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Many computers today need to interact with their environments to 

accomplish their tasks. But this interaction has its limitations. There is a huge 

body of research around the world, which is currently being done to slowly 

chip away at these limitations; one of those limitations being sight. From 

robotics, to quality insurance, security and more the applications for 

computer vision and more specifically, long-term tracking and detecting of 

objects are truly endless. 

 Analogous to how sight in humans involves a lot more than just the eyes, 

sight to computers involves a lot more than just the camera. In fact 

cameras are doing an ever better task of capturing the world. The 

drawbacks of this are more data, and more work on behalf of the 

computer. The increase in computation has allowed computers to process 

more data than ever. But with more power comes more data, since we 

now have an ever greater need to process data. Thus algorithms need to 

be made not only to accomplish the task of long-term tracking and 

detecting, but to optimize it. This way more can be done with our always 

finite computational resources. Many algorithms have already been 

proposed, but progress is still needed because they are either unreliable or 

too computationally demanding.  

The first part of the research investigates and compares two different novel 

approaches to long term visual tracking called Track-Learn-Detect (TLD)[1] 

and Consensus-based matching and Tracking of key points (CMT)[2]. 

Comparison is done by using implementations[3] for both algorithms in 

C++. The second part of the research focuses on the effects of different 

feature detectors in the C++ implementation of CMT. 

A benchmark analysis of TLD, CMT and different versions of CMT each with 

a different feature detector, are then done to quantify the experimental 

results. 

 

The differences between the different versions of the CMT 

algorithm were detectable but not large.  

 

• On average TLD had less success and precision than 

every version of CMT 

 

• On average the version of CMT using Brisk is slightly more 

successful than other versions; except at lower and 

higher success thresholds.  

 

• On average the version of CMT using Brisk is slightly more 

precise than other versions; except at very low and very 

high precision thresholds.  

 

• On average the version of CMT using Sift is more 

successful at higher success thresholds than other 

versions. 

 

• Different videos which emphasize different issues in 

tracking give quite different test results. Different versions 

of the implementation performed best or worst in 

different videos; relatively to other versions. For example, 

while the version of CMT using Brisk is better on average, 

it is not better than the other versions in the Tiger2 and 

SUV videos . 
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Tracking-Learning-Detecting 
TLD is a novel approach to long term 

tracking and detection of objects. TLD first 

needs to be initialized. 

The algorithms then  

detects and saves  

Key points of that object. 

After initialisation the  

algorithm simultaneously  

Tracks and detects each  

frame. The algorithm also 

"learns" online by  

changing the  

information on the  

objects appearance depending on the 

results from the track and detect step.  

 Consensus-based matching and tracking of 

key points 
CMT is another novel approach to long-term 

tracking. Like TLD, the CMT algorithm needs 

to be initialised. After initialisation key points 

are made to track the object. Each key 

point votes for where the middle of an 

object may be; this is done with each 

passing frame. CMT does not update the 

information of the objects appearance; in 

contrast to TLD. 

 

 

 

Two implementation in C++ are used in this research; one for TLD and 

one for CMT. OpenCv is used for feature detecting and description 

which are two processes used in the CMT algorithm.  

The four different feature detectors and descriptors used for this research 

are: Brisk[3], Orb[4], Sift[5], and Surf[6].  

From the initial implementation of CMT three new implementations are 

made. These implementations are identical to the original Viva Labs 

implementation, but instead of using the Brisk detector and descriptors 

they use different ones form the OpenCV library.  

The next step is to test the performance of the different CMT 

implementations and the TLD implementation. 

 

 

 

Testing the five trackers is done using a testing class. The test class must make 

use of a testing framework developed at Viva labs. Tests were done after each 

frame to determine the success and precision of a tracker.  Success is defined 

as a trackers ability to overlap with the ground truth. Precision is defined as a 

trackers ability to be near the center of the ground truth. 

The testing process made use of three sample benchmark video’s from Y.Wu et 

al’s paper[7] for online object tracking. The samples include ground truth 

information; used by the test class for comparison against the trackers results. 
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Results Format 

 
Given a set of threshold values for testing precision and 

success, the test’s output is a set of ratios; one ratio for each 

threshold given. 

𝑟𝑎𝑡𝑖𝑜 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑𝑥 =
#𝑓𝑟𝑎𝑚𝑒 𝑚𝑒𝑒𝑡𝑖𝑛𝑔 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 

𝑡𝑜𝑡𝑎𝑙 # 𝑜𝑓 𝑓𝑟𝑎𝑚𝑒𝑠
 

The set of ratios and thresholds are then plotted in the 

results figures. 
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