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Abstract

Diffusion models can generate sharp high-frequency details for single-image super-resolution through iterative denoising.
However, when low-resolution conditions are not sufficiently reflected during restoration, the generated images may contain
structural distortions such as misaligned boundaries, inconsistent repetitive patterns, or altered object contours. This paper proposes
a diffusion-based super-resolution model using semantic and structural path conditioning, in which low-resolution information is
separated into semantic and structural paths. The semantic path summarizes scene-level context and texture distributions into
tokens and injects them through cross-attention at the bottleneck stage. The structural path preserves spatially aligned features and
applies them as feature-map modulation during reconstruction. This design enables the model to retain the generative capability of
diffusion models while more reliably preserving structural cues from the low-resolution input. Experiments on SetS, Setl4,
BSD100 and Urbanl00 for 4x super-resolution demonstrate that the proposed model achieves a favorable balance between
structural stability and perceptual quality compared to baseline models.

Keyword : Diffusion, Super-Resolution

Copyright © 2026 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 anv medium. provided the original work is properly cited and not altered.”



F8l 2 =Tl M= SetS, Setl4, BSD100, Urban100 H]©]
Bl o] &3 4u Zadst A¥S Fa35ta, PSNR,
SSIM, LPIPS®} 22 A4 5 H7kek MOSE 163
FHA st 9 AFRE FA A gL

o3

1%

794 WSS EEA A31E A43, 202613 79 (JBE Vol.31, No.d, July 2026)
1. M 2

@ QA ZashE dhue] AsidE G RN H
THANE S Bdshs EA I o] FHNME A
NG FoollA S AR A AA RS FAH
of R R, B A ARt opzt d& Fx99
AT o aefEojof gtk Zaldste o8 9, ¢
3B G A 9, Eukd 9 Al ek 2ol Alg
YA O B Al BEE 2F5te wokllA F
o3 a0l

71E 3 71 ZaPgst Rd e g4 ©@g QA HA
stehs W20 ® =2 PSNR¥ SSIMS 24938l ko, &
A 7hseh theket et SRS HHAR AH4E A
/dshe Ao Qe AR ARto] EAHY B At
s 5 o vk skt 7k 2e)ds Rd ks
Al o= A A A2 Foll e 159k A A4
& YA, A= 22 ARIE F28] MEA s
735 A A, whE oY, AA &2 Fol 9 739t
oFtuhs g to] MAE & AP,

=2 olE ZAE ¢skshr] S8 A =1
ARG o] AR} L2 HZZE Yol B Ao vy
st gk 7Ink e Adst Rd S Algteth ov] AEE
G Ao FHI A7 BExE 5 A AT,
TE RS A &3 5 T E JEE FEE A
gtk 208 skl Xl wed] AR G,
To|Z AA WE AE TE WAl FUH He T
o FF FERIY 470 Aol gHA Rl EEE it

At FE= G4 Bl A 5EE SRHALE A
AT dEo 2FE 2 G B FHlA Fs
He TAE gstste A 5RE gt ol ASE]

a) AIZt gl AIZ 3 83KSejong University)
¥ Corresponding Author: ©]Z1%(Jin Young Lee)
E-mail: jinyounglee@sejong.ac.kr
Tel: +82-2-6935-2672
ORCID: https://orcid.org/0000-0002-4384-2633
M EEe BRI AYeR FHFN/EH7Ae) A
AL ol = H ALY (RS-2022-00156345, RS-2026-25544647)
+ Manuscript received July 3, 2026; Revised July 6, 2026; Accepted July
6. 2026.

9 GA 2AE ATE AT AT T
G Atol 9] MBS Shrahs AT A1 7k W ol
A EaEtl o) F e Y EYT s obPAS =
o7] S8 At A4S &8 Bdo] Aol 2
A A4 ASH 54 §8E 53 o948 AFY HRE
aRF o7 AArgshs e ArHA =3 A
ot T2 a3l £ 5 AYS AxsE W
2o] Za|4st A A AHEEAT HZE 9%
T 7l Az el ATH 5 29S &8ss EN
2w 7|8 BdlSo] St W 9 HHE S35
o7 wgaty

o213k 3|7 7]wt ZajAtst Rl 52 PSNRI} SSIM
e G Nk AR & AT GAT § o,
Ao Ay St Ao} expep 2h2 A T4 48 T2
AHEE7) W Eoll Al A7o] REHA HdtEe A
S BT 53] AE, 47 9y, A 39} o] v
deo] B JA M= AR F27t E8d 7S Al
o143l 3kd As7t IA yelhd &

Azt & NAs) sl Adid A dESA, A
7t &4 A7 4 58 gesE A7 Y EUgl
olg] st W& 37 7w Rduch A|ZtH o R Al
A5 AT F AT, AFE AR Dol AA A
Fx A A BAY 5F 9ol Edg e Hd
S WA S glnh waka RSt e A 2H3] 312
B ol e}, AT Pl Hol JdE FE ARE

o] &

HEGUA AA2H e AR BHS 2 A
[e}



st o 12 9n ¥ P2

AR z4%ke ol&¥ #F 7 a3 795

(Tachwan Kim et al.: Diffusion-Based Super-Resolution Using Semantic and Structural Path Conditioning)

2. StA

—

-~

=24 7)gt

il

b
gg
0z
l?ﬂ

_Qi

& |o
i
N

G4t 29 dolEe] 43
el u ol 27} 21

K
N
Ky
ol
rir

ol

>

i e
(o ox rz M

X
al
i)
o

=

©

v}

i

I o

r{o

=

Ir

19

E

ol

gt

M ox
b1 X

o
ox o e U
Mo =y 2

ob

o o
EN
AL

o
X
k)
o2

ol
R
N

2
28
o
[N
o,
fuj
(o}
fd
=01=1
2 o
H1
o2
o,
fu
dr g HU oo
oy
Yoo
g T

o e

& |o

ox
>,
ot
4
%0,
my =
Mo
=
N
N
tote
=)
N
g2
ko
(e
.
i)
N
2 o

r
2o
=5
2
E re
IN"ce

i?ﬂ i
=-= o2

o

=
of oo r&

o

X

= =

= WEko 2 o] ¢t ResShifie AN T
ok | Fo A= 03*0* Apole] A} o] F-& EEsle] B

5= E¥06
A 0]_0:1 o) u:][ll] SinSR<& ]

_E
l:o{v
o
_Bi

m{m
r1° r%

o

o
o rfu (b @ W o0l 2

2o
skataLat %}‘ﬁﬂm. B} StableSRJJr DiffBIRS
H s gt mdo) A AP 2]4)S gl%o}

Cin(0)Xg

Patch | %o Feature Feature
In E: i E: i

Up(®)

=> Downsampling = Upsampling

T2 1L Hioh 2Ello|] My FE
Fig. 1. Overall architecture of the proposed model

. . Channel-wise Element-wise
=+=» Skip-connection @ C . ® Multinlicati

o 4Al A3} Al A2 AL AL W
O AT,

S 7 Zelgstel AES B Ads) 150 A4
% lehe Aot Zeh o2 e

N LECE P EL!
A sEe SA6] 24 3ol U] F 4 ATk A
AT Ao B A, Aol W, v ae, 24
Sl B9 AAANA F83) wedEA gow, A3 9y
o Ae) HolHeE Q¥ PE9) OE A9 £

s 29

Stk B8 AFolut w4 GAAY 44 P29 u

SElo] 28 GPANE o H S Fo] FuA 54 7
oA Bl 288 4+ ek

webA] S 7)u Es sl e AT 242 8

33 o9 VYA A 4A £t A

ANIE 33 23 YT Y 2

AL 94 JRE ATY ¢ ok, =

A% A e 20

Transformer
Encoder

Fsty

Csem
Cskip(O) Vg

7 F v,
c s ‘eature Feature Map 9 o
ss Attention Reconstruction Modulation

-

Cout(d)

Element-wise
Addition




796 W

ofy

383 =82] A318 A43, 202613 7¥ (JBE Vol.31, No.4, July 2026)

o ¥ FHS} FF Fx FHE YT, oF 5 A H He oW AEE g HE 5 Z,8 A, &
o] ME o Do) vhedste 2738t BAs Alekeith S AN F2E EHES 27 A4S 53l 5
olF Fall it B A FEHES FAEHAE, A 2 Ao AAS AR P2 RES B w3 ofdl
T dgo] AlFdhe 724 GAME 59 Al Bk A3 A (Cross Attention) BE-> W29] W& 7oA 13] 4
Ao st et S5, oju] A2 (Semantic Path) 27 C,,,, & Key$t
ValueZ, ¥E 54 Z, & Query= AH&-3to] 238kd ¥
I, &t gk % 54 2,8 4 ()% o] 44wk,
go 2 o i 2a4ss St Aok Bl 7]
< 27 Gk o] o2 A ZE 7|WOE s, . =
T e o)z AA ! e Feature Reconstruction L E5A&= 7, & 7|Re® 57
AT 210 JRE FY SHC 20 ARS-81A] ¢4 ¢
N IFEE =0l sEHE 2% S ddstd e
) AR 72 AEE Feldtd 59 AA o) wrggith
ol o9 54& ATt AT 5Y 52
ol Fal A wH FHS} T 72 AEIF A HE 2
B A TZ
“7ks) B9l Tl H3te] T BEHEE Sk 19 Feature Map Modulation 2&°4 F+% & (Structural

Path) A F,0 o8 gxEE ngyyld 29 A=
Ea) o] o=zt v, B HE HXHow 2

1. Mot BEo| M| = AA 23k 2,2 4 (3)F 2ol Bd A3t v, 9 AA
o|Z AE & AP 278 Al E o83t ARTte
% 14 27 48 54 2,2 TAE AR 9N om e
zool ko2t A& oz, o AT A G yE A
23S Up(y) s A PR A3 5, 94X 4 A 2y = oy (0), 0 (00 3)
2 B3l AT o= 4 ()3 2ol ekl 4 ek

Cskip (0’)9} Cout (U)J‘E— Z]—Z'}- E:IZH ]5 }E}EHQ]' E—Ei:] %

g 3o AAYL ZAs= APA 243 AlSolth X
7y = Patchin([c,, (0)z, D, Up(y))) (1) o SARS Fshe A s ATelt. e
: B G4 F3ke ol 2 Sl Mk FA o= A
of wd oZgto] Ao} Ay AgE FEw A
A WA ¢ (0)E A 2T AF AL B8 ) v °
A ek AL ojn)s Lo Ay o T
A W GRS SAvIS, Patehnl )£ AT G S WACINE 29 o33k v, BRI} 0* Aol
& Hskela Y £ ASE AA 27 99 54 7, o o
- Ll £4¢ Fastaith o & A8 3 geloje s
2 Wase ?i& M olg F4 rol27}t ¥gH He
- ] meh AR G 29 ol A o, 2R HelEE &
ejet AR E JHE 27) BARE W7 2T 3 ] o
g Egks ArlRth £ =el A AR St EA2 4 @)
' 9} 7t}

=3
=
ERE &2 5AS FEst] 2 AHE £F6HL, Deep

Feature Extraction R E2 AZ=Z 02 537 EAozR zo-,y-,a[



Aeigh o 191 v B 2 AR 2ASHE ol & S TNk st 797

(Tachwan Kim et al.: Diffusion-Based Super-Resolution Using Semantic and Structural Path Conditioning)

2 @M B, }

re
1o
)d

o
<

Y, 0

Hol8 zy, yo} ol 2 5E
A
o

ool gk 719z omsitt. 8 dAldM = AT
A G y5 LR ARESt] 27] kol = FHER
H BHEAQ o2 AAE F gttt olnf 24 (3)¢] £
4 AL 7 A2 GACNA FPEY, B AFoAE
Z 309719 MEHE B HF 5 9G4S A

2. 9|0 & Fx 42 FHS

At RIS A e dE U y=EFE v =2
Coon @ 752 54 F,,, = T83t] A€ on =1
= o] AY FH A REE QoK EFolH, 2
542 737, &2, vE ' 2 I gAE 74
&= 54 o) A 27 AFYE WA FE A
AE B Frps 728 5, 9v) A2 72 AR £
718k AT 54 Fps AT 49 94 yE A
AT AT E,,(- )l B3AA A B, (- )
& AT AZF ConvNeXt E=1"0 72 AHH A3
e d™Y S4 2Ry 2 JRE FEITH
ConvNeXt 552 ¥ 71V 54 54 55 595
FASAME A A7 JHE a0 R xdS
AeBg AHFE 271 EAS FE317] 980 A

P 9} Transformer Encoder £,( - )82 &
3 ou 24 C,, < AT B APqME 279

Transformer Encoder A1=% 87) s =9 A= ofell S A}

21 5)A Tok( - )= 54 wle] 7k (9S4 &
2 AAAZ WEEE Aato|n)

C. e BB 7709] 13} oJdl A4 Key9} Value:,
PE 548 QueryR AHEE O], Ao Bz A7 By
B2 gy wejsitt F, & T 53 9 s
A B7kE § g ke g BelEoe] 9 AAY 3
3} upoo} 2 gL o] 27, 0|2 B3 T 54 WS 9
AR Wzste] A BE gE B 30 B By
=A4o wedaith. oMY F ARE ¥E 54 TR
Ao Bale W) P2k p2E B vl Zhz F9w
) o]2 Ed) Aot 12E 4 mdo) X 5H S 44
A AT dgTe) B QAL A

1. Als MA

Aot Beo] Ao AZa7] 8l Sets!"), Set14>,
BSD100?" 2 Urban100%? glolEJ A& A&3} T} Sets
9} Setld= T JAb Za A3 Hopoll A ] ALgE =
EF FUL dlolEAMO R, thekd A gt AA] S

a3keith BSD100 thFeh A 97ds E3stke di
el ZajAtsl 37} vlolEAloln, Urbanl00S A& 94,
A, AR 2ok o] vk iyg xgele] A B
8 Hrtol Agsith BE AP 4u) Z3ds AAo
A st on, AidE 98 G TG E gl
Bicubic TH-A1ZH S A-&3to] A Th

A% vl 39 7|8 Za)A4kst 299 SwinlRP, &
A 7 ZeiAet ®del DIT-SRPY,  SinSRIM,
StableSRI'¥S- AL&-3}51 T SwinlRE& 9 %5 71k EAA
xv F2E &85t B S AF dSshe dxA
ol 3]9] 7]¥t Rdolt} DIT-SRS 3t EAAEY 2
g Zaldste] 8¢ WHolH, SinSR A2 FRHE &
3 gt 71Nk Zadste] FE dAE &9 wWielth
StableSR A 8hrl Shak Hdlo] AA Abd 2|4 &
3t st B9 Aes FIATI= dHelth At
g2 3k 7Rk B4 WS AREsithE HolA olF &
A 71k Bds AAER T ASds 24 JEE v



798 MBS =R A31E A43, 202613 79 (JBE Vol.31, No.d, July 2026)
AR T2 ARE Festel e NE 02 Wl & A% A, 319 718 Zs) et B9l SwinlRe BE o
Attt Aol A xpdstEh olElAlel A 7 &2 PSNR# SSIM<= 715331t o]+
Y39 A WS A9 PSR SSIME ALBSART, U Ul OAE ALslhe gz 971 /10 42
O 77t B s B 9 0] B el RAESL o] B Akl S e SRl 28 )
FZA SAA Htel] g AMLEE K golt) 28U o] g Bk T2 SwinlR LPIPSOIA Aol d o=
23k = 719k A= Q7o) AlShE A7 e F S W= BoH, Ol% =2 PSNR ¥ SSIMe] HEEA]
2ol wredaha) 3 4 Q7] W), B A AZH  AZH fARS) PR oloiAA eeS ovuth
FAHEE Hrksbr] flsl LPIPSE 7 Al&stan, Ak 2de winIRiD} PSNR % SSIM Sgkon)
LPIPST= AHA Sha® A7 54 F7bllA F g4 7t EE dlolEAlellA 7HE W& LPIPS #he 71538k A7t
9 iM%_— SR AR, gol HEFE AL AU A A FHAN S48 S KT, ol A% 7
AZtHog o $AE B9 ARg ouack =3 A4 AE} Az S AR Aol A% A% BAH 94
AREAPE 4fshs 84 S-S H7sk7] flsl MOS 7] Fe 2AE Haskehs 3171 7] {42 PSNR B SSIM
uhe) FE WkE 34 SRS oA fe s AR Azre] BstElol A7k AAx
2ol At 4 Qi WP, gt S)uk B9l e 3
2. 3N ds Ut dxee A 159 AR JEES sk o AR
7FA LPIPSSF 222 A2} 7|9k A 3ol frefsheh 7 W4
A s W AR B 1S R 20 JESIR B A48} B8l 020 U 92 v ng 4%
12 Set5 3 Setl4 HloJEAlel|A19], & 2= BSD100 % 2 el A zH o) FEAS A 1H3E Flo] AA
Urban100 HoJEJAlol A o] 44 Zal st AHE HoFrh &b, ol# gk Aol A ANt el 37 7]nk Hhy o] A4
I 1. Sets ¥ Set140iAM2] PSNR, SSIM, LPIPS HZH& Zt
Table 1. Quantitative results on Set5 and Set14 using PSNR, SSIM, and LPIPS
Dataset Setb Set14
Model PSNR( 1) SSIM( 1) LPIPS(!) PSNR(1) SSIM( 1) LPIPS(|)
SwinlR 30.89 0.8915 0.16637 27.03 0.7773 0.26635
DiT-SR 25.68 0.7563 0.14002 23.54 0.6451 0.19908
SinSR 25.69 0.7582 0.12753 23.35 0.6223 0.18728
StableSR 25.88 0.7743 0.17778 23.33 0.6606 0.24372
Proposed 27.72 0.8153 0.10488 24.78 0.6976 0.15500
3 2. BSD100 ¥ Urban1000iA{2] PSNR, SSIM, LPIPS M2 Zu}
Table 2. Quantitative results on BSD100 and Urban100 using PSNR, SSIM, and LPIPS
Dataset BSD100 Urban100
Model PSNR(1) SSIM( 1) LPIPS(}) PSNR( 1) SSIM( 1) LPIPS(!)
SwinIR 26.60 0.7309 0.35331 25.88 0.8138 0.18402
DiT-SR 23.79 0.6126 0.24757 22.08 0.6779 0.18048
SinSR 23.47 0.5963 0.22459 21.92 0.6563 0.18325
StableSR 23.80 0.6506 0.29585 20.61 0.6585 0.23387
Proposed 24.37 0.6470 0.19050 24.47 0.7656 0.12841
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Table 3. Quantitative metrics and MOS results on the images used
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