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Multi-frame application for RADAR Image based Maritime
Object Detection
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Abstract: Recent deep learning advancements have outperformed traditional methods in tasks like
image classification, object detection, and semantic segmentation. In marine settings, various sensors
detect environmental features and obstacles: cameras and LiDAR are commonly used for short-range
mapping, while RADAR is preferred for long-range detection due to its resilience across large areas
and in adverse weather. However, most research and available datasets focus on camera and LiDAR
data, with limited data and studies on maritime RADAR. Additionally, RADAR images typically
contain high noise and clutter, complicating the development of training datasets. While RADAR
is valuable for detecting marine objects, its noise levels demand specialized approaches beyond
conventional vision-based detection. Previous work applies semantic segmentation to RADAR
images to distinguish objects, noise, and land, but uses only single-frame data. This paper proposes a
novel method using sequential RADAR images to enhance object detection in marine environments.
By leveraging temporal information and minimizing preprocessing, our approach significantly

improves accuracy.

Keywords: Maritime, Radar, Semantic Segmentation, Deep Learning, Computer Vision

T e 7leZ 7o R o
et A7t s APE T Qlck
A A, QA B 5tk AdoA 71&9] el
71&0f| v]3] FHold A5-2 HojFa Qlok E3], A5 Al
7o) AgApof wet Al 294 o]u] x| ¢} 2to]tHLIDAR)YE &-&
31317 914]0] g ARE 1 Qltt. o]} AL, AR 3
Aduto]| tf et =8 = 71 AA ARg 23 AH 3 71& Al
o] AHg =8 A=A} AR &S A o 2 7|gjsla 9ot

Received : Oct. 28. 2024; Revised : Jan. 2. 2025; Accepted : Mar. 28. 2025

% This work was supported in part by the Development of a Situational
Awareness System for Preventing Collisions and Accidents of
Autonomous Ships funded by the Ministry of Trade, Industry and
Energy (MOTIE), South Korea, under Grant 20011722.

1. Researcher, Al Research Team, Seadronix Corp, Seoul, Korea (jin.park,
yongjin, ksana@seadronix.com)

1 Associate Researcher, Corresponding author: CTO, Seadronix Corp,
Seoul, Korea (hank05@seadronix.com)

Copyright©KROS

ofof et Yol d 2 A+ Ao 7] 0] Heste
F7h 22 s A o

ST SO AT 3 B oo TR 4] 9 Q1412
913 ol 714 AE ALGSHIL Sk B Bl At

PHZ HEohal 1 Aok 5 SJHshy] f3f ofH F
T2 AllA 5ol Zh2te] F4] o SHA| ARE-E of Sttt 7 Etet 2

oJth= A7 AIM =A] Z717] Wg o A 02 ARGET, Hlo]
C(RADAR)= 972 A ]| et &1 23 =2 ARE-5 AL
ATH. £3] Floje] AL W2 TS WS 7P 72}
L eojttet g2 @4 2400 FFS EA 7] = 3]
A o] SgE. shAlet o] ged AT T2 7}
Uﬂﬂ}gr golotE E-83t AHH vl 2 wEaL glom,

53] 2253 Zopoll A d7F &Es] Y= of g7lof ol=
*ﬂ/ﬂ £ 28 Sk dlolEAl: Fol EARTR. v A
ol g2k oy o] A& 71Hke = 3 g7 Flo|H oju]x]
gloEAlo] A< glof 3l #|olH ofw] A& 7|Rte = gt H


https://crossmark.crossref.org/dialog/?doi=10.7746/jkros.2025.20.3.456&domain=https://jkros.org/&uri_scheme=http:&cm_version=v1.5

% 2 ol o]n| S TET WA BH AN U2 A Ay 457

@

[Fig. 1] Sample images of RADAR : (a) Raw, (b) pre-processed
input RGB, (c) Grayscale, and (d) ground truth. (a) contains
noise, (b) and (c) are filtered images with less noise
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[Fig. 2] Configuration of sequential data. Single sequence
contains seven sequential input raw images and one ground
truth labeled image
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(c) Grayscale (t-1)

(d) Grayscale (t-2)

[Fig. 3] Model input image samples (a) single frame model
input RGB, (b)-(d), multi frame model input grayscales
from ¢ to t—2. Instead of using (a) single frame, temporal
information is utilized by using (b), (c), and (d)

[Table 1] Label Class and Color Configuration

Class Color
Background Black [0, 0, 0]
Land Green [0, 255, 0]
Objects Red [0, 0, 255]
Noise Blue [255, 0, 0]
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(a) Label (b) VaDA S

(c) VabA M

(d) VaDA M2 (¢) VaDA_M3

[Fig. 4] Qualitative segmentationresults of the different input frame interval results. (a) ground truth, (b) single frame results, (c) multi
frame results (¢, —1, t—2), (d) multi frame results (¢, t—2, t—4) and (¢) multi frame results (¢, -3, t—6). (b) While there is a
fragmentation result in (c), (d), and (e), the segmentation result is rarely fragmented. (c) showed the highest segmentation performance

[Table 2] Definition of experiment options

[Table 3] Performance comparison with different input frame
intervals

Model Single/ Multi Input Frames
VaDA S Single Image (¢, RGB) Model Param IoU IoU
(Objects) (Land)
Image (¢, Grayscale),
VaDA M Multi Image (+—1, Grayscale), VaDA_S Single 0.6673 0.7208
Image (1—2, Grayscale) VaDA M Multi 0.8106 0.8764
Image (¢, Grayscale), VaDA M2 Multi 0.7090 0.8716
VaDA_MZ Multi Image (th, Grayscale), VaDA_M3 Multi 0.6824 0.8452
Image (r—4, Grayscale)
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[Fig. 5] Qualitative comparison between single frame and multi frame input results (a) ground truth, (b) single frame VaDA (c)
multi-frame VaDA (¢, t—1, t—2), (d) single frame DPSE-Net and (e) multi frame DPSE-Net (¢, 1—1, #—2) results. In (b), (d), there was
a misrecognition result in the segmentation of dynamic objects, and in (c), (d), it was seen that raw signals were conserved and showed

better segmentation results

[Table 4] Performance comparison with multiple baseline radar
segmentation models

Model nput Frame I(?U IoU
(Param) (Objects) | (Land)
VaDA S Image (¢, RGB) 0.6673 0.7208

Image (¢, Grayscale),
VaDA M Image (r—1, Grayscale), 0.8106 0.8764
Image (+—2, Grayscale)
DPSE S Image (¢, RGB) 0.5316 0.7309
Image (¢, Grayscale),
DPSEM Image (r—1, Grayscale), 0.5836 0.7826
Image (#—2, Grayscale)
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