communicating
over a shared topic graph. The core components are:
(i) the Gazebo simulator, which emulates sensor data
on ROS topics; (ii)) the MAVROS node, bridging
MAVLink messages between PX4 SITL and the ROS
graph; (iii) the perception node, which subscribes to
the simulated camera topic and runs YOLOvVS8
inference; (iv) the terrain-map node, which fuses
simulated LiDAR and GPS topics; and (v) the
mission-manager node, which integrates detections,
terrain data, and MAVROS waypoint commands. The
node graph is illustrated in Fig. 7.

4.3. Custom Gazebo Disaster-Response
Worlds

Three custom Gazebo world models were designed
to replicate representative disaster scenarios

encountered in the field: (i) an urban flood world
featuring low-lying terrain with pooled water regions
constructed from reflective plane meshes; (ii) a
debris-field world with irregular convex-hull mesh
obstacles placed at varying heights and orientations to
stress-test terrain-mapping and altitude-hold logic
under occlusion-heavy conditions; and (iii)) a
wildfire-perimeter world with charred-terrain texture
maps and a particle-system flame model acting as the

visual detection target for the fire-detection
YOLOVS variant.
Gazebo Sim | PX4SITL | MAVROS | Perception Tle\;”"“
Camera/ MAVLink/ | MAVLink | YOLOVS8 LADZII’{ .
LiDAR/GPS FCS —ROS Infer ‘GPS

11l ROS Topic Bus |||

Mission Manager Node
Scan — Detect — Navigate — Drop Payload
Topics: /detections /terrain_grid /mavros/setpoint

Fig. 7. ROS node graph for the ROS-Gazebo simulation
framework, showing topic-level data flow between
simulation, perception, terrain-mapping, and mission-
management components.

Each world includes a simulated iris quadrotor
model equipped with: a downward-facing RGB
camera plugin (640x480 px, 90° horizontal FOV,
15 Hz update rate); a single-beam LiDAR plugin
emulating the TF-Luna (0.2-12 m range, £0.05 m
Gaussian noise); and a GPS plugin with zero-mean
Gaussian noise of 0.5 m standard deviation in the
horizontal plane to replicate outdoor GNSS accuracy.
An IMU plugin provides angular rate and linear
acceleration data at 200 Hz, consistent with the
Pixhawk 4 onboard IMU. All sensor update rates and
noise parameters were selected to match the hardware
platform described in Section 1, ensuring high-fidelity
behavior transfer from simulation to deployment.

The Gazebo camera plugin was configured to
match the field-of-view and resolution parameters of
the hardware camera, ensuring that the same YOLOv8
inference node runs without modification in both
simulation and deployment. The LiDAR plugin range
and noise parameters were tuned to match the
TF-Luna sensor. World construction used the Gazebo
Model Editor and SDF (Simulation Description
Format) files, allowing rapid reconfiguration of
obstacle placement and target visual properties
between experimental runs.

4.4. ROS-Gazebo vs. SITL-Only Workflow
Comparison

Table 3 summarizes a structured comparison
between the SITL-only workflow and the
ROS-Gazebo extended workflow across key
development metrics. The ROS-Gazebo environment
provides higher-fidelity sensor simulation and enables
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end-to-end testing of the perception pipeline, which is
not directly exercisable in SITL. Integration bugs in
the YOLOVS inference-to-waypoint pipeline were
identified and resolved approximately 40 percent
faster compared to the iterative field-test cycle
required with SITL alone. It should be noted that these
workflow efficiency figures are based on developer
observations recorded across the iteration cycles used
during this project, rather than a controlled
experiment; they are therefore indicative rather than
statistically validated.

4.5. Simulation Mission Execution
and Results

The ROS-Gazebo environment was used to
execute a representative set of autonomous mission
runs prior to each batch of field tests. In 20 simulated

missions in the urban flood world, the YOLOvVS
perception node successfully detected the water-body
target in 18 runs, yielding a simulation detection rate
of 90 percent. The two failures were attributed to
view-angle misalignment during the final waypoint
approach, a finding that directly informed an update to
the lawnmower path spacing parameter prior to field
deployment.

The terrain-map node maintained a root-mean-
square altitude deviation of less than 0.8 m relative to
the Gazebo ground-truth terrain surface across all
simulated flights, confirming the accuracy of the
LiDAR-GPS fusion pipeline. Waypoint tracking in the
ROS-Gazebo environment showed a cross-track error
distribution consistent with the MAVROS/PX4 SITL
interface, validating the pymavlink-to-MAVROS
command translation used in the hybrid deployment
workflow. Fig. 8 shows the simulation during an
autonomous urban-flood mission run.

Table 3. Comparison of SITL-Only vs. ROS-Gazebo Simulation Workflows.

Metric

SITL Only

ROS-Gazebo

Perception pipeline testing

Not possible

Full end-to-end

Camera sensor realism

Not simulated

Plugin (640480, FOV 90°)

LiDAR sensor realism

Not simulated

TF-Luna matched plugin

Terrain-map validation

Partial (GPS only)

Full (LiDAR+GPS fusion)

Bug detection speed Baseline ~40 % faster

Mission iteration time Baseline ~15 % reduction
Multi-UAYV support Supported Supported (namespaced)
Setup complexity Low Moderate

5. Communication and Coordination

The proposed system architecture incorporates a
peer-to-peer communication framework designed to
enable reliable, infrastructure-free coordination
between multiple UAVs operating in dynamic
disaster-response environments. Unlike conventional
UAV systems that depend on centralized ground
control stations or cellular networks, the presented
approach leverages Wi-Fi Direct to establish direct
device-to-device links between aerial agents. This

decentralized communication paradigm ensures
operational  continuity in  scenarios = where
communication  infrastructure is  unavailable,

degraded, or completely destroyed, which is a
common occurrence in disaster-affected regions [7].
At the core of the communication layer is a
lightweight message-passing protocol responsible for
exchanging mission-critical data, including detected
target coordinates, UAV state information, and
mission status updates. Each UAV periodically
broadcasts structured data packets containing its
current GPS position, detected disaster-zone
coordinates (if available), associated confidence
scores, and mission-state flags such as scanning, target
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engagement, payload delivery, or return-to-home.
This distributed information-sharing mechanism
enables all UAVs within the network to maintain a
consistent and up-to-date understanding of the
operational environment without requiring centralized
coordination.

Fig. 8. ROS-Gazebo simulation: SITL flight in the urban
flood Gazebo world with the YOLOv8 bounding box
overlaid on the simulated camera feed and the lawnmower
waypoint path active.



Sensors & Transducers, Vol. 272, Issue 1, April 2026, pp. 13-22

To ensure secure and reliable data exchange, the
communication system employs NaCl (Networking
and  Cryptography  Library)-based encryption
techniques [8], which provide authenticated
encryption while maintaining low computational
overhead. This is particularly important for embedded
platforms such as the Raspberry Pi 5, where
computational resources are limited and real-time
performance is critical. The NaCl-based approach
ensures both confidentiality and integrity of
transmitted data, protecting against unauthorized
interception, spoofing, or message tampering.
Furthermore, the lightweight nature of the
cryptographic operations ensures that encryption does
not introduce significant latency, thereby preserving
the responsiveness of inter-UAV coordination during
mission execution.

Although the experimental validation presented in
this work was conducted using a single UAV, the
communication framework has been designed with
scalability and multi-agent coordination in mind. In
the ROS-Gazebo simulation environment, multi-UAV
coordination was validated using ROS namespacing,
which allows multiple UAV instances to operate
concurrently within a shared simulation space while
maintaining  logically  distinct communication
channels. In this setup, two simulated quadrotor UAVs
operating within the same Gazebo world successfully
exchanged detection outputs and mission updates via
shared ROS topics, demonstrating the feasibility of
distributed coordination and real-time data sharing.

In a fully deployed multi-UAV scenario, this
communication architecture enables dynamic task
allocation and cooperative mission execution. For
example, when a UAV detects a disaster zone, it can
broadcast the corresponding coordinates to other
agents in the network, allowing nearby UAVs to adjust
their trajectories, assist in payload delivery, or
reprioritize their scanning patterns. This decentralized
coordination mechanism improves mission efficiency,
reduces redundant coverage, and enhances
responsiveness in time-critical scenarios. Such
collaborative behavior is particularly advantageous in
large-scale disaster environments where rapid
identification and servicing of multiple targets
are essential.

Despite  its  advantages, the  proposed
communication framework has certain practical
limitations. Wi-Fi Direct imposes constraints on
communication range and network scalability,
particularly in  environments with  physical
obstructions, signal attenuation, or electromagnetic
interference. Additionally, as the number of UAVs
increases, bandwidth limitations may impact message
frequency and overall network performance. While
these constraints did not significantly affect the current
study, they represent important considerations for
large-scale real-world deployments.

Future work will focus on enhancing the
communication layer by incorporating more advanced
swarm-coordination strategies, such as distributed
consensus algorithms, adaptive task allocation

mechanisms, and network-aware communication
protocols that dynamically adjust transmission rates
based on link quality. Integration with alternative
communication  technologies, including mesh
networking and long-range radio systems, is also
identified as a promising direction to improve
robustness, scalability, and operational reliability in
complex disaster-response scenarios.

6. Validation and Experimental Results

The system has been validated through SITL
simulations [9-11], ROS-Gazebo extended simulation
(Section 4), and real-world field deployments. The
SITL simulations allowed thorough pre-flight testing
of autonomous navigation, sensor fusion, and mission
sequencing before committing to physical flights.
SITL experiments validated autonomous waypoint

tracking,  perception-triggered  rerouting, and
payload-drop sequencing under nominal GPS
conditions.

A total of 30 fully autonomous test flights were
conducted in outdoor open areas with artificially
introduced disaster cues and controlled obstacles,
assessing payload handling, terrain-aware navigation,
disaster-zone detection, and autonomous
decision-making without human intervention. Key
system-level metrics included 2 kg payload capacity,
25-minute average flight endurance, and ~80 percent
average per-target detection success rate.

Fig. 9. Autonomous test flight demonstrating UAV
maneuverability and terrain-aware navigation during
outdoor field validation.

During field tests, the UAV demonstrated robust
real-time adaptability, autonomously modifying its
pre-planned lawnmower trajectory to navigate directly
over confirmed targets (Fig. 10). In 24 of 30 test
flights, the UAV executed payload delivery within a
+5 m radius of the detected target. In the remaining
6 flights, the system intentionally aborted payload
release due to safety-triggered conditions such as
excessive localization uncertainty, transient false
detections, or wind-induced drift. These cases were
classified as safe mission aborts rather than
deployment failures, highlighting the robustness of the
decision logic and fault-handling mechanisms.
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Fig. 10. UAS route to a confirmed disaster zone
for payload delivery, demonstrating autonomous navigation
and target tracking.

The  terrain-mapping  pipeline  enhanced
operational accuracy by enabling low-altitude flight
with improved sensor resolution. By referencing
real-time terrain undulations, the UAV maintained
safe clearance above obstacles while improving
detection rates and payload delivery precision. The
heading-aware pixel-to-GPS localization pipeline
achieved a mean horizontal target geolocation error of
23 m RMSE in the ROS-Gazebo simulation
environment, evaluated across all 20 simulated
missions using known ground-truth target positions
provided by the Gazebo world model. This figure is
consistent with the expected error budget of a
planar-projection pipeline at 20 m AGL with a+2.5 m
CEP GPS input, and is well within the 5 m payload
delivery radius achieved in field tests. Table 4
summarises the complete system performance metrics
including  both field and  ROS-Gazebo
simulation results.

Overall, the validation results confirm that the
proposed UAS architecture effectively integrates
autonomous sensing, terrain-aware navigation, and
payload delivery into a single operational platform.
The combined use of SITL simulation, ROS-Gazebo
extended simulation, and outdoor field testing
provides compelling evidence of the system’s
reliability = and  operational  readiness  for
disaster-response scenarios. To quantify the marginal
contribution of terrain-aware altitude adaptation, a
controlled ablation was conducted within the
ROS-Gazebo environment. Twenty simulated
missions were executed under each of two conditions:
(i) terrain-aware mode, in which the UAV
continuously adjusted flight altitude based on the
LiDAR-GPS terrain map; and (ii) fixed-altitude mode,
in which the UAV maintained a constant 20 m AGL
barometric hold identical to the SITL baseline. The
results, summarised in Table 5, show that
terrain-aware navigation improved payload delivery
success from 14/20 (70 %) to 18/20 (90 %) in
simulation, reduced mean target geolocation error
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from 3.8 m to 2.3 m RMSE, and increased per-target
detection rate from 80 % to 90 % by enabling
closer-range imaging over undulating terrain. The
temporal confirmation logic (requiring N=3
consecutive detections above threshold) contributed to
reducing false-positive mission diversions: disabling it
in a separate 20-mission run increased false-positive
detections from 2 to 9 events while leaving
true-positive detection rate unchanged.

Table 4. System Performance Metrics.

Metric Value
Total autonomous flights 30
Successful deliveries 24 (80 %)

Safe mission aborts 6

~80 % (I0U>0.5)

Detection accuracy

Payload capacity 2 kg

Avg. flight endurance 25 min

Drop success radius +5m

Flight altitude 20 m AGL

Gazebo terrain RMS err. <0.8 m

Gazebo detection rate 90 % (18/20)
Failure causes Wind, GPS drift, FP
Wind speed (avg.) 2-5 m/s

Ta_lrget geolocation RMSE 2.3 m (horizontal)
(sim.)

7. Discussion

The experimental results demonstrate that the
proposed system achieves reliable autonomous
operation across the full mission pipeline — from area
scanning to target detection, terrain-aware navigation,
and payload delivery — on commodity hardware. The
ROS-Gazebo  simulation  framework  proved
particularly valuable in accelerating the integration
and debug cycle: end-to-end failures in the perception-
to-navigation pipeline were identified in simulation
before committing to field flights, reducing costly
outdoor test iterations.

The 80 percent detection rate observed in field
conditions is consistent with the capabilities of
lightweight YOLOv8 models operating on embedded
hardware at reduced inference resolution and frame
rate. The primary detection failure modes were
transient occlusions and lighting variation, both of
which can be partially mitigated through temporal
confidence filtering as implemented in the current
pipeline. Future improvements to the training dataset
— particularly inclusion of edge-case lighting and
partial-occlusion scenarios — are expected to improve
robustness.

The six safe mission aborts reflect the conservative
design philosophy of the fault-handling logic: the
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system preferentially preserves payload integrity and
UAV safety over mission completion in ambiguous
conditions. This behavior is desirable in
disaster-response contexts where incorrect payload
drops may cause harm. Future work will explore
adaptive confidence thresholds that adjust to
environmental uncertainty estimates derived from the
terrain-map quality metric.

Table 5. Ablation Study: Terrain-Aware vs. Fixed-Altitude
Navigation (ROS-Gazebo, 20 missions each).

Metric Fixed Altitude Terrain-
(baseline) Aware
Payload delivery 14/20 (70 %) | 18/20 (90 %)
success (sim.)
Target geolocation
RMSE (horizontal) 3.8m 23m
Per-target detection o o
rate (IoU>0.5) 80 % 90 %
Fglse-posmve 2 (w/ 2 (w/
diversions (w/ . .
confirmation) / | confirmation) /
temporal 9 (w/o) 9 (w/o0)
confirmation)
The terrain-aware navigation pipeline

demonstrated consistent altitude-hold performance
(RMS error below 0.8 m in simulation) and improved
payload delivery accuracy relative to GPS-only
fixed-altitude approaches. The ablation study
(Table 5) confirms that terrain-aware mode reduced
target geolocation error by 1.5 m RMSE and raised
simulated delivery success from 70 % to 90 %
compared to the fixed-altitude baseline, directly
validating the contribution of LiDAR-GPS fusion to
mission performance. However, the current pipeline
relies on continuous GNSS correction and is not
designed for fully GPS-denied environments.
Extending the system with visual-inertial odometry or
Ultra-Wideband (UWB) ranging as a GNSS fallback
is identified as a priority for future development.

8. Conclusion

This article presents an extended study of a fully
autonomous, modular UAS for rapid disaster-response
missions. The key contributions beyond the
conference version [12] are: (i) a comprehensive
ROS-Gazebo simulation framework integrating PX4
SITL, MAVROS, and custom sensor plugins for
closed-loop mission validation; (ii) three custom
Gazebo world models representing distinct disaster
scenarios; and (iii) a systematic workflow comparison
demonstrating measurable reductions in mission
iteration time and pipeline integration debugging
effort compared to  SITL-only  workflows
(see Table 3).

The system integrates onboard vision-based
detection wusing a custom YOLOv8 model,
LiDAR-assisted terrain mapping, and heading-aware
pixel-to-GPS  localization to enable reliable
low-altitude navigation and targeted payload
deployment.  SITL  simulations, ROS-Gazebo
extended simulations, and 30 fully autonomous
outdoor flights consistently demonstrate 80 percent
detection accuracy and successful payload delivery
within 5 m in 24 of 30 flights.

The key novelty of this work lies in the unified,
fully onboard integration of terrain-aware navigation,
real-time vision-based target localization, and
autonomous payload delivery on a low-cost
computational platform, now validated end-to-end in
a high-fidelity ROS-Gazebo simulation environment.
Future work will focus on cooperative multi-UAV
missions, adaptive scan planning, improved
GPS-challenged operation, and dynamic obstacle
handling in the Gazebo simulation worlds.
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Abstract: Today there is a wide range of different navigation techniques with additional technologies paving the way for more
complex fusion approaches. As the current standard, a combination of Inertial Navigation System (INS) and Global Navigation
Satellite System (GNSS) enhanced with state-of-the-art augmentation services provide high accuracy, global coverage, and an
acceptable baseline robustness. However, its reliance on signal integrity leaves safety-critical applications vulnerable to
spoofing and jamming, while global crises increase the likelihood of such destructive interferences. With self-containment and
high deployment volumes in mind, a lightweight vision-based reference module is proposed as a GNSS fallback for seamless
integration into small Uncrewed Aerial Vehicles (UAVs). Using offline satellite maps and an ensemble of Convolutional
Neural Network (CNN) models, 2D offsets and associated uncertainties are fused through the PX4 autopilot’s on-board
Extended Kalman Filter (EKF). Software-In-The-Loop (SITL) simulations provide first results on the feasibility and real-time
capabilities of the module on a resource-limited platform. Systematic mission parameter variation on terrain data of Virginia
Tech’s Kentland Farm demonstrates the required minimum flight path stabilization capabilities with an R95 accuracy of 4.5 m
to 5.5 m. Even in low-texture environments drift stays bounded, while varying signal loss scenarios reveal current stability
limitations. Driven by the integration concept and initial SITL results, the resulting hardware test platform is presented as the
foundation for upcoming flight testing.

Keywords: GNSS-denied navigation, Vision-based sensing, Cross-view geolocalization.
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Fig. 1. Common accuracy measures in navigation.
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With steady advances in navigation technology —
from celestial navigation, to radio-based systems, to
the latest intelligent approaches — fusion has always
been employed in position estimation. Fig. 2 provides
an overview of navigation techniques based on a
literature review of methods using passive and active

perception modalities. The broadest distinction
between navigation techniques can be made by
absolute and relative positioning, which are usually
combined with each other for complementation, as is
the case for a Global Navigation Satellite System
(GNSS) with an Inertial Navigation System (INS).
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Fig. 2. Overview of navigation techniques.

Despite being self-contained, non-jammable, and
non-radiating, standard INS outputs such as those of
any stand-alone dead-reckoning system for relative
positioning will drift over time due to bias and noise
in the sensed signals and their processing. This holds
true for high-end sensors and low-end sensors alike,
with Fiber-Optic Gyroscopes (FOGs) representing the
standard for what is possible in terms of upper price
and performance, but they will still drift and require
correction information provided by a global position
estimator. Cost differences between low- and
high-quality systems can reach up to five orders of
magnitude, illustrating the economic considerations
for high-volume deployment plans [3].

Building upon advanced INS technology,
vision-based approaches have augmented and even
replaced some conventional systems. Alongside
probabilistic techniques, such as Kalman or particle
filters, optical and feature-based techniques precede
the most recent Artificial Intelligence (Al)-based
relative positioning concepts. Nevertheless, even with
today’s variety of sensors available — such as cameras,
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barometers, radar, or sonar — each of these imposes its
own limitations [4].

In contrast, the spectrum of absolute positioning
techniques stretches from the very first celestial
navigation approaches to the technological extension
of this triangulation concept to global radionavigation,
with satellites following the first ground stations and
both complementing each other in today’s navigation
strategies.

However, GNSS depends entirely on signal
quality, and Fig. 3 illustrates the increased level of
GPS (and other GNSSs) interference today compared
to early March 2022. Therefore, with spoofing and
jamming becoming major concerns for safety-critical
applications, the need for a self-contained GNSS
substitute for absolute positioning has grown and
scene-referenced navigation has been identified as the
most promising class of techniques. Vision-based
approaches with lower hardware cost are suitable as a
lightweight GNSS alternative for absolute positioning
of small Uncrewed Aerial Vehicles (UAVs).
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Level of GPS interference|
Low  0-2%
Medium 2-10%

M High > 10%

(a) March 1, 2022

(b) February 1, 2026

Fig. 3. Level of GPS (and other GNSSs) interference
estimated based on the Navigation Integrity Category (NIC)
subscribed to via Automated Dependent Surveillance
Broadcast (ADS-B) Exchange API.

1.1. Scene-Referenced Navigation

The very first Terrain Referenced Navigation
(TRN) systems, such as Terrain Contour Matching
(TERCOM) and Digital Scene Matching Area
Correlation (DSMAC), were developed during the
Cold War and have been used in GNSS-denied
environments ever since, albeit with varying
relevance. While TERCOM compares an offline
Digital Elevation Model (DEM) to actual radar
altimeter readings and is usually used for en-route
navigation, DSMAC exploits correlation information
of binary images. Consequently, the latter excels on
terrain with less variation in ground elevation but
structured textures present and is favored for final
approach scenarios. Typically, R95 accuracy is
approximately 3 times higher for DSMAC [5, 6].
However, reliable operational specifications for
TERCOM and DSMAC are not publicly available and
reported accuracy values should therefore be treated as
indicative estimates rather than strict performance
guarantees.

Aeromagnetic navigation is formally not classified
as TRN but it is still a field-referenced method with
increasing relevance for global self-contained
operation due to recent advances in Quantum Scalar
Magnetometers (QSMs). These are required to
identify minor anomalies in Earth’s magnetic field
masked by any aircraft’s electromagnetic noise.
However, when expressed in terms of R95 accuracy,
the corresponding radii are more than two orders of
magnitude greater than those for DSMAC or legacy
single-frequency GPS without any augmentation [7].

Substantial advances in Artificial Intelligence
(AI), Machine Learning (ML), and in particular
Neural Networks (NNs), have enabled a variety of
even more powerful scene-referenced approaches,
with the two predominant categories being Template
and Feature Matching (TFM) and Semantic Mapping
and Recognition (SMR). As a high-level cognitive
process, the latter targets content rather than structure
alone, exploiting the available data to a greater extent.

As a TFM approach, cross-referencing processed
RGB images with a DEM using Simultaneous
Localization and Mapping (SLAM) with bundle
adjustment on sufficiently high image quality, a
converted R95 accuracy of less than 1 m is achievable
[8]. Alternatively, using Synthetic Aperture Radar
(SAR) images in combination with the range—Doppler
algorithm, a converted R95 accuracy of approximately
2.5 m has been demonstrated under ideal conditions,
provided that high-resolution SAR reference maps (or
known reflectors) are available [9]. Fusing precise
TRN, a radar altimeter and LiDAR, converted R95
accuracies between 6.4 m and 17.5 m have been
measured for a variety of mission parameters [10].

In the SMR domain, using only a downward-
facing monocular camera, an altimeter and a compass
to compare measurements against open-source vector
maps, a converted R95 accuracy of 10 m has been
reported [11]. Employing object-level geolocalization,
point-matching Convolutional Neural Networks
(CNNs), and pixel-level refinement, a converted R95
accuracy of 0.2 m is achievable under highly favorable
conditions, noting that performance depends on the
evaluation dataset [12].

Table 1 compares a selection of relevant
approaches. Note that, while the accuracy values have
been estimated based on reasonable assumptions, they
do not correspond to the metrics in which performance
was originally reported. More importantly, none of the
techniques have been evaluated under identical
conditions (and rarely even on the same datasets).

Table 1. Converted R95 accuracies assuming an isotropic
Gaussian error with Rayleigh distribution.

Method R95 accuracy in m
Others [8, 9, 10, 11, 12] 0.2-30
GNSS[1, 2] 1.6 -36
DSMAC [6] <20
TERCOM [5] ~ 60
Magnetic anomalies [7] 200 - 800

1.2. Design Approach

Guided by the introduced limitations, the proposed
concept promotes an easily integrable and deployable
module with a high absolute positioning accuracy
threshold to bound drift, uncertainty estimation for
stable Extended Kalman Filter (EKF) fusion, and
real-time capability on a small UAV platform with
limited computational resources. The system scales to
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different mission scenarios, maintains reasonable
robustness, and uses simple, inexpensive sensors, as
well as satellite imagery of only moderate resolution.

With nearly 11000 small commercial satellites
(£ 1200 kg) launched between 2015 and 2024, not
only has communication technology advanced, but the
commercial availability of high-resolution satellite
imagery has also increased significantly [13]. Planet
Labs PBC alone launched more than 500 satellites
during this period, and its SkySat constellation of
15 units can revisit almost any location up to ten times
per day [14]. Its Dove fleet provides near-daily
coverage of the entire globe [15].

Only through these recent trends providing
multiple image updates of the same location every day
can the introduced referencing method become a
realized concept for future navigation strategies.
Therefore, success ultimately depends on providers
like Planet Labs PBC or BlackSky (another smaller yet
highly relevant provider) supplying new data at high
frequencies and reasonable costs, with current trends
being very promising [16, 17].

2. Methodology & Modeling

The reference module is designed to directly
integrate with the widely accepted and highly
compatible PX4 open-source autopilot and its built-in
EKF2, which exchanges information with the
reference module via ROS2. Fig. 4 shows the
methodology blueprint of the reference module. With
an actively gimbaled, north-aligned RGB camera
providing an observation, the observed scene is then
compared to a window of the same extent as the
camera frame extracted from a reference satellite map
based on the last EKF position estimate. Next, both
images are preprocessed and passed to the estimator
ensemble, which outputs a mean 2D offset p,,
alongside its covariance X,, . Using the built-in
VehicleOdometry topic, the EKF2 on the PX4 fuses
the probabilistic estimate and ensures correct
allocation in time using the reported timestamps.
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T4 TR T Estimator
Input---p_ Ny camera B - Ensemble Pxa

-

gl Offline EKF
&E'-—l Database

Extract &

- Qutput

2=

Innovation
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Fig. 4. Methodology blueprint.

2.1. Design Requirements
The module is designed to provide absolute

position reference not only when flying across
geometrical human-made structures, but also when
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flying across organic textures. However, any extreme
alteration of the terrain or substantially compromised
visibility (bright reflections, dark shadows, changed
vegetation, clouds, fog, smoke) will put mission
success at risk. The employed model ensemble is
therefore specialized to the defined mission settings —
in particular the type of terrain — and a broader validity
range can only be established through ensemble
pooling. Since the system is equipped only with an
RGB camera, nighttime operations are also currently
not supported. Nevertheless, other ranges and
resolutions of the electromagnetic spectrum alongside
additional filtering techniques are to be explored,
potentially leading to extended capabilities in
the future.

Since the cruise segment usually dominates the
mission profile, it is the most relevant phase for
navigation problems. Therefore, the initial reference
module explicitly excludes any radical UAV
maneuvers and targets a constant altitude Above
Ground Level (AGL) of 120 m, providing sufficient
spatial context for absolute positioning. The only
change in flight conditions that will be further
investigated within the scope of this work are wind
gusts affecting gimbal stability. A conservative
propagation percentage of 50 % is assumed for
simulation leading to slight image out-of-plane
distortions from changes in pitch and roll that are
modeled using a small-angle approximation. These
changes are typically below 5°, with occasional
rotations up to 7°. All other effects are neglected. This
approach ensures a minimum level of robustness under
nominal flight conditions, but more variation during
training can later enable true adaptability to greater
AGL fluctuations or additional effects from a violated
cruise flight condition.

Another aspect of the reference module to be
closely monitored is the data used for training,
currently limited to 9 satellite image sources during
this proof-of-concept phase. The chosen sources and
the ones thereby excluded determine the strengths and
limitations of the employed models. Therefore, it is
crucial to acknowledge the inherent bias from data
availability and understand its effects on performance
with varying terrain data during testing. Additionally,
constraints such as overcast weather or satellite
constellation limitations during data acquisition are
two very immediate factors to be aware of.

Initial testing is conducted in Software-In-The-
Loop (SITL) simulation before moving to the
hardware stack for flight testing under real-world
conditions. These first results provide the baseline for
the following compatibility aware hardware
adjustments but should at the same time be treated as
highly preliminary — in particular as regards latency
evaluation. EKF2 accepts signals as old as 1000 ms,
allowing for seamless SITL testing without
optimizing, but a translation from Python, used for fast
prototyping, to another more efficient language, such
as C++, may be necessary to meet the 10 Hz target data
rate for final deployment.
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2.2. Data Sampling

A total of six satellite images of Virginia Tech’s
Kentland Farm were selected based on its visual
correspondence to the test mission from a pool of
9 images (Fig. 5) provided by BlackSky [18]. While
the reference satellite map is selected to reflect the
latest changes in terrain (1), additional sources are
identified with training convergence in mind but still
allowing for anticipated fluctuation in lighting
conditions (2-4). At the same time, robustness is
maintained by also including more significant
vegetation and foliage changes (5, 6).

Overall, this yields a 200000-sample dataset of
paired satellite windows and surrogate camera frames,
downsampled from 1 m to 3.8 m per pixel for low-pass
filtering and converted to greyscale. Within the
defined sampling domain — enabling a later cross-area
evaluation — window centers and associated offsets are
randomly chosen. Offsets are bound to 10 m (8.3 %
of the frame size) on both Cartesian axes to optimally
use the limited complexity of the CNN.

Fig. 5. Raw satellite images sorted by date. Blue labels
show low vegetation coverage, and green labels show high
vegetation coverage corresponding to seasonal change.

2.3. Gaussian Model

The individual models are trained following a
standard supervised curriculum learning approach,
with the first 10 epochs training only the means using
the mean model, and the next 30 epochs extending the
output to uncertainties using the Gaussian model and
a custom Negative Log Likelihood (NLL) loss. Fig. 6
shows the overall high-level architecture.
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Fig. 6. CNN architecture.

The architecture’s overall simplicity allows a
straightforward  interpretation of performance,
representing a solid baseline for the future
implementation of more advanced structures and
optimization of estimate quality.

An additional calibration term enforces the
average squared Mahalanobis distance m? to remain
close to 2 with the objective of well-scaled uncertainty
coverage and Fig.7 shows the Cumulative
Distribution Function (CDF) of m?2, representing the
probability of the value being less than or equal to a
given threshold. The empirical curve computed from
the validation data generally follows the theoretical
distribution, indicating that the estimated uncertainties
have the correct order of magnitude. Generalization of
calibration must later be assessed on the test data.
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Fig. 7. Calibration curve of the Mahalanobis distance
squared m? of a typical training run.

2.4. Estimator Ensemble

To constitute the estimator ensemble, 3 separate
CNN models are trained on the same dataset but with
different sample shuffling, so that the variance across
their predictions X, provide an inexpensive estimate
of systematic uncertainty from model disagreement.
This component can then be combined with the
average of the stochastic uncertainty X, of all models
M to form the total effective covariance:

z'eff,Ax = fo +E;,L4x9 (1)

with
fo = ﬁVI: 1 ZAx,i: 2
and

zqu = %E{VI: 1(”Ax,i - l_‘Ax)(ﬂAx,i - ﬁAx)T (3)

The diagonal elements of the covariance ultimately
guide EKF updates and signal fusion on the PX4.
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Although systematic uncertainty is already
modeled, there remains the risk that all models in an
ensemble may share the same bias. This results in an
unreasonable estimate that, in turn, produces large
innovations within the EKF2. To safeguard against
such scenarios and maintain filter consistency, an
innovation-based covariance inflation is applied, with
the normalized innovation test ratios 7, and t, fed
back into the reference module. The ratios per axis are
calculated from the innovation v, describing the
disagreement between EKF motion prediction and the
estimator ensemble output, and the innovation gate y.
The latter is an integer defining the acceptable
multiples of o (eq. (4)) and is set to 5 — the PX4
default value.

v2

; “

2
v2o;}

T, =

When these ratios become excessively high,
Z o ax 18 inflated by a factor A, as defined in eq. (5).
This adaptive mechanism enhances numerical stability
and preserves statistical consistency. Ideally, these
ratios remain below 0.5. Values exceeding 1 indicate
potential overconfidence of the estimator and lead to
the rejection of the measurement.

A = 14+ max(0,Tpe, — 0.5), (5)
with
Tmax = maX(Tx'Ty) (6)

This logic has an intuitive implication: Within a
single update step, substantial disagreement is
tolerated only when uncertainty is high. Nevertheless,
it does not prevent destabilization when motion
prediction and estimator output are close to each other
but both wrong.

The flowchart in Fig. 8 summarizes the estimator
ensemble  subprocess, outlining the  most
important steps.

o ;

Extract satellite window and Compute average of the
camera surrogate frame means and variances

v v

Run 3 models to get mean Compute variance of the
offset estimates and means for systematic
uncertainty uncertainty
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Inflate covariance based on
Valid innovation test ratios
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]

1

1 Reassemble output of
v means and total variances

<>

Fig. 8. Flowchart of the estimator ensemble subprocess.
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3. Simulation Results

For the systematic evaluation of the reference
module, real-time SITL simulation with the X500
Quadrotor model in Gazebo Harmonic is performed on
the Seeed Technology reComputer J4012, which is
based on the NVIDIA Jetson Orin NX 16 GB module
[19]. A dedicated geo-mosaic of Kentland Farm
together with its corresponding DEM for relief
modeling (virtual object displacement) constitutes the
terrain data for simulation. This allows for a simulated
camera view for a variety of mission scenarios
(Fig. 9). The raw data was collected using a SenseFly
eBee fixed-wing mapping drone.

(b) DEM

(a) Geo-mosaic image

Fig. 9. Geo-mosaic and associated DEM for camera
simulation during SITL testing.

SITL testing starts with an open-loop reference
mission, assessing the reference module’s
performance compared to ground truth but still using
GNSS for positioning. The reference is then modified
step by step to explore the following modifications:
Loop closure (GNSS disabled);

Mission location (cross-area);
Linear flight path geometry;
Wind gust exposure;

Signal loss:

a. Linear w/ wind;

b. Linear w/o wind;

c. Circular w/o wind.

This process identifies relevant trends and
examines robustness of the proposed reference module
by better understanding its strength and limitations.
Fig. 10 shows the in-area reference mission, with at
least 75 % of the terrain covered by pastures and
farmland. The Ground Control Points (GCPs) indicate
the centers of the 200 m sampling radii for the
employed dataset. As for all subsequent variations, the
ground speed is set at 5 m/s.

The statistics in Fig. 11a demonstrate a cumulative
R95 accuracy of 4.7m along the course of the
reference mission, including the spike about 400 s into
the flight. Given the final resolution of 3.8 m, the mean
bias of 1.2 m stays in the sub-pixel range. At the same
time, the coverage statistics reveal the reference
module’s constant overconfidence on unseen data.
There is a significant under-coverage compared to the
expected percentages (hereafter denoted exp) for all
three bands and Fig. 11b shows the sudden
disagreement between the EKF2’s prediction and the
external position estimate after a series of lower

SR W=
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innovation test ratios. However, test ratios stay within
a healthy regime throughout the mission.

Fig. 10. Route of the reference mission. GCPs indicate
the centers of the 200 m sampling radii for the employed
training dataset.

3.1. Loop Closure

When disabling GNSS and thereby closing the
control loop, R95 accuracy declines, with a value of
5.1 m for the selected run. This represents an average
scenario, but results vary by approximately 0.5 m
across different runs.

As anticipated, being a function of the ground
textures, coverage is almost identical to the reference
mission. Although the noisy estimator outputs induce
frequent deviations from the target, the position
estimate remains stable and within the indicated
accuracy. Fig. 12 shows a typical flight-path anomaly
caused by noisy estimates. The blue band indicates the
standard deviation obtained by projecting the effective
covariance ¢ rr 2, onto the unit vector perpendicular
to the trajectory. It illustrates that while the estimator
tracks the overall trend, the 10 band does not provide
sufficient uncertainty coverage.
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(a) L2 offset of the estimated position with respect to the truth. The blue band around the estimator represents the radial
standard deviation obtained by projecting the effective covariance X 4, onto the offset direction unit vector
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Fig. 11. Time metrics for the reference mission.

Computing the relevant ground truth statistics,
Fig. 13a uncovers the cause of drift at GCP 12 (400 s
into the flight) for the reference and the loop-closure
mission: there is a significant bias in the negative
x-direction from training-to-truth inconsistency.

Although Fig. 1la earlier revealed significant
under-coverage, Fig. 13b now shows that the squared
Mahalanobis distance m? has the correct order of
magnitude in most regions, which is a very promising
tendency in the data.
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Fig. 12. Flight path anomalies for the loop-closure mission.
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3.2. Mission Location

While all simulation is conducted as an
out-of-sample test on unseen data, the alternate
location additionally represents a cross-area
evaluation on a region that contains mostly sections
the employed models have not been trained on. In
contrast to the reference mission, this mission leads
across forests and has a tree coverage of 20 %, with
the most challenging part being the continuous nature
of the relevant passage. GNSS is disabled (as for all
missions except for the reference mission).

(b) Mean squared Mahalanobis m? (exp 2)

Fig. 13. Ground truth statistics for the reference mission, generated by performing repeated Monte Carlo simulations
of the estimator ensemble on discrete grid cells across the geo-mosaic. Grid resolution is 60x60 m, with 30 runs per cell
and a maximum offset of 5 m for regularization.

Fig. 14 illustrates the UAV’s behavior at the
alternate mission location. After a stable flight, only
showing the typical anomalies, a significant and
persistent disagreement between the truth and the
estimate begins to manifest up to a destabilization.

With the L2 offset Fig. 15 illustrates the gradual
unfolding of the destabilization in the time domain.

The 1o-band indicates a generally larger reported
uncertainty over the forest region, resulting in lower
innovation test ratios and smaller updates of the
motion-predicted position. Consequently, the EKF2
leans more heavily on these predictions and becomes
overconfident, with the destructive divergence
appearing around 370 s into the flight. During this
phase, the motion model and estimator ensemble
output agree with each other while both being wrong.

While the models still perform well — even in
previously unseen areas — if similarity is provided, a
significant inconsistency for an extended period will
break the EKF logic and therefore induce a high risk
of destabilization (Fig. 16).

3.3. Linear Flight Path

Changing the flight path geometry of the mission
could be nontrivial, since a straight line requires less
control effort than a continuous circle. However, with
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the PX4 already being a highly optimized autopilot
with a sophisticated cascade control architecture, the
flight path geometry doesn’t affect the performance of
the reference module for a continuous position signal
[20]. Later investigation shows that it becomes
relevant for a signal loss scenario.
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Fig. 14. Destabilization across forest.

3.4. Wind Gust Exposure

For a robust system, wind should only have a
minor influence on its functionality. Wind gusts
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represent one of the most challenging scenarios as they
can have a significant impact on the flight state —
particularly on the pitch and roll of the quadrotor

model. These dynamic attitude changes must not
compromise the output quality of the estimator
ensemble under nominal flight conditions.
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Fig. 15. L2 offset of the estimator relative to the truth for the alternate mission location.

Fig. 16. Mean squared Mahalanobis m? for the alternate
mission location (exp 2).

Despite the actively controlled gimbal being part
of the system design, strong gusts may still impose a
real risk. Therefore, a conservative propagation
percentage of 50 % is assumed for simulation and
slight image distortions from changes in pitch and roll
are modeled using a small-angle approximation. These
changes are typically below 5°, with occasional
rotations up to 7°. Yaw is assumed constant.

Gazebo Harmonic has limited aerodynamic
modeling capabilities compared to Classic (end of life
in 2025), so the included WindEffects plugin is
empirically tuned in a way that simulates a realistic
wind gust scenario for a small UAV. Starting from a
7 m/s constant wind baseline, strong gusts are induced.

It shows that high-frequency fluctuations of the
position observation caused by wind gusts are
absorbed by the noise of the estimator ensemble itself
and therefore do not compromise the reference
module’s estimate quality.

3.5. Signal Loss

Undetected signal loss or skipped measurements
over extended periods pose potentially catastrophic

consequences for flight stability and mission success.
Although PX4 will initiate an auto-land once a missing
external position estimate is detected, it will continue
flying if the signal appears valid. This scenario is
simulated with a 10 s blackout and a corresponding
estimate freeze. Fig. 17 shows the behavior without
wind and with additional wind gust exposure.
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While the system generally destabilizes under
wind-gusts conditions, even on a linear flight path, it
has a high likelihood of recovering when no gusts are

present. On a circular flight path without wind, the
UAV is less likely to recover after a signal loss,
although it is possible as captured in Fig. 18.
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Fig. 18. Time metrics for signal loss after 50 s on the circular path without wind.

The notable spike in the y innovation test ratio
indicates the estimator ensemble having regained a
valid input signal. However, the EKF still rejects it due
to its magnitude. Once innovation-based covariance
inflation takes effect, the filter accepts the estimator
outputs again, and PX4 regains control.

4. Future Test Design

Overall R95 accuracy for the different test cases
ranges from 4.5 mto 5.5 m, with flights across distinct
human-made structures typically improving accuracy
by about 50 %. At the same time, ground truth
evaluation suggests that despite performance variation
by terrain, the estimator ensemble’s baseline
uncertainty has the correct order of magnitude to
provide long-term EKF consistency.

While additional ablation studies are still to be
conducted, it shows that using an ensemble instead of
a single model is a promising approach, especially for
distinct textures (Fig. 19). However, extended forest
coverage imposes a high risk of destabilization
without further measures taken. Prior automated
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terrain classification and specialized CNN models
could improve coverage in more complex regions.
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Fig. 19. Coverage overview for a single model
and the estimator ensemble.
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For future testing, instead of looking at a realistic
mission scenario with heterogeneous terrain,
individual ground textures should be evaluated by
simulating test missions on homogenous terrain, with
each simulation using a model ensemble solely trained
on representative samples. Together with stronger
out-of-distribution testing, this would allow for a
systematic performance evaluation by terrain,
therefore providing the foundation for purposefully
increased model and model ensemble complexity.

Additionally, the reference module’s current
design does not provide any global search — as
opposed to GNSS allowing full localization at any
point in time. With the proposed basic CNN
architecture, results are easier to interpret but the
module has a very limited receptive field of £10 m,
providing a drift-bounding reference for absolute
positioning only when a rough initial guess is available
for reference. Therefore, future test design should
evaluate a cascade approach with sequential focusing
of the receptive field, thereby refining the search.
Visual Transformers (ViTs) could be used for an
upstream global search instead of traditional CNNs.

Although closed-loop flight tests had not been
performed at the time of article submission, the Tarot
T960 hexacopter platform was selected as the base for
integrating the rest of the hardware system for
Hardware-in-the-Loop (HITL) simulation and future
flight tests, as shown in Fig. 20. It provides a payload
capacity of about 4 kg and flexible mounting options
on the frame are available for adding additional
devices such as computers, radios, and sensors.

Fig. 20. The integrated Tarot T960 with camera payload
and computing platform.

The Tarot’s six brushless motors are controlled by
a PixHawk Cube Black (Fig. 21) running the latest
stable PX4 version 1.16.0, the exact same version used
for SITL evaluation. It connects to the Electronic
Speed Controllers (ESCs) for commanding the motors
based on its control inputs or preplanned autonomous
mission.

With an observed loop rate of 5.7 Hz on average
(min 3 Hz, max 10 Hz), the target data rate of 10 Hz is
not currently achievable. Since model inference alone
takes about 25 ms per cycle, a transition to the
Graphics Processing Unit (GPU) and from Python to
embedded C++ cannot be the only modification. The
NVIDIA Jetson Orin AGX 32GB is selected to replace
the NVIDIA Jetson Orin NX 16 GB as an enduring
main computing platform. The Orin AGX consumes

up to 40W while delivering up to 200 TOPS of
processing power, compared to 157 TOPS available in
the Orin NX 16GB [29]. The Orin AGX is connected
to an Auvidea X230 carrier board, providing the
required mechanical, electrical, and communications
interfaces for integrating into the Tarot (Fig. 22).

Fig. 22. Auvidea X230 carrier board with Orin AGX [22].

The carrier board connects to the PixHawk Cube
Black over a standard serial connection and to the
Tarot’s main camera sensor over gigabit ethernet. An
additional code and language optimization might still
be necessary to minimize the overhead from statistical
computations of the model ensemble.

Instead of just using an RGB camera, Infrared (IR)
could be used for nighttime missions and polarization
information could be exploited to improve vision in
foggy scenes [23, 24]. The latter will be implemented
in future testing, with the primary sensing input being
a LUCID Vision Phoenix PHX050S1-QC polarimetric
camera. The camera contains a S5SMP Sony
IMX264MYR CMOS sensor, which is a color sensor
that has an array of micro-lenses with linearly
polarizing filters on each 4-pixel super-pixel (Fig. 23).
It is powered either over its gigabit ethernet connector
via PoE or directly via DC voltage.

A custom camera driver has been written using the
LUCID Vision Software Development Kit (SDK) to
connect to the camera, configure its acquisition
parameters, and produce a standard ROS2
image interface.

While SITL simulation shows that gust-induced
fluctuations in pitch and roll of less than 7° are
tolerated (max 3 % pixel shift), in-plane camera
variation from yaw imposes a real challenge. The
ensemble is not trained on off-axis distortions.
Therefore, to provide a stable observation, the camera
is mounted to a 3-DOF HDAIr Studio MR-S2 gimbal
keeping the sensor north-aligned and pointed
downwards in the nadir direction during typical flight
maneuvers. The gimbal is preconfigured which
removes any need for active external command and
control of the gimbal.
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Fig. 23. Sony IMX278 Polarization Sensor [25].

Alternatively, an orthorectification algorithm
could be a cost-effective gimbal replacement for a
future flight stack and has been proven feasible in past
research [26]. Nevertheless, to ensure robustness
against long-term magnetometer inaccuracies, an
additional yaw Degree Of Freedom (DOF) must be
included in the training of the models themselves.

Like in SITL simulation, all communication
between the PX4 and any external nodes is established
through the micro Unified eXtensible Resource
Coordination Entity Data Distribution Service
(uXRCE-DDS) as illustrated in Fig. 24.
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Fig. 24. PX4/R0OS2 link over uXRCE-DDS [27].

5. Conclusion & Outlook

While dynamically changing terrain such as tree
covered regions is identified as a major challenge, the
proposed reference module can still effectively bound
drift when flying across low-texture farmland and
pastures. The overall R95 accuracy stays between
4.5 m and 5.5 m and the squared Mahalanobis distance
has the correct order of magnitude for most of the test
terrains. Features persisting across training and truth
are the fundamental precondition. However, a
systematic classification of terrain-performance
relationship is required to push the reference module
towards its full potential and boost robustness of
uncertainty coverage on unseen data. Additionally,
only an upstream global search would transform the
current module to a full GNSS fallback. Constrained
computational efficiency and sensitivity towards yaw
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must be addressed as well. Comprehensive
benchmarking against alternative  techniques,
additional ablation studies, and larger datasets for
training and testing are required to further substantiate
the results and identify potential improvements.

Initial integration tests of the Tarot T960 base
flight platform, Orin computing system, camera sensor
and gimbal, camera driver, and PX4 communications
have been completed, with short test hop flights
successfully executed to verify the overall stability of
the mechanical and electrical integration of the
payloads. The next integration step is to close the loop
with the reference module providing absolute position
data in real time to the PX4’s EKF2. This will enable
iterative experiments with actual flight and sensor
data, as well as evaluation and extension of the results
from SITL simulations completed thus far.
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Abstract: Electric unmanned rotorcraft are increasingly considered for aerial mobility applications, but their performance is
limited by onboard energy storage, making energy efficiency a critical design consideration. This study investigates the effects
of rotor speed scheduling and trajectory optimization on total mission energy consumption for a hover—ascent—cruise—descent
profile. A mission-based energy model is developed to estimate rotor power and cumulative energy across all flight phases. A
sequential optimization framework is adopted, in which rotor speed optimization is first performed to determine a
phase-dependent rotor speed schedule, followed by trajectory optimization conducted under a fixed rotor speed profile obtained
from the preceding stage, with only trajectory parameters allowed to vary. A joint optimization is then evaluated to assess the
integrated effect of both strategies. Results show that rotor speed optimization reduces energy by 21.85 %, while trajectory
optimization achieves a larger reduction of 24.99 %. The joint optimization yields the lowest energy consumption, with a total
reduction of 25.01 %, providing only a marginal improvement over trajectory optimization. These findings indicate that
trajectory design is the dominant contributor to energy savings, while rotor speed scheduling offers complementary benefits
for improving rotorcraft endurance.

Keywords: Rotor speed scheduling, Trajectory optimization, Energy consumption, Energy-efficient flight, Electric rotorcratft,
UAV, Mission energy optimization.

1. Introduction

This article is an extended version of the
conference paper presented in [1], where a preliminary
version of this work was introduced, including the
staged optimization framework and initial simulation
results. The present work includes additional analysis,
expanded methodology, extended results, and deeper
discussion of the coupled effects between rotor speed
scheduling and trajectory optimization.

The methodology is further refined through the
formulation of a clearly defined sequential
optimization framework, in which rotor speed
optimization is performed prior to trajectory
optimization using a fixed rotor speed schedule, with
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only trajectory parameters allowed to vary. In addition, the
work includes expanded parametric analyses,
improved figure presentation, and a more
comprehensive comparison of energy consumption
across rotor speed, trajectory, and joint optimization
strategies. The results are also critically reassessed to
account for numerical sensitivity and modeling
limitations, providing a more rigorous evaluation of
the relative contributions of each optimization
approach.

Unmanned aerial vehicle (UAV) electric rotorcraft
are gaining increasing attention in both civil and
military aerospace applications due to their potential
for reduced emissions, lower operating costs, and
quieter operation compared with conventional fuel
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powered platforms. These advantages have made
electric vertical takeoff and landing (eVTOL) vehicles
and unmanned rotorcraft particularly attractive for
emerging applications such as urban air mobility,
infrastructure inspection, environmental monitoring,
and short-range transportation [2, 3]. Despite these
benefits, the operational capability of electric
rotorcraft remains strongly constrained by the
relatively low energy density of current battery
technologies. As a result, improving mission energy
efficiency has become a critical research challenge in
the design and operation of electrically powered aerial
vehicles [4].

The energy consumption of a rotorcraft mission is
determined by a combination of aerodynamic,
propulsion, and flight mechanics factors that vary
across different flight phases. Hover and climb
segments typically require high induced power, while
cruise flight is dominated by parasite drag and forward
flight aerodynamic effects [5, 6]. Consequently, the
total mission energy demand depends not only on the
rotor performance characteristics but also on the
trajectory followed during the mission. Operational
parameters such as rotor rotational speed, flight
velocity, and climb or descent rates can significantly
influence the power required to sustain flight.
Optimizing these parameters therefore offers a
practical pathway for improving rotorcraft endurance
without major hardware modifications.

One approach that has received considerable
attention is rotor speed scheduling. Variable rotor
speed operation allows the rotor to operate closer to its
optimal aerodynamic efficiency under varying flight
conditions. Higher rotor speeds may be beneficial in
hover or low speed flight, while lower rotor speeds
during cruise can reduce profile power and mechanical
losses. Previous studies have demonstrated that
adaptive rotor speed control can reduce power
consumption and improve endurance in both
conventional helicopters and electric rotorcraft [7-9].
However, rotor speed optimization alone does not
account for the influence of the mission trajectory on
aerodynamic loading and overall energy demand.

Another important strategy for improving energy
efficiency involves trajectory optimization. By
adjusting parameters such as cruise velocity, climb
rate, and descent rate, rotorcraft can operate closer to
aerodynamic conditions that minimize power
requirements. Efficient trajectory planning can reduce
unnecessary altitude changes, avoid unfavorable
environmental conditions, and improve overall
mission energy performance. Previous work has
shown that routing strategies that consider wind
conditions and energy-efficient path planning can
significantly reduce the energy required to complete
UAYV missions [10].

Although rotor speed scheduling and trajectory
optimization have each been studied independently
[11-13], the interaction between these two control
strategies has received comparatively less attention.
Rotor speed directly influences rotor aerodynamic
efficiency, while trajectory parameters determine the

aerodynamic loading experienced during flight.
Because these variables are inherently coupled,
optimizing them independently may not fully exploit
the potential for mission energy reduction. In
particular, it remains unclear to what extent rotor
speed variation continues to provide benefits once the
trajectory has already been optimized.

The objective of the present study is therefore to
develop a mission-based energy model for electric
rotorcraft covering hover, ascent, cruise, and descent
phases. Using this model, three optimization strategies
are implemented and compared, namely rotor speed
optimization with a baseline trajectory, trajectory
optimization using the rotor speed schedule obtained
from the previous stage, and joint optimization in
which both rotor speed and trajectory parameters are
adjusted simultaneously. The results are analyzed to
quantify the relative contribution of each strategy to
mission energy reduction and to identify the dominant
factors influencing rotorcraft energy efficiency.

2. Literature Review

Research on rotorcraft energy efficiency has
primarily focused on three key areas, namely
aerodynamic modeling of rotor performance, rotor
speed control strategies, and trajectory optimization
for UAV missions. These aspects are closely
interconnected, as energy consumption depends not
only on rotor aerodynamics but also on how the
vehicle is controlled and operated along its flight path.
The following sections review the main developments
in each of these areas.

2.1. Aerodynamic Power Modeling

Early investigations into rotorcraft power
consumption focused on the development of analytical
models for estimating rotor aerodynamic performance.
Momentum theory and blade element methods have
been widely used to estimate induced, profile, and
parasite power contributions during different flight
conditions [5, 6]. These models form the foundation
for predicting rotorcraft energy consumption during
hover and forward flight. Subsequent studies
incorporated additional aerodynamic effects such as
rotor inflow dynamics, blade drag characteristics, and
forward flight performance, enabling more accurate
estimation of rotorcraft power requirements across
complete mission profiles.

2.2. Variable Rotor Speed Operation

Several studies have investigated the benefits of
variable rotor speed operation. Traditional helicopters
typically operate at nearly constant rotor speeds to
simplify control and maintain stable aerodynamic
conditions. However, advances in electric propulsion
systems and motor control technologies have enabled
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more flexible rotor speed management. Adjusting
rotor speed according to flight conditions can reduce
power consumption by allowing the rotor to operate
closer to its optimal aerodynamic efficiency [7-9]. In
[14], a trajectory tracking control method for a
helicopter UAV based on a kinematic model and
feedback linearization was proposed. The controller
adjusts forward velocity to improve tracking
performance while reducing energy expenditure. Such
studies demonstrate that rotor speed management can
play an important role in improving UAV
energy efficiency.

2.3. Trajectory Optimization

Another important area of research involves
trajectory optimization for minimizing UAV energy
consumption. Trajectory planning methods aim to
reduce unnecessary altitude variations, minimize
aerodynamic  drag, and exploit favorable
environmental conditions.  Although trajectory
optimization has been extensively studied for fixed
wing UAVs [15-17], these methods cannot be directly
applied to rotorcraft systems because rotor power
requirements depend strongly on rotor aerodynamic
loading and induced velocity effects. For rotorcraft
UAVs, [18] proposed a control framework based on
Model Predictive Control (MPC) that operates in
real-time, allowing UAVs to adapt their trajectories
dynamically while minimizing altitude variations and
travel distance.

More recent studies have incorporated
environmental wind effects into trajectory planning. In
[10], realistic urban wind fields were generated using
the Parallelized Large-Eddy Simulation Model
(PALM) and integrated into an enhanced A-star search
algorithm for UAV trajectory optimization. The
results demonstrated that exploiting wind information
during path planning can significantly reduce energy
consumption compared with conventional shortest
path approaches. Similarly, [19] proposed a planning
framework based on an energy map that evaluates
energy requirements of UAV components within a
three-dimensional (3D) environment and uses
heuristic graph search algorithms to determine energy-
efficient trajectories. In [20], energy-efficient
trajectory planning for a quadrotor UAV was
formulated as an optimal control problem using a
power loss model that accounts for rotor speed and
acceleration.

2.4. Research Gap

Despite these advances, most existing studies
optimize either rotor speed scheduling or trajectory
design independently. However, because rotor speed
influences aerodynamic efficiency while trajectory
parameters determine aerodynamic loading during
flight, these two mechanisms are inherently coupled.
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Understanding their interaction is therefore essential
for identifying effective strategies to reduce rotorcraft
mission energy consumption. To address this
limitation, the present study evaluates rotor speed
scheduling, trajectory optimization, and their joint
implementation within a unified mission-based energy
framework.

3. Methodology

3.1. Simulation and Optimization Framework

The methodology presented in this work builds
upon the framework introduced in the conference
paper [1], while extending it through a more
comprehensive optimization formulation and a
detailed analysis of the interaction between rotor speed
scheduling and trajectory design.

The simulation workflow integrates
MATLAB/Simulink for supervisory scheduling and
command shaping with FLIGHTLAB’s nonlinear six
degrees of freedom (6DoF) rotorcraft model to capture
high fidelity flight dynamics and aerodynamics. The
combined environment enables consistent evaluation
of rotorcraft performance under varying control
strategies.

Mission simulations generate time-series outputs
including altitude, airspeed, vertical speed, rotor
speed, power consumption, and cumulative energy.
These outputs are interpolated to a common time base
to allow direct comparison across different
optimization scenarios. An overview of the
methodology workflow is shown in Fig. 1.

Mission Specification
(Hover - Ascent - Cruise-Descent)

I

Rotary-Wing Simulation Model
(FLIGHTLAB MATLAB/Simulink)

i —
§

®

!

Trajectory Optimization
Framework

Baseline Simulation

Rotor Speed Scheduling Model
(Adaptive Rotor RPM)
e {Speed & Altitude Control)
| - q
+
Joint Optimization Framework

(Fixed Trajectory & RotorSpeed)

S

(Rotor Speed & Trajectory)

I [}

Comparative Performance Analysis Final Evaluation & Ranking
(Phase-wise Energy Evaluation)

(Total Energy, %4 Savings)

Fig. 1. Optimization framework for rotor speed
and trajectory design (adapted from [1]).

3.2. Mission-Based Energy Modeling

A mission-based energy modeling approach is
used to evaluate rotorcraft power consumption across
different flight phases, including hover, ascent, cruise,
and descent. The model captures the variation in
aerodynamic and propulsion requirements across
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these phases and enables estimation of cumulative
electrical energy consumption over the mission
duration.

Total mission energy is computed as the time
integral of electrical power:

E(tena) = ?loofotend P.(t) dt, (1

where P,(t) is the electrical power obtained from a
two-dimensional (2D) lookup table parameterized by
rotor speed and shaft torque and includes aggregated
drivetrain losses [21]. The model accounts for
variations in power demand resulting from changes in
rotor speed, flight velocity, and trajectory profile.

3.3. Rotor Speed Scheduling Model

Rotor speed scheduling is implemented using
phase-dependent setpoints corresponding to hover,
ascent, cruise, and descent. The rotor speed profile is

parameterized as:

XQ = [Qhouer Qascent chuise Qdescent]T (2)

The rotor speed commands are subject to actuator
and dynamic constraints. A maximum slew rate
constraint:

dQ

—| < 10RPM 3

| dt | = /s ©)
is imposed, and a first order filter:

“4)

G =
() s+1

is applied to represent rotor dynamic response. This
formulation  enables  evaluation  of  how

phase-dependent rotor speed adjustments influence
power consumption and mission energy.

3.4. Trajectory Optimization Formulation
The mission trajectory is parameterized using key

flight wvariables, including phase-dependent true
airspeeds (TAS) and cruise altitude:

— T
XV - [Vascent' Vcruise' Vdescent' hcruise ] ’ (5)

Trajectory commands are constrained to ensure
physically realistic transitions. Rate limits are imposed
on velocity and altitude profiles:

%] < 12ft/s? (3.7 m/s?), (6)

2| < 5ft/s (15m/s) %

These constraints ensure smooth transitions
between flight phases and maintain stable tracking
performance within the nonlinear simulation
environment.

3.5. Joint Optimization Framework

To capture the interaction between propulsion
control and flight trajectory, a joint optimization
framework is developed in which rotor speed
scheduling and trajectory parameters are optimized
simultaneously. The combined decision vector is
defined as:

B e

This formulation enables exploration of tradeoffs
between aerodynamic loading and propulsion
efficiency. For example, adjustments in climb rate or
cruise altitude may allow lower rotor speed operation,
resulting in reduced overall energy consumption.

3.6. Optimization Problem Formulation

The optimization problem is formulated as a
constrained mission-based parametric search using the
nonlinear rotorcraft simulation model.

The objective is to minimize total mission energy
consumption:

min/(X) = E(tena), )

subject to: rotor speed constraints, trajectory rate
limits, flight dynamics feasibility, mission completion
requirements.

The mission is divided into four phases with fixed
durations:  hover  (tpoper = 40 s), ascent
(tascent = 30s), cruise (teryise = 70 s), and
descent, completing the mission att = 200s.

Three optimization strategies are evaluated:

1. Rotor speed optimization with a fixed baseline
trajectory, used to determine the optimal phase-
dependent rotor speed schedule;

2. Trajectory optimization using the best optimal
rotor speed schedule obtained from the
previous stage and held constant for all cases;

3. Joint optimization of rotor speed and trajectory,
performed to assess the integrated effect of
both variables.

Candidate solutions are evaluated based on
cumulative energy consumption, and only physically
feasible trajectories with stable tracking behavior
are accepted.

In contrast to the preliminary study presented in
[1], the current work extends the analysis by
incorporating a joint optimization framework and
providing a systematic comparison of different
optimization strategies. These extensions enable a
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more comprehensive evaluation of the factors
influencing the UAV rotorcraft mission energy
efficiency.

3.7. Performance Metrics and Simulation
Assumptions

Performance comparisons are conducted using
both total cumulative energy consumption and flight
phase energy distribution across hover, ascent, cruise,
and descent segments. This allows assessment of how
different optimization strategies redistribute energy
demand throughout the mission profile, enabling
identification of the dominant contributors to energy
consumption.

To isolate the effects of rotor speed scheduling and
trajectory optimization, all simulations are conducted
under consistent environmental conditions. Standard
atmospheric properties are assumed, with no wind or
gust disturbances. This ensures that differences in
energy consumption are attributable solely to
variations in control inputs and trajectory parameters.

The UAYV, propulsion and simulation parameters
used in this study are summarized in Table 1, while the
baseline mission profile is defined in Table 2. These
parameters are consistent with those used in the
preliminary study [1], with minor refinements
introduced to support the extended analysis presented
in this work.

Table 1. Rotorcraft and simulation parameters.

Parameter Symbol Value / Relation / Formula Unit / Description
UAV mass m 7.23 kg
Diameter of main rotor Dm 1.78 m
Main rotor blade count Nm 2 INumber of blades (dimensionless)
Tail rotor diameter D¢ 0.158 m
Tail rotor blade count Ni 2 INumber of blades (dimensionless)
Baseline RPM Nbase  [1000 RPM
Variable rotor speed range n 850-1000 RPM

Rotor response dynamics -

G(s) = ﬁ (with rate limiting)

First order rotor speed dynamics

'W (electrical input power from powertrain;

Electrical power map Pe 2D LUT: P (Q, n) function of torque and speed)
Torque calculation Q From rotor model IN m (main roto shaft torque)
Flight dynamics model - Nonlinear 6DOF rigid body model | Implemented in FLIGHTLAB
Trim methodology - Phase-wise steady state trim Flight phases: hover, climb, cruise, descent
Enerev model g Bt 1 te"‘ip (®) dt 'Wh (time integration of electrical power
gy (tena) = 3600 J, e Pe in W)
Atmospheric model - Standard atmosphere (ISA) ?SS.‘“‘?GS sea-level conditions, no environmental
eviations

'Wind / turbulence - INot considered

INo wind or turbulence effects included

Table 2. Baseline mission profile parameters.

Start Time t, Duration At; Velocity V. Altitude H, .
Phase ©) ) (ft/s [m};s]) (ft [m]) Altitude Command
Hover 0 40 0 34 Constant
Ascent 40 30 60 80 Constant
Cruise 70 70 60 80 Climb rate, +2 ft/s
Descent 140 60 55 34 Target altitude 34 ft

4. Result and Discussion
4.1. Baseline Mission Energy Characteristics

The baseline mission represents the reference
operating condition against which the effectiveness of
the optimization strategies is evaluated. In this
configuration, the rotorcraft operates at a constant
rotor speed of 1000 RPM throughout the mission
while following a fixed trajectory consisting of hover,
ascent, cruise, and descent phases. The resulting total
mission energy consumption for the baseline case is
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36.06 Wh, which represents the highest energy
demand among all evaluated configurations.

Fig. 2 illustrates the baseline mission trajectory,
including altitude, forward airspeed, and vertical
speed, with vertical markers indicating transitions
between flight phases. The rotorcraft maintains a
steady hover at 34 ft (10.4 m), followed by a gradual
climb to the cruise altitude of approximately 80 ft
(24.4 m). This altitude is sustained during the cruise
segment before a controlled descent returns the UAV
to the initial hover level.
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The airspeed profile reflects the prescribed mission
schedule shown in Table 2, increasing from zero in
hover to the cruise value of approximately 60 ft/s
(18.3 m/s), and then reducing slightly during descent at
55 ft/s (16.8 m/s). The vertical speed history further
confirms the phase behavior, with positive climb rates
during ascent, near zero values in steady segments,

Hover-Ascent

Ascent-Cruise

and negative rates during descent, indicating smooth
and continuous transitions.

Overall, the time histories demonstrate consistent
tracking of the commanded flight profile, with no
abrupt transients or instability. This validates the
baseline trajectory as a reliable reference case for
subsequent power and energy analysis.
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Fig. 2. Baseline mission flight profile showing altitude, forward airspeed, and vertical speed with indicated phase transitions
between hover, ascent, cruise, and descent.

The baseline mission energy characteristics are
illustrated using both time resolved and phase
averaged representations. A constant rotor speed of
1000 RPM is used as a reference for evaluating
optimization strategies.

Fig. 3 shows the time resolved main rotor (MR)
power profile for the baseline mission. The hover
phase exhibits the highest steady power demand
approximately 591 W, dominated by induced power
required to sustain lift. At the transition to ascent at
40s, a transient peak of approximately 635 W is
observed due to the increased thrust required for
climb. As forward speed develops, the power
decreases  progressively, reflecting  improved
aerodynamic efficiency associated with
translational lift.

During cruise, the power stabilizes near 455 W,
indicating steady aerodynamic conditions with
reduced induced power and balanced drag
contributions. At the onset of descent at 140 s, a sharp
reduction in power occurs, followed by a brief
transient dip, as gravitational effects reduce the
required rotor thrust. The subsequent stabilization
reflects controlled descent under lower power
demand. These results highlight that hover and ascent
phases dominate instantaneous power requirements.

The cumulative electrical energy consumption
over the baseline mission is shown in Fig. 4, showing

a monotonic increase over time that reflects the
continuous power demand of the propulsion system
across all flight phases. The slope of the curve varies
slightly between segments, indicating changes in
power demand associated with different operating
conditions.

Hover-Ascent  Ascent-Cruise

— Baseing

MR Power [W]
8

Time [s]

Fig. 3. Baseline main rotor power profile over the mission
timeline. Phase transitions are indicated, highlighting
transient responses associated with changes in flight
conditions.

During hover and ascent, the energy accumulation
rate is relatively higher due to increased thrust
requirements. A more gradual and nearly linear trend
is observed during cruise, consistent with steady
operating conditions. In the descent phase, the rate of
increase remains moderate, reflecting reduced power
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demand compared to earlier phases while still
accounting for controlled flight.

Ascent-Cruise Cruige-Descent

:

Cumulative Energy
Consumption [Wh]
R ER]

Time [s]

Fig. 4. Cumulative electrical energy consumption
for the baseline mission.

Fig. 5 provides a phase averaged view of power
demand and cumulative energy consumption for the
baseline case. The blue bars represent the average
power in each phase, obtained by averaging the
time-resolved MR power over the corresponding
phase durations. Consistent with Fig. 2, hover exhibits
the highest average power, approximately 611 W,
followed by ascent, 527 W, while cruise and descent
phases show lower values of approximately 456 W
and 429 W, respectively. The reduction in average
power across phases reflects the increasing
contribution of translational aecrodynamic effects and
reduced thrust requirements.

700

<3

Il #verage Power
—=—Energy Used 1

=

Average Power [W]
Cumulative energy [Wh]

Hover Ascent cruise Descent

Flight Phase

Fig. 5. Flight phase average power and cumulative energy
consumption for the baseline mission profile.

The red curve represents cumulative energy
consumption per phase, which depends on both power
level and phase duration. Although cruise does not
exhibit the highest average power, it contributes the
largest energy consumption 11.7 Wh because it
occupies the longest duration in the mission. In
contrast, ascent consumes less energy, approximately
5.9 Wh despite moderate power demand because of its
shorter duration.

These results demonstrate that hover dominates
instantaneous power demand, whereas cruise
dominates total energy consumption due to mission
duration. Consequently, reducing cruise power or
shortening cruise duration offers the greatest potential
for minimizing overall mission energy.

These baseline characteristics provide a reference
for evaluating how rotor speed scheduling and
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trajectory optimization modify both instantaneous
power demand and cumulative energy consumption.

4.2. Effect of Rotor Speed Scheduling

This section evaluates the impact of rotor speed
scheduling on mission energy consumption while
maintaining the baseline trajectory. The rotor speed is
adjusted across flight phases to improve aerodynamic
efficiency and reduce power demand.

The impact of rotor speed scheduling on
propulsion performance is first examined through the
rotor speed time histories, as shown in Fig. 6. In the
baseline configuration, the rotor speed is maintained
constant at 1000 RPM throughout the mission. In
contrast, the  optimized schedule applies
phase-dependent rotor speeds, with higher values
during hover and ascent and reduced values during
cruise and descent.

The optimized rotor speed decreases from
approximately 925 RPM in hover to 870 RPM during
cruise, reflecting a tradeoff between thrust
requirements and aerodynamic efficiency. Lower rotor
speeds in forward flight reduce profile power losses,
while maintaining sufficient lift.

These results demonstrate that rotor speed
scheduling enables adaptation of rotor operating
conditions to changing aerodynamic requirements
across flight phases, forming the basis for the observed
reductions in power consumption and total mission
energy.

Asoent-Cruise
—Basine
O (30085045585
THRNM0RE)
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8
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Fig. 6. Rotor speed profiles for baseline and optimized
cases showing reduced rotor speed across mission phases.

The resulting changes in power demand are
illustrated in Fig. 7, which compares the main rotor
power profiles for the baseline and optimized cases.
The optimized cases exhibit a consistent reduction in
power demand across all mission phases relative to the
constant speed baseline.

The most significant reduction occurs during the
cruise phase, where power decreases from
approximately 460 W to about 350 W. This reduction
is primarily attributed to lower rotor speed, which
reduces profile power losses under forward flight
conditions. Due to the extended duration of cruise, this
sustained reduction contributes significantly to the
overall energy savings.

During hover and ascent, power reductions are also
observed, although the relative improvement is
moderated by the dominance of induced power, which
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limits the extent of achievable savings. Nevertheless,
reduced rotor speed still leads to lower overall power
demand while maintaining required thrust.

In the descent phase, power demand decreases
further due to both reduced thrust requirements and
lower rotor speed. The optimized cases maintain
consistently lower power levels while preserving
smooth transitions between flight phases.

These results demonstrate that rotor speed
scheduling effectively reduces power consumption,
particularly in phases where profile power dominates,
thereby contributing to the observed reduction in total
mission energy.

Howar-Ascant Ascent-Cruise
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Fig. 7. Main rotor power comparison between the baseline
and optimized cases showing lower power across
mission phases.

The cumulative effect of these reductions is
presented in Fig. 8, which shows the total energy
consumption over time. All optimized cases exhibit a
consistently lower rate of energy accumulation
compared to the baseline, indicating sustained
reductions in power demand across all flight phases.
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Fig. 8. Cumulative energy consumption for baseline
and optimized rotor speed schedules over the mission.

The separation between the baseline and optimized
trajectories increases progressively with time, with the
largest divergence occurring during the cruise phase,
where reduced rotor speed lowers power demand over
an extended period. The optimized cases converge to
similar energy profiles, indicating that different rotor
speed schedules can achieve comparable levels of
energy efficiency.

The best performing case (V2) achieves a total
energy reduction from approximately 36.06 Wh to
28.18 Wh, corresponding to an energy reduction of
about 21.85 %, confirming the effectiveness of rotor
speed scheduling in reducing mission energy
consumption.

The energy consumption distribution across
individual flight phases is summarized in Fig. 9, which

compares the energy required for each segment.
Energy reductions are observed across all flight phases
relative to the baseline. In hover, energy consumption
decreases from approximately 9.0 Wh to 7.0 Wh,
while in ascent it reduces from 5.9 Wh to 4.6 Wh.
During cruise, the energy decreases from 11.7 Wh to
9.2 Wh, representing the largest absolute reduction
due to the longer duration of this phase. A similar
reduction is observed during descent, from 9.5 Wh to
7.4 Wh.

The results discussed in this section establish a
clear relationship between rotor speed scheduling,
reduced power demand, and improved -energy
efficiency. Lower rotor speeds reduce aerodynamic
losses, particularly in forward flight, leading to
sustained reductions in cumulative energy
consumption across the mission.

40
ElBaseing
IEVO: (900-850-655-850)

35 IV (B80-B30-840-835)
IWV2: (025-870-870-850)-Best

Energy Consumption [Wh]
=

2t

Haover Ascent Total Energy

Flight Phases

Fig. 9. Energy consumption across mission phases
for the baseline and selected rotor speed schedules showing
reduced total energy for the optimal case.

To provide a comprehensive overview of the
evaluated rotor speed schedules, the results for all
tested configurations are summarized in Table 3. A
total of six candidate schedules were assessed in
addition to the baseline case. The results show that all
optimized  configurations achieve  significant
reductions in total mission energy, with reductions
exceeding 20 % across all cases.

4.3. Trajectory Optimization

In this section, trajectory optimization is
performed within a sequential optimization
framework using a fixed rotor speed schedule obtained
from the preceding rotor speed optimization stage. The
rotor speed profile (925, 870, 870, 850) is held
constant for all optimized cases, allowing the
influence of trajectory parameters on energy
consumption to be isolated. Specifically, the ascent
speed, cruise speed, descent speed, and cruise altitude
are varied, while maintaining a consistent rotor
operating condition across all simulations. By
modifying these key parameters, the vehicle can
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operate under more favorable aerodynamic conditions,
thereby reducing overall energy demand.

The impact of trajectory design on mission energy
consumption is evaluated by comparing the baseline
case with two representative optimized trajectories, as

illustrated in Figs. 10-13. The selected cases include
the baseline profile (RO), the best performing
optimized trajectory (R1), and a higher altitude
alternative (R2), enabling assessment of both speed
and altitude effects.

Table 3. Summary of rotor speed schedules and phase energy consumption across the mission.

Total Energy Phase Energy (Wh)

Case RPM Schedule E(l;s,lilg)y Re(z:’l/oc;lon Hover Ascent Cruise Descent
Baseline (1000, 1000, 1000, 1000) 36.06 0.00 8.99 5.85 11.75 9.47
VO (900, 850, 855, 850) 28.27 21.58 7.02 4.60 9.24 7.42
V1 (880, 830, 840, 835) 28.55 20.81 7.05 4.65 9.38 7.47
V2 (Best) (925, 870, 870, 850) 28.18 21.85 7.00 4.57 9.20 7.41
V3 (925, 875, 870, 860) 28.20 21.78 7.00 4.57 9.21 743
V4 (900, 850, 845, 840) 28.37 21.33 7.02 4.60 9.30 7.44
V5 (860, 830, 855, 850) 28.49 20.97 7.09 4.66 9.32 7.42

The altitude profiles shown in Fig. 10 indicate that
all trajectories follow similar mission structures with
distinct phase transitions. The baseline and optimized
case R1 maintain a cruise altitude of approximately
80 ft (24.4 m), while R2 operates at a higher cruise
altitude of 90 ft (27.4 m). The climb and descent
segments remain smooth across all cases, ensuring
comparable mission feasibility. However, R1 exhibits
a slightly earlier and more gradual descent initiation,
which contributes to improved energy efficiency.

Hover-Ascent Ascent-Cruise
o ~R0 (Baseline] 60, 60, 55 s, S0 &
—R1 (Best): 50, 45, 40 s B0 R
=m Py o R2: 60, 65, S0 M IO R
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n
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»
@ I I 100 120 140 160 180 00
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Fig. 10. Altitude profiles for baseline and optimized
trajectory cases.

The corresponding airspeed profiles in Fig. 11
reveal the primary source of variation between
trajectories. The baseline maintains a cruise speed of
approximately 60 ft/s (18.3 m/s), whereas R1 adopts a
reduced speed profile 50, 45, and 40 ft/s (15.2, 13.7,
and 12.2 m/s), and R2 increases cruise speed to
approximately 65 ft/s (19.8 m/s). These differences
directly influence aerodynamic power requirements,
particularly during the cruise phase where forward
flight dominates energy consumption.

The effect of these trajectory modifications is
clearly reflected in the main rotor power profiles
presented in Fig. 12. The optimized trajectory R1
achieves a consistent reduction in power demand
across all phases, with the most significant
improvement observed during cruise. In this phase, the
power requirement decreases substantially compared
to the baseline, indicating that reduced forward speed
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effectively lowers profile and parasitic power
components. In contrast, the higher altitude case R2
exhibits moderate power reduction relative to the
baseline but remains less efficient than R1 due to
increased aerodynamic loading associated with higher
cruise speed.

Hover-Ascent  Ascent-Cruise
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Fig. 11. Airspeed profiles showing variations
in optimized trajectories.

The cumulative impact of these power reductions
is shown in Fig. 13, where the total energy
consumption over the mission is compared. The
baseline case reaches approximately 36.06 Wh, while
the optimized trajectory R1 reduces the total energy to
27.05 Wh, corresponding to an energy reduction of
24.99 %. The higher altitude case R2 achieves a
smaller reduction of 19.74 %, confirming that altitude
increase alone does not yield optimal performance
without coordinated speed adjustment.

Ascent-Cruise
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Fig. 12. Main rotor power comparison for baseline
and optimized trajectories illustrating reduced power
demand under optimized trajectory conditions.
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Fig. 13. Cumulative energy consumption showing 24.99 %
reduction achieved through trajectory optimization.

These results demonstrate that trajectory
optimization plays a critical role in reducing mission
energy consumption. Specifically, reducing forward
airspeed during energy intensive phases, particularly

cruise, leads to substantial improvements in
efficiency. While altitude variations influence
performance, the results indicate that speed
optimization is the dominant factor. The best

performing trajectory (R1) achieves the lowest energy
consumption by balancing reduced aerodynamic
power demand with feasible flight dynamics, thereby
establishing an effective strategy for mission-based
energy optimization for electric UAV rotorcraft.

The results of the trajectory optimization study are
summarized in Table 4. The variations in trajectory
parameters lead to significant differences in total
mission energy, despite identical rotor speed profiles.

The baseline case, defined by a speed profile of 60, 60,
and 55 ft/s (18.3, 18.3, and 16.8 m/s) and a cruise
altitude of 80 ft (24.4 m), with a constant rotor speed
of 1000 RPM, results in a total energy consumption of
36.06 Wh. In contrast, all optimized cases are
evaluated using the prescribed rotor speed schedule,
ensuring that only trajectory parameters are varied.

The optimized trajectories achieve substantial
reductions, with energy reductions ranging from
19.74 % to 24.99 %. The best performing case, R1,
reduces total energy to 27.05 Wh, corresponding to a
24.99 % improvement, primarily due to lower forward
speeds during ascent, cruise, and descent. In contrast,
higher speed or higher altitude configurations, such as
R2 and R3, provide smaller benefits despite increased
maximum true airspeed (TAS), indicating that higher
aerodynamic loads offset potential efficiency gains.
The reduced altitude case R4 also performs well,
achieving a 23.06 % reduction, indicating that both
speed and altitude influence energy consumption,
though speed has a more dominant effect. Across all
cases, maximum climb and descent rates remain
within a narrow range, confirming that performance
constraints are maintained. These results indicate that
trajectory optimization, when performed under the
fixed rotor speed schedule, provides substantial
energy savings and represents a dominant contributor
to overall mission efficiency within the proposed
sequential optimization framework.

Table 4. Summary of trajectory optimization results obtained using a fixed rotor speed schedule derived from prior rotor
speed optimization. The rotor speed profile is held constant for all optimized cases.

Trajectory Parameters Total Energy
Case Fixed Rotor Speed Schedule| (V_ascent, V_cruise, Energy | Reduction Max TAS |Max Climb| Max Descent
(RPM) V_descent (ft/s [m/s]); (ft/s [m/s]) | (ft/s [m/s]) | (ft/s [m/s])
- (Wh) (%)
h_cruise (ft [m]))

RO (Baseline) | (1000, 1000, 1000, 1000) (60, 60, 55 ft/s; 80 ft) 36.06 0.00 59.4 2.94 —-1.85
R1 (Best) (925, 870, 870, 850) (50, 45, 40 ft/s; 80 ft) 27.05 24.99 54.9 2.18 -1.88
R2 (925, 870, 870, 850) (60, 65, 60 ft/s; 90 ft) 28.94 19.74 64.1 2.18 -1.90
R3 (925, 870, 870, 850) (60, 60, 55 ft/s; 90 ft) 28.18 21.85 59.4 2.18 —-1.89
R4 (925, 870, 870, 850) (60, 55, 50 ft/s; 70 ft) 27.74 23.06 59.0 2.18 —-1.81
RS (925, 870, 870, 850) (60, 60, 60 ft/s; 80 ft) 28.52 20.89 59.7 2.18 -1.94

4.4. Joint Optimization Analysis

This section evaluates the simultaneous
optimization of rotor speed scheduling and flight
trajectory to assess their combined impact on mission
energy consumption. While the previous sections
examined these strategies independently, their
interaction can produce additional performance gains
that are not achievable through isolated optimization.
By jointly adjusting rotor speed and trajectory
parameters, the system can Dbetter balance
aerodynamic and rotor power requirements across all
flight phases. The following analysis compares the
joint approach with the baseline and individually
optimized cases, with emphasis on total energy
consumption, power distribution, and operational
efficiency.

A parametric search was conducted by integrating
optimized trajectory parameters with varying rotor
speed schedules, as summarized in Table 5. The
baseline case employs a constant rotor speed, whereas
the combined cases (C1-C6) implement reduced rotor
speeds alongside optimized flight path parameters. All
combined configurations demonstrate significant
reductions in total energy compared to the baseline.

Among the evaluated cases, Cl achieves the
lowest total energy consumption of 27.04 Wh,
corresponding to a 25.01 % reduction relative to the
baseline. Notably, cases C2, C3 and C4 yield nearly
identical energy values despite slight variations in
rotor speed schedules, indicating the presence of a
relatively flat optimum region. This behavior suggests
that the combined solution is robust to moderate
changes in rotor speed when the trajectory parameters
are maintained.
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Table 5. Joint optimization results for rotor speed and trajectory parameters.

Trajectory Parameters
V_ascent, V_cruise, Total Ener
Case RPM Schedule \g_aescent (ft/s [m/s]); Energy (Wh) Reductio%y(%)
h_cruise (ft [m]))
Baseline (1000, 1000, 1000, 1000) (60, 60, 55 ft/s; 80 ft) 36.06 0.00
C1 (Best) (935, 880, 870, 850) (50, 45, 40 ft/s; 80 ft) 27.04 25.01
C2 (925, 870, 870, 850) (50, 45, 40 ft/s; 80 ft) 27.05 24.99
C3 (915, 860, 860, 845) (50, 45, 40 ft/s; 80 ft) 27.05 24.97
C4 (935, 880, 880, 855) (50, 45, 40 ft/s; 80 ft) 27.05 24.99
C5 (925, 870, 870, 850) (50, 50, 40 ft/s; 80 ft) 27.20 24.57
C6 (925, 870, 870, 850) (50, 45, 45 ft/s; 80 ft) 27.15 24.70

In contrast, Cases C5 and C6 introduce small
deviations from the optimal trajectory by modifying
the cruise and descent speeds, respectively. In C5, the
cruise speed is increased from 45 ft/s (13.7 m/s) to
50 ft/s (15.2 m/s), leading to higher aerodynamic
power during forward flight and a corresponding
increase in energy consumption. In C6, the descent
speed is increased from 40 ft/s (12.2 m/s) to 45 ft/s
(13.7 m/s), reducing the efficiency of the low power
descent phase. These deviations result in slightly
higher total energy values compared to the best case,
highlighting the sensitivity of the solution to forward
speed selection, particularly during cruise.

The underlying control mechanism of the
combined solution is illustrated in Fig. 14 which

Hover-Ascent Ascenl-Cruise

=
3

compares the baseline constant rotor speed with the
optimized schedule. The baseline maintains a fixed
value of 1000 RPM throughout the mission, whereas
the optimized schedule adapts to the trajectory.
Reduced rotor speeds are maintained during cruise and
descent, where aerodynamic loading is lower, while
slightly higher values are preserved during hover and
ascent to satisfy thrust requirements. This variation
reflects the changing balance between induced and
profile power, where lower rotor speeds are
advantageous in forward flight conditions. The
smooth transitions between phases also indicate that
the optimized schedule remains physically realizable
and avoids abrupt control inputs.

—Basaling
—Joinl Optimization (Beat)

Rotor Speed [RPM)]
g 883

120 140 160 180 200

Time [s]

Fig. 14. Rotor speed schedule for baseline and joint optimization across flight phases.

The impact of this optimized control strategy on
power demand is shown in Fig. 15. The combined case
reduces power demand across all flight phases, with
the most pronounced reductions occurring during
cruise and transition periods. In these phases, the
simultaneous reduction of rotor speed and forward
airspeed lowers both profile and parasitic power
components, leading to a more efficient operating
condition. Compared to the individual optimization
cases, the joint strategy achieves a more uniform

Hover-Ascent Ascant-Cruise

700

800 —I~_

500 _ i~ Nl

reduction in power, indicating improved overall
system efficiency.

The improvement achieved through the joint
optimization is illustrated in Fig. 16, where cumulative
energy consumption is compared across the baseline,
individual optimization cases, and the joint approach.
The joint optimization consistently exhibits the lowest
energy accumulation throughout the mission,
indicating that the benefits of rotor speed reduction
and trajectory shaping are complementary rather than
redundant.

— Baseline
Ralor Speed Optimization (Bost)
Trapctory Optinization (Best)
= =Joint Optimization (Bast)

400 =

J

MR Power [W]

300 A
200

40 60 80 100

Time [s]

Fig. 15. Main rotor power comparison for baseline, rotor speed optimization, trajectory optimization, and joint optimization.
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The quantitative comparison of the different
optimization strategies is summarized in Table 6. The
baseline case requires a total energy of 36.06 Wh.
Rotor speed optimization reduces this to 28.18 Wh,
corresponding to a 21.85 % reduction. Trajectory

optimization provides a greater improvement,
lowering total energy to 27.05 Wh (24.99 %), which
represents an additional 4.01 % improvement relative
to rotor speed optimization.

Table 6. Total mission energy consumption and relative performance comparison of rotor speed optimization, trajectory

optimization, and joint optimization.

. Improvement vs Improvement vs
Case Tot&zl“];llrll)ergy Energ(z /S)avmg Rotor Speed Trajectory
0 Optimization (%) | Optimization (%)

Baseline 36.006 0.00 - -

Rotor speed 28.18 21.85 0.00 -4.18
optimization

Trajectory 27.05 24.99 4.01 0.00
Optimization

Joint Optimization 27.04 25.01 4.05 0.04

The joint optimization achieves the lowest total
energy consumption of 27.04 Wh, corresponding to a
25.01 % reduction from the baseline. This represents a
4.05 % improvement relative to rotor speed
optimization and a marginal additional improvement
of 0.04 % over trajectory optimization. Given the
small magnitude of this difference, the additional gain
may fall within numerical tolerance or model
uncertainty and should be interpreted with caution.

These results indicate that trajectory optimization
provides the dominant contribution to energy
reduction, while rotor speed scheduling offers
incremental benefits when combined with trajectory
optimization. However, further analysis, such as
convergence or sensitivity studies, influence of
environmental and operational uncertainties would be
required to establish the robustness of this additional
gain. The improvements are primarily driven by
reduced power demand during cruise, with additional
contributions  from  optimized ascent and
descent profiles.

All simulations are performed under standard
atmospheric conditions without explicitly considering
wind, turbulence, or parameter uncertainty. These
assumptions were intentionally adopted to provide a
controlled environment for isolating the effects of
rotor speed scheduling and trajectory optimization on
mission energy consumption.

Variations in environmental conditions, vehicle
mass, and battery state are expected to influence the
absolute energy values reported. In particular,
increased mass would primarily affect induced power
during hover and ascent, while wind conditions would
alter optimal trajectory parameters, especially during
cruise. However, the core findings of this study are
based on the interaction between rotor speed and
aerodynamic loading, which governs the relative
trends observed across optimization strategies. These
underlying physical relationships are expected to
remain consistent under moderate variations in
operating conditions.

Therefore, while absolute energy savings may
vary, the relative performance and benefits of the joint
optimization framework are expected to remain
qualitatively robust. Future work will extend the
present analysis by incorporating environmental
disturbances, parameter uncertainty, and adaptive
mission planning under more realistic operating
conditions.

5. Conclusions
This study presented an integrated framework for
minimizing mission energy consumption in an electric

rotorcraft through rotor speed scheduling and
trajectory optimization. A physics-based simulation
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model was used to evaluate the influence of rotor
speed and trajectory parameters on power demand and
cumulative energy consumption over a complete
mission profile.

The results show that trajectory optimization
provides the dominant contribution to energy
reduction, while rotor speed scheduling offers
complementary improvements within the sequential
optimization framework. The rotor speed scheduling
achieves a reduction of 21.85 %, while trajectory
optimization yields a larger reduction of 24.99 %
relative to the baseline. When both strategies are
applied simultaneously, the combined optimization
achieves the lowest total energy consumption of
27.04 Wh, corresponding to an overall reduction
0f 25.01 %.

Analysis of rotor speed, main rotor power, and
cumulative energy profiles shows that the primary
mechanism for energy reduction is the decrease in
power demand during cruise, where reduced forward
speed and lower rotor speed minimize aerodynamic
losses. The joint optimization further improves
efficiency by coordinating rotor speed with trajectory
changes, resulting in consistent power reductions
across all flight phases.

Although the additional improvement of combined
optimization over trajectory optimization alone is
modest, approximately 0.04 %, this difference may
fall within numerical tolerance or model uncertainty
and should therefore be interpreted with caution. The
results nevertheless indicate consistent behavior
between rotor speed scheduling and trajectory
optimization, suggesting that the joint approach
operates within a region close to the minimum
achievable energy, with diminishing returns beyond
trajectory optimization. The observed behavior also
indicates a relatively flat optimum region, implying
that comparable energy performance can be achieved
under moderate variations in control parameters.

Overall, the findings highlight the importance of
jointly considering trajectory and rotor speed in the
design of energy-efficient rotorcraft operations. The
proposed  approach  provides a  systematic
methodology for evaluating mission-based energy
performance and can be extended to more complex
scenarios, including  variable  environmental
conditions, additional constraints, and real-time
optimization strategies.
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Abstract: This study introduces a lightweight software framework for controlling servo-based actuation systems in unmanned
aerial platforms through a universal serial bus to controller area network communication interface. The proposed approach
emphasizes reliable command transmission, structured feedback acquisition, and deterministic communication behavior under
general-purpose operating environments. Instead of focusing on closed-loop control design, the framework addresses
challenges related to packet framing, timing consistency, and data integrity during continuous communication between host
systems and actuator units. A custom byte-level framing structure is employed to ensure clear boundary detection, error
validation, and stable parsing of actuator state information such as position, velocity, and electrical current. The system adopts
a dual-layer scheduling mechanism to separate command execution from feedback collection, improving temporal consistency
and reducing communication interference. Experimental validation demonstrates that the proposed framework achieves stable
actuation performance with minimal deviation between commanded and measured states. The results confirm that the system
provides a practical and extensible foundation for reliable actuator communication in aerial robotic platforms.

Keywords: Servo motor control, CAN communication protocol, Real-time control loop, Concurrent process scheduling,
Modular software framework.

abstract device communication and control processes.
While such approaches offer simplicity and broad
compatibility, they inherently limit direct access to
low-level communication behavior, including timing
consistency, data integrity, and synchronization
between command transmission and feedback
acquisition. As a result, system-level visibility into
communication-induced effects such as latency
variation, frame misalignment, or feedback
inconsistency remains restricted. In many practical

1. Introduction

Servo-driven  actuation  systems  constitute
fundamental components in unmanned aerial
platforms, enabling precise mechanical responses in
applications such as payload stabilization, camera
orientation, and aerodynamic control surface
adjustment. The performance of these actuation units
directly affects the overall stability, sensing accuracy,
and mission reliability of aerial systems, particularly

under dynamic operating conditions involving rapid
motion or environmental disturbances.

In conventional implementations, servo actuation
is typically realized through pulse-width modulation
interfaces or higher-level middleware frameworks that
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configurations, servo actuators internally execute
closed-loop control strategies, whereas external host
systems primarily provide reference inputs and
interpret feedback data. Under these conditions, the
reliability of the communication layer emerges as a
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critical factor influencing overall system performance.
Variability in transmission timing, buffering behavior,
and data reconstruction can directly impact the
consistency of actuator responses, even when the
underlying control mechanisms remain stable [1, 2].

Motivated by these limitations, this work focuses
on the design of a lightweight communication
framework that prioritizes deterministic data exchange
and structured timing control in servo-based actuation
systems. Rather than proposing a new control
algorithm, the proposed approach emphasizes the
robustness of command delivery and the integrity of
telemetry acquisition under non-real-time operating
environments. A USB—CAN interface is employed to
facilitate communication between the host system and
actuator devices, while a custom byte-structured
framing mechanism is introduced to enable explicit
boundary detection and reliable parsing of continuous
data streams [3].

To further enhance temporal consistency, the
system adopts a dual-loop scheduling strategy that
separates command transmission from telemetry
polling processes. This design reduces communication
contention and enables stable interaction between
control inputs and feedback data, even in the presence
of operating system-induced timing variability. The
resulting framework is designed to provide
transparency in communication behavior, allowing
direct observation and analysis of transport-layer
characteristics that are often abstracted in
conventional middleware-based systems.

The contributions of this work can be summarized
as follows. First, a communication-oriented servo
actuation framework is developed to ensure consistent
and verifiable data exchange between host systems
and actuator units. Second, a custom framing scheme
is introduced to improve frame synchronization and
data validation in continuous serial communication
environments. Third, a dual-loop scheduling
mechanism is implemented to maintain stable timing
behavior under non-deterministic system conditions.
Finally, the effectiveness of the proposed approach is
demonstrated through experimental evaluation,
highlighting its suitability for integration into
unmanned aerial systems requiring reliable and
transparent actuator communication.

This work extends our previous conference paper
presented at DAUS 2026. While the earlier study
provided a preliminary implementation of a
USB—CAN-based servo communication system, the
present work significantly expands the framework in
several aspects. First, a transport-layer-oriented
architecture is newly formalized, explicitly addressing
byte-level framing, data  validation, and
communication robustness. Second, a dual-loop
scheduling mechanism is introduced to improve
temporal consistency under non-real-time operating
conditions. Third, a detailed system architecture is
presented, including modular layer separation and
communication pipeline design. Finally, the
experimental evaluation is extended to include
quantitative analysis of latency, timing variability, and

communication stability. These extensions distinguish
the present work from the initial conference version
and provide a more comprehensive and systematic
framework for reliable actuator communication in
UAV systems, moving beyond a preliminary
implementation toward a rigorously structured
communication architecture. These improvements
enable a more rigorous evaluation of communication-
layer behavior and provide stronger experimental
evidence compared to the initial conference
version [4].

2. Related Works

2.1. Conventional Servo Actuation Interfaces

Servo actuation in unmanned aerial systems has
traditionally been implemented using pulse-width-
modulation interfaces due to their simplicity and
widespread hardware compatibility. However, such
approaches provide limited support for structured
telemetry, fault monitoring, and communication-level
validation. In many cases, actuator state information
such as position, velocity, and current is not directly
accessible, which restricts observability and reduces
suitability for applications requiring reliable state
feedback and diagnostic capability.

2.2. Middleware-Based Robotic Frameworks

Modern robotic systems increasingly adopt
middleware architectures such as Robot Operating
System 2 to enable modular integration and distributed
processing. Despite these advantages, recent studies
have shown that communication latency and timing
consistency in such frameworks are strongly
influenced by the underlying operating system and
execution model. In particular, non-real-time
environments may introduce variability in message
delivery, leading to jitter and reduced temporal
predictability. These characteristics can significantly
affect actuator communication, where consistent
timing and reliable feedback acquisition are critical for
stable system behavior.

2.3. CAN-Based Distributed Communication

Controller area network-based communication
frameworks, including Cyphal, provide robust and
scalable solutions for distributed embedded systems.
These approaches emphasize interoperability, fault
tolerance, and structured message exchange across
multiple nodes. However, they typically abstract
transport-layer details such as byte-stream handling,
frame boundary reconstruction, and host-side
scheduling behavior. While this abstraction is
beneficial for large-scale integration, it limits direct
visibility into communication timing and data integrity
at the host-to-actuator interface [5-7].
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2.4. Research Motivation

Existing approaches can be broadly categorized
into pulse-width-modulation interfaces with limited
observability, middleware-driven frameworks that
offer strong integration but abstract timing behavior,
and controller area network-based ecosystems
designed for distributed communication. However, a
critical gap remains in the design of lightweight
actuator communication frameworks that explicitly
expose transport-layer behavior — such as frame
synchronization, payload validation, and timing
control — while maintaining reliable and consistent

timing under non-real-time conditions. To clarify
these differences, the key characteristics of
representative actuation communication frameworks
are summarized in Table 1, focusing on
communication interface, data integrity, temporal
control, and system observability. As shown in
Table 1, conventional approaches either provide
limited visibility into actuator behavior or abstract
communication mechanisms, whereas the proposed
framework explicitly exposes timing structure and
frame-level validation, enabling improved
communication transparency and more predictable
actuator behavior in non-real-time conditions [7].

Table 1. Comparative Analysis of Communication Characteristics in UAV Actuation Systems.

Feature PWM CAN-Based ROS2-Based Proposed
Interface Middleware Control Framework
Communication Pulse Signal CAN Bus M]ddlrh‘-an- ) USB—C‘A_\.
Interface Messaging Communication
Telemetry Availability Limited Structured Structured Structured
< £ (multi-parameter)
Data Integrity None Protocol-Level Middleware- Explicit Frame
Mechanism Validation Level Handling Validation
Temporal Control Fixed Abstracted Execution- Explicit Scheduling
(Host-Side) Dependent
Update Rate Control Fixed Configurable Configurable User-Defined
System Observability Low Medium Medium High
Integration Complexity Low Medium High Medium

3. System Architecture
3.1. Overall Framework Design

The proposed system is organized as a layered
communication and control framework that separates
command generation, data transmission, and actuator
interaction to ensure stable and predictable operation.
Instead of directly coupling user-level commands with
hardware communication, the architecture introduces
a modular structure in which each functional layer
operates independently while maintaining
synchronized data exchange. At the top level, the
control layer is responsible for generating actuator
commands and managing periodic execution. This
layer schedules reference updates at a fixed interval
and stores outgoing messages in a concurrent buffer
structure, allowing safe and consistent interaction with
lower-level processes. By isolating command
generation from communication handling, the system
reduces timing interference caused by user interaction
or high-level logic.

The communication layer operates as an
intermediary that translates scheduled commands into
a structured byte stream and manages both
transmission and reception processes. This layer
performs frame construction, parsing, and logging,
ensuring that all data exchanged with the actuator
system is consistently formatted and traceable. It also
maintains continuous monitoring of incoming data,
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enabling immediate detection of malformed or
incomplete frames.

The actuator layer consists of a servo motor unit
equipped with an internal driver and encoder-based
feedback mechanism. This unit executes position
commands and continuously provides telemetry data,
including  position,  velocity, and  current
measurements. The separation of responsibilities
between host-side communication and actuator-side
control enables the system to focus on reliable data
transport ~ rather  than  control algorithm
implementation.

3.2. Layered Functional Structure

To improve modularity and timing robustness, the
system is divided into four functional layers:
application, scheduling, communication, and data
interpretation. Each layer is designed to operate
independently while exchanging information through
well-defined interfaces.

The application layer provides user interaction and
visualization  capabilities, allowing real-time
monitoring of actuator states and manual or scripted
command input. This layer does not directly interact
with hardware, which prevents user-side operations
from affecting communication timing.

The scheduling layer manages periodic task
execution and prioritizes command transmission over
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background processes. It enforces a structured update
cycle and coordinates access to shared resources,
ensuring that command delivery remains consistent
even when telemetry polling is active.

The communication layer handles message
encoding and decoding over the serial interface. It
constructs outgoing frames, transmits them through
the interface module, and reconstructs incoming
frames from continuous byte streams. This layer also
maintains transmission and reception logs, enabling
post-analysis of communication behavior.

Finally, the data interpretation layer converts raw
payload data into engineering units and distributes
processed information to external clients. This
separation allows telemetry data to be analyzed and
visualized without interfering with the communication
pipeline.

3.3. Command Scheduling and Arbitration
Strategy

To maintain stable communication behavior, the
system employs a structured scheduling and
arbitration mechanism that separates time-critical
command transmission from background telemetry
acquisition. Rather than allowing simultaneous access
to the communication channel, the scheduler enforces
a priority-based policy in which actuator commands
are always transmitted before non-essential requests.

During active command updates, telemetry polling
is temporarily suspended to prevent contention on the
communication channel. This approach ensures that
control commands are delivered within the intended
time window, reducing the risk of delayed or skipped
updates. Once the command transmission interval is
satisfied, telemetry requests are resumed, enabling
continuous monitoring of actuator state without
compromising control stability.

In addition, a periodic refresh mechanism is
implemented to maintain actuator engagement during
idle periods. When no new command is issued within
a predefined interval, the system retransmits the most
recent valid command to prevent unintended actuator
relaxation or drift. This strategy enhances reliability
by ensuring that the actuator consistently maintains its
last commanded state even in the absence of
continuous input. The overall structure of the proposed
framework is illustrated in Fig. 1.

4. AA-55 Frame Structure
4.1. Frame Design Overview

To ensure reliable communication over a
continuous serial data stream, the proposed framework
employs a lightweight byte-oriented framing structure
referred to as the AA—55 format. This design enables
explicit identification of frame boundaries and

consistent reconstruction of messages, even under
non-deterministic buffering conditions.
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J
f"
>
v > v
-
Communication Layer Servo Motor Unit
= USB-CAN Handling > Motor Controdler
= AA-55 Frame Parsar = Encoder [ Feedback Sensor
= TX/RX Logger = Actuator
e o —/
3 T
1
I 1
[ I
e e F
= Command Flow
Telemetry Feedback (C4/CE CAN Frame) = = Tolemsstry Feedback
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Fig. 1. Proposed Servo Communication Framework.

Each transmitted message is encapsulated within a
structured frame composed of a start marker, control
fields, payload data, and an end marker. The frame
structure follows a fixed format: [Start] [Command]
[ID] [Length] [Payload] [Checksum] [End]. The use
of fixed boundary indicators allows the receiver to
detect frame transitions without relying on external
synchronization mechanisms. This approach is
particularly effective in environments where partial
reads or byte-level misalignment may occur during
serial communication.

In addition to boundary detection, the frame
structure incorporates a simple validation mechanism
to ensure payload consistency. By verifying both the
expected payload length and the integrity field, the
receiver can identify malformed or incomplete frames
before higher-level processing. This contributes to
stable communication behavior by preventing
corrupted data from propagating through the system.

4.2. Frame Field Composition

The AA-55 frame is organized into a sequence of
fields that define both structural and semantic
information. Each frame begins with a fixed start
marker and ends with a corresponding termination
marker, forming a clear boundary for message
reconstruction. Between these markers, control and
data fields specify the purpose and content of
the message.

The command identifier indicates the type of
operation, such as motion control or telemetry request,
while the identifier field specifies the target actuator
or parameter group. The payload length field defines
the size of the data segment, enabling consistency
checks during parsing. The data field contains
actuator-related information, including position,
velocity, current, and system status values. Finally, an
integrity field provides a lightweight validation

53



Sensors & Transducers, Vol. 272, Issue 1, April 2026, pp. 50-58

mechanism that allows early detection of transmission
errors at the host level.

This structured representation enables a unified
handling of both command and feedback messages,
simplifying the communication pipeline while
maintaining  flexibility for different actuator
operations.

4.3. Frame Reconstruction Process

Incoming data from the serial interface are
processed as a continuous byte stream without
predefined message boundaries. To reconstruct valid
frames, the receiver employs a state-based parsing
mechanism that continuously scans for the start
marker and accumulates subsequent bytes until a
complete frame is detected.

Once a potential frame is identified, the parser
verifies its structural consistency using the payload
length and integrity field. Frames that fail validation
are discarded, and the parser immediately resumes
searching for the next valid start marker. This process
ensures rapid recovery from corrupted or misaligned
data while maintaining bounded processing time.

By explicitly handling frame reconstruction at the
byte level, the system maintains robustness against
communication disturbances such as buffer
fragmentation,  partial reads, and transient
transmission errors. This capability is essential for
achieving  reliable telemetry  acquisition in
non-real-time environments. The operational flow of
the proposed communication framework is illustrated
in Fig. 2. As shown in Fig. 2, the system operates
through a structured sequence of states, including
command scheduling, frame transmission, telemetry
reception, validation, and parsing, ensuring consistent
interaction between control and communication
processes.
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Fig. 2. Frame Reconstruction Process.

4.4. Timing Model and Communication
Characteristics

The communication latency of the proposed
framework can be described as a combination of
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multiple processing stages across the host system,
communication interface, and actuator unit. The total
round-trip latency is expressed as the sum of
transmission  scheduling delay, interface-level
buffering, bus transmission time, actuator processing
delay, and reception-side parsing time. In this study,
these components were not evaluated individually;
instead, the total latency was analyzed as an aggregate
performance measure.

TTt = Ttx + Tqu + Tcan + Tservo +TT'X (l)

The actuation command is transmitted at a fixed
update interval, while telemetry data are collected at a
slightly slower but configurable polling rate to balance
communication load and feedback availability.

T, = 50ms, T, € [80ms, 100 ms] (2)

To evaluate the response behavior, the latency
between command transmission and the reception of
corresponding telemetry feedback is measured as
follows:

_ g telemetry
L = Lrx

_ trcgmmand (3)

Communication load is quantified by considering
the number and size of transmitted frames within a
given observation window, ensuring that the bus
utilization remains within a predefined safe
operating range.

w’ R < Ryux 4)

R =

Finally, the variability in latency is characterized

using statistical analysis of repeated measurements,

providing insight into timing stability under non-real-
time execution conditions.

o = (32 - ) )

These formulations allow systematic evaluation of
communication performance and provide a basis for
analyzing the impact of scheduling, buffering, and
transport-layer behavior on actuator response.

5. Experimental Results and Discussion

5.1. Actuation Performance and Tracking
Consistency

The effectiveness of the proposed framework was
evaluated through a multi-step actuation experiment,
where  reference  position commands  were
incrementally increased across a wide angular range.
The objective of this evaluation was to assess the
consistency between commanded inputs and measured
actuator responses under the proposed communication
and scheduling structure. The experimental results are
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illustrated in Fig. 3, which presents the actuator
position, velocity, and current profiles over time under
multi-step reference inputs.

The experimental results demonstrate a high
degree of agreement between the reference trajectory
and the measured position values. The actuator
response closely follows the commanded input
throughout the entire operating range, with deviations

remaining within the resolution limits of the telemetry
and encoder interface. The mean position error was
approximately 0.5 deg, with a maximum deviation
below 0.8 deg. This indicates that the proposed
communication framework is capable of delivering
commands in a stable and consistent manner without
introducing significant distortion or delay.
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Fig. 3. Time-synchronized actuator response showing position, velocity, and current profiles under step command inputs.

In addition to positional accuracy, the dynamic
behavior of the actuator was analyzed through velocity
and current profiles. During each transition, the
velocity increased smoothly without oscillatory
behavior, while the current exhibited transient peaks
corresponding to the torque required for motion
initiation, followed by rapid stabilization at steady
state. These observations suggest that the
communication framework maintains sufficient
temporal consistency to support stable actuator
operation, even without direct modification of the
underlying control algorithm.

5.2. Communication Stability and Timing
Variability

The temporal characteristics of the proposed
framework were evaluated by analyzing the intervals
between consecutive telemetry receptions under
periodic polling conditions. The results indicate that
the telemetry reception intervals are distributed around

the intended polling range, reflecting the influence of
operating system scheduling and communication
buffering.

Although variability in timing is observed, the
majority of telemetry frames are received within a
predictable operating window. This behavior
demonstrates that the system maintains practical
timing consistency despite operating in a
non-real-time environment. More importantly, no
frame loss or data corruption was observed during the
experiments, indicating that the framing structure and
parsing mechanism effectively preserve
communication reliability. The mean telemetry
reception interval was approximately 85 ms, with most
samples concentrated in the range of 70—100 ms.

5.3. Discussion and System Implications
The experimental results highlight an important

characteristic of actuator communication systems in
unmanned aerial platforms: the reliability of data
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transport and timing structure can significantly
influence system performance, even when the control
algorithm itself is not modified. The proposed
framework demonstrates that stable actuator behavior
can be achieved by ensuring consistent command
delivery and structured telemetry acquisition at the
communication level.

150

Count
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oL 1

o 20 40 60 80 100 120 140 160
Interval (ms)

Fig. 4. Distribution of telemetry reception intervals
under periodic polling conditions, showing the variability
of communication timing in a non-real-time environment.

One notable observation is that, despite the
presence of timing variability in the host system, the
actuator response remains stable. This suggests that
communication  robustness, including frame
synchronization and data validation, plays a critical
role in decoupling control performance from
non-deterministic system behavior. In this context, the
use of explicit framing and structured scheduling
provides a practical means of improving system
reliability without requiring a real-time operating
system.

Furthermore, the modular architecture of the
framework allows it to function as a diagnostic and
integration tool in addition to a communication
interface. By exposing transport-layer behavior such
as frame timing, data reconstruction, and command-—
telemetry interaction, the system enables detailed
analysis of communication-induced effects that are
often hidden in middleware-based implementations.

However, the current approach is subject to
limitations inherent to non-real-time execution
environments. While the system achieves stable
operation within practical timing bounds, strict
real-time guarantees cannot be ensured without
operating system-level support. Future work may
explore integration with real-time scheduling
mechanisms or hardware-assisted communication
interfaces to further reduce timing variability and
enhance determinism. The temporal distribution of
telemetry reception intervals is further illustrated in
Fig. 5. The results reveal distinct clustering patterns,
with the majority of samples concentrated around the
nominal operating range, while occasional deviations
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appear due to system-level timing variability. These
clusters reflect the combined effects of scheduling
latency and communication buffering, which
introduce non-uniform intervals in telemetry
acquisition. Despite these variations, the overall

distribution remains stable, indicating that the
proposed framework maintains consistent
communication behavior within practical
operating bounds.
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Fig. 5. Temporal distribution of telemetry reception intervals
over successive samples, illustrating timing variability
and clustering behavior under non-real-time communication
conditions.

5.4. Comparative Evaluation

To validate the effectiveness of the proposed
framework, a comparative analysis was conducted
against conventional actuator communication
approaches, including PWM-based control and ROS2
middleware-based communication.

PWM-based control provides low-latency signal
transmission but lacks structured telemetry feedback
and communication-level validation, limiting its
suitability ~ for  applications  requiring  high
observability and reliability. In contrast, ROS2-based
middleware enables modular system integration and
structured message exchange, but its performance is
strongly affected by operating system scheduling and
communication overhead, resulting in increased
latency and timing variability.

The proposed USB-CAN framework achieves a
balanced performance by combining structured
communication with explicit timing control.
Experimental observations indicate that the proposed
method maintains lower jitter and higher reliability
compared to ROS2-based approaches, while providing
significantly improved observability over PWM-based
systems. Table 2 summarizes the quantitative
comparison of the evaluated communication methods.
The results demonstrate that the proposed framework
provides a practical trade-off between latency,
reliability, and system transparency, making it suitable
for UAV actuator systems operating in non-real-time
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environments. The values in Table 2 are based on
direct measurements for the proposed framework and
representative  estimates derived from system

characteristics and prior studies for conventional
approaches.

Table 2. Quantitative comparison of actuator communication methods based on experimental observations
and system characteristics.

. PWM
Metric (Pulse Signal)
5-10
Low latency due to
simple pulse transmission

|

‘ Latency (Round-Trip)
[ms]

|

Low

Stable signal timing
with minimal variation

Jitter (Std. Dev.)
[ms]

Medium

No error detection /
No feedback validation

Reliability

Low

No telemetry feedback
(open-loop)

Observability

Low
Simple hardware and
software design

Implementation
Complexity

Telemetry available, but debugging

ROS2 Middleware USB-CAN (Proposed)

(DDS-Based) (AA-55 / C4/C6 Frame)
20 -50 10 - 20
Affected by middleware overhead latency with d

and OS scheduling framing and scheduling

High Low
Variability due to non-real-time Bounded variability with dual-loop
infrastructure scheduling
Medium High

Frame validation (AA-55) and
checksum ensure high reliability

Reliable transport, but timing

variability may cause loss
Medium High
Structured telemetry with explicit
affected by complexity parsing and logging
Medium

Custom framing and scheduling,

but modular and lightweight

High
Requires complex middleware
configuration

~40 - 70 % <35%
Depends on message rate M d under experimental
and system load conditions

Bus Utilization N/A
(Measured [ Estimated) (Analog pulse signal)
* Values are d or esti d based on experil | observations in a I-tit

6. Conclusion

This study presented a communication-oriented
servo actuation framework designed for unmanned
aerial systems using a universal serial bus to controller
area network interface. The proposed approach
focused on improving the reliability of command
transmission and telemetry acquisition rather than
modifying the underlying control algorithm. By
introducing a structured dual-loop scheduling
mechanism and a custom byte-level framing scheme,
the framework enables consistent data exchange and
explicit handling of frame synchronization and
validation under non-real-time operating conditions.

Experimental results demonstrated that the
proposed system achieves high consistency between
commanded and measured actuator responses, with
deviations remaining within the resolution limits of
the telemetry and encoder interface. In addition, the
communication framework maintained stable
telemetry acquisition despite timing variability
introduced by operating system scheduling and
interface buffering. These results confirm that reliable
actuator behavior can be achieved through robust
communication design even in environments where
strict real-time guarantees are not available.

The proposed framework provides a practical and
modular solution for actuator communication in
unmanned aerial platforms, offering improved
transparency in transport-layer behavior and
facilitating integration with higher-level systems.

Future work will focus on extending the framework
toward real-time operating environments and
multi-actuator configurations to further enhance
timing determinism and system scalability.
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Abstract: This article presents a security-aware Edge Artificial Intelligence framework designed to enhance autonomous
decision-making in Unmanned Aerial Systems. As aerial vehicles increasingly rely on onboard artificial intelligence to
interpret sensor data, plan flight trajectories, and respond to environmental conditions, they are exposed to cyber-physical
threats such as data manipulation, Global Navigation Satellite System (GNSS) spoofing, and adversarial visual perturbations.
The proposed framework integrates lightweight deep learning models optimized for embedded processors with a multilayer
cybersecurity architecture that includes real-time integrity verification of sensor streams, adversarial robustness modules, and
secure decision-validation routines. Experimental evaluation on a quadrotor platform demonstrates that the system preserves
autonomy performance while significantly reducing the risk of unsafe commands under adversarial conditions, achieving over
an 85 % reduction in unsafe actions with minimal false alarms and negligible impact on mission continuity. These findings
highlight the importance of combining Edge Artificial Intelligence with embedded security mechanisms to ensure the
resilience, safety, and reliability of autonomous unmanned systems operating in contested or communication-limited
environments.

Keywords: Edge artificial intelligence, Unmanned aerial systems, UAV cybersecurity, Autonomous decision-making,
Embedded Al, Adversarial robustness, Sensor integrity monitoring.

1. Introduction

Autonomous Unmanned Aerial Systems (UAS)
have advanced rapidly due to the integration of
onboard Artificial Intelligence (Al), enabling complex
missions with limited human intervention. These
systems rely on digital sensors, communication links,
and machine learning models to interpret
environmental data, plan trajectories, and execute
decisions in real-time. However, this increasing
reliance on digital intelligence exposes unmanned
systems to a range of cyber-physical threats, including
data manipulation, GNSS spoofing, and adversarial
perturbations in visual sensors. Such attacks can
compromise decision-making, reduce operational
safety, and threaten mission success.

https://www.sensorsportal.com/p 3398.html

Recent research has increasingly focused on
improving the security and reliability of autonomous
Unmanned Aerial Systems (UAS) through the
integration of Al and advanced anomaly detection
techniques. Several studies have explored the use of
Machine Learning models to detect cyber-physical
threats affecting aerial platforms. For example,
Al-based frameworks have been proposed to detect
cyber-physical attacks in Internet-of-Things enabled
drones by monitoring system behavior and identifying
abnormal patterns in sensor data [1].

Other works have specifically addressed GNSS
spoofing attacks, which represent one of the most
critical threats to autonomous navigation. Machine
learning and adversarial learning techniques have been
investigated to identify spoofing patterns and mitigate
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navigation errors in Unmanned Aerial Vehicles
(UAV) [2, 3].

Recent approaches also explore ensemble learning
and deep learning methods for detecting navigation
signal manipulation and improving the robustness of
positioning systems in aerial platforms [4].

In addition, research has been conducted on
explainable reinforcement learning methods capable
of detecting adversarial attacks affecting guidance and
path planning modules [5].

Experimental studies have also demonstrated the
feasibility of detecting spoofing attacks through
sensor-fusion analysis and recovery mechanisms
based on consistency verification between inertial and
navigation data [6-8].

Recent advances in autonomous aerial systems
have highlighted the importance of integrating Al with
cybersecurity mechanisms to ensure safe operation in
dynamic environments [9].

Several studies have investigated the use of deep
learning models for real-time perception and
navigation in unmanned aerial vehicles, demonstrating
significant improvements in obstacle detection and
environment understanding [10, 11].

However, the integration of such perception
systems with security-aware mechanisms remains a
relatively unexplored research area. In particular, the
challenge of ensuring trustworthy autonomous
decision-making under adversarial conditions has
motivated the development of embedded security
frameworks capable of detecting sensor anomalies,
verifying data integrity, and validating navigation
commands before execution [12, 13].

Despite these advances, many existing solutions
focus primarily on individual attack detection
mechanisms and often rely on centralized processing
or external monitoring systems. This can limit their
applicability in real-time autonomous platforms
operating with constrained computational resources or
in communication-limited environments [14, 15].
Therefore, there remains a need for integrated
frameworks that combine embedded Al perception
with real-time cybersecurity mechanisms capable of
validating both sensor data and autonomous decisions
directly on the onboard computing platform [9, 16].

1.1. Extension over Previous DAUS 2026
Conference Paper

This article extends previous work presented at the
DAUS 2026 conference [17]. While the conference
version introduced the initial concept of a secure Edge
Al framework, the present manuscript provides
significant extensions. These include enhanced
real-time security layers, a more detailed and
formalized system architecture, and expanded
experimental evaluation under multiple adversarial
scenarios. In addition, this work introduces improved
implementation details and formally defined
evaluation metrics, strengthening reproducibility and
scientific rigor.
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The key differences between the conference and
journal versions are summarized in Table 1.

Table 1. Conference versus Journal versions.

DAUS .
Component 2026 Journal article
Architecture Concetptual Full multl-layer
design implementation
EKF Basic Formal EKF with
Monitoring description | statistical detection
Perception Preliminary Orétrlnngzdegeznd
Model YOLOVS5
deployment
. Limited Multiple adversarial
Experiments S .
validation scenarios
Evaluation Partial Comprehensive and
Metrics formally defined
- Limited Full implementation
Reproducibility details detail

The main contributions of this work can be
summarized as follows:

e A security-aware Edge Al architecture
integrating perception, integrity monitoring, and
decision validation for autonomous UAS;

o A real-time sensor integrity monitoring approach
based on sensor fusion and anomaly detection
techniques;

e A secure decision validation mechanism that
prevents unsafe or compromised commands
from being executed;

e An embedded implementation optimized for
resource-constrained UAV platforms;

e Experimental  validation under  multiple
cyber-physical attack scenarios, demonstrating
improved system resilience and safety.

The main novelty of this work lies in the
integration of lightweight perception models, sensor
integrity monitoring, and secure decision validation
within a unified Edge Al architecture capable of
operating fully onboard resource-constrained UAV
platforms.

The remainder of this article is organized as
follows. Section 2 presents the proposed methodology.
Section 3 describes the system architecture and
implementation. Section 4 provides experimental
results and evaluation. Section 5 discusses the findings
and limitations, and Section 6 concludes the article and
outlines future work.

2. Methodology

The proposed framework integrates secure Edge
Al capabilities into the autonomous decision-making
pipeline of UAS. As illustrated in Fig. 1, the
methodology consists of three main components:
6] onboard perception and inference,
(1) cybersecurity and data integrity verification, and
(iii) secure decision validation. All components are
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optimized to operate in real-time on embedded
hardware with limited computational resources,
ensuring reliable and safe autonomy even under
adversarial conditions.

*RGE Camera
*GMSS Receiver
*IMU Sensors

Sensor

slightweight CNN Model
[Obstacle Detection)
*TensorRT Optimization

*Sensor Fusion (EKF)
*Anomaly Detection
+*Spoofing Detection

*Flight Envelope Checks
+*0Obstacle Clearance
+Safety Rule Verification

*Hover / Loiter
*Return-to-Home
+Safe Mavigation Command

UAS Actuation
System

PX4 Flight
Controller

Fig. 1. Architecture of secure Edge Al framework
for autonomous UAS.

Fig. 1 illustrates the overall architecture of the
proposed secure Edge Al framework. Sensor data
from the onboard camera, global navigation satellite
receiver, and inertial measurement unit are first

processed by the perception and sensor
fusion modules.
The perception module performs obstacle

detection using a lightweight Convolutional Neural
Network (CNN), while the integrity monitoring layer
evaluates the consistency of navigation and inertial
data. The perception layer processes visual
information acquired from the onboard camera using
and extracts environmental features and identifies
potential obstacles in real-time.

Detected anomalies are forwarded to the decision
validation module, which enforces safety constraints
before navigation commands are transmitted to the
flight controller.

The sensor fusion and integrity monitoring layer
combines data from the GNSS receiver and inertial
measurement unit through an Extended Kalman Filter
(EKF). By evaluating the innovation residual between
predicted and observed measurements, the system can
identify inconsistencies that may indicate sensor
spoofing or data manipulation attacks.

The final layer performs secure decision validation
by enforcing operational safety constraints on the
navigation commands generated by the autonomous
control system. If anomalies are detected or safety
conditions are violated, the system triggers fallback
behaviors such as hover or return-to-home maneuvers.

This layered architecture provides multiple levels
of protection against cyber-physical threats while

maintaining real-time operation on
constrained embedded platforms.

resource-

2.1. Onboard Perception and Edge Al
Inference

The onboard perception module performs obstacle
detection and free-space assessment from monocular
RGB imagery. A compressed CNN, based on Nano
YOLOVS and optimized for embedded deployment,
processes 416 X 416 images to output obstacle
bounding boxes with confidence scores. Training
combines the VisDrone dataset with in-house outdoor
flight data using augmentation techniques such as
brightness variation, Gaussian noise, and motion blur.

Real-time performance on an NVIDIA Jetson
Nano is achieved through post-training INTS8
quantization, structured channel pruning, and
TensorRT optimization. The model achieves a mean
average precision (MAP@0.5) of 71.4 %, precision of
0.76, recall of 0.69, and an inference rate of
18-22 frames per second, depending on scene
complexity. These results demonstrate that
lightweight deep learning models can provide accurate
perception while meeting embedded hardware
constraints.

The training dataset combines publicly available
aerial imagery from the VisDrone dataset with
additional flight recordings captured during outdoor
test missions. The combined dataset includes urban,
semi-urban, and natural environments, providing
diverse visual conditions for training the perception
model. Data augmentation techniques were applied to
simulate variations in illumination, motion blur, and
sensor noise. These augmentations improve the
robustness of the perception model when operating

under  challenging environmental conditions
commonly encountered during real-world UAV
deployments.

To improve reproducibility, the implementation
details of the perception model are specified as
follows. The Nano YOLOvVS5 model corresponds to a
compressed variant of YOLOvS5n adapted for
embedded deployment. The training dataset consists
of approximately 18,500 annotated images, combining
the VisDrone dataset (70 %) and in-house UAV flight
data (30 %). The dataset was divided into training
(70 %), validation (20 %), and test (10 %) subsets.

Training was performed for 150 epochs using the
Adam optimizer with an initial learning rate of 0.001
and cosine decay scheduling. A batch size of 16 was
used during training. Data augmentation included
brightness variation, Gaussian noise, motion blur, and
horizontal flipping.

During inference, a confidence threshold of 0.4
and a non-maximum suppression threshold of 0.5 were
applied. Deployment on the NVIDIA Jetson Nano was
achieved using TensorRT with INT8 quantization
calibrated on a subset of 1,000 representative images.
Structured pruning reduced the model size by
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approximately 35 % while preserving detection
accuracy.

These details enable reproducibility and allow fair
comparison with other embedded perception
approaches.

2.2. Cybersecurity and Data Integrity Layer

A dedicated integrity-monitoring layer evaluates
the consistency of sensor data from GNSS, inertial
measurement units, and vision-based estimates using
an EKF. Anomaly detection relies on innovation
residuals, triggering alerts when thresholds are
exceeded. Monitored features include position drift,
velocity inconsistencies, inertial sensor bias variation,
and disagreement between vision and inertial
measurements.

The EKF used for sensor fusion estimates the
system state vector, including position, velocity, and
orientation of the aerial vehicle. The filter
continuously compares predicted and measured sensor
values through innovation residuals. When the
residual exceeds a predefined statistical threshold, the
system identifies a potential anomaly in the sensor
measurements. This approach enables the detection of
navigation inconsistencies caused by spoofing attacks,
sensor faults, or malicious data manipulation.

This layer ensures that the system can detect
potential cyber-physical attacks, including sensor
spoofing and data injection, within minimal latency.
Fig. 1 illustrates the integration of the perception and
integrity-monitoring modules in the overall system
architecture.

2.3. Secure Decision-Making and Validation
Layer

Autonomous navigation commands generated by
the onboard Al are validated by a safety filter that
enforces flight envelope constraints, obstacle
clearance, and integrity alerts. Commands associated
with detected anomalies are rejected, triggering a
reactive control module that executes safe fallback
actions such as hover, loiter, or return-to-home
maneuvers.

This approach prevents unsafe actions while
maintaining mission continuity. Table 2 summarizes
the system performance under various adversarial
scenarios, highlighting reductions in unsafe
commands, false alarm rates, and reaction latency.

The interaction between the perception, integrity
monitoring, and decision validation modules forms a
layered defense architecture designed to improve
system robustness. The perception module provides
environmental awareness through visual analysis,
while the integrity monitoring layer evaluates the
reliability of sensor measurements and detects
inconsistencies that may indicate cyber-physical
attacks. The decision validation module enforces a
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formally defined safety envelope to prevent unsafe
navigation commands. The constraints include
maximum linear velocity (5 m/s), maximum angular
rate (120 ©°/s), and minimum obstacle clearance
distance (1.5 m). In addition, navigation commands
are rejected when an integrity alert is active.

A command is classified as unsafe if it results in a
predicted trajectory that violates any of these
constraints or introduces a collision risk. When such a
condition is detected, the command is discarded and a
fallback control strategy is activated.

The fallback mechanism follows a hierarchical
structure: (i) hover stabilization as default response,
(ii) loiter mode when localization remains stable, and
(iii) return-to-home if anomalies persist for more than
2 seconds. This ensures safe operation while
minimizing mission disruption.

This formalization transforms the decision
validation layer into a deterministic safety filter,
strengthening  the reliability of autonomous
decision-making under adversarial conditions.

2.4. Sensor Fusion and Anomaly Detection
Model

The integrity monitoring layer relies on an EKF to
estimate the system state using measurements from the
inertial measurement unit, visual perception module,
and GNSS. The state vector can be represented as:

Xk = [Pw Vi k],

where py represents the position, vy the velocity, and
0O the orientation of the aerial vehicle at time step k.

The prediction stage follows the standard EKF
formulation:

Tlk-1 = f(Fr-1,un),

while the
observations:

update stage incorporates sensor

fk = fklk—l + Kk(zk - h(x,\klk—l))$

where Ky is the Kalman gain and zy represents the
measurement vector.

Anomaly detection is performed using the
normalized innovation squared (NIS), which provides
a statistically grounded measure of consistency
between predicted and observed measurements. The
innovation residual is defined as:

Tk = Zx — h(Filk-1)
The anomaly score is computed as:

_ . Tc-1
€k = Tk Sk Tks
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where S, represents the innovation covariance matrix.
An anomaly is triggered when:

& > y¥(a,d),

where x*(a,d) is the chi-square threshold
corresponding to confidence level & and d degrees of
freedom. In this work, a confidence level of @ = 0.99
was selected to balance detection sensitivity and false
positive rate.

The process and measurement noise covariance
matrices were empirically calibrated using nominal
flight data. Sensitivity analysis showed that variations
of £10 % in the threshold resulted in less than 3 %
variation in detection performance, indicating
robustness of the detection mechanism.

2.5. System Architecture Overview

The overall system architecture follows the layered
design introduced in Section 2 and is implemented on
an embedded UAV platform. The framework
integrates three main components: a perception
module, an integrity monitoring module, and a
decision validation module.

Rather than repeating the methodological details,
this section focuses on the practical integration of
these components within the onboard system. The
perception module processes visual data in real-time
using the optimized Nano YOLOvS model. The
integrity monitoring module evaluates sensor
consistency through EKF-based estimation, while the
decision validation layer filters navigation commands
based on predefined safety constraints.

All modules operate sequentially within the
onboard computing pipeline, ensuring that perception
outputs and state estimates are continuously verified
before control actions are executed. This integrated
design enables real-time operation under resource
constraints while maintaining robustness against
adversarial conditions.

Implementation details, including hardware
configuration and optimization techniques, are
provided in the following subsection.

2.6. Threat Model

The security analysis of the proposed framework
considers a cyber-physical adversary capable of
manipulating sensor data or navigation signals during
autonomous flight operations. The attacker may
attempt to influence the decision-making pipeline by
injecting corrupted measurements into the navigation
or perception modules.

Three primary attack vectors are considered in
this study:

e Navigation spoofing

adversary manipulates

where the
signals  to

attacks,
GNSS

introduce false position estimates and alter the
flight trajectory;

e Adversarial perception attacks, where carefully
crafted perturbations are introduced into camera
images to mislead the deep learning
perception model;

¢ Sensor data injection, where malicious values are
inserted into inertial or navigation sensor streams
at the middleware level.

The attacker is assumed to have the capability to
interfere with external sensor inputs but does not have
direct access to the internal flight controller firmware
or onboard computing hardware. This assumption
reflects realistic threat scenarios where adversaries
attempt to manipulate external signals or
communication interfaces rather than compromising
the entire onboard system.

Under this threat model, the proposed
security-aware Edge AI framework focuses on
detecting inconsistencies between multiple sensor
sources and preventing compromised data from
influencing the autonomous control pipeline.

2.7. Algorithm: Secure Edge AI Decision
Pipeline

Input: Sensor data streams (camera, GNSS, IMU)
Output: Validated navigation command:

i. Acquire sensor data from camera, GNSS
receiver, and IMU;
ii. Perform visual perception using compressed
CNN model;
iii. Estimate vehicle state using EKF-based
sensor fusion;
iv. Compute innovation residual between
predicted and observed measurements;
v. Ifresidual exceeds anomaly threshold
Trigger integrity alert;
vi. Apply decision validation filter to navigation
commands;
vii. If command violates safety constraints or
integrity alert is active
Execute fallback maneuver (hover or
return-to-home);
viii. Otherwise
Transmit validated command to flight
controller.

3. Experimental Setup and Results

This section presents the experimental evaluation
of the proposed secure Edge Al framework. The
objective of the experiments is to assess the capability
of the system to detect and mitigate cyber-physical
threats while maintaining real-time autonomous
operation on embedded hardware.
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The evaluation focuses on three representative
attack scenarios affecting autonomous UAS, including
navigation signal spoofing, visual adversarial
perturbations, and sensor data manipulation.

Detection accuracy, false positive rate, latency,
and inference speed were measured to assess system
performance.

All flight experiments were conducted in
controlled outdoor environments following standard
UAYV safety procedures.

3.1. Experimental Platform

Experiments were conducted on a quadrotor UAS
equipped with an embedded computing platform and
multiple onboard sensors. The embedded computing
platform used in the experiments provides a balance
between computational performance and energy
efficiency, which is critical for small aerial vehicles.
The NVIDIA Jetson Nano offers a GPU-accelerated
architecture capable of executing deep learning
inference while maintaining relatively low power
consumption. This makes it suitable for real-time Edge
Al applications in autonomous unmanned systems.

The PX4 autopilot stack was used to control the
flight dynamics of the quadrotor platform and to
interface with the onboard sensors. The quadrotor
platform used in the experiments has a diagonal
wheelbase of 450 mm and a total takeoff weight of
approximately 1.8 kg. The onboard computing module
operates under Ubuntu Linux and runs the Robot
Operating System (ROS) middleware for sensor
integration and communication between perception,
navigation, and security modules. Sensor data streams
are synchronized through ROS topics, allowing
real-time access to navigation and perception
information by the integrity monitoring processes.

The Edge Al inference module was implemented
using TensorRT optimization to achieve real-time
performance on the embedded hardware. The integrity
monitoring and security verification processes were
executed as companion processes on the same
platform, allowing synchronized access to sensor data

and navigation commands. The complete system
architecture is illustrated in Fig. 1.

3.2. Test Scenarios

Three representative  cyber-physical  threat
scenarios were implemented to assess robustness
during controlled flight experiments.

The first scenario simulates a global navigation
satellite spoofing attack by gradually injecting
position drift into the navigation data stream. This
attack aims to cause navigation errors and potentially
unsafe trajectory deviations.

The second scenario introduces adversarial
perturbations into the visual perception pipeline.
These perturbations are generated using a fast gradient
sign method applied to camera frames to evaluate the
robustness of the perception model against
manipulated visual inputs.

The third scenario simulates sensor data injection
by modifying inertial measurement unit readings at the
middleware level. This test evaluates the ability of the
integrity monitoring layer to detect inconsistencies
between inertial, visual, and  navigation
measurements.

Ground truth reference data were obtained from
unaltered sensor logs and reference flights recorded
under normal operating conditions.

3.3. Experimental Results

Each scenario was evaluated through twenty flight
trials with an average duration of approximately five
minutes. Detection accuracy, false positive rate,
detection latency, and real-time inference performance
were measured for each threat type. Table 2
summarizes the results obtained.

The results demonstrate that the proposed security-
aware architecture maintains high detection accuracy
across different threat scenarios while preserving real-
time system performance. The relatively low detection
latency enables the activation of safety mechanisms
before compromised sensor data can significantly
affect flight control decisions.

Table 2. Performance of the secure Edge Al framework under adversarial scenarios.

Threat Scenario Detection Rate (%) | False Positive Rate (%) | Detection Latency (ms) Inference Speed (FPS)
GNSS Spoofing 92+3 4.1 180 20
Visual Perturbation 88 + 4 5.3 210 18
Sensor Data Injection 90+2 4.7 165 22
Average 90 4.7 185 20
Detection latency remains below 210 ms across all 3.4. Ablation Study

evaluated scenarios, allowing the security mechanisms
to respond quickly and prevent unsafe navigation
commands. In addition, the perception module
maintains real-time inference speeds between 18 and
22 frames per second, demonstrating that the
integration of cybersecurity mechanisms does not
significantly degrade system performance.
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An ablation study was also conducted to evaluate
the contribution of individual system components. The
comparison included four configurations: a baseline
system without security mechanisms, a system using
only the integrity monitoring layer, a system using
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only the safety validation filter, and the full proposed
architecture. The results are presented in Table 3.

The ablation study highlights the importance of
combining integrity monitoring and decision
validation within a unified architecture. While
individual modules provide moderate improvements
in detection performance, the complete system
significantly reduces unsafe commands and improves
operational resilience. This demonstrates that layered
security mechanisms are essential for protecting
autonomous aerial systems operating in adversarial
environments.

The complete system reduced unsafe commands
by more than 85 % compared with the baseline
configuration while maintaining a mission
performance degradation of less than 3 % during
normal operation.

The results demonstrate that integrating integrity
monitoring and secure decision validation with Edge
Al significantly improves the resilience of
autonomous UAS  operating in adversarial
environments.

To further evaluate the effectiveness of the
proposed framework, its performance was compared
with several recent approaches addressing security and
attack detection in autonomous UAS.

3.5. Comparative Evaluation

The comparison focuses on detection accuracy,
response latency, and suitability for embedded
real-time deployment. The results of this comparison
are summarized in Table 4.

Table 3. Ablation Study of Security Components.

System Configuration Detection Rate (%) Unsafe Commands Mission Degradation (%)
Baseline (no security) 42 High 0
Integrity Monitoring only 78 Medium 1.2
Safety Validation only 73 Medium 1.5
Proposed Full Architecture 92 Low 2.8

Table 4. Comparative evaluation of the proposed framework with existing UAV security approaches.

Attack Detection Rate Detection Real-time Embedded .

Method (%) Lateney (ms) Support Security Scope
ML-based GNSS 35 250 Limited Navigation
spoofing detection attacks
Decp learning UAV 87 230 Partial GNSS spoofing
protection
Ensemble spoofing 39 240 No Navigation
detection attacks
Remforcemgn t learning 90 300 No Guidance attacks
attack detection

Multi-sensor
Proposed Secure Edge 92 180 Yes cyber-physical
Al Framework
threats

3.6. Comparative Analysis with Existing
Approaches

The comparative results presented in Table 4
highlight several significant differences between the
proposed framework and existing approaches for
securing autonomous UAS. While previous studies
have demonstrated promising results in detecting
specific attack vectors such as GNSS spoofing or
navigation manipulation, most of these methods focus
on a single subsystem of the UAV architecture.

For instance, machine learning—based spoofing
detection approaches typically analyze navigation
signals in  isolation,  without considering
cross-validation ~with other onboard sensors.
Similarly, deep learning protection mechanisms are
often designed specifically for visual perception
pipelines and may not address inconsistencies
originating from navigation or inertial measurements.

As a result, these solutions may fail to detect
coordinated cyber-physical attacks that
simultaneously affect multiple sensor streams.

By contrast, this approach uses a multi-layer
architecture that unifies perception, integrity
monitoring, and decision validation within the Edge
Al pipeline. By integrating information from multiple
onboard sensors through an EKF-based fusion
process, the system can identify inconsistencies
between navigation, inertial, and visual
measurements.  This  cross-sensor  validation
significantly improves the reliability of anomaly
detection compared with approaches relying on a
single data source.

Another  important  distinction  concerns
computational feasibility for embedded deployment.
Several existing solutions rely on computationally
intensive deep learning models or require centralized
processing infrastructures for anomaly detection. Such
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approaches may introduce significant communication
latency or may not be suitable for small UAV
platforms with limited processing resources. To
overcome this limitation, the system leverages
optimized neural networks and integrity monitoring
algorithms suitable for embedded platforms like the
NVIDIA Jetson Nano.

From a performance perspective, the proposed
framework achieves a detection rate of approximately
92 % with an average response latency of 180 ms,
outperforming or matching the detection capabilities
of several state-of-the-art approaches while
maintaining full compatibility with real-time
embedded operation. The reduced detection latency is
particularly important for autonomous aerial systems,
where delayed responses to cyber-physical attacks
may lead to unsafe flight behaviors.

Furthermore, the proposed decision validation
layer introduces an additional safety barrier that is not
commonly present in existing detection frameworks.
While many approaches focus exclusively on
identifying anomalies, the architecture presented in
this study actively prevents compromised data from
influencing flight control commands by enforcing
safety constraints and triggering fallback control
behaviors.

Overall, the comparative analysis indicates that
integrating perception, cybersecurity monitoring, and
decision validation within a unified Edge Al
architecture provides a more comprehensive and
resilient protection strategy for autonomous UAS.
This integrated design enables reliable operation in
adversarial environments while maintaining the
computational efficiency required for deployment on
resource-constrained aerial platforms.

3.7. Evaluation Metrics

To ensure clarity and reproducibility, the
evaluation metrics are formally defined as follows.

Detection rate represents the percentage of attack
instances correctly identified by the system. False
positive rate indicates the proportion of normal
operating conditions incorrectly classified as
anomalies.

Detection latency corresponds to the time elapsed
between the onset of an attack and its detection, which
is a critical parameter for real-time autonomous
systems.

An unsafe command is defined as any navigation
command that leads to a predicted trajectory violating
safety constraints, including obstacle proximity below
1.5 m, excessive velocity, or instability under
inconsistent sensor data.

Mission degradation is defined as the relative
increase in mission completion time compared to
baseline operation:

T, —T, ;
Degradation(%) = attack baseline w100

Tbaseline
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All metrics were computed over 20 flight trials per
scenario, each lasting approximately five minutes,
ensuring statistical consistency.

4. Discussion

The experimental results demonstrate that
integrating cybersecurity mechanisms directly within
the Edge Al processing pipeline significantly
enhances the operational resilience of autonomous
UAS. The system effectively detects and mitigates
cyber-physical threats while maintaining real-time
performance on embedded hardware, highlighting the
feasibility of onboard security-aware intelligence.

A key observation is the effectiveness of the
integrity monitoring layer in detecting inconsistencies
among navigation, inertial, and vision-based estimates
with low latency. This capability is particularly
important in scenarios where GNSS signals are
unreliable or intentionally manipulated. Early
detection of anomalies prevents corrupted data from
propagating through the decision pipeline, thereby
reducing the risk of unsafe system behavior.

The results also underline the importance of
decision-level safety enforcement. While anomaly
detection identifies suspicious inputs, the validation
mechanism ensures that unsafe commands are not
executed. This complementary interaction between
detection and validation contributes to a significant
reduction in unsafe actions, while fallback strategies
such as hover stabilization and return-to-home
preserve mission continuity.

Another important outcome concerns the balance
between security and operational efficiency. The
results indicate that improved resilience does not
significantly =~ degrade = mission  performance,
suggesting that security-aware processing can be
integrated ~ without = compromising  real-time
constraints. This is particularly relevant for embedded
platforms, where computational resources are limited.

From a broader perspective, the findings highlight
the potential of integrating perception, integrity
monitoring, and decision validation within a unified
onboard framework. Such integration enables faster
response times compared to centralized approaches
and improves robustness against multiple attack
vectors. This is especially relevant for autonomous
systems operating in communication-constrained or
adversarial environments.

Despite these advantages, several limitations
remain. The current implementation focuses on sensor
integrity and adversarial perception attacks, while
other threats such as communication link interference
or coordinated multi-sensor attacks are not explicitly
addressed. Furthermore, the system relies on
predefined thresholds and models, which may require
adaptation in highly dynamic environments. Future
work will explore adaptive and learning-based
security mechanisms capable of identifying previously
unseen attack patterns.
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From an application standpoint, the proposed
approach is particularly relevant for mission-critical
operations such as infrastructure inspection,
environmental monitoring, and emergency response.
In these scenarios, reliable onboard detection of sensor
anomalies and prevention of unsafe navigation
decisions are essential for ensuring safe and
continuous operation, especially when communication
with ground control is limited.

Overall, the results support the integration of
security-aware mechanisms directly within the
onboard decision pipeline as an effective strategy for
improving the reliability, safety, and autonomy of
next-generation aerial systems.

5. Conclusions

The experimental evaluation demonstrates that
integrating cybersecurity monitoring directly within
the Edge AI pipeline significantly improves the
resilience of autonomous UAV systems against
cyber-physical threats.

This article presented a security-aware Edge Al
framework aimed at improving the resilience of
autonomous decision-making in UAS. These findings
indicate that security-aware Edge AI architectures
represent a promising direction for enabling safe and
trustworthy autonomous aerial systems in complex
operational environments.

Experimental evaluation on a quadrotor platform
demonstrated that the system could detect and mitigate
several cyber-physical threats, including navigation
spoofing, visual adversarial perturbations, and sensor
data manipulation.

The results obtained in this study suggest that
integrating security mechanisms directly within Edge
Al architectures can significantly improve the
reliability of autonomous systems operating in
complex environments. Such approaches will play a
crucial role in enabling safe large-scale deployment of
unmanned aerial platforms in civilian, industrial, and
emergency response applications.

The study highlights the importance of
incorporating cybersecurity mechanisms directly
within the onboard Al pipeline of autonomous aerial
systems. Such integration enables safer deployment of
unmanned platforms in environments where
communication links may be unreliable, or adversarial
conditions may be present.

Another important aspect of the proposed
framework concerns computational efficiency. The
perception model was optimized through model
compression techniques including quantization and
structured pruning, enabling efficient execution on
resource-constrained hardware. Experimental results
demonstrate that the integrated architecture maintains
real-time inference speeds while simultaneously
executing cybersecurity monitoring processes. This
confirms the feasibility of deploying security-aware
Al systems directly on embedded aerial platforms

without  requiring
infrastructure.

Future research will focus on addressing additional
threat vectors, including communication-level attacks
and cooperative multi-drone scenarios. Further
improvements will also explore adaptive security
mechanisms and more advanced perception models
capable of improving robustness in complex
operational environments.

high-performance  ground

6. Limitations and Future Work

Although the proposed framework demonstrates
promising results for improving the resilience of
autonomous UAS, several limitations should be
acknowledged.

First, the current implementation focuses primarily
on attacks affecting sensor integrity and visual
perception. Other types of cyber-physical threats, such
as communication link interference, coordinated
multi-drone  attacks, or malicious firmware
modifications, were not addressed in the present study.
Developing capabilities to detect and mitigate these
threats is a key direction for future research.

Second, the evaluation was conducted on a single
quadrotor platform equipped with a specific embedded
computing device. While the results demonstrate the
feasibility of secure Edge Al on resource-constrained
hardware, further experiments on different aerial
platforms and processing architectures would provide
a more comprehensive assessment of system
scalability and robustness.

Another promising direction for future research
involves the integration of cooperative security
mechanisms in multi-drone systems. In such
environments, multiple UAV may share sensor
information and collaboratively detect cyber-physical
anomalies affecting the swarm. Developing
distributed security-aware decision frameworks for
cooperative aerial systems could further enhance
resilience and mission reliability in complex
operational scenarios.

Future research will focus on extending
cybersecurity coverage, enhancing adaptive detection,
and validating the approach in larger UAV fleets and
real operational environments.

The complete system operates within the
computational constraints of a low-power embedded
platform, demonstrating that security-aware Edge Al
can be effectively deployed in small UAV systems
without requiring high-performance computing
resources.
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Abstract: Unmanned Aerial Vehicles (UAVs) have rapidly developed as emblematic dual-use technologies in which civilian
and military sectors interact and jointly shape innovation trajectories. Recent intensifications of economic security policies and
geopolitical tensions suggest that both knowledge flows and international technology diffusion in the UAV domain are being
reconfigured. Building on our previous analysis presented at Defense and Aerospace Unmanned Systems 2026 (DAUS 2026),
this study examines the relationship between national research structures and the international diffusion of attack-type UAVs.
In particular, it pays attention to heterogeneity within attack-type UAV diffusion, including differences between armed UAVs
and one-way loitering munitions, by combining bibliometric analysis of approximately 180000 Scopus-indexed UAV-related
publications (2001-2025) with the CNAS Drone Proliferation Dataset.

The analysis identifies a marked increase in Civil-to-Military (C2M) knowledge flows since the late 2010s, indicating the
growing importance of civilian-led technological inputs in military UAV development. This shift corresponds with a structural
transformation in global diffusion. Mean-shift analysis detects a first major breakpoint in 2012, when the combined supplier
share of China and Turkey rose from near zero to a regime average of 0.52, followed by a second breakpoint in 2018, when
the average annual number of adoption events increased from 2.7 to 24.8.

These findings suggest a staged transformation in which changes in supplier-side institutional and industrial structures
preceded the subsequent expansion of international UAV adoption. Importantly, the results suggest a sequential transformation
in which supply-side structural changes precede and condition subsequent diffusion expansion. Recent geopolitical shocks
appear to have accelerated this process by shifting diffusion from unarmed baseline systems toward attack-capable platforms,
including the rapid expansion of non-traditional suppliers such as Iran in the loitering munition segment. Overall, the study
identifies a systematic alignment between (non-causal) changes in national research structures and patterns of technology
diffusion, highlighting the growing role of military organizations as absorptive users of civilian-led innovation under
contemporary economic security conditions.

Keywords: UAYV diffusion, Dual-use technology, Economic security, Bibliometric analysis, Civil-military knowledge flow.

1. Introduction diffusion process represents a staged transformation
often  catalyzed by  geopolitical  shocks.

Unmanned Aerial Vehicles (UAVs) represent one  Simultaneously, UAV technologies are becoming
of the most rapidly diffusing military technologies [1], pervasive in civilian domains such as agriculture,

with the proliferation of reusable armed UAVs and  logistics [3], and disaster response [4, 5], further
one-way  loitering  munitions  fundamentally blurring the technological boundaries between
transforming modern military operations [2]. This  military and civilian sectors.
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As  geopolitical  competition  intensifies,
UAV-related technologies have increasingly become
subject to economic security policies, including export
controls, research-security regimes, and procurement
restrictions [6]. This perspective aligns with the
concept of “weaponized interdependence,” in which
states leverage their position within global
technological and economic networks to exert
strategic  influence  through regulatory and
access-based  mechanisms [6]. Technological
development in such fields does not proceed in a linear
manner from basic research to application, but evolves
through iterative interactions among knowledge
production, use environments, and institutional
conditions [7].

In the development of such dual-use technologies,
the direction and intensity of knowledge flows —
specifically transfers from civilian research to military
applications and vice versa — play a decisive role in
shaping technological trajectories [6, 8]. However,
systematic empirical analysis focusing explicitly on
these civil-military knowledge flows within the UAV
domain remains limited, particularly regarding the
military domain's role as an absorptive user of
civilian-led innovations during the shift from unarmed
to attack-type platforms.

Building on our previous conference paper
presented at DAUS 2026 [9], the present study extends
the earlier analysis in three respects. First, it
disaggregates attack-type UAV diffusion into reusable
armed UAVs and one-way loitering munitions,
allowing a closer examination of heterogeneity in
supplier structure and diffusion pathways. Second, it
explicitly distinguishes Civil-to-Military (C2M) and
Military-to-Civil (M2C) citation flows in order to

analyze the directional structure of knowledge
circulation. Third, it more systematically integrates
bibliometric evidence with the CNAS diffusion
dataset, linking changes in citation structures to shifts
in supplier composition and proliferation volume.

To do so, the study combines two types of evidence.
First, it analyzes directional citation flows -
Civil-to-Military (C2M) and Military-to-Civil (M2C)
— within a large corpus of Scopus-indexed
UAV-related publications (2001-2025). Second, it
relates these knowledge-flow patterns to updated
international diffusion data for attack-type UAVs
(1995-2023) based on the CNAS Drone Proliferation
Dataset [10]. This design allows us to examine
whether changes in knowledge circulation correspond
to structural shifts in supplier composition and
proliferation volume.

2. Data and Methodology

The analysis utilizes a bibliometric dataset of
182291 UAV-related publications indexed in Scopus
over the period from 2001 to 2025, based on records
retrieved on 1 December 2025. Fig. 1 provides an
overview of the Scopus search and rule-based
classification procedure, while the full search query
and keyword dictionaries are reported in Appendix A
for transparency and reproducibility. To improve
transparency, the rule-based search logic and
classification criteria used for military, civilian, and
dual-use categories are described more explicitly in
this section, and the full search query and keyword
dictionaries are provided in Appendix A.

{ TITLE-ABS-KEY { "unmanned aerialvehicle” OR "unmannaed aerialvehicles” OR UAV OR UAS OR RPAS OR drone OR drones ) AND
PUBYEAR > 1999 AND NOT TITLE-ABS-KEY { honeybee OR wasp OR Drosophila OR "drone cell” )|

|_‘?("-:c'\ Ouery for UAV-Reloted All Publicationslin SCOPUS)

Query for Filtering Dual-Use (Civil-Military) Literature

AND TITLE-ABS-KEY { "dual-use” OR "dual use” OR “dual-purpose” OR “dual purpose” OR “dusl-capable™ OR “dual capability” OR
t— “civil-military™ OR "civilmilitary™ OR "civil--military™ OR “civil--military fusion™ OR “civil-military integration™ OR "civil-military

ytechnology” OR “dual

- " OR “dual
military” OR "spin-on™ OR “spin-off” OR “technology transfer” OR “tech transfer™ )

* OR "military-to-civilian® OR "civilian-to-

itaring Military
AND TITLE-ABS-KEY(
military OR defence OR defense

OR “combat® OR "combat drone” OR “combat drones” OR "amned drone” OR "armed drones”

OR UCAVOR "
OR ISR OR "intell

combat aer ehicle™ OR
surweillance

" OR "lodtering munitions™

OR "battlefield” OR "battlespace” OR "tactical’}

OR ~strike” OR “targeting™ OR “close air support™ OR CAS

nce

for Filtoring Civil
AND TITLE-ABS-KEY|

mmercipl) figld Literaturg

monitoring”)

commaercial OR “civilian™ OR "civil** OR “non-military™ OR “non military™

E— OR logistics OR delivery OR “parcel delivery” OR agriculture OR “precision farming™

OR inspection OR Tinfrastructure inspection” OR mapping OR surveying OR “romote sensing™

OR “search and rescue” OR "search & rescue” OR SAR OR “disasterresponse” OR "disaster management™ OR "emvironmental

Fig. 1. Overview of the Scopus search and rule-based classification procedure.

The classification is based on keyword filters
applied to titles, abstracts, and author keywords, and is
intended as an analytical coding procedure for
identifying directional knowledge relationships rather
than as a definitive classification of all UAV-related
publications. It is not designed to exhaustively label
the full literature, but to provide directional signals for
citation-based analysis, which serves as the primary
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basis of the analysis. In the present study, the dual-use
category refers to records explicitly identified through
dual-use-related terms, while directional citation
analysis is used separately to capture cross-domain
knowledge relationships. Using this procedure, we
classified the literature into military (23024), civilian
(57720), and dual-use (332) categories, building
on the classification approach developed in our
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earlier study [9]. The remaining approximately
100000 publications primarily consist of foundational
research that lacks domain-specific labels but serves
as a technological resource for both sectors. Although
only 332 papers are explicitly labeled as “dual-use,”
the much larger volume of C2M citations suggests that
the dual-use character of UAV technology is more
visible in cross-domain knowledge absorption than in
formal publication labels. Two directional citation
indicators were then constructed: C2M citations,
representing military absorption of civilian research
(“spin-on”), and M2C citations, representing civilian
spillovers from military research (“spin-off”).

In parallel, we utilized the CNAS Drone
Proliferation Dataset, which tracks drone transfers
from 1995 to 1 September 2023 [10], to analyze the
international spread of attack-type UAV systems
across countries and over time. A small number of
earlier entries (1992-1993) appear in the raw dataset;
however, these correspond to non-armed UAV
observations and fall outside the attack-type UAV
subset used in this study, and therefore do not affect
the results reported here. In this study, following the
CNAS codebook definitions, the category of
"attack-type UAVs" is disaggregated into two distinct
platform  types: reusable armed  UAVs
(weapons-capable platforms) and one-way loitering
munitions (kamikaze drones). To ensure transparency
in platform selection, Appendix Table Al lists the
representative series included in the diffusion analysis,
grouped by major supplier country. The appendix
table is intended to clarify the operational scope of the
dataset rather than to provide an exhaustive inventory
of all variants and sub-models.

The dataset includes representative platforms that
can be broadly grouped into two distinct diffusion
models. The first is a high-end, state-centric model led
by the United States and Israel, centered on
MALE-type and other high-performance UAVs such
as the MQ-1 Predator, MQ-9 Reaper, Heron TP, and
Hermes 450. These systems typically rely on state-led
R&D and procurement, long-endurance operations,
beyond-line-of-sight control via satellite
communications, advanced ISR payloads including
EO/IR and SAR, and, in armed variants,
precision-strike weapons such as the AGM-114
Hellfire. Within this broader diffusion landscape,
loitering munitions such as the Harpy, Harop,
SkyStriker, and the HERO series represent a more
adaptive and cost-conscious segment. These systems
generally emphasize loitering capability, flexible
target engagement, and lower-cost precision attack,
often using combinations of anti-radiation seekers or
EO/IR-based man-in-the-loop guidance.

The second is an export-oriented and adaptive
model, represented by emerging systems from China,
Turkey, and Iran. These suppliers emphasize
accessibility, exportability, and rapid iteration,
including China’s CH and Wing Loong series,
Turkey’s Bayraktar TB2, Akinci, and ANKA series,
and Iran’s Ababil and Shahed series, which have

recently established significant footprints outside
traditional Western networks.

By combining these bibliometric indicators with
documented international platform transfers, this
study empirically connects shifts in national research
structures with the staged transformation of global
technological proliferation. This methodology allows
for a systematic examination of how critical structural
breaks — such as the 2012 supplier share shift and the
2018 acceleration in adoption — correlate with the
military domain’s evolving capacity to absorb
civilian-led innovations.

3. Results

3.1. International Diffusion
of Attack-Type UAVs

The global diffusion of attack-capable UAVs has
undergone a structural shift described as a staged
transformation, where the widespread adoption of
unarmed systems provided the foundation for a
subsequent surge of attack-type platforms (see Fig. 2).
This process was significantly catalyzed by
geopolitical shocks, with a structural breakpoint in
2018, when the annual average number of adoption
events increased from 2.7 to 24.8 (see Fig. 7b for
details). While the 2000s were dominated by the
U.S.—Israel-led high-end/state-centric model, the late
2010s have been defined by China- and
Turkey-centered export-oriented/adaptive models.
This shift is characterized by greater accessibility and
a rapid increase in the volume of international
transfers, where competitive advantage is increasingly
associated with development speed and the capability
to incorporate operational feedback.

To clarify how this overall shift was distributed
across suppliers and platform types, the next section
disaggregates diffusion patterns by country and
system category.

3.2. Regional Diffusion Patterns and Platform
Dominance

Taken together, Figs. 3-5 show diffusion at three
connected levels: supplier composition, regional
network expansion, and platform-level transfer
volume. Fig. 3 disaggregates global UAV proliferation
by supplier country and platform type. The figure
shows that unarmed UAV diffusion was initially led
by the United States and Israel, whereas the later
spread of armed UAVs increasingly involved China
and Turkey. In the loitering munition segment, Israel
appears as an early supplier, while Iran emerged
rapidly in the late 2010s and early 2020s. These
country-level differences indicate that the diffusion of
UAV technologies has become more diversified over
time, with distinct supplier profiles depending on
platform type.
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The expanded regional supplier—seeker network
reveals distinct geopolitical footprints among the six
major suppliers (see Fig. 4). While the United States
and Israel maintain strong ties with seekers in Europe
and the Asia-Pacific, China and Turkey have
established particularly strong positions in the Middle
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East and Africa through their export-oriented/adaptive
models. Notably, Iran has developed distinctive
supply routes to the Americas (specifically Venezuela)
and East Africa (e.g., Ethiopia and Sudan), suggesting
a diversification of supply channels outside traditional
Western-centered networks.
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Fig. 4. Expanded Regionalized Supplier-Seeker Network of Attack-type UAV Diffusion.

Transfer volume data by series further clarifies the
drivers of this diffusion (see Fig. 5). The Bayraktar
TB2 (Turkey) stands out as a particularly notable case
in the adaptive category for reusable armed UAVs,
with more than 40 documented transfer events, second
only to Israel’s long-standing Hermes/Heron series.

Furthermore, specifically in the loitering munition
segment, [ranian series such as the Ababil and Shahed
series exhibit transfer volumes comparable to
established Chinese platforms such as the Wing Loong
series and have become primary drivers of
proliferation in recent conflict zones.
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Fig. 5. Representative Attack-type UAV Series by Supplier.

These observations suggest that the staged
transformation identified in this study is driven not
only by increased transfer volume, but also by the
emergence of highly competitive non-traditional
supplier models that rapidly weaponize the
civilian-led technological base while prioritizing
accessibility and regional strategic alignment.

3.3. Military/Civil Publication Ratio (Fig. 6)

To interpret the knowledge conditions underlying
this diffusion shift, we next examine whether the

research base itself has become more civilian-led
over time.

Globally, UAV-related publications  have
increased steadily since the early 2000s, with
particularly rapid growth after 2014. Analysis of the
Military/Civil publication ratio reveals a global trend
toward civilian-led knowledge production, as the ratio
has declined in most countries since 2001. This
highlights the growing importance of commercial
technologies — such as sensors, autonomy, and Al — as
foundational inputs into UAV development. This
suggests that the knowledge base has structurally
shifted toward civilian-dominated production,
increasing the potential for military absorption.
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This civilian-led knowledge base provides a
reservoir that military domains can absorb during
periods of strategic necessity. Ukraine is an important
exception, showing a more security-driven knowledge
structure from the mid-2000s onward.

3.4. Structural Break Analysis
of Proliferation Dynamics (Fig. 7)

To identify structural changes in UAV
proliferation, we applied a two-regime Poisson
mean-shift model to annual adoption data and a
mean-shift model to supplier shares for the period
2000 to 2023. The estimation procedure follows a
likelihood-based segmentation approach, in which
candidate breakpoints are evaluated by comparing
model fit across alternative partitions of the time series
using a penalized criterion (BIC). These procedures
are used here as exploratory tools for detecting
regime-level discontinuities in the data. The analysis
identifies two critical breakpoints. First, a shift in the
supplier base occurred in 2012, after which the
combined average share of China and Turkey for the
subsequent regime rose from near zero to 0.52 (52 %)
(Fig. 7a). Second, a major break in proliferation
volume was detected in 2018, when the average annual
number of proliferation events shifted from 2.7 to 24.8
(Fig. 7b). The identified breakpoints are interpreted as
empirically observed structural shifts without causal

identification rather than as definitive causal estimates.

Together, these results demonstrate the staged
nature of this transformation in UAV diffusion, in
which structural changes in the supplier ecosystem
around 2012 established the supply-side capacity that
was subsequently activated by geopolitical shocks.
These shocks acted as catalysts, triggering the sharp
acceleration of adoption after 2018, as seekers shifted
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from unarmed systems to battle-proven armed UAVs
and loitering munitions. This transition underscores
the military domain's evolving role as an absorptive
user capable of rapidly weaponizing the civilian
technological base in response to regional conflicts.

3.5. Citation Relationships and Knowledge
Flows (Fig. 8)

To assess whether this diffusion shift was
accompanied by a corresponding reorientation in
knowledge circulation, we finally examine directional
citation flows.

Citation analysis reveals a clear asymmetry in
knowledge circulation across national innovation
ecosystems. Globally, C2M citation flows have
increased significantly (reaching 91642 citations),
indicating that the civilian domain has become a
primary source of technological inputs for military
UAYV development.

In contrast, M2C citation flows exhibit more
stagnant and heterogeneous patterns across major
UAV-producing countries.

These observations suggest that while knowledge
absorption from civilian technology (spin-on) is
accelerating, it creates a pervasive technological
reservoir that enables the staged transformation of the
ecosystem, allowing the military domain to act as an
"absorptive user" during strategic shocks. Conversely,
spillovers back into the civilian domain (spin-off)
remain uneven and dependent on specific institutional
configurations.

These citation patterns should, however, be
interpreted with caution, since military knowledge
production is not always fully visible in open
publications [11] and may therefore be
underrepresented in bibliometric data.
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4. Discussion

The main implication of these findings is that the
strategic value of UAV-related innovation depends not
only on indigenous technological performance, but
also on how effectively civilian-led knowledge can be
absorbed and mobilized under conditions of
geopolitical stress. This dynamic is particularly
pronounced in UAV technologies, where modular
architectures, rapid iteration cycles, and operational

feedback loops enable fast translation of civilian
components into deployable military systems.

Recent empirical evidence from the 2018
breakpoint suggests that this diffusion is not merely
linear [7], but follows a staged transformation path
where geopolitical shocks act as critical catalysts.
These shocks bridge the gap between the civilian-led
knowledge base and the rapid proliferation of
attack-type platforms, including both reusable armed
UAVs and loitering munitions. This is further
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evidenced by the emergence of non-traditional
suppliers like Iran, which has successfully weaponized
established technology bases to capture significant
shares in the loitering munition segment.

These results further suggest that under economic
security constraints, the capacity to iterate and absorb
external knowledge may become as decisive as the
ability to translate indigenous technological
performance into operational capabilities [12, 13].
This underscores the importance of adaptive supplier
models, like those of Turkey and China, which
established the necessary supply-side capacity
(achieving a 0.52 market share) following the 2012
structural shift. Ultimately, an ecosystem's strategic
impact is determined by its primary transmission
channels, which dictate the speed at which
accumulated civilian-led innovations are absorbed and
converted into military capabilities during periods of
strategic necessity.

These dynamics are consistent with broader
empirical evidence that military-related innovations
can diffuse as effectively as civilian ones, particularly
when they function as general-purpose technologies
that overcome institutional barriers [11]. Furthermore,
the development of such critical technologies has been
shown to generate substantial spillover effects,
stimulating R&D activities across the wider
innovation ecosystem, even among organizations not
directly involved in military projects [14].

For Japan, this implies that economic security
policy [15] should address not only the protection of
critical technologies, but also the institutional
constraints on civil-military integration, which may
limit the effective absorption of rapidly evolving
civilian UAV technologies and potentially create a
structural disadvantage in adaptive capability.

5. Conclusion

This study yields three main findings. First, UAV
research has increasingly shifted toward a structure in
which military development draws on a growing
civilian-led knowledge base. Second, the international
diffusion of attack-type UAVs accelerated sharply
from the late 2010s, following an earlier structural
shift in the supplier base. Third, these results suggest
a systematic correspondence between changes in
knowledge circulation and patterns of technology
diffusion under economic security conditions.

This study is also subject to the limitation that
military knowledge is less likely to be fully disclosed
in open publications, which may lead to an
underestimation of military knowledge production in
bibliometric and citation-based analysis. The observed
relationship between knowledge circulation and
technology diffusion should therefore be interpreted as
a structural association rather than a causal effect.

Taken together, these findings highlight the
importance of understanding knowledge circulation
when analyzing the evolution of dual-use technologies
under economic security conditions.
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Appendix

Table Al summarizes the representative
attack-type UAV series included in the network and
diffusion analysis. The table groups platforms by
major supplier countries and distinguishes between
armed UAVs and loitering munitions where relevant.
Its purpose is to clarify the analytical coverage of the
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study by showing which platform families were
treated as representative cases in the construction of
the dataset. The table should therefore be read as an
operational classification for analysis, rather than as a
complete catalog of all exported UAV variants.

Appendix A. Full Scopus Search Query
and Operational
Classification Rules

UAV-related publications into military,
civilian/commercial, and dual-use categories. The
purpose of this appendix is to improve transparency
and reproducibility by presenting the search logic and
classification procedure in text form.

Al. Search Field and Retrieval Date

The bibliometric corpus was retrieved from
Scopus on 1 December 2025. The search was applied

This appendix provides the full Scopus search  to titles, abstracts, and author keywords
query and the operational rules used to classify (TITLE-ABS-KEY).
Table A1l. Representative attack-type UAV series included in the diffusion analysis (CNAS data).
United States Israel China Turkey Iran
Armed UAV Armed UAV Armed UAV Armed UAV Loitering Munition
* MQ-1 Predator * Hermes 450 * CH-3 * Bayraktar TB2 * Ababil-2T
* MQ-9 Reaper * Heron TP * CH4 » Akinci * Ababil-T
* CH-4B = ANKA * Jenin
Loitering Munition  Loitering Munition « CH-5 « ANKA-S - Khatif-1
. Ph(?enix Ghost * Harop - CH-92 - Aksungur « Khatif-2
= Switchblade 300 = Harpy - CH-95 - Karayel - Murad-5
* Switchblade 600 » Skystriker - Wing Loong I - Songar « Samad-2
* Hero-30 * Wing Loong II * Samad-3
* Hero-120 - Wing Loong ID Loitering Munition - Shahed
* Mini Harpy * CR500 Golden Eagle ~ * Kargu * Shahed-131
' Orb¥ter 3 + WZ-7 Xianglong » Shahed-136
* Orbiter-1K » Unnamed System » Shihab
" SpyX (Unknown name)

Note: The table reports representative platform families used for the diffusion analysis. Minor variants and closely related sub-models were
aggregated where appropriate to maintain analytical comparability and visual readability.

A2. Broad UAYV Search Query

The broad UAV corpus was constructed using the
following  Scopus query: [TITLE-ABS-KEY
("unmanned aerial vehicle" OR "unmanned aerial
vehicles" OR UAV OR UAS OR RPAS OR drone OR
drones) AND PUBYEAR > 1999 AND NOT
TITLE-ABS-KEY (honeybee OR wasp OR
Drosophila OR "drone cell")].

This query was designed to capture the broad
UAV-related literature across both military and
civilian/commercial contexts.

A3. Domain-Specific Query Sets
After retrieval of the broad UAV corpus,

rule-based keyword filters were used to identify
domain-specific subsets.

A3.1. Dual-Use Query Set

Records were classified as dual-use when they
were explicitly identified through the following
dual-use-related query set: [AND TITLE-ABS-KEY

("dual-use" OR "dual use" OR "dual-purpose" OR
"dual purpose” OR "dual-capable" OR "dual
capability" OR "civil-military" OR "civil military" OR
"civil--military" OR "civil--military fusion" OR
"civil-military  integration" OR "civil-military
cooperation" OR "civil-military technology" OR "dual
application" OR "dual applications" OR "military-to-
civilian" OR "civilian-to-military" OR "spin-on" OR
"spin-off" OR "technology transfer" OR "tech
transfer")].

In the present study, the dual-use category refers to
records explicitly identified through dual-use-related
terms. Cross-domain knowledge relationships were
not inferred from keyword overlap alone, but were
examined separately through directional
citation analysis.

A3.2. Military-Oriented Query Set

Records were classified as military-oriented when
they matched the following military-related query set:
[AND TITLE-ABS-KEY(military OR defence OR
defense OR "combat" OR "combat drone" OR
"combat drones" OR "armed drone" OR "armed
drones" OR UCAV OR "unmanned combat aerial
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vehicle" OR "loitering munition” OR "loitering
munitions"” OR ISR OR "intelligence surveillance
reconnaissance" OR reconnaissance OR surveillance
OR "strike" OR "targeting" OR "close air support”" OR
CAS OR 'battlefield" OR '"battlespace" OR
"tactical)].

This query set was intended to identify
publications associated with defense, combat,
reconnaissance, targeting, strike, surveillance, and
related military mission contexts.

A3.3. Civilian/Commercial-Oriented
Query Set

Records were classified as civilian/commercial-
oriented when they matched the following
non-military query set: [AND TITLE-ABS-
KEY(commercial OR "civilian" OR "civil*" OR
"non-military” OR "non military" OR logistics OR
delivery OR "parcel delivery" OR agriculture OR
"precision farming" OR inspection OR "infrastructure
inspection”" OR mapping OR surveying OR "remote
sensing" OR "search and rescue" OR "search &
rescue" OR SAR OR "disaster response" OR "disaster
management" OR "environmental monitoring™)].

This query set was intended to identify
publications associated with logistics, agriculture,
mapping, inspection, monitoring, disaster response,
infrastructure, and related civilian or commercial
applications.

Ad. Operational Classification Procedure

The classification was implemented according to

the following procedure:

1. All records were first required to be included in
the broad UAV corpus;

2. Records matching the military-oriented query
set were classified as military-oriented;

3. Records matching the civilian/commercial-
oriented query set were classified as
civilian/commercial-oriented;

4. Records matching the dual-use query set were
classified as dual-use;

5. Records not matching these domain-specific
query sets were retained in the broad UAV

corpus as foundational or enabling research,
but were not assigned to the three focal
categories.

This procedure was designed as an analytical
coding framework for identifying directional
knowledge relationships across domains, rather than
as a definitive substantive labeling of all UAV-related
publications.

AS. Interpretation of the Dual-Use Category

The dual-use category should be interpreted
cautiously. The number of publications identified
through explicit dual-use-related terms does not
represent the full extent of dual-use knowledge in the
UAYV field. Rather, it indicates the number of records
formally labeled in such terms. In this study, broader
cross-domain knowledge relationships are examined
through directional citation analysis, especially
Civil-to-Military (C2M) and Military-to-Civil (M2C)
citation flows.

A6. Interpretation of Unclassified
Publications

A substantial number of UAV-related publications
were not assigned to the military, civilian/commercial,
or dual-use categories. These records primarily consist
of foundational or enabling research lacking explicit
domain-specific labels. They were retained in the
broad UAV corpus because they still form part of the
wider technological knowledge base relevant to both
civilian and military development.

A7. Limitation of the Classification
Procedure

A key limitation of this bibliometric approach is
that military research is less likely to be fully disclosed
in open publications than civilian research. As a result,
military-oriented knowledge production may be
underrepresented in the observable literature. The
present classification should therefore be interpreted
with this structural visibility bias in mind.

(https://www.sensorsportal.com).
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