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Tracking failure is inevitable in complex environment, so it is
necessary to verify whether the object being followed by the tracker is
really the target and recovery after tracking failure. The object model
that constructed in the first frame is not polluted by occlusion or
deformation at all. We take the initial model to correct the tracker over
time. And the number of matched key-points is explored to verify
whether the tracker fails to locate the target. A larger search window will
be employed to re-detect object and a group of key-points will be used to
predict object location after tracking failure.

Introduction

The Proposed Method

Experiments & Results

Conclusion
we proposed a framework to correct tracker, verify failure, predict object

position and re-detect object. But the proposed method cannot cope with the
situation that just few key-points are detected. And if the object reappears with
quite different appearance, then the tracker cannot recognize the object.
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Recovery from Tracking Failure
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Fig.1. Framework of the Proposed Method

The framework of the proposed
method is illustrated in Figure 1.
First, a robust tracker based on key-
points matching is employed. The
location 𝑙𝑙𝑡𝑡and scale 𝑠𝑠𝑡𝑡 of the object
are determined by matched key-
points between frame 𝑡𝑡 and frame
𝑡𝑡 − 1. Then, the object model
constructed in the first frame is used
to correct the tracker for the reason
that it is not polluted by model
updating at all. The number of
matched key-points is exploited to
detect whether the tracker fails to

locate the object. If 𝑁𝑁𝑚𝑚1
𝑡𝑡 < 𝛼𝛼1𝑁𝑁1

and 𝑁𝑁𝑚𝑚𝑡𝑡 < 𝛼𝛼2𝑁𝑁𝑡𝑡−1 , then the
tracker fails to locate the object.

Once tracking failure has been
confirmed, a group of key-points
around the object in a rectangular
annular region is used to predict
the object location, and the object
scale is updated with the previous
frame 𝑠𝑠𝑡𝑡 = 𝑠𝑠𝑡𝑡−1. In the meantime,
we detect key-points in the whole
image to recapture the object after
tracking failure.

Our tracker is evaluated on 30 challenging sequences with two widely used
evaluation criteria: the center location error(CLE) and Pascal VOC Overlap
Ratio(VOR). And the proposed tracker is compared to the other 6 trackers. The
results of 7 trackers on all sequences are listed Table 1.

In Figure 4, we present the results of our tracker
against other trackers, and our tracker rank first both
in precision and success plots.

 

Tracking examples are shown in Figure 3 (more examples are presented in our
paper). The sequence human6 suffers from occlusion, scale variation, out of view
and fast motion, all trackers except ours fail to estimate the object position and scale
soon after the object is occluded or distracted by other objects.

Table 1. The results of 7 trackers on 30 sequences

Fig.2. Tracking examples

To analyze the effectiveness of each part of our
method, we present the results of base tracker (BT),
base tracker with correction (BTC) and base tracker
with correction, prediction and re-detection (BTCPR)
in Figure 3.

Fig.3. The performance of the proposed base tracker(BT), base 
tracker with correction(BTC) and base tracker with correction, 

prediction and re-detection(BTCPR). 

Fig. 4. Precision and success plots of all trackers
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