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Abstract

With the recent increase in the threat posed by unmanned aerial vehicles (UAVs) operating
in environments where conventional detection systems such as radar, optical, or acoustic
detection are impractical, attention is paid to methods for detecting low-flying UAVs
with small radar cross-section (RCS). The most commonly used detection methods are
radar detection, which is susceptible to electromagnetic (EM) interference, and optical
detection, which is susceptible to weather conditions and line-of-sight. This research
aims to demonstrate the possibility of using passive optical fiber Bragg grating (FBG) as
a sensitive element array for low-flying UAV detection and localization. The principle is
as follows: an optical signal that propagates through an optical fiber can be modulated
due to the FBG reaction on the air pressure caused by a low-flying (even hovering) UAV.
As a result, a small target—the DJI Avata drone can be detected and tracked via intensity
surge determination. In this paper, the experimental setup of the proposed FBG-based
UAV detection system, measurement results, as well as methods for analyzing UAV-caused
downwash are presented. High-speed data reading and processing were achieved for low-
flying drones with the possible presence of EM clutter. The proposed system has shown
the ability to, on average, detect an overpassing UAV’s flight height around 85 percent and
the location around 87 percent of the time. The key advantage of the proposed approach
is the comparatively straightforward implementation and the ability to detect low-flying
targets in the presence of EM clutter.

Keywords: fiber Bragg grating; drone; sensor network; UAV; drone-induced turbulence

1. Introduction
The use of UAVs, more commonly known as drones, is only becoming more

widespread. Drones can serve civil and military purposes such as scouting, perform-
ing deliveries, taking measurements, etc. [1,2]. All of these use cases require dependable
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and accurate methods of UAV detection. Popular drone recognition methods use optical
and acoustic sensors, and radars [3], as well as incorporate sensor fusion techniques to
mitigate the shortcomings of any individual detection method [4].

Acoustic detection methods provide a relatively cheap means and are immune to
vehicle size and lighting conditions; therefore, they can be used around the clock. It also
does not require the UAV to be in the line of sight to be able to successfully detect the
vehicle. These systems use highly sensitive sensors, such as omnidirectional microphones,
that pick up sounds caused by the operation of drones [3,5–8]. Typically, noise caused by
the UAV’s propeller blades is used to detect the aircraft, but additionally, other airborne
sounds made by the drone’s movement through the air can be used. Since acoustic UAV
detection is a relatively cheap and simple method that does not require sophisticated
hardware to operate, its accuracy is highly susceptible to noise pollution caused by wind
and other vehicles. The environment also plays a significant factor in acoustic detection
as it directly impacts how the sound waves travel and echo across the terrain, therefore
impacting the distance a UAV can be detected [9]. It is presumed that the usable range, in
perfect weather conditions, of an acoustic detection UAV is around a couple of hundred
meters, depending on the environment.

Distributed acoustic sensing (DAS) has emerged as a variation of conventional acoustic
detection methods for UAV detection with the key advantage of overcoming the limited
range of conventional microphone sensor arrays [7,8] by using optical fibers [10–12]. DAS
employs fiber-optic acoustic sensors placed over a wide area, which can be interrogated
from a central location, thereby enabling centralized data collection and processing, over-
coming synchronization issues present with wide-scale deployment of microphone ar-
rays [10]. Such an approach allows for drone localization and tracking by correlating audio
signals received by several acoustic sensors; however, this approach is still susceptible to
noise pollution.

Some of these problems can be mitigated by using an optical drone recognition method.
Optical detection uses advanced camera systems that are designed for small to medium-
sized object recognition [13,14]. The use of visual recognition means that optical detection
systems are not impacted by sound pollution. Depending on the object size and camera
resolution, the useful range is also significantly increased, ranging from a couple of hundred
meters to several kilometers [3,13]. Unlike acoustic detection, optical drone recognition
requires the object to be directly in the line of sight for successful operation. These systems
are impacted by lighting conditions in the environment. Weather conditions such as rain,
storms, snow, etc., play a significant role in the accuracy and operational range of such
systems. Most optical detection systems cannot be used during the night and in low-
light conditions. Environmental background can also increase or decrease the ability to
distinguish a flying object [15]. Light detection and ranging (LiDAR) technology is being
explored as a method for UAV detection, particularly in combination with acoustic sensing,
for enhanced target detection and classification [16]. LiDAR systems can provide accurate
3D localization of the target while remaining immune to radio frequency (RF) interference;
however, like all optical detection systems, it is highly susceptible to weather conditions.

However, by far, the most popular method in unmanned aerial vehicle detection is the
use of radar technology [17,18]. Although not immune, radar technology mitigates the ex-
treme sensitivity to weather conditions shown in the previously discussed methods. It does
not require daylight or quiet conditions to work. It also has the furthest effective distance
out of all the reviewed detection methods. Nevertheless, heavy rain and thunderstorms
can impact the effective range of radar technology, but they do not have the same effect as
in acoustic or optical recognition methods. One of the biggest drawbacks of using radar is
its inability to detect low-flying targets since it is directly impacted by its distance from the
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ground [3,14]. Another disadvantage of radar technology is that all targets must be in the
line of sight and can’t be obscured by other objects. For example, the effectiveness of radar
technology is greatly diminished in urban or woodland areas where there are typically
lots of objects that can interact with EM wave propagation and obscure a UAV. Some of
these problems can be solved by using even higher frequency radars in the millimeter
wavelength range, but this comes with its own problems as shorter wavelength waves are
more susceptible to weather conditions, especially moisture and rain [3,14,15,19,20].

Contemporary counter unmanned aerial system (C-UAS) approaches trend towards
involving sensor fusion techniques [4,21,22] and integrating artificial intelligence (AI) in
counter unmanned aerial systems (C-UAS) to aid in target classification [4]. One approach
is to integrate radar systems with cameras, which allows for a multi-layered architecture
for UAV detection and classification [23,24]. While the radar part of the system provides
information such as bearing, range and RCS of the target, the optical part, i.e., the camera,
serves to classify the targets and allows for greater accuracy, in particular when it comes to
differentiating small UAVs and birds. In a similar manner, UAV-emitted RF communication
signal detection combined with acoustic detection can mitigate the noise sensitivity of a
purely acoustic detection system as well as aid in target classification [25]. Combining radar,
optical and acoustic C-UAS methods in a single system and training a convolutional neural
network (CNN) on the radar echoes, captured images and audio signals can significantly
increase target classification accuracy [26].

UAV caused downwash measurements can provide significant improvements in terms
of low flying object detection and effectiveness in object-dense areas such as woods, cities,
etc. Downwash detection based on optical communications technologies such as the FBG
can provide similar benefits as passive radar technology, therefore mitigating various
disruptive environmental factors and at a fraction of the cost [27,28]. Additionally, the
possibility of reusing existing telecommunications infrastructure for this purpose can lower
costs even further and allow for fast, wide-scale deployment of the proposed system. FBGs
have a wide range of uses in medicine [29], measurement of strain [30], measurement
of humidity [31], and temperature [32] and many others [33,34]. FBGs can operate over
long distances, making them highly sought after for large-scale sensing networks [35].
Additionally, advanced nanostructures [36,37] show great promise in enhancing the light
coupling efficiency and, consequently, the sensitivity of the FBG sensor network. While
the possible benefits are clear, they do not yet outweigh the drawbacks, such as increased
manufacturing costs and complexity, and the general maturity of this technology. As one of
the key advantages of the proposed system is the reuse of existing fiber technology, this is a
significant consideration. Integrating FBG sensors in roadways for vehicle detection and
classification [38,39] has generated interest in utilizing similar techniques to classify passing
drones. Classification of passing drones is also a relevant topic when looking into targeted
radar systems [40], where this novel UAV detection system can be paired with others, such
as radio-over-fiber (ROF)-based radar systems, to create a multifaceted detection system.
The straightforward separation of FBGs allows for distinct readings from each section,
enabling an array of sensors to deliver a comprehensive analysis of disturbances caused by
passing objects [38].

FBG-based drone localization and tracking technique shares several similarities with
DAS approach, namely the use of multiple passive sensors distributed along an optical
fiber, which detect the air pressure changes; however, in the case of DAS, the pressure
changes detected by the sensors are significantly smaller, requiring high sensitivity. Both
approaches offer immunity to electromagnetic interference (EMI). While DAS allows for
localization of drones over a wider area by using the time of arrival difference of the acoustic
signals [11], the FBG-based approach allows for precise localization of the drone, at the
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point where it overflies the sensor array, and is immune to noise pollution. These features
are useful when such a system is deployed with the goal of detecting intrusions in a critical
area. DAS approach requires more complex signal processing and more costly sensor
interrogator hardware, as well as the sensors themselves, than the FBG-based approach.
DAS and FBG-based approaches also differ in the manner of deployment and can be
complementary to each other, enabling a sensor fusion-based approach to drone tracking
and intrusion detection.

In this research, we propose a system utilizing FBGs to evaluate the downwash effects
directly beneath the drone by utilizing the FBG sensor network strain readings to calculate
the airflow speed in the z-axis, and we aim to experimentally demonstrate the feasibility
of the proposed system. The system relies on surrounding the perimeter of the area of
interest with an optical fiber that has been equipped with FBG sensors that change the
reflection spectrum based on mechanical deformation. The key advantage is that such fibers
can detect objects flying as low as 1 m, which is significantly lower than most advanced
radar systems. Furthermore, it is also a relatively cheap solution compared to previously
discussed methods, as the manufacturing costs of fiber optic cables are notably smaller
than for cameras, microphones, or radars used in drone detection. The sensors are not
significantly impacted by weather conditions such as wind, rain, and snow, as the specific
signature of a passing UAV can be easily distinguished. A significant advantage of FBG is
that it is not affected by electromagnetic interference. This greatly increases its reliability in
areas with EM clutter.

This paper is structured as follows: Section 2 summarizes the methods of analyzing
UAV caused downwash, Section 3 presents the experimental setup of the proposed UAV
detection system; meanwhile, Section 4 presents the results of the experimental validation
of the system. Finally, Section 5 provides conclusions about the presented research.

2. Methods for the Analysis of UAV Downwash
UAV propellers generate complex patterns of air vortices, downwash flow, and other

air disruptions that need to be accounted for when drones are used for precision applica-
tions [41–43]. Air disruption is caused in all directions, but the most notable and studied is
the disruption below the drone in the z-direction. This will represent the largest disruption
area, as the propellers’ pitch is specifically designed to generate downward thrust and
is particularly critical, as it can disrupt pesticide spray in agricultural applications and
can also be detected by UAV detection systems [41–44]. For this reason, many simulation
tools provide the ability to assess these airflow fields and give insight into the potential
disruptions a UAV can cause around it [43,45,46]. Most methods of analyzing air movement
around the drone involve numerical simulations through Computational Fluid Dynamics
(CFD) [43,45,46]. A widely used analytical approach is the Lattice Boltzmann method of
fluid simulation, which provides insights into general downwash patterns and wingtip
vortices [41,42].

Limited methods are available to provide practical insights into expected UAV down-
wash flow, which is essential for those seeking to evaluate the impact of a specific drone on
the environment below. Practical evaluation of the intricacies of drone-induced turbulence
is limited to using anemometers [41,44] or relying on costly and complex wind tunnel
rotors, resulting in reduced induced turbulence. Basic fluid dynamics principles indicate
that the thrust generated by a propeller is directly proportional to its surface area. From this,
we can conclude that the turbulence induced will be linearly proportional to the square of
its radius. However, this turbulence can manifest as vorticity, downwash airflow, and other
components. For this reason, a thorough and detailed study would necessitate the use of
simulation tools, e.g, Ansys Fluent [43,45,46]. However, creating the mesh and importing
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drone characteristics can be quite challenging, as each model has unique specifications,
such as propeller guard design, propeller speed, and rotor pitch, which collectively increase
the computational resources required for precise simulations, which is why a more straight-
forward and practical method for downwash analysis is essential [41,42]. A summary of
the publications as well as current research is presented in Table 1.

Table 1. Summary of research on UAV downwash.

Ref. Year Type of UAV Rotor
ø, m

Type of Assessment
Environment

Intended
Application Result

[41] 2020 Custom six
rotor drone. 0.381

Lattice Boltzmann
fluid simulation and
indoor anemometer

measurement.

Improvement of
plant protection in
agricultural drones.

Confirmation that LBM
simulations are within 95%
of the practically measured

airflow components.

[42] 2019 M234-AT type
four-rotor drone. 0.766

Lattice Boltzmann
fluid simulation
and wind tunnel

experiment.

Accurate positioning
of the pesticide
spray nozzle.

Airflow vortices and
downwash velocities

analyzed, and optimal spray
parameters confirmed.

[44] 2021

Single rotor blade
of Xrotor Pro

X8 CCW
HOBBY-WING

0.740

Indoor setup with
anemometer at
different points
below the rotor.

Better understanding
of downwash
generated by

a single rotor in
agricultural drones.

Distributions of different
velocity components found,

as well as vorticity
and turbulence

intensities evaluated.

[43] 2022

Computer
generated
four-rotor

PINEXRI-20
equivalent.

0.737
Ansys Fluent
software for

mesh analysis.

Optimization of
spray system design

and location
for agriculture.

Downwash velocity
distributions found

and reviewed.

[45] 2023 Foxtech D130 X8
four-rotor drone. 0.710

Ansys Fluent
software and

open-air
measurements.

Drone turbulence
study to counter
propeller flow
interference in

wind measurements.

Airflow velocity components
are analyzed in CFD, and

open-air measurements are
used to find the best

case for accurate
wind measurements.

[46] 2018 CAD generated
six rotor drone. N/A

Ansys Fluent
software for

mesh analysis.

Identify areas below
the drone of

high turbulence.

Four and two blade
configurations compared.

Vortex, helicity, and
turbulence evaluation.

This
paper 2025 DJI Avata 0.074

Indoor setup with
integrated FBG
sensors in the
optical fiber.

Detect and localize
drones passing over

the FBG sensor array.

Measured drone-induced
downwash. Achieved

localization of the drone
passing over the FBG sensor

array, as well as flight
altitude detection with

accuracy up to 90 percent.

3. Experimental Setup
The experimental setup block diagram is depicted in Figure 1, and captured pho-

tographs of the experiment setup can be seen in Figure 2a. The setup includes the fiber
that is placed in a plastic trench to minimize any side airflow induced by the drone or
other external sources of air movement that could affect the strain on the fiber. The fiber
is securely fixed between each sensor, creating 10 independent sections, each 10 cm long,
where each section is equipped with one sensor. The integrated FBGs in this fiber opti-
cal network feature a full width at half-maximum (FWHM) of less than 0.5 nm, light
reflectivity exceeding 95%, and a suppression ratio of side-lobes (SRSL) greater than
15 dB. The reflected wavelength spacing between the sensors is 5 nm, with an initial
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reflected wavelength in the range of 1520 to 1565 nm. The raw wavelength shift data from
the deformed FBG sensors can be converted into a strain value using Formula (1):

∆ϵ =

λact−λ0
λ0

− B · (Tact − T0)

A
, (1)

where ∆ϵ is the strain shift, λ0 is the initial strain wavelength, λact is the actual strain
wavelength, T0 is the initial temperature, Tact is the actual temperature, and A and B are
the calibration coefficients.

The calibration coefficients for the used FBGs are A = 7.758423 · 10−7 µϵ−1 and
B = 5.892923 · 10−6 ◦C−1. It is worth noting that with temperature changes below 0.1 °C,
which was the case in our scenario, the second term becomes negligible while the first
term is never negligible. Regardless, during the experiments, temperature compensation
was performed.

The measurement device, SCN-80 S-line Scan 800 from Sylex (Bratislava, Slovakia),
which operates in the wavelength range of 1510–1590 nm and has a scanning frequency
of 5 kHz, consists of a superluminescent light emitting diode (SLED) that feeds an optical
circulator (OC) and transfers light to the FBG sensors via a single mode optical fiber (SMF).
The measurement device performs 150 readings of reflected signal from each FBG sensor
every second and, being fully controlled from a personal computer (PC), allows saving raw
data after passing the optical spectrometer with a listed resolution of 1 pm and recorded
precision of 1 fm and digital signal processor (DSP).

FBG1

SLED

Optical
SpectrometerDSP

FBG2 FBG10

SMF

OC

Input
signal

Reflected
signal

Figure 1. Block diagram of the experiment setup.

Figure 2. Overview of the experiment setup, including (a) captured picture with the FBG sensor array,
and (b) flight area coordinate system, where the red line indicates the fiber placement.

The DJI Avata (Shenzhen, China) drone with a rotor diameter of 0.074 m and 5 blades
per rotor was used as an object-under-test that can hover and fly over the fiber in accordance
with the outlined squares as shown in Figure 2a. The size of each unit square is equal to
30 by 30 cm and is comparable to the drone size. Each square corresponds to the coordinate
system values (x,y), where x and y are 0:1:8 as depicted in Figure 2b. The red straight line
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on the coordinate system presents the fiber part with ten equidistantly distributed FBG
sensors (two sensors per unit square) that are placed exactly in the middle of the flight area.

During flights, the UAV’s location in the XY plane was noted using the DJI Avata
integrated downward-facing camera, and the location in the Z plane was noted using its
integrated height measurement system.

4. Results
In the first stage of the experiments, the ability of the FBG sensor array to analyze UAV

aerial downwash was assessed. The DJI Avata UAV was flown over the sensor array at
4 different flight heights to collect relevant FBG strain data. The heights were 30, 60, 90, and
120 cm above the setup. Prior to this, each sensor was tested with an airflow module, which
induced specific airflow velocities at a set distance from it. This was done to measure what
strain value corresponds to a specific airflow velocity value for each sensor. It is necessary
to mention that all raw measurement data were processed with a Savitzky–Golay-type
third-order arithmetic filter with a 101-point sampling frame to ensure that sudden peaks
and anomalies would be smoothed out, essentially providing anti-aliasing for our input
signal. It was found that this combination of frame length and filter degree yielded the
best fidelity results in measurements described below. Comparison between unfiltered and
filtered data can be visible in Figure 3. The strain data from the overpassing UAV flights
was interpolated to aerial velocity values, and the result is visualized in Figure 4. This
visualization is made using a cubic interpolation between the four different flight data sets
to show a comprehensive look into how the high-pressure dissipates below the UAV.

As visible in the figure, the UAV creates an area of high intensity downwash directly
below it and then two distinct pockets of airflow further down, when viewed as a 2D slice.
A low-pressure air pocket directly below and a small distance away from the hull of the
UAV forms due to there being two rows of propellers, meaning two sets of vortices below
them. With higher intensity vortices, they appear to merge, while at lower intensities, they
can be distinguished. This phenomenon is also noticed by other authors [41,42]. From
this, it can be concluded that it is not always possible to localize a UAV by only locating
the sensor that is most deformed and deducing that the object passed the system at that
point. By analyzing the downwash data of different flights passing the FBG sensor array,
an effective method for UAV localization can be achieved.

Figure 3. The intensity map of a test flight, (a) without filtering, (b) filtered with Savitzky–Golay-type
third-order arithmetic filter.
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Figure 4. UAV-induced airflow in the z-axis direction when crossing the FBG array.

The experimental study included two sets of measurements designed to give insight
into the ability of the proposed FBG sensor array to correctly identify the location of an
overpassing UAV. The first set of measurements served as a tool for height analysis, which
allows evaluating the viability of UAV flight height detection and possible extension to
object differentiation. Four flights were performed at the heights of 30, 60, 90, and 120 cm
above the sensor array. The induced wavelength shift on the FBG sensors in the baseline
measurements can be seen in Figure 5.

Figure 5. The intensity map of four test flights corresponding to flights perpendicular to the fiber at
(a) 120 cm, (b) 90 cm, (c) 60 cm, and (d) 30 cm.

From these measurements, we can both analyze the aerial downwash of the UAV
and use them as a baseline to compare other flights to detect the flight height of a passing
drone over the sensor array. Due to random air vortices and the possibility of some sensors
reacting differently to others, it would not be possible to accurately assess the location or
height of the UAV crossing using only the raw sensor data and choosing the sensor that
was most deformed as an indicator of location. For higher accuracy predictions, the cosine
similarity principle [47,48], which is a way of comparing the trends of two vector arrays,
was used. This form of pattern recognition was chosen because it is relatively simple and
requires a small initial data set, which is essential in this type of experiment. To do this,
the absolute peak wavelength shift from all sensors of a disturbed period was located, and
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its timestamp was noted. Five wavelength shift values were taken before and after this
timestamp, with intervals of 6.7 ms each, to form the increase and decrease profiles of the
specific wavelength shift of this most disturbed sensor, resulting in an 11 × 1 matrix. The
wavelength shift values of all other sensors at those specific timestamps were taken to
form an 11 × 10 matrix, which represents that specific crossing. Multiple iterations across
each height of passing were taken to form an average 11 × 10 increase and decrease of
the wavelength shift matrix. Adding together all 4 heights, a 4 × 11 × 10 base matrix was
formed. Employing the same concept, the random flights were also converted into 10 × 11
value matrices, with each element corresponding to a strain value from the FBG sensors.
The 11 arrays from the random matrix were compared to the 11 arrays from the set of 4 base
matrices by using the cosine similarity principle shown in Formula (2), and a best match
was determined. During the cosine similarity comparison, all arrays were normalized to
their own top values to make sure that, when comparing them, the most significant factor
would be the overall trend of the array and not the absolute peak of it.

cos Φ =
A(i, j, :) · B(j, :)

∥A(i, j, :)∥ ∥B(j, :)∥ , (2)

where cos Φ is the cosine product, A(i, j, :) is the contemporary base array from the base
matrix, and B(j, :) is the test array. The numerator consists of the dot product of these
arrays, while the denominator is the product of the multiplication of the Euclidian norm of
these arrays.

Using this principle and comparing to the real data collected at the time of the flights, it
was concluded that flights at 30 cm were correctly identified by this FBG sensor system and
algorithm 90 percent of the time, flights at 90 and 120 cm at around 85 percent, and flights
at 60 cm 80 percent of the time. This is likely due to the fact that, as visible in Figure 5,
90 and 120 cm flights have more distinct pockets of heightened air pressure, while at 60 cm
height, the high peak at the middle can be mistaken for the central peak visible at 30 cm
flight height.

To examine this FBG sensor setup’s ability to localize the UAV on the x-y plane, an
initial set of configuration flights was conducted over columns 1 through 7 from the grid
visible in Figure 2b. The purpose of these flights was to establish what the FBG strain
reading responses could look like when the UAV passes through these specific sections.
A relatively constant speed of 1 m/s and height of 1 m were maintained during these
measurements. After a set of baseline measurements was obtained, random flights were
conducted perpendicular to the sensor array, and the sections that were passed over were
visually noted for further analysis and to see how well this FBG sensor array could locate
overpassing UAVs. The processed results of these measurements can be seen in Figure 6.

Across all measurements, the correct section was detected 81 percent of the time when
using the cosine similarity principle. However, it is worth noting that this is because
the flights over the first section, which were not directly over the sensor array, had only
70 percent accuracy. Flights over sections 2, 3, and 6 were correctly identified around
95 percent of the time. In contrast, sections 4, 5, and 7 were correctly identified in around
85 percent of measurements.

When looking at only flights that took place directly over the sensor array, this system
was able to identify the location and narrow it down to a 30 cm long stretch of area in
90 percent of cases. The results obtained show the proof of this concept and the ability of
an FBG array to localize an overpassing UAV. When considering future perspectives for
this technology, it would greatly benefit this system if a more comprehensive air collection
system were implemented to enable a more thorough accumulation of relevant flight
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data. This would ensure a higher accuracy in the discrimination of different flight heights
and locations.

Figure 6. The intensity map of four test flights corresponding to flights perpendicular to the fiber at
column 3 from the grid designation.

5. Conclusions
In this paper, a novel approach for a small target, for example, the DJI Avata

drone, detection and localization using an optical FBG-based sensor array is presented.
The presented system possesses a number of advantages over conventional detection sys-
tems, for example, radar. The conventional radar, using only EM waves for target detection,
exhibits problems with the detection of small targets (targets with a small value of RCS)
and detection in the case of large clutter presence, low-flying targets, and under conditions
of electromagnetic and other interference (clouds, trees, radar jamming, etc.). Meanwhile,
the suggested system uses the mechanical nature of the air pressure changes on the optical
FBG sensor array generated by the target.

The analysis is based on the time-frame estimation of the reflected signal intensity,
followed by the detection and tracking of its maximum. The utilized device SCN-80
S-line Scan 800 from Sylex, being the core component of the sensor’s data processing
part, supports high-speed data reading and processing, 150 readings per second, which is
enough for detecting slow drones as the DJI Avata.

The system successfully detected high-frequency aerial disturbances in the z-direction
beneath a perpendicularly flying UAV. The UAV-induced strain on the FBG network
substantially decreased when increasing flight height. By completing a series of test flights
and compiling a standard flight matrix, it was possible to detect an overpassing UAV’s
flight height around 85 percent and the location around 87 percent of the time.

The achieved results validate the use of FBG strain sensors for analyzing UAV-induced
downwash as an alternative to complex systems and a proof of concept that FBGs can
be used as small-scale devices in drone localization. The presented system prototype has
a high potential to serve as an augmentation to existing radar and other UAV detection
systems in a sensor fusion approach as well as a standalone system for the detection of
low-flying targets in environments where the deployment of conventional radar, optical,
and acoustic detection systems is impractical.

Our future work includes testing of the proposed system in various weather condi-
tions such as rain, snow, and wind, as well as determining the detection and localization
capabilities with various UAVs in different flight modes. Additionally, we aim to explore
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the proposed system’s impact on UAV localization when integrated with a frequency-
modulated continuous wave (FMCW) radar system.
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Abbreviations
The following abbreviations are used in this manuscript:

AI artificial intelligence
CNN convolutional neural network
C-UAS counter unmanned aerial systems
DAS distributed acoustic sensing
DSP digital signal processor
EM electromagnetic
EMI electromagnetic interference
FBG fiber Bragg grating
FMCW frequency-modulated continuous wave
FWHM full width at half-maximum
LiDAR light detection and ranging
OC optical circulator
PC personal computer
RCS radar cross-section
RF radio frequency
ROF radio-over-fiber
SLED superluminescent light emitting diode
SMF single mode optical fiber
SRSL suppression ratio of side-lobes
UAV unmanned aerial vehicle
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