THE JOURNAL OF KOREAN INSTITUTE OF ELECTROMAGNETIC ENGINEERING AND SCIENCE. 2025 May; 36(5), 457~467.

http://dx.doi.org/10.5515/KJKIEES.2025.36.5.457
ISSN 1226-3133 (Print) - ISSN 2288-226X (Online)

AY-=EH 9 74k Hojo 24 BRE 93
Vision Transformer d 7|

Design of Vision Transformer for Range-Doppler Map-Based
Radar Target Classification

HHE - 04T - ANE - QN B - FA|B

[

Byungchan Choi + Seonggyu Lee * Jihyun Kim * Sehwan An - Jihan Joo

g o
Ag-EE8 Y HoltkE o]&ate] telurt A3t e B =T s tEAR1 Holgolth Az
-wEE YW ol A g A ALY, SR, YA A AVIE AEE Atk 49 Pl et Ak E
g fellMe] Ao A7) B27h geinh o] 8 G&ate] doltt AILE2 49 F/RE /Y F Uk & =82
AP-EZ8 PozRE 84S BFY 5 9+ vision transformer 7]¥+ Held MEYT AAWE A sLA Sk

Abstract

Range-Doppler map is the principal information that a radar system can acquire from an antenna that is illuminating the target. Radar
system can extract the relative range, relative velocity, and signal strength of the target from a range-Doppler map. The distribution
of the signal strength varies according to the target shape. Using these characteristics, the radar system can distinguish between the
target types. This paper proposes the design of vision transformer-based deep learning network for target classification from a
range-Doppler map.
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H 1. RDRD Hl°JHA FMCW #lolt A% 712l
Table 1. Specification summary of FMCW radar used in

RDRD dataset'".
Radar frequency X-band
Type FMCW
Bandwidth 200 MHz
Sample rate 32 MHz
Maximum beat frequency 16 MHz
Range resolution 0.878 m
Doppler resolution 5.58 Hz / 0.34 km/h

Total SNR Data Distribution

Data Num

Below 10dB  10-20dB 20-30dB
SNR Range

30-40dB  Above 40dB

8 2. SNR 7 RDRD FloJEAl #%
Fig. 2. Data distribution of RDRD dataset by SNR range.

H 2. SNR 77H8 RDRD dloJEjAl A& (49]: dB)
Table 2. RDRD dataset sample by SNR range (unit: dB).
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Fig. 6. Processing flow of ensemble-based classification sy-
stem structure.
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Table 3. F1 score comparison between proposed method,
DopplerNet, and pretrained models.

. Neural
Model type .Input Integration F1 network
timestep type score
parameter
1 - 0.9641 | 5,602,979
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