BIITERURIENERBIRS: 20250854362

B -1
AL TR (HIXE TIEI=M)
HTERUARTFNELS

W Tk

L= 22260310

AR TIEIPERFR LAl 2] (Sugh) - {5 B

AT TIRMERE GRIARZE TIEIMFER)

20255F03H13H



1HZR1 PR

o RIS FRHE SR ISR B A R R AL R
 ETIHRESNE, HERELE,

S RGN B A, 5 I TR
WU, A4UELETHTED

=\ RPN LWL LT BEEKE, R
BT, A HTHAE

P AT R0 A PP = L4 5 i DRI A BedH s
G T NN SR AT+ B TREITHARR Ll S5 (45 4

PE+HRAK 36, 1147,



(—) ZAXFEL (B (WHLTREMER (WL RETEMER) TEREWEMFARET
BITRARPPHESERR) , ST (GU) TEIMBAR P A ChnE, 22633 ]

L AT EANE B RIRME WA IREEE G (A2 T2007)

EHFER T, RAGHER T Z LSRRI IR A AR AN, HE&HLsE
() TAESE B RE 7. BARMRILAE LU JLAN 7 TH -

HO, R T ENRTT T, WA Y ] T HEEEIS ., BB FHEAR. HFEETFER. &
SHRG WAE T, BEREE BWLEBE R O HE ARG OIRE . XA
AL T ALSE BN SRR R, IR B B Gis A B AR e . R AR e S T
BXHME S KRGt ofr; RN, FEEE 7CIEF . Python, MATLABE:ZmfE T B, FERIASL
AR St T R A FE 45 .

HR, AT ARG, RV E 75 BATL AT iR EAR R s . lid 2 5 5L bRI
H, EE TFPGA. ARM. AR RGA. VB FEARKINH, R 2& TEDA%R T T B (
WQuartus. Vivado) « HEEEWTHEAE (WiAltium

Designer) . {§54¥ T A (4Matlab. Python) %5 TFEsLER T B XHATMVARUE U TEEE by 1
v TS AR, BIORDE R RS TR

fE TR, BES5 2R TEDE, MR TFEEN TELERAER, BTN
TR MT . Rt BRI SLi il fE . FRE S 5PETE G ER RSN
TR, FIFHGANBLRL 5] N B v & 1L FU-

Net HRIZR AL BB ROR s FIRy, FRIGFEARFIEPET MG E & A 5| AP 8 E Ay, B3R+
T E 2GBTS A E L

AN, FEES T AR T, FREA N TR RE IR IS MEOR, FP0E 4 THE )@
AT T 2RI X, Bln, fEERZGEREIE Y, ME 7T irEVR. EEe GO
S AR 2 TRESE A AR, Sl 7RG EERCR, B TR NSRSz 0EE
iR

BT RGeS E T ) TSR, &L LG BT aniR i & i om i+
ARRLHRBEST, REMELE S 4 THE M) g e Hh R FERRPE A

2. TRESLERZ P (A AF200)

WS 5 2R TREIE, REATEEN TELEER, AR TINFRI. RaE
i BB LR AR . Y S SPETES UG ERERAN L, FIHCANE R
SN B = SLHIAU-

NetH 5 20 AL AR, FR, RICERFEPETEG E @b 5 NP BUE R, 52327+
TEEEGRIEWEAGERL., A, RIEATTHFR T —MNMRIEW 2%, SHPETS TR
8. CTRIMRIZE Z WA R A5G 5, BEih TR S B LISl B g A Bz . Z R A0
GBS, BRI 5. BUEEE. Bim S G A BRI, BEERE TR IZ N
RN HERFE

3. FESEPR TAR PR G B R TR R B2 TR HERI RE] CRDF10007)

FERRRE A TRE IS T, BREE & H S PrAFiR, BRINER T 24 TRESEEIH , JCHAAAR
FIEPET BG5S AR 12 W R I R REh, Feor s 7 27 g &R /1. LMK
FEPET MG BT H B, 1230 H & LA A% B FIPETI Fi A st th Bl a5 B R
JREMESAR . NI, FIRAFTIC T AR PSS (GAND R O AL S5 R IR L 2 S 45
AR, PR T RSO RS, S BE R I DU G b IR B R P AR T R AR . (RN

3




CRAINTU-
NetTEAHIISE, B3R T B B B A OB RO A ) 250 2 S R AL,

R GAENIE X LI I (R LT A ) T TS H AR, A RIS BEPET R AR 0t 7 7 3
IR . TR RATF RO R, RESAPET. CTAMRIS S A E L RHE,
T R TR S R RE B W7 . R e I PET PR G AR ks

i GANHL TR o PR R LU TR 5. J6K, R TIN T I ARAE S, 16 % b
AP, B R R R0 B e b . BUR, ETREMARMSHER, 7500
BT 4T R TR R RIS 1% ARG fE DRI B B R s (O 5 P M,
HLTH TR I I B RIS, AN, EPRTPTRBI MSEHL, RBE 5 T RS
P OMCHEANE . BRI SHORIL R R IR R AR BRI R, R
SR TR FUAEONE CA— b, BN | BRI (s sI R, oA — b
) DB B HA (iTensorRTANIE . ONNKHUEIRENL) 25, WlR T ROUIURLS MR 2otk
L EPREUR R R, EEA PR F, BB T T AR RR, (R T A
IR PR SR . AR R E T, B S DR RSB M, HESH iR
Wi BGIIR EANTH H, DIRR I B HARAIE S5 T R, Rk E WIS
S, RVEVRANL, S e I ] GBI O R A . X PET FER LA B 0
Btk FARH T — RIS B IR, A0 4 S EO A RS HOREN, BB e
WIAEHE30%, S EART T RA MRS M. 76 RS SRS, RS T
AN R SOR, WA SR BRI SR BT, R R T i
AT AR e BEAh, FERURS 53R, A A SRR AR i
AT T T H B BRI EES S, BRI T A S TSR, A BIEUR T %
I TR A A VR




(2D BBHNEST (REME  [RERH, FURSEHFESE (BEREMRI. HRKEE. €5
E . REUESS. RO E LB AR SIVIERS) s, HFRESEH—4]

1

AFFRIAREME (RE. SHRR. KAEFIEN. ARSIl T, SRS, A
BRIRE ., A ]

D% gl . X " AN
. b, e (o | PRI TIRERR - o) .
JRARAAFR ROIERRE | ek | AEH | SRR |, I\ #HE
fEAL e, Tik. 5fF | Bpass | shdis s |
RS e ) H
Diffused Multi-scale
Generative BioMedical
. 2025%F01
Adversarial Network ] B A T A30M Engineerin | 1/8
for low—dose PET g OnLine
images reconstruction
—FET T R . 20
SN FT X 4% (1) — Z4EPET ] . \ 2024408 )
A | =+
fii /)it ‘
\ W EF"‘[’%E%: 20
— P I P R A R . \ 20244F08
Eﬁjﬁé)ﬂfﬁ%é}? 9 B F 47 Hoep | 2411176148 | 4/5
0

2. RABARRIE [ERRNSEHREHATE . RHERRM AR . EUEARERRTR. A
FEFR B H REFEL. BRI S BTHEIZR. IR ARG TIPS MRIBH5
. HISRRRE . TRER. BRENEH . #ITILRE S RIERER KRB NEFHEaR

#%]




(=) ERIHARRE. BRI K AWK

GG O ERRE A AT RS 81 4y

LRI
o e i 12 CERIERDLE)
e R 18 4

TAFZ P AEER)
ANKE

MAFEH: BN ERFEEREARLEY, GHER, BAE—TITHME
, RRILATEY !

<

A4 \T}' f




=, BEEMELITN BRI R R

FEREREE ITEZ N, 84 B ATE LIRS A % T4

i UOR#m  Osak  OFek
%ﬁ%%ﬁﬁi%ﬁlﬁﬁ&ﬁ%%%%@(ﬁﬁ)a

H % &I
ERZVE

RIEPPE 2, TREIMZARBE O IR A RBEATHR %ﬁﬁ%@ﬁ%
ch SEERINGRET R KB AR REESHR , HFHFEERKH
EEBEMBEATRASTENTIER, BAABARERIT: R
L@ OAdEd (BEER: )
TEMERBLEEHNAZTEFZET (AF) . F A

HIZATR




Wi L K ¥ B A £ B
B S e IO BT

5. 22260310 . THE . 5 |¥ﬁ:1ﬁﬁ#% B BHFER 4. 2. 54
Bkt R ARRIER: 24 05> E3k18: 27. 0% NEEH: 2022-09 NV AEA -
EZDATS LAY ENVIER S BT AL

2l AR B | Fa| G | BRI ZE ]I [A] =R N e st | RIEER
2022-2023FLEKF 2] (DS S AL EE AR SR Lo| 8 BAVEEATIR |2022-2023 4 LR | PALBR R RRTIE 15| 82 LAy AR
2022-2023 % FKE M | BB H T E 2.0 75 BAGEIER  |2022-2023 - FFELM | EHAFHEEM S 1.0| 8 EAV AR
2022-2023 % FKZEEN | TREARBIHATE 1.5 79 By AR |2022-2023 FEFEFEN | B BT HIAR R Z 514 1.0| 88 iR
2022-2023 % FAFHY) | BRMLEREMF AR S5 RA 1.0 65 ol EAR 12022-2023F EH LM | B AR SIB LA BL e L0| %z AFEEALR
2022-2023 % F A F 2] | EMEF TR EY: 1.0 81 B AR [2022-2023 - FEFE M | TRERHE 2.0| 83 kAR
2022-2023 % FRKAEH | HALERXEERS 1.0 73 FAEEIR  [2022-2023 % FEH A | LA SR 2.0 iz b2 IR
2022-2023 FEMA M | TR 3.0] 75 BV [2022-2023 % H ALY | TR2M ARG B4k 2.00 95 LA ER
2022-2023 FE A FEEN (ARG SRE 2.0 83 BEALif Wt HiRE 2.0 it
2022-2023 LM [F Ak B B2 ORI 55 2.0 87 BAp AR

W LT RAERER =M RS AW, B Ga,
Btk BRAE -
2. FETR w7 RREBRE.

Ay, BgMH (R B

FIR RGN

BN T




Yu et al. BioMedical Engineering OnLine (2025) 24:16 BioMedical Engineering
https://doi.org/10.1186/512938-025-01348-x

OnLine

®

Diffused Multi-scale Generative et
Adversarial Network for low-dose PET images
reconstruction

Xiang Yu', Daoyan Hu?, Qiong Yao® Yu Fu?, Yan Zhong?, Jing Wang? Mei Tian>" and Hong Zhang?*®

*Correspondence:
tianmei@fudan.edu.cn;
hzhang21@zju.edu.cn

! Polytechnic Institute, Zhejiang
University, Hangzhou, China

2 The College of Biomedical
Engineering and Instrument
Science of Zhejiang University,
Hangzhou, China

3 Department of Nuclear
Medicine and Medical

PET Center, The Second
Affiliated Hospital of Zhejiang
University School of Medicine,
Hangzhou 310009, China

4 College of Information Science
and Electronic Engineering,
Zhejiang University, Hangzhou,
China

% Human Phenome

Institute, Fudan University,

825 Zhangheng Road,
Shanghai 201203, China

© Key Laboratory for Biomedical
Engineering of Ministry

of Education, Zhejiang University,
Hangzhou, China

B BMC

Abstract

Purpose: The aim of this study is to convert low-dose PET (L-PET) images to full-dose
PET (F-PET) images based on our Diffused Multi-scale Generative Adversarial Network
(DMGAN) to offer a potential balance between reducing radiation exposure and main-
taining diagnostic performance.

Methods: The proposed method includes two modules: the diffusion generator

and the u-net discriminator. The goal of the first module is to get different informa-
tion from different levels, enhancing the generalization ability of the generator

to the image and improving the stability of the training. Generated images are input-
ted into the u-net discriminator, extracting details from both overall and specific
perspectives to enhance the quality of the generated F-PET images. We conducted
evaluations encompassing both qualitative assessments and quantitative measures. In
terms of quantitative comparisons, we employed two metrics, structure similarity index
measure (SSIM) and peak signal-to-noise ratio (PSNR) to evaluate the performance

of diverse methods.

Results: Our proposed method achieved the highest PSNR and SSIM scores

among the compared methods, which improved PSNR by at least 6.2% compared

to the other methods. Compared to other methods, the synthesized full-dose PET
image generated by our method exhibits a more accurate voxel-wise metabolic inten-
sity distribution, resulting in a clearer depiction of the epilepsy focus.

Conclusions: The proposed method demonstrates improved restoration of original
details from low-dose PET images compared to other models trained on the same
datasets. This method offers a potential balance between minimizing radiation expo-
sure and preserving diagnostic performance.

Keywords: Positron emission tomography, Deep learning, Image reconstruction, Low-
dose PET

Introduction

As one of the most widely used medical imaging technologies, PET plays a key role
in navigated surgery, medical assessment and clinical examination [1], which detects
biochemical and physiological changes unlike other imaging technologies, such as
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