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Continuous detection

and identification of multiple objects in a video.
s (our proposal). An ANN

3. DistSynth: estimating per-instance distance from a monocular image

Case study: refining costs related to 2D positions through 3D cues.
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. TrackFlow: Multi-Object Tracking with Normalizing Flows
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6. Experiments: multi-object tracking

Results on
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Tracking-by-detection. For giving, for each detected object, its i i
each irame, candiaate distance from the camera. " 5 = || OTsynth) Easy Hard
bou ndlng bOXeS are glven . . :::::::::::: STIToooIIoo] i é i Metrics HOTA+ IDF1 ¢+ HOTA?t IDF11+ HOTAt IDF1?
and associated with tracks. It exploits the Feature Pyramid s e . @ € SORT 6348  79.40 5031 6211 3748  45.13
Network (FPN) layout to preserve 2 |TrackFlow 031 1007 081 163 ‘074 156
the visual details of distant objects. : Upsample ByteTrack 63.22  80.84  49.91 6246  37.61  46.15
_ I:I [l[ + TrackFlow GT +3.76 +2.82 +5.47 +5.51 +5.08 +4.60
It takes the previous L =5 frames + TrackFlow +0.13 +1.80 +0.47 +1.21 +0.88  +1.81
Pose, depth maps, or as additional input to exploit seecion S oy 00 SLOL R G350 asI0 e
thermal data can encode a temporal patterns and to handle + TrackFlow 1044 +0.84 +060 +1.09 +1.17 +1.96
deeper and robust | | temporary occlusions. Improved — —
understandlng of the motion Cost identity Metrics HOTA+ IDF1t HOTAt IDF1 ¢
and the scene. Funetion 4. Fusing costs: formulation 5. TrackFlow accuracy and L vackfiow 178 141 015 1022
_ _ Byte Track 67.73 79.81 58.94 74.89
HO';I;_R; flése C(?StS.fI;Om Given the track 7', a candidate - Drevious en hsailhfgedl‘;/‘) ent + TrackFlow  +0.40 +0.23 +0.54  +0.06
mutipie domains into a detection D and the resulting displacements A, - — @ L Tracks - T TrackFlow 1035 1112 1053 107
smgle association metric? | _ p DIStSynth : Normalizing of IDF1. + TrackFlow +0.35 +1.12 +0.53 +0.76
' Aw.n, and Ay, we define the fusing cost (7', D) T oo mmmTmmmee s . Flow
g . | | as the negative log-likelihood: A - - - -
Existing works [4, 3] such as Deep SORT exploit . . [23 Detectorj N Cost 7. Experiments: distance estimation
handwritten formulas or heuristics: O(T, D) = —logPy(D e T|T). A -1 N\ Z Matrix
g NI (G | o . o .
Cijj = Ad 7 (1,7) + (L= A)d* (i, 7). We apply Maximum Likelihood Estimation o CT
- . . (MLE) and learn a deep generative model - g ’Q 1| & 7
The existing fusing strategies: . L L |5 n =
“F assume the costs to be independent J([Bp, Auw.n, Aal| T, 0) promoting the Tikelihood | - 5 | == o |+ 2 [ 3 1 8
P of correct associations. 5 S G| = 5 e P e Y
& weigh the costs always the same, | | ) U L - Metrics  0..2,1 RMSE| ALPGO5m ALPGlm ALPa2m
overlooking Instance- and scene-related The des'Qn of f (‘Tv ‘9) derives ( Previous M Context SVR 26.7%  12.5 3.4% 6.8% 13.8%
peculiarities (e.g., camera motion, lighting | | from normaizing flow mode’s, which crealc an Jrack L) {Lencoder Zuetal[s] oive 205 aiwh ok TS5
conditions, etc.) Invertible mapping between a tractable base The mapping is carried out through a sequence DistSynth  99.1%  1.91 48.0% 68.9%  86.1%

Goal. Something like this:

M. Fabbri et al. Motsynth: How can synthetic data help pedestrian detection and tracking?
In ICCV, 2021.

distribution and an arbitrary complex one. of L invertible and differentiable transformations:
M. A. Haseeb et al. Disnet: a novel method for distance estimation from monocular camera.
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