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A Study of Reducing Imaging Time Using Deep Learning Reconstruction in Pituitary MRI
Examination
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[Abstract]

We investigated the possibility of using Deep Learning Reconstruction (DLR) to maintain image quality and reduce im-
aging time in pituitary MRI examinations. We evaluated images of phantoms and healthy volunteers, and confirmed that
DLR improved SNR and spatial resolution. Objective evaluation showed that PSNR and SSIM were decreased, but DLR
was suggested to improve image quality and ensure visibility. In this study, imaging time was reduced from 3 minutes
12 seconds to 1 minute 37 seconds for T'WI and from 2 minutes 51 seconds to 1 minute 28 seconds for T>-W1I under the
imaging conditions using DLR, suggesting a reduction of approximately 50% while maintaining image quality. Further val-
idation is needed for clinical use.
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Fig.3 Profile curve at DLR ON/OFF (A: matrix224x224, B: matrix240%x240, C: matrix256X256,
D: matrix272x272, E: matrix288x288, F: matrix304x304, G: matrix320%x320).
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Table 1 Result of visual evaluation and Wilcoxon rank-sign sum test for T1WI and T-WI with DLR
ON/OFF in three readers.

Anterior Pituitary Pituitary Stalk Optic Chiasm Noise
Reader1
TiWI (mean = SD) 4.69+0.46 3.81+0.81 3.38+0.60 3.63+0.60
TiWI DLR (mean = SD) 4.44+0.50 3.56+0.70 2.88+0.60 3.44+0.50

p-value n.s n.s n.s n.s

T2WI (mean = SD) 4,94 +0.24 4,00*=0.79 5.00 =0.00 4.00*=0.35
T2WI DLR (mean + SD) 4,88 +0.33 4,56 =0.50 5.00 =0.00 3.94+0.24
p-value n.s n.s n.s n.s
Reader2
T1WI (mean + SD) 4.50+0.61 4.94+0.24 4.81+£0.39 4.19+0.39
T+WI DLR (mean £ SD) 4.25+0.43 4.75+0.43 4.50+0.61 3.69+0.46

p-value n.s n.s n.s 0.0156

T2WI (mean #+ SD) 4.75+0.43 4.63+0.78 4.81+0.39 4.69+0.46
T2WI DLR (mean = SD) 4.44+0.48 4.19+0.60 4.94+0.43 3.13+0.66
p-value 0.0312 n.s n.s 0.0273
Reader3
T+WI (mean = SD) 4.56 £0.50 3.81 £0.81 3.81+£0.73 3.50+£0.50
T+WI DLR (mean £ SD) 4.00£0.61 3.50+£0.87 3.81+£0.88 3.50£0.61

p-value 0.0312 n.s n.s n.s

T2WI (mean + SD) 4.88+0.33 3.75+0.75 5.00 £0.00 3.94+0.43
T2WI DLR (mean = SD) 4.75+0.43 3.94+0.56 4.94+0.24 3.75£0.43
p-value n.s n.s n.s n.s

Fig.7 Reference MR images from a 51 year-old healthy male volunteer.

(a) DLR OFF T:WI, (b) DLR T:WI, (c) DLR OFF T-WI, (d) DLR T2WI (Optic chiasm score on T-WI was 5 for all readers; at
T+WI, one reader had a score of 5 and two had a score of 4 for DLR OFF (a), and two had a score of 5 and one had a score
of 4 for DLR ON (b). )
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Fig.1  Denoising strength& MNEEIEKZEZ L EH/FRDSNR,

Fig.2  #Ek&MH (AVE2 DRG OFF) AVE1 DRG OFF-8MD
SNR.

Fig.3 DRS ON/OFFIZ#1F5profile curve (A @ matrix224 x
224, B:matrix240x240, C:matrix256x256, D:
matrix272x272, E:matrix288x288, F :matrix
304x304, G :matrix320x320).

Fig.4  Base Matrixe 2t S EB7RDF1IIRIE.

Fig.5  Denoising strengthzZ b S E7cFRDDLR ON/OFF
[ZHIFBPSNR (A:T:WI, B:T.WI), EfFSHETH
BEHD (p<0.05).
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ICHFBSSIM (A:T:WI, B:TWI), EFSETHE
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