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PET Images Denoising With MRI Information: A Graph Wavelet Based Method

YI Li-Qun' SHENG Yu-Xia' CHAI Li*?

Abstract Positron emission tomography (PET) is a powerful nuclear medicine functional imaging modality, which
is widely used in clinical diagnosis. However, the PET images have low spatial resolution and contain noise. It is ne-
cessary to improve the quality of PET images by denoising. As hybrid imaging devices such as PET/MR (magnetic
resonance) have become available, magnetic resonance imaging (MRI) prior information could be used to improve
the denoising quality of PET images. For dynamic PET images, this paper presents a novel denoising method based
on graph wavelet transform (GWT) with MRI information. Firstly, the composite image is generated by the dynam-
ic PET frames. Then, we fuse the MRI image and the composite image through the hard threshold method to ob-
tain a new fusion image. Next, the graph Laplacian matrix is constructed based on the fusion image. Finally, we
perform GWT on the dynamic PET images to denoise. The simulation experiments show that, compared with
graph filtering and GWT, and other MRI incorporated methods, the proposed approach has higher SNR, (signal-to-
noise ratio) while preserving the image lesions details. Compared with VGG (Visual Geometry Group) deep neural
network based method, the proposed method has the similar denoising performance, but it does not need a lot of
data training and has low computational complexity.
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KA n, BIEABEEE &, FiES500, BGIAHLLE
S En, NERESH T, REZRE R, MK
Bk g, DR ESH s (s e R FIRE S B
Threshold.

S 1. W PET &K I,

HE 2. @i (13) 5 MR BE Ly 4
& I TR G, B ERIEA R I,

HIE3. R (14) MG EAEFE A, JFl T
(1) BFRNPEH BT RE L

LB 40 LFEATRAEAE 5 iR, 13 BIRFIEAE Mo,
A1y oy Avo A5 2 R R RRE D& xo, X1, s
XN-1;

SIS X EMG 1L AT RN R 2R 1
WO A EIRINE R B W RIS RE RS o;

HB 6. W 1 REEVNE R W, AT EGE
BN AR e, 73305 2 O RN R B Wy, 5
FEE RRE 250 S o

ST KR 5 FDE 6 15 2 RE /4L
Sy 0 M8y o FATH A, BHE = [S1,0, So,0, 0];

BB 8. I LY R AR (19), 135
JE I PET B4,

wid. L ERIEIE PET BUR I,

2.2 BHIRE

ARITTA 9 MRS E: BEBIRE KA n, &

TR EHH &, FHESH00, FERPAHUEE 2 0 2 4
n, MNERESRH J, RIEZEE b, DPIZ R g,
NRRIEZH s MBUEZE Threshold. £id R &
UG, BT BRI S B0 E, Heh R e 4
h, NBA% R KL g RN RIEZHL s 0BS5S0k [30]
TR, HABSH A B B LR 1.

®1 AUTESHUE

Table 1  Parameter setting in this paper

ZHITS ZHWE

n 5

k 11

6 20

n 0.0008

J 4
Threshold 0.75

3 WSS

BAHEPAS PET BURH E AR 4 k47 S5,
WAL A MRI 513 IEBOTVERL MR 51 51
IHYPR-LR 77", B H PET & BB KR
Pl 0 20 R L /N g DU 7 v AT B2 A BN
FiFeHEH PET & R K, WA RS MRI
SR, YT HRER 0. HiSHWE S A RS
MRI 15 B EFE. ARSI, KXt b 75k
(1) S50 S HCER R B B A
3.1 ENistR

T VAl A B R 2 R T v A A M L
(Signal-to-noise ratio, SNR) f13 7 # 1% % (Root

mean squared error, RMSE) K V¥4l 23 8 5 1)
PET K{Z .

v 2
SNR = 101g1g121(xi)) (20)

> (@i — yz‘)Q

=1

1 )
RMSE = \| = > (@i =) (21)

=1

Hrp, 2 FoR)R 6 PET BB E « B5REME, v &R
ANEMEE K PET BURIAER @ (98 {H.

3.2 IEHBIEEK

ARG 3D R i 1 T S, Brain-
Web FIZIEP, AR P HERL. F AT 41K,
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HIE WAL T 18F-FDG (174 %5 B AC U 0 2 2%
FERBE BN IR AN IER MR EG ik
T 90 M A, NRHE MR EG £ 75 90
ANIFr, FH I SCHR [36] 1905 3277 A2 IX 38 A 18] 375 3
M2k (Time activity curve, TAC), 7E7FH 7~ ERF]
W46 214 PET 4. 314 PET 45 H 60 min
P 24 A IFTEIMZHAR: 4 x 20s, 4x 408, 4 x 60s,
4 x 180 s A8 x 300 s. N T AEBHT M H HEh & PET
EIME, ASCRA PET A8 e H I 77k, B o
Ik IE MR A R AR MBS PET IE5ZKE, ARG
# 60 min WA 7 x 107 6T R BUR AR R
NFH TR UE 0 JE e 7S IE 5% B b iR @ 60 IR
MLEM J ik E @215 20 304 PET EG M
Bkt PET B&. £kt PET BB RN
175 x 175, MR B K/ R 181x 217, i#id Brain-
Web HECHES 3015 2 CRCHER) MR E14.

SSWERS

TRl BIRLNER S 5
F LA MIETFEON 7 x 107 B A R TE R
LN PET KRG, B2 6 i, 55 12 i,
18 WUFIER 24 MUk 4T 25 M A R R . MR EA
WK 1(a), Mshas PET EHE 18 214 Rl EE 4o
Kl 1(b) firr, % PET BREA WL SR, BEEEH
MR EEH . WEE 1(a) TTH, MR B &4 ¥
Z SR, 7T U B RATX 3174 PET EI1E 3

3.3

3.3.1

J

sk 75 P SCHR [5)
12 M

18 M

24 M

K 2
Fig.2

60
6 40

20

0

ik [13]

(a) MR &%

(b) &G
(a) MR image (b) Composite image
K1 P EGoR s

Fig.1 Example of two kinds of images

1750 TR AEIEM R PET KIS 2 M s ig 45 5
K 2 s, ERIEER F44 MRI K PET EI% %
M5k LU A5 R L3R 2, B H PET & kG H K
W E S RSO R R R 3. HIE 2 LA
H, S5HEAW VR, ASCESEIN PET 8K
1% ELAG T U AR B0 S8R . TR IR 2 WP HE AR T
5454 MRI B PET BIME LM77k, B H PET
B 1 BEAG AL B I 22 e T v AR B, AR SO R SNR
fE# K, RMSE {E /)N, Ui 54 1) 2 e R
3.3.2 HEMBESLEERS SN

552 SIS MG FECN 7 x 107 I AR BRI L
JEhAS PET KB, 528 6 il 55 12 i,
518 WiFNEE 24 Mtk AT LM AU R V7K. BrainWeb
AN G MR B W 3(a) B, 8174 PET A%
Bk 3(b) A, B MR B& M PET & %
BRI ARG E 3(c) Fia. MER 3(c) 7Ll

P i PN ARICTT

200

100

200
100
0

Tk PET MG 2 ah 3

Denoising results of normal PET images
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Table 2 Comparison of PET image denoising methods incorporated with MRI on the normal dataset
ok ELLL 55 12 i 5 18 It 5 24 i
s SNR RMSE SNR RMSE SNR RMSE SNR RMSE
SCHk [5] 10.4529 1.6572 10.9457 3.0838 11.1680 19.5106 11.0675 20.4923
SCHR [13] 7.9343 2.2146 9.5184 3.6345 11.6153 18.5312 11.5232 19.4450
ATV 11.7851 1.4215 12.2803 2.6445 12.6945 16.3661 12.6693 17.0413
® 3 WIS GL N i PET & RGBT 5 A S0 T5 1 LA
Table 3 Comparison of the methods of constructing graph by PET composite image with
the proposed method on the normal dataset
- B B 12 i 518 i 524 i
i SNR RMSE SNR RMSE SNR RMSE SNR RMSE
E3F)%/; 7.7670 2.2577 9.7258 3.5488 11.5317 18.7104 11.4831 19.5350
/N 11.4064 1.4849 11.7967 2.7960 12.5395 16.6608 12.4637 17.4495
AT 11.7851 1.4215 12.2803 2.6445 12.6945 16.3661 12.6693 17.0413
covery coefficient, CRC) 5 FHJii X1k (& & [X 1K)

(a) ML MR {2
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Fig.4 Denoising results of single-lesion PET images
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Table 4  Comparison of PET image denoising methods incorporated with MRI on the single-lesion dataset

= %56 M 12 M %5 18 i A5 24 M
Tk SNR RMSE SNR RMSE SNR RMSE SNR RMSE
SCHR [5] 10.4428 1.6614 11.0090 3.0692 11.1229 19.7005 10.9810 20.8295
SCHR [13] 8.6050 2.0529 10.0760 3.4169 11.6955 18.4437 11.5874 19.4249
AT 11.6739 1.4419 12.2405 2.6635 12.7017 16.4262 12.5982 17.2910
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Table 5 Comparison of the methods of constructing graph by PET composite image with
the proposed method on the single-lesion dataset
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Fig.5 Denoising residual map of single-lesion PET images
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Table 6 Comparison of different denoising methods for single-lesion PET images with different photon numbers
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