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Highlights

« We propose a multi-view discriminant learning based sparse representation method to explore

group similarity in the multi-feature space.

e The proposed method makes use of unreliable observation group to achieve multi-view fusion

and makes di Lerknt observation groups more group discriminative.

= The proposed sparse representation method is incorporated into a particle filter based frame-

work to achieve robust visual tracking

« Our method can achieve a better tracking performance than state-of-the-art tracking methods
do.
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Abstract

The multi-view sparse representation based visual tracking has attracted increasing attention be-
cause the sparse representations of di [erent object features can complement with each other. Since
the robustness of di[erknt object features is actually not the same in challenging video sequences,
it may contain unreliable features (the features with low robustness) in multi-view sparse repre-
sentation. In this case, how to highlight the useful information of unreliable features for proper
multi-feature fusion has become a tough work. To solve this problem, we propose a multi-view
discriminant sparse representation method for robust visual tracking, in which we firstly divide
the multi-view observations into di[erknt groups, and then estimate the sparse representations of
multi-view group projections for calculating the observation likelihood. The advantages of the pro-
posed sparse representation method are two-folds: 1) It can properly fuse the observation groups
with reliable and unreliable features by using an online updated discriminant matrix to explore the
group similarity in multi-feature space. 2) It introduces a nonlocal regularizer to enforce the spatial
smoothness among the sparse representations of di Lerent group projections, which can enhance the
robustness of multi-view sparse representation. Experimental results show that our method can
achieve a better tracking performance than state-of-the-art tracking methods do.
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1. Introduction

With the rapid development of multimedia and internet of things [1, 2, 3], there is a pressing
demand for intelligent video technology such as visual tracking. A typical tracking algorithm
includes a motion model and an observation model. The motion model aims to track the state
of moving target, and the observation model evaluates the likelihood of each target observation
to select the best one for the current frame. Designing the observation model is a piece of tough
work in visual tracking because the target appearance often changes dramatically under occlusion,
background clutter or illumination change etc. To overcome this challenge, lots of works have been
done recently. According to di [erent observation models, existing visual tracking algorithms can be
categorized into discriminative trackers and generative trackers. The discriminative trackers cast
the target tracking as a binary classification problem to distinguish the tracked target from the
video background. The state-of-the-art methods on discriminative trackers include support vector
machine based methods [4, 5], online boosting [6, 7, 8], multiple instance learning based methods
[9, 10], compressed tracker[11] and correlation filter based methods [12, 13] etc. The generative
trackers typically search for an image region that best matches the object appearance. Recent
e [ants in this domain include subspace learning based tracking [14, 15, 16], matrix decomposition
based tracking [17, 18, 19] and sparse representation based tracking [20] etc. Besides aforementioned
observation models, the deep leaning based trackers [21, 22, 23] have attracted more attention due
to the ability of nonlinear representation. The tracking performance of those methods often relies
on a tedious o[=Iline pre-training with tremendous amount of labeled training samples, thus the
performance is sensitive to the choice of training samples and tends to be overfitting in the presence
of label noise. In real world visual tracking, we may have a small number of labeled training samples
or even only have non-labeled samples. In this case, how to achieve a robust visual tracking is worth
giving the careful consideration.

Among existing generative trackers, sparse representation based visual tracking is the one that
can use non-labeled samples to achieve visual tracking. Using sparse representation for visual track-
ing was first proposed by Mei [24], where the likelihood of target observation was evaluated through
solving a series of regularized least square problems. Since this algorithm estimates the sparse rep-
resentations of dilerknt particle observations separately, it ignores the particle relationships and
makes the tracker prone to drift away. Although a lot of works [25, 26, 27, 28, 29, 30] have been

done to improve the performance of Mei’s algorithm, those trackers may drift away from the target
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in long term video sequences because they only use pixel intensity to model the target appearance.
The pixel intensity is robust to particle occlusion but sensitive to the shape deformation of moving
target and illumination change. In computer vision, multi-view refers to di [efent feature
subsets used to represent particular characteristics of an object (see Fig.1). Based on this
concept, Hong et.al [31] proposed a multi-view based multi-task sparse representation method for
visual tracking, in which di [Cerknt features can complement with each other to give better tracking
performance as compared to single feature based tracking methods. The method in [31] was derived
based on the assumption that all the features can work well in visual tracking. However, it may not
be valid in the video sequences with severe occlusion because some feature observations, such as
texture, are prone to be disturbed by occlusion or video noise. In fact, the robustness of a moving
object feature can be varied by di [erent kinds of appearance variations. For example, the histogram
is robust to local distortion, but sensitive to background clutter. Those features with low robust-
ness can be regarded as unreliable features due to the fact that they can not be well represented
by the corresponding feature dictionary. Fusing unreliable feature with high sparse representation
error may degrade the tracking performance in challenging video sequences. Similar to Hong’s
algorithm, Hu et.al [32] also used multi-task multi-view sparse representation to model the target
appearance. Since this algorithm could not discriminate the reliable and unreliable features during
sparse representation, it may reduce the robustness of sparse representation results. To overcome
the limitations in [31] and [32], Lan [33] proposed a multi-view based method to adaptively de-
tect unreliable features and remove them during sparse representation. In fact, unreliable feature
contains useful complementary information, and if used properly, it would enhance the tracking

performance.

Viewl View2
(Intensity) (Edge) (Texture)

Figure 1: An example of multi-views in visual tracking

As aforementioned introduction, the key point in multi-view sparse representation based visual
tracking is to properly fuse multi-view observations during sparse representation, which is a piece

of tough work due to the following two challenges: 1) the unreliable views may disturb the fusing
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results, 2) it is clearly shown in Fig.1 that there exist not only the potential similarity but also a
large gap between di [Cerknt kinds of views. Exploiting the so called potential similarity can facilitate
multi-view fusing. However, how to explore this similarity under multi-view gap is still an open
problem.

Existing works such as [33] only focus on reducing the negative e[edt of unreliable views. As
far as we know, there are few works that can simultaneously overcome two challenges in multi-view
fusing. In this paper, we propose a multi-view discriminant learning based sparse representation
method for robust visual tracking. Dilerknt from traditional multi-view sparse representation
based tracking methods that directly use the sparse representations of multi-view observations to
calculate the observation likelihood, our method firstly divides the multi-view observations into
dilerent groups, and then estimates the sparse representations of multi-view group projections
for calculating the observation likelihood. Since the correlations between dilerknt observations
of each view can be varied by the appearance variation, some observations may be very similar
[34]. Dividing the multi-view observations into di [erent groups and introducing group projections
in sparse representation enable us to use multi-view learning to simultaneously exploit the group
similarity in the same and di [erknt views, which can avoid the uncorrelated observation destroying
the common sparsity and highlight the useful information in the unreliable observation groups (the
observation groups with unreliable views).

The main contributions of this paper are summarized as follows:

1) We first propose a multi-view discriminant learning based sparse representation method to
explore group similarity in the multi-feature space, which is then incorporated into a particle filter
based framework to achieve robust visual tracking. The proposed method makes use of unreliable
observation groups to achieve multi-view fusion and makes di [erknt observation groups more group
discriminative.

2) In our sparse representation method, we propose a nonlocal regularizer to guarantee a robust
tracking performance in severe object occlusion, pose variation etc. The nonlocal regularizer can
simultaneously exploit both local and nonlocal relations among the sparse representations of group
projections, enhancing the inherent consensus in di [erknt views.

3) We propose an adaptive alternating direction algorithm to solve the optimization problem
involved in the proposed sparse representation method. The new reconstruction method can adap-

tively update the penalty parameter to achieve a fast convergence.
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It is worth mentioning that in our previous work [35], the multi-view discriminant learning is
introduced in the sparse representation model for the first time. The main dilerknces between
this paper and [35] are summarized as follows: Firstly, the sparse representation method in [35]
only uses I 1 norm to constrain the sparse representation result, which may reduce the robustness
of sparse representation because the reliable and unreliable view observations may not share the
common sparse pattern when facing severe appearance variation. In this paper, we propose a
nonlocal regularizer to enforce spatial smoothness among the sparse representations of dilerknt
group projections, which can eliminate the negative el[edt caused by the sparse representations
of the unreliable observations. Secondly, introducing the nonlocal regularizer in the multi-view
sparse representation makes the optimization problem more complex. The reconstruction method
in [35] can not be directly used to solve this optimization problem. Here, we propose an adaptive
alternating direction algorithm to solve this problem with fast convergence. Finally, in this work
we theoretically analyse the convergence of the proposed reconstruction method and increase the
number of testing sequences for a thorough evaluation of the proposed tracking method.

This paper is organized as follows: in Section 2, we discuss the key problem in designing the
sparse representation model. Section 3 illustrates our proposed sparse representation model in
detail. Section 4 introduces how to use the proposed sparse representation model to achieve visual

tracking. Experimental results and conclusions are presented in Sections 5 and 6, respectively.

2. Problem formulation

In this paper, multi-view refers to multiple features, e.g. color, shape and texture, that are
used to represent a moving target. The views which do not work well during sparse representation
are regarded as unreliable views. The multi-view sparse representation based visual tracking aims
to use the sparse representation results to estimate the likelihood of multi-view observations. In
this method, the tracking performance relies on the design of the sparse representation model.
Here, suppose YX = [yX,yX, ....yK] (k = 1,2,...,m) denotes the observation matrix in the k-th
view, where each column y¥ means the i-th observation vector, traditional multi-view based sparse

representation model can be described as [32]

min

IEE—AKG)klf-_"H A@ L], 1)
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where AK denotes the target template matrix in the k-th view. Problem (1) is aimed to seek the
the sparse representation matrix of YX. The drawbacks of problem (1) are two-folds: 1) It can
not discriminate the contributions of multi-view observations because it uses the same weight for
the sparse representation errors of dilerknt view observations. The unreliable views may give a
high sparse representation error, thus causing a tracking drift in challenging video sequences. 2) It
assumes that the columns in YX are highly correlated, hence the sparsity in © is constrained by
I2.1 norm. This assumption may not be valid in challenging video sequence because the vectors in
YK are easily disturbed by appearance variation. If some vectors are disturbed seriously, they are
not highly correlated with adjacent vectors. In this case, only using I>; norm to constrain © may
give a poor sparse representation result.

Di [erent from [32], we firstly divide n vectors in Y* into ¢ groups, i.e. Y* = [yX vk, ... ,yK] =
[Yk,Y‘z‘, ...,Y'c‘], and then estimate the sparse representations of multi-view observation groups
jointly. Since the correlation between di[erknt vectors in matrix Y can be varied by appearance
variation, dividing Y* into ¢ groups enables us to explore the common sparsity according to the
di Lerence in vector correlation. The key to our sparse representation method is to exploit the group
similarity during the sparse representation for properly fusing the reliable and unreliable observation

groups. The group similarity is shown in Fig. 2. We can see that the observation groups not only

Video sequence
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observation observation " observation
Y =[Y.,Y,,..., Y] Y: =[V},¥},., Y] Y=Y, YE L YA

v

The observation group of edge

YF

Group 2 Group ¢

Figure 2: The observation group similarity in di [erent views

have intra-view similarity, but also have inter-view similarity. The intra-view similarity means that
the observations in the same group and the same view are highly correlated, while the inter-view

similarity is that the same observation groups in di Cerent views contain inherent correlation. Due to



















































Table 10: Detailed position error performance over motion blur video group. The best two average results are
denoted as red and blue
P P P eth.
3 NR-MVDLSR MVDLSR MVSR VT CcT CsSK 11-APG MTT Frag KMS STRUCK TLD OAB KCF
Seq. HD
Crossing 4.4 58 238 18.5 3.2 6.7 423 30.9 21.3 5.7 33 13.8 4.2 29
Singer2 12.1 56.5 71.6 175.9 101.0 104.1 135.4 140.8 58.7 20.9 101.1 253.5 105.8 75
Jumping 4.1 5.6 115 38.2 62.6 15.8 244 41.2 4.3 47.8 59 4.6 58.8 12.8
Duderk 11.7 12.7 25.7 9.8 16.5 13.7 234 14.3 446 453 17.9 18.7 253 10.2
Mountainbike 59 6.5 75 8.1 94.2 6.1 13.2 10.3 102.3 30.7 8.7 106.9 9.3 6.2
Deer 51 11.2 9.1 152.6 123.4 123.4 374 138.0 51.0 16.1 6.7 419 9.7 12.8
Table 11: Detailed overlap rate performance over motion blur video group. The best two average results are denoted
as red and blue
P P P eth.
3 NR-MVDLSR MVDLSR MVSR IvT CT CSsK 11-APG MTT Frag KMS STRUCK  TLD OAB KCF
Seq. HD
Crossing 0.63 0.60 0.24 0.31 0.66 0.49 0.17 0.22 0.29 0.56 0.61 0.43 0.65 0.70
Singer2 0.55 0.35 0.18 0.04 0.29 0.03 0.04 0.04 0.16 0.28 0.03 0.02 0.02 0.67
Jumping 0.66 0.58 0.42 021  0.04 0.17 0.36 0.20 0.61 0.10 0.58 0.65 0.08 0.28
Dudek 0.68 0.65 0.49 0.72 0.63 0.69 0.52 0.66 0.51 0.51 0.61 0.61 0.49 0.72
Mountainbike 0.75 0.72 0.71 0.70 0.18 0.69 0.64 0.67 0.12 0.48 0.66 0.26 0.62 0.71
Deer 0.72 0.59 0.65 0.03 0.03 0.04 0.41 0.04 0.08 0.52 0.66 0.58 0.62 0.63
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Figure 7: Success and precision plots over 30 video sequences: (a) Success plot, (b) Precision plot
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Figure 8: Qualitative tracking results on the randomly selected frames with some challenging factors: (a)-(b) occlu-

sion, (¢)-(d) motion blur, (e)-(f) scale variation, (g)-(h) illumination change, (i)-(j) pose variation

and success plot indicates the rank of di[erknt tracking algorithms. Based on this observation, we

can clearly see that the NR-MVDLSR method ranks first on the success and precision plots.

5.5. Qualitative Tracking Performance

In this section, we select ten challenging sequences to show the qualitative tracking performance
(see Fig. 8). The video sequence selecting strategy is that: we randomly select two video sequences
from each video group. This test can give a direct impression of the tracking performance when
the target facing di [erent adverse factors.

1) Occlusion: In Fig. 8(a), the faceoccl sequence is used to test the tracking performance

under occlusion. In this sequence, a woman’s face undergoes the partial and severe occlusion by
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