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Abstract

Drone-monitoring radars typically integrate many pulses in order to improve signal to
noise ratio and enable high detection performance. Over the course of this coherent
processing interval (CPI), many components of the drone signature change and the
signature's amplitude and Doppler modulations may hinder coherent integration per-
formance, even in the absence of range-Doppler cell migrations. A statistical character-
isation of these fluctuations aides radar designers in selecting optimal CPI lengths. This
paper presents a statistical analysis of experimental data of nine flying drones, collected
with a frequency modulated continuous wave Ku-band radar, and examines the statistical
features of the amplitude fluctuations of the drone body and blades as well as the
signature decorrelation time. The method of moments is used to estimate the probability
density function parameters of different drone spectral components with the aim of
informing the development of improved theory for predicting drone signatures and ul-
timately increasing detection performance. Results show that, on average, the Weibull
distribution provided the best mean square error fit to the data for most drone spectral
components and drone types, with the Rayleigh distribution being the next best match.
These results were further corroborated by a study of detection performance for a
fluctuating target. Whilst decorrelation times of the various signatures varied significantly,
even for the same drone, results show that an approximate inverse relationship between
drone spectral component bandwidth and decorrelation time held, with individual
spectral lines decorrelating after tens to hundreds of msec.

low-cost X-band radar, it illustrated how to determine the
spectral extent of jet engine modulation (JEM) lines, how to

Drones and drone-monitoring radars have been studied
increasingly over the last 10 years. Over time, more drone types
and a more diverse set of radars have been developed, with
many studies describing radar signatures of various drones.
Some of these characterisations are used to inform radar im-
provements and algorithmic detection and target characteri-
sation logic (including machine learning and artificial
intelligence).

The aim of this section is to review previous research
which has employed radars at different wavelengths and
polarisations, with a number of different drone types, to
characterise drone signatures and drone radar cross sections
(RCSs) in a variety of ways. [1] provided a useful approach to
using micro-Doppler analysis for characterising small drones (a
two-bladed helicopter, a quadcopter and a hexacopter). Using a

estimate the rotation rate using spectrogram analysis and how
to calculate blade tip velocities with the aim of identifying the
drone type. It also pointed out the frequently changing rota-
tional velocities of the blades and the ‘chaotic’ behaviour of
spectral lines, which complicate signature-based identification
techniques.

[2] provided a comprehensive overview of approaches to
characterising drone RCSs. It summarised the different meth-
odologies used (including the use of Radio Frequencies from
S-band to Ku-band) as well as the overall and relative RCSs of
numerous drones. Included in this summary was [3], which
performed detailed modelling and analysis of DJI Phantom
Vision 2+ RCSs, illustrating the effect of changing aspect
angle, carrier frequency and polarisation. In this work, simu-
lated data was corroborated with experimental data. [4] used
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two different radars (operating at 14 and 20 GHz) to collect
signatures from two different drones (a DJI Inspire 1 and a
HobbyLord F829) using different polarisation combinations.
Collecting multi-aspect data in both laboratory and outdoor
settings, this work showed different polarisation settings pro-
vide stronger target returns. [5] examined the major scattering
components on a DJI Phantom 2, a 3DR Solo and a D]JI
Inspire 1 by creating inverse synthetic aperture radar (ISAR)
images of each drone at different frequencies (3—6 GHz and
12-15 GHz) and different polarisations, all within an anechoic
chamber. In their work, it was found the non-plastic compo-
nents of the drone dominate the signature and that rotors are
unobservable, even when rotating, Also, [6] studied RCS sta-
tistics of a Parrot AR in-flight within a laboratory setting at a
number of different angles, using maximum likelihood esti-
mation (MLE) to match amplitude statistics of the drone to a
given distribution.

One of the more recent examples of a signature study is
[7], which investigated how blade rotation affects drone sig-
natures with a primary goal of demonstrating how blade
flashes can be used similarly to micro-Doppler processing for
target identification. To this end, it contained multiple exam-
ples of DJI Phantom 3 signatures, including amplitude versus
range (for a high range resolution radar), amplitude versus time
and amplitude versus frequency (looking at S-, X-, and Ku-
bands). Supplemented with a high-speed camera, these plots
are useful at showing how blade flashes affect the amplitude
versus time plots, how much lower in reflectivity the blades are
compared to the main body and how the spectrum for various
scenarios should appear.

Two examples looking at how signatures change in flight
are [8, 9]. The former provided diverse methods to calculate
the coherency of drone signatures, including statistical analysis
of the amplitude and phase of the return signals as well as the
gain from different integration times. It used an X-band
FMCW radar and examined three different drones (a Parrot
AR, a DJI FJ550 and a DJI Phantom 2), some of which were
on different trajectories and in different wind conditions. Re-
sults showed that the coherency times varied extensively (over
hundreds of milliseconds) for these different scenarios. The
latter ([9]) also used an FMCW X-band radar to collect in-flight
signatures of a DJI Phantom 4. This analysis included power
and RCS versus range (corresponding to hundreds of seconds)
as well as a histogram of target amplitudes. It stated that the
target is a Swerling 1 because of its Chi Squared density
function.

Like [6, 9, 10] attempted to statistically characterise signa-
tures by providing a comprehensive approach to matching
empirical data to parameterised statistical distributions with the
goal of estimating how RCS varies with frequency, polarisation
and azimuth. It examined six different drones (four quad-
copters and two hexacopters) on a turntable within an
anechoic chamber and for comparison flew one of the quad-
copters outdoors to examine RCS variations with elevation
angle.

The research listed above, whilst providing a compre-
hensive set of literature on drone RCSs and the fluctuations

thereof, all work with data after coherent integration. For
example, [8, 9] look at tens or hundreds of seconds worth of
data, stating or implying that they have already integrated a
certain number of pulses. Reference [7] shows time-domain
and frequency-domain data after coherent integration but
still does not look in depth at amplitude fluctuations over
time.

This work analyses unique experimentally collected Ku-
band data of flying drones in an uncontrolled environment
prior to coherent integration. It examines the statistical
characteristics of the individual spectral components that
drive the composite signature, with the aim of improving
detection efficiency and CPI duration selection. To the best of
the authors' knowledge, no previous work has presented Ku-
band radar data to look over such a broad set of in-flight
drone data, including multiple examples of quad-copters,
hexacopters and, particularly, fixed-wing drones. Finally, this
analysis compares how drone spectral component statistics
(both RCS fluctuations and spectral component decorrelation
times) vary with time from drone type to drone type. The
analysis of decorrelation times informs on the selection of
suitable CPI durations to achieve detection. The longer the
decorrelation time the longer is the CPI that provides a useful
coherent integration gain. Integrating the target once the re-
turn has decorrelated does not offer a significant gain and
therefore CPI durations can be optimised to manage radar
resources effectively.

Section II reviews drone signature theory. Section III de-
scribes the experiments conducted and how the signature
spectral components were extracted for further analysis. Sec-
tion IV provides a detailed methodology for statistical analysis.
It examines one specific drone thoroughly and summarises the
same statistical metrics across all nine drones in a compre-
hensive summary table. Section V presents observations
with detection performance. Finally, Section VI presents
conclusions.

2 | DRONE SIGNATURE THEORY

Let us consider the 2-dimensional (2-D) geometry shown in
Figure 1 with an ideal point scatterer (S2) rotating in the
XY plane around a stationary centre of rotation (S1) with a
radius L,

y-axis
: S2: rotating with
i _—=7°coordinates x{t), y(t)
) - '

P
- L,
.2

4:::::__.{ _______ o N2t . X-axis
R, | ,S1: stationary

Antenna

Direction of rotation with"
rotation rate of 2nf, S

FIGURE 1 Rotating scatterer model
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whete R is the range from the radar antenna to the centre
of rotation, 7(t) is the time-varying range between the radar and
the scatterer, f, is the scatterer rotational frequency and 2mf, ¢ is
the angle at time ¢ that the radius of rotation forms with the x-
axis. The coordinates of S2 relative to the origin of the Carte-
sian plane are x(t) = Lycos(2wf,t) and y(t) = Lysin(27f,t).
Using the Pythagotean theorem and assuming L, < Ry, the
range from the antenna to the rotating scatterer is 7(z) =
Ry + L, cos (27rﬂt) and, as a result, the Doppler induced by
the rotating point scatterer is a function of sin(2wf,z) [11-14].
n [11], the simple case presented in Figure 1 was extended to
show that the reflected radar signal from a distributed target
with N finite-length rotating propeller blades, in a 3-D Carte-
sian plane, can be modelled as in Equation (1).

N-1
ZA, L,— L)

n=0

. 47 L2 - L1 27N
il Lo 1
smc( PR cos(a )sm(Zﬂ'ft N )> (1)

(Zwﬂz—— [Rn + ot + ” L cos(a)sin (27rf,z+21%")] )
e

In Equation (1), A, is an amplitude scale factor, v is the
bulk translational velocity of the tatget, L; is the distance from
the centre of rotation to the blade root, L; is the length of the
blade, 4 is the radar's wavelength at the carrier frequency f; and
a is the angle between the radar's line of sight and the rotor's
plane of rotation. Equation (1) captures the critical variables
shaping the Doppler signature of distributed rotating blades.
Its Fourier Transform is [11]

X(N=3 cs(f~fi~fa-Nof,) @)

n=—N

whete 7 is the spectral line index, N; trefers to the highest
significant sideband number, f; is the Doppler frequency and

Nnu A N

Acos Q)

JiNn| 2041 <477TL2 cos(a)> (3)

2

OM8

4TR

4w R
= JNnj2i1 (7141 COS(a))]e 7

In (3), #(n) is the unit step function which is equal to 1 for
n > 0 and 0 elsewhere, and J(+) is 2 Bessel function of the first
kind of the kth order. Equations (2) and (3) provide an analytic
expression for the spectrum of a distributed rotating scatterer
and assume only some spectral lines will be observable. They
indicate that the spectrum will be the superposition of a delta
function corresponding to the target stationary components
and additional delta functions at multiples of the rotational
rate, all Bessel-weighted by the rotor length to wavelength ratio
and the line of sight (LOS) angle.

When o approaches 90° (e.g for a typical fixed wing drone
flying radially towards the radar), no micro-Doppler signature
is produced. However, in practice, Doppler sidebands are
caused by complex modulations induced by the blade RCS as
the rotor comes in and out of alignment with the radat's
polarisation direction. This amplitude modulation generates
periodical or quasi-periodical returns and flashes that create
sidebands in the spectrum which the mathematical model used
in [13, 14] does not describe. An interested reader can refer to
[15] for more details on this topic.

In real-world scenarios, many of the above variables will
change value randomly throughout a CPI and the signal will be
corrupted by additive white Gaussian noise. For these reasons,
a statistical analysis of experimental data represents a very
important step to allow the validation of mathematical and
simulation models and to provide a full characterisation of real
flying drone signatures.

3 | SIGNATURE EXTRACTION AND
EXPERIMENTS

This section explains the theory and experimental background
to the statistical analysis. Various spectral components of the
drone signature are extracted and their SNR estimated.
Detailed results are provided for one specific test.

3.1 | Signature extraction
Let us assume a ground-based FMCW radar that provides a
target measurement return for every transmitted frequency
sweep. The beat signal of interest is

2(n) = s(n) + w(n), (4)

where s(n) refers to the radar beat signal reflected from the
drone for one particular range cell, 7 indicates the sweep
number of the FMCW radar and w(n) is additive white
Gaussian noise. Next, the discrete Fourier transform is
taken by

Z(n)e—jz'/rnk/K (5)

I
M=

where N is the length of z(n), K is the even number of
points of the Fourier transform and k refers to the fre-
quency bin axis, spanning —K/2 to K/2 — 1. Typical radar
data is such that the spectrum Z(k) contains large ground
clutter returns that must be removed. Assuming the target is
moving with a sufficient radial velocity, a high pass filter is
applied by zeroing out bins near 0 Hz, producing a resulting
spectrum Zy(k). Next, the decluttered signal is converted
back into the time-domain via the inverse Fourier
transform as
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z(n), = ZK: Zo (k)N (6)

k=1

In Equation (6), z(n), is the time domain signal with sta-
tionary clutter removed. Since the Doppler bandwidth of z(%),,
spans the sweep repetition frequency and the target contribu-
tion only covers a limited portion of this bandwidth, the SNR
can be improved by band pass filtering to reject the thermal
noise outside the target bandwidth (i.e. because the power
spectral density of the noise is uniform within the Doppler
bandwidth). Various band pass filters have been applied to the
data, to isolate the signature spectral components of interest,
improve the SNR and obtain the resulting signal

2(n)p =z(n), * h(n); (7)

to be analysed. In (7), b(n)f is the time response of the flat
bandpass filter tuned to match the bandwidth of a specific
drone spectral component of interest. This was manually
selected to pass and analyse specific spectral component(s) of
interest. Finally, a check of the SNR of z(7), can be performed
to ensure that the statistics developed reflect the behaviour of
the spectral components of interest and not the noise.

3.2 | Statistical and correlation analysis

Once the individual drone spectral components have been
separated, it is possible to study their specific statistical prop-
erties. When generating signal statistics, the measured ampli-
tude ‘Z(n) f} is seen as the realisation of a random vatiable X
with probability density function (PDF) fx(x). The correlation
analysis is carried out on the complex signal z(n), under the
assumption that the samples of the individual drone spectral
components atre the realisation of a stationary random process,
to characterise the first and second order statistics. Decorre-
lation times are also estimated to examine the duration over
which the signal is coherent to inform the development of
detection algorithms.

For characterising the drone spectral component statistics,
attempts are made to fit the data to four candidate PDFs: the
Rayleigh, Gamma, Weibull and Log-Normal PDFs. Each
candidate PDF is defined by one or two parameters which are a
function of the first order moment E{X} and second order
moment £ {Xz} of X. After estimating the data distribution
from the experimental data with a histogram, the mean squared
error (MSE) between the histogram and each candidate theo-
retical PDF was calculated and compared to find the ‘best fit’.
The expressions of the theoretical PDFs follow:

(1) Rayleigh Density Function

The Rayleigh PDF is defined as

felx) == = (8)

r

for x>0 and is fully characterised by the parameter
r=u/+/7/2, where E{X} = p is the mean value of X.

(2) Gamma Density Function

The Gamma PDF is defined as

L gl (9)

for x> 0. It is fully characterised by the parameters g,
referred to as the shape parameter, and 6, referred to as the
scale parameter. These two parameters are determined using
the mean and the variance of X and the relationships

E{X} =p=g0 and E{X*} — E{X}> = 0> = g0’ (where &°

is the variance of X).
(3) Weibull Density Function

The Weibull PDF is defined as
fX(x) _ % xc—le—(x/d)f (10)

for x > 0, also with ¢ referred to as the shape parameter
and d as the scale parameter. They are determined by solving

c= (%)1'086 and d = FL with u and ¢ defined above [16].

(1+1)

(4) Log-Normal Density Function
The Log-Normal PDF is defined as

L)

Jx(x) = e (11)

xvV/ 2T

for x > 0, where m and v are the distribution parameters

2
and are determined using equations 72 —ln< \/—ZL——2> and
o”+p

v=4/ln (,;26711) with p and 6? defined above [17].

The distribution parameters were estimated with the
method of moments as in [18] by calculating the moments
from the data as

Em3=%§yww (12)

and

‘ 2

z(n)s (13)

E{XZ}:;]XN:

n—1

After fitting the data to candidate histograms, the decot-
relation time of each signal was estimated. The biased
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autocorrelation function (ACFs) R(m) was estimated using the
complex data as [19]

N
R(m) :]%] Zz(n)fz*(n—i-m)f. (14)

n=0

and normalised for ease of comparison. The decorrelation time
was defined as the time at which the value of the ACF
decreased below 10% of the peak value [20].

3.3 | Data collection
A monostatic FMCW Ku-band radar operating at 16.6 GHz
was used to collect signatures of nine separate flying drones,
including three fixed-wing drones, each flying random trajec-
tories in uncontrolled outdoor conditions. The drones used,
together with their type and dimensions, are listed in Table 1
and represent multiple categories of airframes with different
body shapes, numbers of propellers and flight dynamics. Over
two hundred data files from the drone flights were provided.
In order to investigate the statistics and carry out an
analysis of correlation aimed at informing integration in the
absence of range-Doppler migrations, the overall data set was
surveyed and specific files that contained high SNR and
minimally manoeuvring targets were selected. Three data files
per drone type were identified for further analysis. With a
20 MHz waveform, the range resolution of the radar used was
7.5 m, which ensured all spectral components fit into one
range cell for each drone. The radar was HH polarised. With a
PRF of 6617 Hz, all close-in spectral lines were measured
unambiguously within the available Doppler bandwidth
(+/-3308 Hz cotresponding to +/—=30 m/s) and no appre-
ciable aliasing was noted for any of the drones. For each drone,
data was arranged in frames of one-second-long sequences
providing 6617 data samples per range cell. Four range cells on
cither side of the target's range cell were also provided to
ensure possible range migrations could be captured and to
extract close-range environmental (clutter/interference/noise)

TABLE 1 Drone types

Name Type Dimensions (mm)
DJI M210 Quad 790 x 390 x 290 [22]
DJI Mavic air 2 Quad 183 x 253 x 77 [23]
DJI phantom 3 Quad 590 (diagonal) [24]
DJI mavic 2 pro Quad 322 X 242 x 84 [25]
Yuneec H920 Hex 797 x 920 x 461 [26]
Yuneec H520 Hex 520 x 457 x 310 [27]

FMS east trainer Fixed-wing pusher 1280 x 910 [28]

Ares gamma pro V2 Fixed-wing puller 940 x 775 [29]

Dynam A10 warthog  Fixed-wing electric

ducted fan (EDF)

1080 x 995 [30]

information. The data clearly identified which range cell con-
tained the target and other range cells could be used for noise
estimation.

The analytic techniques desctibed in Section II1.A and III.
B were applied to the flight data files for all nine drone types.
Due to space limitations, in this article, plots for only one file
and trajectory of one specific drone type, a Yuneec H920
hexacopter (Figure 2), are reported. The file corresponds to a
trajectory on a nearly constant velocity flight path to illustrate
the key analytic concepts in the absence of range-Doppler
migrations.

This sizeable drone can fly up to 21 m/s, providing a large
RCS to the radar. The remainder of Section III as well as
Section IV illustrate the analysis of this data file. Results from
the statistical analysis of the other eight drones are summarised
in Table 5.

3.4 | Data analysis

The time domain signal for the Yuneec H920 that has been
analysed in detail shows a high average SNR of over 20 dB.
The short time Fourier transform (STFT) of the data is shown
in Figure 3 and was created using 8192 FFT points and a time
window length of 150 sweeps (corresponding to a dwell time
of 22.7 msec and to a Doppler resolution of about 44 Hz).
This signal corresponds to z(7), from Equation (6), indicating

FIGURE 2 Image of yuneec 920 [21]

STFT of x(p),, (8192-pt FFT, 150-pt Wind

ow Length)

20 %
= 2
0.4 E
2 10 2
< £
@

£ 01 %
= ¢
0
20 s

-30

4 -40

1000 2000 3000 4000 5000 6000 7000 8000
Frequency [Hz]

FIGURE 3 Short time Fourier transform (STFT) of yuneec H920 with
nearly constant velocity
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that the STFT was calculated after the stationary clutter was
removed, albeit prior to any further filtering.

The signal clearly demonstrates two large amplitude pla-
teaus (between 200 and 400 msec and between 650 and 800
msec), likely corresponding to drone aspect changes. Notably,
results show how the drone amplitude can significantly in-
crease in value in a few hundred milliseconds, or even less. This
plot however does not show details of how the amplitude of
individual drone spectral components change with time. To
isolate the individual spectral components, spectral analysis is
needed. Figure 4 shows the spectrum of the drone Zy(k),
which spans the Doppler bandwidth 4/-3308 Hz (corre-
sponding to +/—30 m/s) together with the spectrum of the
receiver background noise.

The blue line in Figure 4 was obtained with an 8192-point
FFT of the range cell containing the target return and the red
line from a range cell containing only noise. The high-pass
filter used to remove the stationary clutter retained energy
above +/— 80 Hz, which for this file included the body and all
significant drone spectral lines.

For spectral component-specific analysis, this paper ana-
lyses selected sections of this spectrum: 1) the entire drone
signature, 2) the drone's body, 3) all the spectral lines (without
the body) and 4) two individual spectral lines. For each drone
file studied, the authors examined the spectrum and defined
the drone spectral components as portions of the spectrum

Spectra for Drone and Noise

80 m
~Drone
Noise
70 b
60 - q
o
5.
© 50
=
o
o
40

-3000 -2000 -1000 0 1000 2000 3000
Frequency [Hz]

FIGURE 4 Spectra of drone signal and noise signal
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FIGURE 5 Zoomed spectra

where the drone returns were above the noise level and
remained above the noise for more than four adjacent bins.
The boundaries of a specific spectral component were defined
as the bins at which the frequency content was no longer
discernible, having decreased to the noise level. Due to spectral
line asymmetry and the desire to broaden the analysis, the first
spectral line on the positive (right) side of the body was
selected and third spectral line on the negative (left) side of the
body was selected.’ Figure 5 shows a zoomed in version of
Figure 4, focussing on the body and the first 3 spectral lines.

Results show that the body's return is prominent around
1626 Hz and three spectral lines are shown on either side of it.
The spectral lines widen as they move outward from the body's
return, decreasing their overall amplitude. This spectral
spreading is possibly due to slightly varying rotational velocities
and higher ordered mixing products.

Next, the SNRs were estimated. First, the entire drone
spectrum was filtered to isolate the body and all appreciable
spectral lines with a 2040 Hz bandpass filter, centred at
1470 Hz” The time-domain signal (on a linear scale) of the
entire drone is shown, along with the estimated SNR (on a
logarithmic scale), in Figure 6.

The two large amplitude plateaus are still visible after
bandpass filtering, as well some minor fluctuations from the
blades. In the bottom plot, the SNR is shown to be around
10 dB to nearly 30 dB at times. To create the SNR estimate, the
noise from a range cell with no discernible signal was filtered
using the same A () ¢ used to isolate the drone in the range cell
with the target. Then the mean noise power was calculated as
the mean value of |w(n) f|2 and the instantaneous power of the
filtered target signal was divided by the noise mean power
estimate, providing an SNR-versus-time estimate.

The drone body was studied by isolating it with a 24 Hz
bandpass filter, centred at 1626 Hz, and the noise signal was
isolated using the same filter on the reference range cell. The
noise power was estimated by the process described above.
The body signal amplitude is shown in Figure 7 with the
estimated SNR. Due to the much narrower bandpass filter, the
body's SNR was well above 20 dB for most of the one-second
acquisition time.

To isolate the spectral lines a bandpass filter covering all
spectral line frequencies yet excluding the body frequencies
was applied. The amplitude and SNR of the spectral lines are
shown in Figure 8.

It is clear that the large amplitude plateaus from Figures 3,
6 and 7 are no longer present, confirming that those notable
fluctuations were related to the body instead of the blades. The
SNR of the spectral lines fluctuates mainly between 5 and
20 dB for the entire acquisition time, except for very brief SNR
drops.

‘Whilst in most data files the body and the first three spectral lines were outside the
clutter notch, some SNRs were so significant and spectral extents so broad that a few
spectral lines fell in the clutter notch and were not analysed.

‘In many cases, the filter was not centred on the body due to the asymmetry of the
spectral line pattern. For example, many cases were studied with more spectral lines on
one side of the body than the other.
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Finally, two specific spectral lines were isolated to compare
the properties of different spectral components. The first and
third spectral lines were selected as they were frequently
observable in the spectral analysis of the dataset (i.e. their
SNRs are usually higher than spectral lines further away from
the body). In analysing the broader set of drones, every attempt
was made to select spectral lines from opposite sides of the
body. However, in some cases a first and third spectral line on
opposite sides of the body were not observable, so an

N
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FIGURE 6 Signal and estimated signal to noise ratio (SNR): whole
drone
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FIGURE 7 Signal and estimated signal to noise ratio (SNR): body only
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FIGURE 8 Signal and estimated signal to noise ratio (SNR): all
spectral lines

adjustment was made to take them from the same side. Both
spectral line time-domain plots in Figures 9 and 10 show, to
varying degrees, periodic amplitude fluctuation.

In order to isolate the first spectral line, a 23 Hz band pass
filter, centred at 1760 Hz, was used. As can be seen in the
bottom plot of Figure 9, the SNR fluctuated extensively with
peaks around 20-25 dB.

In order to isolate the third spectral line, a 63 Hz bandpass
filter, centred at 1217 Hz, was used. As can be seen in the
bottom plot of Figure 10, the SNR also fluctuated with peaks
between 10 and 20 dB. Table 2 summarises the key parameters
of each drone spectral component (for the specific data file in
this section). The mean target signal power was calculated as
the mean of |Z(n)f’ minus the mean noise power.

4 | STATISTICAL ANALYSIS

This section presents a detailed statistical analysis of the data
described above. It applies the theory presented in Section 11
and discusses the results. Finally, it presents a summary table of
the results of the application of the same analysis to the eight
other drones.

Time-Domain Signal for 1st Spectral Line

o
w
T

Amplitude
© ©
. [N}

0 I I I L
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

SNR Estimate for 1st Spectral Line

L
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Time [sec]

FIGURE 9 Signal and estimated signal to noise ratio (SNR): first
spectral line

02 Time-Domain Signal for 3rd Spectral Line
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FIGURE 10 Signal and estimated signal to noise ratio (SNR): third
spectral line
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First a histogram was developed of the amplitudes re-
flected from the entire drone for 6600 sweeps (approximately
one second). To create this histogram (as well as that of the
body-only), 82 amplitude bins were used, corresponding to the

TABLE 2 Bandwidth, signal and noise parameters

Mean Mean
Drone spectral Bandwidth Mean signal NoisePower SNR
component (Hz) Power (dB) (dB) (dB)
Whole drone 2039.5 2.8 -18.3 21.1
Body 242 2.4 —35.3 377
All SLs* 2013.7 =79 —18.4 10.5
1% SL 23.4 -17.8 -38.0 20.2
3 SL 63.0 -21.3 -32.8 11.6

Abbreviations: SL, Spectral Line; SNR, signal to noise ratio.

Whole Drone and Noise Amplitude Histograms with Best Fit PDFs
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FIGURE 11 Magnitude and histogram compared: whole drone

square root of the number of samples of the time-domain
signal plus an additional amplitude bin. This number was
selected through trial and error with the aim of providing fine
amplitude resolution but also allowing a useful number of
occurrences per amplitude bin. To create the noise histograms,
five times more amplitude bins were used to ensure sufficient
occurrences (i.e. most noise values fell far to the left on the x-
axis due to the high SNR). Finally, to ensure the area under the
histogram equals unity, the amplitude bin counts (y-axis) were
scaled by the bin width, which was on the order of 1077, thus
giving probability density values much larger than one in some
cases.

Figure 11 shows the results for the whole drone and in-
dicates that, within the acquisition time, the amplitude fluctu-
ates widely. This histogram does not neatly fit into known
PDFs, as it is somewhat flat across the top (i.e. from bins 0.5 to
2) but shows somewhat gradual tails. Despite the mismatch, for
this data file, the Rayleigh PDF was the best MSE fit (as it
resulted in the lowest MSE).

This histogram does not neatly fit into known PDFs, as it
is somewhat flat across the top (i.e. from bins 0.5 to 2) but
shows somewhat gradual tails. Despite the mismatch, for this
data file, the Rayleigh PDF was the best MSE fit (as it resulted
in the lowest MSE). The estimated parameters for each PDF
are shown in Table 3 for the Yuneec H920 case. The MSEs
between each theoretical PDF curve and the data histograms
are shown in Table 5. A histogram of the drone body alone was
created and results are shown in Figure 12. Results show the
body reflected a wide variation in signal amplitude across the
one-second interval with ‘spikes’ corresponding to the ampli-
tude values on which the drone dwelled for 10 or more msec,
as seen by comparing the x-axis from Figure 12 with the y-axis
from the top plot in Figure 7. Furthermore, the body

TABLE 3 Distribution parameters. They grey bold boxes indicate the distributions that provide the best MSE fit

Calculated .
Fitted Parameters
Drone Parameters
Spectral K K L
c Rayleigh | Gamma | Weibull 0g
omponent u o? Normal
(9,9) (c,d) (m, v)
3.825 2.072 0.205
Whole Drone 1.379 0.497 1.101 ! ! !
0.361 1.557 0.482
Body Only 1.315 | 0.456 | 1.050 3.792, 2.062, 0.157,
0.347 1.485 0.482
All Spectral 3.254, 1.900, -1.047,
Lines 0.401 0.050 0.320 0.123 0.452 0.517
1t Spectral 4.318, 2.212, -2.154,
Line 0.129 0.004 102 0.030 0.145 0.456
3" Spectral 4.813, 2.347, -2.541,
.087 .002 .
Line 0.08 0.00 0069 0.018 0.0977 0.434

Abbreviation: MSE, mean square error.
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histogram rapidly drops off between amplitudes of 2 and 2.5.
This is largely consistent with Figure 11, which sees a more
gradual drop off due to the presence of the blades producing
brief amplitudes above 2.5. For this data file, despite poor
fitting performance, the Log-Normal PDF demonstrated the
lowest MSE.

Despite the initial implicit stationarity assumption, results
suggest the body's statistics are non-stationary and further
analysis was performed on the data to corroborate this. A study
of the mean and variance of a subsection of the time-domain
signal indicate significant variations as a function of the sub-
section of sweeps analysed. For example, the first 200 msec of
data (1323 sweeps) will produce a different mean and variance
than data collected in the interval 200—400 msec, and so on. To
illustrate this point, a sliding window probability density
function of the body was estimated. A window of 25 msec,
which corresponds to 165 sweeps, was selected through trial
and error to capture how the data distribution changes with
time. A histogram was obtained using the data in a window and
this process repeated for sequential sections of the time
domain signal, moving 165 sweeps at a time. The results ob-
tained are shown on the left of Figure 13, illustrating that the
fluctuation of the body's amplitude can vary significantly be-
tween different 25-msec subsections. On the right of
Figure 13, the same plot is coloured by the mean value, illus-
trating the difference in the mean on a window-to-window
basis. The purpose of these plots is to demonstrate the non-

Body Only and Noise Amplitude Histograms with Best Fit PDFs
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FIGURE 12 Magnitude and histogram compared: body only
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FIGURE 13 Sliding-window density and mean values: body only

stationarity of the body's amplitudes. Fitting the histogram of
each window to the distributions presented in Section IV
resulted in much better fitting performance than those ob-
tained in Figures 11 and 12.

The histogram of all the spectral lines is shown in
Figure 14. For the spectral lines (and associated noise), the
amplitudes did not vary as much as the whole drone and body-
only signals. Therefore, 25 amplitude bins were used that were
equally spaced between 0 and the maximum amplitude. The
Weibull PDF best fits this data (although the MSEs of the
Rayleigh and Gamma PDFs were very close to the Weibull's).

Figures 15 and 16 show the histograms of the first and third
spectral lines, respectively. The results illustrate a few key

3 Spectral Lines and Noise Amplitude Histograms with Best Fit PDFs .
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FIGURE 14 Magnitude and histogram compared: all spectral lines
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FIGURE 16 Magnitude and histogram compared: third spectral line
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points. First, the amplitude span of all the spectral lines (x-axis
of Figure 14, above) is much wider than that of the individual
spectral lines (x-axes of Figures 15 and 16). Similarly, the noise
level is much higher for all the spectral lines than in the indi-
vidual spectral lines due to the much wider extent of the
Doppler of the latter. Of all the spectral lines, the separation
between the signal and the noise is greatest for the first spectral
line. This arises because the spectral spreading of the first
spectral line is less than other spectral lines and this narrower
bandwidth passes less noise, improving the SNR. The proba-
bility density curve of the first spectral line (Figure 15) shows
two minor peaks which produce two ridges (these will be dis-
cussed in more detail below). However, the fitted PDFs are still
able to approach the slopes on the left and right side of the data
distribution. The Rayleigh PDF was the best fit to this data file.

The histogram of the third spectral line (Figure 16) is
similar to that in Figure 14, but the SNR is lower and therefore
the most likely values of the signal and noise are closer. Since
the third spectral line contains more minor spikes compared to
the two more prominent spikes in the first spectral line, the
data distribution is smoother and better matches the reference
PDFs. The Rayleigh PDF was also the best fit to this data file
and its MSE was slightly more than half of the MSE of the first
spectral line's histogram with the Rayleigh PDFE.

The histograms clearly show that the SNR was sufficient to
place the signal plus noise higher in amplitude than the noise
only. For a radar using a detector in which the threshold is some
level higher than the estimated noise power, the three different
SNRs would present three very different probabilities of
detection. Therefore, the spectral component-specific analysis
shown above helps develop more tailored detection logic.

It is important to pause briefly to consider the minor
bifurcation in the histogram of the first spectral line. Reverting
to (2), in an ideal scenario, the spectral lines are generated by a
function of the term ¢!, The distribution of a sinewave is
an arcsine function and the distribution of the real and imag-
inary components of (@) are simply arcsine functions scaled
in amplitude [31]. The authors theorise the reasons the pure
arcsine function is not observed in the histograms above is the
rotor frequencies are constantly changing (f; is a random var-
iable itself) and the amplitudes of the returns are also changing
due to drone aspect changes. Minor changes to a sinewave
behaviour are likely as well as the presence of additive Gaussian
noise. The result of these changing variables is the peaks at the
edges of an arcsine distribution change into Gaussian-like
distributions.” Since mixing products cause greater spectral
spreading in the third spectral line, it is probable the arcsine
distribution becomes more like the fitted PDFs.

Additionally, it is well known from statistics theory that the
probability distribution of the sum of two independent random
variables is the convolution of the individual distributions.
Based on the observed data, it is reasonable to treat the dis-
tribution of the body as independent from the blades. Whilst a

"The authors conducted simulations in MATLAB of Equation (1) using different SNRs as
well as with varying rotational velocities. The results corroborated the hypothesis
discussed above.

drone manoeuvre imparts a Doppler shift on both the body
and the blades, the amplitudes still fluctuate mostly indepen-
dently from each other. Therefore, an estimate of a whole-
drone distribution can be developed. Treating the spectral
lines with a given distribution (i.e. Rayleigh), they can be
convolved with the body's distribution. The difficulty in this
approach is that the body is non-stationary, and its distribution
cannot reasonably be predicted. However, if simple assump-
tions of the drone's body can be made or parameterised, then
through convolution, the composite distribution can be
created. Depending on the needs of the radar designer, this
approach can be adapted extensively.

Finally, the autocorrelation functions (ACFs) of the data
were calculated, starting with the entire drone. The analysis of
the ACF's is key as it helps identify the coherency of the drone
signature versus time and therefore informs suitable coherent
integration times for radar detection.

Figure 17 shows the ACF of the whole drone dropped
below 10% at an offset of +/—162.5 msec. Furthermore, the
ACF contains minor amplitude spikes at intervals of approxi-
mately 7.5 msec, which corresponds to the spectral line spac-
ings of approximately 130 Hz (i.e. the reciprocal) in Figures 4
and 5. These amplitude spikes do not occur on the body-only
ACE, as the bandpass filter that isolates the body excludes the
higher frequency spectral line activity. The body-only ACF is
shown in Figure 18.
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FIGURE 18 Autocotrelation function: Body only
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The decorrelation time of the body is +/—168.4 msec,
quite similar to that of the entire drone. In this particular ACF,
partial correlations occur around +/—600 msec, which cotte-
spond with the similarly shaped amplitude ridges occurring on
the top plot of Figure 7. Overall, the analysis of the ACFs of
the spectral lines shows significant variations in shape and
demonstrates much shorter decorrelation times. An ACF of all
the spectral lines is shown in Figure 19 along with a zoomed-in
version. Results show a decorrelation time of just over
1 millisecond.

Moving to the individual spectra lines, the ACF of the first
spectral line decorrelates after +/—349.6 msec, based on the
10% definition described above (see Figure 20). However, a
local minimum — which approaches but does not drop below
10% — occurs at +/—122.7 msec.

Finally, the ACF of the third spectral line is shown in
Figure 21 and shows the 10% value is reached around +/—13.3
msec offset.

Table 4 summarises the decorrelation times for each
spectral component. Results indicate the body's decorrelation
time drives the whole drone's decorrelation time. Beyond this
specific correlation, there is an approximately inverse rela-
tionship between bandwidth and decorrelation time (if the
first minimum of the first spectral line's ACF is taken as the
point of decorrelation), a point elaborated on further in
Section V.
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FIGURE 19 Autocorrelation function: All spectral lines
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FIGURE 20 Autocorrelation function: first spectral line

5 | OBSERVATIONS

The methods developed in Sections IIT and IV were applied to
the wider set of drones. For each drone type, three files were
analysed. The results were grouped by drone type and placed in
Table 5 for comparison. The grey highlighted cells in Table 5
correspond to the lowest MSE measurements and the file
names correspond to the specific data files analysed. Similar to
the case shown above, the drone spectral components were
manually identified in the spectrum. Fach file contained a
unique set of SNRs and sometimes, in cases with lower SNRs,
the outer spectral lines were more difficult to identify. In those
cases, the overall bandwidth of the drone (including all iden-
tifiable spectral lines) may be narrower than other, higher SNR
cases. Also, in some cases, the drone was manoeuvring
significantly throughout the acquisition time which led to cell-
migration, wider bandwidth and lower SNR spectral compo-
nents. Manoeuvres also meant aspect changes within the
acquisition time, leading to further SNR changes. Of the many
dozens of data files available, the higher SNR, less manoeu-
vring drones were used in order to provide the most consistent
statistics and very few migration effects.

A few findings are notable. Regardless of drone type, the
body is neatly always non-stationary, with histograms like that
in Figure 12. Even seemingly minor manoeuvres or drone
aspect changes can create large amplitude fluctuations in the
body returns. Furthermore, the similarities between whole
drone and body decorrelation times held across the wider
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FIGURE 21 Autocorrelation function: third spectral line

TABLE 4 Decorrelation times

Drone spectral component Decorrelation time (msec)

Whole drone +/-162.3
Body +/-165.5
All spectral line +/-1.1

1% SL +/—349.6*
3 SL +/-133

* As seen in Figure 20, the main lobe's nulls reach minima at +/—122.7 msec, but the
value is still slightly above 10%.
Abbreviation: SL, Spectral Line.
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dataset: the difference in decorrelation times between the
whole drone and body was less than 10 msec in well over half
the cases (17 out of 27).

The Weibull PDF most often produced the lowest MSEs.
For the whole drone and all the spectral lines, the Weibull PDF
was most often the best match. For the individual spectral
lines, the Rayleigh PDF was most often the best match, but the
Weibull was a close second. Of the 135 MSEs calculated, the
Weibull was the best match in 60 cases, with Rayleigh in second
place with 34 lowest MSEs. For the body, the Log-Normal was
the most often the best match.

Another observation has to do with the number of blades:
generally, the more blades on the drone, the better the indi-
vidual spectral line histograms fit the theoretical PDFs. This
point is quantitatively illustrated by averaging all the MSEs for
each drone spectral component for three data files per drone
category. The average MSEs for the fixed-wing drones was
18.2, for the quadcopters was 5.2 and for the hexacopters was
1.5. The dominant contributions to these averages are the
MSE:s for the spectral lines. The average MSEs for the spectral
lines (that is, all the spectral lines, the first individually and the
third individually), are 30.1 for the fixed-wing drones, 8.3 for
the quadcopters and 2.4 for the hexacopters. Much less MSE
variation is observed for the body histograms: 0.70 for the
fixed-wing drones, 1.218 for the quadcopters and 0.132 for the
hexacopters.

The drones with multiple blades all have slightly different
rotational rates, meaning that the first and third spectral lines
for the multi-bladed drones are wider than those with fewer
blades. The wider spectral lines produce histograms that match
better to the reference PDFs. The average of the first and the
third spectral line bandwidths of the pusher and puller drones
was 33 Hz, while it was 87.87 Hz for the quadcopters and
52.75 Hz for the hexacopters.

The decorrelation time of the body is highly affected by the
consistency (or lack thereof) of the body's SNR throughout the
CPI. Drone trajectories that had a comparatively low SNR or
produced large fluctuations in the SNR of the body often had
shorter decorrelation times. The decorrelation times of all the
spectral lines are categorically short — on the order of a few
milliseconds. The individual spectral lines can have very
different decorrelation times with the fixed-wing drones usually
having the longest decorrelation times. The average first and the
third spectral line decorrelation times was +/—211.5 msec for
the fixed-wing drones, +/—134.6 msec for the quadcoptets and
+/—141.3 for the hexacopters. As discussed above, the fixed-
wing drones probably use aerodynamic stabilisation tech-
niques meaning their propeller varies its rotational velocities
less, whereas multi-blade copters must use individual rotors to
achieve stability. In general, these extended correlation times
(and narrower bandwidth spectral lines) result in a lower relative
amplitude among the single-blade drones compared to the
multi-blade drones (i.e. the difference in SNR between the body
and the first spectral line and the body and the third spectral line
is less among the fixed-wing drones). This trend is further seen
in the difference in first and third spectral line bandwidths be-
tween the single- and multi-blade drones.

Across all the drones summarised in Table 5, the whole
drone bandwidth varies extensively (from just under 2 kHz to
over 6 kHz), as does the whole drone decorrelation time (from a
few 10 s of msec to well over 600 msec). However, the body
bandwidths do not vary neatly as much as the whole drones, yet
the body-only decorrelation times still vary similarly to the
whole drones. For the spectral lines, the bandwidth of all the
spectral lines varies extensively (like the whole drone), but the
decorrelation times do not vary much, usually only a few msec.
The bandwidths of the first and third spectral lines do not vary
much — they are almost all on the order of a few tens of Hz — but
their decorrelation times do vary extensively. If any decorrela-
tion time trend is evident across the wider dataset, it is that there
is an approximate inverse relationship between bandwidth and
decorrelation time up to approximately 200 Hz. From there, the
decorrelation times remain on the order of a few msec.

The results of the statistical analysis were further corrobo-
rated with a study of detection performance. The experimental
probability of detection (PD) performance was examined and
compared to performance obtained with simulated data with
amplitude fluctuations that followed each of the listed distri-
butions used for fitting the data. A Neyman-Pearson test for the
detection of a fluctuating target with non-Gaussian distributions
was conducted. For the case of a constant amplitude target
(Swerling 0), the probability of detection is determined by
solving the Marcum Q function as [32].

Pr=Qy (\/%,«/—2 1n(PFA)> (15)

In (15), A is the target amplitude, 62, is the noise mean
power and PFA is the desired probability of false alarm. When
the tatget amplitude fluctuates stochastically, Pp is obtained as
an average across the range of target amplitude values as

N 2
Pp :% Z Qur <\/2‘::2 \/-2 ln(PFA)> (16)

where A; represents the different simulated or experimental
random amplitude values. In the dataset used for this paper,
the amplitude data were taken from the same 6600 samples
used to generate the histograms. In order to plot a PD curve as
a function of SNR, the mean SNR (SNR) is defined to express
Equation (106) as

2AISNR R | (1)

N
1
PD =N Z QM N y
N = A

Detection performance was analysed for the whole Yuneec
H920 drone for a probability of false alarm of 107, A plot was
generated for SNR ranging from 0 to 40 dB. The experimental
detection curve is shown in Figure 22, along with the simulated

curves associated with the four other distributions used and
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Detection Curves for Whole Drone
:

i
=e=Swerling 0
=o—Rayleigh
Log Normal
08 —=weibull ]
—o—-Gamma
Experimenal Data

?4“’/ : ! ! ! !

0 5 10 15 20 25 30 35 40
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FIGURE 22 P, curves versus mean signal to noise ratio (SNR) for the
experimental data and fitting distributions: whole drone

the performance for a Swerling 0 target. The theoretical curves
were created by simulating random data for each distribution
using the distribution parameters obtained in the statistical
analysis with the method of moments.

Results show that the Rayleigh and Weibull assumptions
provide a closer detection curve to the experimental proba-
bility of detection than the Swerling 0 assumption. Given
that the Rayleigh was the best fit for the whole drone, if a
Rayleigh distribution was assumed, at 20 dB, the detection
prediction would have been approximately 3.45% less. If a
Weibull was assumed (a close second place to the Rayleigh
distribution), the detection prediction would have been
4.18% less.

6 | CONCLUSIONS

This research provided comprehensive statistical analysis of
individual drone spectral components of nine different drone
types. It also estimated decorrelation times of the individual
drone spectral components and highlighted effects due to
non-stationary properties of the signature. It compared and
contrasted the statistics of the same drone spectral compo-
nents from different drones and, ultimately, it provided useful
information for more intelligent selection of CPI durations
and useful guidelines for refining detector logic for drones.
The results of the statistical analysis were also further
corroborated by a study of detection performance for the
whole drone.

Subsequent work could perform similar analysis at
different radio frequencies or at different polarisations. Addi-
tionally, further exploration of high-SNR spectral lines could
be useful to better understand the transition from noisy arcsine
distributions into the single-peak distributions studied here.
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