A FE Bk B X

17, % S ELIES

53 Ak Py 3

A4 A 2R T B % IRl

(1% S o Pl 5 o e 4 Sl 5 0

WEsE

F R 2021  F 7 211840339

STy X

EER kS -5 G €5

A 202545 H 30 H







ARAEAMA LRI (Fit. fR) PXHEE

HMA: ATV HERYL % RERSH ZHE BBy RETES FAR
A& HIZFR
b 432
AFAERE L 3 AL
$SHUF (46, BAK): Bk
HE:
A RARAL I 2 H T 29 200 29 K a9 AT AT ARIR, A VA it Rat 0t fie 2% 4 4o
G RAANR. MILEANEATAENZ o HELNE R, REBRR Y PERMEIER
(4= STED, STORM) fE =W 5 #H&E 5 @mBfFT o, 12 gtatk. HaHKR
bk B AR i LR AL, TR T A TE B s AR BN IR P 6 T R
YR, RS T AERARA R b ey iz s R A R AR aY E A R T AL
%, YA CNN. GAN % K& BIEIR ) 7 ik EAR S EE 5 PR F | TR IR HIR #7
RIS RAFHAL, RARSHEENERHARKZ. R, WA S EFEBES
Wm P WA 2 ST T B A ERERK . Ak, KRLIIANT H87
12 B R R A AR AL R 097 # A2 2 (Diffusion Model) , %t T —£i&
AT EMEBREZGIFELEINAER, 2T EEREDRBIESF T oy &
Ao

ALY AT B A5 MR 5 A % I8 (BB R, ¢h2), A% <&
EHRE. SR@TER. WRIEH ZBRAZR A B 25k

B, ETRERP, d@idisd R ekt 44 (CNN vs Diffusion) . 4
X &% (MSEvsISDIV) Lya—sw B ([0,1]vs [-1,1]) #4572k, £ R &N
CNN 7 B A7 ) % & 209 4. & , 7 DIFFUSION #5740 5 it R A i do R & L
F A KA ISDIV 1E A 40 K Fy B 7T AR A M Sak AR FHIE — 18, PR AEWEAR
P a—1 A (=1, 1] TR Shik R AR I 29 20%, Folk sk #12. 425, E5Lih—
¥, &A1 T CNN L5 Diffusion £AE445 35 5 Eay#e 45 20R , 4Ark CNN A7
DIFFUSION #5734 PSNR % 1.9dB, MS-SSIM 1243 13%, HJL-F A Ah3 7
4, RRAESHAT EEERRAASTENRKEEN. RE, BEEB P, &N
IR TARR 2T A S R a2 S A5 R A . R RGARY LT, Diffusion 252 %

p—



WA B Ly £ KT CNN, 2 #iLJR & heidur, HEE); AN
100 *f A 524 B LAHORA B, R Bk M Akt —F 3% 5%, Diffusion 427! £ SSIM
EFRFF 23%, CNN $ZF%5 9%,

AL by A %) % 8ie T Diffusion /£ E% & 13 i & 55580210 Loy

L% RHERSINARG LN EEZ RABEAL AT EREGEL T, 46
BN %L Y 2 A ZREMAT RS M Z AR TE, A8 5P RIRRE
T —F oS R TATSEAZ

R4EiE: BoydEiE; ViR ARAPZRNAG; DGR R HEG F—1k
SCE B =iE s $REERS e iRR

II



MRAEAAERLLAL (R, HS) EXHE

THESIS: Super-Resolution Microscopy Image Reconstruction via Diffusion Models
and Multi-Source Data Fusion
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ABSTRACT:

Optical microscopy is fundamentally constrained by the diffraction limit of approx-
imately 200 nanometers, making it challenging to observe subcellular structures such as
protein complexes and dynamic organelle behaviors at high resolution. Although tra-
ditional super-resolution imaging techniques (e.g., STED, STORM) have made break-
throughs in spatial resolution, their high phototoxicity, strong hardware dependence,
and imaging speed limitations restrict their broader application in live-cell imaging and
clinical scenarios.

In recent years, the wide adoption of deep learning in image processing has brought
new opportunities to microscopic image reconstruction. Data-driven methods, repre-
sented by CNNs and GANs, have demonstrated promising capabilities in enhancing
image resolution and reducing reliance on specialized hardware, thus becoming key
technical pathways in super-resolution reconstruction. However, existing methods still
face significant challenges in restoring high-frequency image details, ensuring general-
ization, and maintaining stability. To address these issues, this study introduces the dit-
fusion model-—an approach that has recently shown remarkable performance in natural
image generation—and designs a dedicated training and evaluation framework tailored
for microscopic image reconstruction. The study systematically investigates the model’
s performance in real-world biological imaging tasks.

This work focuses on both simulated and real experimental datasets (fluorescent
beads and cilia), conducting three groups of experiments centered on reconstruction

quality, high-frequency detail restoration, artifact control, and model generalization ca-
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pability.

We sequentially conducted pilot experiments, deep learning-based super-resolution
experiments, and multi-source data fusion experiments to comprehensively evaluate
the proposed model’ s performance under varying conditions. First, in the pilot ex-
periments, we employed controlled comparisons to analyze model architecture (CNN
vs. Diffusion), loss function (MSE vs. JSDIV), and normalization range ([0, 1] vs.
[—1, 1]). Results show that the Diffusion model significantly improves SSIM and MS-
SSIM by approximately 8.7% and 11.2%, respectively, compared to CNN, under sim-
ilar MAE/NRMSE, indicating superior structural fidelity and perceptual quality. Us-
ing JSDIV as the loss function nearly doubles the convergence speed, with equal or
slightly better performance; normalization to [—1, 1] enhances training speed by about
20% and results in better convergence. Next, in Experiment I, we compared the super-
resolution performance of CNN and Diffusion models on simulated datasets. Diffusion
showed clear advantages, with average PSNR improvement of 2.1 dB and MS-SSIM
increase exceeding 10%, while effectively eliminating artifacts—demonstrating strong
capabilities in high-frequency detail restoration and distortion resistance. Finally, in
Experiment II, we tested the generalization and transferability of the Diffusion model
on real-world images. Without fine-tuning, Diffusion already outperformed CNN in re-
constructing fluorescent beads and cilia images, delivering clearer structures and fewer
artifacts. After fine-tuning with just 100 paired cilia images, the model’ s performance
further improved: Diffusion’s SSIM increased by over 6.5%, compared to CNN’ s 3.2%
increase. These experiments collectively validate the Diffusion model’ s advantages in
training efficiency, image quality, and cross-domain generalization, and suggest that—
when large-scale labeled real data is lacking—combining simulated training data with
minimal real data fine-tuning offers a practical and efficient path toward high-quality

image reconstruction in super-resolution microscopy.

KEYWORDS: Super-resolution reconstruction; Diffusion model; Convolutional neural
networks; Training strategy; Loss function; Normalization range; Im-
age quality assessment; Multi-source data fusion; High-frequency detail

restoration
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ol PRI 7 ST U A 9 R ) Sl AL B AR



1.5 A=/

REEAERERT S, RGMEHIR TSP RS R BRI 5t KR
PR B A SCRIBFFE H bR e B 58007 T 2 BB TE AR W B 2 W 5T rh i 40 e
BRI TR) T, 48 Hh S BT A BT A K S A 25 v O D0 ey B S AR PR L
BT AL GBS W R AR (11 STED, STORM, PALM %5) FlEL T IR B4 > 11 B
BG4 BT (CNN, GAN, Transformer, §-Hili%I45) R A EBE ., Vi
P2 LA B R BR s HEMT BT 24 A AL 27 ) 70 P AR AR E 1) = K A% Ok
B R — e AR R AN T AR, RN T AT A B A
R RGHAREL. Bafiid TS0 E w2l hESFRNA N R E
S ELR BB 5 1)



BTE HEXBEARNE

2.1 [EERESER

MWECEAAERT , Rk BRI 23 8] AP A A Mo s e i A S A
AR — A Y AR i R . P, AT SRR KR B A T o e L
AR b TR R TR TR A SO NG BT S A A S I A X A
FAZ L.

211 BEMHERAFTHRERRGIE

WA B B YA S 8] P AR SR Zead s B e . AT A A AT SRR R — IRk
THYERTE AR, A 2-1 Bk

Pl 2-1  WpeAess Rk T 280 B S it Fons 2P

LA, (BMEIEEE B A TR s A8 k) T, 09635 w(&, n) 5t 1 i
B3G5 EEHARR )G, HAARE B E SR eIk N
v1(x, ) & D1V FuE, )] (2-1)
Hofr, ¢y (x,y) RS ZSIAIARFRAR SEAIARGLIR, FI-] Fm i B s 4

BB HINE AU TR pr & I — AU A AR I, 53] -

Uy(x, y) = vy (x, y) - &P (2-2)

9



FAHRS R P(x, ) 15 2400, AR SR RE S U T3 IR 63 1 IR 5
HHI AR H A
W AERE BB, &I o(x, y) AT

u(x,y) ~ ei¢>2(x,y) . (u(x, y) - eip(x,y)) (2-3)
TEAHERIRIGIAMEE p(x, ») T, BB 5 R MG 2E— AR 1, 3
TNA
v(x, y) = u(x, y) - P (2-4)
SET RS, BTG IRIE Ty, HAHA R AR S man i 45 5, A
MW R A 22 G S R -
I(x,y) = F~ (FIIy(x, »)]) (2-5)
Horp, Io(x, y) FRYOEHOEIRA A, 1 y) ARG ERER .
ST UL, B A e R T R g ol B I e 5 S A ) 2 A i AR
2.1.2 (T5IRAR SRR RS BES IR 3 RIR (L

e 2-2 9, FllEok B AR A ey rT o e hl, BArs AR
(N e e AR P(x,y), MIMSEIICig. SR, 1Eskbs SR RS
X -BARIR DOEAT R . G, BENIGIAIR, RREEIA LD K
W mT B =S AR S TG (evanescent wave) T JCiA &k A2
e WAk, B AR AL il A5 AR AT A E i 22 . X LB Ry &
a2y JINILpR7/ESE/bins R N E o

RPN — A A LI B3 A e BEAE A e i LM 2S48 F(1o(x, »)),
M5 R RGN R E (T 1) O(x, y) BB BHBL, BRI

I(x,y) = F [F(Iy(x, ) - O(x, )] (2-6)
2B S 15

10



I(x,y) = Iy(x, y) * F(O(x,y)) 2-7)

Ml 22359 5550 IR a1 e 5 TR T i3

2.1.3 AEBEETHI R FRERRME
(1) L A THAT OCy) =1, MHMRMAHS 6(x,y), B
AR RS
1(x,y) = Ip(x, y) % 8(x, ) = Ip(x, y) (2-8)
B VoS ek NPT GOl
(2) HRAETI: HEGAEAR, Mg ICRmL g, s T4
TR R

O(x,y) = u(r* — x* — y%) (2-9)

HAFHE AT BA DS SRR (A1 3-4c. 3-4b) . I THLHHE S
PYIEsR G RUR, SR EEBRARSEN I DG, JTAE S FIE A 3
(& 3-4d. 2-3d).

(3) BEICRRET I #rE B AEd 2%, WIHAR il R RO -2 pR
B, AN —AE [0, 1] JERI AL R, AlseE N

O(x,y) = u(r* — x* = y») - P(x,y) (2-10)

Hrp PCx, y) MIARRES TR BL S R WAUR SN -

I(x,y) = Ip(x, y) * F(O(x, ) = Ip(x, y) * [F(u(-)) * F(P(x, y))] (2-11)

XN TN A FRALAE AR AT EIRE- S A AR ZE0E 2 [ G B

11



)
Re
et

P(x,y) =0.1sin(x + y)+ 0.9 (2-12)

HARANE 2-3e. 2-3F PR AL R/IMTROL R, B 2 B DA
DSEBEN ERERREHY, (RGBT E R IR, RIS RN -5 R 0 b
5

Oix.y) Spectrum
0 oo 00
m 08 W0 50
Py % Za 200
o ©
=1 04 60
100
a0 oz 80 50
T T 00 T T T V]
o Fail & ] 1] ] ] 4 &0 1]
X _Freguency X_Frequency
@ T T (b) JRARAEAY]
2 object 10 o image
6000
20 08 - 000
%‘_w 06 gw 4000
4 g 000
o 60 04 Sie0
2000
02
u & 1000
T 00 T T T T
1] 20 40 &0 80 o 20 a0 &0 B0
X_Frequency ¥ Frequency
© THH T (d) JRAGASR)
Q spectrum
o = mage
- 0 i
|
F.i] " » | 00
. | 2000
g % ]
g 1B F®
£ ‘ E 000
=t m
| 2000
B0
L3 o | o0
P v v v 1]
0 o 1 &l 0 0 n & &0 )
X _Frequency ¥_Frequency
(e) THH T () AR

Pl 22 ASDIREEER T-POR AR GE R M+ i B FLAE BRI S B R AR BB (a. b); BIBAT
P T SE AR EERT (. d); EBIBAREREIRIGRER] (e, D

12



21.4 EMEIRREE

WHTETE, JRAEYIERYSR A To(x, ) SRR T IS F(O(x, ») &
BB, FEERANBRER 1x,y) HBER . KEHR. W THENLARE,
T T O, y) ZEFIR . I, 558 M BT i WIS (B ok A&
AR IR PR -

I(x,y) = Iy(x, y) * F(O(x, y)) (2-13)

G5 1R AN SO BAE AL PSR T 0I5 D0 I A Ve SR EE R Bk ik
B, AFEICR A LRI, I EBR SR T I B AL MBI R
M SE B IR AR I To(x, y) B i B 5 kAL

22 KINBHREN A

TEAWIIEH, e B UE Y AU I ) S ROR DA I 22 PR B5s B 5 A R
FATAH AN TR RS K NE T ET& TRA SIS
DHRAEER . Kk H B B R G SRR R EE LR .

2.2.1 &I HEE pySTED

AR R H A HIOE BRI R REAS, AR T Rk B B
HEZE pySTED Hy i T K KB A 43 3% S SR AU B3t o 2 2 T 5 Tk
S AR RIS, RS H S PN STED Ak 5 L 3 A B A e R A 15 4%
BT

FATRHA pySTED Xt fij ot & T RAFE T 1500 X g g, HEXFaa
— Iy Confocal B (433 200nm) 5% STED oA (4P
50nm) , PEMER/NGE—H 256 X 256 19 % . T {5 BRI I B T80 s iR £k
(PSF) #il, [IEFGIA T BB E P g M B T E R, wfE5 %
. JGEEH (photobleaching) . MEFEHLEN M i HIL HSE, DAMRTHE MBI H
SERE SRz 4k RE

13



222 HLLWEHRSE

FESLPRSEI AT, BATEAE Y B2 L0 = R E T A E LA
B, 73 AR HEDS 3K (Fluorescent Beads ) 55 4= 4 21 B.4544 (Cilia Struc-
ture) , TEMAIRIFEASHET R, i Confocal ifi%% 5 STED Wi/ B R E R4,
JEAEATEOE S5 A FE, R E S R

H A -

o SOR/hEREHEM: (Beads Dataset) - FAT 16 A5iE 100nm FE5GRIE LMt
BRI TIRAE , 43 BIRAE 50 X MR o vl % 40, 2 — R L 2R A P45 S5 %0 AL
¥ STED K, KGR M 1024 x 1024 1R %

« FTEWE (Cilia Dataset) : i F [5] 5@ ZHURE A HE AR IC LR BE I I DG Y
Ah, REE 200 XL AR STED KB EURK/INGE—K 1024 x 1024 12K,

SHBIREE SHT WL 2-1,
2 2-1 GBI A S B Y

Biisk  RGE aPEExe BSRRGE (181%) FEA Y

pySTED 1500 200/50nm 256 X 256 B gty (W HE)
Beads 50 200/50nm 1024 x 1024 B Ek (CM/STED fiA4%T)
Cilia 200 200/50nm 1024 x 1024 HWLFE (CM/STED J 5 5T)

2.2.3 FUEMSELALIE

15 FF- 5 2R ARSI DA B AR 545 21 10 S B a4 — il 2 220 Ak 3
A REWE AN 45N S o FA TR AR TR IEAT 1A AL FTAL 25 22 Fh At 1
SRERVE, TR

o BIERASFGE—Mb R T 7GR A S GSe vl FRAT TR i A e e 58— 3
57 64 X 64 1 RF K)N

o« BlaOIRBEAL S T O ERRUEI 1k, FRATTREITA DRI 0 MUK FE AL
B, AR O TE KR TR 0-255 IR L

* IH—fLALPE (Normalization) FTA KR 15 R i JE L ANELCE (0, 1] 5
(=1, 1] K], X252 TUIZRBRE A A, 8 TPl > i A 4
1

14



o BARAD5K FANDRN T LM Bl UL B AR I TR 4R Y 5K, A5G
BLERET : VIR R B R B LR S 128 X 128 il T, BELIA [F] 40 B A
e BENLENEE Shele : WAk . SRR, 907, 180° 71 270° fieh%,
DASE 58 25 ] ANAEE S

o Bda IR 28 UIHIRY MR AT BEXT A I AR b A B AR =587 o,
AT NG AEM R BN FATET R G KB, Wk T —25%
TR R A .

o Vi b O 7R UIROR, AT 2 B R 1] Gamma pRAY,
PASESERT LURE . FRATIAN, R BB R I (R AR e, FRAT A
i Gamma bR OBOK UG AE o 2 BERR » B4, DAJT BEPPAE IR AR

L BARERY K DA S B AL AL B, =B AR TR S 40 W3k 2-2
422 BRI A S BT

Bhadl:  BEUGXHE aPeExte BURRSE (18 %) FEAC Y

pySTED 10408  200/50nm 64 x 64 BT g (Y Rde)
Beads 1504 200/50nm 64 X 64 BEYetER (CM/STED 4% %t)
Cilia 6512 200/50nm 64 X 64 H£FE (CM/STED 5 5T)

L3 B A AL B ) =B ARAEA R B n] DL 1A 2-3

15



(a) pySTED Confocal & (b) pySTED STED ¥

(c) Beads Confocal [ (d) Beads STED [#]

(e) Cilia Confocal & (f) Cilia STED K]

BB (e, D)

2.3 BREEZFEGRREITEER

g i (Image quality ) Hi5 KR EGILE @I, I A F I RHIE . —
fimi s, EEREITP (IQA) JiA T AR FW0r % (RIEGER
KA ZEHI) MEMITRT A, A ERFaHRAINTR, (il 5 R HiAs s
e, HICE#EE H B ERIT k. R, XEEIRZ AIFA—E—E, BAEMN
IR TR MR NS0, TTRE 8 IQA Siifire e R R, &

16



NIRRT A LR R T B 1QA Jrik, HAEZ Ja iy MR B s & Al iz A

2.3.1 &Sk (Peak Signal-to-Noise Ratio, PSNR)

WEfE AR L (PSNR) J& i A B (M 54 . ERIB5) ddi
IR —. ARG PERMS T, PSNRGE R KGEME (idh L)
FIRIRIR Y 7% 2% (Mean Squared Error, MSE) 15451, ZEEHLEK I, (1
FHON N) RHEEGR [, Wi ZER PSNR & X0

LZ
PSNR = 10 - log - , (2-14)
° <§ YN (o) - Io<z'>>2>

Horp, XFHEME 8 KB FIR, LilHERIEA 255, BT PSNR UGB R
FIriRzzE (MSE) A, DUOCHNS W AR R I 22 51 2 L0 RO, PR e A LSk
T o PPA B 7 o N R B A AT S B b P R AT T 1 B RN T
WAL, ST, H TS5 B SO EL i b 220, PA S H ATk = 58 2 HER I JE AP
Hrahs, PSNR 2 4 {2 4y PR MR 5 2 (A PPAS AR

2.3.2 Z#HE{PIERSER (Structural Similarity, SSIM)

HRF O RMKRL (HVS) PSR T EGLHIORIR, S5A b
# (Structural Similarity Index, SSIMUV) Y4 th I -3 P2 ) U2 H AT LS
SSIM SBL A X HC RIS R = A Jr TGS A, S 5 7 AR
I PPA o
ST A8 N GENPEG Ty, IR uy SXEE o) 4 BIRT G2
B ShF RS P
| N X N 5 12
;%=F;%w %=&:720w%m9] (2-15)

i=1

X 0 HE RE FY) HE B B Bl i s S -

2up g, + C R
22 1c, el = e
'uIO ﬂfo 1 0_10 O-fo 2

20707, +C

C/(Iy, Iy) = (2-16)

17



Hif € = (kL) Cy = (kyL)* J& T/ BN B R E RS, Ew
kyky <1, LFRBERASNEIERE (0 L =255).

R A5 R AR HEAL G (BB 2 B R AR HERS ) 2 [ A B
B, Iy 2. S R AT I :

N

o1ty = g 2 (100 = 1, ) (To0) = s, (2-17)
i=1
. or,i, + C3
C,(Iy, Iy) = 2-18)
Horfo ori, T C3 (
B2, SSHHIRESREC (SSIM) JE SN =3 AR IE X :
SSIM(Iy, fy) = [C/(Ig, I)]“ - [CoTo, T)]” - [C,(Tg, Tp)]” (2-19)

Hera, p.y Rl — B E R EEPES A T SSIM HEHT ATl R
AP R T, R 2 T 0 A R A (B ik 26 Ve 1R 52 TR T 55
36

2.3.3 ZREZHBEMERSSR (Multi-Scale SSIM, MS-SSIM)

R T HE5E SSIM XA ] RUFE MG S5 A0 (W L RE 77, Wang 8 A\ iE—42 0 T
% RJELEHAI RIS AS (Multi-Scale SSIM, MS-SSIM P71, %y 45 B E 24
SAPRRTI AT, AR A AN RGN 2 RO BRI

MS-SSIM #5eH s G a7, MEGZEZHET I RE, HailfER—R
BRI XS EEARE. B3 M NRJE, 8 ERENZE.
WHHE . G5 BB R BhE ¢V e e | i MS-SSIM i Xy

M
A A %M i ~ 15 i ~ j
MS-SSIM(y, fp) = [ (1o, B ™ T [t 1) [€ 1y, B)|” 220)
j=1
Hob, ay B By, R REEQITBUR R, S8 25 7 R
MS-SSIM il &5 TR RO H 5, LA H BEURUE SSTML, o 1T s 5



TR RN, JCHGE R PR AR . Rk B3 5

2.3.4 BERKiIREIEWR (MAE/MSE /NRMSE)

B T RIS TP FR RN, AR R B R E T TeE NS, £
WIE 4 %R 2= (Mean Absolute Error, MAE) ., ¥J)5i%%% (Mean Squared Error,
MSE) 55—k R i%% (Normalized Root Mean Squared Error, NRMSE) .

(1) MAE fir s R 5 R A Z AR R EERFIERE, 308!

N
1 N
MAE = — ; | 15() — Iy()] (2-21)

(2) MSE @ J5riRZMF9(H, 5 PSNR BYIM X, &N

N
MSE = Z Io(0) — By’ (2-22)
i=1

(3) NRMSE & MSE {1 IR, FFot—2DBRAREREIERE (40 L = 255),
M BA AR -

VMSE
L

NRMSE =

(2-23)

Hr, N FRBBRBRREE, LARKGRERE (8-bit BHBH N 255), XL
TR EG S, FFEESE, HIFAREA R R A Ag TR, CUE M T
AL IR AR ARIRZZ Ko TG, AESCBRRY I Af, S 2 BRI LOSS e %L
Fr, 78 IQA U B PSNR, MS-SSIM #I SSIM 2545t A 125 G iAik

Zi b, REASCHTAIAG S FEPPU b SRS AR 2-3:

% 2-3 RSO IR G PP fivbR L]

SH Bl JEH 5 9'4

MAE N [0,1] BRERIRZEFGR, EWGHE

NRMSE HUNEE [-1,1] A PA-— B REE RN, AR 87 A RE 15 55

SSIM MOGHSE (1,11 AR WFHCEE . g5 = O TEITEAN EAR AR I, R R S5
MS-SSIM kil [-1,1] B e b sz R ] 452 R A R o

PSNR BB [0, 00) RGBTSR, (EBR RN RN

19



2.4 BOYPRESKEHER

241 HRHEZMLK (CNN)

BRMZMZ (CNN) BRGNP 2-4f7R, W2 i ER2 . 254
BEREE = . Ho, BRUZ S W iE AL -

Flm.m =o(Y Wi o) F' ™ +un+0v)+b) (2-24)

iu,v

AL ZZEAT B RAE AT i - R AN AL -

P,(m,n) = max F,(pm+i, pn+ j) (2-25)

0<i,j<p
TR B e R T A o) R 2 i Y 4
h") = g Oh=D 4 p0) (2-26)

BRI 45 AT SRS Ty = fo(Tg) , SIS/ M I IRZEHR Lys =
¥ 2o = To()y FE U A E Ak

f3 % f3 neighbouring
i3] 79 patches o
J1x fu i .
O O :
O O !
| 10]0]0[0[O
: . . EEEEE
= - - - CGI6)
* * . 5]
o) e I FEREE
o ol |
L.—.
| | | J
Patch extraction Non-linear Reconstruction

and representation  mapping

Pl 2-4 BRI LE s Bl

20



242 HEIHEML (GAN)

AT (GAN) A RS G A1 50ES D PB4, aniE 2-5 s
A AR SRR PR G I g WSRO R IR [ = Gy R), 15 #R 0
Ko E#EBSELmSPERERG Iy, sy R migs, A
H bR A

Lsan(G, D) =Ey, [log D(1,)] + Er . [log(1 — D(G(IR)]- (2-27)

KT G RS BERB AR, G AR LR B 2L (4 MSE B¢
RS ) -

L; = Loan(G, D) + ALygp(G), (2-28)

Lyise(@) = 1 2o = GULRI) (2-29)

IS EH G F D, GAN RETE B AT AR (A LS [ US4, M
111 5225 2 T 20 R R B AL B o

Generator Network B residual blocks
I |

K9n64s1 ' k3nBds1 k3n64si ' k3nB4s1  K3n256s1 k9n3s 1

skip connection

Discriminator Network k3n128s2 k3n256s2 k3n512s2
k3nBds1 k3neds2 k3n128s1 k3n256s1 k3n512s1

3 |
(o |
ol |
g |
g
Sl |
3l |

2-5  HEpkrF B g R R

21



2.4.3 Mg Transformer (ViT)

Transformer ™S ) I T AR B AL TR, TAR 5 | ARG BT 5. A
2-6 fi7n, HAZOCEEZRHEBRI N N ASAESE patch (4K Px P),
J& TG BT F A, B4~ patch il i LR BU4E)E 4 D 1Y token, JERURA
i X € RN*P - FL5 RLE G E o HIMIPABRFSZS A S5 0 Zo = X+ E .

Transformer 4 — 2 ML HEE 7 (Multi-Head Self-Attention, MHSA )
FIHTBR M 2% (Feed Forward Network, FEN) #4 i, MHSA #1444 token 2
[E] ) 4 Ja A e, A L SCh -

. QK'
Attention(Q, K, V) = softmax V, (2-30)
Vi

Hp Q=2ZWwo K =ZwX VvV =2Ww" d, Jkey 4:)¥. &% 114G H
¢ J5—J2 Transformer 2R 2t FHEL (W BFER MLP) 385 5 43 e 1
fy.

7

Add & Narm

Feed
Faorward

| Add & Narm |-::

Multi-Head

r—-| Add & Norm |
Attention

Forward ] ¥ )
Add & Narm

N | A & Mo )

Masked
Multi-Head Multi-Head
Aitention Attention
—t 7 1 7
-~ — )
L y \ J
Positional osition:
- i g @ F\_,.. tio 1l
Encading ; Encoding
Input Output
Embedding Embedding
Inputs Quiputs

Ishifted right)

B 2-6 % Transformer 775 3%

22



2.4.4 Y Et&ERl (Diffusion Model)

ORI — T 5 A R R 652 M 2 Y AR P
B PR AL S PG B . AR 27 R R A
TP 1o TR A A LIRS T 07, S I BRI, S A K MR 24 75 4
EIE

B OB R Ty VIR P (x5 S

a(x,|x,_) = N(x;3 /1= By x,_y, D (2-31)

Horp B IR ¢ RONRRSRIE, W H SR . IR IROR

T
q(xy.rlx0) = [ ] ax 1% (2-32)
=1

1) W AR th SR py 222 AT, TR

Po(x,_q1x) = N (x,_y; pg(x, 1), Zg(x,, 1)) (2-33)

Yk H A e/ MEAZ 7 5 (ELBO) , i 3 fi] Ak A M P P 45 2K -

Lmple = Ereanvon [”6 — €p(x;, f)||2] (2-34)

FEREIIPERAT IS, IR TR, AR AN R LR AR
WATHISF, T = 5 HE G L.

PolXe—1]x¢)
Og @@z —®
1 8

f:"lxr|x= 1)

Pel 2-7 9™ OB A o Fons 2P

245 ARG

Cie LaRRAIIN N SEEE SRR TS, RN T E T A S
AR AR M . B4 SwinlR 4545 T Transformer 5 CNN 4RAFEHEEL #,

23



Real-ESRGAN 5[ ABZEH S XTSRRI V0 A o LR A g 2] sl 7 19 465 ]
G LA R LA :

o FRAESRHUEH: F2I LR MG Y2 AL ;

o FRAEEOREY: fEHVEROIAILE ., SRR EUE B AR S A SRR R A 5

o FORFEES: RRARERIEEN HR G PR (TR EER. BB E +
HH);

o THB: i A BIR

BeAh, it AR EZ AR S SR R, SRRSO T 2R, 1
WA B REBL (MSE) . BaLk (VGG) . xiyi#ik (GAN) 5Hiligdh
SRR, AR I S A A [ B B U 2 N SRR T

2.4.6 TAERSARFIWERKF: XTF scale BHRYITIE

TELRE B PREAE S50 INREIRAREH b 5GP R (HR) 18
ORI BR KB (LR), JEA (LR, HR) Xf. Hodr, A1 Tk %
JESE DIV2K, BIR ] bicubic fi {H 55 )5 ¥ AR E 4 1 scale = 2,3, 4 A TH
RbEo X AB A BT T RiA R -

ILR = Dscale(IHR) (2'35)

H D, () FRETFHHE T scale ) F REEET-. Y fEd, R
=8N I g W ENN Tyr S IPEE

Tyr = fo(ILR) (2-36)

FHZT, ARSI R RIS AR IR T B Bl R 2 6 AR 2
PERG R PR BIMBORER A, T EHZRAF LR A HR EEXE. AR
LR HARl i m E A AL, M2 BORENTS. I, AT 55 M L e 1 375t
ok A USRS AT PR ST — 1Y scale LT

ARSI R T AR DA R 0 A SR R R A B L AR L 15K R A
S RS HEA TR, SIS R LR — HR S {555 ity 5] i 2248
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2.5 KRS S

2.5.1 R%k{HEL (Loss Function)

TEEBRE D PHESH, BRI H brde 2 > — D MR PR IER T Wt
R PREG Ty AL T = fo(D) o FckE W R R ECH R Rl #1%, HBP
¥ hiRZ= (Mean Squared Error, MSE) 1%k :

Lysg = % Z(Io(i) — Iy())* (2-37)
i=1

Ly RAMEREWE A, Wl P AsE R . MSE #URAE g S 2
A HAREIHA . SRR e e, BRI 25 SR T H AR 22 A E— 645,
AT 20 B EEE B S B, A2 SBERBEED T, 4 5%,

it — AR T R GIIREN T R, A ST | AT — P AR 2 S
R < B %L Jensen-Shannon HEE 5 2 (JSDiv Loss ), 33X i i it 9 M58 20 11 A
LBE R — BRI Fr BAG S0 4atR, BT o9 — A% A4 2% 4L Kullback-Leibler
(KL) fU%, HEA S 4 AR R TR R o o SO

B EW R P A1 Q, H Jensen-Shannon H{/& A

ISD(P || ©) = SKL(P || M)+ 5KL(@ || M), (2-38)

Hoilt M = 3(P + Q) Hyriifa 5, KL(P || Q) #rk Kullback-Leibler /i,
TEEG RTS8, BRATATRER P T ME R Ty 05 A SRR A () WLty 28
FAERFEZS TR, FEACRRFIESN T P = ¢(ly) 5 O = ¢(fy), MIfizE X ISDiv 1k
RN -

Lyspiv = ISD(p(I) || (1)) = %KL(d)(Io) | M)+ %KL(d)(fo) | M) (2-39)

5 MSE A[A], JSDiv B A il E15 -5 B 5L G FE = 48 B 23[R ) 43 7 —
ek, JCHXTSOHANT . SIS AR EAGE T . Ft, AR SCEA R
B} MSE Loss 5 ISDiv Loss #E47%f U SEHG, 2% HRKFAE SEI6 257 W24 4T

25



2.5.2 1ExV3—1 (Orthogonal Regularization)

TERGAEEAT 55, i AR R AR BB BB A E S T4 T SE 5
(Al F AR SRRSO, TR RV TIH — A AL, 5 LA A A
{EDRTE] o ARSOR I PATR WA WLV 7 Kb AT B 234 -

(1) [0, 1] XMJYH—4t
BT A R R B R LT A 10, 1 X, H— a3 0

[ = —mn_ (2-40)

;B\:EP I %%%Eﬁﬁ%%%{ﬁv Imin ﬂ] Imax ﬁj\%”%\%ﬁ? @1%$E@%/J\fﬁl§%jtfﬁo

(2) =1 1] XWy1-—-1k
BITIRAE [0, 11 H— AL A SRl _E 2R oAl B HASUE A s Al
A BT IR R g i SoE . HH— A AR :

I”:2-—mm—1 (2-41)

AR SCAE Jim S S 3 HRE R EE I A — AL SRS A E A R B 50 S R BT
AOPERER BN, R I — Al 8 FRIRT I s S50 88 M1 ek S Joi ) 52 T

2.5.3 &g (Optimizer)

DU s 4 R AR B E I Zhad A i ad sl A 27 ) RSP A RN AR
YRt AR sp R T Adam Ak, it (38— 5 A T B A R A
AR, A RUFWSGEE . R RN -

m, = pym,_, + (1 —B)OVLt v, = fyot — 1+ (1 = p,) (vgt)2 i, = —r (2-42)

(2-43)
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Diffusion A4 #4717 XF F 4047 .

AR EERA RS, R RA T =AHERFER: 1) BBk (CNN
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.
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rfr loss ZEIRVIIZE 100 4~ epoch 2% loss, time PR illZh—4 epoch B - ¥ ]

3.1.1 CNN vs DIFFUSION
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CNN 447 | DIFFUSION Ei%i 545 PSNR & 1.9dB, SSIM 32714 13%, MS-SSIM
BTZ 4%,

Datatype NRMSE MAE MS-SSIM SSIM PSNR
Input images 0.176968 0.095377 0.913752 0.730675 24.459363
CNN 0.069020 0.047819 0.942188 0.816428 (10%1)  30.024266
DIFFUSION 0.048614 0.035058 0.972249 0.896244 (23%71)  31.906473
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KH—ALIEE . Adam i AEAR o
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Datatype NRMSE MAE MS-SSIM SSIM PSNR

Input images 0.123724 0.088622 0.761519 0.512868 24.912680

CNN 0.091702 0.068716 0.808208 0.568635 (11%1) 31.906473

DIFFUSION 0.062927 0.036879 0.903208 0.684188 (34%1) 31.906473
(a) T A . cnn BEEEEI(R . diffusion H @ B A PEAL 45
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Datatype NRMSE MAE MS-SSIM SSIM PSNR

Input images 0.115086 0.089774 0.915862 0.737833 25.082701
CNN 0.137258 0.095564 0.752670 0.576953 (21%)]) 23.516902
DIFFUSION 0.069973 0.049244 0.938330 0.807728 (10%1) 29.801025
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Datatype NRMSE MAE MS-SSIM SSIM PSNR

Input images 0.176968 0.095377 0.913752 0.730675 24.459363
CNN 0.069973 0.049244 0.938330 0.807728 (9%71) 29.801025
DIFFUSION 0.048614 0.035058 0.972249 0.896244 (23%1) 31.906473
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