620 W83 =EA A30A A4z, 20253 72 (JBE Vol.30, No.4, July 2025)

’m Check for updates

k=3 (Regular Paper)

533t =E A 3048 445, 20253 72 (JBE Vol.30, No4, July 2025)
https://doi.org/10.5909/JBE.2025.30.4.620

ISSN 2287-9137 (Online) ISSN 1226-7953 (Print)

S & o
A4 el BA B $T A5 4L

1o

A 53F 2 B
A oe 99,3 5 A9, F g Z
Task-Specific Super-Resolution Training Method for Enhancing
Detection and Segmentation Performance in Satellite Imagery
Yewon Seo”, Seungseok Han”, and Haechul Choi®*

o ot
=

el

94 AN B B4 2 BT A D) AL TAAE Gl LTHAT, ol Fuse HE B W] 208
oo R AR 94 94 1A A6 A5 TAIER NBsel B 2 BY A% PPAE BYS Ao
oA S AE ZIes A4ge AT £4, A7 &4, A9 £92 ATH AN SAFFE A8 A9 B8 23
A4st A4 A% TS e oldW AT SATFE 1T ATY e S 2N WFPS A9 Soh8 s
Ao AAYOE AGAA GA B BT A A5T FINY 5 Ak 4 AHe ATY SADS B NE ZIAE A
A ] AlSk el Bk B 45 ABEA FANAE Holw, o Ae At o] 2 B3} VAT G4 Al &
H49e gzan

Abstract

High-resolution images are essential for achieving high performance in detection and segmentation tasks for satellite images, but
their acquisition involves significant costs. This paper introduces a method that transforms low-resolution satellite images into
task-optimized high-resolution ones to enhance detection and segmentation performance. The proposed approach employs a
task-specific super-resolution network training framework that integrates reconstruction, perceptual, and task losses into a unified
loss function. This combined loss function enables the super-resolution network to better adapt to detection and segmentation tasks,
thereby improving task-specific performance. Experimental results demonstrate that the proposed method consistently outperforms
conventional super-resolution networks relying solely on reconstruction loss, proving its effectiveness in generating task-optimized
high-resolution images.
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