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g2 WRHDVIIERERERSN TS CT ICHT D ATHEESABERE

V. 2=D VPN PR TV X L OFEH ZUESERA L 72 WA
AiCE Canon Medical Systems DLR MBIR |2 TR S 7z CT if§
TrueFidelity GE Healthcare DLR FBP |2 CHfR S 7z CT Bifg
Precise Image Philips Healthcare DLR FBP | CHfE &7z CT Bifg

PixelShine AlgoMedica

FBP, Hybrid-type IR, MBIR {2 CFi#EM

DLD n7e CT il

ClariCT.AI ClariPi

DLD FBP (2 T S 7z CT Wif§

AiCE : Advanced Intelligent Clear-IQ Engine, DLR : deep learning reconstruction, MBIR : model-based iterative
reconstruction, FBP : filtered back projection, DLD : deep learning-based denoiser, IR : iterative reconstruction

®3 WRHDVIIEREERSN TS MRIICH(F B ATHEEICABEBEE

TNTY X% PRt T TY R LD V2= D WNOE RG]
AiCE Canon Medical Systems DLR 7 A R
AIR Recon DL GE Healthcare DLR J A4 KB X OHiREHL
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Resolve Sharp
Deep Resolve DNN SRR B T
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Synergy DLR Fuji Film DNN 7 A TR
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DLR : deep learning reconstruction, IR :iterative reconstruction, DL-IR : deep learning and iterative reconstruction,
CNN : convolutional neural network, DNN : deep neural network
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