BK &7|¢H ZAitE 1A

2022.09.15. - 2022.10.26.

Friedrich-Alexander-Universitat Erlangen-Nirnberg

Develop Al-based CBCT image motion compensation technology

1) Cooperate the research with the team from the Pattern Recognition
unit of FAU to develop Al-based CBCT image motion compensation
technology

2) Workshop on Al-based healthcare data processing and discussion on
the direction of collaboration between by the BK21 Four System Health
Science & Engineering program at EWHA and the Pattern Recognition unit
of FAU
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- Prepare 2D head phantom data with motion

- Joint research to develop Al-based CBCT image motion compensation
technology

- Workshop on Al-based healthcare data processing and discussion on the
direction of collaboration between by the BK21 Four System Health
Science & Engineering program at EWHA and the Pattern Recognition
unit of FAU
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1FXt (9/15~9/22)
9o/14 ¢ 0|g: TRHME MY, Lot ¥ H2|, X 7
9/16 S QAL 274, uad THY
9/20-9/22
- https://github.com/open-mmlab/mmpose/blob/master/docs/en/install.md

L

184 openmmlab/mmpose 3 &4 HF, CIREZE
- mmpose/docs/en/tutorials/ = X|
- single-view 2 EOIAM AEE HE 7|8 D= g
23Xt (9/23~9/30)
9/23
- IPA E27|2 #7 <Explaining human actions and states>
invited guest talk by ‘Math Grzegorzek’ from Lubeck university
- Landmark Detection2 ?[sf 19% =tXt2| 16 landmark MHAE
- 2D projection imageOl M ZH 7t U= slice Z11 O|F 2t 2HXpof CishM
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Missing landmark Wrong position landmark

9/26 CONRAD E3A 2D projection O| O] X| Xj 4.

. Problems @ Javadoc [ Declaration & Console X

ReconstructionPipelineFrame [Java Application] C:WUsersWuserW.p2Wpool¥pluginsitorg.eclipse justj.openjdk.hotspot jre full win32.x86_64_17.0.4.v20220903-1038%
Projection Matrices: 360

Total available Memory on graphics card:2047

Required Memory on graphics card:6ll

New volume z min: -0.5 new volume z max: 249.5

Cannot invoke "edu.stanford.rsl.conrad.filtering.rampfilters.RampFilter.configure ()" because "ramp" is null

L

Trajectory > Source to patient distance (mm): 80022 =T M Hel= F& o

O| projection O|O|X| 44


https://github.com/open-mmlab/mmpose/blob/master/docs/en/install.md

'. - o Configuration l

Volume|Detector Trajectory Other|Registry

Define trajectory:

from parameters et
J
Source to detector distance [n?m] 1200.0 I Source to patient distance [mm] 800.0 I 600 -> 800
Projection stack size \)' 360 1 Number of sweeps [ 1
Rotation axis ‘ [0.0;0.0; 1.0] ) Average angular increment [dqbg] 1.0 )
>
Detector offset u [px] [ ool Detector offset v[px] [ 0.0
" i —— — ﬁ
Detector udirection:  pojnts inthe direction of detector motion v
Detectorvdirection points in rotation axis direction ‘

Define atrajectory

save
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9/29 - B2 40| Q& Forward projection images ‘dd, H&
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- Plugin > CONRAD > OpenCL Forward Projector with Motion=
Motion_Config_ XML It¥ LK rotation, translation &E 202t A
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RotationTranslation_female_2
RotationTranslation_female_3
RotationTranslation_female_4

[ 33

RotationTranslation_female_5

o

RotationTranslation_female_6

B

RotationTranslation_female_7
551 RotationTranslation_female_8
ﬁ/ RotationTranslation_female 9

& RotationTranslation_male_2
ﬂ’ RotationTranslation_male_3
E{ RotationTranslation_male 4
ﬂ RotationTranslation_male_5
ﬁ’ RotationTranslation_male_6
ﬁ’ RatationTranslation_male_7
ﬁ’ RotationTranslation_male_8
ﬁ’ RotationTranslation_male 9

E’ RoiatichransIa{ionjemalejOE’ RotationTranslation_male_10
ﬂ, RotationTranslation_female_11 ﬁ"’ RotationTranslation_male_11
}2’ Rotatichranslationjemalej2Fﬁ' RotationTranslation_male_12
ﬁ Rc(atiDnTranslalinnjemalej3ﬂ/ RotationTranslation_male 13
31’ RotationTranslation_female 14
ﬁl RotationTranslation_female_15
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- Motion img

4 Image Calculator X a

Image1: |Forward Projection of female_4_head.tif

Operation: iSubtrac!

~

Image2:  Forward Projection of female_4_head-1.tif

~ Create new window
I~ 32-bit (float) result

OK | cancel | Heip |
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: 'Invertible Neural Networks for Inverse Problems’ by Noah
- 3D UM =& landmarkt O|E 7|22 MHE 2D projection image

ClofE{ ATt ST JSONIIY RRE

3FXt (10/1~10/7)
- 2D projection imageOf CH3{Af CtFot BIX|OtE Landmark Detection E2ld &

g 3E =2l 2 Hel
E landmark_detection_project * & &
oy =3 27 4% M4 ol 3 gzl =gT Than

~ ~ & T 100% v § % 0 00123~ IIEUA. ~ 10~

Al v Pixel space = Tmm
A B c D
1 i
2 Model W Backbone Head Loss 0
4 Natural Image
5 | Dcieech;sei  ResNeti01 Regréss{on Head Smooth L1 loss
6 CPM CPM Multistagehead_no deconv MSE Loss
7 Hourglass Hourglass Multistagehead_no deconv MSE Loss
8 HRNet HRNet_w32 SimpleHead, 0 deconv MSE Loss
9 HRNet_w48 SimpleHead, 0 deconv MSE Loss
10 HRNet w18 SimpleHead, 0 deconv MSE Loss
HRnet v2
" HRNet_w32 SimpleHead, 0 deconv MSE Loss
12 HRFormer HRFormer_base SimpleHead, 0 deconv MSE Loss
13 UNet SimpleHead, 0 deconv MSE Loss

- motionO| F7}El 3DQ} 2D head phantom CT O|O/X| GHO|EHA FAUEIDL 3%

Head Dataset with motion Generation

z « Human Motion Profile:

Apholded)

Betatden)

*» Human Motion Limitation: s
= 10 mm for translation S o V
+ 10° for rotation s

>
g

Projection Angle

10/7 - IPA E 27|88 : Lenall Master's thesis & H
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£| 2 E ALO|E:|/home/gyecn/pyronn/reco_example_code

= pyronn
reco_example_code
-
1ol Lol
oy 37| T
misel
_ pycache__ o
|| filters.py 3,371 Python...
. - - TTLO
[A] projections.tif 857,152,174 TIF o+
e ; kel
(Al reco.tif 67,154,526 TIF L+
|#| reconstruction.py 2,512 Python...
. . . . . TTLO
LA|simulated_projection_images.tif 428,608,174 TIF I+
=
4%t (10/10~10/14)
o = H H ol C| L|
- 38 glE 2D projection head phantom O|O/X|0f CHs{A E 2 landmark
H =] £ X
detection 2 &o| At e
Pixel space = 1mm Qur Head Dataset
Mode! Backbone Head Loss VRE VRE st \ SDR
odel s
= | zmm 25mm 3mm 4mm
Hourglass Hourglass Multistagehead_no deconv. ~ MSE Loss 5.7386 7.191 18.927 27.562 36.59 52.716
HRNEE HRNet_w32 SimpleHead, 0 deconv MSE Loss 5.2958 7.4726 26.318 36.256 45.606 60.341
e
HRNet_w48 SimpleHead, 0 deconv MSE Loss 5.4312 6.8733 22.051 31.244 40.617 56.464
HRneivd HRNet_w18 SimpleHead, 0 deconv MSE Loss 5.3461 6.8278 22.834 32.222 41.792 57.517
net v.
HRNet_w32 SimpleHead, 0 deconv MSE Loss 6.1587 6.7034 12.34 18.113 25.272 41.152
HRFormer HRFormer_base SimpleHead, 0 deconv MSE Loss 5.4656 7.0283 22.064 31.298 40424 56.63
UNet simpleHead, 0 deconv MSE Loss 6.6458 14.388 24.844 33.638 42.7681 57.23
ResNet50 SimpleHead, 3 deconv MSE Loss 5.831 7.052 18.426 26.25 34.437 49.655
ResNet101 SimpleHead, 3 deconv MSE Loss 59178 7.2658 19.664 27.807 36.076 50.569
ResNeXt101 SimpleHead, 3 deconv MSE Loss 5.8185 6.9302 18.9 27.116 35.367 50.569
Sl BasEIES ShuffleNetv2 SimpleHead, 3 deconv MSE Loss 6.146 7.1206 16.273 23.841 31.833 46.474
g VGG16 SimpleHead, 3 deconv MSE Loss 5.5648 6.8566 20.137 28.704 37.4788 53.0961
VGG19 SimpleHead, 3 deconv MSE Loss 5.9852 7.0054 16.705 24.626 33.038 48.819
PVT-t SimpleHead, 3 deconv MSE Loss 5.851 7.0049 17.888 25.6076 33.6747 48.7712
PoolFormer SimpleHead, 3 deconv MSE Loss 8.8701 11.2503 10.204 15.179 20.716 32.027
Conformer SimpleHead, 0 deconv MSE Loss 6.9051 9.9957 15.1157 22.137 29.313 43.206
Proposed Backbone SimpleHead, 3 deconv MSE Loss 5.61521 6.99756 21.206 30.052 38.565 53.906
= . . el Cl L
- B0l F=7+E 2D projection head phantom O|O[X| 0 CHsHAM EH2H'd landmark
H Gl o £l PS
detection ROl At Fe|
Pixel space = 1mm'_ Our Head Dataset
st Backbone Head Loss VIRE WIRE ‘ SDR
odel s
- ‘ 2mm 2.5mm 3 mm 4 mm
Hourglass Hourglass Multistagehead_no deconv MSE Loss 6.27348 7.42207 17.556 25.251 32.934 47.166
RNt HRNet_ w32 SimpleHead, 0 deconv MSE Loss 5.5032 7.1926 22.159 31.348 40.284 55.758
e
HRNet_w48 SimpleHead, 0 deconv MSE Loss 55228 7.16864 21.655 30.671 39.688 55.079
HRHGE HRNet w18 SimpleHead, 0 deconv MSE Loss 5.5877 6.9972 21.487 30.488 39.2708 54619
net v;
HRNet_w32 SimpleHead, 0 deconv MSE Loss 6.40972 6.7658 10.611 16.451 23.885 39.724
HRFormer HRFormer_base SimpleHead, 0 deconv MSE Loss 5.77992 7.06001 20.627 29.23 37.741 52.271
UNet SimpleHead, 0 deconv MSE Loss 7.2345 16.6094 24.649 33.302 41,252 54.834
ResNet50 SimpleHead, 3 deconv MSE Loss 6.07026 7.10619 16.985 24.437 32.249 46.435
ResNet101 SimpleHead, 3 deconv MSE Loss 5.88554 6.95005 18.499 26.433 34.369 49.72
ResNeXt101 SimpleHead, 3 deconv MSE Loss 5.75776 6.88327 18.866 27.087 34.967 49,975
Simple Baselines ShuffleNetv2 SimpleHead, 3 deconv MSE Loss 6.45642 7.03618 14.182 20.584 27.35 40.309
VGG16 SimpleHead, 3 deconv MSE Loss 5.857183 6.98984 17.739 25.731 33.725 48.846
VGG19 SimpleHead, 3 deconv MSE Loss 6.230111 7.036603 15.741 23.221 30.586 44.763
PVT-t SimpleHead, 3 deconv MSE Loss 5.94708 6.89899 17.38 24.902 32.537 47.234
PoolFormer SimpleHead, 3 deconv MSE Loss 9.41362 12.11182 9.145 13.553 18.328 28.601
Conformer SimpleHead, 0 deconv MSE Loss 7.49029 10.43431 13.688 19.979 26.51 39.159
Proposed Metho ~ SimpleHead, 3 deconv MSE Loss 5.85627 7.13234 19.068 27174 35.322 50.108
o =22 M HH| al
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Which Training Methods for GANs do actually Converge?

Timo Klemm, IPA 14.10.2022

Which Training Methods for GANs do actually Converge?

Lars Mescheder ' Andreas Geiger ' > ian Nowozin *

Introduced at International Conference on Machine Learning 2018

S HNENoR BN BY WY 09

Choi, Jang-Hwan, et al. "Fiducial marker-based correction for involuntary motion
in weight-bearing C-arm CT scanning of knees. Il. Experiment." Medical physics
41.6Part1 (2014): 061902.

5&Xt (10/17~10/21)
10/18 E 0| &: Motion compensation T3 =9, MK =g 3 Tz

10/19 backprojectionst= ZE M4t reference point XM

2|ZE AMOIE: [/dataZ/gyenn/Landmark/}DﬁHeadiLandmarkiDatasetimcﬁcn/reference points v
i =" 3D_Head_Landmark_Dataset_mation
? 2D.img 1
77 3DJSON
:?; heatmap_result
" reference points

~

oy 37l 4. HE+E Aot

male_10_ref.txt 1,243 BIAE | 2022-10-20 2F 110 -rw-rw..
male_3_ref.txt 1,236 EIAE | 2022-10-20 @F 11:1.. -rw-rw...
male_4_ref.txt 1,242 BIAE | 2022-10-20 2F 11:1.. -rw-rw...
femaleisiref,txt 1,242 HIAE | 2022-10-20 2F 11:1.. -rw-rw...
5 female_7_refiaxt 1244 HAE | 2022-10-20 2F 11:1.. -rw-w...
malejEﬁref.tsd 1,241 HIAE | 2022-10-20 2F 11:1.. -rw-rw...
E 1243 EIAE. 2022-10-20 2F 111 -'w-rw..
1241 HIAE | 2022-10-20 F 11:1.. -rw-rw...
= male 7 refixt 1244 SAE . 2022-10-20 2F 110, -rwrw.

10/21 IPA 27| & ®7t: Motion compensation 2H#



Optimization-based motion compensation

= Relative IQM: Sufficient for optimization-based motion compensation - simplex optimizers
= Condition: Optimizer works based on ordinal ranking of datapoints

Inference inside gradient-free Nelder-Mead (NM) optimizer:

= Have: motion-affected trajectory (N acquired views)

= Motion modeled by Akima spline with K uniformly distributed knots
= Each knot: 6 motion parameters (3 rot & 3 trans)

= Each iteration: Update the spline knots, reconstruct and sort trajectories

OrdinalNet: orders motion trajectories inside the algorithm

Nelder-Mead simplex: updates the motion compensation estimate

Deep Learning-based Motion Compensation for DynaCT Imaging
Octaber 21, 2022

Healthineers "

Upcoming tasks (Q)E}:g‘?s"nmon SIEMENS -,

Manuela Meier | SHS AT INPRI2 25
Restricted © Siemens Healthineers, 2022

63Xt (10/24~10/27)
- reconstruction ZEE 22| HOHO %A mtztolH =73

: (620,480) — (slide#, 800, 800)

= P "
- 0= E landmarkE AFE3HA ZM QU= phantom CTO[O[X[0| CHHA ZM 27
Method 1. 2D linear transformation (shift)
Method 2. TPS At&
-mM eY AL
Pixel space = 1mm
X Detection Backbone | Motion Compensation Method SSIM PSNR RMSE
Detection Method
motion_image 0.63254 28.46701 9.77606
GT motion simple_projection_shifting 0.62484 28.42424 9.79799 all points
HRNet HRNet w_32 simple_projection_shifting 0.60188 28.07624 10.13928 all points
HRNet HRNet w_32 simple_projection_shifting 0.60549 28.11445 10.10149 NO_PNS
HRMet HRNet w_32 simple_projection_shifting 0.66114 28.75221 9.50608 Best 5
HRNet HRNet w_32 simple_projection_shifting 0.66266 28.72299 9.531891 Best 5 + bregma
HRNet HRNet w_32 simple_projection_shifting 0.65693 28.71895 9.54638 Best point



Without motion
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HRNet - Select 5 best
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