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Abstract

This paper proposes a micro-Doppler flash detection framework for hovering unmanned
aerial vehicle (UAV) detection with linear frequency modulated continuous wave (LEMCW)
radar under the dual constraints of strong ground clutter and severe thermal noise con-
ditions. In such scenarios, conventional methods fail not only due to the spectral overlap
between hovering targets and clutter but also because of the visual disappearance of
micro-Doppler features under heavy noise. The framework consists of three sequential
modules. A prior-template orthogonal projection (PTOP) module suppresses clutter via
a single-step orthogonal projection, preserving the micro-Doppler flash signature with-
out distortion while approximately maintaining the Gaussian noise statistics required for
subsequent detection. A flash power spectrum construction module then collapses the
periodic blade flash energy onto a sharp spectral peak in a one-dimensional (1D) power
spectrum via Gabor transform, power projection, and fast Fourier transform (FFT). A
cell-averaging constant false alarm rate (CA-CFAR) detection module with an analytically
derived threshold factor finally renders a reliable detection decision. Simulations under a
signal-to-clutter ratio (SCR) of —21 dB and signal-to-noise ratio (SNR) of —23 dB confirm
that the proposed framework achieves reliable detection even when the micro-Doppler
flash signatures are visually obscured by residual noise in the time—frequency domain.
Parametric SNR sweep curves and a two-dimensional (2D) SCR-SNR detection-probability
heatmap under a non-stationary clutter model further quantify the practical performance
boundaries of the framework. By transforming these concealed periodic features into a
sharp spectral peak, the framework provides robust detection performance where con-
ventional range-Doppler and moving target indication (MTI)-based methods both exhibit
severe performance degradation.

Keywords: LFMCW radar; hovering UAV detection; micro-Doppler flash; clutter
cancellation; CA-CFAR

1. Introduction

With the rapid proliferation of unmanned aerial vehicles (UAVs) in various civilian and
commercial applications, their unauthorized deployment poses increasingly severe threats
to low-altitude airspace security, privacy, and urban surveillance [1-4]. These rotorcraft,
typically characterized as “low-slow-small” (LSS) targets [5], present significant challenges
for weak signal extraction and reliable target recognition within traditional air defense
architectures [6,7]. To counter these LSS threats, linear frequency modulated continuous
wave (LFMCW) radar has been widely adopted for low-altitude surveillance owing to its
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high range resolution, low power consumption, and the ability to eliminate near-range
blind zones caused by transmit-receive switching in pulsed radars [8-11]. In practical threat
scenarios, unauthorized UAVs frequently execute strict hovering maneuvers to perform crit-
ical missions such as persistent covert surveillance, high-resolution target reconnaissance,
and precise payload delivery. Nevertheless, a critical physical bottleneck remains when
a UAV operates in this strict hovering state. In this scenario, the UAV body exhibits zero
radial velocity, causing its Doppler frequency to overlap completely with strong ground
clutter. Consequently, conventional moving target indication (MT]I) filters or moving tar-
get detector (MTD) banks suppress the target return together with the clutter, leading
to inevitable missed detection and severe degradation of the energy-domain detection
chain [12,13]. To address this limitation, extensive research attention has pivoted toward
exploiting rotor micro-Doppler signatures. Currently, investigations into the micro-Doppler
features of UAVs can be systematically categorized into three main streams. First, regarding
feature extraction and time—frequency (TF) analysis, advanced signal processing tools have
been developed to capture non-stationary blade flashes. For instance, pseudo-Bayesian
algorithms based on the short-time Fourier transform (STFT) [14] and wavelet coefficient
enhancement [15] have been proposed to robustly extract instantaneous frequencies even
under severe noise conditions [16-18]. Second, building upon extracted TF features, signifi-
cant efforts have been dedicated to micromotion parameter estimation. Modern algorithms,
such as complex Bayesian compressive sensing [19] and multi-domain feature fusion [20],
have demonstrated efficacy in estimating rotation rates and blade lengths despite unstable
hovering dynamics or low pulse repetition frequencies [21,22]. Finally, in the realm of target
classification, micro-Doppler spectrogram images are harnessed as distinctive fingerprints.
Both support vector machines (SVMs) [3] and deep learning frameworks, such as con-
volutional neural networks (CNNs) [23-26], have achieved high-accuracy discrimination
between drones and biological clutter such as flying birds [27]. Despite the success of
the aforementioned micro-Doppler analyses, most existing work implicitly presupposes
that the range bin containing the target is already known, i.e., the detection decision has
been completed in advance [28]. While some studies explore utilizing micro-Doppler
information for detection [2,25,29], they predominantly target moving UAVs or rely on
empirical thresholds. However, dedicated investigations into the detection under the dual
constraints of extremely low signal-to-clutter ratio (SCR) and signal-to-noise ratio (SNR)
conditions remain scarce. Most existing methods assume either a high-SNR environment
or a clutter-free scenario, leaving the detection of hovering UAVs in practical, complex
environments an open challenge. Once the body return is eliminated by conventional zero-
Doppler filtering, energy-based detection architectures suffer severe degradation, rendering
subsequent micro-Doppler classification networks highly ineffective. Detection approaches
based on micro-Doppler energy statistics, such as the range-energy pre-screening and STFT
pixel thresholding method of [29], also encounter fundamental limitations under the dual
constraints considered here: strong clutter submerges the range-energy pre-screening step,
while the short-window coherent gain of STFT-based detection is insufficient to lift the
flash signature above the noise floor at extremely low SNR.

This paper proposes a micro-Doppler flash detection framework that fundamentally
shifts the detection decision domain from the range-Doppler energy domain, where the
criterion is whether the target moves to the flash frequency domain, where the criterion
is whether the target exhibits periodic rotor blade flash. This paradigm shift renders
hovering UAVs, whose zero-Doppler body return is indistinguishable from stationary
clutter, detectable through their rotor modulation signature. The framework consists
of three sequential modules: a prior-template orthogonal projection (PTOP) module for
clutter suppression, a flash power spectrum construction module for energy concentra-
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tion, and a cell-averaging constant false alarm rate (CA-CFAR) module for automated
decision-making [30]. The main contributions of this work are as follows:

*  We propose the PTOP module to address the strong ground clutter suppression
challenge. By exploiting the slow-time stationarity of ground clutter, it eliminates the
dominant clutter component via a single-step orthogonal projection. This ensures
zero distortion to the micro-Doppler flash signature while approximately preserving
the Gaussian noise statistics essential for subsequent weak signal detection, thereby
enabling an analytically derived CA-CFAR threshold with a statistical guarantee.

*  Wedevelop a flash power spectrum construction module to achieve robust weak signal
enhancement. It effectively overcomes the bottleneck of visual feature disappearance
under extreme low-SNR conditions by aggregating concealed periodic energy into
a sharp spectral peak. This transformation from the two-dimensional (2D) time-
frequency plane to the one-dimensional (1D) flash frequency domain provides the
necessary integration gain for detecting hovering targets.

¢ We derive an analytical threshold factor for the CA-CFAR detection module, providing
a theoretically grounded framework that maintains robust detection resilience. This
ensures reliable decision-making even when the target’s micro-Doppler signatures are
entirely submerged by noise in traditional time—frequency representations.

The remainder of this paper is organized as follows. Section 2 formulates the mathe-
matical models of the LFMCW radar echo, the hovering UAV target, and the ground clutter.
Section 3 details the proposed micro-Doppler flash detection framework, including the
PTOP clutter cancellation, the flash power spectrum construction, and the analytical CA-
CFAR detection. Section 4 presents the numerical results and Monte Carlo simulations to
demonstrate the effectiveness of the proposed framework. Section 5 provides the potential
extensibility of the framework. Finally, Section 6 concludes the paper.

2. System Model

The geometric configuration is illustrated in Figure 1. The radar is located at the origin
of the coordinate system. Let Ry denote the initial slant range from the radar to the rotor
center, « the azimuth angle, and f the elevation angle. To simplify the model, « = f = 0° is
assumed. The UAV body moves along the radar line of sight with initial radial velocity vy;
for the hovering scenario considered here, vg = 0. The UAYV carries Nj, blades of length L,
uniformly distributed in the rotor plane and rotating at rotational frequency frot (inr/s),
corresponding to angular velocity w = 277 frot.

The LEMCW radar transmits a linearly frequency modulated waveform within each
sweep period Ty, with carrier frequency f., sweep bandwidth B, frequency modulation
slope K = B/ Ty, and wavelength A = c/ f., where c is the speed of light. The corresponding
range resolution is AR = c¢/(2B). The m-th pulse (m =1, ..., M) corresponds to slow time
tm = (m —1)T,. For a point target with an initial range Ry and a constant radial velocity
vp, the instantaneous slant range is R(t,,) = Ro + votm. The down-converted beat signal
after low-pass filtering is expressed as follows:

AmR(t . 2KR(t 2
sp(t, tm) %Aexp{]ﬂ)\(m) +]27r<c(m)+z0)t}, (1)

where t is the fast-time variable spanning each sweep interval [~T, /2, T,/2] and A is the
complex echo amplitude. Note that the residual video phase and the intra-pulse range
walk terms have been ignored in this approximation. To extract the discrete slow-time
sequences, the fast Fourier transform (FFT) is applied to Equation (1) along the fast-time
axis t, yielding the range-domain point spread function (PSF), i.e., the compressed range
response, Sy (fr, tm; R(tm)), for a scatterer at instantaneous range R(t,):
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Ty /2

Sb(frr tm; R(tm)) = / 2)

~T,/2

st e 24 = Asine[Ty (7 — ftw))] -exp{ 11,

where A = A - T, is the complex amplitude gain after fast-time coherent integration, and
fo(tm) = 2KR(ty)/c + 2v9/ A is the instantaneous beat frequency. By sampling S; at the
center frequency f; of the i-th range bin, the discrete slow-time sequence [spoqy,i|m for the
UAV body is obtained:

Ant(Ry +votm)} 3)

[Sbody,ilm = Sp(fir tm; Rbody) = Abody - SinC[Tp (fz' _fh,body(tm))] 'eXP{] 1

where Apoqy is the peak amplitude of the body return and fb,body(tm) is its corresponding
beat frequency. Adopting the full-length blade integration scattering model of [21], for the
n-th rotating blade of length L, the slow-time sequence [spjade 1 i|m is derived by integrating
Equation (2) over the blade spanr € [0, L]:

L
[Sblade,n,ilm = A % ~Sp (fz', tm;Rn(tm,r)) dr, (4)
where Apj.qe denotes the scattering complex amplitude of a single blade. R, (ty,r) =
Rpody (tm) + 1 cos iy (tm) is the instantaneous range of a scatterer at distance r from the
hub. Substituting R (t,,r) into Equation (4) produces a coupled integrand in which
both the range-domain sinc term and the exponential phase term depend on r. Un-
der the narrowband assumption L < AR, the argument of the range sinc varies by
at most Tj, - 2KL cos ¢, (t) /¢ < 1 across the blade span, so the sinc term can be ap-
proximated as constant and evaluated at the blade midpoint » = L/2. The remaining
phase integral over r € [0, L] admits the closed-form solution L - sinc(2L cos iy, (tm)/A) -
exp(j27tL cos P, (ty )/ A), where the additional phase factor exp(j27tL cos i, (tm)/A) equiv-
alently shifts the scattering reference from the blade root to the blade midpoint. Combining
these results and absorbing constant factors into Ayj,4. yields

[Sblade,n,ilm = Ablade - SINC[ Ty (fi — fo.n(tm, L/2))] - sinc (2)\L cos anUm)) : eXP{]'AMRj\(tm) }

®)
where Ry, (tn) = Ro + votm + % cos Py (1) is the distance to the effective phase center of
the blade. The second sinc term specifically characterizes the micro-Doppler flash envelope
induced by the spatial integration of the blade and attains its maximum at ¢, (t,,) = 77/2
and 37/2, generating periodic blade flash in the slow-time domain. In practice, UAV
rotors typically employ an even number of blades. In this configuration, symmetrically
distributed blade pairs flash synchronously, so the 2N, theoretical flash instants collapse
pairwise into N, independent ones, giving a blade flash frequency of

fhiash = Np * frot- (6)
The composite UAV slow-time vector is
Np

SUAV,i = Sbody,i T ), Sbladem,i- )
n=1
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The number of blades is N,
Y T Seater

LFMCW Radar

Figure 1. Geometric configuration of LFMCW radar for UAV detection.

Ground clutter arises from the superposition of returns from numerous stationary
scatterers. Because each scatterer is stationary, its beat signal remains constant across all M
pulses. The m-th element of the clutter slow-time vector s e ; in the i-th range bin is

ATR;
[sclutter,i]m = Ac,i eXP{]Al }/ Vm=1,...,M, (8)

where A ; is the composite clutter scattering amplitude in the i-th range bin whose magni-
tude follows a Rayleigh distribution [1], and R; is the range corresponding to the i-th bin.
The received slow-time signal in the i-th range bin after range compression is

Yi = svuav,i + Sclutter,i + wij, (9)

where w; ~ CN(0,021) is complex Gaussian white noise with power 2. Conventionally,
target detection is performed directly on the slow-time sequence y; in Equation (9) by
applying Moving Target Indication (MTI) or Moving Target Detector (MTD) filters [12,13]
to eliminate the ground clutter component s.jer ;- However, for a hovering UAV (vg = 0),
the body return sp,oqy,; remains constant across all M pulses, exhibiting the identical zero-
Doppler property as the stationary ground clutter s j,er ;- Consequently, traditional filters
designed to suppress Sqjter,; Will simultaneously eliminate sp,oqy,i, rendering the energy-
domain detection chain inoperative [30]. To address this limitation, the proposed frame-
work completely discards the reliance on the body return spoqy,;, and instead shifts the
detection focus to the periodic rotor micro-Doppler flash signature contained in the rotor
component iji 1 Sblade,n,i-

3. Micro-Doppler Flash Detection Framework

The proposed detection framework consists of three sequential modules designed
to transform the raw radar return into a reliable detection decision. First, the PTOP
clutter cancellation module acts as a spatial-temporal filter to suppress the dominant
ground clutter s.j,,; by projecting the received signal y; onto a prior clutter subspace,
ensuring the integrity of the weak rotor micro-Doppler flash signature. Second, the flash
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power spectrum construction module serves as an energy concentrator; it maps the high-
dimensional time—frequency information into a 1D flash frequency domain, effectively
collapsing the periodic flash energy into a sharp spectral peak to enhance the signal-to-
interference ratio. Finally, the CA-CFAR detection module provides the decision-making
logic, utilizing an analytically derived threshold to distinguish the target peak from the
residual noise floor under a constant false alarm rate constraint.

3.1. Prior-Template Orthogonal Projection

With no target present, Ns independent pre-scans of the scene are performed. Since
each pre-scan is corrupted by receiver thermal noise, the range FFT output of the k-th
pre-scan (k = 1, ..., N;) in the i-th range bin is

yz(k) = Sclutter,i T Wfk)r (10)
(k)

i
scans. Averaging the N; results along the slow-time direction yields the prior clutter

where w;"’ ~ CN(0,03]1) are mutually independent thermal noise vectors across pre-

template vector:

1 Ns (k) 1 Ns (k)
d=— E o= i+ — P 11
i N; = Y; Sclutter, + N; = w; ( )

Since the pre-scan noise vectors are mutually independent, the residual noise power decays
at a rate of 02/ N;. A larger N yields a cleaner estimate of the true clutter steering vector
and thus improves the cancellation performance. For all Ny, range bins, the projection
of the received signal y; onto the clutter template direction is subtracted to obtain the

cancellation residual:
dly;

T AP

(12)

Compared with conventional MTI filters, PTOP offers two advantages. First, the orthogonal
projection eliminates exactly the d; direction component with zero distortion to signals
at all other frequencies, fully preserving the rotor micro-Doppler flash signature. Second,
since orthogonal projection is a linear operation acting on a complex Gaussian input, the
residual §; remains jointly complex Gaussian. Although the projection introduces rank
deficiency along the template direction d;, the residual noise can be approximated as
complex white Gaussian when M > 1, thereby providing the statistical foundation for
CA-CFAR detection.

3.2. Flash Power Spectrum Construction

After clutter cancellation, §; contains the rotor micro-Doppler flash signature and
residual noise. The following four steps concentrate the periodic blade flash energy into a
sharp peak on a 1D power spectrum.

Step 1: Gabor Time—Frequency Transform. Following the time—frequency analysis framework
of [16], a Gabor transform (Gaussian-windowed short-time Fourier transform) is applied to
§; to obtain the complex time—frequency distribution (TFD):

M
Yi(t, f) = Y ilm g(tm — 1) e 2, (13)
m=1

where T is the time center, f is the Doppler frequency, and g(-) is the Gaussian window
function. The Gaussian window achieves the lower bound of the Heisenberg uncertainty
principle, providing optimal joint time—frequency resolution.
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Step 2: Frequency-Axis Power Projection. The instantaneous power of the TFD is integrated
along the Doppler frequency axis to obtain a 1D instantaneous power time series:

Ei(t) = Y_|Yi(T, f)* (14)
f

This step projects all energy information of the 2D TFD non-coherently onto the time
axis. From Equations (5) and (6), the sinc amplitude envelope of the n-th blade has period
Trot = 1/ frot- After summing the power contributions of all N, uniformly distributed
blades, the power peaks interleave uniformly on the time axis, shortening the dominant
period of Ei(7) t0 Tgash = 1/ (N frot) = 1/ fiasn-

Step 3: FFT Spectral Analysis. A discrete Fourier transform is applied to E;(7) to obtain the
complex flash frequency spectrum:

Ci(fm) = Y Ei(r) e 2nT, (15)

where f; denotes the frequency variable in the flash frequency domain. In the implementa-
tion, E;(1) is zero-padded to the next power of two, Ni, = 2182 Nel prior to the FFT to
improve frequency resolution.

Step 4: Flash Power Spectrum. The power spectrum of Equation (15) yields the 1D flash
power spectrum used for detection:

Pe(fm) = |Cil fu) I (16)

If a UAV target is presented in the i-th range bin, the periodicity of E;(T) causes Pc( fi)
to exhibit a sharp peak at f;;, = % fasn; Otherwise, Pc( fi) presents a statistically uniform
noise floor.

Remark on Low-SNR Detection Gain: The necessity of the proposed cascade module extends
beyond dimensional reduction; it fundamentally provides significant integration gain to
overcome the extreme low-SNR bottleneck. Since the residual noise after PTOP cancellation
is approximately complex white Gaussian, the Gabor transform in Equation (13) first
provides a localized coherent integration gain determined by the effective window length.
Subsequently, although the frequency-axis power projection in Equation (14) is a non-
linear square-law operation that inevitably introduces squaring loss at low SNRs, the
final FFT operation in Equation (15) acts as a global coherent integrator for the periodic
flash envelope. Consequently, the magnitude of the target peak in C;(fy;) accumulates
proportionally to the total number of pulses M, causing the flash peak power in Pc(f)
to scale as M. In contrast, the noise power floor grows linearly with M. This cascaded
hybrid integration ensures that the overall detection gain scales robustly with the coherent
processing interval (CPI) length, effectively lifting the weak micro-Doppler signature out of
the noise floor.

3.3. CA-CEAR Detection

CA-CFAR detection is performed on Pc(f). As shown in Appendix A, the noise
floor of Pc(f) approximately follows an exponential distribution, from which the CA-
CFAR threshold factor can be analytically derived from P,. Let M, denote the number of
reference cells on each side, giving a total reference cell count of M, = 2M,. The noise

power estimate is
1

M

b, = Y. Pe(fi), (17)

ref keR
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where R denotes the reference cell set. Under the constraint of false alarm probability Py,,
the detection threshold is

T=ab, a= Mref(Pfj/ Mret 1). (18)

To avoid interference from the residual direct current (DC) peak of the body return, a
guard band is set in the region |fu| < feuard, Where fguarg is the guard band half-width,
and these cells are excluded from detection. The detection is performed independently
for all Npins range bins. If any frequency bin in the i-th range bin satisfies Pc(fy) > T,
the bin is declared to contain a UAV target. The frequency of the peak with the highest
SNR is reported as the estimated flash frequency fﬂash. If Ny, is known, the rotor rotational
frequency can be further estimated as

frot = fatash/ Np- (19)

Note that the peak location fﬂash obtained directly from Equation (19) is constrained
to the discrete FFT grid with spacing Afy, = 1/(Ngn AT), where N, = 21082 Nl is the
zero-padded FFT length and At is the hop step of E;(7). To overcome this quantization
limit, a three-point parabolic interpolation is applied around the maximum bin index k. Let
P4plk] = 10log,, Pc(kAfu) denote the discrete logarithmic power spectrum. The sub-bin
offset is yielded by

_ 1 Py ko — 1] — Pyplko + 1]
2 Pyglko — 1] — 2Pgglko] + Paglko + 1]’

) (20)
so that the refined estimate becomes fﬂash = (ko + 0)Afu.

To provide a comprehensive overview of the proposed methodology, the complete
signal processing pipeline of the micro-Doppler flash detection framework is summarized

in Figure 2.
S, —
Received Signal y; Compare:
Clutter Template d; Pe(fm) > T2
T Iﬁ' N I CA-CFAR Detection Il .
I
Orthogonal Projection i Detection Threshold Noise Power Estimate
dyi : 5 ~1/M “— 5 1
$i=yi— —5d; i |T=aP, a=My(P ref | b, = P
i=Yi [di2" i 1 ref ( fa ) 7 Myt kgz c(fe)
N, / .. A ’1

/
/ A 4 Y

Gabor Time-Frequency Transform
M Flash Power Spectrum
Yi(t.f) = mz_:l §i(tm)g(tm — T)e 27 ftm Pe(fn) = |Ci(fm)|?
v t
Frequency-Axis Power Projection FFT Spectral Analysis
E(M=E Yi(r, F)P > Cilf) = Y Ei(x)e 2
\ T ’l

Figure 2. Flowchart of the micro-Doppler flash detection framework.
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3.4. Applicability to Non-Stationary Clutter

The framework derivation in Sections 3.1-3.3 assumes slow-time stationary ground
clutter. In practice, wind-induced vegetation motion introduces a time-varying alternating
current (AC) component. A straightforward extension to handle such non-stationary
clutter is to apply a notch filter in the time—frequency domain to Y;(7, f) in Equation (13),
excluding low-frequency bins |f| < fyotch from the power projection:

ENt) = ¥ (AP (21)
|f|2fnotch

where f,qich 15 set to cover the residual AC clutter bandwidth. Although this notch filters
out low-Doppler components in the time—frequency plane, the maximum blade tip micro-
Doppler frequency (analytically f; .« ~ 1885 Hz for the considered parameters) far
exceeds typical notch boundaries. Thus, the high-Doppler flash energy remains largely
intact, ensuring sufficient integration gain. Furthermore, since this operation merely
reduces the number of participating Doppler bins from Ny to Negg < Ny without altering the
iid. complex Gaussian property of the remaining noise terms, the statistical derivation in
Appendix A remains valid. Consequently, the analytical CA-CFAR threshold Equation (18)
remains directly applicable without any structural modification to the detector.

4. Numerical Results

Simulation results are presented in this section to demonstrate the effectiveness
of the proposed micro-Doppler flash detection framework under strong ground clutter.
The radar parameters are set as follows: carrier frequency f. = 5 GHz, sweep band-
width B = 100 MHz, corresponding to a range resolution of AR = 1.5 m, sweep period
T, = 100 ps, and CPI duration 0.25 s comprising M = 2500 pulses. The UAV target is
placed at an initial range of 100 m, with body radar cross-section (RCS) 0poqy = 0.1 m?,
rotor rotational frequency frot = 30 1/s, N = 4 blades per rotor, blade length L = 0.3 m,
blade RCS 0}, = 0.01 m?, and theoretical blade flash frequency frash = 120 Hz. Ground
scatterers following a Rayleigh distribution model are distributed from 0 to 200 m. The
clutter cancellation template is obtained by time-averaging N; = 5 target-free pre-scans.
The CA-CFAR parameters are false alarm probability Py, = 10~ reference cells per side
M, = 8, and guard band half-width fguard = 10 Hz. The Gabor transform employs a
Gaussian window with window length 128 points, overlap ratio 0.97, FFT size 512, and
Gaussian window parameter ag = 2.5. With these Gabor parameters, the CPI of M = 2500
pulses yields Ny = | (2500 — 128) /4| + 1 = 594 frames in the flash power projection se-
quence; zero-padding to N, = 2/19825%4] = 1024 points gives a flash frequency resolution
of Afy, = 2500/1024 ~ 2.44 Hz. To ensure clarity, both SCR and SNR are defined based
on the average power of the UAV body return relative to the corresponding interference
power, measured at the beat signal prior to range compression. Mathematically, they are
expressed as

B n
SNR = 101log;, (;’;’dy) SCR = 101log;, (b;dy) (22)
w

c

where Pyody, Pw, and Pc denote the average power of the UAV body beat signal, thermal
noise, and ground clutter beat signal, respectively. We utilize the body return as the
power reference because the body radar cross-section (RCS) is a stable, macroscopic metric,
whereas the blade flash energy is inherently coupled to the body return via a fixed ratio
determined by the physical blade dimensions and the spatial integration envelope.
Under these parameters, the maximum range-sinc argument variation across the
blade span evaluates to T, - 2KL/c = 2BL/c = 0.2. This corresponds to a negligible
maximum amplitude attenuation of less than 7%, justifying the extraction of the sinc
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term from the spatial integral. Furthermore, the maximum micro-Doppler frequency
at the blade tip induces a range-Doppler coupling error (equivalent range shift) of
AReq = ¢fimax/ (2K) ~ 0.283 m. Since this equivalent range shift is strictly smaller than
the range resolution (AReq &~ 0.19AR), no range cell migration occurs during the sweep.
Both physical constraints confirm the validity of the spatial and kinematic narrowband
approximations in Equation (5).

Figure 3 illustrates the performance limitation of conventional methods for hovering
UAV detection. Figure 3a shows the raw range-Doppler (RD) map of the hovering target
(vp = 0): under SCR = —21 dB, a strong clutter ridge occupies the zero-Doppler bin,
severely masking the target return and preventing energy-domain detection. Figure 3b
shows the result of applying 2D CA-CFAR to the RD map after MTI filtering: although MTI
suppresses the zero-Doppler clutter, the hovering target Doppler frequency f; 04y ~ 0 Hz
overlaps completely with the clutter, causing the target to be eliminated together with the
clutter and resulting in target missed detection accompanied by pure false alarms.

150
65
o 100 )
= R &
£ ) 02
% ER) E
5 - =
& % g £
< 50 <
50 CFAR detection
Target
0
-200 0 200 -200 0 200
Doppler Frequency (Hz) Doppler Frequency (Hz)
(a) (b)

Figure 3. Conventional method failure analysis for hovering UAV detection under SCR = —21 dB.
(a) Raw range-Doppler map. (b) 2D CA-CFAR detection result after MTI filtering.

Figure 4 presents a comprehensive comparison of the Gabor spectrograms before
and after the PTOP cancellation for both the target range bin and a clutter-only bin. As
observed in Figure 4a,c, before cancellation, the severe ground clutter (SCR = —21 dB) man-
ifests as a dominant, continuous energy ridge concentrated at the zero-Doppler frequency
(f = 0 Hz). This overwhelming DC component severely compresses the dynamic range of
the spectrograms, effectively masking the weak micro-Doppler signatures of the hovering
UAV. However, after applying the PTOP module, the vertical clutter ridges in Figure 4b,d
are visually eliminated. The energy becomes statistically uniformly distributed across the
Doppler domain, confirming that the PTOP module successfully suppresses the stationary
clutter by projecting the signal onto the subspace orthogonal to the prior template. Notably,
in the target bin (Figure 4b), although the clutter is removed, the rotor micro-Doppler
flashes remain visually indiscernible due to the extreme noise floor (SNR = —23 dB). This
highlights the necessity of the subsequent transformation into the flash frequency domain,
which provides the requisite integration gain to extract the concealed periodic features.
This visual indiscernibility highlights a fundamental vulnerability of conventional time—
frequency image-based classification networks: they inherently fail when instantaneous
signal energy cannot penetrate the noise floor. The proposed framework overcomes this
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dual constraint (strong clutter and extreme low SNR) by strictly shifting the detection
paradigm from instantaneous observation to global energy accumulation. The subsequent
frequency-axis power projection and FFT effectively exploit the temporal periodicity of
the flashes, aggregating the concealed energy across all M pulses. Meanwhile, the clutter
bin in Figure 4d exhibits a uniform noise background after cancellation, qualitatively con-
firming that PTOP suppresses the clutter component while fully preserving the statistical
foundation for subsequent CFAR detection.
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Figure 4. Comparison of Gabor spectrograms before and after PTOP cancellation: (a) Target bin before
PTOP. (b) Target bin after PTOP. (¢) Clutter-only bin before PTOP. (d) Clutter-only bin after PTOP.

Figure 5 shows the flash power spectrum Pc(fy,;) of the target range bin together
with the CA-CFAR detection threshold. A sharp peak clearly exceeds the threshold at
fm = L ffash, and the target is correctly declared in this bin (100 m) with a peak SNR of
19.97 dB. Owing to the discrete nature of the FFT in Equation (15), the peak location is
subject to picket-fence quantization with a grid spacing of Af,;. A three-point parabolic
interpolation is therefore applied around the maximum bin to achieve sub-bin frequency
resolution. The refined estimate yields fﬂash ~ 119.97 Hz, from which Equation (19) gives
frot = 29.99 1/s. This represents a relative error of approximately 0.03% compared with the
ground truth, confirming that the proposed framework not only renders a reliable detection
decision but also provides an accurate estimate of the rotor rotational frequency.
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Figure 5. Flash power spectrum P (fy,;) of the target range bin and CA-CFAR detection threshold.

Figure 6 presents P¢ ( fi,) under two representative conditions. Figure 6a shows P¢(fn)
of the target range bin after MTI processing: the body and rotor components are attenuated
by the MTI zero-Doppler notch, and the pulse-to-pulse subtraction operation transforms
white noise into high-pass colored noise, elevating the local noise floor estimated by
CA-CFAR. These two effects jointly prevent the flash peak from exceeding the detection
threshold, confirming that conventional MTI-based processing exhibits severe performance
degradation in the flash frequency domain. Figure 6b shows Pc(fi;) of a clutter-only bin
after PTOP cancellation: only a statistically uniform noise floor is present and no detection
is triggered, verifying the constant false alarm rate property of the proposed framework.
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Figure 6. Flash power spectra P¢(fi;) under two conditions. (a) Target range bin after MTI processing.
(b) Clutter-only bin after PTOP cancellation.

Figure 7 shows the effect of the pre-scan count Ns; on detection performance at
SNR = —23 dB and SCR = —21 dB. As N; increases, the noise in the template is pro-
gressively averaged out, causing the peak SNR to increase monotonically and the detection
rate to rise steadily. Specifically, the mean peak SNR increases from 11.52 dB at Ny =1 to
17.60 dB at Ny = 10, while the standard deviation narrows from 4.47 dB to 3.50 dB. Ny = 5
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provides a reasonable trade-off between performance and pre-scan overhead, achieving a
detection rate of 80%, and it is adopted as the operating point in this paper.

T T T T T T 25

100 |
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—
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Figure 7. Effect of pre-scan count N; on detection performance over 50 Monte Carlo trials.

To characterize the practical performance boundary of the proposed framework under
stationary clutter, Figure 8 presents the detection-probability curve as a function of SNR at
a fixed SCR = —21 dB, obtained from 50 independent Monte Carlo trials per point. The
detection probability increases monotonically from near zero at SNR = —30 dB to 92%
at SNR = —20 dB. The 80% detection-probability threshold is reached at SNR = —23 dB,
which is adopted as the stationary-clutter operating point throughout this paper.
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Figure 8. Detection probability as a function of SNR under stationary clutter at a fixed SCR = —21 dB.

To further assess the detection capability of the proposed framework, we compare
it against the range-screening and STFT pixel thresholding (RSPT) method of Hoffmann
et al. [29], which proceeds in two steps: (1) a range-energy pre-screening step that applies
CA-CFAR to the 1D range profile energy—obtained by integrating the received power
across all pulses in a CPI—to identify candidate range bins whose integrated energy exceeds
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the detection threshold; (2) a micro-Doppler discrimination step that computes the STFT
spectrogram of each candidate bin and counts the number of time—frequency pixels whose
intensity exceeds an empirically set power level and whose Doppler frequency lies beyond
an empirically set velocity offset from the main Doppler response, and a UAV detection
is declared if this count exceeds an empirical threshold. Both the power level and the
velocity offset in step (2) are empirically determined from training data without analytical
derivation. As shown in Figure 9a, the range-energy pre-screening step completely fails
under the strong distributed ground clutter. It should be noted that the RSPT method was
originally designed for scenarios where the target occupies a range cell with dominant
scattering energy standing above the background—a condition that naturally holds when
isolated strong scatterers are distributed sparsely across range cells. In the distributed
Rayleigh clutter model considered here, every range cell contains severe clutter returns,
rendering the range-energy pre-screening step inherently inapplicable: even if the target
is present, its body return energy is uniformly submerged below the clutter fluctuation
level across all range cells. This makes it impossible to trigger the 1D CA-CFAR threshold
and identify a candidate target bin through energy pre-screening alone. To evaluate the
second step independently of the clutter masking, we bypass the pre-screening failure
and apply the STFT pixel thresholding step directly to the PTOP-canceled signal of the
target bin. The corresponding time-frequency representation, annotated with the empirical
velocity exclusion bounds (10 m/s) utilized in the RSPT method, is illustrated in Figure 9b.
Simulation results confirm that even under this favorable condition, the method still fails
to declare the target. As previously discussed in the context of Figure 4, the instantaneous
signal energy of the blade flashes cannot penetrate the extreme noise floor at such a low
SNR. Consequently, attempting to detect the target by counting spectrogram pixels that
exceed an empirical power threshold outside the predefined velocity bounds is inherently
ineffective, as the micro-Doppler signatures are visually and statistically indiscernible
in the time—frequency domain. The proposed framework overcomes this limitation by
strictly shifting the detection paradigm from instantaneous observation to global energy
accumulation, effectively exploiting the temporal periodicity of the flashes to successfully
extract the target. In terms of computational cost (evaluated for a single range bin on
a standard personal computer), the proposed method (18.60 ms) and the RSPT baseline
(19.90 ms) are comparable, while the conventional 2D RD+CFAR pipeline (dominated by
the 2D sliding window search) (818.03 ms) is approximately 44 x slower.

To evaluate the extended framework described in Section 3.4, Figure 10 shows the
Gabor time—frequency distribution of the target range bin under non-stationary intrinsic
clutter model (ICM) clutter [31] before PTOP cancellation. In this scenario, the residual
AC clutter energy spreads across low-frequency Doppler bins. The applied notch band is
delineated by foten = 333 Hz, which corresponds to a maximum radial velocity fluctuation
of £10 m/s (significantly lower than the maximum blade tip micro-Doppler frequency
of fimax =~ 1885 Hz, ensuring the vast majority of the high-frequency flash energy is
preserved). Figure 11 compares two methods at SCR = —21 dB and SNR = —22 dB:
(A) MTT with time—frequency domain notch, and (B) PTOP with time-frequency domain
notch. Method A fails, yielding a peak SNR of only 4.88 dB, well below the CA-CFAR
threshold, as the MTI notch attenuates both the non-stationary clutter residual and the
flash signature. Method B successfully detects the target with a peak SNR of 16.07 dB,
demonstrating that PTOP-based cancellation followed by notch-based power projection
maintains reliable detection robustness under non-stationary clutter conditions. Figure 12
presents the 2D SCR-SNR detection-probability heatmap under the ICM model, with each
cell obtained from 50 Monte Carlo trials. The 80% contour defines the practical performance
boundary, and the operating point (SCR = —21 dB, SNR = —22 dB) lies on this boundary.
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Figure 9. Failure mechanism analysis of the RSPT baseline method. (a) Range-energy pre-screening
step under distributed clutter (the red circle highlights the integrated energy of the target range cell).
(b) STFT spectrogram of the target bin after PTOP cancellation, annotated with the empirical velocity
threshold bounds of the RSPT method.
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Figure 10. Gabor time-frequency distribution of the target range bin under non-stationary ICM
clutter before PTOP cancellation.

To numerically corroborate the statistical derivation in Appendix A, Figure 13 com-
pares the empirical probability density function (PDF) of Pc(f;;) against the theoretical
exponential distribution. To evaluate the statistical properties, the empirical samples are
extracted from an arbitrary fixed non-DC frequency bin across 3000 independent Monte
Carlo trials. Furthermore, it is generally assumed that the background cells within a narrow
local CA-CFAR reference window satisfy the independent and identically distributed (i.i.d.)
condition. As shown in Figure 13a, under stationary clutter, the Kolmogorov-Smirnov (KS)
test yields a p-value of 0.8105 (well above the standard 0.05 significance level, thus sup-
porting the exponential null hypothesis) with a variance-to-mean-squared ratio of 1.0026
(theoretical value 1.0), confirming an excellent exponential fit. As shown in Figure 13b,
under non-stationary ICM clutter with the time—frequency domain notch extension, the
KS test yields a p-value of 0.6769 with a ratio of 1.0474, indicating that the exponential
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approximation remains valid despite the mild deviation introduced by the non-stationary
ICM clutter. Both results support the applicability of the analytically derived CA-CFAR
threshold Equation (18) under the respective clutter conditions.
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Figure 11. Flash power spectra Pc ( f;;) under non-stationary ICM clutter. (a) MTI with time—frequency
domain notch filter. (b) PTOP with time—frequency domain notch filter.
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Figure 12. 2D SCR-SNR detection-probability heatmap under non-stationary ICM clutter, where the
green frame marks the 80% detection-probability operating point.
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Figure 13. Empirical PDF of Pc(f) at non-DC frequency bins versus the theoretical exponential
distribution. (a) Under stationary clutter conditions. (b) Under non-stationary ICM clutter with the
time-frequency domain notch extension.

5. Discussion

The primary contribution of this paper is a detection framework that exploits the
periodicity of rotor blade micro-Doppler flash—rather than target radial velocity—to detect
hovering UAVs. The PTOP module is specifically designed for stationary ground clutter,
where the slow-time clutter steering vector remains constant across the CPI. Under this
condition, a single-step orthogonal projection suffices to suppress the dominant clutter
component while preserving the flash signature and the Gaussian noise statistics required
for the analytical CA-CFAR threshold. For non-stationary clutter scenarios, such as wind-
induced vegetation motion, the time-frequency domain notch extension introduced in
Section 3.4 provides a compatible remedy: by excluding the low-frequency Doppler bins
from the power projection, the residual AC clutter energy is suppressed without altering
the detector structure or invalidating the CA-CFAR threshold derivation. Simulation results
confirm that this extension achieves reliable detection performance under the ICM non-
stationary clutter model. Looking further ahead, replacing the single clutter template with
a multi-atom redundant dictionary constructed via the orthogonal matching pursuit (OMP)
algorithm [21], combined with an empirically calibrated detection threshold, represents a
promising direction toward more adaptive detection under diverse and rapidly varying
clutter environments. The PTOP module also relies on the prior availability of target-free
pre-scan observations to construct the clutter template. This requirement is most naturally
satisfied in fixed-deployment surveillance scenarios, where the radar is mounted at a
stationary post and the ground clutter scene remains stable over extended periods, making
it straightforward to acquire reliable pre-scan templates before the monitoring mission
begins. When the clutter environment changes significantly, for instance, due to platform
motion or seasonal vegetation changes, the template can be periodically refreshed using
observations collected during confirmed target-free intervals. For deployments where such
intervals cannot be guaranteed, additional prior knowledge about the clutter structure (e.g.,
from digital elevation maps or historical observations) could be incorporated to initialize
the template, combined with an online update strategy that progressively refines the
estimate as new target-free observations become available. The present parametric analysis
characterizes detection performance along the SNR axis at a fixed SCR and across the joint
SCR-SNR plane under non-stationary clutter. A more comprehensive characterization
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would further sweep the pre-scan count Ns jointly with SCR and SNR to map the full
three-dimensional performance boundary, which would provide quantitative guidance for
selecting the optimal trade-off among detection sensitivity, pre-scan overhead, and clutter
suppression capability in practical deployment scenarios. This joint parametric analysis is
left for future work.

6. Conclusions

This paper proposed a micro-Doppler flash detection framework for hovering UAV
detection with LEMCW radar under strong ground clutter, consisting of three sequential
modules: PTOP clutter cancellation, flash power spectrum construction, and CA-CFAR
detection. The PTOP module exploits the slow-time stationarity of ground clutter to elim-
inate the clutter component via a single-step orthogonal projection with zero distortion
to the rotor micro-Doppler flash signature, preserving the statistical foundation for the
analytically derived CA-CFAR threshold. Simulation results confirm that the proposed
framework achieves reliable target detection even when the micro-Doppler flash signatures
are visually obscured by residual noise in the time-frequency domain. The proposed
framework effectively overcomes the dual challenges of clutter masking and noise sub-
mergence. By cascading PTOP-based clutter cancellation with frequency-domain energy
integration, we provide a holistic solution that maintains high detection sensitivity even
when the target’s micro-Doppler signature is visually indiscernible in the time—frequency
domain. The framework is further shown to remain applicable under non-stationary clutter
conditions through a time—frequency domain notch extension, with simulation results
confirming that the analytical CA-CFAR threshold remains valid without modification to
the detector structure.

Appendix A. Statistical Justification for the CA-CFAR Threshold

We establish that the noise component of Pc(fy) at fiu # 0 approximately follows
an exponential distribution, which is the statistical basis for the CA-CFAR threshold in
Equation (18). Since w; ~ CA(0,021) and the PTOP operation Equation (12) is a linear
orthogonal projection, the residual noise W; within the clutter-canceled received vector §;
satisfies W; ~ CA(0,021I) under a large number of integrated pulses M > 1. Since the
Gabor transform Equation (13) is linear, the noise component in Y;(7, f) satisfies

M ) .
W, £) = 3 [l gltm — 1) 2 Ao, o), (A1)

m=1

where 02 = 02 Y, §*(tm — 7).
The noise contribution to E;(7) in Equation (14) is

Ny
En(t) =Y IW(T, fi) % (A2)
k=1

where Ny is the number of Doppler bins. Since |W(7, f;) 2 Hid Exp(c2), by the Central
Limit Theorem (CLT),

En(r) & N(Njef, Nyob), Np>1, (A3)

It is worth noting that the high overlap ratio of the Gabor transform introduces local
time-domain correlation in the sequence Ey (7). However, since the coherent processing
interval contains a large number of pulses (M >> 1) and the correlation length is significantly
shorter than the total observation time, the global FFT operator effectively mixes these
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weakly dependent samples. By virtue of the central limit theorem for weakly dependent
sequences (mixing processes), and considering that the FFT Equation (15) is linear where
the DC mean N fO'% contributes only to f, = 0, the noise contribution to C;(f) at fiu # 0
asymptotically maintains complex Gaussianity:

CN(fm) = Y [EN(T) = Npog] e 2T ~ CN(0,02),  fu #0. (A4)

T

Consequently, the noise power spectrum Pc(f)| at non-DC frequency bins can

noise
be asymptotically derived as

Pe(fn) | poree = ICN(fn) P ~ Exp(0),  fu #0, (A5)

which yields the closed-form threshold factor « = Mref<P_1/ Miet _ 1) in Equation (18).
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