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Structural representation has recently been studied actively in tracking
community, which has been shown as an effective approach to enhancing
the robustness. A grid-like structure [2, 4, 6], typically a bounding box,
is employed to represent the target object for tracking. Since most of the
tracked target is not strictly a rectangular shape, the bounding box representation often inevitably incorporates background information into the model.
This could degrade the overall performance of the tracker. Therefore, the
grid-like structure is not the optimal way to represent real objects that are of
non-rectangular shape.
In this paper, we propose a novel Reliable Patch Trackers (RPT), which
aims to identify and exploit the essential structure across video for tracking. Instead of resorting to hand-crafted structures, a trackable confidence
function is proposed to compute and select the reliable patches, which is capable of capturing the underlying object geometry, as shown in Figure 1. To
locate those patches, both trackable confidence and motion information are
incorporated into the particle filter framework, which are further employed
to vote for the target location and estimate the object scale.

R(X) is usually a response map. Φ is the sidelobe area around the peak.
μΦ and σΦ are the mean value and standard deviation of R except area Φ,
respectively. It can be easily observed that the function s(X) becomes large
when the response peak value is strong. Therefore, s(X) can be treated as
the confidence for a patch to measure whether it is tracked properly. Due to
the high efficiency and impressive performance, we choose KCF [3] as our
base tracker to compute R(X).
To compute the probability of a patch lying on the tracked object, we exploit the motion information to achieve this goal. Specifically, we track both
foreground and background patch particles, and record the relative trajectory
T
, ..., vtT ]T ∈ ℛ2k , where vt = Ψ2 (xt − xt−1 ) is
for each patch: Vt = [vt−k+1
the relative movement vector and Ψ2 = [E2×2 , 0] ∈ ℛ2×4 is selective matrix
to choose the position vector in the original state. Therefore, we measure
the similarity from a patch to its labelled group by formulating a similarity
score function as:
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where Ψ1 (x) = [0 E]x is a function for selecting the image coordinates. E
represents a 2 × 2 identity matrix. Note that this assumption will allow the
reliable parts to move around the object in order to account for the deformations. This will make the tracker more sensitive to the local structures.
Formally, we define a reliable patch that has two properties: (1) being
trackable; and (2) sticking on the target object. By assuming these two
properties are i.i.d., the observation likelihood p(zt ∣xt ) can be formulated
as: p(zt ∣xt ) = pt (zt ∣xt )po (zt ∣xt ) where pt (zt ∣xt ) denotes the confidence of
a patch to be tracked effectively, and po (zt ∣xt ) indicates the likelihood that
the patch is on the tracked object.
To estimate how likely a patch can be tracked effectively, we adopt the
Peak-to-Sidelobe Ratio (PSR) as a confidence metric, which is widely used
in signal processing to measure the signal peak strength in response map.
Inspired by [1], we generalize the PSR to the template-based tracker as
max (R(X))−μΦ (R(X))
where
a patch trackable confidence function: s(X) =
σ (R(X))
Φ
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Precision

p(xt ∣xt−1 ) = 𝒩 (xt ; xt−1 , Ψ(xt−1 )).

Success rate

where yi ∈ {+1, −1} is the label to indicate whether xi is labelled as object.
Ωt+ is a set contains the indexes of the positive patch particles and Ωt− for
negative ones. N + and N − are size numbers responding to the sets, respectively. The function l(X) has the high score when the samplers share the
homo-motion in same group and large motion difference in the other group
meanwhile the negative score for those wrongly labelled samplers. Thus, we
can softly label each sampler again in the sampler set, and focus the patches’
emphasis on the "objects". Combining the two clues, the final observation
Figure 1: The tracking confidence map of the next frame when the tracker likelihood can be formulated as follows:
was initialized at different positions with a fixed bounding box.
(4)
p(zt ∣xt ) = pt (zt ∣xt )po (zt ∣xt ) ∝ s(Xt )λ eμ l(Xt ) .
In general, an image patch is sampled from a bounding box x = [x, y, w, h] ∈
4
ℛ . Given the observations in previous frames z1:t−1 = {z1 , z2 , ..., zt−1 }, the where λ and μ are coefficients to balance the contributions of the two likeprobability density function that determines whether patch xt in the current lihood.
frame is reliable can be formulated as:
Figure 2 shows the encouraging experimental result of our proposed
∫
tracker. Our conclusion is that by tracking with those more meaningful and
(1) reliable patches, the proposed tracker can handle more diverse and challengp(xt ∣z1:t−1 ) = p(xt ∣xt−1 )p(xt−1 ∣z1:t−1 )dxt−1
ing situations in visual tracking.
where p(xt−1 ∣z1:t−1 ) is the state density function. According to the Bayes
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rule, it can be recursively calculated as: p(xt ∣z1:t ) = t p(zt ∣z t 1:t−1
where
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p(zt ∣xt ) is the observation likelihood, and p(xt ∣x) is the transition density
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function. Let 𝒩 denote Gaussian distribution, p(xt ∣xt−1 ) is defined as:
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Figure 2: The overall result plots of RPT in the benchmark [5]
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