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BA-Det

BA2-Det

Background & Previous Work

BA2-Track

❖Outline
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3D multi-object tracking

3D object detection

3D lane detection

BEV semantic segmentation

3D occupancy prediction

❑ 3D Perception from Images

❖ Background
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◼Widely used in scene reconstruction and SLAM

◼ Jointly optimizing camera pose and point cloud

◼ Non-linear least-squares problem

Optimizing
Camera Pose

Optimizing
3D Point Loc

❖ Background

❑ Bundle Adjustment (BA)

2D images
Bundle Adjustment

3D structure
dimension lifting

Providing constraints: BA-Det

Providing supervision: BA2-Det, BA2-Track
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◼ Based on depth map
• PseudoLiDAR (CVPR 19)

• PL++ (ICLR 20)

• D4LCN (CVPR 20)

• PatchNet (ECCV 20)

• CaDDN (CVPR 21)

• ……

◼ Regressing directly
• CenterNet (arXiv 19)

• FCOS3D (CVPRW 21)

• ……

◼ Geometric constraints
• DeepMANTA (CVPR 17)

• MonoFlex (CVPR 21)

• AutoShape (CVPR 21)

• Epro-PnP (CVPR 22)

• DCD (ECCV 22)

• ……

object 
detector

Regression

Solve PnP

❖ Previous Work

❑Monocular 3D Object Detection
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Yingyan Li, Yuntao Chen, Jiawei He, Zhaoxiang Zhang. Densely Constrained Depth Estimator for Monocular 3D Object Detection. In European Conference on 
Computer Vision (ECCV) 2022.

❖ Previous Work

❑Densely Geometric-Constrained Depth Estimator (DCD)

Graph Matching Weighting module

More depth candidatesDense geometric constraints

Weighting depth candidates to obtain final depth 
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a) Temporal filtering：Without learning

b) Temporal BEV: Short-term, feature drifting (dynamic objects)

c) Stereo from video: Short-term (Two-frame), ignoring dynamic objects

3D Video Object Detection with Learnable Object-Centric Global Optimization 
(CVPR 2023)

❑ Existing Video-based Methods 

❖ BA-Det: Object-centric Temporal Optimization
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Scene-level BA Object-centric BA

3D Video Object Detection with Learnable Object-Centric Global Optimization 
(CVPR 2023)

❑Object-centric Geometric Constraints in Video

❖ BA-Det: Object-centric Temporal Optimization

◼ From Scene-level BA to Object-centric BA

◼ Optimizing camera pose → optimizing object pose 

◼ Correspondence: hand-craft sparse feature → learnable dense feature
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◼ Object-centric BA

◼ Advantages compared with existing work 

◼ Object-centric manner

✓ Handling both static and moving objects

◼ Dense temporal correspondence learning

✓ Utilizing longer temporal information

3D Video Object Detection with Learnable Object-Centric Global Optimization 
(CVPR 2023)

❑Object-centric Geometric Constraints in Video

❖ BA-Det: Object-centric Temporal Optimization
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First Stage Second Stage

3D Video Object Detection with Learnable Object-Centric Global Optimization 
(CVPR 2023)

❑ BA-Det: Object-centric Global Optimizable Detector

❖ BA-Det: Object-centric Temporal Optimization

◼ First Stage 

✓ Single-frame object detection

✓ Temporal object association

◼ Second Stage

✓ Temporal/spatial aggregation

✓ Correspondence learning with 

featuremetric OBA loss
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◼ Featuremetric Object Bundle Adjustment Loss

◼ Featuremetric OBA

◼ featuremetric reprojection loss

◼ L2 norm to cosine distance

Supervised on correlation between 
temporal RoI features

3D Video Object Detection with Learnable Object-Centric Global Optimization 
(CVPR 2023)

❑Object-centric Temporal Correspondence Learning Module

❖ BA-Det: Object-centric Temporal Optimization
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Condition on depth range

+ 43%

3D Video Object Detection with Learnable Object-Centric Global Optimization 
(CVPR 2023)

❑ Results on Waymo Open Dataset (WOD) 

❖ BA-Det: Object-centric Temporal Optimization
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◼  Ablation study

◼  Static (Scene-level) vs. Object-centric

◼  ORB feature vs. our learnable feature

◼  Latency of each module

3D Video Object Detection with Learnable Object-Centric Global Optimization 
(CVPR 2023)

❑ Ablation Study and Discussions

❖ BA-Det: Object-centric Temporal Optimization
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3D Video Object Detection with Learnable Object-Centric Global Optimization 
(CVPR 2023)

❑Qualitative Results

❖ BA-Det: Object-centric Temporal Optimization
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3D Detector

Local BA

Sup.

Global BA

2D GT

3D Detector

Local BA

Sup.

3D GT

3D-fully-supervised BA-Det 2D-supervised BA2-Det

2D Supervised Monocular 3D Object Detection by Global-to-Local 3D 
Reconstruction (arXiv:2306.05418)

❑Motivation

❖ BA2-Det: From 3D Labels to 2D Labels

◼ Camera-based 3D object detector (e.g., BA-Det) depends on 3D labels

◼ 3D labels → 2D labels: recover 3D structure from video

◼ Scene-level global reconstruction + Object-level local reconstruction 
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2D Supervised Monocular 3D Object Detection by Global-to-Local 3D 
Reconstruction (arXiv:2306.05418)

❑Notable Problems

❖ BA2-Det: From 3D Labels to 2D Labels

1. How to recover 3D location of each object with images?

✓ Global BA + object clustering on point cloud 

2. How to estimate 3D bounding boxes from object clusters?

✓ Fitting 3D pseudo boxes (complete objects) + learning

3. How to generalize static pseudo labels to dynamic objects?

✓ Video-based detector (Local BA) + iterative self-retraining

𝐺𝜃

𝑁𝜃
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2D Supervised Monocular 3D Object Detection by Global-to-Local 3D 
Reconstruction (arXiv:2306.05418)

❑ Global-to-local Pipeline

❖ BA2-Det: From 3D Labels to 2D Labels

◼ Global BA

✓ Scene-level Structure-from-Motion

✓ DoubleClustering

✓ GBA-Learner (cluster → box)

◼ Local BA

✓ BA-Det with 2D label assignment 

(LBA-Learner) 

✓ Iterative self-retraining
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2D Supervised Monocular 3D Object Detection by Global-to-Local 3D 
Reconstruction (arXiv:2306.05418)

❑DoubleCluster

❖ BA2-Det: From 3D Labels to 2D Labels

◼ Local Point Clustering

◼ Main cluster for each object in 

each frame

◼ Global Point Clustering

◼ Temporal cluster merging

◼ Main cluster for each object in 

all frames

Background

Removal

Global

Point Clustering

Local Point Clustering

Temporal Point AggregationStructure-from-Motion

Image Sequence
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2D Supervised Monocular 3D Object Detection by Global-to-Local 3D 
Reconstruction (arXiv:2306.05418)

❑ Experiments

❖ BA2-Det: From 3D Labels to 2D Labels

+ 115% Outperform some 3D fully-
supervised methods

➢  Ablation study➢  Main results on WOD
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2D Supervised Monocular 3D Object Detection by Global-to-Local 3D 
Reconstruction (arXiv:2306.05418)

❑ Experiments

❖ BA2-Det: From 3D Labels to 2D Labels

◼  Using SAM instead of 2D gt boxes 
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Pseudo Depth

Supervision

Association Supervision

GT Depth

Supervision

IoU Association

3D Feature Space3D Euclidean Space

Association Supervision

2D Feature Space

Object Features

Object 3D Boxes

Tracking Objects with 3D Representation from Videos (arXiv:2306.05416)

❑Motivation

❖ BA2-Track: Association with Pseudo 3D Location

◼ Association is hard for 2D multiple object tracking 

◼ Object occlusion/inaccurate motion model 

◼ Lift 2D object in 3D space

◼ BA2-Det is an example to obtain 3D 

representation in any 2D video with 

ego-motion (even w/o off-the-shelf depth)

◼ BA2-Det + association learning

3D association is much easier
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Tracking Objects with 3D Representation from Videos (arXiv:2306.05416)

❑Object Association with Pseudo 3D Representation

❖ BA2-Track: Association with Pseudo 3D Location 

◼ 3D object feature from center

◼ 2D/3D feature concatenation

◼ Cross-graph GCN

◼ Graph matching from GMTracker
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◼ Ablation study◼ 2D MOT

◼ 3D MOT

Tracking Objects with 3D Representation from Videos (arXiv:2306.05416)

❑ Experiments

❖ BA2-Track: Association with Pseudo 3D Location

SOTA performance on WOD and KITTI

Better than monocular 3D MOT method QD-3DT

+ 1.1 MOTA and 1.6 IDF1 with pseudo 3D rep.

Better than pretrained/geometric-based depth 



24 of 25

• Yingyan Li, Yuntao Chen, Jiawei He, Zhaoxiang Zhang. Densely Constrained Depth 

Estimator for Monocular 3D Object Detection. In European Conference on Computer 

Vision (ECCV) 2022.

• Jiawei He, Yuntao Chen, Naiyan Wang, Zhaoxiang Zhang. 3D Video Object Detection 

with Learnable Object-Centric Global Optimization. In IEEE/CVF Conference on 

Computer Vision and Pattern Recognition (CVPR) 2023. 

• Jiawei He, Lue Fan, Yuqi Wang, Yuntao Chen, Zehao Huang, Naiyan Wang, Zhaoxiang

Zhang. Tracking Objects with 3D Representation from Videos. arXiv:2306.05416. 

• Jiawei He, Yuqi Wang, Yuntao Chen, Zhaoxiang Zhang. 2D Supervised Monocular 3D 

Object Detection by Global-to-Local 3D Reconstruction. arXiv:2306.05418. 

❖ References
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❖ Summary

◼ BA-Det → BA2-Det → BA2-Track

◼ 3D detection → 2D/3D MOT

◼ Fully supervise → Weakly-supervise → Self-supervise

◼ Object reconstruction → Scene+object reconstruction 

Demos: https://ba2det.site/
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