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Abstract 

Motion blur is common phenomena and brings great challenge in video tracking. In this paper, 

we address this problem with the combination of metric learning scheme and kernel-based 

tracking algorithm. Given the target represented by a series of blurred templates, we learn a 

discriminative metric transformation to distinguish the blurred targets from background. Based 

on the learnt metric transformation, a new similarity measurement is proposed to describe the 

similarity between each target template and corresponding candidate target. Finally, the 

estimation of target in the forthcoming frame is determined by the candidate target with most 

similarity. Thus, we get a novel kernel-based tracking algorithm using metric learning (KBML). 

Compared with several previous tracking algorithms such as kernel-based motion-blurred 

tracking (KBT), Real-time tracking via on-line boosting (OAB), Online Random Ferns for 

Robust Visual Tracking (ORF), the experimental results demonstrate the effectiveness of our 

method and achieve promising tracking performance in blurred video sequences. 

Keywords: video tracking, motion blur, metric learning, kernel function 
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Blur Target Kernel-based Tracking with Metric Learning 

1 Introduction 

Video tracking, which aims to automatically find interesting targets in video, is crucial in 

the field of computer vision. It is related to many applications, such as military guidance, 

navigation, robotics, intelligent transportation, public safety, surveillance and human-computer 

interaction. Many successful tracking algorithms have been proposed (Wu, Wu, Liu, & Lu, 2008) 

(Mei, Ling, Wu, Blasch, & Bai, 2011), which are based on the common assumption that each 

frame of the sequence is clear. This assumption, however, is not always satisfied in the 

conditions of mechanical jittering of hand-held cameras or fast moving targets. Traditional 

tracking algorithms may fail to track interesting object since motion blur cannot be modeled by 

neither lone geometric deformations, nor lone photometric deformations, or their combination 

thereof (Jin, Favaro, & Cipolla, 2005). Therefore, how to accurately track target object in the 

blurred conditions becomes an important issue in video tracking fields. 

In this paper, we address this problem using metric learning scheme based on kernel-based 

tracking algorithm. The framework of our algorithm is shown in Figure 1. 
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Fig.1. the overview of our method 

Firstly, we establish Multiple Target Model by blur modeling on the basis of the first sharp 

frame of a video sequence. And then we learn a discriminative metric for all target templates 

using Metric Learning. For each target template, we get the best candidate target location in 

every forthcoming frame under kernel-based tracking. Then we apply learnt metric to measure 

similarity between each target template and candidate target. At last, among all the candidate 

targets, we select the Optimal Candidate Target with the minimum similarity measurement (that 

is, the most similar one to target) as the final target. 

In summary, the main contribution of this paper is to propose a new similarity measurement 

based on metric learning. Original similarity measurement is often pre-specified and fixed for all 

video sequences, but our new one is auto-adaptive to different video sequences. And for each 

video sequence, our similarity measurement learnt through metric learning is discriminative to 

distinguish the blurred targets from background, which contributes to estimating the most similar 

candidate target more effectively. 

The remainder of this paper is organized as follows. After a brief discussion of related work 
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in Section 2, we describe KBML in Section 3. In section 4, we show experimental results; finally, 

we make a conclusion of our work in Section 5. 

2 Related Work 

Motion-blur target tracking was first solved by Jin et al. (2005), and further investigated by 

Dai, Yang, Wu, and Katsaggelos (2006), and Wu et al. (2011). With the assumption that blurred 

target in video sequences is highly consistent and that movement between two frames is 

relatively small, Jin et al. (2005) calculates matching score in the form of region deformation and 

motion vectors, and then find optimal solution using local gradient descent technique to estimate 

the location of blurred target. Dai et al. (2006) apply mean shift tracking algorithm with the 

combination of motion-blurred templates to solve motion-blurred target tracking problem. Wu et 

al. (2011) proposes kernel-based motion-blurred tracking algorithm (KBT), which localizes 

target in motion-blurred video sequences without deblurring explicitly. In order to model 

underlying motion blur, KBT firstly enlarge target model by synthetizing a set of blurred target 

templates with different blur directions and strength. 

However, due to low frame rate, fast moving target or mechanical jitter, degradation of 

target appearance model in these frames brings weaker discriminant. The weaker discriminative 

the appearance model is; the less effective the similarity measurement is; that is to say, original 

similarity measurement under original appearance space in KBT algorithm is no more suitable 

for severely blurred target. And that is why we use metric learning. Through metric learning, 
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original feature space is projected into a new feature space. In original feature space, data is 

difficult to tell apart; while in the projected new feature space, data becomes so discriminative 

that it is easy to recognize which category different data belongs to. Discriminative feature space 

brings effective similarity measurement; therefore, target localization will be more accurate. 

Jiang, Liu, and Wu (2011) also applies metric learning into tracking, but our work is different 

from it. We use metric learning to find a most effective similarity measurement in blur target 

tracking, while Jiang et al. (2011) embeds metric learning into kernel-based tracking, which is 

not blurred. 

3 Blur Target Kernel-Based Tracking with Metric Learning 

3.1 Problem Formulation for KBML 

Our KBML tracking algorithm is to find a most similar image region to the target in every 

forthcoming frame. To handle the blur case, multiple target model for the first frame is firstly 

proposed, which could be defined as: 

where 𝑇(𝑥,𝑡) represents an image region at time 𝑡, 𝑥 indicates the 2-D center position of 𝑇(𝑥,𝑡). 

𝑓(𝑥,𝑡) denotes the feature representation of 𝑇(𝑥,𝑡). Our objective is to find the optimal location 

∆�̂� in frame 𝑡 under the condition that the distance between each 𝑓(𝑥,0) and 𝑓(𝑥+∆�̂�,𝑡+∆𝑡) is 

minimized, which could be represented as: 

 𝑇(𝑥,0) = {𝑇0, 𝑇1, … , 𝑇𝑁} (1)  
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where ∆𝑥 = {∆𝑥𝑖|𝑖 = 1, … , N} denotes the hypothesis set of position draft corresponds to each 

target template 𝑇𝑖(𝑖 = 1, … , N) in time 𝑡 + ∆𝑡. 

And a learnt metric is adopted as the distance measurement D(∙), which could be defined as： 

Then the novel KBML tracking task could be formulated as: 

Where 𝐴 is a positive semi-definite (PSD) matrix to be learnt on training samples. We will show 

how to learn 𝑇 and 𝐴 in Sec.3.2 and Sec.3.3, respectively. 

3.2 Multiple Target Model 

Multiple target model is consisted of a set of different target representations including sharp 

one and blurred ones. Given the first sharp frame  Ι(0,0), then the blurred first frame Ι(𝑖,0)(𝑖 =

1, . . 𝑁) can be obtained under the convolution between Ι0 and Gaussian Kernel k𝑣: 

where vector 𝑣 contains information for motion directions and strength (Wu et al., 2011). 

In either sharp or blurred first frame, the same target region appearance is extracted as target 

model. Therefore, target model set is enlarged under blur modeling, not only one anymore. 

 ∆�̂� = 𝑎𝑟𝑔 min
∆𝑥

D(𝑓(𝑥,0), 𝑓(𝑥+∆�̂�,𝑡+∆𝑡)) (2)  

 

D(𝑓(𝑥,0), 𝑓(𝑥+∆�̂�,𝑡+∆𝑡)) 

= (𝐴𝑓(𝑥,0), 𝐴𝑓(𝑥+∆�̂�,𝑡+∆𝑡))
𝑇

(𝐴𝑓(𝑥,0), 𝐴𝑓(𝑥+∆�̂�,𝑡+∆𝑡)) 

(3)  

 ∆�̂� = 𝑎𝑟𝑔 min
∆𝑥

‖𝐴 ∙ 𝑇(𝑥,0) − 𝐴 ∙ 𝑇(𝑥+∆�̂�,𝑡+∆𝑡)‖
2

  (4)  

 Ι(𝑖,0) = 𝑘𝑖(𝑣) ⊗ Ι(0,0)  (5)  
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Assume that there are 𝑁 + 1 target models, the target model set can be denoted by 

For each template 𝑇𝑖 , feature vector 𝑓(𝑇𝑖) = [𝑞1, 𝑞2, … , 𝑞𝑚]𝑇 ∈ ℜ𝑚  adopts a color 

histogram, where each bin 𝑞𝑢 is calculated as 

where 𝑏(𝑥𝑖) maps a feature at the pixel location 𝑥𝑖 into the 𝑢𝑡ℎ bin. Κ is a homogeneous 

spatial weighting kernel centered at 𝑐. δ(∙) is the delta function, and the constant 𝐶 is used for 

normalization. 

3.3 Learning Optimal Metric for Blur Target Tracking 

To learn PSD matrix 𝐴 defined in Equation (3), we need both positive and negative data. 

Given the target at first frame, we collect the image regions 𝑇(𝑖,0)(𝑖 = 0,1, . . 𝑁) of the target, 

extract their feature vectors 𝑓(𝑥,0)
𝑖 (𝑖 = 0,1, . . 𝑁), and label them as a positive training sample. 

Nearby image regions that are not close enough to target (e.g. shifting 3 pixels) are collected as 

negative samples, they are quite informative for discriminative learning, because they are located 

fairly close to the true classification boundary, and thus the learned classification is expected to 

be accurate.  

Suppose we collect a labeled data set consisting of 𝑛  number of feature vectors 

{𝑓(𝑥,0)
1 , 𝑓(𝑥,0)

2 , … , 𝑓(𝑥,0)
𝑛 }  and the corresponding labels {𝑐1, 𝑐2, … , 𝑐𝑛}. Following neighborhood 

 𝑇(𝑥,0) = {𝑇𝑖|𝑖 = 0, … , 𝑁}  (6)  

 

𝑞𝑢 =
1

𝐶
Κ(𝑥𝑖 − 𝑐)δ(𝑏(𝑥𝑖), 𝑢) 

                ∑ 𝑞𝑢 = 1𝑢  

(7)  
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component analysis (NCA) algorithm (Goldberger, Roweis, Hinton, & Salakhutdinov, 2005), we 

aim to find a linear transformation 𝐴 that maximizes the k-NN classification accuracy in the 

projected space. Denote the set of input data in the same class of 𝑖 by 𝐶𝑖 = {𝑗|𝐶𝑖 = 𝐶𝑗}.Then, 

the objective function of the metric learning is to maximize the expected number of input data 

that are correctly classified 

This choice of objective function is preferable as it is differentiable with respect to 𝐴. Denote 

𝑝𝑖𝑗 =
𝑒𝑥𝑝(−‖𝐴𝑓(𝑥,0)

𝑖 −𝐴𝑓(𝑥,0)
𝑗

‖
2

)

∑ 𝑒𝑥𝑝(−‖𝐴𝑓(𝑥,0)
𝑖 −𝐴𝑓(𝑥,0)

𝑘 ‖
2

)𝑘≠𝑖

, then this optimization problem can be approached by any 

gradient-based technique, as the gradient of the objective function can be obtained in the 

following closed-form 

where 𝑓(𝑥,0)
𝑖𝑗

= 𝑓(𝑥,0)
𝑖 − 𝑓(𝑥,0)

𝑗
. In our implementation, we use a conjugate gradient descent method 

to iteratively maximize the objective function to obtain an optimal solution of 𝐴. 

3.4 Kernel-based Tracking 

Given the object target feature and candidate target feature represented by 𝑓(𝑇(𝑥,0)
𝑖 ) and 

 

𝐴∗

= arg max 𝑔(𝐴)

= arg max
𝐴

∑ log (∑
𝑒𝑥𝑝 (−‖𝐴𝑓(𝑥,0)

𝑖 − 𝐴𝑓(𝑥,0)
𝑗

‖
2

)

∑ 𝑒𝑥𝑝 (−‖𝐴𝑓(𝑥,0)
𝑖 − 𝐴𝑓(𝑥,0)

𝑘 ‖
2

)𝑘≠𝑖𝑗∈𝐶𝑖

)

𝑖

  

(8)  

 
𝜕𝑔

𝜕𝐴
= 2A ∑ (∑ 𝑝𝑖𝑘𝑓(𝑥,0)

𝑖𝑘 𝑓(𝑥,0)
𝑖𝑘 𝑇

𝑘

−
∑ 𝑝𝑖𝑗𝑓(𝑥,0)

𝑖𝑗
𝑓(𝑥,0)

𝑖𝑗 𝑇

𝑗∈𝐶𝑖

∑ 𝑝𝑖𝑗
𝑗∈𝐶𝑖

)

𝑖

  
(9)  
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𝑓(𝑇(𝑥+∆𝑥,𝑡+∆𝑡)
𝑖 ) respectively, the objective for kernel-based visual tracking is to estimate the best 

displacement ∆𝑥∗ that optimizes the following objective function: 

We adopt kernel-based mean shift algorithm (Comaniciu, Ramesh, & Meer, 2003) to predict 

∆𝑥 . Euclidean distance is used to describe D(∙)  between two feature distributions and 

Epanechnikov kernel is adopted. 

According Section 3.2, 𝑓(𝑇(𝑥,0)
𝑖 ) = [𝑞1, 𝑞2, … , 𝑞𝑚]𝑇 , 𝑓(𝑇(𝑥+∆𝑥,𝑡+∆𝑡)

𝑖 ) = [𝑝1, 𝑝2, … , 𝑝𝑚]𝑇 , 

then the weight 𝑤𝑖 for 𝑖𝑡ℎ pixel in candidate region is defined as  

Then the optimal ∆𝑥 can be computed as  

Where 𝑀 denotes the total number of pixels with target candidate region. 

4 Experiments 

In this section, we test our KBML algorithm on three blurred video sequences: owl, face, 

car1; and we compare our algorithm with three other algorithms, namely KBT (Wu et al., 2011), 

OAB (Grabner, Grabner, & Bischof, 2006), ORF (Rao, Yao, Bai, Qiu, & Liu, 2012). Note that 

KBML share the same multiple target model as KBT for comparison. Since in most frames of all 

 ∆𝑥∗ = arg min
∆𝑥

D (𝑓(𝑇(𝑥,0)
𝑖 ), 𝑓(𝑇(𝑥+∆𝑥,𝑡+∆𝑡)

𝑖 ))  (10)  

 𝑤𝑖 = ∑ √
𝑞𝑢

𝑝𝑢
𝛿(𝑏(𝑥𝑖), 𝑢)

𝑚

𝑢=1

  
(11)  

 ∆𝑥 =
∑ 𝑥𝑖𝑤𝑖

𝑀
𝑖=1

∑ 𝑤𝑖
𝑀
𝑖=1

 
(12)  
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these three video sequences, motion blur is severe and results in the blending of the adjacent 

colors, the tracking results for blur tracking is convincing. 

Table 1 

        Average Center Location Error 

Sequence OAB ORF KBT Ours 

owl 165.4 28.8 30.4 25.1 

face 167.5 125.1 76.1 75.6 

car1 89.5 70.4 62.6 55.6 

       Note: red font indicates the best performance. 

We use Center Location Error (CLE) per Frame (showing in Figure 2) and Average Center 

Location Error (showing in Table 1) as our evaluation. And Euclidean distance of center 

coordinate between the predicted result and the ground truth is used for CLE comparison. In 

either CLE comparison for those 3 video sequences, we can find our KBML method achieves 

good results as a whole. 

 

Fig.2. Center Location Error (CLE) per Frame 
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Frame 151 Frame 354 Frame 372 Frame 479

The location of target “owl” is given in Frame 1.      Red: Ours      Green: KBT      Pink: OAB        Bright blue: ORF

Frame 1

Fig.3. several sampling tracking results of owl 

Intuitively, we plot rectangles to label the predicted target locations in each frame. Take 

sequence “owl” as an example, several sampling tracking results are shown in Figure 3. In video 

sequence “owl”, the target is a plane object and always severely blurred. From Figure 3, we can 

see that when target moves fast or target is blurred severely, the result of KBML can focused on 

the target far better than other algorithms. 

5 Conclusion 

In this paper, we propose a novel kernel-based tracking algorithm using metric learning. 

Given the target represented by a series of blurred templates, we learn a discriminative metric 

transformation to distinguish the blurred targets from background. Based on the learnt metric 

transformation, a new similarity measurement is proposed to describe the similarity between 

each target template and corresponding candidate target. Finally, the estimation of target in the 

forthcoming frame is determined by the candidate target with most similarity. We evaluate our 

algorithm on three severely blurred video sequences. The experimental results show the 

effectiveness of our method compared to previous tracking algorithms in blur tracking. 
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