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Outline 

 Visual tracking: a challenging task 

 Tracking by detection 

 The proposed  algorithm 

 Fast compressive tracking 
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Visual Tracking 
 Goal 

 To track an arbitrary object in a video given its initial location 

 

 

 

 

 

 

 

 

 

 

 Applications 
 Surveillance; Motion analysis;  Object Recognition; Human-Computer 

Interaction (HCI); Traffic control; etc…  
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From wu yi et al., online object tracking: a benchmark, CVPR 2013  



Challenges 

 Target appearance variation 

 

 

 

 

 

 

 

 Real-time requirement  

Occlusion Illumination changes Rotation 

Background distractor Motion blur Small size 

Model complexity vs. efficiency! 
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Tracking by Detection 

 Train classifier 

Classifier 
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Tracking by Detection 

 Evaluate classifier in some search windows 

Classifier Classifier 

Old location 
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Tracking by Detection 

 Find maximum classifier response 

Classifier Classifier 

Old location 

New location 
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Tracking by Detection 

 Repeat… 

Update classifier Classifier 

Old location 

New location 
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Two basic Components 

 Target representation 

 Image intensity, color histogram, HOG, SIFT, Haar… 

 Classifier 

 Naïve Bayes, SVM, Boosting, random forest… 
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Proposed Algorithms 

 Fast Compressive Tracker  

 Kaihua Zhang, Lei Zhang, Ming-Hsuan Yang, Real-Time 

Compressive Tracking, ECCV 2012. 

 Kaihua Zhang, Lei Zhang, Ming-Hsuan Yang, Fast Compressive 

Tracking, TPAMI 2014. 
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Fast Compressive Tracker 

 Target representation 

 Haar-like features 

 Classifier 

 Naïve Bayes 
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Haar-like Features 

 Definition 

 

 

 

 

 

 

Viola, P., Jones, M.: Rapid object detection using a boosted cascade of simple 

features. In CVPR 2001. 

+ 

− 

+ 
A 

B 
C 

𝑓 = 𝑠𝑢𝑚 𝑍 ∈ 𝐴 + 𝑠𝑢𝑚 𝑍 ∈ 𝐶 − 𝑠𝑢𝑚 𝑍 ∈ 𝐵 ，𝑍 𝑑𝑒𝑛𝑜𝑡𝑒𝑠 𝑖𝑚𝑎𝑔𝑒 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 
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Haar-like Features 

 Definition 

 

 

 

 

 

 

 Efficiently computed with integral image  

Viola, P., Jones, M.: Rapid object detection using a boosted cascade of simple features. In CVPR 2001. 

+ 

− 

+ 
A 

B 
C 

𝑓 = 𝑠𝑢𝑚 𝑍 ∈ 𝐴 + 𝑠𝑢𝑚 𝑍 ∈ 𝐶 − 𝑠𝑢𝑚 𝑍 ∈ 𝐵 , 𝑍 𝑑𝑒𝑛𝑜𝑡𝑒𝑠 𝑖𝑚𝑎𝑔𝑒 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 

𝑠𝑢𝑚(𝑍 ∈ 𝐷) = 4 + 1 − (3 + 2) 
A B 

C D 

1 2 

3 4 

Integral image 
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Haar-like Features 

 Definition 

 

 

 

 

 

 

 Efficiently computed with integral image  

Viola, P., Jones, M.: Rapid object detection using a boosted cascade of simple features. In CVPR 2001. 

+ 

− 

+ 
A 

B 
C 

𝑓 = 𝑠𝑢𝑚 𝑍 ∈ 𝐴 + 𝑠𝑢𝑚 𝑍 ∈ 𝐶 − 𝑠𝑢𝑚 𝑍 ∈ 𝐵 , 𝑍 𝑑𝑒𝑛𝑜𝑡𝑒𝑠 𝑖𝑚𝑎𝑔𝑒 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 

𝑠𝑢𝑚(𝑍 ∈ 𝐷) = 4 + 1 − (3 + 2) 
A B 

C D 

1 2 

3 4 

Integral image 
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Issues with Haar-like Features 

 Numerous rectangles 

 All of the scales and the positions should be considered 

 For an image with size 24x24, the exhaustive set of rectangle 

features is over 180,000  

 Approximate method  

 Computational efficiency 
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Compressive Tracking: Formulation  

 Haar-like features 

 

 

 

 Convolution to yield a rectangle feature 

 

 

 

 

 

 

𝑓𝑘 = 𝑤𝑘1𝑟𝑒𝑐𝑘1+𝑤𝑘2𝑟𝑒𝑐𝑘2+𝑤𝑘3𝑟𝑒𝑐𝑘3+𝑤𝑘4𝑟𝑒𝑐𝑘4 

w 

h 

Low-pass filter 

Z 

⊗ 

𝐅𝑘 
= 𝑍 ⊗ 𝐅𝑘 

𝒙 1 
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Compressive Tracking: Formulation  

 High-dimensional multi-scale feature vector 

 The dimension of the final feature vector is m = (𝑤𝑕)2. If 
w=50, h=50, 𝑚 = 6.25 × 106! 

 

 

 

 

 

 

 

w 

h 

𝐱 ∈ ℛ𝑚 
17 



Dimension Reduction 

 Random projection 

 

 

 

 

 

 R is a very sparse random matrix 

 The number of nonzero entries is less than 4 << 𝑚 

 Only need to store nonzero entries (< 4𝑛, 𝑛 = 100) 

 Low memory requirement 

 Use integral images to efficiently compute features 
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How to Design Random Matrix R ? 
 Sparsify R with compressive sensing theory 

 

 

 

 

 

 Set 𝜌 = 𝑜(𝑚) to let each row of R only have at most 4 non-zero 
entries, e.g.,  

𝜌 =
𝑚

log 𝑚
 

The above very sparse random matrix satisfies compressive sensing 
theory (Restricted Isometry Property (RIP)).   

 

Ping Li et al., very sparse random projections. KDD 2006. 

 

 

𝑟𝑖𝑗 = 𝜌

1  𝑤𝑖𝑡𝑕 𝑝𝑟𝑜𝑏.
1

2𝜌

     0  𝑤𝑖𝑡𝑕 𝑝𝑟𝑜𝑏. 1 −
1

𝜌

−1 𝑤𝑖𝑡𝑕 𝑝𝑟𝑜𝑏.
1

2𝜌
.
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JL vs. RIP 

 

 

 

 

 

 

RIP 
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Scale Invariant Property 

 For the j-th feature, we have 
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Classifier 

 Naïve Bayes classifier. 

𝐻 𝐟 = 𝑙𝑜𝑔
 𝑝 𝑓𝑘 𝑦 = 1 𝑝(𝑦 = 1)
𝑛
𝑘=1

 𝑝 𝑓𝑘 𝑦 = 0 𝑝(𝑦 = 0)
𝑛
𝑘=1

=  𝑙𝑜𝑔
𝑝 𝑓𝑘|𝑦 = 1

𝑝 𝑓𝑘|𝑦 = 0

𝑛

𝑘=1

 

 PDF for each feature 

 

 

 Parameter estimation 

 

𝑝 𝑓𝑘 𝑦 = 1 ∼ 𝑁(𝜇𝑘,𝜎𝑘), 
𝑝 𝑓𝑘 𝑦 = 0  𝑕𝑎𝑠 𝑠𝑖𝑚𝑖𝑙𝑎𝑟 𝑓𝑜𝑟𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛. 

𝜇𝑘 ← 𝜂𝜇𝑘 + 1 − 𝜂 𝜇 
 

𝜎𝑘 ← 𝜂 𝜎𝑘
2 + 1 − 𝜂 𝜎2 + 𝜂 1 − 𝜂 𝜇𝑘 − 𝜇  
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Algorithm Overview 

(a) Update classifier at the t-th frame 

(b) Tracking procedure at the (t+1)-th frame 
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Computation Cost Reduction 

 Which part takes the most cost ? 

 Training: 50 positive samples and 50 negative samples. 

 Detection: search radius is 25 pixels and step is 1 pixel. 1962 

test samples! 

Dense search, pixel by pixel 

24 
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Computation Cost Reduction 

 Coarse-to-fine search to reduce test samples 

 First, based on the former object location, make coarse search 

find the target location, and then based on the coarse target 

location, make fine search to find the final object location 

 Coarse search radius is 25, and search steps is 4 pixels. Fine 

search radius is 10, and search steps is 1 pixel. 

 Total search samples are 436<1962, significantly reducing cost. 
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Cost Reduction for Multi-scale Tracking 

 First, coarse + fine search on one scale. There are 436 

samples 

 Second, every 5 frames, fine search on 2 scales with 

radius 10 and step 1 pixel.  628 samples. 

 Total number is far less than our original method (1962) 

Coarse search Fine search 
Fine search  

on 2 scales 

Every 5 frames Using current scale 
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Experiments 

 Quantitative comparison criteria 

 Center location error 

 Success rate 
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Experiments 

 Quantitative comparison criteria 

 Center location error: the distance between the central 

locations of the tracked target and the manually labeled 

ground truth. 

 Success rate 
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Experiments 

 Quantitative comparison criteria 

 Center location error: the distance between the central 

locations of the tracked target and the manually labeled ground 

truth. 

 Success rate: tracking in one frame is considered as success 

when the 𝑂𝑣𝑒𝑟𝑙𝑎𝑝𝑅𝑎𝑡𝑒 ≥ 0.5. 

𝑆𝑅 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑕𝑒 𝑠𝑢𝑐𝑐𝑒𝑠𝑠 𝑓𝑢𝑙 𝑓𝑟𝑎𝑚𝑒𝑠

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑙𝑙 𝑡𝑕𝑒 𝑓𝑟𝑎𝑚𝑒𝑠
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Competing Methods 

 Evaluate with 15 state-of-the-art tracking methods on 20 

video sequences (8762 frames) 

 IVT [Ross et al, '08] 

 MILTrack [Babenko et al, '09] 

  VTD [Kwon et al, '10] 

 L1-tracker [Mei et al, '09] 

 MTT [Zhang et al, '12] 

 Struck [Hare et al, '11] 

 TLD [Kalal et al, '10] 

 SCM [Zhong et al, '12] 

 … 
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Center Location Errors 

31 

The proposed tracker runs at above 150 frames per second. 



Success Rate 
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Future Work 

 Intrinsic problem in tracking by detection 

 To estimate the target location, not a classification problem that 
outputs binary labels 

 

 

 

 

 

 

 The spatial relationship between the target and its surrounding 
background (context) does not fully taken into accounted. 
(refer to Kaihua Zhang et al., fast visual tracking via dense spatio-temporal context 

learning, ECCV2014) 

 

 

Classifier 

+ 
− 

Context 

region 
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Future Work 
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 Performance on benchmark 

 OPE score is about 32%  that is far from 50% (top 3).  

However, we have some preliminary results that the OPE score 

can be reached at about 50% based on this simple framework.  
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Thank you! 
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Code is available from http://www4.comp.polyu.edu.hk/~cslzhang/FCT/FCT.htm 

 

http://www4.comp.polyu.edu.hk/~cslzhang/FCT/FCT.htm
http://www4.comp.polyu.edu.hk/~cslzhang/FCT/FCT.htm

