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Large-scale point cloud relocalization task

Inputs:

- map [point cloud]
- query [point cloud]

Output:

- pose from which the query was captured
(within the map coordinate system) [6 DoF pose]



Splitting the problem

- global place recognition - get coarse pose estimate
- point cloud retrieval

- local pose refinement - use the coarse estimate and produce a precise pose
- point cloud registration

- | global place
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Global place recognition

- point cloud retrieval
- get the most similar point cloud to the query one and use its pose within the map as the
coarse pose estimate of the query
- cutouts (submaps) for retrieval database

- analogy with images in image retrieval database
- 20 m cutout length, 10 m stride, downsample to 0.2 m voxel grid
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Local pose refinement

- point cloud registration
- improve the coarse pose estimate by searching for the transformation between query and
submap point clouds




Keypoint detection and description

- local descriptors

- used for point cloud registration i Local Descriptor | | Local Feature
. . . Encoder Detector
- describe-and-detect pipeline 2
- describe all points p -
. Global Descriptor [ Attention
- detect the important ones Assembler | | Predictor
- global descriptor ;
- describes the whole point cloud [ global descriptor | | local descriptors IJJJ
- generated by aggregation of local ‘
descriptors Y »T/

- local and global descriptors
generated in single forward pass
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Parallels with image domain s
RO ik ; 1 i 11
detect and describe salient points / patches L_—E-‘-J_-l—— ‘
- filter out non-salient samples R St
- create description useful for sample matching
- problem: unstructured samples
instance retrieval
- quickly obtain coarse pose estimate
- problem: instance definition
global description by aggregation
- reuse the local features
- image domain: BoW [20, 21], VLAD [22], NetVLAD [23]
joint description and detection of local features

- detector has more information
- image domain: e.g. D2-Net [16]




State of the Art - local descriptors

Unique Shape Context (USC) [9]
Point Feature Histogram (PFH) [6]

Fully Convolutional Geometric Features (FCGF) [7]

3DFeatNet [8] [8]




State of the Art - local detectors

Intrinsic Shape Signatures (ISS) [9]
SIFT-3D [10]

Harris-3D [11]
3DFeatNet [8]

USIP [12]




State of the Art - global descriptors

histograms of points elevation [13]
DELIGHT [14]
Point-NetVLAD [2]

LocNet [16]

| [14]
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Local features - descriptor

Local Feature Encoder

Local Feature Encoder )
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Flex Convolution (FlexConv) 17,

encodes local spatial relationship between points
grid neighborhood in convolution replaced by spatial distance of the points

JFlezConv (pl) = Z w(pl“pl) ) h(pli)

P1; €Nk (p1)
w(py,pi, | 0,05) = (0,01 —p1,) + 0y
p; = point h(p,) € RC
Ni= k-NN of p; 9 c RC*3
w(pi,, p1) = kernel function 8, € RC

h(pi;) = point-wise encoding function
(6, pi — pi;) = matrix to vector multiplication
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Squeeze-and-Excitation (SE) pe

models dependencies between channels coming from Flex Convolution

st blook|—>[ i ] SE block
“pooling. ‘ow PR T (o lisiamelaT]
» Scale pooling @ (C, C/4) (C/4, C)

>

N x 128

squeeze operation - global average pooling over points
2= fsq(U) fsq : RVXC 5 RC

excitation operation - capture channel-wise dependencies
S = fer(2) fex : R = RC
scale operation - attention selection of different channel-wise features

fscale(uca Sc) = S¢ O Uc
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detector
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Local feature learning

Local Feature Encoder

loss used for training
L= Ldesc + )\Ldet

e

(a) Pair Samples (b) Triplet Samples (c) N-Tuple Configuration

description loss - N-tuple loss [19]

« (M o D maa:(,u—(l—M)oD,O))
Lgesc = ( )
2 M| N? — | M]|%

M e RN M, €{0,1},D € RN D(i,j) = ||x; — x|

detection loss
- unsupervised learning wrt detection score
- if point has high saliency score, then its NN
(in feature space) should be the correct match
- single NN unstable — use average successful rate AR,
- find k-NN of i-th point, j-th best is the correct match

N
_ 1 k—(j—1)
Lges = Ngl—[%(l—si)—ksi-ARi] AR = Y
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Global point cloud description

PCAN (Point Contextual Attention Network) [24]

Nx3

Local Feature
Encoder

v
N x 128

Point-NetVLAD [2] extended by attention prediction

FlexConv (256, 8, 1)
BN, ReLU

FlexConv (1024, 8, 1)
BN, ReLU

NetVald Layer

Conv
(1024 x 64,1 x 1)

—> softmax —>

.

Attention
Predictor

v
Nx1

VLAD core

L, normalization

Intra-normalization

64 x 1024

(64 x 1024, 256)

L, normalization

global descriptor
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Attention predictor
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global descriptor
1 x 256
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Experiments - ablation study

- local feature training without L;.; — L = L 4.
- weakly supervised local feature training [8]
- local feature encoder without Squeeze-and-Excitation blocks

Method  RTE(m) RRE(°) Succ. Iter.

W/0 Lget 0.43 1.52  93.72 3713
Weak Sup. 0.48 1.78  90.82 3922
w/o SE 0.39 1.24  95.18 3628
Default 0.23 0.95 98.49 1972




Experiments - keypoint repeatability

-  Oxford RobotCar
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Experiments - point cloud registration

-  Oxford RobotCar dataset

| RTE (m) / RRE(°) / Succ. (%) / Iter.

| FPFH | 3DSmoothNet | 3DFeatNet | FCGF | DH3D
Random [0.44/1.84/89.8/7135(0.34/1.39/96.2/7274| 0.43/1.62/90.5/9898 |0.61/ 2.01/39.87/7737| 0.33/1.31/92.1/6873
1SS 0.39/1.60/92.3/7171{0.32/1.21/96.8/6301 | 0.31/1.08/97.7/7127 | 0.56/1.89/43.99/7799 | 0.30/1.04/97.9/4986

Harris-3D [0.54/2.31/47.5/9997|0.31/1.19/97.4/5236 | 0.35/1.33/95.0/9214 | 0.57/1.99/46.82/7636 | 0.34/1.20/96.4/5985
3DFeatNet|0.43/2.01/73.7/9603| 0.34/1.34/95.1/7280 | 0.30/1.07/98.1/2940 | 0.55/1.89/43.35/5958 | 0.32/1.24/95.4/2489
USIP 0.36/1.55/84.3/5663|0:28/0:93/98.0/584|0.28 /0:81,/99: /528 | 0.41/1.73/53.42/3678 | 0.30/1.21/96.5/1537

DH3D |0.75/1.85/55.6/8697| 0.32/1.22/96.0/3904 |0.28/1.04/98.2/2908| 0.38/1.48/49.47 /4069 |—/0.95/98.5/1972

- ETH dataset

| RTE (m) / RRE(°) / Succ. (%) / Iter.

| SI ‘ 3DSmoothNet | 3DFeatNet | FCGF | DH3D
Random | 0.36/4.36/95.2/7535 | 0.18/2.73/108/986 | 0.30/4.06/95.2/6898 [0.69/52.87/17.46/10000]0.25/3.47 /1085685
1SS 0.37/5.07/93.7/7706 | S,/ 2.40 /108,986 | 0.31/3.86/90.5/6518 | 0.65/24.78/6.35/10000 |0.19/2.80/93.8/3635

Harris-3D | 0.35/4.83/90.5/8122 | 08l /2.41 /W00/@88 | 0.27/3.96/88.9/6472 | 0.43/55.70/6.35/10000 |0.22/3.47/93.4/4524
3DFeatNet| 0.35/5.77/87.3/7424 | 0:17/2.73 /0081795 | 0.33/4.50/95.2/6058 | 0.52/47.02/3.17/10000 |0.27/3.58/93.7/6462
USIP 0.32/4.06/92.1/6900/|0.18/2.61 /8081604 | 0.31/3.49/82.5/7060 |0.54/27.62/15.87/10000|0.29/3.29/95.2/4312

DH3D | 0.42/4.65/81.3/7922 | 0.38/3.40/200/5108 |0.36/2:38/95.5/3421|0.56/48.01/15.87/10000|0.3/2602/95.7 /3107




Experiments - visual SLAM - registration

-  Oxford RobotCar dataset

| RTE (m) / RRE(°) / Succ. (%) / Iter.

| FPFH | 3DSmoothNet |  3DFeatNet | FCGF | DH3D
Random  [0.56,/2.82/53.13/9030]0.70/2.19/73.1/6109 | 0.72/2.37/69.0/9661 | 0.51/2.65/74.93/5613 | 0.70/2.23/71.9/7565
ISS 0.56/3.03/43.58/9210|0.67/2.15/79.1/6446 | 0.58/2.41/71.9/9776 | 0.51/2.57/71.94/6015 | 0.48/1:72/90:2 /6312

Harris-3D [0.49/2.67/45.67/91300.48/2.07/74.9/6251 | 0.66/2.26/64.5/9528 | 0.48/2.63/74.03/5482 | 0.39/2.27/68.1/7860
3DFeatNet|0.62/3.05/35.52/7704|0.38/2.22/66.6/5235| 0.92/1.97/84.1/8071 |0.54/2.64/60.90/4409| 0.74/2.38/80.9/7124
USIP 0.54/2.98/48.96 /7248 0.39/2.27/77.3/5593 | 0.85/2.24/69.9/8389 [0.51/2.65/67.46/8848| 0.65/2.45/68.1/6824

DH3D  [0.60/2.92/48.96/8914|0u88/2.01/77.9/5764|0.41/1.84/89.3/7818|0.48/2.43/69.55/5002|0.36 /1558 /9016 /7071
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Experiments - point cloud retrieval

Method Q@1% @1
PN_MAX 73.44 58.46
PN_VLAD 81.01 62.18
PCAN 83.81 69.76
Ours-4096 84.26 73.28
Ours-8192 85.30 74.16
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Experiments - robustness

Recall (%)
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Thank you!
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