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Introduction: Multiple Animal Tracking (MAT) Unsupervised Multiple Animal Tracking (UMAT) Capturing Dynamics via a Velocity-informed GPR [1]

Goal: Track each individual animal present in the video.

Our Unsupervised and Online Approach Combines:

x; = (x;,y;). center of the object :
v,. velocity.

Key Challenges: » Tracking-by-detection
edata aSSOCiatiOn; ‘BayeSian nOnparametriC (BNP) mOdeIing: €L, — f(?f) ~ GP (m(t), /i(t@', tj)) (1)
. unknown # of animals: —Streaming-data BNP mixture inference for modeling appearance; v, = f'(t) ~ GP' (m/(t), K (t;, t;)) (2)

— A velocity-informed Gaussian Processes Regression (GPR) for predicting bounding boxes;
—A data-association mechanism related to DP means (a BNP extension of K-means).

* A new state machine for handling occlusions and detection noise.

*each animal may be present in any subset of the frames;

*the appearance, shape, and location of each trajectory can change across
the video;

*occlusions;
for animals, it is usually hard to obtain video-level supervision.

GPR predictive mean/variance = an ellipse the object center can be in.

Contributions
* A new unsupervised online method for multiple animal tracking;
* A new gdataset.
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(c) Frame 100

Left: at first, the uncertainty is high (large ellipses). Right: as more mea-
surements arrive, the uncertainty decreases (smaller ellipses).

The MAT Dataset

*15 movies with various animals;
* We provide ground-truth trajectories;
*We use it only for evaluation.
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* N,;: # of visual topics at time ¢ (in this example: N; = 16).
*Visual words are assumed to be drawn i.i.d. from a visual topic model.
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— * The appearance model of a new Object O, + 1, ¢ at time ¢t + 1:
Quantitative Results K,
Z O opic (4)
Methods MOTA+ HOTA+ IDF1i+ IDSW| TP*? FN]  FP t,k PIC g -
Mask Track 39.681 44 817 48.138 265 14252 19769 487
UniTrack 84.333 69.464 /6.7/781 354 29830 4191 /85
GTR 80.336  70.628  75.273 334 29050 4971 1385 References
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