Journal of the

2026; Vol.9, No.1; pp.019-024

KNST

2026/01/19
2026/02/02
2026/03/09
2026/03/31

Received:
Revised:

Accepted:
Published:

Kayeon Kim

Unmanned Platform R&D Center, LIG Nex1, 13494 231,
Pangyoyeok-ro, Bundang-gu, Seongnam-si,
Gyeonggi-do, Republic of Korea

Tel: +82-31-8038-0768

E-mail: kayeon.kim@lignexl.com

Abstract
S5 7|24 B - Mt IO} ot B4 5 M
CIEg 4850 7|2 S 92 BHoICt. ol

[I:fa|-, SHHEH= 51 BHA, CIUSH 7| 2| FHE, HA|
HEO0IMO| 21 Ht0f| 238 4= U= BHO|
ZQ3ICt. Vision-Language Model(VLM)2 0]0|Z|2¢t
EMEE SN0 M2 B 4 QU BE R, WL R

= SE0f| Aol 2 =22 il*l VLME

EE e
=451, 0|18 +3 7|2 HAl- 270l 48dl=
YOS DAYSITY.

Underwater mines play a strategic role in destroying
ships and vessels and enforcing maritime blockades.
Therefore, mine detection research is essential.
Accordingly, a model that can adapt to rapidly
changing marine environments, various mine types,
and operational shifts in wartime is required.
Vision-language models (VLMs) can process both
images and texts simultaneously, making them
well-suited for the frequently changing underwater
environment. This paper analyzes the latest VLMs and
explores methods to apply them to underwater mine
detection and classification.
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Fig. 1. Method of CLIP[1]
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Fig. 3. Overall architecture of DetCLIP[3]
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