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4 <+ Background
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3 3D Perception from Images

3D object detection BEV semantic segmentation
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4 <+ Background

d Bundle Adjustment (BA)

B Widely used in scene reconstruction and SLAM
m Jointly optimizing camera pose and point cloud

B Non-linear least-squares problem

m T
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Optimizing  Optimizing
Camera Pose 3D Point Loc

F Providing constraints: BA-Det
Bundle Adjustment

2D images msssss————) 3D structure

dimension lifting
h Providing supervision: BA%-Det, BA2-Track




4 <» Previous Work

0 Monocular 3D Object Detection

LS At Y o Ob.jeCt Output 3D Bounding Box
' detector
~ 1 Regression |
| H —) I v
A Solve PnP Y
A — 7
X "

B Regressing directly m Based on depth map B Geometric constraints
» CenterNet (arXiv 19) » PseudoLiDAR (CVPR 19) « DeepMANTA (CVPR 17)
- FCOS3D (CVPRW 21) * PL++ (ICLR 20 - MonoFlex (CVPR 21)
© * DA4LCN (CVPR 20) « AutoShape (CVPR 21)

« PatchNet (ECCV 20) - Epro-PnP (CVPR 22)

. CaDDN (CVPR 21) . DCD (ECCV 22)
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4 <» Previous Work

0 Densely Geometric-Constrained Depth Estimator (DCD)

2D Image 2D Image

Bounding box points Semantic keypoints in [ LA
in 3D object frame ~ - - 3D object frame -~ o

Graph Matching Weighting module

Weighting depth candidates to obtain final depth

Only vertical edges \ Edges of all direction l

Projection constraints Projection constraints s~ Matching Depth ™~
/2D Graph i * p \

1 1 rap _ 2D Edge Diagonal Score Candidates Final

Feature - Dm?h

. e
[ Previous Depth Estimator ] [ Delnsely Geometrlf:— Extractor Matching |, Depth P’
constrained Depth Estimator Cost Matrix M Score Candidates

L2 Distance (L) l
Produce 4 depth Given n keyponits,

o 3D Graph Supervise 100
candidates 3D Edge . — 01 0
Produce n(n-1)/2 depth / —| Feature Sinkhorn I=
candidates Extractor 00
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(a)Bascline (b)Ours T (b) GMW module
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Dense geometric constraints I:> More depth candidates

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.




<+ BA-Det: Object-centric Temporal Optimization

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

A Existing Video-based Methods
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

) Q Temporal [:] Unlearnable C] Learnable

information module module Feature O O Object
BEV feat,_; Feature ;_j
o) o) | e o) L O
Tracking BEV feat, ﬁ;ss %) Feature , ngf;le 0) @) )
Tracking @ @ @
(a) Temporal Filtering (b) Temporal BEV

(c) Stereo from Video

(d) BA-Det (Ours)




4 *» BA-Det: Object-centric Temporal Optimization

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

0 Object-centric Geometric Constraints in Video
B From Scene-level BA to Object-centric BA
B Optimizing camera pose — optimizing object pose

B Correspondence: hand-craft sparse feature — learnable dense feature

g

Scene-level BA Object-centric BA




4 *» BA-Det: Object-centric Temporal Optimization

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

0 Object-centric Geometric Constraints in Video
B Object-centric BA

m T
o 1 Q | |
To P = argmin & 377 Fpl — VT, <Py K
T, Pr 21:1 =1

B Advantages compared with existing work

®m Object-centric manner

v Handling both static and moving objects

B Dense temporal correspondence learning

v" Utilizing longer temporal information




4 *» BA-Det: Object-centric Temporal Optimization

3D Video Object Detection with Learnable Object-Centric Global Optimization

(CVPR 2023)

0 BA-Det: Object-centric Global Optimizable Detector
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m First Stage irst Stage Second Stage
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v Single-frame object detection / Hﬁﬂ%ﬁ B e
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v Correspondence learning with

featuremetric OBA loss




<+ BA-Det: Object-centric Temporal Optimization

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

0 Object-centric Temporal Correspondence Learning Module
B Featuremetric Object Bundle Adjustment Loss

B Featuremetric OBA P il

OTCL

m T
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m featuremetric reprojection loss

m T m T T
k k k ket
Lop=> > IFefllz=2_> > I = "3

i=1 t=1 i=1 t=1t'=1

B L2 norm to cosine distance
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4 *» BA-Det: Object-centric Temporal Optimization

3D Video Object Detection with Learnable Object-Centric Global Optimization

(CVPR 2023)

O Results on Waymo Open Dataset (WOD)

LEVEL.1 LEVEL2 C d 141 d h
3DAP;,, 3DAPH, 3DAPsy 3D APHy | 3D APy, 3D APH;, 3D APs, 3D APHy, onal t IoNn onN e pt ran g e

M3D-RPN [2] 035 0.34 3.79 3.63 033 033 3.61 346

PatchNet [28] 0.39 037 2.92 2.74 0.38 0.36 2.42 2.28

PCT [42] 0.89 0.88 420 415 0.66 0.66 4.03 3.99

MonoJSG [23] 097 0.95 5.65 5.47 091 0.89 5.34 5.17 et 3D AP 3D APH., 3D APo, 3D APH.,
GUPNet [27] 2.28 221 1002 9.94 214 212 9-39 931 030 3050 5000 | 0-30 3050 S0-0c | 0-30 3050 SO-00 | 0-30 3050 50-c0
DEVIANT [18] 2.69 2.67 10.98 10.89 2.52 2.50 10.29 10.20

CaDDN [33] 5.03 4.99 17.54 17.31 4.49 4.45 16.51 16.28 DCD [21] 3247 594 124 | 3230 5091 1.23 | 6270 2635 10.16 | 6235 2621 10.09
DID-M3D [31] - . 20.66 20.47 - - 19.37 19.19 L1 | MonoFlex [51] | 3064 5.29 1.05 | 3048 5.27 1.04 | 61.13 2585 9.03 | 60.75 2571 8.95
BEV Former [22] . 770 - 30.80 . 6.90 ) 2770 BA-Det(Ours)i | 37.74 11.04 3.86 | 37.46 1095 3.79 | 7L07 3715 14.89 | 7046 3679 14.61
. — 1353 — 3344 e o 2 34 o DCD [21] 3230 576 108 | 3219 573 108 | 6248 2560 892 | 6213 2546 8.86
MonoFlex [51] (Baseline) | |11.70 11.64 3226 32.06 10.96 10.90 30.31 30.12 L2 | MonoFlex [S1] | 3054 514 091 | 3037 511 091 | 6091 2511 7.92 | 6054 2497 7.85
BA-Det(Ours)t 16.60 16.45 40.93 40.51 15.57 15.44 38.53 38.12 BA-Det(Ours)f | 37.61 10.72 337 | 3733 10.63 3.31 | 70.83 3614 13.62 | 7023 3579 13.37

+ 43%




<+ BA-Det: Object-centric Temporal Optimization

3D Video Object Detection with Learnable Object-Centric Global Optimization

(CVPR 2023)

d Ablation Study and Discussions

m Ablation study B ORB feature vs. our learnable feature
LEVEL_1
3D APy 3D APH; 3D APsy 3D APHs I LEVEL_1
MonoFlex (baseline) | 1170 11.64 32.26 32.06 ‘ | 3DAP; 3D APH; 3D APsy 3D APHs
Our first-stage prediction 13.57 13.48 34.70 3443 MonoFlex (baseline) | - | 1170 11.64 32.26 32.06
+3D Tracking 14.01 13.93 35.19 34.92 BA-Det+ ORB feature [34] | 2.6 | 14.05 13.96 3521 34.95
+ Learnable global optimization 15.85 15.75 38.06 37.76 BA-Det+ Our feature 10 16.60 16.45 40.93 40.51
+ Tracklet rescoring 16.43 16.30 40.07 39.70 - - - i
+ Bbox interpolation 16.60 16.45 40.93 40.51
m Static (Scene-level) vs. Object-centric B Latency of each module
LEVEL._1
3D AP, 3DAPH, 3DAPsy 3D APH Total latency | 181.5ms
MonoFlex (baseline) | 1170 1164 3226 3206 First-stage detector 132.6ms
Initial prediction 13.57 13.48 34.70 34.43 Object tracking 6.6ms
Static BA 14.73 14.62 37.89 37.56 g?mrebcor;]esl’?deme %g.gms
Ours 16.60 16.45 4093 40.51 ject bundle adjustment ~ms




4 *» BA-Det: Object-centric Temporal Optimization

3D Video Object Detection with Learnable Object-Centric Global Optimization

(CVPR 2023)

d Qualitative Results
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3+ s BA2-Det: From 3D Labels to 2D Labels

2D Supervised Monocular 3D Object Detection by Global-to-Local 3D

Reconstruction (arXiv:2306.05418)

d Motivation

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

W 3D labels — 2D labels: recover 3D structure from video

W Scene-level global reconstruction + Object-level local reconstruction

3DGT

Sup. l
| — 3D Detector
| f

Local BA

3D-fully-supervised BA-Det

—

2D GT

|

Global BA

Sup.l

3D Detector

oo

Local BA

2D-supervised BA2-Det




3+ s BA2-Det: From 3D Labels to 2D Labels

2D Supervised Monocular 3D Object Detection by Global-to-Local 3D

Reconstruction (arXiv:2306.05418)

d Notable Problems
1. How to recover 3D location of each object with images? oA £ -

v" Global BA + object clustering on point cloud

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

v' Fitting 3D pseudo boxes (complete objects) + learning

[l

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

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




3+ s BA2-Det: From 3D Labels to 2D Labels

2D Supervised Monocular 3D Object Detection by Global-to-Local 3D

Reconstruction (arXiv:2306.05418)

A Global-to-local Pipeline
B Global BA  Global BA - )

v' Scene-level Structure-from-Motion H

v DoubleClustering

v" GBA-Learner (cluster — box) H \fooenen | Dopedee coleamer )

LPC Fitting

H LOCal BA _ (" Local BA Generalization 2DGT 30 Pseudo Lab;\
T T+K Affinity Lop+ Lap
v' BA-Det with 2D label assignment l - i 1B
(LBA-Learner) DEDED=ED ) tweca
Video Sequence \_LBA-Learner Iterative Self-Retraining Label Assignment Y,

v lterative self-retraining




4 % BA2-Det: From 3D Labels to 2D Labels

2D Supervised Monocular 3D Object Detection by Global-to-Local 3D

Reconstruction (arXiv:2306.05418)

d DoubleCluster
m |ocal Point Clustering

Local Point Clustering
Image Sequence

f . FI
. . . wad BT
B Main cluster for each object in . L |
% : b
each frame - 2
. . Background . Global .
B Global Point Clustering oo point Clusteing
4t

m Temporal cluster merging F9 et
B Main cluster for each object in e .

a I I fra m eS Structure-from-Motion Temporal Point Aggregation




4 % BA2-Det: From 3D Labels to 2D Labels

2D Supervised Monocular 3D Object Detection by Global-to-Local 3D

Reconstruction (arXiv:2306.05418)

d Experiments
» Main results on WOD > Ablation study

Method | 3D Sl.lp. | 3D AP5 3D APHs 3D AP50 3D APH50 | LET APLS[} LET AP50 LET APHs() Ne w/ 3D Ng w/ 2D Gg Ty w/d Tter. OBA | 3D AP5 3D APH5 LET APL50 LET AP5()
PatchNet [2£] 100%! - - 292 2.74 - - - v 20.97 6.70 4.27 7.28
M3D-RPN [2] 100%" - - 3.79 3.63 - R - v 28.40 11.34 5.02 8.62
PCT [47] 100%1 i i 420 415 i i i v v 33.75 11.94 9.63 16.80
MonoJSG [22] 100%" - - 5.65 547 - - - v v AL1T 2873 12.23 2141
GUPNet [27] 100% i i 10.02 9.04 i i i v v v v 56.33 42.05 17.87 29.62
- - . v v v v 60.01 44.81 22.24 32.60
BA-Det [10] Stage 1 100% 70.33 69.41 34.70 34.43 50.63 67.30 66.50
BA-Det [10] Stage 1 10% 53.68 52.30 15.44 15.22 28.21 4421 43.23
BA-Det [10] 100% | 72.96 71.78 40.93 40.51 54.45 68.32 67.36 T
BA-Det [10] 10% 57.29 55.27 19.70 19.27 32.53 46.91 45.52 -
SfM [42]4BA-Det [10] 0% 0.75 7.34 10.75 3.31 = = =
BAZ-Det(Ours) 0% 8.98 . E ‘3 %
1159, Outperform some 3D fully- i ! t g
+ 5% .
supervised methods
3D AP; 3D APH; LET APLs LET APs s ey
Method ‘ 3D Sup. ‘ 030 3050 50-00 ‘ 030 3050 50-0c ‘ 0-30  30-50 50-0c ‘ 0-30  30-50 50-00 ® =, & S, = 3
T B = 3
BA-Det [10] 100% | 87.80 72.52 4845 | 8691 71.52 4698 | 66.15 57.97 3644 | 8274 69.58 4577 Ty Seg o = TR g
BA-Det [10] 10% | 7325 5400 3450 | 7138 5222 32.53 | 3831 3557 2240 | 5698 4728 3111 A S
SfM [42+BA-Det[10] | 0% | 4687 2588 9.09 | 1426 886 284 | 1135 774 260 | 1759 10.12 3.48
BAZ-Det (Ours) 0% | 77.38 5495 3374 | 6454 37.57 21.64 | 2500 2397 14.63 | 3924 3173 2030

(a) BA-Det (10% labeled videos). (b) SfTM + BA-Det (Baseline). (c) BA%-Det (Ours).




3+ s BA2-Det: From 3D Labels to 2D Labels

2D Supervised Monocular 3D Object Detection by Global-to-Local 3D

Reconstruction (arXiv:2306.05418)

d Experiments
B Using SAM instead of 2D gt boxes

(a) Input image examples. (b) Detected 3D boxes from the video. © ©




4 < BA2-Track: Association with Pseudo 3D Location

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

d Motivation

. : : : 3D association is much easier
m Association is hard for 2D multiple object tracking

. . . . Method DS E&}rly . Wrong
B Object occlusion/inaccurate motion model Termination —ASSOSteaTion
CenterPoint 2891 2890 |
B L|ft 2D Ob_jeCt in 3D Space Immortal Tracker(Ours) 114 113 1

B BA2-Det is an example to obtain 3D

representation in any 2D video with

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

B BAZ-Det + association learning




4 < BA2-Track: Association with Pseudo 3D Location

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

 Object Association with Pseudo 3D Representatlon

m 3D object feature from center  osiceone [ —em— }_ """"""""" =" | Y
| | 3| —I ) — | e
m 2D/3D feature concatenation = gy
§| —mm— Z }
O t - 2.D t SD t  — : Positional
( )fj — [( )ij( )fj] | —EE— N T Feat
. Cro Ss_g r aph GCN Object-wise Feature Extraction Association Supervision E E E
Ot [, Ot N | N
(l—l—l)f; _ MLP((I)f;{— || fj||2 _mj )7l c [Oj L—l] . / . Depth Supervisiopn ><
(Dmt—1 | Predicted  Patch : _
|| mj ||2 ; Box Cropping xtra L / . Matched Pairs

. G ra p h m a tc h i n g fro m G M Tra C ke r Appearance Feature Extraction Positional Feature Extraction nmatched Pairs
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+ BA2-Track: Association with Pseudo 3D Location

-

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

d Experiments
m 2D MOT m Ablation study

Method | +Label +Data | HOTA | AssA IDSw. MOTA

QD-3DT [19] iDGT 7277 | 72.19 206 85.94 H
SOTA performance on WOD and KITTI oot ST | 2T B me s + 1.1 MOTA and 1.6 IDF1 with pseudo 3D rep.

. OC-SORT [4] PD 76.54 | 76.39 250 90.28
Method | Backbone | Split Category | MOTA+ IDFI 1 PermaTrack [49] PD | 7803 | 7841 258 91.33 | MOTA1 IDFIt FP| FN| IDSw. |
IoU baseline [29] | ResNet-50 | val ~ Vehicle | 38.25 - RAM [451 PD | 7553 | 8094 210 9161 -
Tracktor++ [1, 29] | ResNet-50 | val  Vehicle 42.62 - ?DTEI?,;;\[:LJ] . gggg ggg 35 gjg; Baseline _ 51.0 62.3 8709 331056 9100
RetinaTrack [29] | ResNet-50 | val  Vehicle | 44.92 - e g 7230 | 1088 B3 +low-quality dets [62] | 53.4 643 13058 309653 9005
QDTrack [12] ResNet-50 | val Vehicle 55.6 66.2 LGM [50] 73.14 | 7231 448  87.60 +GNN 56.5 66.5 20381 278752 10129
_ H DEFT [5] 7423 | 73.79 344 88.38 :

P3DTrack (Ours) DLA-34 | val  Vehicle 55.9 65.6 PADTrock (Ouzs) 7459 | 7686 219 8560 +3D representation 57.6 68.1 33587 258066 9920

m 3D MOT

Better than pretrained/geometric-based depth
Better than monocular 3D MOT method QD-3DT

3D rep from | MOTA1 IDF1+ FP| FN| IDSw. ]
| Fully Sup. | MOTA59 1 Mismatchso | MOTA3p T Mismatchyo | P3DTrack (Ours) | 57.6 68.1 33587 258066 9920
D-3DT[11] v 0.0308 0.00550 0.1867 0.01340
ocapr [9] ‘ v ‘ 0.0480 0.00180 0.2032 0.00690 SEM [44] 55.5 668 55823 249935 11145
MiDa$ v3 [38] 55.7 634 34514 259471 21058

SfM [42]+BA-Det [10]+Immortal [48] 0.0011 <0.00001 0.0652 0.00038
BA2-Det (Qurs) 0.0352 0.00002 0.1522 0.00008
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< Summary

B BA-Det — BA2-Det — BA2-Track
m 3D detection — 2D/3D MOT
m Fully supervise — Weakly-supervise — Self-supervise

B Object reconstruction — Scene+object reconstruction

EIJ"@

Demos: https://ba2det.site/

Gt
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