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Abstract

Classification of drones and birds is challenging due to diverse flight patterns and limited data availability.

Previous research has focused on identifying the flight patterns of unmanned aerial vehicles by emphasizing

dynamic features such as speed and heading. However, this approach tends to neglect crucial spatial information,

making accurate discrimination of unmanned aerial vehicle characteristics challenging. Furthermore, training methods

for situations with imbalanced data among classes have not been proposed by traditional machine learning

techniques. In this paper, we propose a data processing method that preserves angle information while maintaining

positional details, enabling the deep learning model to better comprehend positional information of drones.

Additionally, we introduce a training technique to address the issue of data imbalance.
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Table 1. Field categories in radar data

Field Description Unit

Slant Range between
Slant () Radar and Target m

Azimuth of the

Azimuth () Target from Radar

degree

Elevation of the

Elevation (6) Target from Radar

degree

Velocity (v) Velocity of the Target m/s

Heading (6,) Direction of Motion degree

dolt} Tracke] T= ARV} HE2 o2 =y
HEE FAE] 9o, o]& e x%zm PR
Q3. A= UF2E H%A W3 dolH
dlolel 433, 91X Bold A &£z Ny
A HF2E H3pA HEHS Table 19014 AAE X
E AHE 2r B34S flol] S8 b2 E A
2 Hgkity A 212 o (1~5)%F 2T

Q]
o] ¥

\=]
RN
il

m&a—ﬂgﬂ?i‘m&:L

X = Rcos(0)cos(¢) M
Y= Rcos(0)sin(¢) @
Z=Rsin(0) ©)
v, =vecos(d,) @
vy, =vsin(6,) ®)

o]7]4 R Slant, §+= Elevation, ¢+= Azimuth, v+=
Velocity, 6, HeadingS WEFHTE 9] F2dA] v,
v, 5 Az, yF 0] EEoth

ob&] A% AW dgEE dolge] Hols
TS wan, ot} Tracke] AIAIE AXRE &3
Ao A ]7] flel Fig. 1014 AAE 29
Track= Segment Length(SL)Z ®&3tc}. o], Track
el dlolHES SL HFos Fdshe= Ao opd
SLET} 22 Hop (H4 HZ &35l FH Segment
o} THIESE 42 SegmentS YA TILL o]ol] thEt
TAAR FAL ok 24 (6)3 2Tk



Track Length

Segment Length

e

Heop |

@del
[ Model

Model

P B Py Py

-----

Fig. 1. Splitting the track into segments with segment
length at hop intervals
Segment [s] = Track[sH: sH+ SL] (6)
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Fig. 2. The distribution of track lengths across classes
in the drone detection dataset
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Table 3. Macro F1 score with the variation of SL and

Hop
Segment Length (SL)
Hop
10 30 50 70
1 0.879 0.922 0.948 0.944
5 0.888 0.920 0.952 0.948
10 0.850 0.895 0.937 0.959
30 - 0.899 0.930 0.958
50 - - 0.871 0.904
70 - - - 0.891
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