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1. Overview

We use stochastic gradient descent to optimize the objective function. The gradient with
respect to W is

• Goal
– Present a visual tracking framework based on online discriminative dictionary
learning (ODDL) which enforces both the reconstructive and discriminative
capacity of the dictionary.

• Approach
– The dictionary learning is performed in a joint manner, where the discriminative
and reconstructive power are enforced in a unified algorithm.
– A joint decision measure is presented to evaluate the reliability of candidates to
improve tracking accuracy, in contrast to previous work which only relies on
reconstruction error.
– The dictionary can be updated online efficiently with a set of adaptively
selected, reliable samples..

• Qualitative comparisons
Compared with 8 state-of-the-art trackers on 9 public sequences. Some tracking results
are shown below.

The dictionary D is not explicitly defined in but implicitly defined on the sparse code. To
obtain the gradient of D, we adopt the implicit differentiation algorithm [10].

• Classification
The key idea of classifying a sample x using learned dictionary is combining the similarity
between x and the training samples with the classification score from the classifier.
We define a joint decision measure
(2)
where xtr is the weighted average of the elements in a set (see below). The two terms
measure the quadratic appearance reconstruction error and linear regression loss.
Joint decision leads to more accurate results.

2. Related Work
• Many discriminative dictionary learning algorithms [1,2,3,4] have been proposed,
but none of them have been applied to tracking effectively and efficiently.
• Sparse representations have been applied to visual tracking [5,6,7,8], but most do
not use dictionary learning.
• [7] combines a sparsity-based discriminative classifier with a generative model,
but the two parts are independent and combined in a heuristic way.
• [8] incorporates the discriminative power into standard sparse representations by
learning a classifier. Nevertheless, the dictionary and classifier are learned
separately rather than jointly.

3. Our Approach
• Problem formulation

Given training samples
with class labels
, we
aim to learn a compact dictionary discriminative to distinguish the object from the
background. Given a dictionary
, the sparse code
for a sample is computed by
Motivated by [9], we assign a specific label to each dictionary and learn the
classifier and the dictionary simultaneously. We incorporate an ideal sparse coding
error and a linear regression loss into the objective function of dictionary learning
(1)

where

4. Experiments

• Optimization

is the loss function.

is the ideal sparse code error, where
is an ideal sparse code.
is the quadratic loss for linear regression.
is the label vector where the non-zero position indicates label.

• Tracking

• Quantitative comparisons
Results of our tracker are averaged from 5 runs on each sequence. For quantitative
results, we use the average center location error (CLE) and successful tracking
rate (STR). In computing STR, we employ the PASCAL score which is obtained by
, where RGT and RT are groundtruth region and tracked result.

 Positive and negative samples are sampled
in the first frame to learn the dictionary.
 In a new frame, a number of candidates are
randomly sampled around the tracking result
in the last frame.
 To compute
o accumulate the feature extracted from
the bounding box at the optimal location
into a set T.
o We associate with each element in T
the weight
.
o xtr is computed as the weighted
average of the elements in T.
 To update dictionary
o construct a set S to store new positive
and negative samples.
o when S reaches a pre-defined size, we
apply ODDL algorithm to it to update
dictionary.
o empty S.

The average CLE and STR of our tracker is 8.8 and 0.868, which are the best.
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