Journal of Theoretical and Applied Information Technology ~
31% October 2025. Vol.103. No.20 ~J
© Little Lion Scientific

SATIT

E-ISSN: 1817-3195

ISSN: 1992-8645 www jatit.org

EVALUATING SUPPORT VECTOR MACHINE
CLASSIFICATION ACCURACY ON MICRO-DOPPLER
SIGNALS OF DRONES AND BIRDS

GYOO SOO CHAE!
"Professor, Division of Advanced IT, Baekseok University, Cheonan-City, South Korea

E-mail: 'gschae@bu.ac kr

ABSTRACT

The popular use of small unmanned aerial vehicles (UAVs) brings considerable technological advantages but
also raises serious security challenges, particularly in situations where distinguishing drones from birds is
critical. This study introduces a systematic approach for drone—bird discrimination through the analysis of
simulated radar micro-Doppler signatures using a Support Vector Machine (SVM) classifier. Synthetic radar
signals were generated by modeling the characteristic motion patterns of drones—namely rotor blade
rotation—and the wing flapping dynamics of birds, thereby capturing their distinct micro-Doppler features.
From these signals, spectrogram-based time—frequency representations were extracted and condensed into
average spectral profiles, which served as inputs for classification. The SVM model was trained on
spectrogram-derived features while incorporating variability in both drone and bird motion parameters to
improve robustness. Experimental results indicate that, with training data based on drone rotor speeds of
3,000rpm (+16.7% noise) and body speeds of 10m/s (+40% noise), the classifier maintained near-perfect
accuracy even when tested on cases with rotor speeds as low as 1,200 rpm and body speeds reduced to 6m/s.
These findings highlight the strong generalization ability of the proposed method under realistic variations in
flight dynamics. Moreover, the SVM-based technique not only achieves highly reliable airborne object
discrimination but also offers computational efficiency suitable for real-time surveillance applications, with
strong potential for adaptation to real-world radar datasets.

Keywords: Unmanned Aerial Vehicles(UAVs), Drone, Classification, Support Vector Machine (SVM),
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1. INTRODUCTION

In recent years, the rapid growth in the use of
small unmanned aerial vehicles (UAVs), commonly
referred to as drones, has significantly transformed a
variety of civilian and military domains, including
airspace security and the potential for conflicts with
wildlife. While these platforms offer tremendous
utility, their increasing accessibility also raises
serious security and safety concerns. In particular,
the unauthorized or unintended presence of drones in
restricted airspace poses potential threats to
infrastructure, public safety, and aviation. A critical
challenge in addressing these risks lies in reliably
distinguishing drones from naturally occurring
airborne objects such as birds, especially in cluttered
or contested electromagnetic environments. Radar
systems, due to their robustness and all-weather
operational capability, have emerged as a primary
tool for UAV detection and classification[1-2].
However, previous researches have often relied on

restricted datasets with limited attention given to the
variability inherent in real-world flight dynamics
such as rotor speed fluctuations, wingbeat frequency
changes, and variations in body velocity.
Consequently, many classification models demonstrate
strong performance in controlled environments but
fail to generalize under realistic conditions that
involve noise, environmental disturbances, and
diverse motion behaviors.

Guided by this gap, the present study explores the
following research questions:

1. How effectively can an SVM-based classifier
differentiate drones from birds when trained on
spectrogram-derived features that incorporate flight
dynamic variability?

2. To what degree does the proposed method sustain
robustness and generalization across diverse flight
scenarios (e.g., changes in rotor speed, wing flapping
frequency, and drone body velocity)?
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For this reason, micro-Doppler signatures—fine-
grained Doppler shifts caused by small-scale
motions such as blade rotation or wing flapping—
offer a promising solution[3-5]. These signatures
encapsulate the unique motion dynamics of a target
and can be leveraged to identify object type with
greater precision. Identifying and distinguishing
between these two classes of moving objects based
solely on radar data is a challenging yet essential task
for various surveillance and defense applications.
Micro-Doppler radar has emerged as a powerful tool
for capturing the motion of both drones and birds[6-
11]. The Doppler shifts induced by the body motion
and rotating blades of drones, as well as the wing
flapping motion of birds, provide valuable
information that can be leveraged for classification.
However, due to similarities in the frequency and
time characteristics of these motions, the
classification of drones and birds can be difficult,
requiring advanced machine learning techniques to
improve the accuracy of detection[12-17]. Support
Vector Machines (SVM) are one such technique that
has demonstrated success in binary classification
tasks, particularly in cases where data is not linearly
separable[18-20]. SVM's ability to work effectively
with small training datasets, coupled with its robust
performance in high-dimensional feature spaces,
makes it an attractive option for micro-Doppler
radar-based classification problems.

Previous studies demonstrate the feasibility of
micro-Doppler classification but often prioritize
either accuracy (deep learning) or simplicity
(handcrafted features), with limited attention to
generalization under realistic flight variations and
computational efficiency for real-time use. This
study presents systematic variability in simulated
training data and demonstrates that an SVM
classifier can maintain near-perfect accuracy across
dynamic flight conditions, bridging the gap between
feasibility and operational robustness. We generate
synthetic radar signals by simulating the kinematics
of drones and birds, incorporating both the body
motion of the drone and the wing-flapping motion of
the bird. Time-frequency features are extracted using
spectrogram analysis, and these features are used to
train an SVM classifier. The performance of the
system is evaluated using simulated test signals,
demonstrating its potential to differentiate between
drones and birds with high accuracy.

The contributions of this paper include the
generation of realistic drone and bird radar signals
through kinematic modeling, extraction of relevant
time-frequency features to characterize micro-
Doppler signatures, utilization of SVM for

classification, enabling efficient and accurate
discrimination between drone and bird targets.,
evaluation and comparison of the method’s
performance in terms of classification accuracy. This
approach is expected to play a significant role in real-
time surveillance systems, contributing to enhanced
security and wildlife protection by effectively
distinguishing between drones and birds based on
radar signatures. Moreover, while this work focuses
on simulated data to develop and verify the
classification  framework, the methodology
establishes a solid foundation for extension to real-
world radar datasets. The integration of machine
learning with micro-Doppler radar analysis provides
a scalable and reliable solution for automated aerial
object classification, contributing to enhanced
situational awareness and airspace security.

2. METHODOLOGY

This section presents a comprehensive
methodology for classifying drones and birds using
simulated radar micro-Doppler signatures and a
Support Vector Machine (SVM) classifier. The
study seeks to achieve high classification accuracy
while maintaining robustness under variations in
flight dynamics, noise, and environmental
conditions. The system design follows a structured
pipeline comprising six main stages: radar signal
simulation, time-frequency analysis via
spectrograms, feature extraction, feature
normalization, SVM training, and classification of
test signals.

2.1 Radar Signal Simulation

Radar signal modeling combines waveform
generation, motion-induced Doppler effects, and
signal processing to characterize how radar returns
behave in response to different target movements.
For drones and birds, modeling must include both
translational body motion and rapid periodic
motions of rotating and flapping, which yield rich
micro-Doppler features essential for detection and
classification. Figure 1 presents the concept of the
radar’s bulk-Doppler(drone or bird body) and micro-
Doppler (drone blade or bird wing) signal of a drone
and bird. s.,(¢) is the transmitted signal from the
radar, Sy () = Srx yrone poay (O  Srx iaq.(8) 18 the
Doppler signal of the drone body and blade,
Sra 5 () = Sty poay () + Srxwing (€ is the Doppler
signal of the bird body and wing.
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Figure 1: The Concept of the Radar Doppler Signals for
a Drone and Bird

Most radar systems transmit a known waveform,
often a continuous wave (CW) or a pulsed signal. A
common choice in Doppler and micro-Doppler
analysis is the linear frequency modulated (LFM)
chirp.

Se(6) = A /MWD (1)

where f, is the carrier frequency, k is the chirp
rate(defined frequency sweep), A4 is the amplitude of
the transmitting radar signal.
The radar receives a delayed and Doppler-shifted
version of the transmitted signal, depending on the
target's distance and motion.

Spe() = i@ st — 7)) €72t (2)
where «a; is the amplitude of the " scattering
component, 7; is the time delay, fp,(fp_arone +
fo_piray is the Doppler shift from the i scatterer
(drone and bird).

The received signal is transformed using the Short-
Time Fourier Transform (STFT) to analyze micro-
Doppler effects and produces a spectrogram.

Spectrogram(t, f) = |[ sy (D w(t — T)e /2™, d‘[|2 3)

This presents time-varying frequency components
characteristic of the target's motion dynamics.

A. Drone Signal Modeling

Precise modeling of drone Doppler signals is
crucial for advancing radar-based classification
systems, especially in distinguishing drones from
other airborne objects like birds. This process
accounts for both the drone’s bulk motion and
micro-motion elements, which collectively generate
the distinctive time-frequency patterns referred to as
micro-Doppler signatures. The MATLAB-based
simulation framework is composed of modular
components that comprehensively model radar
parameters (such as frequency, waveform, and
sampling), drone kinematics (including translational
and rotational motion), radar echo generation
(accounting for delay and Doppler effects), and
signal processing techniques like Short-Time

Fourier Transform (STFT) for spectrogram
analysis[21-28]. It enables controlled generation of
synthetic micro-Doppler signatures, which are
essential for training and evaluating classifiers like
SVM. By adjusting motion parameters and
incorporating randomness, the simulation mimics
real-world operating conditions, supporting robust
radar system development for drone detection. The
simulated radar system is designed to operate within
the X-band frequency range, specifically centered at
10GHz, which corresponds to a wavelength of
approximately 0.03 meters.

The radar backscatter characteristics of a target
are influenced not only by its overall motion but also
by the movement and rotation of its individual
components. These dynamic elements cause both
frequency and amplitude modulations in the
reflected radar signal. Since the structure and motion
patterns of moving parts vary between different
targets, the resulting modulations serve as distinctive
signatures.

Each moving component of the target functions as
an individual scatterer, generating its own specific
Doppler frequency shift. The bulk Doppler shift
produced by a single moving scatterer can be
expressed as follows:

fr=% 4)

where fp is the doppler shift(Hz), v is the radial
velocity of the drone body along the LOS(m/s) and
A is the radar wavelength(m).

The micro-Doppler effect due to blade rotation was
modeled using a sinusoidal function representing the
blade tip velocity:

Ublade (t) = Vtip * Sin(znfrott + Q)) (5)

where vy, represents the blade tip speed, f.r denotes
the blade rotation frequency, and ¢ is a randomly
assigned phase angle.

__ 2Uplade(t)
D_blade — 2 (6)

fD_drone_total = fD_d‘rone_body + fD_blade (7)

The Doppler frequency(fp grone totar) Of @ drone is
sum of two components generated by the
bOdY(fD_drone_body) and the blades(fD_blade)~

B. Bird Signal Modeling
Wing flapping motion is represented as a sinusoidal
velocity component along the radar’s line of sight
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(LOS), capturing the repetitive, oscillatory nature of
wing movements during flight.

Vwing (t) =4 Sin(znfwing t) ®)

where 4 is the flapping velocity amplitude, fying is
the flapping frequency (typically 2~10Hz depending
on bird species)

_ 2Vying(®)

fD_wing - T (9)

fD_bird_total = fD_bi‘rd_body + fD_wing (10)

The Doppler frequency( fp pira totar) of a bird
consists of two components resulting from the
bOdY(fD_bird_body) and the Wing(fD_wing)~

2.2 Time-Frequency Representation

To analyze the micro-Doppler content, Short-Time
Fourier Transform (STFT) was used to produce
spectrograms, which display how the frequency
content of the signal evolves over time.

If more detailed Doppler characteristics are required
to distinguish between mini-UAVs and birds, it is
common to analyze the spectrogram of the received
radar signal expressed in (2). The spectrogram can
be obtained by applying successive, overlapping
short-time Fourier transforms (STFT) to the time-
domain signal.

STFT(t,f) = YN, x(t — i)w(i)e_]z%lf (11)
where f is the frequency index and w(t) is a
window with length N. The window length is a
crucial parameter which must be carefully selected
to ensure that the yielding STFT provides good
resolution in both time and frequency domains. In
this study, the hamming window with length of 1024
is used. Table 1 shows the signal processing
parameters employed for analyzing the micro-
Doppler signals.

Table 1: Signal Processing Parameters

magnitude of the STFT to represent signal power
over time and frequency is computed. Average the
magnitude along the time axis to obtain a 1D
frequency-domain feature vector:

fi = 3 EEIS @ D (12)

where S(%, f;) denotes the spectrogram magnitude at
a given time ¢ and frequency f, and T is the total
number of time frames (STFT frames). This
approach  effectively captures key spectral
differences. In general, drones produce high-
frequency modulations (due to fast blade rotation),
whereas birds produce lower-frequency content (due
to slower wing flaps).

B. Feature Normalization
To ensure uniform scaling across all features and

enhance classification performance, min-max
normalization is applied:
XX
X/ —_ min (13)

Xmax—Xmin

This normalization technique rescales all feature
values to fall within the [0, 1] range, ensuring that no
single feature disproportionately influences the
SVM'’s decision boundary due to its magnitude.

C. SVM Classifier Training

The Support Vector Machine (SVM) is a powerful
supervised learning algorithm commonly utilized for
binary classification problems, especially well-
suited for high-dimensional datasets and situations
with limited training data. In this research, the SVM
is applied to classify micro-Doppler radar signatures
of drones and birds using features extracted from
spectrograms. This section outlines the setup,
training methodology, and justification for choosing
the SVM approach.
Linear Kernel is used because it provides low
computational complexity, effective with linearly
separable data in reduced feature space, enables real-
time implementation possibilities. The SVM
attempts to find the optimal hyperplane that
separates the two classes with maximum margin in

Parameters Values
Window Type Hamming window
Window Length 1024 samples
Overlap 500 samples
FFT Points 2048

A. Feature Extraction

The spectrograms were converted into machine-

learning-compatible

features

as follows. The

the feature space.

Table 2: SVM Classifier Training Method

Items Details
Training Model Linear Kernel SVM
Training Samples 50/class

Used Function

Matlab fitcsvm
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The training process utilized MATLAB’s fitcsvm
function, which efficiently supports linear SVM
training. Each feature vector—after normalization—
was assigned a label indicating its class (drone or
bird). The SVM algorithm then identified the
optimal decision boundary (hyperplane) that best
separates the two classes by maximizing the margin

between them while minimizing classification errors.

This training phase involves solving a quadratic
optimization problem, where the objective is to
correctly classify all training samples in linearly
separable cases, or apply a soft-margin penalty to
accommodate minor misclassifications in more
complex scenarios. The aim of the optimization is to
minimize:

~IWI?+ C XL, & (14)
yiw-X;+b)=21-§,§=0 (15)

where w is the weight vector, b is the bias term, y;
is the class label, X; is the feature vector, &; are
slack variables for soft margin, and C is the
regularization parameter controlling the trade-off
between margin width and classification error.
Introducing variability and noise into the training
signals enables the classifier to learn beyond
idealized conditions, allowing it to generalize
effectively across minor differences in rotor speed
and wing flapping. This adaptability is essential for
real-world deployment, where actual operating
conditions may differ from those used during
training.

Table 3 illustrates the training signal parameters
used for the SVM approach. The drone's velocity
includes 40% random noise centered around a
baseline speed of 10m/s, while the forward rotational
speed of the drone is subjected to 16.7% random
noise relative to a nominal value of 3,000rpm. The
bird's wing flapping frequency is set at Scycles per
second, with a random variability of 60%
incorporated to account for natural fluctuations.

Table 3: Training Signal Parameters

Parameter Drone Bird
. 10m/s +
Body velocity 40% noise 2m/s
Blade rotation 3,000rpm + N/A
speed 16.7% noise
# of blades 4 N/A
Blade length 0.2m N/A
Wing flapping N/A 5Hz = 60% noise
frequency

D. Classification of Test Signals

The performance of the trained SVM was assessed
using newly generated test signals not seen during
training. Drone or bird signals were randomly
created using the same simulation parameters and
noise characteristics as the training data.

Tabled4: Classification Test Parameters

Parameter Value
Radar Carrier Frequency 10GHz (X-band)
Wavelength (1) 0.03m
Sampling Rate 100kHz
Window Length (STFT) 1024 samples
FFT Points 2048
Overlap 500 samples
SVM Kernel Linear
Training Samples 50drones, 50birds max
Noise Type Additive Gaussian

Each test signal underwent short-time Fourier
transform (STFT) analysis, spectrogram magnitude
computation, feature averaging, and normalization
using the same scale applied during training. The
normalized feature vector was input to the trained
SVM to classify it as either a drone or a bird.

Table 5: Test Signal Parameters

Parameter Drone Bird
Body velocity 10m/s 2m/s
Blade rotation 3,000rpm N/A

speed

# of blades 4 N/A

Blade length 0.2m N/A
Wing flapping N/A SHz
frequency

3. RESULTS AND DISCUSSION

This section presents both graphical and
quantitative outcomes from the classification
experiment distinguishing drones from birds,
utilizing simulated radar data and a Support Vector
Machine (SVM) classifier. Figure 2, 3 illustrate the
training time-frequency spectrums and spectrograms
corresponding to radar echoes from a drone and a
bird. The spectrum associated with the drone clearly
exhibits distinct, periodic micro-Doppler signatures
attributed to the rapid and consistent rotation of its

propellers.
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Figure 2: Training Doppler Spectrum (a)Drone

(velocity=10m/s, rom=3,000), (b)Bird(velocity=2m/s,
flapping=8Hz)
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Figure 3: Spectrogram of the Training Signals

(a)Drone(velocity=10m/s, rpom=3,000), (b)Bird
(velocity=2m/s, flapping=8Hz)
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In comparison, the bird’s spectrogram displays
smoother and lower-frequency modulations, which
are characteristic of its flapping wing movements.

Figure 4 presents the Doppler frequency spectra
corresponding to the radar returns from the drone
and the bird. The drone’s spectrum features distinct
high-frequency components resulting from the rapid
motion(3,000 and 1,180rpm) of its rotor blade tips,
while the bird’s spectrum is more confined to lower
frequencies(8Hz), displaying a narrower and more
centralized distribution.
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Figure 4: Test Signal Doppler Spectrum (a)Drone
(velocity=10m/s, rom=3,000), (b)Drone (velocity=6m/s,
rpm=1,1800), (c) Bird(velocity=2m/s, flapping=8Hz)

Figure 5 shows the spectrogram of the test signal
generated using MATLAB. The time-frequency
representations of two objects are presented. In
figure 5(a), a drone flying at a velocity of 10m/s with
arotor speed of 3,000rpm, exhibiting strong periodic
micro-Doppler components due to high-speed rotor
motion. In figure 5(b), a drone moving at 6m/s with
a rotor speed of 1,180rpm(limit speed ensuring the
classification accuracy), showing comparatively
lower-frequency micro-Doppler signatures. And a
bird flying at 2m/s with a wing flapping frequency
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of 8Hz, characterized by distinct low-frequency
modulations

micro-Doppler
wingbeat motion.
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Figure 5: Spectrogram of the Test Signals (a) Drone
(velocity=10m/s, rom=3,000), (b)Drone(velocity= 6m/s,
rpm=1,180), (c) Bird(velocity=2m/s, flapping=8Hz)

Figure 6 shows the classification accuracy achieved
under varying rotor speeds and different training set
sizes. Overall, the classification accuracy between
drones and birds improves as the number of training
signals increases. Specifically, when the training
signal is based on a drone rotor speed of
3,000rpm(+16.7% random noise), the system achieves
nearly 100% accuracy for test signals with rotor
speeds of 1,200 rpm or higher. These results indicate
that the classification algorithm, trained on drone
signals with a rotor speed of 3,000 rpm, is capable of
identifying drones even when they have a rotation
speed of 1,200 rpm. However, due to differences in
rotor speed and wing dimensions across various
drone models, it seems that it would be difficult to
distinguish different types of drones.

...... 1100rpm A
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— -1140rpm
b — -1180rpm \
1200rpm % | A

Acurracy(%)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30
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Figure 6: Classification Accuracy and Training
Numbers vs Blade Speed

Figure 7 shows the classification accuracy achieved
under varying drone velocity and different training
set sizes. In general, the classification accuracy of
drones and birds can be improved as the number of
training signals increases. Specifically, when the
training signal is based on a drone body speed of
10m/s, the accuracy is achieved nearly 100% for the
test signals with drone speeds of 6m/s or higher. This
shoes that the classification algorithm, trained on
drone signals with a body speed of 10m/s(+40%
random noise) is capable of identifying drones even
when they have a body speed of 6m/s.

These results confirm that the method meets the
initial objectives of robust classification under
realistic  flight dynamics and computational
efficiency suitable for real-time deployment.
Compared with state-of-the-art solutions, such as
deep learning models and ensemble classifiers, the
proposed approach offers a favorable balance
between accuracy, interpretability, and resource
efficiency, although deep learning methods may
achieve slightly higher accuracy given sufficiently
large datasets.
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Figure 7: Classification Accuracy and Training
Numbers vs Drone Speed

This study successfully identified the relationship
between training and test parameters in
distinguishing drones from birds. It analyzed how
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classification accuracy is affected by factors such as
drone rotor speed, body velocity, and the number of
training signals. Unlike previous research, which
primarily focused on enhancing discrimination
features between drones and birds, this work
emphasizes how variations in their motion
characteristics influence classification performance.
The proposed SVM-based approach effectively
distinguishes drones from birds using spectrogram-
derived radar micro-Doppler features, achieving
near-perfect accuracy across variable rotor speeds
and body velocities. These findings confirm that the
methodology meets the initial objectives of robust
classification under realistic flight dynamics while
maintaining computational efficiency suitable for
real-time deployment. Compared with state-of-the-
art solutions, such as deep learning classifiers, the
SVM approach provides a favorable balance of
interpretability, efficiency, and accuracy, although
deep models may slightly outperform in large dataset
scenarios. These findings are expected to provide
valuable insights and serve as a significant reference
for future research in this field.

4. CONCLUSIONS

This study prresented an effective methodology
for distinguishing between drones and birds using
simulated radar micro-Doppler signatures and a
Support Vector Machine (SVM) classifier. By
modeling the kinematic behaviors of both drones—
incorporating propeller rotation and body motion—
and birds—capturing wing-flapping dynamics—the
system generated realistic radar returns for analysis.
Time-frequency spectrograms were used to extract
distinct micro-Doppler features, which were
normalized and classified using a linear SVM model.
The results presented here directly address the first
research question by demonstrating that the
proposed SVM-based classifier can effectively
distinguish between drones and birds using
spectrogram-derived features. The classification
accuracy increases with the number of training
samples, and that the SVM, when trained on a
representative rotor speed or drone velocity,
maintains high accuracy even with moderately
varying test parameters. Nearly 100% classification
accuracy was achieved for test drones with rotational
speeds or velocities reasonably different from the
training conditions, confirming the robustness of the
proposed approach.

This work advances previous researches by not only
enhancing micro-Doppler feature utilization but also
by systematically analyzing how training and test
parameters impact classification performance. The
present findings are derived from simulated radar

micro-Doppler signals; therefore, validation using
real radar measurements is an essential step toward
practical deployment. The proposed method is
computationally lightweight, well-suited for real-
time applications, and lays the groundwork for
future studies involving real radar data and the
classification of more diverse drone types.
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