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3D Computer Vision: 
Detection, Tracking 
and Segmentation
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Motivation
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A Brief History
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1984: NavLab Project
● So far: indoor robotics, laboratory 

settings (left: Shakey the robot)
● NavLab project takes robotic 

perception outdoors! (right: 
NavLab 1)
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● NavLab 1: 3D vision!  
● Stereo? ERIM scanner => early LiDAR sensor! 

○ 50kg, 
○ 40m range, 2 frames/sec
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🤣

1986: NavLab 1
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● 3D vision
○ Terrain mapping and vehicle localization
○ Road segmentation
○ Obstacle “detection”
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1992

1986: NavLab 1
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Early Obstacle Detection!
● Grid + cell classification
○ Estimate per-cell normal
○ Deviates from “up” vec?

● Cluster obstacle cells to obtain 
regions (obstacles)
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1995: NavLab 5
• The first autonomous coast-to-

coast drive!
– 2,849 mi (Pittsburgh -> San 

Diego), 2,797 mi autonomous 
(98.2%), avg. 63.8 mph

• Detection + tracking using line 
laser [Zhao&Thrope, CVPR’98]
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● 142-mile long course, Mojave desert (10h)
○ 2004: 107 teams registered and 15 raced
■ None navigates for more than 5% of the entire course!

○ 2005: 195 teams registered and 23 raced. 
■ Five teams finished. 
■ Winner: Stanford’s robot “Stanley”, 

■ 6 h, 53 min 
■ CMU team 2nd (NavLab 11)
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DARPA 2005 Urban Challenge
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● Vehicle state estimation: 
○ GPS, IMU, wheel encoders
○ Extended Kalman filter

● 3D Vision: lidar-based terrain segmentation and 
mapping: detect non-drivable terrain ahead!
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DARPA 2005 Urban Challenge
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Thrun et al., Stanley: The Robot That Won the DARPA Grand Challenge. The 2005 DARPA Grand 
Challenge. Springer Tracts in Advanced Robotics’07
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“While the DARPA Grand Challenge was a milestone in the quest for self-driving cars, it left open a 

number of important problems. Most important among those was the fact that the race 

environment was static. Stanley is unable to navigate in traffic. For autonomous cars to succeed, 

robots, such as Stanley, must be able to perceive and interact with moving traffic. While a number 

of systems have shown impressive results [...], further research is needed to achieve the level of 

reliability necessary for this demanding task. 

DARPA 2005 Urban Challenge
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● 60 mi urban area course, 6 h
● Obey traffic laws
● CMU team 1st, Stanford 2nd
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DARPA 2007 Urban Challenge
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● 2005: static world
● 2007: 60 mi urban area course, 6 h

○ Competing robots + human professional drivers
○ Early object detection and tracking! 
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RSS’04 ICRA’11

3D Mobile Perception Landscape
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3D Object Recognition via 
Classification of Object Tracks

Teichman et al., ICRA’11:
● “Object recognition is a critical next step 

for autonomous robots”
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● “A solution would include segmentation, tracking and 
classification components, and would allow for the 
addition of new object classes without the need for an 
expert to specify new models”
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3D Object Recognition via 
Classification of Object Tracks

● Data: Stanford Track Collection
○ Bottom-up point cloud segmentation
○ Tracking (Kalman filter)
○ Label tracks!
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● Extract features + classify
● Results:

3D Object Recognition via 
Classification of Object Tracks
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3D Object Recognition via 
Classification of Object Tracks
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Tracking-Before-Detection 
Segment &
Track

Classify

Teichman et al., Tracking-Based Semi-Supervised Learning, RSS’11
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Segmentation is Difficult!
● Interacting objects, crowded scenes
● Sensor resolution decreasing with distance from the 

sensor, “holes” due to reflective and low-albedo 
surfaces
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Figure from Held et al., A Probabilistic Framework for Real-time 3D Segmentation using Spatial, Temporal, and Semantic Cues, RSS’16
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3D Computer Vision in the 
Era of Deep Learning
Learning Representations from 3D Data



CV3DST | Laura Leal-Taixé, Aljoša Ošep

Source: Qi et al., CVPR’18

Challenges
• Depth sensor characteristics

– Limited scan range
– ``Non-cooperative`` materials
– Sparse and unstructured signal

• Mobile platform
• Object localization in 3D

Source: Yuan et al., 3DV’19
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Deep Learning on Point Clouds
● Signal representation?

Slides adapted from Charles Qi CVPR presentation slides (https://web.stanford.edu/~rqi/pointnet/docs/cvpr17_pointnet_slides.pdf)
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https://web.stanford.edu/~rqi/pointnet/docs/cvpr17_pointnet_slides.pdf


CV3DST | Laura Leal-Taixé, Aljoša Ošep

Voxel Grids + 3D Convolutions?

23

Maturana et al., IROS’15 

Y’all just compute occupancy 

maps, learn representations 

using 3D convs and classify!
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Voxel Grids + 3D Convolutions?
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Deep Learning on Point Clouds
● Signal representation?

Slides adapted from Charles Qi CVPR presentation slides (https://web.stanford.edu/~rqi/pointnet/docs/cvpr17_pointnet_slides.pdf)
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https://web.stanford.edu/~rqi/pointnet/docs/cvpr17_pointnet_slides.pdf
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Deep Learning on Unordered Sets

• Seminal paper by Qi et al., CVPR’17
• Game-changer
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Qi et al., CVPR’17: 

Y’all should just take raw point 

clouds, use a (shared) MLP to 

encode points to K-dim and max-

pool!
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Deep Learning on Point Clouds
● End-to-end learning for unordered point data

● Challenges: 
○ Unordered: need repr. invariant to N! permutations!
○ Invariance under geometric transformations: 

■ Rotation/translation should not alter classification results!
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Slides adapted from Charles Qi CVPR presentation slides (https://web.stanford.edu/~rqi/pointnet/docs/cvpr17_pointnet_slides.pdf)

https://web.stanford.edu/~rqi/pointnet/docs/cvpr17_pointnet_slides.pdf
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Permutation Invariance

● How can we construct a family of symmetric 
functions by neural networks?
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Slides adapted from Charles Qi CVPR presentation slides (https://web.stanford.edu/~rqi/pointnet/docs/cvpr17_pointnet_slides.pdf)

https://web.stanford.edu/~rqi/pointnet/docs/cvpr17_pointnet_slides.pdf
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Vanilla PointNet
● Observe:

● PointNet: MLP + max pooling
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Slides adapted from Charles Qi CVPR presentation slides (https://web.stanford.edu/~rqi/pointnet/docs/cvpr17_pointnet_slides.pdf)

https://web.stanford.edu/~rqi/pointnet/docs/cvpr17_pointnet_slides.pdf
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Invariance to Transformations

30

Slides adapted from Charles Qi CVPR presentation slides (https://web.stanford.edu/~rqi/pointnet/docs/cvpr17_pointnet_slides.pdf)

https://web.stanford.edu/~rqi/pointnet/docs/cvpr17_pointnet_slides.pdf
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Network Architecture

31
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Kernel Point Convolution: KPConv
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Kernel Point Convolution: KPConv
● Kernel Point Convolution

○ Convolve input points with KPConv (radius-nbhd)
○ KPConv: kernel points + (learnable) weights

34



CV3DST | Laura Leal-Taixé, Aljoša Ošep

Network Architecture

36
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Deep Learning on Point Clouds
● Signal representation?

Slides adapted from Charles Qi CVPR presentation slides (https://web.stanford.edu/~rqi/pointnet/docs/cvpr17_pointnet_slides.pdf)
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https://web.stanford.edu/~rqi/pointnet/docs/cvpr17_pointnet_slides.pdf
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Sparse 3D Convolutions
VoxelNet: point cloud -> occupancy map -> 3D conv
● Pros:

○ Convolutional networks are effective and well-
consolidated!

● Cons:
○ Expensive! 
○ Observe:

■ 3D space is “mostly empty”
■ Lidar: sparse!

● Can we get best of both worlds?

38

Example sparse 3D tensor

Left: lidar; Right: RGB-D
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Signal Representation
● Regular image signals: dense matrices, tensors

○ Conv. op.: dense matrix multiplication
● Sparse signals: data list + index list

● Conv. op. that leverages such a sparse representation 
to save computation?

39

5x5 image with three 
channels, 5x5x3 tensor

Sparse form:
● Data list is [[0.1, 0.1, 0.1], [0.2, 0.2, 0.2]]

● Index list is [[1,2], [2, 3]]

● YX order

Active sites

Figure credits: Zhiliang Zhou
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First Try: Sparse Convolutions
Conv. kernel: Output (data/index list):

● Sparse convolutions: as 2D, but skip “empty space”!
○ Issue: submanifold dilation:

40

M. Engelcke et al., Vote3Deep: Fast Object Detection in 3D 
Point Clouds using Efficient Convolutional Neural Networks. 
ICRA’17. 
B. Graham. Sparse 3D Convolutional Neural Networks. 
BMVC’15. 

Figure credits: Zhiliang Zhou

*
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Submanifold Convolutions!
Conv. kernel: Output (data/index list):

● Submanifold convolutions: Do not increase active 
sites!

● Output: kernel must cover input site!
○ Maintains sparsity!

41
Graham et al, 3d semantic segmentation with submanifold sparse convolutional networks. 
CVPR’18

Figure credits: Zhiliang Zhou

*
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Network Architecture
● SSCN networks: FCN, U-Net

○ Combo of SSC and strided SC layers

42

Applied to “active” voxels

Graham et al, 3d semantic segmentation with submanifold sparse convolutional networks. 
CVPR’18
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3D Computer Vision in the 
Era of Deep Learning

Object Detection and Tracking
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KITTI [Geiger et. al., CVPR’12]

● 64 beam lidar, 10 Hz
● Karlsruhe, Germany
● 2 classes

44

nuScenes [Caesar et al., CVPR’20]

● 32 beam lidar, 2 Hz
● Boston, MA; Singapore
● 7 classes

Datasets
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Object Detection: Point RCNN
● Two-stage detector (Faster R-CNN!)
● Stage-I: proposal generation

45
Shi et al., PointRCNN: 3D Object Proposal Generation and Detection from Point Cloud, CVPR'19
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Object Detection: Point RCNN
● Stage-II

46
Shi et al., PointRCNN: 3D Object Proposal Generation and Detection from Point Cloud, CVPR'19
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Point RCNN

47
Shi et al., PointRCNN: 3D Object Proposal Generation and Detection from Point Cloud, CVPR'19
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Reminder: Tracking-by-detection
● Train object detectors for target classes
● Detect + associate over time
● Challenges: noisy detections, occlusions!

48

In: 
Object detections ~ 3D boxes

=> position + orientation

Out: 
Temporally linked detections

3D Multi-Object Tracking
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Object Tracking: AB3D-MOT
• ``Embarrassingly simple``, great performance!

– Dynamics model: const-velocity Kalman Filter
– Hungarian algorithm, 3D IoU as matching cost
– Why does this simple approach work so well in this 

case?

Weng et al., A Baseline for 3D Multi-Object Tracking, IROS’20 50



CV3DST | Laura Leal-Taixé, Aljoša Ošep
51

Per-point 
MLP

End-to-End Detection + Tracking

For each, regress:
● Velocity vector
● Spatial dim. (3)

T. Yin et al., Center-based 3D object detection and tracking from point clouds, CVPR’21
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Summary So Far
Simple (yet effective!) approaches:
● Detect + Kalman filter (Weng et al, IROS’20), 
● Detect + regress e2e (CenterPoint, Yin et al., CVPR’21)
● Associate (Greedy, Hungarian; 3D IoU or Euclid. dist.)
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3D backbone

CenterPoint in a nutshell
Lidar Sequence Detection + velocity

● Modeling long-range geometric relations?
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(Sparse!) Graph
t

3D Detections MPN Classification Output

Polar axis

v
θLocalized polar edge 

parametrization

PolarMOT: Graph Neural Networks!

Kim et al., PolarMOT: How far can geometric relations take us in 3D multi-

object tracking?, ECCV’2022
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● Cartesian coordinates?
○ Works but ... 

54

Polar axis

v

θ

● Localized polar coordinates!
○ Detections ~ two oriented points

■ Velocity magnitude
■ Polar angle 

● Why?
○ Invariant to global ref. frame
○ Non-holonomic motion prior

How to Parametrize?
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● Our method uses CenterPoint 3D detections as input

● Offline (batch) variant is a top-performer (online: same model, 
different graph construction)

● Ablations on (sparse) online graph construction => extra slides!

55

Online vs. offline

PolarMOT: Key Results

Kim et al., PolarMOT: How far can geometric relations take us in 3D multi-

object tracking?, ECCV’2022
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3D Computer Vision in the 
Era of Deep Learning

4D Segmentation
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● Existing datasets (Dense, pre-aligned RGB-D)

● How about sparse LiDAR scans?

3D Semantic Segmentation

Dai et al., ScanNet: Richly-annotated 
3D Reconstructions of Indoor Scenes, 
CVPR’17

Behley et al., SemanticKITTI: A Dataset for Semantic Scene Understanding of LiDAR Sequences, ICCV’19
Fong et al.,. Panoptic nuscenes: A large-scale benchmark for lidar panoptic segmentation and tracking, IEEE RAL 2022
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3D Vision
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● Input: a point cloud sequence
● Output:  per-point semantics + identity (space + time!)

4D Lidar Panoptic Segmentation

59

● 1st benchmark!
○ (Lidar) segmentation and tracking 

quality (point-centric)

● First models / baselines:
○ Detect + segment + track-by-det
○ End-to-end!

Association Quality Segmentation Quality 

4D Semantic + Instance Predictions4D Point Cloud

Ayguen et al., 4D Lidar Panoptic Segmentation, CVPR’21
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Ayguen et al., 4D Lidar Panoptic Segmentation, CVPR’21
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S Semantic head O Objectness head Σ Point variance head ε Point embeddings

t t+1 t+2

Point sampling

S

O

Σ

ε

Encoder-Decoder 
Network

4D Semantic + Instance Predictions4D Point Cloud

61

4D Panoptic Lidar Segmentation

Ayguen et al., 4D Lidar Panoptic Segmentation, CVPR’21
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4D Panoptic Lidar Segmentation

Ayguen et al., 4D Lidar Panoptic Segmentation, CVPR’21
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● Lidar panoptic segmentation community: bottom-up
○ Segmentation-centric methods
○ Instance segmentation as point-grouping

63

F. Hong, H. Zhou, X. Zhu, H. Li, Z. Liu: LiDAR-based Panoptic Segmentation via Dynamic Shifting Network, CVPR’21

R. Razani, R. Cheng, E. Li, E. Taghavi, Y. Ren, L. Bingbing: GP-S3Net: Graph-based Panoptic Sparse Semantic Segmentation Network, ICCV’21

Semantic Segmentation Center-Offset Instance Prediction

DS-Net

Semantic Segmentation Graph-Based Instance Prediction

GP-S3Net

● Bottom-up approach pitfalls:
○ Instance prediction is very local

=> Over & under segmentation! 

(4D) Panoptic Lidar Segmentation
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Per-point 
MLP
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tS
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MOST: Modal Segmentation and 
Tracking

Agarwalla et al., Modal Recognition for Lidar Panoptic Segmentation and Tracking, arXiv 2022 (soon!)
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MOST: Results

Agarwalla et al., Modal Recognition for Lidar Panoptic Segmentation and Tracking, arXiv 2022 (soon!)
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MOST: Results

Agarwalla et al., Modal Recognition for Lidar Panoptic Segmentation and Tracking, arXiv 2022 (soon!)
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Hey, How About Stereo?

67
Wang et al., Pseudo-LiDAR from Visual Depth Estimation, CVPR'19
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Takeaways
● 3D vision: robots operate in 3D world! 3D scene 

understanding is crucial.
● Nowadays, we know how to learn representations

from unstructured point clouds, yay!
○ => 3D object detection, semantic/instance 

segmentation, tracking!
● 3D detection/tracking/segmentation vibrant and 

exciting area of research!
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Thank you for your 
attention!


