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Motivation

Geiger et al, CVPR’14
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Motivation
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But How About These?
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The Long Tail
Source: Rahman et al., ACCV’18
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Reminder: Vision-based MOT

• Matchs detections to tracks
• Association costs

– distance
– appearance
– IoU
– ...
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3D MOT: Advantages

• No distortion due to projection
– Object velocity vs. “apparent” velocity
– Less sensitivity to illumination changes

• Incorporate geometric constraints
– In 2020, cars don’t fly …
– 3D size of target classes, max velocity

• Additional sources of information
– Stereo, RGB-D cameras
– LiDAR

CCD

“3D” 
motion 
vectors

“2D” optical flow 
vectors
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Challenges

• Depth sensor characteristics
– Limited scan range
– Reflective surfaces
– Resolution decreasing with distance

• Mobile platform
• Precise localization of objects

– 3D bounding box: 
• position,
• size, 
• orientation

Source: Yuan et al., 3DV’19
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3D Tracking-by-
Detection
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CIWT: Stereo-Vision Based 3D MOT

• Input: stereo images
• Object detections

– 2013 - 2016 rapid progress in the field of (image-based) 
object detection (R-CNN family)

• Goal: 2D MOT, but:
– Utilize stereo
– Infer 3D trajectories of objects
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Osep et. al., Combined Image- and World-Space Tracking, ICRA’17
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CIWT: Stereo-Vision Based 3D MOT
• Objects should be localized in 3D space precisely
• Objects should be tracked even when far away from 

camera
– “reliable depth”: 40xbaseline (KITTI: ~20m)
– OK to be “a bit off” when object is >100m away …
– But we need to see them coming!
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Paz et al., 
IEEE Transactions 

on Robotics'08
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CIWT - 3D Localization
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CIWT - 3D Localization
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Osep et. al., Multi-Scale Object Candidates for Generic Object Tracking in Street Scenes. ICRA’16
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Detections

3D Proposals

CIWT - 3D Localization
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CIWT - 3D Localization
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association 
scores

overlap 
penalties

QPBO
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CIWT - 3D Localization
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CIWT - 3D Localization
• Why object proposals?
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What do we do with these?
Stay tuned ...
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CIWT - Tracking
• We localized objects in 3D space!
• Now:

– Associate (3D-localized) detections to tracks
– Estimate track states

• Intuition
– Image - we can localize bounding boxes well
– 3D - we can localize object centers well
– 3D bounding box IoU won’t do -- why?

• Association costs
– How well predicted 3D positions match observations?
– How well redicted (image) boxes match observations?
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CIWT - Tracking

• Association costs
– How well predicted 3D positions match observations?
– How well redicted (image) boxes match observations?

• How to obtain predictions?
– Need to know how these things move!
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Tracking with Dynamics

• Key idea
– Given a model of expected motion, predict where 

objects will occur in next frame, even before seeing the 
image

• Goals
– Restrict search for the object
– Improved estimates since measurement noise is 

reduced by trajectory
– Smoothness
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Reminder: MOT

• State vector

• As the track evolves:

• Observations (set of measurements):

• Data association
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Reminder: (Extended) Kalman Filter

• Prediction

• Correction
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measurement

“control” 
signal

Kalman “gain”

observation 
uncertainty
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Reminder: MOT

• Kalman filter 

• Innovation

• Observation likelihood

• Gaiting volume:
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Recognize this?
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CIWT

• Challenge: moving robot platform
– Perceived motion of objects is 

relative motion
• Our approach

– Extended Kalman filter for modelling 
object dynamics

– Scene geometry -- ground plane
– Explicitly estimate ego-motion
– “Tie” image bounding box 

predictions to the geometry
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t

t+1
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CIWT

• Joint 2D-3D state representation

• Why?
– Need to have a reliable prediction of 2D bounding box
– Need to have a 3D estimate of the object
– Keep tracking objects outside of the stereo range
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CIWT

• State transition function 
– is ego-motion estimate, obtained using visual 

odometry estimator (could also use robot odometry)
– Weakly couple 2D-3D state (projection-backprojection)
– Provide 2D bounding box prediction, tied to the 

estimated 3D geometry
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Observation

PED
.
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CIWT
• Observation

– Opportunistic approach -- update the state 
with all you’ve got

– May as well just be a 2D bounding box
• 3D measurement uncertainty

– Impact of a “small change” in the image domain to 3D 
localization uncertainty?

– Linear error propagation

Jacobians of the 
projection left and right 
camera matrices

Diagonal measurement 
noise matrix (measurement 
noise of 0.5 pixel)
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Results - Video
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Results (2D)
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KITTI Tracking Benchmark, February 2017
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Results (3D)
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Lower is better!
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Deep Learning on Unordered Sets

• Seminal paper by Qi et al., CVPR’17
• Game-changer
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PointRCNN
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Shi et al., PointRCNN: 3D Object Proposal Generation and Detection from Point Cloud, CVPR'19
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Pseudo LiDAR
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Wang et al., Pseudo-LiDAR from Visual Depth Estimation, CVPR'19
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AB3D-MOT

• Strong 3D object detector, simple tracker
– Association: bi-partite matching, only 3D IoU
– Dynamic model: const-velocity Kalman Filter
– Why does it “simple” approach work so well?
– Why is 3D IoU now a good idea?
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Weng et al., A Baseline for 3D Multi-Object Tracking, arXiv’19
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AB3D-MOT
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3D Open-set MOT
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Making Tracking Category-Agnostic Again

• Vision-based tracking 
back in the days …

• Robotics
– LiDAR bottom-up 

segmentation
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Towards Open-set MOT

• SONAR, RADAR

• Vision-based tracking
– How to obtain object cues? => Object detections!
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Towards Open-set MOT

• Goal: track any object
• How to obtain object cues?

– Bottom-up object proposals?

Cho et al., CVPR’15
EdgeBoxes (Zitnick&Dollar et al., ECCV’14),  KITTI
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Challenges

• Data association (several hundred 
observations/frame)

• Bounding boxes actually not that awesome 
representation for arbitrary objects
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2016: Learning to Propose Objects using CNNs

• Pinheiro et. al., NIPS’16 (Deepmask), ECCV’16, 
(Sharpmask), data-driven

• Big step forward -- but still many (>100) 
proposals/frame needed!
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2017: CAMOT

Object Proposals 
(learned)

Stereo Video

Proposal 3D localization
Proposal Track Generation 
(jointly 3D - image space)

Track Classification + CRF

Osep et al., Track, Then Decide: Category-Agnostic Vision-Based Multi-Object Tracking, ICRA’18
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CAMOT

• Parametrize target state using 3D position and 
segmentation mask (const-velocity Kalman Filter will 
do)

• Mask - RLE (size ~ O (sqrt(#pixels))
– Operations, such as mask IoU do not require decoding!
– Mask IoU ~ O (sqrt(M)*sqrt(N))

• M, N … mask area 
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Putting Everything Together

Object Proposals 
(learned)

Stereo Video

Classification + InferenceProposal Track Generation and Scoring 
(jointly 3D - image space)

t-1 t
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4D Generic Video-Object Proposals

• Based on CAMOT, offline object proposal generation
• Use Mask R-CNN, trained in category-agnostic 

setting
– Additional “fine” classification head provides semantic 

information about objects seen during the training
– 80 object classes seen during the training

Osep et al., 4D Generic Video Object Proposals, ICRA’20
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Learning to Segment Every Thing

• Jointly train a variant of Mask R-CNN on COCO (80 classes) and a 
large-scale Visual Genome dataset (3K+ object classes with 
bounding box level supervision!)
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Results

4D-GVT Mask R-CNN MaskX R-CNN (vanilla) MaskX R-CNN (all)
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Can we Generalize Well?

Mask X R-CNN:
Visual Genome + COCO

(3,000+ classes)

4D-GVT (and all others):
COCO (80 classes)

CV3DST | Dr. Aljosa Osep and Prof. Dr. Laura Leal-Taixé 50



Are Mask and Motion Consistency 
Useful Objectness Cues?

YUP
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Why is All This so Cool?
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Why is All This so Cool?
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Slide Credits

• A few slides recycled from Bastian Leibe, RWTH 
Aachen University

• Slide 22, figure from Roger R Labbe Jr: Kalman and 
Bayesian Filters in Python
– In case you want to learn more about Bayesian filtering, 

check out his cool Jupyter notebook: https://github.com/rlabbe/Kalman-and-
Bayesian-Filters-in-Python
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Thank you for your 
attention!
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