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Task-Specific Super-Resolution Training Method for Enhancing
Detection and Segmentation Performance in Satellite Imagery
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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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Fig. 1. Architecture of LeNet-51
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Table 2. Segmentation results using U-Net for low-resolution images
(LR), 4x super-resolved images by conventional models (SR), and 4x

o}, super-resolved images by the proposed method (Ours)
Model Method PSNR ACC(%) miloU(%)
F 1. MSAE HAKLR), 7|E BUE 44 ARSI HAKSR), Mk LR - 76.5 419
SO 4 Z5}ASISH 2AHOurs)oll L3 Oriented R-CNN2Z EHX| RFDN SR 244 822 42.1
5 z1} Ours 24.587 87 59.7
Table 1. Detection results using Oriented R-CNN for low-resolution RCAN SR 24.465 82.2 42.1
images (LR), 4 x super-resolved images by conventional models (SR), OSUF\:S 2245‘1)552 2?2 igg
and 4 x super-resolved images by the proposed method (Ours WINIR - - -
P ges Dy the prop (Ours) S Ours 24177 90.7 714
Model Method PSNR mAP(%) HAT-L SR 26.693 81.7 425
LR - 38.8 Ours 23.108 93.3 78.7
SR 27.038 79.8
RFDN Ours 29.523 85.6 _ ) ~
RCAN SR 27.161 79.3 73(SR), Atd W eol ZIafdst F/d(Ours)el sk
Qurs 20252 835 UNeto.® 288 28 438 uolgth 49 47 PSNR
SwiniR Ours 29.204 815 H 7o A= RFDNS A| 93t & 2738243} 217 vl A
SR 30.574 84.2 S R < =
| Aersl A AR 27} A AT AFRE= 2 TEA
HATL Ours 30.053 847 1< :rL } AR gt

Inria vienna2 HR

RFDN (Ours) RCAN (Ours) SwinIR (Ours) HAT-L (Ours)

72! 4. Dota-v1.0 H|O|E{ME2| p0128 O|D|X|of| CHE EFX| ZT}b A|Zt5} (AN, Inria G|O|E{MIES| vienna2 O|D|X|ol| CHEH 28 Zn} A|2tE} (51
Fig. 4. Visualization of detection results on the p0128 image from the Dota-v1.0 dataset (top) and segmentation results on the vienna2 image

from the Inria dataset (bottom)
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