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Multi-camera Input Prediction

Autonomous driving - CVPR20, ECCV20, ICCV 2023

Dynamic network Video object tracking Lane prediction

CVPR20, TPAMI22 CVPR19, TPAMI22 CVPR22, ECCV22
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3D detection - CVPR21, ICCV21, NeurlPS21, ECCV22, NeurlPS22, AAAI 23 Neural rendering for self-driving simulation, ICLR23



Large-scale self-driving simulation

Graphics-based simulation I

@ Cost $ 1million /km.

® Need Professional
developers

® Not realistic. It is far
from real world.

@ Algorithms developed
on it can’t be directly
used in real world.
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S-NeRF: Neural Radiance Fields for Street Views, Ziyang Xie, Junge Zhang, Wenye Li, Feihu Zhang, Li Zhang — ICLR 2023



Motivation: NeRF Designed for Street Views

1. Vanilla NeRFs Camera Settings 2. Camera Settings for Street Views

* Object Centric Camera Settings * Ego Centric Camera Settings

 Dense Image Overlap e Sparse Image Overlap

« Meticulously Captured by Human » Captured by Vehicles in Transit

Specialists with lots of noise
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S-NeRF: Neural Radiance Fields for Street Views, Ziyang Xie, Junge Zhang, Wenye Li, Feihu Zhang, Li Zhang — ICLR 2023



S-NeRF: Robust NeRF System for Street Views

We introduce S-NeRF a robust NeRF system for high-quality street view reconstruction for

= -

Background Scene Reconstruction Foreground Vehicle Reconstruction

S-NeRF: Neural Radiance Fields for Street Views, Ziyang Xie, Junge Zhang, Wenye Li, Feihu Zhang, Li Zhang — ICLR 2023

both the large-scale background scenes and foreground vehicles

Semantic Label



Augment NeRF model with LiDAR signals

Limited RGB overlap LiDAR Sensor Sparse Point Cloud

Auxiliary Depth Supervision: Issues:

1. Limited O ional R
Given Camera Rays:  R(t) = {o + td|t € R+} imited Operational Ranges

ty 2. Sparse Point Cloud Signals
NeRF Termination Depth Rendering: D(r) = / T(t)o(t)dt.
in

Depth Supervision: Laepth = Z | D(r) — D(r)|
reR

S-NeRF: Neural Radiance Fields for Street Views, Ziyang Xie, Junge Zhang, Wenye Li, Feihu Zhang, Li Zhang — ICLR 2023



Robust dense depth supervision

Sparse LiDAR Final NeRF Depth Rendering
Depth . Dense Depth
Completion Supervision

" gd "
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Coarse Dense Depth Map Aggregated Confidence Map

Multi-level

.

S-NeRF: Neural Radiance Fields for Street Views, Ziyang Xie, Junge Zhang, Wenye Li, Feihu Zhang, Li Zhang — ICLR 2023



Multi-level confidence aggregation

Geometry Level Pixel /Structure /Feature Levels

Depth Flow RGB SSIM VGG
1. Multi-Level Confidence Map 2. Learnable Confidence Aggregation
N . S . . A .
Caepth = Y(|dy — di)|/ds), ~(z) = { . _O;C/T, ;{h:r‘;i;. Final Confidence Map C = ZZ w;C;

djwi =1 i € {depth, flow, rgb,ssim,vgg}

||Am Yy fs—>t(xsa ys)”
C low =7 , y
flow = )

Aoy = (Tt = Ts, Yo = Us)- 3. Confidence based Dense Depth supervision

Cop = 1 — |Ts — Ll, Cosm = SSIM(Z,2,))s  Coge = 1 — ||Fs — Bl Laepn = »_ C(r)||D(r) = D(r)]
rcR

S-NeRF: Neural Radiance Fields for Street Views, Ziyang Xie, Junge Zhang, Wenye Li, Feihu Zhang, Li Zhang — ICLR 2023



Camera transformation for moving vehicles

Given original camera pose P; and the 3D bounding box of the target vehicle P

The transformed camera system treats the target car (moving object) as static and then
compute the relative camera poses for the ego car’s camera.
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S-NeRF: Neural Radiance Fields for Street Views, Ziyang Xie, Junge Zhang, Wenye Li, Feihu Zhang, Li Zhang — ICLR 2023



S-NeRF: Robust NeRF System for Street Views

Depth Completion Coarse Dense Depth Map

Confidence Maps

Flow

‘Cdepth,

Learnable

Aggregation D ep th Loss

Rendered RGB Images

‘Crgb

Photometric Loss

Depth Maps Optical Flow RGB Images

S-NeRF: Neural Radiance Fields for Street Views, Ziyang Xie, Junge Zhang, Wenye Li, Feihu Zhang, Li Zhang — ICLR 2023



Results

S-NeRF significantly outperforms previous State-of-the-Art Models by a large margin

In both the background reconstruction and foreground vehicle reconstruction

qualitatively and quantatively

Background Scene Foreground Vehicles

o= ' oS0

T,

(a) Mip-NeRF 360 (depth & RGB) (b) Ours (depth & RGB) (c) GeoSim (d) Ours

@

Large-scale Scenes Synthesis

Methods PSNRT  SSIM{  LPIPS,
Mip-NeRF ( . ) 18.22 0.655 0.421
Mip-NeRF360 ( . ) 24.37 0.795 0.240
Urban-NeRF ( 5 ) 21.49 0.661 0.491
Ours 26.21 0.831 0.228
Static Vehicles Moving Vehicles

Methods PSNRT SSIMt LPIPS|

PSNR{ SSIM{ LPIPS,

NeRF 11.78 0.539 0.444
GeoSim 11.58 0.602 0.367

12.24 0.623 0.322

Ours 18.81 0.785 0.194

18.00 0.736 0.226

S-NeRF: Neural Radiance Fields for Street Views, Ziyang Xie, Junge Zhang, Wenye Li, Feihu Zhang, Li Zhang — ICLR 2023



Further applications

S-NeRF offers a range of powerful features that enable advanced scene manipulation.

Input video for reconstruction Rendering with lightning variations

Rendering novel views and insert new cars Rendering novel trajectory

S-NeRF: Neural Radiance Fields for Street Views, Ziyang Xie, Junge Zhang, Wenye Li, Feihu Zhang, Li Zhang — ICLR 2023



S-NeRF: Neural Radiance Fields for Street Views

Ziyang Xie*, Junge Zhang*, Wenye Li, Feihu Zhang, Li Zhang

Fudan University



Periodic Vibration Gaussian: Dynamic Urban Scene
Reconstruction and Real-time Rendering

Yurui Chen'™  Chun Gu'"™  Junzhe Jiang! Xiatian Zhu2  Li Zhang'<

'Fudan University 2 University of Surrey

*Equally contributed




We present: Periodic Vibration Gaussian (PVG), a model adept at
capturing the diverse characteristics of various objects and materials
within dynamic urban scenes in a unified formulation.

(a)
- Training
8 supervision
s -
w N
“\-/. Query state /x Gaussian — ]
at ¢ rasterization :
\i{
PVG point set 3D Gaussian points Renderings Ground Truth

{33} { (1)}



To enhance temporally coherent and large scene representation learning
with sparse data, we introduce a novel flow-based temporal smoothing
mechanism and a position-aware adaptive control strategy respectively.

space

W
Query state
att — At
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" rasterization
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Without relying on manually labeled object bounding boxes or expensive
optical flow estimation, PVG exhibits 50/6000-fold acceleration in
fraining/rendering over the best alternative.

S-NeRF (ICLR’23)
00014 FPS |

R

PVG (Ours)
50 FPS




Image Reconstruction on Waymo

Rendered RGB, Depth and Semantic



O
=
S
&
Q
0P




Semantic



' Semantic






Image Reconstruction on Waymo

Comparison with static methods
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Image Reconstruction on Waymo

Comparison with dynamic methods
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Novel View on Waymo
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StreetSurf
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PVG (Ours)




StreetSurf

3DGS

PVG (Ours)






S-NeRF

StreetSurf -
7 L.

3DGS

PVG (Ours)
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NeRF-LiDAR - IERS

PR ey e v (™
(O \ ol
L, /J
(a) CARLA (c) Our NeRF-LiDAR (d) Real LiDAR sensor
| Feature Alignment 7, ...,
Supervision - j
RGB images

2, "l P ‘ Multi-channels:
“P Semamie Ranges, Semantic,RGB ...

! 23 I —
LIDAR& | . Spherical
j“g‘ —_— —_—
Label LA Projection
<z semantic Rendering ol
- J — —_— — —
Semantic labels NeRF Reconstruction Learning Raydrop& Alignment Simulated LiDAR Points

NeRF-LiDAR: Generating Realistic LiDAR Point Clouds with Neural Radiance Fields, Junge Zhang, Feihu Zhang, Shaochen Kuan, Li Zhang — AAAI 2024
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Large-scale 3D urban scene generation

Multi-camera driving scene generation

World volume generation

HD MAP

+ Control

FRONT LEFT FRONT FRONT RIGHT BAK RIGHT BACK BACK LEFT

WoVoGen: World Volume-aware Diffusion for Controllable Multi-camera Driving Scene Generation,Jiachen Lu, Ze Huang, Jiahui Zhang, Li Zhang - 2024



Driving Scene Generation

Large-scale 3D urban scene generation

Unseen weather
condition:
“heavy snow”

WoVoGen: World Volume-aware Diffusion for Controllable Multi-camera Driving Scene Generation,Jiachen Lu, Ze Huang, Jiahui Zhang, Li Zhang - 2024
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Driving Scene Generation

Large-scale 3D urban scene generation

Unseen camera
intrinsic:
changing focal
length.

WoVoGen: World Volume-aware Diffusion for Controllable Multi-camera Driving Scene Generation,Jiachen Lu, Ze Huang, Jiahui Zhang, Li Zhang - 2024
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Driving Scene Generation

Large-scale 3D urban scene generation

Unseen city
location:
“Shanghai”

Unseen color:
“purple car”

WoVoGen: World Volume-aware Diffusion for Controllable Multi-camera Driving Scene Generation,Jiachen Lu, Ze Huang, Jiahui Zhang, Li Zhang - 2024



Driving Scene Generation ﬁﬂ}%

Large-scale 3D urban scene generation

P

WoVoGen: World Volume-aware Diffusion for Controllable Multi-camera Driving Scene Generation,Jiachen Lu, Ze Huang, Jiahui Zhang, Li Zhang - 2024



Driving Scene Generation %‘g}%

Large-scale 3D urban scene generation

FRONT RIGHT

FRONT RIGHT

FRONT LEFT BACK LEFT

Reset all vehicles

WoVoGen: World Volume-aware Diffusion for Controllable Multi-camera Driving Scene Generation,Jiachen Lu, Ze Huang, Jiahui Zhang, Li Zhang - 2024



Driving Scene Generation
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Large-scale 3D urban scene generation

Camera editing

e

__E&%K LEGH

N~

I
BACK LEFT

p ]

All camera rotate 180 °

WoVoGen: World Volume-aware Diffusion for Controllable Multi-camera Driving Scene Generation,Jiachen Lu, Ze Huang, Jiahui Zhang, Li Zhang - 2024
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RSN (RoadNet)
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Translating Images to Road Network: A Non-Autoregressive Sequence-to-Sequence Approach, Jiachen Lu, Renyuan Peng, Xinyue Cai, Hang Xu,
Hongyang Li, Feng Wen, Wei Zhang, Li Zhang, ICCV 2023
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R (RoadNet)

Tesla “Language of Lanes”
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RSN (RoadNet)

| #&8%H# (Auto-Regressive)

«<—— Effective RoadTopoSeq ——
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Ego-car Feature

FEEEREE - BT EE e

BERSSCINES AN, [EEMOAEERERE, TEHEBNERIITR

Translating Images to Road Network: A Non-Autoregressive Sequence-to-Sequence Approach, Jiachen Lu, Renyuan Peng, Xinyue Cai, Hang Xu,

Hongyang Li, Feng Wen, Wei Zhang, Li Zhang, ICCV 2023



RSN (RoadNet)

| st ——¥BHEIT: ERLHK(Semi-Autoregressive)

. = p
Ground-truth Key-point MLP)
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' Prediction K ’
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Key-point Parallel-seq Self-attention % ‘ ...... 3
Transformer Decoder Transformer Decoder
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[ ][ ] .. [:]C] Intra-seq
Key-point Queries Self-attention
C. Key-point Embedding [:] RoadNet Seq. Embedding k ParaIIeI -seq Transform? r Decoder Layer

SAR RoadNet Seq.

Key-point Prompt

| Key-point Start Embedding D Position Embedding

1. DETRE/1NIE R S S 4F1ER =  FBEOIANEEE, FRANARBEEATN, FF5EH TR

aRMD X R
GO w2 BERANE, BHRRT L EEEA

Translating Images to Road Network: A Non-Autoregressive Sequence-to-Sequence Approach, Jiachen Lu, Renyuan Peng, Xinyue Cai, Hang Xu,
Hongyang Li, Feng Wen, Wei Zhang, Li Zhang, ICCV 2023



RSN (RoadNet)

| s#—%058# — —masked language modeling 552347 (None-Autoregressive)
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Prediction r {— i s ~
\ | pred I'-'- pred I :

Parallel-seq
Transformer Decoder

Parallel-seq
Transformer Decoder

Key-point Prompt Masked input Key-point Prompt Masked input
Training Inference

[:] Key-point Embedding . Key-point Start Embedding [:] RoadNet Seq. Embedding . Mask Embedding
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Translating Images to Road Network: A Non-Autoregressive Sequence-to-Sequence Approach, Jiachen Lu, Renyuan Peng, Xinyue Cai, Hang Xu,
Hongyang Li, Feng Wen, Wei Zhang, Li Zhang, ICCV 2023
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Multi-camera Input

Translating Images to Road Network: A Non-Autoregressive Sequence-to-Sequence Approach, Jiachen Lu, Renyuan Peng, Xinyue Cai, Hang Xu,
Hongyang Li, Feng Wen, Wei Zhang, Li Zhang, ICCV 2023
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Multi-camera 3D detection (PolarFormer)

FRONT BACK BACK LEFT FRONT LEFT FRONT FRONT RIGHT BACK RIGHT BACK

« Disadvantages of Cartesian
 Down-sampling in non-far region leads to
information loss
« Over-sampling in far region is useless

BACK

So we choose Polar coordinate consistent
with imaging process

PolarFormer: Multi-camera 3D object detection with polar transformers — Yanqgin Jiang, Li Zhang, Zhenwei Miao, Xiatian Zhu, Jin Gao, Weiming Hu,
Yu-Gang Jiang — AAAI 2023 Oral
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Multi-camera 3D detection (PolarFormer)

Decoder

Category scores

Encoder

(b) Polar alignment module

Input

Add & Norm

[ Projection & Interpolation J—Pr (

<I> 1

,
\
(a)

Cross-plane
encoder

Multi-Head
Attention

FPN

4 42 &

[
I
I
I
I
- I
I
I
I
I
I
|

of—

—_—

(Image Feature x N) x U

PolarFormer: Multi-camera 3D object detection with polar transformers — Yanqgin Jiang, Li Zhang, Zhenwei Miao, Xiatian Zhu, Jin Gao, Weiming Hu,

Yu-Gang Jiang — AAAI 2023 Oral
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Multi-camera 3D detection (PolarFormer) E }

Prediction

Ground Truth

I Background [l Drivable area I Crossing

B walkway [0 Divider [ Egocar

Car @ Truck Pedestrian @ Traffic cone Bicycle

PolarFormer: Multi-camera 3D object detection with polar transformers — Yanqgin Jiang, Li Zhang, Zhenwei Miao, Xiatian Zhu, Jin Gao, Weiming Hu,
Yu-Gang Jiang — AAAI 2023 Oral
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Multi-sensor 3D detection (Deeplnteraction)

* Encoder-decoder architecture .
. LiDAR BEV
« Set prediction feature
* Bipartite matching

Decoder

P@{)—/‘Q@ ]—-‘{ box & classJ

* Modality interaction in both the encoder :
and decoder ‘ feature
 Representational interaction in the
encoder
* Predictive interaction in the decoder

Deeplnteraction: 3D Object Detection via Modality Interaction — Zeyu Yang, Jiaqi Chen, Zhenwei Miao, Wei Li, Xiatian Zhu, Li Zhang — NeurlPS 2022
Spotlight
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Multi-sensor 3D detection (Deeplnteraction)

. . h
 Encoder aims at constructing more g@ ,@_@
powerful representations via multi-modal 00— () 3
. . . —t S hr
representational interaction. e ) @
h —
. . 7 {Gp, dp) b
- Hierarchical structure PN | |, g seue]
« Composed by stacking multiple encoder | Sampling 1> g] {
layers which takes as input two modality- ’
specific scene representations and (a) Representational interaction from image to LiDAR
produces two enhanced representations h, —— \
as output. coord, >0 —
ma
» Extensive interaction Mo T
« Multi-modal representational interaction . T
(MMRI) hy g — &
« Intra-modal representational learning (IML) @ = > g leJ

» Representational interaction
(b) Representational interaction from LiDAR to image

Deeplnteraction: 3D Object Detection via Modality Interaction — Zeyu Yang, Jiaqi Chen, Zhenwei Miao, Wei Li, Xiatian Zhu, Li Zhang — NeurlPS 2022
Spotlight



Multi-sensor 3D detection (Deeplnteraction)

 lterative query refinement

« Aggregating information from hetero-
genous scene representations in an

unified manner - MMPI
MMPI-Image
MMPI-LIiDAR

« Alternating interaction of two modalities.

fhaks

FUDAN  UNIVERSITY

v

—

|
*»—-
MMPI-image ’4—

—Q —
MMPI-LIDAR ’*@

nﬁ-

(a) Predictive interaction decoder

I !
h.orh,

L

Multi-head
self-attention

@ Mul-Norm-ReLU |
1

: ® RolAlign :
----------- rl
.
L
b
Qf

(b) Multi-modal predictive interaction layer (MMPI)

Deeplnteraction: 3D Object Detection via Modality Interaction — Zeyu Yang, Jiaqi Chen, Zhenwei Miao, Wei Li, Xiatian Zhu, Li Zhang — NeurlPS 2022

Spotlight
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Multi-sensor 3D detection (Deeplnteraction) 4%}%

Table 1: Comparison with state-of-the-art methods on the nuScenes test set. Metrics: mAP(%),
NDS(%). ‘L’ and ‘C’ represent LiIDAR and camera, respectively. T denotes test-time augmentation is
used. § denotes that test-time augmentation and model ensemble both are applied for testing.

. Backbones validation test
« We achieve the state-of-the-art Method Modality | 4 age LiDAR mAP1 NDSt|mAPt NDSt
performance on the highly BEVDet4D [ ] C Swin-Base - 421 545 | 451 569
e, . BEVFormer [ ] £ Vo9 - - - 48.1 56.9
competitive nuScenes 3D detectior ggosrr C V99 - 478 534 | 425 479
benChmark. PolarForr-ner[ ] C V99 - 500 562 | 493 572
CenterPoint [ ] L - VoxelNet 596 668 | 60.3 673
Focals Conv ['] L - VoxelNet-FocalsConv 61.2 68.1 | 63.8 70.0
: Transfusion-L [ ] L - VoxelNet 65.1 70.1 | 65,5 70.2
* The ensem ble version Of LargeKernel3D [ ] L - VoxelNet-LargeKernel3D | 63.3 69.1 | 653 70.5
Deeplnteraction-e now ranks 1st on Futr3D [ ] L+C | RIOI VoxelNet 645 683 | - -
PointAugmenting [ ' ]¥ | L+C DLA34 VoxelNet - . 66.8 71.0
the nuscenes Ieaderboard' MVP[ ] L+C DLA34 VoxelNet 67.1 708 | 664 70.5
AutoAlignV2 [ ] L+C CSPNet VoxelNet 67.1 712 | 684 724
TransFusion [ ] L+C R50 VoxelNet 67.5 713 | 689 71.6
BEVFusion [ ] L+C | Swin-Tiny VoxelNet 67.9 71.0 | 69.2 71.8
BEVFusion [ ] L+C Swin-Tiny VoxelNet 68.5 714 | 702 729
DeeplInteraction-base L+C R50 VoxelNet 69.9 726 | 708 734
Focals Conv-F [ ]F L+C R50 VoxelNet-FocalsConv 67.1 715 | 70.1 73.6
LargeKernel3D-F [ ]t L+C R50 VoxelNet-LargeKernel - - 71.1 742
DeeplInteraction-largef | L+C | Swin-Tiny VoxelNet 72,6 744 | 741 755
BEVFusion-e [ 1']§ L+C | Swin-Tiny VoxelNet 737 749 | 750 76.1
DeeplInteraction-e§ L+C | Swin-Tiny VoxelNet 739 75.0 | 75.6 763

Deeplnteraction: 3D Object Detection via Modality Interaction — Zeyu Yang, Jiaqi Chen, Zhenwei Miao, Wei Li, Xiatian Zhu, Li Zhang — NeurlPS 2022
Spotlight



Leaderboard test

@N USCEN ES by Motional

ERE :

FUDAN  UNIVERSITY

nuScenes 3D detection

Home

nuPlar

@NUSCENES by Motional

Home

nuPlan

nuScen

@NUSCEN ES by Motional

Home

nuPlan

nuScenes

nulmages

nuReality &

nuScenes detection task

Leaderboard

nuScenes detection task

Export as JSON

nuScenes detection task

Leaderboard

l Search:

Search: Export as JSON Search:
Method
Date Name Modalities Map External mAP
data data
Camera All All

I > 2022-02-08 FudanzZVG-TPD-e Camera no yes 0,4(
> 2021-12-19 BEVDet Camera no yes 0.42¢

> 2021-10-13 DETR3D Camera no yes 0.41z

> 2021-06-15 DD3D Camera no yes 0.41¢

> 2021-12-18 BEVDet-pure Camera no no 0.39¢

> 2022-01-18 FudanzVG-TPD Camera no no 0.401

> 2021-11-12 IPD3D Camera no no 0.38%

Method
Date Name Modalities Map External mAP mATE
data data (m) (
Camera -~ Al -~ Al ~
> 2022-04-11 bevdepth Camera no yes 0.503  0.445
> 2022-06-01 PETRv2 Camera no yes 0.490 0.561
— -
> 2022-05-18 PolarFormer Camera no yes 0.493 0.556
> 2022-04-18 BEVDet4D Camera no no 0.451 0.511
> 2022-03-10 BEVFormer Camera no yes 0.481 0.582
> 2022-05-11 UVTR-Camera Camera no yes 0.472 0.577
> 2022-05-16  PolarFormer-pure Camera no no 0.456  0.610

Export as JSON

Method Metrics
Date Name Modalities Map External mAP mATE  mASE mAOE mAVE mAAE »
data data (m) (1-10U)  (rad) (m/s)  (1-acc)
Any - Al -~ Al ~

I > 2022-06-27 Deepinteraction-e ~ Camera, Lidar no no 0756 410:235 (8 0:233 5 0:328 (1022640130 I 0
> 2022-06-03 BEVFusion-e Camera, Lidar no no 0.750 0242 0227 0320 0222 0130 O

> 2022-06-26  Deeplnteraction-lai  Camera, Lidar no no 0.741 0.244 0232 0322 0223 0133 O

> 2022-01-13 FusionVPE Camera, Lidar no no 0.733 0.235 0.227 0.284 0.243 0.128 0

> 2021-05-25 Centerpoint-Fusion Camera, Lidar, R... no yes 0.724 0237 0227 0.318 0.211 0133 0

> 2022-06-16 LargeKernel-F Camera, Lidar no no 0.711 0236 0228 0.298 0.241 0.131 0
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