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With the remarkable growth in rich media in recent 
years, people are increasingly exposed to visual 
information from the environment. Visual information 
continues to play a vital role in rich media because 
people’s real interests lie in dynamic information. This 
paper proposes a novel discrete dynamic swarm 
optimization (DDSO) algorithm for video object tracking 
using invariant features. The proposed approach is 
designed to track objects more robustly than other 
traditional algorithms in terms of illumination changes, 
background noise, and occlusions. DDSO is integrated 
with a matching procedure to eliminate inappropriate 
feature points geographically. The proposed novel fitness 
function can aid in excluding the influence of some noisy 
mismatched feature points. The test results showed that 
our approach can overcome changes in illumination, 
background noise, and occlusions more effectively than 
other traditional methods, including color-tracking and 
invariant feature-tracking methods. 
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I. Introduction 

Object tracking aims to reliably find the position of an object 
in a video sequence. It is an important task that is inextricably 
part of motion-based recognition, automated surveillance, 
video indexing, human-computer interaction, traffic 
monitoring, and vehicle navigation.  

Visual information is important in video analysis to describe 
and keep track of a dynamic object. Presently, although 
techniques and algorithms utilized for object tracking continue 
to thrive, their performance is still barely satisfactory, and thus 
there is room for further improvement. Object tracking may 
fail owing to real objects undergoing complicated movements, 
unexpected abrupt motions, or experiencing disturbances in a 
scene.  

Therefore, object tracking is a challenging problem with a 
number of obstacles that need to be overcome, for instance, 
changing the appearance of both the object and the scene, noise 
in the scene, motion blur resulting from fast movements, and 
occlusions that might cause tracking to fail. Computationally 
intensive procedures encumber the tracking performance, 
especially in real-time applications [1]. Hence, the trade-off 
among these different factors needs to be given serious 
consideration when trying to optimize both the level of 
accuracy and the computational speed.  

Some useful techniques have been developed in the past. 
Usually, an object tracking system first extracts some useful 
features using kernel-based, silhouette-based, model-based, or 
point-based object tracking [1], [2]. After some useful features 
are extracted, an appropriate searching method is applied to 
find the best position on the screen to match with the model. A 
good searching method benefits the performance in terms    
of minimizing the search area, thus saving unnecessary 
computations of redundant information. Achieving a successful 
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match requires a similarity measurement method, also known 
as a fitness function. Based on other state-of-the-art 
achievements, a novel discrete dynamic swarm optimization 
(DDSO) method is proposed in this paper to simplify the 
transition strategy of particles in swarm intelligence and to 
improve the strategy such that it is particularly suitable for 
object searching on the screen. The new DDSO approach uses 
a probability distribution of particle swarm optimization (PSO) 
to enhance the accuracy and efficiency of object tracking for 
processing occlusion problems. 

The representative related work within this field, including 
object tracking and feature selection, is discussed in this paper. 
Section II describes kernel-based tracking [3], local invariant 
feature methods using interesting feature points as the object 
representative [1], [4]–[12], and the swarm intelligence 
approach, which is related to PSO, and which could be used for 
an efficient searching strategy and a feature selection optimizer. 
The newly proposed method is then described in Section III. 
All experiments and the analysis of the results are provided in 
Section IV. Finally, Section V offers some concluding remarks.  

II. Review of Object Tracking and Feature Selection 

1. Color-Based Tracking 

In color-based tracking, objects are tracked according to their 
statistical color representation with a search scheme to estimate 
the object motion from frame to frame. Among the different 
search methods, particle swarm intelligence has been chosen as 
a popular search scheme.  

A color histogram, as a highly dimensioned vector, can 
represent the color feature of the desired region [13]. The color 
value range [0, 255] can be divided into many intervals, also 
known as bins. Each pixel of an image can therefore be 
counted into one of the bins according to the subinterval into 
which that color value falls. If a pixel belongs to a bin, the 
histogram updates the counter of this bin by adding a value of 1. 
A color histogram is generated when the information of all 
pixels is collected.   

Two color histograms can be easily compared to determine 
their similarity. In [3], the authors proposed a metric of the 
Bhattacharyya coefficient as a measurement of similarity: 
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where N is the number of histogram bins, H represents the 
histogram of the test image, Ht represents the histogram of the 

target, and n denotes the index of the bin that each pixel drops 
into. In addition, H(b) and Ht(b) are the number of pixels that 
fall into the bth bins for the test and target image, respectively. 
The calculation result of (1) is the distance between two 
compared histograms. The similarity is considered more 
pronounced when the distance is smaller and vice versa. The 
similarity of the particle to the target is expressed by (2).  

Although using a single feature property such as a color 
identifier may encounter multiple issues in object tracking,  
the sensitiveness of color weakens the tracking ability to 
distinguish background color noise from object and 
illumination changes. However, it remains a good approach to 
test the efficiency of the search strategy. In recent years, 
researchers have proposed more accurate object identification 
approaches capable of combining color information, shape, 
and other features. The next sub-section provides some reviews 
of several approaches to popular feature selection. 

2. Invariant Local Feature Tracking 

In the past decade, there has been a continuous increase in 
local invariant feature methods. The theory is based on the idea 
that the most wanted attribute of a feature is its uniqueness, 
allowing the system to distinguish the object in the feature 
space at any time [1].  

The basic theory includes three important steps: i) keypoint 
detection, ii) feature description, and iii) feature matching. 
Detecting the corners that distinctively belong to a particular 
object greatly improves the effectiveness for recognizing    
the object within the scene. In 1999, scale-invariant feature 
transform (SIFT) was proposed by Lowe [4], originally with 
great stability and accuracy (detector and descriptor). Eight 
years later, speeded up robust features (SURF), a faster version 
of SIFT, was introduced by Bay and others [5] (detector and 
descriptor). In recent years, various contemporary methods 
have thrived, including Features from Accelerated Segment 
Test (FAST) detectors [6], Binary Robust Independent 
Elementary Features (BRIEF) descriptors [7], and Oriented 
FAST and Rotated BRIEF (ORB) [8], [9].  

Global feature tracking not only requires an observation 
model of that global feature, a search scheme such as PSO and 
a motion model such as the coordinate of (x, y) are also 
necessary. However, in local feature tracking, because each 
local feature only represents a local part of the object, it can 
only match the stored local features of the object with the 
whole frame by using a brutal approach and come to a 
conclusion based on the calculated homography. The center of 
those local parts is found in the frame without a search scheme 
or an observation model. 

To overcome the weakness of sensitivity to illumination 
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changes and a similar background color, invariant features are 
the focus when exploring more robust image representatives. 
Among the popular invariant feature detectors, SURF is less 
time-consuming than SIFT, and it does not sacrifice as much 
robustness as ORB. Therefore, SURF was chosen for object 
identification in the feature selection method to explore its 
performance in terms of object tracking. 

3. Particle Swarm Optimization 

Apart from being overly time consuming when matching the 
solution with pixels in an entire frame, the use of swarm 
intelligence technologies such as PSO can be considered a 
potential and excellent way to improve a good object tracking 
method to reduce the redundancy of matching and optimize the 
search process.  

In 1995, Eberhart and Kennedy first proposed the PSO 
algorithm, which stems from a real social model such as bird 
flocking and fish schooling [14]. Each particle represents a bird 
or fish, simulating their search for food. Each animal (particle) 
learns information from three sources: i) the knowledge of its 
previous velocity in a previous iteration (inertia), ii) the history 
of its best ever position (termed local best hereafter), and iii) the 
history of the best position among all particles (termed global 
best hereafter) in this swarm [15]. This procedure is carried out 
for a number of iterations per particle, during which all 
particles gradually converge toward the most successful 
position.  

All particles constantly update their positions in each 
iterative cycle according to (3) and (4):  

   1
1 1 2 2 ,t t t t t t

id id id id gd idv w v c p x c p x               (3) 

1 1,t t t
id id idx x v                   (4) 

where t represents the iteration number, d denotes the particular 
dimension of the ith particle, and velocity v is calculated from 
(3) and used as the pace to generate the next value, as shown in 
(4). The velocity is decided based on the inertia, the attraction 
of the local best component of the particle thus far, and the 
attraction of the global best component of the swarm thus   
far. Three parameters, w, c1, and c2, represent their weights, 
respectively. In the local and global best components of the 
formula, two random values φ1 and φ2 ranging from 0 to 1  
are multiplied to give a stochastic diversity to the weight 
parameters c1 and c2. Here, t

idx  is the resultant value of 
dimension d of the ith particle in iteration t. In the next iteration, 
t + 1, all particles will be directed toward the local best t

idp  
and global best t

gdp  to a different extent as a whole, while 
maintaining part of their own force of inertia.  

PSO is easy to understand owing to its nature of simulating 

animal social behavior, and many modifications thereof exist 
[16]–[18]. However, PSO may possibly fail to attain the actual 
best solution when it converges prematurely. This is due to the 
fact that when all of the particles of the swarm converge to 
surround the global best, there is no opportunity to explore 
other locations, which might have a more optimal fitness value 
than the discovered global best, but may be far removed from 
the convergence point. Although the weight w for the inertia 
can be enlarged to enable the particles to travel farther, and thus 
postpone convergence, it is difficult to explicitly decide on an 
appropriate size for the threshold for the kind of moving object. 
This led us to propose a new DDSO method in the form of an 
improved PSO approach that can adopt the benefits of swarm 
intelligence, as explained in Section III, and not only provides 
improved object tracking speed and accuracy in a complex 
environment, but also optimizes the feature matching process 
by using an invariant feature detector and descriptor. 

III. Invariant Feature-Based Tracking Using DDSO 

1. Discrete Dynamic Swarm Optimization 

The proposed DDSO method enables us to use swarm 
intelligence in an object tracking application, and to address the 
occlusion problem. 

The novel DDSO method is intended to simplify the 
transition strategy of particles in swarm intelligence and 
improve the strategy such that it is particularly suitable for 
object searching in a captured video screen. According to (3) in 
Section II, PSO estimates the particle velocity in the current 
iteration by integrating the velocity of inertia and the local and 
global best of the last iteration. Yet, it is difficult to trade off the 
weight parameter for each of them. The drawback of PSO is 
that it may occasionally be trapped in a sub-optimal solution if 
the inertia is assigned a small weight. However, if the weight of 
the inertia is excessively large, the velocity integrated with the 
influence of the local and global best may traverse the 
boundary of the search space, and thus will obtain the 
boundary values. Therefore, we were unable to directly control 
when the swarm should converge. In addition, whereas PSO is 
able to process continuous solution candidates effectively, it is 
less successful in some special situations in object tracking, 
such as occlusions, because the object may disappear and 
reappear at another distant position, which is a discontinuous 
situation. 

In each frame, the particles need to converge and 
simultaneously break the rule to cover the possibility of some 
distant potential optimal solutions. Although there are random 
parameters in PSO, it cannot change the fact that PSO is unable 
to reach such distant candidates after reaching convergence. 
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Our solution to overcome the drawbacks of PSO is to propose 
the discrete DDSO strategy. DDSO transits all particles either 
directly to the new locations in the search space, or to the 
current globally best known position, or to somewhere in 
between the personally and globally best known positions. This 
allows the particles themselves to evolve toward the known 
best positions but with some remaining diversity by 
considering both personal and global information, and by a 
random trial.  

In DDSO, the solution location value of a particle is updated 
by the following newly proposed expression: 

1

1 1

if [0, ),

(1 ) if [ , ),

if [ ,1],

t t
d id g

t t t t
id d id id g l

t
id l

g R b

x r g r l R b b

R R b



 

 


     




    (5) 

where bg and bl are two boundaries dividing the interval [0,1];  
d denotes that particles belong to different intervals under 
different conditions; i represents the ith particle, where t is the 
current iteration number; and l and g represent the best particle 
known in the local history of the particle and the global history 
of the swarm, respectively. The particle moves to the desired 
solution based on a random value t

idR  between 0 and 1. If the 
random value is less than bg, the current global best 1t

ig   is 
assigned to the solution value. If the random value is between 
bl and bg, the result is determined based on the global and local 
best values together with a random weight r of which the value 
is between 0 and 1. During this process, we presume that the 
particle has a good chance of finding a more optimal global 
best between the previous global best and local best rather than 
at any of the other random corners. Nevertheless, if it is 
occluded, the object may reappear at any random location, 
which would not necessarily be taken into account by the 
above two equations. In that case, we need to use the third 
condition of (5) to generate a random value R in order to search 
for other random positions on the screen as the solutions. 

2. Observation Model 

During the process of pure invariant feature selection, the 
object properties are used to match the entire frame. This leads 
to unsatisfactory performance in terms of trimming the 
matched features when the background and other objects have 
a similar combination of features. To distinguish the noise and 
isolate the independent features, it is important to treat a subset 
of local features together, and evaluate their quality as a whole, 
to minimize the influence of noise inside the subset. This type 
of evaluation is similar to the method of global feature tracking. 
Therefore, a search scheme, instead of brutal force, and a 
motion model are needed. 

Different objects have different graphical complexities. 
Because keypoints are detected according to the image 
complexity and an excessive number of keypoints causes the 
matching process to become inefficient, it is necessary to filter 
the redundant keypoints before each particle is subjected to 
intensive matching during each iterative cycle. However, this is 
contradictory in that only matching can provide an answer to 
the question regarding which feature points are more important 
and which are not. Feature points appear equally important 
before they are matched. Hence, we simply downsize the 
number of feature points to [0, 199] by only fetching every s of 
the total number of keypoints N, where s = N/100 is the step 
value. After s is decided, only N/s of the keypoints will be 
retained, the value of which will be between 0 and 199. If the 
original N is less than 100, then all of the keypoints will be 
used. Equation (6) shows the calculation. 

if 100,
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3. Motion Model 

Our algorithm adapts swarm intelligence to the scenario of 
object tracking by more carefully considering the question of 
which data offered by the frame should be chosen one 
dimensionally. One frame in a video can offer significant 
information. The use of a particle system for object tracking 
involves choosing either (x, y, s), where x, y are the coordinates 
and s is the scale factor in three dimensions, or (x, y, w, h), 
where x, y are the coordinates, and w, h are the width and 
height in four dimensions. With our algorithm, because the 
method of particle distribution during each iterative cycle is 
determined by particular intervals that indicate the percentage 
of different possibilities, the use of the aforementioned 
dimension solution has a limitation.  

According to (5), some of the particles inherit the global best 
in the x dimension and have a random y value, whereas some 
of the particles inherit the global best in the y dimension and 
have a random x value. Therefore, this produces a cross-shaped 
distribution, with the global best as the cross point.  

We addressed this problem by determining x and y 
coordinates based on the condition in (5), and into the same 

,t
ijR which is also shared by the width and height of this 

particle. For R and r in (5), the four dimensions will still attain 
different random values. Therefore, the four dimensions are 
organized into two groups to determine a particle solution, 
which is capable of describing the location of a particle 
rectangle but without a cross distribution during the evolution 
of DDSO. 
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At the beginning of a frame, data such as the local or global 
best, which are needed by (5) for self-evolution, do not exist. 
Fortunately, one characteristic of object tracking is that the 
object is probably at the same location as in the last frame, 
which means the global best particle is consultative. Therefore, 
the initial location of the global best position of the swarm is 
preset to that in the last frame, but with a fitness value of zero, 
which is to be replaced during the evolution. To strengthen this 
inherited effect, we design the first particle of the swarm to 
directly inherit the global best rather than using a random 
particle. This step is to ensure that the exact global best position 
from the last frame is always consulted by the current frame. 
By doing so, the search process probably finds the new global 
best more rapidly, instead of blindly wandering around the 
entire screen. For the first frame that is processed, the preset 
global best is sourced from the manually depicted rectangle. 
For the initial local bests, they are simply assigned the value of 
their new current locations. 

4. Fitness Function 

Each particle covers a rectangular area on the screen 
including a number of features within it. They are then 
matched with the features of the original object model to obtain 
the distances of similarity. However, a measurement to score all 
distances as a whole upon these distances is needed.  

The fitness value of each particle is calculated by using (7): 
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where Pi is the ith particle, n is the total number of resulting 
matches in the rectangle of particle Pi, Dj denotes the 
normalized distance of the jth feature in the matches, and nko 
and nkp are the numbers of object keypoints and the current 
particle keypoints that are already filtered by (6), respectively.  

The first condition means if the resulting number of 
keypoints is lower than half of the original, the reliability is 
implied to be low because of relatively too few feature points, 
regardless of the extent to which it can increase the average 
mark. In this case, the fitness will be zero without conducting 
matching. This is also helpful to eliminate some noisy single 
feature points and save computational time. If the resulting 
number of keypoints is not lower than half of the original, the 
calculation of the second condition is used. 

The reason for using averaging is to minimize the influence 
of distractive mismatches with small distances, and thus 
achieving a deceptively high quality. Although some features   

in a scene may be complicated and may have a similar 
appearance from the view of the computer, their contribution 
can be effectively eliminated. The features are treated as groups 
by different particles. A particle containing one or two noisy 
features does not look similar to the computer anymore 
because the nature of the average eliminates the effect of the 
noise. Although a summation also has the same nature, because 
it needs to set a full mark, and the distances given by SURF 
using the FLANN-based matcher [19] are normalized values 
between [0, 1], using the average is obviously more intuitive. 

5. Flow Steps of Invariant Feature Tracking Using DDSO 

Because the new approach uses a combination of the  
 

 

Fig. 1. Flowchart of invariant feature tracking using DDSO. 
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invariant features and DDSO to complete the tracking process, 
two components are required for an efficient process, as the 
flowchart in Fig. 1 shows. The detailed steps are as follows.  
1) Step 1: Initialize the configuration parameters in DDSO as 
particle number i = 5; particle iteration i = 10; from (5), pre-
defined bg = 0.2 and bl = 0.5; and the initial maximum 
velocities for the width and height dimensions are ±0.2 of each 
other, respectively. Then, input the test video by selecting the 
desired target or pre-defined target features manually within a 
rectangle region in the first frame.  

a) Start using the invariant features and SURF definition: 
detect keypoints K0(k1, k2, … , kn).  
b) Generate a descriptor for the first frame: in the selected  
or pre-defined tracking rectangle, generate the SURF 
descriptor D0(d1, d2, … , dn).  

2) Step 2: Start tracking the process frame by frame.  
3) Step 3: In the current frame m, repeat the SURF feature 
identification to detect keypoints Km(k1, k2, … , kj) and generate 
the descriptor Dm(d1, d2, … , dj).  
4) Step 4: Initialize the particles according to the original 
position or last frame’s solution.  
5) Step 5: Calculate the particle movement based on the 
improved DDSO (5).  
6) Step 6: Collect keypoint set Km(k1, k2, … , kj), which is 
located inside particle i, with the corresponding descriptor  
Dm(d1, d2, … , dj). Match Dm with the original target 
identification D0 to provide a score of distance matching result 
set M(m1, m2, … , mn) with n correct match results.  
7) Step 7: Calculate the fitness value of the ith particle using (7).  
8) Step 8: Update each the historical best value of each particle 
until all particles complete their matching.  
9) Step 9: Update the global best value in every iterative cycle 
and find the global solution after all particles have finished their 
iterations.  
10) Step 10: Maintain tracking based on each particle solution 
for each frame.  
11) Step 11: END 

IV. Experiments and Results 

The following eight experiments demonstrate the benefits of 
our approach through a comparison with other commonly used 
approaches currently used in industry. All testing was conducted 
on a MacBook Pro (Retina, Mid 2012), with a 2.6 GHz Intel 
Core i7 processor, 16 GB of 1600 MHz DDR3 memory, and a 
1,024 MB NVDIA GeForce GT 650M graphics card. Eight 
videos under different situations were tested, including various 
kinds of target interference, changes in the environment, and real 
road traffic conditions. Descriptions and resolutions of the video 
sequences are listed in Table 1, together with the different  

Table 1. Videos used in the experiments. 

  Description   

Video 1 Object moving and deformation 568 × 320 

Video 2 Similar color in background 800 × 480 

Video 3 Illumination change 800 × 480 

Video 4 Occlusion and reappearing 720 × 480 

Video 5 Rotating object 800 × 480 

Video 6 Real traffic demo 1 800 × 480 

Video 7 Car parking demo 1,440 × 1,080

Video 8 Car leaving demo 1,440 × 1,080

 

Table 2. Methods compared with the proposed DDSO. 

Abbreviation Methods 

CP Color tracking using PSO [13]–[15] 

IF Invariant feature tracking [5] 

IR Invariant feature tracking using RANSAC [20] 

IP Invariant feature tracking using PSO 

ID Invariant feature tracking using DDSO 

 

methods used in the experiments, which are listed in Table 2. All 
the experimental results can be accessed through the following 
YouTube link (https://www.youtube.com/playlist?list=PLqTU 
SqrBpP-5mHgfuQ9TpyvmTBqLmhkoJ). 

In each swarm-intelligence-based method (CP, IP, and ID), 
the number of particles is set to 5 and the number of iterations 
is set to 10 due to our hardware limitation; however, a greater 
number of particles and iterative cycles may produce more 
accurate results. According to [5], c1 and c2 from (3) were 
assigned the value of 2 since this value proved to achieve high 
interaction efficiency between the local best experience and 
global best experience. Based on trial and error, we assigned a 
value of 0.5 to the inertia weight w to help the particle       
to converge. The initial maximum velocities in the x and y 
dimensions are equal to the width and height dimensions of  
the global best of the particle, whereas the initial maximum 
velocities of the width and height dimensions are within ± 0.2 
of each other to prevent the particle from being located too far 
away. According to our test experiences, bg and bl from (5) of 
DDSO have been set to the values of 0.2 and 0.5 to distinguish 
between the fitness quality of either keeping track of or losing 
track of the target object. 

For IF and IR, a homography is usually calculated after a 
good match is obtained. However, the homography does not fit 
the requirements of our approach, which needs the center, 
width, and height of the solution. Therefore, we adjust the 
method for calculating the homography by finding the upper 
and lower boundaries together with those on the left and right, 



ETRI Journal, Volume 39, Number 2, April 2017 Kyuchang Kang et al.   157 
https://doi.org/10.4218/etrij.17.0116.0584 

Table 3. Result for video 1 – deformation object movement. 

Effect comparison results in experiment 1 Result 
frame CP IF IR IP ID 

No. 23 
   

No. 49 
   

No. 65 
   

No. 74 
   

 

among the matched features to form a rectangle for adaptation 
during testing. 

1. Experiment 1 with Object Deformation Movement 

The first test video included scenes of a woman who was 
wearing a red shirt and who walked past the camera swinging a 
notebook in her hand. The target A4-sized notebook has a blue 
background color with a large cyan-blue color number “64” on 
the cover. During the movement, the image of the target 
notebook kept changing its shape with different rectangular 
angles. The video is 4 s long and each second contains 30 
frames, that is, 30 fps.  

According to the test results presented in Table 3, the five 
different methods obtained quite different results in their 
tracking attempts. Our new DDSO with its invariant features 
approach showed its advantages and robustness by providing a 
great tracking trajectory and target shape matching throughout 
the entire testing video, whereas the other methods had their 
particular drawbacks.  

CP provided a similar outcome when compared to our new 
DDSO approach by continuing to track the target; however, 
because this method is based on the color feature of the target, 
the shape matching ability of this method during deformation 
was unable to keep up with the changing target. This led to 
outcomes of an incorrect tracking rectangle at frame 23 and a 
small tracking rectangle at frame 49.  

IF filtered its match results by only fetching those matches 
above the median, and the resultant good matches were 
insufficient for even conducting normal and continuous 
tracking. According to the results in Table 3, most of the time, 
environmental features interfered with this method and 
provided several large tracking rectangles. The method neither 
achieved successful tracking nor correct matching results.  

From frames 23 and 65 onward, IR encountered feature 
selection disadvantages, which led to an incorrect tracking 
rectangle size. IP was continuously affected by environmental 
interference with only a handful of frames in which the correct 
target location and its shape were found, for example, frame 65. 

Table 4. Result for video 2 – color noise. 

Effect comparison results in experiment 2 Result 
frame CP IF IR IP ID 

No. 1 
  

No. 22 
  

No. 27 
  

No. 57 
  

 

2. Experiment 2 on Target Object with Color Noise 

In test video 2, we added color noise by using an orange 
notebook as the target and a yellow board on the wall, while a 
person wearing a red shirt conducted the same action as in the 
previous experiment.  

According to Table 4, the performance of method IF was as 
unacceptable as in video 1, because it lost the target, even in 
frame 1, whereas the other methods bonded to the original 
target and were ready to start tracking. The IR method, which 
has one more step than RANSAC to further filter matches  
that are less accurate than those of method IF, outperformed 
method IF in terms of the error distance to the ground truth. 
However, its tracking and matching were not stable during the 
entire video; at around frame 27, the tracking rectangles were 
deformed and the track of the real target was lost.  

The CP method had the same problem in that it became 
confused as to the actual the target shape with error distances of 
around 40 pixels, such as in frame 57, because in most of the 
frames it considered the red shirt to be the correct target to track. 
The nature of color in the CP method is the reason for the 
inability to distinguish color noise. 

One of the two methods using invariant features and swarm 
intelligence, IP, lost track of the target in frame 22 and had 
difficulty recovering the true target because of the limitation of 
the optimization area and interference from environmental 
noise.  

Compared to these methods, our approach combines the 
invariant features and swarm intelligence in the DDSO method, 
which is shown to achieve stable performance in video 2 with 
an average of 25 pixels away from the ground truth positions. 
This is because of the integration of more invariant and distinct 
features, which increased the accuracy of the match with the 
more effective search and match scheme of improved swarm 
intelligence, instead of with a brute force method. 

3. Experiment 3 on Video with Changes in Illumination  

The third experiment considers an important aspect of object 
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Table 5. Result for video 3 – illumination change. 

Effect comparison results in experiment 3 Result 
frame CP IF IR IP ID 

No. 18 
 

No. 97 
  

No. 115 
  

No. 241 
 

 

tracking, namely changes in illumination. In this video, one red 
event card moves from right to left on a white table, and passes 
through areas of different illumination, which causes the color 
and shape of the original target to change. This creates a 
challenge for stable and smooth tracking. 

Based on the results in Table 5, for the change in lighting 
during the movement in this video, the color of the target card 
turned from light red to dark red, and after passing through the 
shadowed area, returned to light red. From frame 18 onwards, 
the pure invariant feature method still had a worse outcome 
compared to other methods. The IR and IP methods also 
become unstable from the beginning. They were unable to 
display the correct matching rectangle or solution-tracking 
trajectory. The IR method was not even able to display the 
resulting rectangle because the number of matched features 
was insufficient as an input for the RANSAC calculation.  

From frame 97, the reflection of light from the target card 
began to diminish, causing the solution rectangle of the CP to 
move from the card to the human hand, whereas our DDSO 
approach maintained the tracking until frame 115. Despite the 
tracking process of all five methods suddenly becoming 
unstable, the ID method retrieved most of the frames until 
frame 241, where it fully recovered the target, whereas the CP 
method incurred a shape-matching problem again, and the 
other three methods were unable to recover the target until the 
last frame. 

4. Experiment 4 on Video with Occlusions 

In video 4, the occlusion condition was tested by moving a 
book, which was occluded by a laptop during its movement. 
Once the occlusion no longer existed and the object reappeared 
from frame 53 onwards, the five methods performed very 
differently. After the occlusion, the PSO-based methods (CP 
and IP) moved their solutions to a point remarkably similar to 
the object model. They were unable to refocus on the 
reappearing point when the object reappeared. 

In the case of the non-swarm-intelligence-based methods (IF 

Table 6. Result for video 4 – with occlusion. 

Effect comparison results in experiment 4 Result 
frame CP IF IR IP ID 

Frame 
No. 1   
Frame 
No. 18   
Frame 
No. 41   
Frame 
No. 53   
Frame 
No. 69   

 

and IR), their error distances to the ground truth were also not 
satisfactory after reappearing. Method IF had a distance of 
around 300 pixels, whereas the performance of the IR method 
appeared highly discontinuous. Their unsatisfactory performance 
after the reappearance was only because they tended to become 
unreliable as the video moves into the second half, during 
which the appearance of the object varies more noticeably 
from that of the original object model. 

The only method that was capable of relocating to the right 
object is our approach, ID, because it can discretely cover the 
whole screen when an abrupt situation occurs, such as an 
occlusion. Table 6 contains these results. 

5. Experiment 5 on Video with Rotating Object Target 

This video test focused on a major problem in object 
tracking regarding target deformation: the rotation of the target. 
In this case, the feature identification of the target either shifts 
or disappears during the moving process, and a traditional 
tracking method cannot maintain the correct tracking trajectory 
to overcome this change in the target. 

Table 7 presents the major differences among the five 
methods for test video 5, in which the target book was rotated 
by 360°. At the start of the rotation in frame 5, the IP approach 
had already begun to match the incorrect feature points, 
whereas the CP approach experienced difficulties with tracking 
the rectangle deformation. As time moved forward, the target 
object continued changing its shape, and thus the normal 
tracking methods were unable to recognize the target by the 
original properties. In the following frames, the CP approach 
attempted to restore the target shape but continued to fail, 
whereas the pure invariant feature tracking method lost the 
target pattern in most of the frames after frame 11, and the 
PSO-based optimization IP approach could only retrieve the 
target in very few frames, such as in frame 23, with low quality. 
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Table 7. Result for video 5 – rotating object. 

Effect comparison results in experiment 5 Result 
frame CP IF IR IP ID 

Frame  
No. 5    
Frame  
No. 11    
Frame  
No. 23    
Frame  
No. 51    
Frame  
No. 92    

 

In addition to the CP, IP, and IF approaches, the IR approach 
and our ID approach produced excellent results under 
conditions in which the object underwent rotation. They were 
able to maintain the targeting at all times and almost maintain 
the same shape as the tracking rectangle when the target was 
rotated, as in frame 51, and maintained correct targeting after 
the target returned to the initial location in frame 92; the IR 
approach, however, narrowed down the tracking rectangle a 
few times. 

6. Experiment 6 on Video with Real Traffic Demo 1 

Test video 6 was quite different from the special self-made 
video, which aimed to test independent interference. The video 
captured real road traffic during the daytime. Within this video, 
a white-colored delivery vehicle was chosen as the tracking 
target. It moved from left to right and encountered multiple 
sources of visual noise such as speed changes, light shifting, 
and a lane fence covering at the same time, which increased the 
difficulty of object tracking.  

Initially, the invariant feature tracking method lost the target 
vehicle immediately because of too many interfering keypoints 
in the real environment. On the other hand, PSO tracking with  
a color histogram could only follow the moving object but with 
an incorrect smaller target shape description, as in frames 12, 
77, and 91, most of the time owing to the special white color 
feature identification.  

Table 8 shows the results for video 6 with real traffic video. 
The IR was able to continue tracking the target during the first 
half of the test video. However, when encountering sunlight 
reflection from a glass building in the background and from the 
target itself, the tracking rectangle deformed in frames 77 and 
91, and the tracking process became unstable in most of the 
frames during the second half of the video. 

Compared to the CP, IF, and IR methods, the invariant 
feature with a swarm intelligence approach provided excellent 

Table 8. Result for video 6 – real traffic demo 1. 

Effect comparison results in experiment 6 Result 
frame CP IF IR IP ID 

Frame  
No. 2   
Frame  
No. 12   
Frame  
No. 77   
Frame  
No. 91   

 

outcomes in this real environment. The original PSO 
optimization with invariant features could maintain the target 
tracking with a few deformation issues such as frames 77 and 
91, whereas DDSO could improve the optimization with 
features to provide more accurate and efficient tracking at all 
times. 

7. Experiments 7 and 8 on Video with Targets in Car Park 

Test videos 7 and 8 were captured in an open car parking 
ground with different viewing angles. The targets inside these 
two videos were white sedans parking in and leaving the car 
park, respectively. The challenge for video 7 was the small size 
of the target, and in video 8, the target car undergoing a change 
in shape when turning into the street. Both tracking processes 
were subjected to ground and other object interferences. 

Table 9 shows the results of test video 7 (only the important 
frames). Owing to the setting of the target size, insufficient 
feature points were identified to describe the target car, which 
made a pure invariant feature, and the IR methods easily lost 
the target definition and provided an incorrect tracking 
rectangle, and were even unable to conduct the tracking 
process from the early stage of the video, such as at frames 5, 
34, 45, and 114. The CP could focus on the target movement. 
 

Table 9. Result for video 7 – car parking. 

Effect comparison results in experiment 7 Result 
frame CP IF IR IP ID 

Frame  
No. 5   
Frame  
No. 34   
Frame  
No. 45   
Frame  

No. 114   
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Table 10. Result for video 8 – car leaving parking ground. 

Effect comparison results in experiment 8 Result 
frame CP IF IR IP ID 

Frame  
No. 11    
Frame  
No. 65    
Frame  
No. 79    
Frame  

No. 105    
 

However, it was unable to maintain the correct target size in the 
rectangle in most of the frames, including frames 45 and 114, 
where the ground color interfered with the tracking 
identification. The IP and ID methods benefited from swarm 
intelligence to optimize the matching and searching process, 
and thus they were more successful for this tracking. The 
original PSO experienced interference by noise from other 
feature points, and lost the target in frame 114 until the end of 
the video. 

Table 10 shows the significant differences among the testing 
methods and demonstrates the advantages of our new ID 
approach; the other methods were unable to accommodate the 
shape changes when the car turned into the street. Initially, the 
IP method soon lost the target and started searching in an 
irrelevant area, and purely invariant feature tracking was unable 
to collect a sufficient number of correct feature points to keep 
tracking the target beginning with frame 11. The CP and IR 
methods could focus on the target in the first half of the video; 
however, when the target car started to turn left, the CP method 
was distracted by a person who initially appeared in frame 65, 
and in frame 79 it locked onto the turning location until the last 
frame, 105; in addition, the IR method lost its key feature 
points, leading to incorrect target location, such as in frames 79 
and 105. 

In these two test videos, only the newly proposed DDSO 
with an invariant feature tracking approach was able to stably 
conduct excellent tracking in a complex environment to 
sufficiently process the tracked object from the beginning to the 
end of the video. 

8. Accuracy and Time per Frame (ms) 

According to the results obtained in the eight experiments 
described above, our newly proposed DDSO with invariant 
feature tracking provided the highest accuracy outcomes for 
various targets and environments, and could sustain the correct 
tracking at all times (above 0.9). Other common tracking 

Table 11. Accuracy test results for five different methods using eight 
test videos. 

 CP IF IR IP ID 

Video 1 0.94 0.5 0.89 0.91 0.98 

Video 2 0.12 0.38 0.88 0.96 0.97 

Video 3 0.83 0.42 0.47 0.99 0.94 

Video 4 0.49 0.20 0.68 0.41 0.88 

Video 5 0.48 0.35 0.90 0.39 0.94 

Video 6 0.42 0.21 0.80 0.91 0.96 

Video 7 0.88 0.36 0.41 0.82 0.94 

Video 8 0.70 0.20 0.68 0.58 0.98 

 

methods were only able to fit some of the test cases. For 
example, a pure color feature with PSO optimization was able 
to achieve good tracking when the target had isolated color 
identification in the first video, but when the target changed 
itself, or when the environmental conditions changed as in the 
other videos, the method only focused on the color features. 

The accuracy of the purely IF was lower than 0.5 in all test 
videos, and this method was the least accurate in the frame 
screenshots. The results of the IR method relied on the key 
feature points and provided a good outcome when the targets 
were out of its range, but test videos 3, 4, 7, and 8 showed the 
drawbacks of the method when its key feature points 
disappeared during changes in light or other types of 
interference. PSO optimization with invariant features could 
perform more accurate tracking compared to the IF and IR 
methods in most of the cases because of its invariant nature 
integrated with swarm intelligence, and could take advantage 
of the invariant and geographically close relationship among 
the matched features. Detailed accuracy results are provided in 
Table 11. 

V. Conclusion  

Many scientists have devoted considerable effort to 
providing increasingly accurate and efficient solutions for 
object tracking. They have used different features to determine 
the targets and applied different algorithms to perform object 
searching at different speeds and accuracy levels to support 
multi-application domains. In this paper, a novel tracking 
solution was proposed to take advantage of a group of local 
invariant features to represent an object through the use of a 
global feature. The proposed solution includes the integration 
of swarm intelligence with invariant features, a new fitness 
function, and discrete dynamic swarm optimization. 

Based on our experimental results in Section IV for eight 
different testing videos, the proposed invariant tracking using 
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DDSO outperformed three other methods that use i) color 
tracking with PSO in terms of illumination changes and 
background color noise, ii) simple invariant tracking and 
invariant tracking with RANSAC regarding robustness, and iii) 
invariant tracking using PSO in terms of occlusions and re-
appearing problems.  

Our future work aims to focus on online learning to enable 
learners to effectively overcome continuing changes in the 
appearance of an object. Because the speed of our approach is 
sacrificed several times compared to color tracking, we also 
plan to improve the computational efficiency of the proposed 
tracking algorithm for some real-time applications. 
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