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Motivation

Knowing airflow in the lung helps diagnose disease such as

COPD (Chronic Obstructive Pulmonary Disease), Asthma, lung
cancer

Current DL method doesn’t reach an acceptable accuracy

Challenge:
Large motion estimation of the lung between inhale and exhale

Presents a lightweight U - Net like architecture to predict large
deformation displacement field that allows inhale to exhale CT scan
registration
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Preprocessing
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Preprocess the image

Sparse Keypoint extraction using Foerstner interest
operator + max pooling

Feature extraction using MIND (Modality Independent
Neighbourhood Descriptor)

Cost tensor generation using the extracted features

p : keypoints, L : displacement locations
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GraphRegNet
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GraphRegNet - Encoder

Cost Tensor C CN N

3 convolutional layers, instance normalization, leaky
RelLU

Generate low dimensional displacement embedding
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GrathegNet - GNN Predicted low dimensional displacement

embeddings are concatenated with coordinates of
respective keypoints

h’. QOH‘&Q I The concatenated output is distributed across kNN
P graph of keypoints (k = 15)
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mm EdgeConv
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Achieves spatial regularization
/d»_\ Helps with smoothing the image
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GraphRegNet - Decoder

CNN
Two Upconvolutions + single convolutional layer

Generates single channel feature map for each
keypoint (Hp)
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GraphRegNet

Cost Tensor C

#23

r’.

.’.
>
>

wmemm Conv

s EdgeConv
Upsample + Conv

mmmm Conv + Upsample

3D Coords. P
p=xy2)

@,

GraphRegNet: Deep Graph Regularisation Networks on Sparse Keypoints for Dense Registration of 3D Lung CTs



GraphRegNet - Sparse to Dense supervision

Displacement Field D
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regression for each keypoint
with decoder CNN 6,,

Final displacement vector (d) obtained by integrating the
generated feature map (Hp) over the displacement search
region (l)
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The sparse displacement vector (d) is accumulated in a
dense tensor at respective keypoints using trilinear
extrapolation which yields final displacement field D
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GranphReaNet - Loss
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Training

Dataset inhale / exhale lung CT scan datasets
o DIR - Lab 4D CT
Normal resting breathing
o COPD gene dataset
Breath - hold CT scans, have larger deformations

For training, additional dataset - Empire10, POPI - are added to have total of 45
training pair
b - fold cross validation used. First fold for hyperparameter tuning
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Evaluation

Evaluation metric
o TRE (Target Registration Error) between expert - annotated landmarks
o Jacobian determinants
Evaluation
o Compare the performance with recent DL approaches
DLIR, Ep18, OSL, LRN, mlVN, BMRF, VM+, LapIRN, FE+, PDD+, MST
+ means the original architecture is modified to fit for both DIR and COPD

dataset

o Ablation studies
RW (Random Walk) Noreg (GNN removed)
Coords (k =1 in kNN graph) S| (no refinement stage)

Unif (uniformly sample keypoints, non - distinctive keypoints)
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Results - TRE Comparison

init. | DLIR Epl8 OSL | LRN | mlVN BMRF VM+ LapIRN FE+ PDD+ MST || ours
(511 (521 (53] | [211 | [200 [54] (500 [6]  [55] [16] DIR - Lab 4D CT
4DCT 01 | 03.89| 127 145 121 [ 098 | 1.33 146 1.00 220 090 082 || 0.86
4DCT 02 | 04.34| 120 146 113 | 098 | 1.33 151 128 389 091 087 [ 0.90 Improves LRN by 13% (159—>139)
4DCT 03 | 06.94| 148 157 132 | 1.14 | 1.48 231 218 271 106 109 || 1.06
4DCT 04 | 09.83| 2.09 195 1.84 | 139 [ 1.85 272 305 295 166 163 | 145
4DCT 05 | 07.48| 195 207 1.80 | 143 | 1.84 269 236 303 168 158 || 1.60
4DCT 06 | 10.89| 5.16  3.04 230 | 226 | 3.57 307 178 336 186 171 ||| 1.59
4DCT 07 | 11.03| 305 341 191 | 142 | 26l 301 224 310 194 173 | 174 | COPD
4DCT 08 | 1499 | 648 280 347 | 3.13 | 2.62 622 224 294 179 155 || 146
4DCT 09 | 07.92| 2.10 218 147 | 127 | 2.70 294 226 286 194 185 ||| 1.58 .
4DCT 10 | 07.30| 2.09 183 179 | 1.93 | 2.63 300 190 299 203 190 | 171 Better pe rformance in all cases
avg 08.46 | 2.64 217 1.83 | 1.59 | 2.19 289 203 300 157 147 || 139
std 06.58 | 432 189 235 | 158 | 1.62 221 189 170 136 126 | 1.29
COPD 01 | 2633 151 995 685 489 257
COPD 02 | 21.79 227 996 690 730 4.0l
COPD 03 | 12.64 139 441 151 2389 146
COPD 04 | 29.58 1.86 7.08 638 546 2.19
COPD 05 | 30.08 146 9.19 681 519 222
COPD 06 | 28.46 140 812 419 553 189
COPD 07 | 21.60 146 7.0 273 440 1.62
COPD 08 | 26.46 153 792 432 394 172
COPD 09 | 14.86 134 693 360 357 151
COPD 10 | 21.81 171 9.6 659 444 243
avg 23.36 159 798 499 476 2.16 160 |11.34
std 11.86 027 375 394 406 263 204 [ 1.44

&
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Results - TRE

Ablation studies

o RW (Random walk)

~52% improved when using deep learning approach
o Noreg (GNN removed)

~71% improvement when using GNN

o Coords (k=1 in kNN graph)

~67% improvement when exploiting neighborhood information

o Sl (no refinement stage)

~24% improvement with two level approach

o Unif (non - distinctive keypoints , uniformly sampled)
~11% improvement when using distinctive keypoint

RW  noreg coords sl unif. | ours
4DCT 01 121 140 086 086 0.89 | 0.86
4DCT 02 1.17  1.64 098 090 093 | 0.90
4DCT 03 1.37 150 111 1.13 1.05 | 1.06
4DCT 04 152 205 1.65 1.61 151 | 145
4DCT 05  2.11 291 1.73 1.67 1.68 | 1.60
4ADCT 06  1.83 219 1.60 1.64 159 | 1.59
4DCT 07 1.88 233 1.67 1.69 163 | 1.74
4DCT 08 1.77 288 228 158 143 | 146
4DCT 09 223 223 1.72 187 1.72 | 1.58
4DCT 10 197 243 175 197 226 | 1.71
avg 1.70 215 153 149 147 | 1.39
std 238 1.70 157 130 1.65 | 1.29
Slg ICVCI skoksk ok Hoksk soksk *
COPDO1 351 432 550 171 1.80 | 1.38
COPD 02 526 727 9.2 275 2.09 | 2.09
COPD 03 157 142 140 142 118 | 1.22
COPD 04 251 730 446 206 1.60 | 1.58
COPD 05 333 477 344 181 149 | 1.37
COPD 06 257 358 296 143 131 | 1.10
COPD 07 214 268 299 164 123 | 119
COPD 08  1.64 421 222 154 144 | 1.19
COPD 09 279 3.02 1.68 145 1.13 | 0.99
COPD 10 262 793 695 179 1.82 | 1.38
avg 279 465 407 176 150 | 1.34
std 451 589 557 157 175 | 144
9]g level sfekosk ok Hoskesk ekl sk

&
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Results Jacobian Determinant

GraphRegNet VM+ LapIRN FE+ PDD+ MST
4D CT 0.13 0.11 0.12 0.15 0.10 0.10

COPD 0.21 0.20 0.17 0.32 0.19 0.18

/ci»_\ Standard deviation of Jacobian determinant
h =

Fraction of negative values
Shows image foldings
4DCT:0.02-0.21 %
COPD:0.15-0.83%

Standard deviation

Smoothness of the
transformation

Closer to O : smooth
transformation
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Results

o Registration accuracy improves LungRegNet(LRN) by 13%
but fails to reach the accuracy of Ruhaak et al.
o Shows good improvement with COPD gene dataset

o Good U - Net like architecture design and keypoint based registration shows
improvement in TRE by 70 %

o Outstanding improvement in computation time 2s for single registration
bmin (Ruhaak et al) — 2s
9 min for single scan pair, previously takes around 3h
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Take Home message & Personal Review

o By using sparse keypoint, can decrease computation time

o GraphRegNet shows great potential of fast large deformation estimation
algorithm

o By adding a GNN, it helps with smooth transform and spatial
regularization

o Future research sounds promising, trying different keypoint/feature
extraction might improve the accuracy with a fast registration time

o Code are given on Github, well drawn diagram
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Discussion

Why is COPD performing better?
|s it a reliable comparison method of COPD since the architecture is changed?
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