3D Intra-patient Point Cloud Registration
with Iterative-Optimal Transport
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Motivation & Background

3D Intra-patient Point Cloud Registration

with Iterative-Optimal Transport

Registration

3D Point Cloud

Why does this matter?

Radiation therapy planning, Longitudinal disease tracking, 4D CT motion modelling, ...

Why was the problem challenging?

— large non-rigid deformations between EXP and INSP

Registration
with Optimal
Transport

— intensity-based registration (e.g. ANTs) can lead to mismatch
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Optimal Transport

T
3 ~—b
—

/

min IE || X —T(X)|”

Typ=v X~pu
Valid transport map Average travel distance

Why Optimal Transport (OT)?
» Standard registration approaches...
* point by point = computationally costly
* hard one-to-one correspondences — less accurate when structures appear/disappear across phases
 Geometric-aware reqgistration
* minimizing the total work (squared Euclidean distance in 3D space)
e | ess computational cost
e Better anatomical structure
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Iterative Optimal Transport [terative optimal transport for multimodal image registration*
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What is Iterative Optimal Transport (I0T)?

* |OT alternates between
* “Given where the points currently are, what's the best soft matching?”
» “Given that soft matching, what's the best polynomial warp?” f(X) = CD(X) @T
* Repeat until neither the matching nor the warp changes

* Input: two sets of structural points
* moving (EXP) and fixed (INSP)
 sampled from edge/vessel structures
* Output: a polynomial transformation f that warps the moving points to align with the fixed points 416



Iterative Optimal Transport lterative Optimal Transport
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I, the NxM transport plan matrix ESEEEEEEEI i
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Degree 1 — On/y aftine transforms ] Algorithm 1 Iterative optimal transport.
Degree 2 — can model/ SmOOth, gradual bendlng 1: Input: moving points {x;}?_,, fixed points {y;}" |, polynomial order
Degree 3 — can model more complex local deformations 9, regularization parameters ¢, A
2: Initialize fO(x,) =;, k=0
3: repeat
T . . 4: Set k =k + 1.
 |nitialize with warped EXP = EXP, no movement s Update T® by solving the problem
» For each 4: _min 3154V @) -y I°T; + AKL(TL, 7' 1,)
= :1_Xm i,'
» Update T by solving unbalanced OT (4—inf = OT), f fixed at f;,_; J FAKL(TTL, [Im™1,,) >
° Updatef by SO|Vin9 **, I fixed at Tk with fixed f*~D using a maximization-minimization approach [27].
. 6: Update ) by solving th bl
+ Repeat until ||T, — T,_|| and ||f;, — f,_;|| < stop_thr peate 7 Dy soving Te problem
5%32] IIf(w,-)—yjIIZT,-(j)+ezl_: IS (i) = a1 (6)
Why 3D pOint clouds? witl} fixed T® using a quasi-Newton method [28].
: 7: until Convergence
e Enforces anatonomical focus 8: Output: f®, T®

* |ess computationally expensive
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_ _ Degree 1 — only affine transforms o B
Degree 2 — can model smooth, gradual bending (X =0X)@T

Degl"ee 3 — Call mOde/ more Comp/eX /OC&/ defOrmationS f, polynomial transformation function
I, the NxM transport plan matrix

1 2 3
Example. X = [2 ] 4], x, = (1,2,3), x, =(2,1,4), x3=(3,3,2)
3 3 2
Tz oy z|1
T 2 31 -
Pr=19 1 4|1 |€"
'3 3 2|1
oy z|laxy z2 yzl|ax? y? 22 ]
B 1 2 3| 2 3 6 1 4 9 3% 10
P2=1 9 1 4|2 8 4|4 1 16 € R
'3 3 2|9 6 6|9 9 4 ]
oy z|lxy T2 yz|ax® yr 22|z oy 2|1
1 2 312 3 6|1 4 9|1 &8 271 3% 16
®3=19 1 4]2 8 4|4 1 16/8 1 4|1 |C"
'3 3 2(9 6 6|9 9 4|27 271 8|1
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Dataset - PVT1010

EXP (moving) — view 1 EXP (moving) — view 2 EXP (moving) — view 3
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INSP (fixed) — view 1 INSP (fixed) — view 2 INSP (fixed) — view 3
hess
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PolyData (0x1632768c0) —507
N Cells: 113194
N Points: 113194 07
N Strips: 0
X Bounds: -9.743e+01, 1.202e+02 50 1 §
Y Bounds: -4.057e+01, 1.302e+02 |
7 Bounds: -2.750e+02, -1.587e+01 100
N Arrays: 2

Built-in per-point quantities:

He s s: Hessian matrix of the CT image intensity at each point — How tube-like is this point?
Raidus (mm): filter run at multiple scales + physical size at point — How thick is tube? 7/16




Our Modifications to Paper

3D IOT Point Cloud Reg

" [CONFIG] B
N POINTS = 1000 [=300 @Paper]

Lambda = le-3, 5e-3, 2e-2, le-1, 5e-1
KPegree = 2,3

Load VTK Mesh via PyVista Fixed

|

Point sampling +
Normalization

IOT

Edge
Moving Extraction Warped
Image e Moving
Image
’? e i/ I Checker-
Image \ board
Paper Method Our Method

e edge points()randomly select edges
* remove points closest to its nearest
neighbor until n=300
 Normalize points

Our Method
e Option to drop KL when finding T

e foerstner 3d() from 2D FoOrstner detector

» for each point, find k-nearest neighbours
using cKDTree

e Normalization — unit-variance normalization
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oo “
N POINTS = 1000 [=300 @Paper]

] ] Lambda = le-3, 5e-3, 2e-2, le-1, 5e-1
8 Configurations for Degree = 2,3

. \_ J
 Sampler: farthest point OR foerstner 3d
 Degree: 2 OR 3
 KL: with OR without
y copd 000001 - Registration quality across 8 configurations
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" [CONFIG] R
N POINTS = 1000 [=300 @Paper]
Lambda = le-3, 5e-3, 2e-2, le-1, 5e-1
KPegree = 2,3 »
Sampler Deg KL reg.m Pre-mean Post-mean + std Improv.%
Farthest-Point Sampling (FPS)
FPS 2 v 0.02 9.382 8.823 + 2.973 6.0%
FPS 2 X N/A 9.382 9.175 £+ 3.082 2.2%
FPS 3 v 0.02 9.382 8.729 &+ 3.128 7.0%
FPS 3 X N/A 9.382 9.140 £+ 2.966 2.6%
Forstner (radius-weighted)
Forstner 2 ve 0.005 10.812 4.402 + 3.050 59.3%
Forstner 2 X N/A 10.812 7.733 £ 4.759 28.5%
Forstner 3 v 0.02 10.812 4.335 + 3.099 59.9%
Forstner 3 X N/A 10.812 7.391 + 3.710 31.6%

FPS: 2-7% over baseline

(regardless of degree or KL setting)

Forstner with UOT-KL: ~60%

improvement

 No-KL OT is faster, but worse in post-mean
» Large standard deviation — (future direction) motion-weighted sampling
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Ground Truth
(all points, raw)

EXP (raw)
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N POINTS = 1000 [=300 @Paper]

Lambda = le-3, 5e-3, 2e-2, le-1, 5e-1
KPegree = 2,3 i
Comparison t-statistic p-value Sig.
(1) Sampler: FPS vs. Forstner (radius-weighted)
deg= 2, KL 32.356 1.11 x 107157  *kx
deg= 2, noKL 7975 415 x 107" *** o F@rstner significantly outperforms FPS in all four matched
deg= 3, KL 30.141 1.81 x 107142 ¥ comparisons (all p < 0.001, ***)
deg= 3, noKL 11.539  5.29 x 10729  **¥x
(2) Transport: UOT-KL vs. Balanced-OT (noKL)
FPS, deg= 2 —3.277 1.09 x 10~3  **  Negative — KL consistently produces lower NN
FPS, deg= 3 —3.701 2.27 x 1074 *¥* distances
Forstner, deg= 2 —20.950 4.52 x 10781 *¥* » effect is stronger for Forstner than fps
Forstner, deg= 3 —25.086 4.28 x 107108 x¥k
(3) Polynomial degree: deg= 2 vs. deg= 3 | - | |
FPS. KL 0.934 350 x 10-!  ns  degree 2 vs. 3 is not significant in 3 out of 4 comparison
FPS, noKL 0.444 6.57 x 107! ns
Forstner, KL 1.261 2.08 x 10~ ns
Forstner, noKL 3.628 3.00 x 1074 *kx*

p < 0.001; "p < 0.01; "p < 0.05; ns = not significant.
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Future Directions

IOT Paper’s table (on brain CT paired with

General tasks: brain SPECT from Atlas Dataset)

* Perform pipeline on multiple subjects
 Compare with existing works (&

Table 2
Average rank (with standard deviation in parentheses) based on RMSE of each

baselin es): method on the CT dataset in the cases of C1-C3, without or with noise. The
 ANTs, coherent point drift (CPD), smaller the better.

iterative closest point (ICP), PointNet, Method Cl — .

DI NOreg, etc. W/0 noise W/ noise Ww/o noise W/ noise Ww/0 noise Ww/ noise
Open3D-ICP 3.7 (1.0) 53(1.5 430.9 47(0.9 45(0.7) 5.0(1.0)
Probreg-Filter 8.3 (1.7) 9.8(1.8) 6.5(2.8) 55(2.6) 6.6(2.7) 5.6(3.2)
Probreg-GMM 4.6 (1.7) 45(.6) 3.4(1.0)0 2.7(0.9 2.6((1.2) 2.3(.3)
ANTSs-SyN 6.0(0.8) 53(1.6) 7.8(1.0) 79(0.5) 8.2((1.5 85149
CR 10.5(0.7) 9.8(1.2) 9.2(1.8) 10.1(1.0) 9.0(1.5) 8.0(1.9
RGF 54(2.6) 53(2.7) 44(12.1) 47@1.6) 45(12.3) 4824
DASC 9.3(1.1) 8.7(0.8) 10.6 (0.5) 10.4 (0.5) 10.3(0.8) 10.5(0.7)
RIFT 9.1(1.0) 8.8(1.2) 85(1.7) 851.7) 7.4@Q2.7) 7.7@24
DINOreg 56(1.2) 44@1.9 70@d.00 71(@.5) 7.8(1.5) 8.1(1.0)
I0T, 1.1(0.3) 1.6(1.5) 1.4((0.7) 2.0(15) 2704 2.4(1.49
I0T, 2.4(08 25((1.00 2914 2.4(1.1) 2.4(1.1) 3.1(0.9

* The top-3 results of each case are in bold, and the best result is in italics.

* The median initial RMSEs for C1-C3 are 14.64, 39.66, and 40.95, respec-

tively.
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Future Directions

[#1] Temporal Neural OT on Point Cloud Sequences

s F\N/D (e . 2 .\ O INIOD /L. . I\ DD . L ..
* Input:; =XF UTTovViTg )y Xnyor (HATU) oo pPUiiic CroudsS
e Output: FPorynomiartranstormation for any pair (i, j), including pairs not seen during training.

f(X) = OdX) @ T f(x, t_src, t_tgt) = O(x) @ T(t_src, t_tgt)

f, polynomial transformation function T(t_src, t_tgt), output by a small neural network (an MLP or transformer)
T, the NxM transport plan matrix

Loss function - satisfy consistency constraints:
* Inverse consistency: T(t. = t;) =T(t; — t)
® TranS|t|V|ty T(to — t2) ~ T(to — t-|) o T(t-| — tz)
e |dentity at same time: T(t — t) = identity

Lambda (4) from latent distance ||z(t) - z(t ;)||:

e Have to run IOT for each lambda — time-consuming
e If t and t; are far apart, allow larger A
e Encode each point cloud at time t into a low-dimensional vector z(t) — larger distance (small A)
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Future Directions

[#2] Motion-weighted Sampling
* Forstner: picks points based on local geometric structure (cornerness) + Vessel size (radius scalar)
* has no knowledge of where the lung moves (large std)

i High motion region

Score(X) = cornerness(x) *  radius(x) * m(x)

Uniform FPS sample Motion-weighted Forstner
(N =1000) (N =1000)

v v

Coarse |IOT =S Refined 10T
registration registration

v

For each point x,
Rough motion map m(x) average predicted displacement across time pairs
— scalar motion score per point

Anatomical meaningful
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What we did

application of IOT for 3D intra-patient lung CT point cloud registration (EXP + INSP)
original paper only tested on 2D multimodal brain and retina images
tested different samplers

What we found

Sampler contributes significantly Forstner+KL achieves ~60% improvement vs. 2-7% for FPS
UOT-KL is necessary dropping KL significantly drops performance, especially for Forstner
Large std spatially non-uniform registration = motivates motion-weighted sampling
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Appendix

Point sampling +

Normalization Our Method

e foerstner_ 3d() from 2D Forstner detector

e for each point, find k-nearest neighbours using ckKDTree
3x3 structure tensor from vector to each neighbourhood

Paper Method
* edge points() from Belongie et al. >~ S = nbrs T @ nbrs
* randomly selected edge pixels » compute cornerness score
* remove points closest to its nearest e w i = det(S i) / trace(S i)”3
neighbor until n=300

_ * higher the better
* paper input 2D edge map e select top n points
e norm _data()

 Normalization
* subtract the center  subtract per-axis mean + divide by per-axis standard
o divide by sqgrt(Z|[x_i - mean||*2 / N)

110} | | deviation for x, y, z
applied identically to all axis e output -> unit-variance normalization



