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Image Deblurring Based on Multi-Scale Diffusion Models
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Abstract

Recently, in the field of computer vision, diffusion models have been applied to various tasks and has shown promising
performance. Diffusion models perform reliably as probability-based learning methods using the properties of Markov Chain,
however U-Net, which is widely used in the reverse process of diffusion models, uses a large number of layers and channels for
precise noise prediction. To overcome this problem, in this paper, we propose diffusion models using a multi-scale input-output
based neural network using a small number of layers and channels and apply it to image deblurring. The proposed method learns
complex relationships between latent features through multi-scale inputs and predicts noise through diffusion models learned using
multi-scale outputs. Experimental results show that the proposed method can effectively improve performance even with less
computation compared to existing neural network based methods.

Keyword : Diffusion Model, Image Deblurring, Deep Neural Network

a) A= AAHA B EA Y83 Department of Electronics, Information & Communication Engineering, Konkuk University)
b) A=t 7] " A5 8H-(Department of Electrical and Electronics Engineering, Konkuk University)
¥ Corresponding Author : 71¥(Wonjun Kim)

E-mail: wonjkim@konkuk.ac.kr

Tel: +82-2-450-3396

ORCID: https://orcid.org/0000-0001-5121-5931
# o] Ake A(FHeRFREH) AUOR dxArATe] S wo FeE A (No. 2023R1A2C1003699).
#0] =2 20233 % At Adnd Ao oate] ATEHYE
# This work was supported by the National Research Foundation of Korea(NRF) grant funded by the Korea government(MSIT) (No.

2023R1A2C1003699).
% This paper was written as part of Konkuk University’s research support program for its faculty on sabbatical leave in 2023.
- Manuscript May 31, 2023; Revised July 21, 2023; Accepted July 21, 2023.
Copyright © 2023 Korean Institute of Broadcast and Media Engineers. All rights reserved.

“This is an Open-Access article distributed under the terms of the Creative Commons BY-NC-ND (http://creativecommons.org/licenses/by-nc-nd/3.0) which
permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited and not altered.”


https://crossmark.crossref.org/dialog/?doi=10.5909/JBE.2023.28.4.382&domain=http://ksbe-jbe.org/&uri_scheme=http:&cm_version=v1.5

338 9 19 tF 2AY I RdS o] &3 9 s 9 Py 383

(Cheonhee Yun et al.: Image Deblurring Based on Multi-Scale Diffusion Models)

.M E

A FE v Zopell A A BEE 7o s g o
A7} AP T ok hE Al AA Tl A A
2173 "H(Generative Adversarial Network, GAN)'-&-
A AR TR T NS Ade] Ha-He) A
Y (Min-Max Game)< 53l g5 Zdo|t) o]9} 722
e ARs RS ofel ¢ nEA HolHE A4
©y EHel} AAHQ 5O AT BekdA
HATL BEAE Solk PFORW e B

(Mode Collapse)7]' T LA P‘ %7(1]7]' AT

oF

ol B

>
oX,

Chain)] A& AL&-3 35 7]6ke] z‘_f}% WP O
GAN 58] ZAHS S Agch A3 As
92 91g glolgd] mEIE A 4L 445}

A
2O 7 7192~ F2(Gaussian Noise)S FY3t) o] 34
< 5 dolgd 34 o 22 o] Y -JZX—.—CL

E HolH+&
FLo A YE HolHZ BYst= Anrek T}**(Reverse
Process)= A% 217 "(Deep Neural Network)S £3)
Foth gFE ZdS ol Fol s wf 9 A4
AA st deolHE Y F Atk 71E G4 RS

e #g] 7t AIZE BAI(Time Step)oll A Fa AIAE
5] Z-2lo] &2 WakKullback-Leibler Divergence)S
AREEIGATE v, E9-gtol & Wt o R 7w
Al A9l Hole #x9] 22 WstE HeetA SFshe
dlefl ool o] AEFA P AAdsHA Xttt o

g Heat] fe e AlA &4 €5 E9(Denoising

ho FEOR WP A BAL S

)

Diffusion Probabilistic Model, DDPM)™'0] A<=t} 7]
9] 3t mdl3} ge], DDPME HlojE] £ walak] 3
Aglol ol® TANMEA JEE AAste] A volHE
A& = J=F AA A

DDPM®] 5l Ao, B2 A7A=S thgad ok
of o]& Hgsly glom, 1 HAS Fal St Rl -
Aol ZHE I gtk Baranchuk” 52 9wz 5
(Semantic Segmentation) =oFoll A E4F Rdlo] T4
o] qu &4 54 F2o adHYds Bk ol W
W 710 AHEE Y GAN B+ Wold A5 457

(Variational Autoencoder, VAE) 7|4t R dl Bt} T Fofyt
A%5S Btk Wyatt? 52 o)A} ©|(Anomaly Detection)
okl A Y S AR dEsta, O S-S Beke
HGo M i Bd5 /\Hi—i— ol ¥ W&
A A 8FA k. Saharia™ = d)(Conditional
Diffusion Model)< 7]
AHAE etk o] ZHdAE G A (Image
Colorization), A+2 974 & (Image Uncropping), 97 <!
H ¢l El(Image Inpainting), 12|31 JPEG %34 EUJPEG
Image Restoration) 50 &-&5o] 45S A A Li”
5 97 Z3/d = (Image Super-Resolution) Okl A =
AR gal 2d L 7o 7 AT GA 272 AL
o}o:] aHAo 72 AL AN AT A DDPME] &
vhel 748 sk<5al] 93k A= AlAWO 2 UAFY ARk

e

il 0

o r{o g% 411
ol
Fl‘F

RIS

FRUNe)™7} DA 0T AGHEH, 4 o5 HAL
sl srel] Slal Be Sol A Ade] 278
w2 Ag TG 8 A71F

371 sh=dl o= el v

®, ‘ ) S *,

q(xelxe-1)

D2 1. B4 DEo| BA BNY(MM SME)T SUE BYEM MBS e

Fig. 1. Overview of the forward process (solid arrow) and reverse process (dotted arrow) of the diffusion models
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Fig. 2. The inference procedure for diffusion models for image deblurring
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Fig. 4. Deblurring result of GoPro dataset. (a): input image, (b): ground truth, (c): restoration result
of U-Net+Self-Attention based model, (d): restoration result of proposed method
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Fig. 5. Deblurring result of HIDE dataset. (a): input image, (b): ground truth, (c): restoration result
of U-Net+Self-Attention based model, (d): restoration result of proposed method
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Table 1. Performance comparison on the GoPro dataset (Validation set)

Structure Params PSNR SSIM
U-Net®'+Self-Attention™ 33.02M 28.06 0.914
Proposed Method 7.12M 29.05 0.932
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Table 2. Performance comparison on the HIDE dataset (Validation set)

Structure Params PSNR SSIM
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Table 3. Performance comparison on the GoPro dataset (Test set)
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