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(contrast—to—noise ratio, CNR) J51H"™" ™. ARUAEARKLRIFZT R 30 s G R BF 926 8, DLIR K
FERIE IR HR SRR FI R, RS W 4R TG R

T AR AT RERRAR CT FUE (1 [ R UE T8 ok 1) s B i, 75 227 56 AT A v I % B A4St
Fo BT, AWFFUE A A F B R A B, R bR AE % B AL, Lh#L DLIR 5 ASIR-V
BHRE AL i, AR ZE DLIR G A SR AT O UG ST 4R T 7 i )9 )y . tedbh, FRATEL
8 DLIR SVEALE 4. 5mGy (A S50 R FH (1 B B 5 770 ) M1 ASTR-V £E 15mGy (AP HEE 2D ™R
(MG BT E, 3 E B AR 2 DLIR LEAA DR 07 0 A2 I B B3 21 1) S AR AR 5 771 5o

1 HRSTR
11 Fs

AWFFAE HFRAEAAE (Gammex CT phantom, model 472, Sun Nuclear) . MAABLV A HIZ
33cm. JZE Sem MBRAEIEAR, NS 16 DN EAR 2. 8cemy K Tem HEAY), I FHIIASE 1 AAALL 2L
R, AEARSEIG Y, FATTR I T AR AR
ESEFE (p," = 1. 06) [FHEAY (1 FiskTvr) o 7E
AR, B B A AR RR I AR

1.2 CTHuMEELZER

1l — & 256 HF CT (Revolution CT, GE EE
I7) SERARE I TAE (B 1 o ZERETHI,
ZHIER W CT HfMSHERE (R D, HEH
Fe 52 9 120 kVp™™, I MR 4 75 LU 34 i
DL 2 6 Ffr AN [] (1) 4 3 55 & (CTDIL,,: 30, 20,

H N 3% Kl 1 Gammex CT AR E, FkFTfaeft
ﬁi 19: 7.5 %E 4. 5mGy) (EmAEP’ PL 15 mGy 5] SRFHERTIERRE (1. 06 g/cm') FOHT A
RS E RIS R B R R A Fig.1 Image of the Gammex CT phantom sho-

AU 1. 25m, TERIEHEE) 30en x S0en R A A

G T AR FE A 512 x 512, A T ¥4k A [a) 2 4t

FVEMROR, FATE AR B E W R — A8 S 28 B2 DLIR (DLIR-HD &k, 55— Al
50 % k5 ASTR-V (ASTR-V-50% ) Sk AF X . i AR s A ERf I, ASSRUAS [A) 4148 0] CT {EL A0 1k
INZESE, BATHERERP RIS A A TORABEAT 5 E 44

#1 CT &S
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Table 2 Comparison of measurements of reconstructed images by DLIR
and ASIR-V algorithms at different radiation doses

CT value (P =0.001) Noise (P<0.001) SNR (P <0.001) CNR (P <0.001)

CTDI,,,/mGy
DLIR ASIR-V DLIR ASIR-V DLIR ASIR-V DLIR ASIR-V

30 62.66+3.17 62.06+3.55 11.12+0.69 17.19+1.05 5.65+0.38 3.62+0.19 5.3£0.12 3.69+0.15
20 55.91+2.08 57.58+2.81 12.15+£0.34 19.39+£0.33 4.61+£0.22 2.97+0.15 4.09+0.26 3.2+0.17
15 55.94+ 1.7 56.91+2.27 13.66+0.55 21.17+0.67 4.1+£0.16 2.69+0.14 3.89+0.26 2.87+0.11
10 55.74+2.18 57.71+£3.17 15.18+0.3 24.19+£1.06 3.67+0.1 2.39+£0.17 3.83+£0.33 2.63+0.27
7.5 55.35+2.32 59.86+3.34 15.79+£0.57 26.37+1.5 3.51+0.2 2.28+40.24 3.78+0.14 2.44+0.17
4.5 55.88+3.31 59.94+4.77 17.41+0.32 29.33+£0.91 3.21+£0.24 2.05+0.2 3.42+0.35 2.18+0.3
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KL, DLIR ) @ {53838k ASTR-V (P <0.001) .

70 35
—#= ASIR-V == DLIR —== ASIR-V == DLIR
30 F
65 | 95 |
El o 20 F
< 60 =
— S N
5 15+ T
~— ——
—t 101
55 F
5 L
50 . . . . . . . . . . . .
0 5 10 15 20 25 30 35 0 5 10 15 20 25 30 35
CTDIvol/mGy CTDIvol/mGy
8 8
—#= ASTIR-V == DLIR —== ASTR-V == DLIR
6 6 F

E 4 £ 4
é | ;:://‘/. 6 | " e
2F 2r
0 5 10 15 20 25 30 35 0 5 10 15 20 25 30 35
CTDIvol/mGY CTDIvol/mGY

Kl 2 ZEARFEESFIE T, DLIR 5 ASIR-V 5032 7 2t 4% 1 {2 a4 ]
Fig.2 Trend of measured values of reconstructed images by DLIR and ASIR-
V algorithms at different radiation doses
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FATRIN DLIR 7 4. 5mGy MI4R S N R B E M H . HACRUL, DLIR [R5 /K73 F %
3.758 (95% CI: —5.231, —2.285) (P<0.001), XmWktH K% BAG EACKLE K. A, DLIR
ff) SNR 42 755 0. 522 (0. 090, 0.954) (P=0.006), CNR L7} 0.552 (0. 171, 1.274) (P=0.029) . %
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Table 3 Comparison of quantitative analysis of reconstructed images by DLIR and
ASIR-V algorithms at different radiation doses

NPS-peak (P <0.001) NPS—fpeak (P=0.379) TTF50% (P =0.61) d (P<0.00D)
CTDI,,/mGy
DLIR ASIR-V DLIR ASIR-V DLIR ASIR-V DLIR ASIR-V
30 189.02 +34.5 528.47+75.13 0.2+0.07 0.18+0.06 0.52+0.13 0.46+0.08 15.95+2.64 9.16+1.43
20 234.72+6.99 786.15+119.99 0.18+0.06 0.17+0.04 0.47+0.06 0.45+0.05 13.49+1.18 6.93+1.09
15 303.35+25.14 850.79+78.38 0.14+0.07 0.19+0.07 0.42+0.02 0.46+0.06 11.94+2.09 5.61+1.28
10 391.89+36.38 1168.32+84.18 0.15+0.05 0.15+0.04 0.4+0.02 0.44+0.11 9.64+0.72 4.94+0.64
7.5 418.12+63.66 1674.62+316.68 0.12+0.05 0.12+0.03 0.35+0.06 0.35+0.04 10.26+1.84 4.68+0.95
4.5 650. 8 +151.44 2385.55+474.44 0.09+0.02 0.12+0.04 0.35+0.04 0.3+0.06 8.81+0.63 4.43+£0.4
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Fig.3 Quantitative trend of reconstructed images by DLIR and ASIR-V
algorithms at different radiation doses
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Table 4 Bland - Altman analysis of the difference in image quality

measurements between DLIR (4.5mGy) and ASIR-V (15 mGy)

Eizgan DLIR vs ASIR-V “F35{H (95% B X i)

CT Value ~1. 026 (-6. 450~4. 398)

Noise -3.758 (-5. 231~-2. 285)

SNR 0. 522 (0. 090~0. 954)

CNR 0.552 (0. 171~1. 274)

NPS-peak -200. 0 (-398. 3~-1.681)
NPS-fpeak -0. 104 (0. 254~0. 0457)
TTF50% -0. 110 (0. 256~0. 036)

@ 3.198 (0. 638~5. 758)
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Deep Learning Image Reconstruction to Improve
Computed Tomography Image Quality of the
Phantom with Standard Liver Density

PAN Zhijie', Liu Ling’, Li Qingyao', Qu Tingting', Zhang Shuai’, XIE Xuegian'™

1. Department of Radiology, Shanghai General Hospital, Shanghai Jiao Tong University
School of Medicine, Shanghai 200080, China
2. GE Healthcare, CT research center, Shanghai 210000, China

Abstract: Objective: This study aimed to compare the quality of reconstructed images by deep learning image reconstruction
(DLIR) and adaptive statistical iterative reconstruction-V (ASIR-V) techniques at different scan doses using a phantom with
liver density. Methods: The Gammex computed tomography (CT) phantom with a standard liver-density insert (p,” = 1.06) was
scanned at six different radiation doses (CTDI,,; 30, 20, 15, 10, 7.5, and 4.5 mGy). Images obtained at each dose were
reconstructed using DLIR and ASIR-V. Image quality was analyzed through the imQuest software. The quality of
reconstructed images by DLIR at 4.5 mGy (lowest radiation dose) and ASIR-V at 15 mGy (recommended scan dose) were
compared using the Bland—Altman method. Results: Across the six doses, DLIR significantly outperformed ASIR-V in key
metrics, such as noise (P <0.001), signal-to-noise ratio (SNR) (P < 0.001), contrast-to-noise ratio (CNR) (P <0.001), and
detectability index (d') (P < 0.001). Bland—Altman analysis indicated that the quality of reconstructed images by DLIR at 4.5
mGy was significantly better to those by ASIR-V at 15 mGy. The noise level of DLIR images at 4.5 mGy was 17.41 +0.32,
which is significantly lower than that of ASIR-V at 15 mGy (21.17 £ 0.67) (P <0.001). At 4.5 mGy, DLIR SNR, CNR, and d'
were 3.21 +0.24, 3.42 £0.35, and 8.81 + 0.63, respectively, which are significantly higher than that of ASIR-V at 15 mGy
(2.69+£0.14, 2.87 £ 0.11, and 5.61 + 1.28, respectively) (P = 0.006, 0.029, and 0.005 respectively). Conclusion: In CT scan of
focal liver-density lesions using a phantom, DLIR significantly improved the SNR, CNR, and d' values and reduced image
noise compared to ASIR-V. DLIR was able to achieve better quality image reconstruction at 4.5 mGy than the conventional
ASIR-V reconstruction at 15 mGy.

Keywords: CT; deep learning; phantom; radiation dose
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