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Motivation

(a) Grid Sampling in Image (b) Grid Sampling in BEV (c) Instance-aware Sampling in Frustum 2

q View	Feature	Transformation
ØHow	to	transform	view	feature?		😋

ØChoosing	what	to	transform?		🤔

Important

Unimportant

q Adaptive	View	transformation

ØPaying	more	attention	to	instance	regions



Method Overview
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q FrustumFormer
1.	Backbone	2.	Frustum	Encoder	3.	Frustum	Fusion	4.	Detection	Head

q Frustum	Encoder

Overview	of	FrustumFormer Frustum	Fusion

Ø Instance	Queries:	sparse	and	irregular

Ø Scene	Queries:	dense	and	regular



Experiments
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Ø nuScenes	test	set:

Ø nuScenes	validation	set:

We	achieve	SOTA	performance	on	nuScenes	test/val set	without	extra	LiDAR	supervision	
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Camera-based	3D	Object	Detection
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Ø Mono	Camera Ø Multi-view	Camera

Ø 3D	Object	Detection



Multi-view	3D	Object	Detection
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ØHow	to	transform	view	feature?

2D Lift 3D 3D Query 2D



Motivation

(a) Grid Sampling in Image (b) Grid Sampling in BEV (c) Instance-aware Sampling in Frustum 8

q View	Feature	Transformation
ØHow	to	transform	view	feature?		😋

ØChoosing	what	to	transform?		🤔

Important

Unimportant

q Adaptive	View	transformation

ØPaying	more	attention	to	instance	regions



Method Overview
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q FrustumFormer
1.	Backbone	2.	Frustum	Encoder	3.	Frustum	Fusion	4.	Detection	Head

q Frustum	Encoder

Overview	of	FrustumFormer Frustum	Fusion

Ø Instance	Queries:	sparse	and	irregular

Ø Scene	Queries:	dense	and	regular



Method	Details
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§ Instance	queries(yellow):	instance	
queries	are	sparse	and	generated	
from	irregular	instance	frustum.

§ Scene	queries(blue):	scene	queries	
are	dense	and	generated	from	
regular	BEV	grids.

q Adaptive	Instance-aware	Resampling
AIR

Instance Frustum Occupancy Mask

BEV Feature§ Instance	frustum	query	generation: we	take	advantage	of	
object	detection	on	the	image	plane	and	leverage	its	
instance	frustum	on	the	BEV	plane	to	select	the	instance	
frustum	queries.

§ Frustum	occupancy	mask	prediction:	in	order	to	reduce	
the	localization	uncertainty,	we	propose	to	predict	an	
occupancy	mask	for	all	frustums.



Method	Details
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q Instance	Frustum	Cross-Attention	(IFCA)

q Temporal	Frustum	Cross-Attention	(TFCA)

ü Deformable	Attention

ü A	sequential	RNN	way		



Experiments
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Ø nuScenes	test	set:

Ø nuScenes	validation	set:

We	achieve	SOTA	performance	on	nuScenes	test/val set	without	extra	LiDAR	supervision	



Experiments
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Ø Ablation	of	Components	in	FrustumFormer

Ø Ablation	of	Instance-aware	Sampling



Experiments
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Ø Ablation	of	Occupancy	Mask	Learning

Ø Ablation	of	Temporal	Frustum	Fusion



Experiments
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ØRecall	Improvement	Under	Low	Visibility(0-40%)
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Experiments
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v

ØRecall	Improvement	Under	Low	Visibility(0-40%)



Experiments
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Ø Instance	Queries	Visualization

Image

BEV



Experiments
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ØBEV	Feature	Visualization

Baseline w/	AIR GT Baseline w/	AIR GT



Thanks For Your	Listening
Paper link:	https://arxiv.org/pdf/2301.04467.pdf
Code	link:	https://github.com/Robertwyq/Frustum
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