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Abstract

In this paper, we introduce a variation of a state-of-the-art real-time tracker (CFNet), which adds to the original algorithm robustness to target loss without a
significant computational overhead. The new method is based on the assumption that the feature map can be used to estimate the tracking confidence more
accurately. When the confidence is low, we avoid updating the object's position through the feature map; instead, the tracker passes to a single-frame failure
mode, during which the patch's low-level visual content is used to swiftly update the object's position, before recovering from the target loss in the next frame.
The experimental evidence provided by evaluating the method on several tracking datasets validates both the theoretical assumption that the feature map is

associated to tracking contfidence, and that the proposed implementation can achieve target recovery in multiple scenarios, without compromising the real-time
oerformance.

CFNet — Fast Target Loss Recovery (FTLR)

o We address the sampling drift issue in the tracking-by-similarity CFNet

o The localization ambiguity is detected using the Nearest Neighbour Normal Mode (CFNet)

Distance Ratio (NNDR)
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o If localisation is declared ambiguous, the tracker enters a failure mode Evaluation
- the tracking is conducted through low-level image content modelling | Ny — [, ... |
- the search area is expanded
o Besides, an improved running average method is involved to update the Failure Mode Search-area Back-up
query model from the previously seen feature maps Expanslon Tracker

o Improved accuracy, without increasing the computational time

Failure mode Smooth running average (SA)

o The object position is updated according to the estimation of one the
following backup trackers

1) No update until the NNDR is above the confidence threshold

2) Bilinear interpolation using the past two frames

3) Census transform (Hirshmuller and Scharstein) correlation on image patches
- Linear computational complexity
- Object edges are preserved
- Robust to radiometric differences
- Robust optical flow estimation

4) Ground truth position (theoretical upper bound for accuracy)

o The strategy used in CFNet to create the query model is a simple
running average

Q1 = I
Qn = (1 — a’)Qn—l + afy,

where Q,, is the n-th query model and E, is the n-th feature map

o The dependency from the first frames is reduced as follows

Q1 = I

o In the following frame the object is searched in a wider area Q,, = (1 OT.{) a)Qn—l (OT.{) le)Fn
Results on OTB dataset (Wu and Yang)
OTB-2013 OTB-350 OTB-100
OPE TRE OPE TRE OPE TRE
Method fps | loU prec loU prec | loU prec loU prec | loU prec loU prec
CFENet (Valmadre etal.) | 71.1 | 57.0 74.1 399 76.1 | 494 643 529 69.0 | 557 7T1.6 382 73
CFENet-FTLR_O 64.2 | 574 744 60.2 T6.5 | 49.1 641 53.0 692|546 703 3580 734
CFENet-FTLR_I 64.0 | 579 752 60.2 765 | 489 638 53.0 690 | 548 699 38.1 73.6
CFNet-FTLR 61.6 | 60.0 78.2 606 769 | 51.3 681 539 707 573 741 387 744
CFNet-FTLR_SA 62.3 | 387 7T76.8 619 798 | 51.5 685 550 732 571 746 603 778
CFNet-FTLR_GT 65.0 | 627 83.6 633 846 | 546 7J46 387 793|593 782 625 808
Results on UAV-123 dataset (Mueller et al.) Results on DTB-70 dataset (Li and Yeung)
OPE TRE OPE TRE
Method loU prec IToU prec Method loU prec loU prec
KCF (Henriques etal.) | 33.1 523 - — DSST (Danelljanet al.) | 26.4  40.2 — —
DSST (Danelljanetal.) | 35.6 38.6 — — KCF (Henriques et al.) 28.0 46.8 — —
CFENet (Valmadreetal.) | 47.0 66.5 324 722 CFENet (Valmadre et al.) | 394 579 48.1 67.2
CENet-FTLR 47.2 67.0 333 737 CFENet-FTLR 41.2 61.3 49.1 68.7
CENet-FTLR_SA 47.6  67.6 529 7T3.8 CFENet-FTLR_SA 43.0 645 350.7 72.2
CENet-FTLR_GT 349  80.7 39.2 845 CENet-FTLR_GT 5324 822 563 8§19
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