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Introduction Convolution Operator Learning
Discriminative Correlation Filters (DCF): Training loss ‘ Spatial
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Posing the learning problem in the continuous spatial _ . Desired continuous
domain Fourier Domain
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Assumption: finitely many non-zero Fourier coefficients.
Gives normal equations: (AHFA + WHW) f= ATy

Object Tracking Framework
Advantages /& : | * Features: VGG network (pre-trained on ImageNet)
* Integration of multi-resolution (deep) features * Optimization: Conjugate Gradient

* Accurate sub-pixel (or sub-grid) localization Feature Point Tracking Framework |
* Sub-pixel supervision in the learning Grayscale Uniform
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* Efficient processing of all available information pixel features  frp1 — 2j=1 %X, [IbFG;|F]  regularization
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» Avoids artefacts caused by explicit resampling D=1 >y a| X[k]blK]|” + B2

Applications

1) Object tracking  2) Feature point tracking Experiments
Object Tracking: Layer fusion on OTB (100 videos)

CO ntinuous Convolution Ope rators |Layer 0 Layer 1 Layer 5 | Layers 0, 1 Layers 0, 5 Layers 1, 5 ‘ Layers 0, 1, 5
X Mean OP| 58.8 78.0 60.0 77.8 70.7 81.8 82.4
Interpolation Operator J, : RVe — [2 (T) AUC 9.9 658 511 65.7 59.0 67.8 68.2

Ni—1 OTB dataset (100 videos) Temple-Color (128 videos)
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VOT2016 challenge results (top 3) [Matej et al., VOT workshop 2016]

Tracker EAO A R  Avank Rrank AO EFO Impl
1. (O C-CoT 0.331 0.539 0.258 12.000 1.000 0.507 DM
2. TCNN 0.325 0.554 0.268 4.000 2.000 0.485 1.049 S M
3. SSAT 0.577 0.291 1.000 0.515 0.475 S M

Feature Point Tracking: The Sintel dataset
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Ours (0.449)
— Ours-FF (0.551)
—— MOSSE (0.682)
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Notation
+  glk] - Fourier coefficients of g € L*(T)

. . d N g ‘-1 Io I I
. X;Z[k] - discrete Fourier transform of = € R™¢ : i g ere e phers

Endpoint error [pixels] Endpoint error threshold [pixels]
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