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BEV Perception is-thefuture has now come to pass of vision-centric perception[1]:
Fuse multi-camera features in early stage.

Straightforward to combine with other modalities.
e.g. BEVFusion

Readily consumable by downstream such as prediction and planning.
e.g. BEVFormer->UniAD, VAD

[1] Monocular BEV Perception with Transformers in Autonomous Driving, Patrick Langechuan Liu .
[2] FCOS3D: Fully Convolutional One-Stage Monocular 3D Object Detection 3D Detection [2] bird’s-eye-view (BEV) [3] >
[3] Lift, Splat, Shoot: Encoding Images from Arbitrary Camera Rigs by Implicitly Unprojecting to 3D
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View Transformation SaikHF
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.Qz = (X2,Yz,Z3)

Optical axis ";

Center of projection

The depth is unknown

Geometry-Base
From 3D to 2D (issue: Multiple 3D points will hit the same 2D pixel.)
From 2D to 3D (issue: Depth is unknown)
Learning-Base
Attention is all you need (issue: Not as efficient as geometry-based methods )

No matter what, the transformation is ill-posed
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LSS[1]

Using categorical distribution over depth instead of depth estimates.
« Strength:

- Generate representation as all possible depths for each pixel.
« Weakness:

« The generated BEV is discontinuous and sparse. Following works:
« The fusion process is inefficient. + CADDN|2]
- FIERY[3]

. BEVDet[4]

[1] Lift, Splat, Shoot: Encoding Images from Arbitrary Camera Rigs by Implicitly Unprojecting to 3D
[2] Categorical Depth Distribution Network for Monocular 3D Object Detection

[3] FIERY: Future Instance Prediction in Bird's-Eye View From Surround Monocular Cameras

[4] BEVDet: High-performance Multi-camera 3D Object Detection in Bird-Eye-View
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OFT(left)[1], M2BEV (right)[2] DETR3D[3]“ “

Obtain image features that corresponds to predefined 3D anchors.
 Strength:

« Dense or Sparse BEV feature maps.
« Efficient compared to 2D to 3D.
- Weakness: Related works:

« False positive BEV features. ImVoxelNet[5]

« DETR3D[3]
 BEVFormer[4]

[1] Orthographic Feature Transform for Monocular 3D Object Detection

[2] M2BEV: Multi-Camera Joint 3D Detection and Segmentation with Unified Bird’s-Eye View

[3] DETR3D: 3D Object Detection from Multi-view Images via 3D-to-2D Queries

[4] BEVFormer: Learning Bird’s-Eye-View Representation from Multi-Camera Images via Spatiotemporal Transformers

[5] ImVoxelNet: Image to Voxels Projection for Monocular and Multi-View General-Purpose 3D Object Detection 8



Learning-Base: LAStreamPETR/fl
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Sum-up: BEVFormer [E] .ﬁ o K % A
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Lookup & Aggregate

What's in here at timestamp ¢ ? » There is a car !
: Spatlal Attentlon F
§ Rl [ | é I |J| E
\i |§ ‘

Multi-Camera Images at Timestamp t 1 -_7".';:-- ':1""?"3.;

Ego — Al ~™™W '

ey il
&“‘H

BEV Queries | Temporal Attention |  BEV at Timestémp t

BEV at Timestamp t — 1

S 1. Using /earnable queries to represent real world from BEV view.
W 2. Lookup spatial features in images and temporal features in previous BEV map
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Overall Architecture: BEVFormer
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[ Feed Forward
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| Spatial Cross-Attention

(a) Overall Architecture

O — X6 (b) Spatial Cross-Attention
l‘ Add & Norm J+
I = . ,
[ Temporal Self-Attention l e I 4
: ! , | g , —— N, ff"ﬁ"“
T | . ) (x, }’) 2 i
| __{ﬁﬁ .| History BEV B,_, BEV Queries Q
History BEV B,_, BEV Queries Q

(c) Temporal Self-Attention
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Spatial Cross-Attention SaikZ
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* Lookup and aggregate the spatlal information
Z ZDefonnAttn(Qp,P(p i,7), F})

1€ Vhit J=

SCA(Qy, F}) = | h1t|

Key Steps: y:
/ / ' Z]

1. Lift each BEV query to be a pillar

/
-4
\< 7
H|t Views Wit

3. Sample features from Rols in hit views
' Spatial Cross- Attentlon/

2. Project the 3D points in pillar to 2D

LS

points in views

4. Fuse by weight

Sparse Attention, e.g., Deformable Attention [1]

[1] Zhu, Xizhou, et al. "Deformable detr: Deformable transformers for end-to-end object detection." ICLR (2020).
13



Temporal Self-Attention SaikZ
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* Lookup and Aggregate the Temporal information

TSA(QIH {Qa B;—l}) = Z DBfOI'IIlA'[tIl(Qp,p, V)
Ve{Q,B;_,}

Key Steps:

1. Align two BEV maps according to the ego

motion.

2. Sample features from both past and current.

B,_, 1! B,_, ﬂ) B, ‘ﬂ*
3. Weighted summation of sampled features f ! P
from past and current BEV maps. —  Encoder } Encoder } Encoder —
4

4. Use RNN-style to literately collect history BEV T 1 T

features Q5~? Qp " Q}
14
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3Dfy DETR Detector SaikHF

e no object (o)

no object (o)

\I transformer
CNN > »  encoder-
) decoder 5
set of image features set of box predictions bipartite matching loss
3Dfy
| Easy to leverage 2D detectors:
. Transformer » DEIR
BEV encoder [ 1 ) decoder —> i DefOl’mab|e DETR
« DN-DETR, DINO
BEV

set of 3D box predictions
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Temporal

clues matters

NANJING UNIVERSITY

85.0
80.0
75.0

70.0

RecallX T (%)

65.0

60.0

0-40%

0.60

0.55

0.50

mAQOE 1 (rad.)
o
H
v

0-40%

DETR3D S 1.10
BEVFormer-S o )
BEVFormc: ' 1.00
//"' - - “\_
e E
7,557 - 0.90
/s W
,’ }2
/7 E 0.80
0.70
40-60% 60-80% 80-100% 0-40%
(a)
DETR3D 1.00
BEVFormer-S 0.90
BEVFormer
@ 0.80
: »E— 0.70
e & 0.60
oy € 0.50
\\
o 0.40 —
R =
N 030
40-60% 60-80% 80-100% 0-40%
(d)

40-60%

DETR3D
BEVFormer-S

- BEVFormer

40-60%

DETR3D 0.31
BEVFormer-S
— BEVFormer 0.30
3 0.29
- 0.28
" ‘ w
tw
N . £ 0.27
= 0.26
0.25
60-80% 80-100%
(b)
0.24
"]
2 0.22
o)
w 0.20
<L
<(
£
— 0.18
\\\\-\ : /’//-’
60-80% 80-100%

(e)

0-40%

0-40%

40-60%

DETR3D
BEVFormerS

- BEVFormer

40-60%

(c)

(f)

---- DETR3D
BEVFormer-S
~—— BEVFormer
_-?_\.\\ .
. With temporal clues, we
“ . obtain:
« Higher recall, especially for
coson 21 Jow-visible objects
« More accurate /ocation
estimation
_—_ "« \Very accurate estimation
' of velocity
60-80% 80-100%

16



FB-BEV: Forward-Backward Projection OaikZ
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(a) Forward Projection (b) Backward Projection (c) Forward-backward Projection (ours)

Forward Projection
« Weakness: Blank Grid
« Solution: fill the blank grid with the backward projection

Backward Projection
« Weakness: Unable to utilize depth information
+ Solution: Propose Depth-aware Backward Projection

Neither Forward Projection or Backward Projection is perfect, but they are
basically complementary. .



FB-BEV: Depth-Aware Backward Projection O aik%
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« B 14

Backward projection can also model more accurate projection relationship based on depth
distribution.
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Backbone Image Features F @ F-VTM BEV Features B " Blank Grid
N | Forward Projection  =——> 27 1| Rol Grid
' J——— & S [ |} Refined Grid
t Depth Net (allbllcfafl = FreN
‘ B l Depth-Aware | a b4 | §
[ - H | | Backward Projection I_’ < at’ —*| Detection Head

Multi-View Images Depth Dist. D @ B-VIM BEV Features 5’

@ Forward Projection provides initial sparse BEV features
@ FRPN extract foreground BEV features

3 Depth-aware Backward Projection optimizes the foreground features

19



FB-BEV->FB-OCC GaikZ
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Backbone Image Features F F-VTM
> 1 Forward Projection ’—- _'( Occupancy Head \]
collapse :
A gootien 3D Voxel

. T Depth Net | ; unsqueeze

L i | | \ y
ﬂ i T i e N Depth-Aware ﬁg
e § B A A Backward Projection

i Lo . - BEV
Multi-View Images Depth Dist. D BV

Joint Voxel and BEV representation

Joint Forward and Backward Projection
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Sparse BEV vs Dense BEV SaikZ
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Open Loop End-to-End Autonomous Driving: UniAD & &1 % & %
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A (O Ego-vehicle Query
‘ BEV Feature

Agent-level

- Feature
B Track O 0
"" ) Motion 0 ek -
_— —> > — —> —>
& I peet ccFormer anner
Map Q @)
Multi-view Bird’s eye view v | T
Vision-only Input Feature — . —
cene-leve
=2 MapF(;ler Occ 9 Feature
Esmm A== c = . ‘
=——ur W B Motion Q
E==——ri. =i 0
L Backbone — | Perception I Prediction | L. Planning —

UniAD validates open-loop end-to-end autonomous driving on nuScenes
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NuScenes is an imbalance dataset for planning task @& & % X %
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(a) Trajectory Heatmap (b) Typical Scene of nuScenes

Figure 2. (a) The ego car trajectory heatmap on nuScenes dataset.
(b) The majority of the scenes within the nuScenes dataset consist
of straightforward driving situations.

NuScenes trajectory distribution is unbalanced, and most straight scenes are too simple.
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Trajectories

Ego Status

MLP
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BEV Net »{ Perception Prediction Planner — -'L

Trajectories

4

e

A
1
1
Sensors L@ o " i3
M@ TG

Ego Status Ego Status

(b) Commonly Used Pipeline of End-to-End Autonomous Driving Model

The effect of “Perception+Ego Status is approximately equal to Ego Status,

So what is the role of Perception?
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Prediction Planner — -L
Trajectories

Noise —»H * BEV Net Perception
Sensors e ' i .
\7/ b 1 @ S Ea Y
Ego Status

Ego Status
(b) Commonly Used Pipeline of End-to-End Autonomous Driving Model

Camera Sensor provides minor valid info

y

-
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# %

20s

-
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(a) VAD-Base (Original) (b) VAD-Base (Blank) (c) VAD-Base (Snow)
LTI ] M == 2l
When using Ego status in the planner, removing all o8

- cameras will not significantly affect the planning results.

| e, - ! : -
- S - . ——
———J""wq. =<t L - S ] .\v- -’ '

(f) VAD-Base (Rain)

(d) VAD-Base (Fog) (e) VAD-Base (Glare)
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Ego Status Dominates the Plannning

l

Sensors

@ *| BEV Net Perception —{ Prediction Planner — .L

Trajectories
i@ Noise |— L7 @

Ego Status Ego Status
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4

°

(b) Commonly Used Pipeline of End-to-End Autonomous Driving Model

Adding noise to the input velocity will
significantly affect the predicted trajectory

Original velocity

& v

LI

Velocity = Om/s

LI

| 0.5x Original Velocity

&« 0

" N

1.5x Original Velocity

o

LI

Velocity = 100m/s
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BEV-Planner SaikHF
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H —1 BEV Net Perception —| Prediction Planner — -L

i 4 ' Trajectories
Sensors - |

4@ @

Ego Status Ego Status

(b) Commonly Used Pipeline of End-to-End Autonomous Driving Model

H BEV Net —7'/Fp§fj,es /—‘“ Attention ~)—| MLP  |— .L:
S ) | Trajectories
ensors g, O i

4@ O 8@

Ego Status Ego Query Ego Status

eseadl
e

(c) Pipeline of Our BEV-Planner

We proposed a very simple BEV-Planner to verify different settings
« Only use one L2 loss
« No using depth, detection, tracking, HD map info.
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The Next-Step in Open Loop End2End AD
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