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Dynamic Reconstruction

Flow Optimization Novel View Synthesis & Simulation
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B Dynamic Point Clouds

point cloud sequence {Py, P, ..., Py}, P;eRN*3

We humans can understand it easily, but computers are not
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3D Point Cloud - Simple and Effective
» Discrete

« Irreqgular

« Unordered

« No correspondence

Frame1: [[0.44,0.13,0.28], [0.97,0.62,0.15], [0.51,0.79,0.47], ...]
FrameZ2: [[0.12,0.75,0.47], [0.01,0.71,0.33], [0.82,0.19,0.05], ...]
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Point Cloud Interpolation

Challenges

Sparsity both in spatial and temporal domain

(limited to the sensors)

Point Cloud Structure / cannot interpolate directly

(Irregular, unordered, and hard to find correspondences between frames)

Nonlinear Motion .
cannot use one simple formula
(i.e. dynamic human / vehicle motions) —_~



B Point Cloud Interpolation

Large amount of nonlinear complex motion

in the real-world scenarios

@ Ground truth point

$2 Linear interpolation point

A: acceleration / braking

B: turning

C: translation caused by ego motion

D: rotation caused by ego motion
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B Point Cloud Interpolation

3D Point Cloud

Given the point cloud sequence {P,,P;, ..., Py }, P;eRN*3

Interpolate k frames
Low Frame Rate | > High Frame Rate

between every two frames
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We can understand because we have the prior:

The shape and motion are continuous

« Discrete
Explicit « Irregular :: Continuous Implicit
3D Point Cloud * Unordered Representation Neural Fields

« No correspondence
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Method

® 4D (x,y,zt) Spatio-temporal Neural Field

B Establish mapping: Coordinate Field —— Motion Field
R* R3

B Use Interpolation Time to control the output

Coordinate-based MLP

i[ Spatial Coordinate]: O O O
: o © 0 O O
:[Temporal Coordinate]:—_+Q O O O
Gt ), | © 55 g

Optimization at Runtime
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Method

® Multi-frame Integration

Interpolation Frames

Input
Loss
Point-wise t
Addition

Positional
Encoding

i [ Spatial Coordinate ]: O O
| o © 0 O
:[Temporal Coordinate]:———() O O
) | © 5o

Optimization at Runtime
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Method

® Self-supervised Losses

B Chamfer Distance Loss Lep = N > min 1B: = pill; + & E min [|p; — i,
P
i EP P epPi€

B Earth Mover’s Distance Loss Lgyp = min NZHP ¢ (P) |2

PP N 4=
B Smoothness Loss Ls= D oy 2 lAz®) -z @l
pPi€EP Y1 p;eN(p;)

V=alcp+BLemp +7Ls

-3 S w(n, )

P,eSt;eT

Overall Loss
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Method

® Runtime optimization

Input Construction of 4D Spatial-temporal Neural Field
Loss
Point-wise Interpolation Frames

Addition
Positional I T Fast to converge
Encoding .
. f.,.' G 40 T
t - iy - - ‘ s Methods
P P P T 32 PointINet |
- 3.0 ---- IDEA-Net 1
0 1 2 ‘Z’j’ 25 —#+— NeuralPCI ]
Sa0
. GRE \ 5.3 26.4 52.8
e Coordinate-based MLP £ obl AR N P R ]
: —— | O O I Y S
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Method
® Inference
nout _ _ _ Interpolation Inference
npu Construction of 4D Spatial-temporal Neural Field T
Loss
Point-wise Interpolation Frames Reference @R
Addition P
Positional I (X’ Y, Z 1t)
Encoding ! . | QO O
t — OQOOOO
Po Freeze
OQOO0OO
Weight
______________ Coordinate-based MLP COOOO
| _ _ i O O O
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: [ Interpolation Time ] : O O O
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Optimization at Runtime
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Method v Multi-frame point cloud interpolation algorithm

v" Deal with both the indoor and outdoor scenarios

NeuralPCI v Integrate motion information implicitly over space and time

v Output point cloud frames at the arbitrary given time

v" Flexible unified framework for interpolation and extrapolation

Input Construction of 4D Spatial-temporal Neural Field Interpolation Inference
Loss
Point-wise Interpolation Frames - I ad
e z Reference PW{A
Positional
Encoding (X» Y.z )
p € CPyE) )
0 Freeze
@iele Ble
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Experiments

Results on DHB Dataset

Longdress Loot Red&Black Soldier Squat Swing Overall
cb EMD CD EMD CD EMD €D EMD CD EMD CD EMD CD| EMD|
IDEA-Net 0.89 6.01 086 8.62 094 1034 1.63 30.07 0.62 668 124 6.93 1.02 12.03
PointINet 098 1087 0.85 12.10 0.87 10.68 097 1239 090 1399 145 1481 0.96 12.25
NSFP 1.0o4 745 081 7.13 097 814 068 525 1.14 797 3.09 1139 1.22 7.81
PV-RAFT 1.03 688 082 599 094 703 091 531 057 281 142 1054 0.92 6.14
NeuralPCI 070 436 061 476 0.67 479 059 463 0.03 0.02 053 222 0.54 3.68

Methods

Results on NL-Drive Dataset

Methods Tyvpe Frame-1 Frame-2 Frame-3 Average
‘ 7P CD EMD (D EMD CD EMD CD] EMD]
NSFP forward flow 0.94 05.18 1.75 132.30 2.55 168.91 1.75 132.13

backward flow 2.53  168.75 1.74  132.19 0.95 05.23 1.74 132.05
forward flow 1.36  104.57 1.92  146.87 1.63 169.82 1.64 140.42
backward flow 1.58 173.18 1.85 145.48 1.30 102.71 1.58 140.46
PointINet bi-directional flow  0.93 97.48 1.24  110.22 1.01 95.65 1.06 101.12
NeuralPCI neural field 0.72 89.03 094 11345 0.74 88.01 0.80 97.03

PV-RAFT
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NeuralPCl Neural field is awesome!

® Convert explicit point clouds into implicit neural fields

® Reconstruct multi-frame point clouds with unified and continuous representations

® Optimize motion in a self-supervised manner

® Benefit from the fitting ability and smoothness of MLP
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Limitation & Assumption

® \We assume the point clouds relatively complete

Flow Optimization

® \We assume the point clouds are object-centric l

Synthesize Point Clouds
What if ... I

® Incomplete and partial point clouds
Large-scale Dynamic Scene Reconstruction

® Scene-centric point clouds (world coordinate system)
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LiDAR Point Clouds

® LiDAR serves as the crucial sensor of autonomous

driving for accurate 3D perception

® Sparsity and occlusion

® Varying at different locations and times

® Costly acquisition for a large-scale dataset

® Limited to specific sensor configuration and

ego-vehicle trajectory

How can we generate/synthesize novel point clouds?
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Previous Methods

® Physical-based Simulation
X Costly 3D assets

X Domain gap

® Generative Models
X Hard to control/edit

X Poor generalization

® Scene Reconstruction
v' Realistic

v Precise control

Scene Representation Simulated LiDAR

Render

Sparse Point Cloud iscrete code Dense Point Cloud Cond. genera tion 6
|
ey || s : IS
- 0 BN S
=, 2 S I
c do L . )
©
~ [
{Optona) Repeat T times
(a) Sparse to Dense Point Cloud Completion (b) (Conditional) Point Cloud Generation
Learning Compact Representations for LIDAR Completion and Generation
6 DOF Sensor Pose 3D Object Bank Composed Scene Ray-Casted Lidar Point Cloud Final Simulation LiDAR
i Rendering : = gt Learning to .
Scenario Generated .. y; e Drop Rays - x}f BN
% d R l.%’: ; ? m} # :> ;Q_‘&fﬂr FM 4
; 4555“' < , :
Assets Creation Sensor Simulation

LiDARsim: Realistic LIiDAR Simulation by Leveraging the Real World
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Previous Methods

® Scene Reconstruction

Differentiable Rendering

v" Realistic

Novel View Synthesis

v Precise control

6 DOF Sensor Pose 3D Object Bank Ray-Casted Lidar Point Cloud

Composed Scene

Lo Learning to
Dr op Rays
o

;“i‘t"d

Scenario Generated

Assets Creation

LiDARsim: Realistic LIDAR Simulation by Leveraging the Real World

X Complicated

X Limited to static scenes \J

Final Simulation LIDAR

P g, :r}”‘““'

Sensor Simulation

Multi-view Con3|stency

e

radiance field f\
Distance

T 1P [:>
Intensrcy

Multi-view rays

Ray-drop
Rendered novel LIDAR view

Sample and Volume Rendering

LiDAR-NeRF: Novel LIDAR View Synthesis via Neural Radiance Fields

How to deal with dynamic scenarios?
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Input

« LiDAR point cloud sequence S = {S,,S;, ..., S;-1}
(S; € RN** including intensity)

- sensor poses P ={Py, Py, ..., Py} ( P,€ SE(3))

e timestamps T ={ty, ty, ..., th_1} (t; ER)

Output

» LiDAR point cloud S,,,,¢; given novel pose Pp,per

S Novel sensor pose

|

Neural Scene Differentiable
Reconstruction Rendering

and novel time t,,pe;

Multi-frame point clouds Novel time NO)IE| space-time view
(w/ pose and timestamp) LiDAR point clouds
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However, challenges remain ...

- Large-scale reconstruction
« Scenes spanning hundreds of meters
- Representation resolution

« Sparsity of point clouds

« Dynamic scenarios
« Long-distance vehicle motion

« Temporal consistency

e Generation realism

« Intensity reconstruction

- Ray-drop characteristic
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Method — LiDAR4D

v' Differentiable LiDAR-only framework for novel space-time LiDAR view synthesis
v' Geometry-aware and time-consistent large-scale dynamic reconstruction
v’ Better generation realism with global refinement

LiDAR4D 4D Hybrid Representation Neural )
LiDAR Fields

—
Low Resolution

Multi-planar Feature

—
|
|
View ——1 oo
: Ray-drop
[ | )
|
I

| -+ MLP

L Rendering

_( Differentiable ]

Intensity vj
__J__ = Density ——
% — U-Net

LA

Refinement

Multi-frame LiDAR Point Clouds
Flow

ﬂ High Resolution

Hash Grid Feature

Time MLP

Condition t
U Novel Space-time View LiDAR Point Clouds



PRINCETON
UNIVERSITY

4D Hybrid Representation

Method

- Hybrid Representation
» Planes & Hash Grids

Low Resolution

< Multi-planar Feature

K-Planes (Planes only) LiDARA4D (w/ Hybrid Representations)

« (Coarse-to-fine Resolution

« 4D Decomposition

LiDAR-NeRF (Hash Grid only)

- |
Static Dynamic -—/\
ll EEEE llll‘

ll EEEE° IIIII Coarse

I Hl BEEEE EEEN|
} xt yt zt

4D Coordinate Xy Xz yz

|
I
I
I
I
I
(x,y, 2 t) |
I
I
I
I
I
I

Fine

High Resolution

I
|
I
I
| A J
I
|
|
l Hash Grid Feature

e: Hadamard Product Multi-level xn
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MethOd LiDAR4D 4D Hybrid Representation

Low Resolution
Multi-planar Feature

« Scene Flow Prior
e Flow MLP

« Geometry-aware Constraint

(Chamfer Distance)

- Temporal Feature Aggregation

2 P

Multi-frame LiDAR Point Clouds

Flow

High Resolution

Time MLP Hash Grid Feature

Condition T
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Neural Y
MethOd LiDAR Fields —+»
: > MLP
View — — { o |
I Ray-drop
« Neural LiDAR Fields : niEnEn
« Separate MLPs for ) MLP I Differentiable
Depth/Intensity/Ray-drop ——>  MLP S L Rendering
« Global Optimization for Ray-drop - Intensity v—/
Refinement via U-Net U > Density
U-Net
LiDAR-NeRF . / \
(point-wise ray-drop) ::
LiDAR4D )
(W/ ray-drop refinement) =—- ‘Refinement
GT

Novel Space-time View LiDAR Point Clouds
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Experiments
« SOTA Results

° KITTI-3 60 Method Type Point Cloud Depth Intensity
CD] F-score] RMSE| MedAE| LPIPS| SSIMT PSNRT RMSE| MedAE| LPIPS| SSIM? PSNR{
LiDARsim [25] ETS M. 32228 0.7157 6.9153 0.1279 0.2926 0.6342 214608 0.1666 0.0569 03276 03502 15.5853
NKSR [15] EJS I M. 18982 0.6855 5.8403 0.0996 02752  0.6409 23.0368 0.1742 0.0590 03337 03517 15.2081
PCGen [19] E./S. 0.4636  0.8023 5.6583 0.2040 0.5391 04903 23.1675 0.1970 0.0763 0.5926  0.1351 14.1181
LiDAR-NeRF [39] T./8. 0.1438  0.9091 4.1753 0.0566 02797  0.6568 259878  0.1404 0.0443 03135 03831 17.1549
D-NeRF [32] T./D. 0.1442 ~ 0.9128 4.0194 0.0508 0.3061  0.6634 26.2344  0.1369 0.0440 0.3409 03748 17.3554
TiNeuVox-B [9] T./D. 0.1748  0.9059 4.1284 0.0502 0.3427 0.6514 26.0267 0.1363 0.0453 04365 03457 17.3535
K-Planes [12] T./D. 0.1302 09123 4.1322 0.0539 0.3457 0.6385 26.0236  0.1415 0.0498 04081 03008 17.0167
LiDAR4D (Ours) I./D. 0.1089  0.9272 3.5256 0.0404 0.1051 0.7647 274767 0.1195 0.0327 0.1845 0.5304 18.5561
Table 1. Quantitative comparison on KITTI-360 dataset. We compare our method to different types of previous approaches and color
the top results as 'best and second best . £: Explicit, Z : Implicit, S: Static, D: Dynamic, M: Mesh.
° N u Sce nes Method Type Point Cloud Depth Intensity
CD|  F-scoret RMSE| MedAE| LPIPS| SSIM? PSNRT RMSE| MedAE| LPIPS| SSIM} PSNRf
LiDARsim [25] E1S. I M. 121383 0.6512 10.5539 0.3572 0.1871 05653 17.7841 0.0659 0.0115 0.1160 05170 23.7791
NKSR [15] ENS. M. 114910 0.6178 9.3731 0.5763 02111 0.5637 18.7774  0.0680 0.0119 0.1290  0.5031  23.4905
PCGen [19] E.18. 2.1998 0.6341 8.8364 0.4011 0.1792  0.5440 19.2799  0.0768 0.0147 0.1308 04410 22.4428
LiDAR-NeRF [39] I./8. 0.3225 0.8576 7.1566 0.0338 0.0702 0.7188 21.2129  0.0467 0.0076 0.0483 0.7264 269927
D-NeRF [32] T./D. 0.3296 0.8513 7.1089 0.0368 0.0789 07130 21.2594 0.0467 0.0080 0.0492 07180 26.9951
TiNeuVox-B [9] T./1D. 0.3920 0.8627 7.2093 0.0290 0.1549  0.6873 21.0932 0.0462 0.0080 0.1294  0.7107 26.8620
K-Planes [ 12] Z./D. 0.2982 0.8887 6.7960 0.0209 0.1218  0.7258 21.6203 0.0438 0.0076 0.1127  0.7364 27.4227
LiDARA4D (Ours) Z.]1D. 0.2443 0.8915 6.7831 0.0258 0.0569 0.7396 21.7189 0.0426 0.0071 0.0459  0.7498 27.7977

Table 2. Quantitative comparison on NuScenes dataset. The notations are consistent with the KITTI-360 Table 1 above.
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Experiments
« More Comparisons

GT
LiDARsim §
NKSR
PCGen
LiDAR-NeRF
D-NeRF
TiNeuVox

K-Planes

LiDAR4D
(Ours)

Depth reconstruction on dynamic vehicles
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Experiments
« More Comparisons

GT

Even on small objects

LiDARsim =

NKSR

PCGen

LiDAR-NeRF

D-NeRF |

TiNeuVox

K-Planes

LiDAR4D
(Ours)
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Experiments
« More Comparisons

LiDARSsIim

NKSR

PCGen

LiDAR-NeRF

D-NeRF

K-Planes

LiDAR4D
(Ours)

Also the intensity reconstruction




Experiments
 More Comparisons

v LiDAR4D achieves much better dynamic reconstruction results

LiDAR-NeRF ) | & LIDAR4D g \ LiDARAD
7 ~_ (Ours) | LiDAR-NeRF (Ours)
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LiDAR4D

® Take advantages of explicit and implicit representations (hybrid one)
® Differentiable rendering for end-to-end optimization
® Geometry-aware and time-consistent reconstruction

® Without bounding box labeling of dynamic objects

-

Minimal Human Supervision

Can we further reduce the need for ground-truth, e.g., the sensor poses?
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B Pose-free Reconstruction

&,p

align to global .y

® Related works in

image reconstruction

Images + imperfect camera poses

® Domain gap between

images and point clouds

Geometry

3D scene representation

G u i d ance + registered camera poses By T,

BARF: Bundle-Adjusting Neural Radiance Fields NoPe-NeRF: Optimising Neural Radiance Field with No Pose Prior




B Point Cloud Registration

® Poor Generalization Pair-wise
® Trapped in Local Optima
® Error Accumulation
Multi-view
Global
Optimization S

Robust Multiview Point Cloud Registration with Reliable Pose
Graph Initialization and History Reweighting
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Method - GeoNLF

Ground Truth

Gradient flow
———————————————————— -{ Reconstruction Loss ]

® Gradient flow to Poses

Fg
Rendering Output
® Bundle Adjustment
MLP —p{ MLP |—»| Rendering
—
® Global Optimization Intensity / Ray-drop
5 p / o ff —>  Density
4

However, optimizing the geometry and poses simultaneously is very tricky
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Method - GeoNLF Introduce Geometry Guidance

Robust Chamfer Distance

—_————— —— — — — —,

_________________ Y = )
Vertex: Point Cloud O Geometry '\ l | Overlapping
Optimizer = Aware

(
—— .
o 17 | Edge: Robust Chamfer Distance | I F-="7
P . o o c
g % - X | O | i |_| L‘ Fz
- ‘F I._l‘ A | I et [ 3 J
T D1 i *: p [ I _-f_f‘;‘!:'.: !.r
| e
| I
| 4

\, \‘.\.:“.: o | F \I‘
A o
Mulfi frame LiDAR ’

N Y,

Point Clouds @ @ @ M— 0—— — — -

/

® Graph-based Optimization

-

® Selective-Reweighting Strategy \

decrease the learning rate of top-k frames with highest rendering losses

® Geometry Constraints

\\ Chamfer Distance and Normal loss of rendered point clouds
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Method - GeoNLF Introduce Geometry Guidance

Graph-based RCD |RRE(rad) compared with GT Pose (RRE(y)- epoch(x))

Registration Result

| 1 (a) w/o Geometric Optimizer

RCD with the | 04

Poses optlmlzed in the wrong;dlrection ]
control factor t I :
03

0 100 200 300 400 800 1000

v
N e

056 e #

(b)w/ Geometric Optimizer

Correct the worng direction

w/ Geo-Optimizer

007
0 20

10 100 200 300 400 r-!'(X) 1000

mmm Mean RRE of all inlier frames RRE Range of all inlier frames ™= RRFE of single outliers frames RRE Range of all outlier frames




Method - GeoNLF

World
/ Coordinate

System I

Pose Gradient Flow

l Ray
/L Sampling ]

Range Image

Project

A

\ G
N

Py

\tg

Point Clouds

Selective-Reweighting

—————— ——

\ > Density

Intensity / Ray-drop

BA-Neural N
LiDAR Fields

Rendering

\
I
I
I
I
I
I
I

/

Alternately Performed

e — — — — — — — — — — — — — — —

7
{ Vertex: Point Cloud O
Edge: Robust Chamfer Distance

Multi-frame LiDAR \‘\\/O

Geometry \\
Optimizer

|
|
O |
—

( 2D Depth Supervision

Rendering Output

Back Project

| Overlapping
les— o Aware

— ———— — — — — — — — — — — —




Pose Initialization with Random Perturbation

(a)Nuscenes KITTI-360

LiDAR-NeRF
(pose-free)




Pose Initialization with Identity Matrix

Identity Matrices as Initialization
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Pose-free Reconstruction (NVS)

Nuscenes

GeoNLF (Ours) Geotrans-assisted HASH-LN BARF -LN
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GeoNLF

® Reduce the dependence of accurate poses for reconstruction
® Global robust optimization with geometry guidance

® Simultaneous point cloud registration and reconstruction

What can we do after the reconstruction?




Simulation

Shift poses

Sensor Height

Translation / Rotation

Configuration

Field of View
Angular resolution
LiDAR beams

Dynamics

Scene Re-play

Novel Trajectory

Original

ane
— \'\ Translate

‘-
Wigy' - §

v

e
=

-~
~—

—-——

= Enlarge
- FOV
"\\.: o

i PR

e Reduce

- Beams

32-beam

64-beam

128-beam




Simulation

simulate Horizontal / Vertical

Original Placement pO>>>> >4 Displacement




Simulation

simulate Enlarge / Reduce

Original Field of View D> Field of Vi
ield of View




Simulation

simulate

Original Beams )))))) Increase [/ Decrease Beams
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Simulation

KITTI-360 LiDAR Configuration NuScenes LiDAR Configuration
simulate FOV.

)))))) o - g Height,

Beams,
Range...




Simulation

Novel Temporal View Dynamic Scene Re-play Novel Temporal View

&L simulate S>>

Fixed Location




Simulation

simulate

Original Trajectory )))))) Novel Trajectory




Dynamic Reconstruction

Flow Optimization Novel View Synthesis & Simulation

@ Ground truth point

I
ey, % - Y
¢2 Linear interpolation point 7 “* e
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A acceleration / braking
B: turning
C: translation caused by ego motion

D: rotation caused by ego motion

NeuralPCI LiDAR4D
[CVPR’23] [CVPR’24]

Pose Optimization

Initial ours
£ RPE; : 0.061m
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Summary

® Representation matters

® Minimal human supervision

® Combine optimization, reconstruction and simulation

® Generative priors in the future
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Thank you for listening

Q&A



	幻灯片 1
	幻灯片 2
	幻灯片 3
	幻灯片 4
	幻灯片 5
	幻灯片 6
	幻灯片 7
	幻灯片 8
	幻灯片 9
	幻灯片 10
	幻灯片 11
	幻灯片 12
	幻灯片 13
	幻灯片 14
	幻灯片 15
	幻灯片 16
	幻灯片 17
	幻灯片 18
	幻灯片 19
	幻灯片 20
	幻灯片 21
	幻灯片 22
	幻灯片 23
	幻灯片 24
	幻灯片 25
	幻灯片 26
	幻灯片 27
	幻灯片 28
	幻灯片 29
	幻灯片 30
	幻灯片 31
	幻灯片 32
	幻灯片 33
	幻灯片 34
	幻灯片 35
	幻灯片 36
	幻灯片 37
	幻灯片 38
	幻灯片 39
	幻灯片 40
	幻灯片 41
	幻灯片 42
	幻灯片 43
	幻灯片 44
	幻灯片 45
	幻灯片 46
	幻灯片 47
	幻灯片 48
	幻灯片 49
	幻灯片 50
	幻灯片 51
	幻灯片 52
	幻灯片 53
	幻灯片 54

