51 CIR T ¢ Vol. 52 No.l
2024 4E 1 H ACTA ELECTRONICA SINICA Jan. 2024

BT AR R AL ) PET BGA% )7 ik

BEELIN LR AT
(1. RBURHE K25 AR 5 TR0 WAL 430081 ;2. WIVT K=y 5 TAR =R Witk N 310027)

W E.: IEHT&HEZEBAE (Positron Emission Tomography, PET) 7E 1R £ %25 i R W2 Wi vh A3 B2 A9 VE
PET EIG £ AE 5 22— 2 A0A] 76 (R AR EE 2 IR o kb s ZRe bk 1) TR B B A R 07 1) 5 MMk R . 4 0 b R 8T, AR S8
T A BRI R I WA FR B R S 50 19 PET BURAZ S @ 7 % . &3t T 2 9 U-net # 22 P25, 4% PET i [u)
PR % R BT D P 22 00 2% ) il 4 5 T e 50 30 PR R Sl P 3 S0 R ¥, o ) AT A g i ol 2 I 2% £
A P L 407 1 DA 5 1) B R ALK ek AR R0 R IR AL A% T i 5t T U Sy ik AR B0k, g — AU 45
P S 5 1 BRI PRLAORI R T el 28 O 2% T A 2R B 20 B . 0 LRI PR 52 56 45 SRR W, A SCHR T ) 7 YR TE AN TRl Y

BT A SE A T AR 0 T 8 A A T 5 vk DA SRR i B TR B R B s i gy ks

KB PET; BURE A 07 IR RS T s PR RE-Hr 7 i Ak

HEE&WMB: ERAKRF#IES (No.62173259) #1164 [ AFH =34 (No.2022CFB110)

RESES: TN MERARIRED: A NEHRS: 0372-2112(2024)01-0118-11

F F 23R URL:http://www.ejournal.org.cn DOI:10.12263/DZXB.20221161

A Kernel Method for PET Image Reconstruction with
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Abstract: Positron emission tomography (PET) plays an important role in the early diagnosis of many diseases, and
one of the difficult problems in PET image reconstruction is how to maintain the edge characteristics of the lesion in the re-
constructed image while having good denoising performance. To this problem, a kernel method for PET image reconstruc-
tion is proposed, which combines deep image prior and the graph Laplacian regularization. An improved U-net neural net-
work is designed to represent the kernel coefficients in the PET forward model. The graph Laplacian matrix is constructed
by the prior information. The reconstruction model is formulated as a maximum likelihood neural network-based con-
strained optimization problem with graph Laplacian regularization. By applying the optimization transfer algorithm, we de-
rive a convergent iterative algorithm. Each iteration includes a KEM step for updating image and a kernel coefficient update
step using neural network. The results from simulations and in-vivo data demonstrate that the proposed method has better
reconstruction performance under different criteria, and outperforms the kernelized expectation maximization (KEM) and
the state of the art neural KEM methods.
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