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Objective & applications
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Problem Statement

(TT T TSI mmmm e Build a feature/embedding space
Person Re-ldentification (RelD) in which RelD becomes trivial
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Core contributions : overview
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RelD limitation in presence of occlusions

Global RelD descriptors
@ / distance ? m
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Top 7 retrieved samples
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Our solution to occlusions : Body Part-Based RelD

Part-based RelD method
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BBPRelD challenges

Training part-based methods is challenging:

Challenge 1

X RelD datasets do not provide human parsing labels

Challenge 2
X Parts can not simply inherit from ID labels.

Some parts might Some parts are
be occluded non-discriminative
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BPBrelD Architecture

BPBrelD
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from human parsing labels.
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Gallery

BPBrelD Retrieval

(Ours) b
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Remaining Issue

Target
| S

Occluder
Occlusions from objects X Occlusions from other persons
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Remaining Issue

Multi-Person Ambiguity (MPA)

Incorrect ranking

Occluder
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Our solution to address Multi-Person Ambiguity

Keypoint Prompts!

Query

Correct ranking
Image + Prompt Attention

sp@rtradar W UCLouvain cePFL




KPR: Keypoint Promptable Re-ldentification

sp@rtradar

BPBrelD
A

Image + Prompt

oooo
oooo
oo
I:>I:II:IIZII:I
oooo
oooo
oooo

Encoding

D Part-based Embeddings . Background

v Visible
X Invisible
oooo
oooo
oooo
I:>I:IIII:I
ooEo
ooEo
: ooEo
Assign a part ooDo
to each token
Pooling per part
Part-based Head
B UCLouvain

N

av
Oov
Oov
av
O x
O x
O x
O x

&

Human Parsing

Jd Gt Loss.

Loss

=P

=



KPR: Keypoint Promptable Re-ldentification
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Ablation Studies

 Baseline; 61.8% Rank-1
« KPR + BPBrelD: 79.8% Rank-1 (+18%)
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Core contributions : overview
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Motivation

Need for Context-Aware Feature Fusion

Past Frames

Current Frame

Past Tracklets
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Need for Group-Aware Re-ldentification

Which features are discriminative?

= It depends on the group!
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CAMELTrack : Context-Aware Multi-Cue ExpLoitation

GAFFE = Groupe-Aware
Feature Fusion Encoder
(using a tranformer)
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Dancetrack Dataset
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Performance

On SportsMOT:

® +6.1% HOTA vs baseline

o +3.2% HOTA vs SotA SORT-based heuristic method

e +85% HOTA vs SotA end-to-end (E2E) learned method
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Presentation Overview

BPBrelD (WACV23)
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CAMELTrack (Under Review)
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https://arxiv.org/abs/2505.01257

https://qgithub.com/TrackinglLaboratory/ CAMELTrack ;

https://qgithub.com/TrackingLaboratory/tracklab
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Main contributions presented today

Sports specialized tracking and RelD methods
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New benchmarks for computer vision in sports

An open-source research framework for MOT
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Multi-view 3D Human Pose
Estimation

Seyed Abolfazl Ghasemzadeh and Christophe De Vleeschouwer



Goal

3D Pose
in absolute

Multi-view Images .
world referential

Multi-view 3D

Pose Estimator
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SOTA

SOTA: In-the-lab Images = 3D Pose
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Challenges

SOTA: In-the-lab Images = 3D Pose
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Requires multi-view images + 3D GT

Model is specific to .
acquisition set-up |:> Impractical
deployment.

(scene & cameras).
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Our Approach

SOTA: In-the-lab Images = 3D Pose

=

AVN

)
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

J

Multi-view 3D * \?’

1
1
1
1
1
Pose Estimator | :
1
1
/

o

N NN NS N NN NS NN NN NN NN NS NS NN NN NS N NN NN N NN S N RSN NS SN NS S S R S S

A

Multi-view 2D
to 3D Pose
Lifter

Monocular
2D Pose
Estimator

,—----§
g
N ——————

Good accuracy in-the-wild

27



Our Approach

SOTA: In-the-lab Images = 3D Pose
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3D Dataset Generator
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T —
Data generated for arbitrary camera parameters

3D Pose
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Model agnostic to camera parameters:
3D rays to represent 2D keypoints.

[ In-the-wild Images = 2D Poses = 3D Rays = 3D Pose ]

/ 2D point to 3D ray \

Image
Iplane

Image plane
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view 2D to 3D
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Stage 1: Off-the-shelf 2D pose estimation Stage 2: Our Universal Multi-view 2D to 3D pose lifter
on each view
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. View 1 View 2
Transformer-based architecture s ﬁ }f
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Results

On Human3.6M On CMU
Method # Views 4 MPJPE (mm) Method # Views 4 MPJPE (mm)
PPT [1] 4 196.2 Learnable-triangulation [2] 5 130.9
Triangulation 2 121.2 PPTI1] 5 114.2
Triangulation 2 43.0
MPL (ours) [ Cameraspecific ) 2 53.3
MPL (ours) | Cameraspecific = 2 29.3
MPL (ours) + RCS 2 437.5 MPL (ours) + RCS 2 274.9
RUMPL (ours) 2 52.5 RUMPL (ours) 2 30.8

[1] Ma et al. “PPT: token-pruned pose transformer for monocular and multi-view human pose Estimation,” ECCV 2022.
[2] Skakov et al. “Learnable triangulation of human pose,” ICCV 2019.
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Publications

f Directly related:

1. S. A. Ghasemzadeh, A. Alahi, and C. D. Vleeschouwer, “RUMPL: Ray-based Transformers for Universal Multi-view 2D to 3D
Human Pose Lifting,” in IEEE International Conference on Computer Vision (ICCV), 2025. (Submitted)

2. S. A. Ghasemzadeh, A. Alahi, and C. D. Vleeschouwer, “MPL: Lifting 3D Human Pose from Multi-view 2D Poses,” in Proceedings
of the IEEE/CVF European Conference on Computer Vision (ECCV) Workshops, 2024.

3. S. A. Ghasemzadeh, G. V. Zandycke, et al., “Deepsportlab: A Unified Framework for Ball Detection, Player Instance Segmentation
and Pose Estimation in Team Sports Scenes” in Proceedings of the British Machine Vision Conference (BMVC), 2021.

- /

* Remotely related:

1. E. Lacroix, et al., “Walking towards the future — Exploring OpenTUG's validity in automatic walking activity analyses and the
relationship with cognition in vestibular patients,” in Behavior Research Methods, 2025. (Submitted)
2. A. Maiorca, et al., “Impact of 3D Cartesian Positions and Occlusion on Self-Avatar Full-Body Animation in Virtual Reality,” in /EEE

International Conference on Artificial Intelligence and eXtended and Virtual Reality, 2025.

3. V. Somers, et al., “SoccerNet game state reconstruction: End-to-end athlete tracking and identification on a minimap,” in
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR) Workshops, 2024.

4, A. Maiorca, et al., “Self-Avatar Animation in Virtual Reality: Impact of Motion Signals Artifacts on the Full-Body Pose
Reconstruction,” in arXiv, 2024. /
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Thanks for your attention!
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