SHAFIILE A HEHE| =27
Journal of The Korea Society of Computer and Information

J KS I Vol. 31 No. 6, pp. 115-124, June 2026
C https://doi.org/10.9708/jksci.2026.31.06.115

Integrated Super-Resolution Deblurring Model Using Domain

Adaptation and Multi-Task Learning

Jae-Yeob Kim* Ji-Su Yoon**, Hyun-Sung Jang*** Seung-Wook Park#*+*

*Senior Research Engineer, EO/IR Systems R&D, LIG Defense&Aerospace Co., Ltd., Pangyo, Korea
**Research Engineer, EO/IR Systems R&D, LIG Defense@Aerospace Co., Ltd., Pangyo, Korea
+xChief Research Engineer, EO/IR Systems R&D, LIG Defense&Aerospace Co., Ltd., Pangyo, Korea

[Abstract]

In this paper we propose an integrated super-resolution—deblurring model based on multi-task learning
that employs the encoder of a deblurring network as a shared encoder. Images captured from highly
dynamic platforms inevitably contain motion blur, which makes it difficult to obtain clear results when
performing various image-enhancement tasks such as super-resolution or de-hazing. By jointly learning
super-resolution and deblurring within a single architecture, we develop a deep-learning model capable
of producing sharp, high-resolution images even in the presence of severe blur. To address the scarcity
of training data in the infrared (IR) domain, we incorporate a domain-adaptation technique that aligns
feature distributions between the source and target domains, thereby mitigating performance degradation
caused by limited IR datasets. Finally, to achieve real-time inference (= 30 fps) on an on-device
platform, we compress the network using knowledge distillation. The distilled model runs at real-time
speed for 1K-resolution inputs on an NVIDIA RTX A4500 Embedded GPU.

» Key words: Image Restoration, Deep Learning, Super-Resolution, Deblurring, Multitask-Learning,
Domain Adaptation, Knowledge Distillation
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I. Introduction
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Fig. 1. Comparison of Results Between a Single

Super-Resolution Model and a Multi-Task Learning
Based Super-Resolution Model
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II. Preliminaries

1. Related works
1.1 MIMO-UNet [2]
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1.4 Knowledge Distillation Using DIPNet [5]
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Fig. 3. Proposed Integrated Super—Resolution and Deblurring Model Architecture.

III. The Proposed Scheme

1. Proposed Model Architecture

1.1 Multi-Task Learning Based Integrated Model
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2. Model Training Strategy
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2.1 Two-Phase Training Method
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Fig. 6. Two—Phase training method.

2.2 EO/IR Optimization Based-On Domain Adaptation
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2.3 Model Compression Based-On Knowledge
Distillation
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IV. Experimental Results
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2. Model Optimization Performance Results

2.1 Domain Adaptation Quantitative Result

& =20l DANN 7[9F A =oQl &g S
X gsio] B £0|919] R Tjolo] 458 stugi) coj
ol Hgo] %9 el =ojele] A% ahgol $Hol7| mh2
o] A2 £HQIo] o] U et Qadst ik, £ o
TN 42 U910 sltS HASHE 4 EE Al
£ Edf] eh5-5(Learning Rate)S 743X 02 le-b& A
Hotol 2% shag 2astoy.

Table 1. E0]9l A$ S8 45 3418 UEhd
#o|tt Originalg 71702 717t sh&488 le-4, le-b
£ Hgslo] Zig wmelgty YRR, I4EL
le-52 Agsto] wujel &2 7Y A
=Ml A2 s site Eolal R &gQlo) ZAuel
VGTSR, VGTDBY] 50| gAtE ZAutE Bt mheta,
A4 559} 3 215 B 7 sk Al DANN 7)9 &
oiel XS 714e sReE le-b2 Agatol ALsioick

Table 1. Domain Adaptation Experimental Results
Super
Method Dataaset -Resolution Deblurring
(x4)
URBAN 25.86 / 0.84 -
Original GOPRO - 32.72 / 0,95
VGTSR 30.85 / 0.92 -
VGTDB - 31.84 / 0.94
URBAN 258 / 0.83 -
DANN GOPRO - 33.16 / 0.95
(Ir:1e-4) VGTSR 30.89 / 0.92 -
VGTDB - 32.06 / 0.94
URBAN 2584 / 0.84 -
DANN GOPRO - 33.18 / 0.95
(Ir:1e-5) VGTSR 31.00 / 0.92 -
VGTDB - 31.98 / 0.94

2.2 Final Model’s Quantitative Result Based on
Knowledge Distillation
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Table 2. Experimental Results of the Final Model
after Applying Knowledge Distillation
Super
Method | Dataset | -Resolution Deblurring Time
(x4)
URBAN | 2586 / 0.84 -
Teacher | GOPRO - 3272 /095 | 279
Model VGTSR | 30.85 / 0.92 - FPS
VGTDB - 31.84 / 0.94
Student URBAN | 2584 / 0.84 -
Model | Gopro - 3164 / 094 | 37
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Quantitative/Qualitative Results
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3.2 Super-Resolution Qualitative Results
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Fig. 9. Single Super—Resolution Output image(left) and Our
Multi-Task Learning based Super—Resolution image(right).

3.3 Deblurring Qualitative Results
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Blurry Image

Fig. 10. Input Blurry Image and Output Deblurring Image.

V. Conclusion
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