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Classification Network

input mlp (64,64) feature mlp (64,128,1024) max mlp
g transform transform . pool 1024 (512,256.k)
1 on on
K — 2| shaed | P P % | shaea | a4 (O]
& : global’feature &
—— R, I output scores
I i et point features :
&
(=]
oo £ 2
n|x 1088 shared = shared z =
multiply = g-
...................... it =
mlp (512,256,128) mlp (128,m)

Segmentation Network
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Global methods
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Local methods

Local, oriented 4D point pair
point set feature collection
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Dense description and
keypoint per patch

Sparse description
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Graph construction
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Architecture
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Training datasets

Anchor Positive Negative ModelNet40 registration pair and patches



Initialization
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Training with pose variations

% Graphite

Relative pose

Sy

X

Graphite

<%

. D,

Triplet Detection

loss

e

Graphite

Triplet
Descriptor loss

L. p, —




ModelNet40 registration
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ModelNet40 registration
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Registration under noise
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3dmatch registration

3DMatch seed points Descriptor visualisation Keypoint scores Validated keypoints



3dmatch registration

Scene 1 + Keypoints Scene 2 + Keypoints Registered with Graphite



Geometric registration benchmark

Handcrafted Trained on 3DMatch

Method FPFH SHOT 3DMatch PPFNet  PPF-FoldNet  Perfect-Match  Perfect-Match CGF Graphite

(33dim)  (352dim) | (512dim) (64 dim) (512 dim) (16 dim) (32 dim) (32dim) (32 dim)
Kitchen 43.1 74.3 58.3 89.7 78.7 93.1 97.0 60.3 64.82
Home 1 66.7 80.1 72.4 55.8 76.3 93.6 95.5 71.1 83.97
Home 2 56.3 70.7 61.5 59.1 61.5 86.5 89.4 56.7 68.26
Hotel 1 60.6 77.4 54.9 58.0 68.1 95.6 96.5 57.1 80.77
Hotel 2 56.7 72.1 48.1 57.7 71.2 90.4 93.3 53.8 80.53
Hotel 3 70.4 85.2 61.1 61.1 04 4 08.2 08.2 83.3 96.29
Study 3904 64.0 51.7 534 62.0 02.8 045 37.7 82.53
MIT Lab 41.6 62.3 50.7 63.6 62.3 02.2 93.5 45.5 76.62
Average 54.3 73.3 57.3 62.3 71.8 92.8 94.7 58.2 79.22
STD 11.8 7.7 7.8 11.5 9.9 34 2.7 14.2 9.10




Conclusion

* We describe patches using our lightweight graph-based model
* Our model is trained with minimum supervision
* |t also extracts salient interest points, keypoints

e Keypoints can be used to downsample the original point cloud to a
uniformly distributed set

* For registration a combination of keypoint and descriptor can be used

e Although trained on synthetic point clouds, our model generalizes
well with real depth scans
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https://github.com/mahdi-slh/Graphite

