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INTRODUCTION METHODOLOGY: NETWORK ARCHITECTURE

EXPERIMENTAL SETUP

e Sequences from VOT challenge are used in pre-
training (excluding common sequences with
test dataset).

e Object tracking benchmark (OTB) dataset is
used for testing.

Visual object tracking is a fundamental task
in computer vision. Object tracking has attracted
considerable research in the past. However, it is Gate Layer
still far from reaching the accuracy of the tracking
ability of humans. The objective of this research is
to track a single target in a video sequence while > — —»( D—;
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BACKGROUND

Convolutional neural networks (CNNs), have
demonstrated state-of-the-art performance in
several tasks. However, very few tracking frame-
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e Sequential convolutional layers are obtained Proposed architecture is trained with a set of
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— To train the gate layer to learn the feature
o Gate layer, mapping between convolutional layers. 02+ M
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CONTRIBUTION

Our main contributions are:

— receives input as conv2 features
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fine grain details and therefore are useful

To locate the target, model and target model, respectively.
for accurate localisation.

1. A fixed number of samples are collected Target model is learnt by minimizing the loss CONCLUSION

with different scales and translations around function,
the last known position. Proposed tracker is evaluated on a publicly avail-

. Their corresponding scores are obtained as L= L+ M(MMD3, + MMD3.z), able benchmark dataset and demonstrated im-

o Last layer features are more effective for
inter-class classification.

we propose a new CNN architecture, which effec-
tively learns by fusing the front and bottom layer
features of a network to accurately learn target
appearance and provide its localisation.

the network response. proved success rate and precision than other

. Target location is obtained as the mean of the where state-of-the-art trackers. It runs 1 fps on four cores

first five maximum scoring samples. Ly - Logistic Classi.fica.tion loss, | of 2.66 Intel Xeon with NVIDIA Tesla K40 GPU.
A - Parameter, which is set experimentally.




