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Development of 3D-DSA using by Deep Learning
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DSA (Digital Subtraction Angiography) technique is used for cerebral
angiography and endovascular treatment (IVR). It provides high-definition images and enables
diagnosis of blood vessel diseases from various angles of patients. However, DSA has two problems.
(1) Since,it is extremely sensitive to the movement of the examinee and it is resulted in
comparatively large artifacts, the organ to apply DSA is limited. (2) Increased radiation dose and
longer examination time due to before contrast imaging for mask image acquisition. The purpose of
this study was to develop a new DSA method that solves the above two problems using deep learning
based technique.

In developed method, mask image acquisition is not required. Moreover, artifacts of DSA image are
not visualized when patient or organ is moved. Stopping breathing of examinee is no longer needed at
DSA study by developed method.
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Training Method mini-batch
Batch Size 200
Loss Function Mean Square
Error (MSE)
Number of Epoch 500-5000
Optimization Adam
Activation Function RelLU

1) Seg-Net U-net
Seg-Net U-net
4
Seg-Net  U-net
DSA
32
8 x 4 Seg-
Net U-net Motion
Artifact (Fig.6)
ﬁ 24
8 20
S |16
g 12
£ 8
=
4 4
’ Non visible Visible Non visible Visible

"U_Net" based model "SegNet" based model

Fig.6
Seg-Net U-Net
U-Net Fig.7
Seg-Net
-
4
&
‘li:li’
U_Net 4 SegNet
Fig.7 U-net Seg-Net
2 U-Net
Fig.8 (d) DSA  ,(b) (d)
(b)
© (D

© )



DSA
5
1 DSA
2 DSA
3 DSA
4
DSA
5 DSA
Fig.9 u-
net
180
P iiz M Head and Abdomen M Head ™ Abdomen
§ 120
‘G 100
T 80
'g 60
2 40
zz -
1 2 3 4 5
Category
Fig.9 5
3
3
DSA
1
2
3
1:1 2: 2
3: 3
Fig.10
40
35
3.0
g 25
g 2.0
Z 15
1.0
05
0.0
1 2 3
Ranking
Fig.10 S
DSA

DSA




M.Yamamoto, Y.Okura, H.kawata, N.Yamamoto

volumel4/spplementl

A new method for reducing large motion artifacts of DSA based on deep learning technique 2019
Journal of the International Foundation for Computer Assisted Radiology and Surgery s4
DOl
DSA 2017
36 249-252
DOl
SPECT 2017
36 365-371
DOl
Megumi Yamamoto, Yasuhiko Okura 37, sup3
A method for reducing motion artifacts of DSA using deep learning technique 2017
184-184

DOl




H.Yamanaka,M.Yamamoto,Y.Okura,R.Hashimoto,H.Kawata,N.Yamamoto CARS(2020)15(Suppl 1)

Digital Subtraction Angiography using Semantic Segmentation Model of Deep Learning Technique to 2020
reduce Motion Artifacts

Int J CARS(2020)15(Suppl 1) s16-s17

DOl
10.1007/s11548-020-02171-6

M.Yamamoto,Y.Okura,H.Yamanaka,R.Hashimoto,H.Kawata,N.Yamamoto CARS(2020)15(Suppl 1)
Development of Advanced Deep Learning DSA Method for Coronary Artery using U-Net based Model 2020
with Transfer Learning
Int J CARS(2020)15(Suppl 1) s145
DOl

10.1007/s11548-020-02171-6

78(2)

DSA 2022

129-139

DOl

11 0 5

A method for reducing large motion artifacts of DSA based on deep learning technique

75

2019




M.Yamamoto, Y.Okura, H.kawata, N.Yamamoto

A new method for reducing large motion artifacts of DSA based on deep learning technique

International Journal of Computer Assisted Radiology and Surgery

2019

Megumi Yamamoto, Y.Okura

Development of a new method to reduce large motion artifacts for DSA used by Deep Learning

IUPESM2018-World Congress on Medical Physics & Biomedical Engineering

2018

DSA

36

2017

SPECT

36

2017




Megumi Yamamoto, Yasuhiko Okura

A method for reducing motion artifacts of DSA using deep learning technique

114th Scientific Meeting of JSMP

2017

Megumi Yamamoto, Yasuhiko Okura

Development of a New Digital Subtraction Angiography Technique for Coronary Artery via Machine Learning

73

2017

DSA

45

2017

M.Yamamoto,Y.Okura,H.Yamanaka,R.Hashimoto,H.Kawata,N.Yamamoto

Development of Advanced Deep Learning DSA Method for Coronary Artery using U-Net based Model with Transfer Learning

CARS(2020)

2020




H.Yamanaka,M.Yamamoto,Y.Okura,R.Hashimoto,H.Kawata,N.Yamamoto

Digital Subtraction Angiography using Semantic Segmentation Model of Deep Learning Technique to reduce Motion Artifacts

CARS(2020)

2020

M.Yamamoto,Y.Okura,H.Yamanaka,R.Hashimoto,H.Kawata,N.Yamamoto

Development of coronary DSA method by U-net based model with transfer learni ng

76

2020

2019

)




