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INTRODUCTION MOTIVATION

Ultrasound image artifact Deep learning model
" Ultrasound imaging (US) suffers from distinct image artifacts from various sources. " Various deep learning approaches have been proposed recently.
" Many researchers have proposed various model-based iterative algorithms. = Still have some technical hurdles for wide acceptance.
— computationally expensive — different types of artifacts which user prefers distinct choice of
Various sources artifact suppression algorithms. (a)
= Blurring artifact = Speckle pattern - Recently, StarGAN proposed multi-domain image transfer models using a
single generator. (b)

— Limited by the bandwidth of the transducer — Instructive & destructive signal interference
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"Unsupervised deconvolution neural network for high quality ultrasound mg
\ imaging." /nternational Ultrasonics Symposium (IUS). |EEE, 2020. ] Y
BACKGROUND N 2
Single-domain image-to-image translation (CycleGAN) (| beyele
Zebras . Horses v X 1 1 v
. . . : ' £ DAS Image G Target Image | F ti) —p| DAS Image
- {  Mask Vector 1 0 '
: pis
4N _ qu R— a
' Q O ()
Gy v e AR s e i ‘ R WRSE ‘gﬂisc D O O
SR i R RO
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method using cycle-consistency loss. :
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Multi-domain image-to-image translation (StarGAN) _ vel
Loss function
gn(lg% %?{JX Lmlt — }'cychyc(e» ¢) + Ldisc(e» ¢; P, 111) + AGPLGP ((P» ¢) + /‘lcls (Hr 77)
Cyc|ic loss Lcyc — Lx~p, [x — Gy (Fc[) (x))] + Ey~Py [y _ Fcp (Gg (3’))]
Discriminator loss Lgisc
= Eyp,[Dy ()] = Eyp, [Dp(Go ()] + Eyp, [Dy(3)] — Exep,[Dyy (F ()]
"Stargan: Unified generative adversarial networks for multi-domain image-to- : _
image translation.“ CVPR, 2018. Gradient Penalty loss Lgp . ,
= Representative multi-domain image-to-image translation = — xNPx[(|\VyD¢(x)|\2 — 1) ] —EyNPy[(|\V37D¢(y)H2 — 1) ]
method using single generator. o
— DAS images are obtained from the scanner, it is not Classification loss l l
necessary to re-generate from other domain image. = —Ex-p, [p(x)logKy (x)] —Ey-p, [p(Go (¥))1ogKy (Go ()]
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Dataset Deconvolution performance evaluation §_ :,_‘_;:7\"
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" |n vivo and tissue mimicking phantoms. PSNR  SSIM  CNR GCNR CR  PSNR  SSIM CNR  GCNR  CR e o M L
T _ AT s e | - 2
: : 17.15 068 0.82 052 797 1527 074 125 060 1141
" Four parts of the carotid and thyroid = ° 2
b X X 074 053 9.5 X X 1,13 056 12,24 g e
areas of 10 volunteers. C 24.35 079 079 055 913 2148 082 126 0.60 140 § e s §
(8 (train) + 2 (test)) d 23.97 080 075 053 861 2154 081 114 056 13.84 sk
_ o _ e 20.07 072 077 050 753 1907 076 115 057 959 =z
- Unpalred trammg with target dataset f 23.86 079 076 053 858 2213 081 113 058 13.03 §
generated from conventional iterative [
O
method. ;
Despeckle performance evaluation
m Datasets are focused B-mode using e T Z
linear probe with operating frequency of PSNR  SSIM CNR GCNR CR  PSNR SSIM CNR GCNR  CR o
8.5 MHz a 2699 065 0.82 052 797 2668 066 125 060 1141 @
b X X 1.02 0.62 7.52 X X 1.46 0.65 10.79
. C 3558 093 104 062 729 2962 090 149 067 1198 ©
Target Generation g
d 29.62 085 105 061 738 1956 084 135 064 1197 g
m Deconvolution o 31,73 089 099 059 7.57 2374 0.87 138 065 1134 «
"Increasing axial resolution of ultrasonic imaging with a joint f 31.78 0.91 1.02 0.61 786 30,02 0.89 1.49 0.7 12.52
sparse representation model.” TUFFC, 2016.
. S kl | (a: Input, b : Label, ¢ : Supervised, d : CycleGAN, e : 5tarGAN, f : Proposed) o
} peC € remova PSNR : Peak Signal to Noize Ratio / S5IM : Structural Similarity §
r:ducrlfonrﬂ.‘."?bp,f;"(’,}r?f'k framework — for ultrasound speckle  nyp . 6ontrast Noise Ratio / GCNR : Generalized Contrast Noise Ratio / CR : Contrast Ratio
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B Asingle network can provide blurring removed or speckle suppressed image.




