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IADR-Net: A sparse-view CT reconstruction network with iterative
optimization and dual-path attention enhancement

Yang Linpeng Liu Yi Liang Xudong Gui Zhiguo

(School of Information and Communication Engineering, North University of China, Taiyuan 030051, China)

Abstract: Sparse angle CT is an effective method to reduce X-ray radiation dose in clinical CT imaging. However, due
to the incomplete projection caused by sparse sampling, the image reconstruction contains obvious fringe artifacts. In
order to solve this problem, this paper proposes a sparse angle CT image reconstruction network based on iterative
optimization deployment, IADR-Net, which adopts a unique dual-channel parallel architecture design, and includes two
core components: lterative reconstruction sub-network and global-local attention network (GLONA) detail recovery
sub-network. Among them, the iterative reconstruction sub-network is based on the framework of fast iterative soft
threshold algorithm, and realizes projection-to-image reconstruction through learnable nonlinear transformation and
adaptive thresholding. The GLONA sub-network adopts a double-branch structure with parallel local and global
features. and effectively maintains the image details through the self-adjusting fusion module. The two sub-networks
work together to focus on artifact removal based on iterative expansion and detail enhancement based on attention
mechanism, respectively, and finally output high-quality CT images through feature fusion. Experimental results on
the Mayo dataset show that the proposed method has better performance than several representative algorithms in
terms of artifact suppression and structure preservation, and provides an effective solution for clinical sparse angle CT
imaging.

Keywords: sparse angle CT;iterative expansion;local-global attention;deep learning
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Comparison of reconstruction results and ROI magnified views of different methods under 128 sparse projection angles
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Under 128 projection angles, the intensity distributions of reconstruction results from different comparative

algorithms along the profile line marked by a solid line in the figure
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Fig. 8 Comparison of reconstruction results and ROI magnified views of different methods under 64 sparse projection angles
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(7 I BB 5 B 4 3 (5 B PR A 7, o A 4 SR AR 25 0 — BUrE 5
SUHA JRU7 Y T T 2 5 AR B O o ) i A

AE A SCTER 11 g i 1T B 10 Cod i ply 2 2 b e 7 5 42
HRCR) 7K SF- e B 1 2 LA AG AN TR 07 3k 78 32 > B3 A JEE A%

HAE S — k. TFFMBEREIEROR . T LIARA S # 0% £, IADR-Net
ik —2 559 TADR-Net 78 45 4 {5 B £ B J7 i i d H5ZHFEBI G BT
1.or 1.0 Lor
—— Label —— Label —— Label
08 - FBP 08 . FBPConvNet 0.8 - Framing U-Net
Q 9 Q
E 06 s 06 s 06
2 2 2
fe & 04 & 04
0.2 0.2
O 2g0 -~ NSLTITT O Iy . E J
40 50 60 70 40 50 60 70 40 50 60 70
Pixel position Pixel position Pixel position
(a) FBPE A LR (b) FBPConvNet H g 45 5 (c) Framing U-Net & g 45 5
(a) Reconstruction result of FBP (b) Reconstruction result of FBPConvNet (c) Reconstruction result of Framing U-Net
Lor 1or 10
— Label — Label — Label
0.8 ~REDCNN ot e CAIR 0.8 IADR-Net
o 2 )
§ 06 E 0.6 s 06
—_— o b
2 Z %
B £ 04 & 04
0.2 0.2 0.2
0 EEem ; 0 T 2 0
40 50 60 70 40 50 60 70 40 50 60 70
Pixel position Pixel position Pixel position
(d) REDCNNEE #t 45 i (e) CAIRE LR (f) IADR-Net H #t 45
(d) Reconstruction result of REDCNN (e) Reconstruction result of CAIR (f) Reconstruction result of TADR-Net
11 78 32 MM BT ARG L 55k F 45 SR TR v 5 20 A 1 31 THT 2% 1) 5 B2 43 T
Fig. 11 Under 32 projection angles, the intensity distributions of reconstruction results from different

comparative algorithms along the profile line marked by a solid line in the figure

+ 199 -



949 B 2 F o

T # K

E A
T32 64 F1 128 ML M IE LM T A T %07
AR 4E b ) @ B8 PE AN 48 AR 35 RMSE,PSNR,
SSIM Hl VIFs, 3241 T PSNR,SSIM #1 VIFs )4 & F
(12> DL JR 7R 1 BE 43 70 R AE . 8 % 1M 7 . RMSE B AIK,
PSNR.SSIM Hl VIFs # i, % 78 8 gt B 8% 05 2% J

%, SR SE LRI, TR I 1Y TADR-Net 78 Bt A K FE 414
TS T AR rEEE, HAE PSNR 5 SSIM i35k | %
PR A R B I SR R AR . IR, H VIFs $8E5
WEFHM TR, #E—SOIETHRFNEHEE SRR
PR M O A O T A U kL O R SR R R X LE 45
RO —2.

40 o
35 T = T &5 T
q = = = 4
E 30 — A
»n 25
[=})
20
I5r
o) o) o)
Q?’Q ‘\4$6 \S$e C$$ CY‘\Q\ e
QCO \'g\"a
<
¢
(a) B Fhoxt bo SEIEAE32ANRAEVLE T i
PSNR AR 43 4fi i Bt
(a) Distribution of PSNR metrics
for 32 sampling views across various
comparison algorithms
1.0f — —
09 = B = = =
0.8 -
=07
306
051
04 _{
035
N4 & & NN
& o @% o™ oS
(8,‘2 P o
(d) 0 SR AE 324 SRR
P T BRI SSIMER AR 4341 15 00
(d) Distribution of SSIM metrics
for 32 sampling views across various
comparison algorithms
0.7f -
0.6 - - =
gosp T T T
K , =
= 04 i
0.3
02f ==

& (\$e\ \)$ei\ C@ C?’\% e
S « N
A

(g) FFhAf LS AEI 2 KA
P& R VIF TR A5 43 A 1 L
(g) Distribution of VIFs metrics
for 32 sampling views across various
comparison algorithms

Fig. 12

+ 200 -

457
40 - I T =
35 H T T
30
25
20
15 E—

PSNR/dB

wﬂ s \5\4; oS » e
\4 SRR
<® e <<“
(b) & Fhxf LS AE64 R E T
FRIPSNR #5475 43 A1 175 50
(b) Distribution of PSNR metrics

for 64 sampling views across various
comparison algorithms

1.0 f
0.9 = + =
0.8
0.7
0.6

0.5 }_

0.4

SSIM

SRS S e W
ROt W
e

(e) #-Find L SLIEAE AN KA
P T BRI SSIMER AR 4341 15 00
(e) Distribution of SSIM metrics
for 64 sampling views across various
comparison algorithms

0.7 T T

0.6 = ; -

VIFs/dB

0.5

0.4

03} +

R ¢$e\0$e C@ P>\Q~ e
Q@i&& & Y

(h) ot LB RAE 644 RAFE R
P& R BRI VIF TR AR 4 A 1 1L
(h) Distribution of VIFs metrics
for 64 sampling views across various
comparison algorithms

12 Xt b P EN FE bR A

45 . —
40 I
35 T X

30
25

PSNR/dB

Q‘?SCO (0‘(\% N
o
(c) T3t L HLBAE 1281 KA R Y
PSNR#R #7434 5
(c) Distribution of PSNR metrics
for 128 sampling views across various
comparison algorithms

B G
N 0(33)00 (¥ 2¢ o

1.0 _ R
0.9 _ =
208
w2
w2
0.7
0.6 74
Q‘cho‘\$°\x$° Q@ ?»\ $°
Q% Q&d‘

(F) B Fhxt BB ERAE 1 284 RAEAR
Pl F IR SSIMAR A5 43 A1 15 5L
(f) Distribution of SSIM metrics
for 128 sampling views across various
comparison algorithms

0.85 -
0.80 =
m 0.75 ] 7
2 : ) 4
L0700 44
> 0.65 -
0.60
055} =

0.50r

&R 0@@ \@e‘ o™ Cys‘; &
S ¥ W
¢

(i) AR LS VRAE 1284 AR R
P& R BRI VIF TR AR 434 1 15t
(1) Distribution of VIFs metrics
for 128 sampling views across various
comparison algorithms

Distribution of evaluation metrics for comparative methods



g 5 JADR-Net: — A2 S RS @My 2 & A ROHHEA CT TEML

541

3.4 HEAZIR

T HE— 25 56 UE AR 3C ) i Ak R SRR B (TEMD AT
BB (GLONA) A 8 ME A SR T Ui 2~4 fis
BT RSB . b, A-Net 278 25 B0 i 18 18 35 B 5 5 A9
PR, B-Net FREBRIR G B I HG fRI, ST 4
SR 32,64 F1 128 A~ ML A1 £ 2 B AE wdi AL LLITA
BEARVTEAS [ R 5 R B 2% 1 F 1) PSNR., SSIM 1 RMSE 45
FriEfe R B, M 45 7 WL, TADR-Net 78 Bt & ¥EM 15 b5 1
00 T HAB TR AS 1A, 1581 40 1 A 18 58 A B 5 30 2 T LR
PR T SRRy T A T BRAE A, & W R T
REAS A B4R T RS 00 B A T 1 5 25K 38 TR BE T

F2 RAEHBTIRITNER
Table 2 Evaluation results of the

ablation study for 32 views

A RMSE PSNR SSIM
A-Net 0.015 4 36.241 1 0.9317
B-Net 0.016 6 35.583 9 0.922 4
IADR-Net 0.014 7 37.223 0 0.944 0
R3 MAEHEMIBTENER
Table 3 Evaluation results of the
ablation study for 64 views
Al RMSE PSNR SSIM
A-Net 0.012 4 38.131 3 0.955 6
B-Net 0.012 8 37.891 5 0.934 0
IADR-Net 0.009 9 40. 102 3 0.969 9
x4 DRSAEHEBMIBIETENER
Table 4 Evaluation results of the
ablation study for 128 views
FEAY RMSE PSNR SSIM
A-Net 0.009 0 40.903 2 0.967 0
B-Net 0.009 7 40.301 5 0.958 2
IADR-Net 0.006 5 43.803 2 0.9819
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