L\;Concordia Vin/\i

RESEARCH

c KHO
SR
Q A
O Cc
5 =
UNIVERSITY OF % =
ARKANSAS v TP.HO CHI MINH <

1. Introduction

Most of previous matching approaches rely on an underlying re-ID model
and perform classical matching algorithms, i.e. clustering, nearest
neighbors, hungarian algorithm.

DyGLIP: A Dynamic Graph Model with Link Prediction for

Accurate Multi-Camera Multiple Object Tracking
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4. Dynamic Graph with Self-Attention Module
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Fig 1: Objects’ transition from an indoor to an outdoor environment can be totally different.
Left: MCT dataset [1], Right: CityFlow dataset|[2].

2. Contribution

* We introduce a novel MC-MOT framework which uses the link
prediction in conjunction with a dynamic graph formulation.

* The proposed dynamic graph allows dynamically accumulating temporal

and spatial information by incorporating with attention mechanism.

3. Dynamic Graph Formulation
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Fig 2: We maintain a dynamic graph during our tracking process.

Fig 3: Structure of Structural Attention and Temporal Attention Layers.

Our attention layers take into account not only the provided embedding
features but also the camera information and timestamp position encoding.

5. Link prediction and model learning

We compute dot product of two transformed vector to measure their
similarity. The loss function is a combination between binary cross-entropy
and classification:
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6. Quantitative results

Mask-RCNN Features on CAMPUS Dataset Onginal Features on CAMPUS Dataset Attentional Features on CAMPUS Dataset
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Fig 4: Node embedding in t-SNE space.

Features produced by DyGLIP form better clusters than the original
features.
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Fig 5: Results on MCT [1] dataset.
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