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Abstract. Video multi-target tracking is a critical problem in the field of computer vision.
Although many existing algorithms have the ability to track targets in certain environments, it
is often difficult to achieve automated and robust tracking in video sequences if there are occlu-
sion, various changes in target shape, or complex backgrounds. To surmount these difficulties, a
multi-target tracking algorithm based on ORB (Oriented Brief) feature point is proposed in this
paper. First, the “Moving Edge Growth” algorithm is used to get target blocks. Next, targets in
two sequential frames are associated by matching the ORB features of target blocks with feature
templates. The matching process enables target templates to be updated in real time by eliminat-
ing the outdated feature points and adding new feature points. In this way, effectiveness of feature
template is guaranteed in real time, resulting in greater reliability of matching during the track-
ing process. Experimental results demonstrate the ability of the proposed algorithm in robustly
tracking even if the targets are deformed or partially occluded.

1. Introduction

Multi-target tracking is one of an important applications of the computer vision
technology. It has great potential of being widely used for intelligent monitoring, mo-
bile robotics, navigation and guidance as well as unmanned driving. In recent years,
the researchers have devoted a lot of efforts into visual tracking and yielded a lot of
theories and methods. These achievements can be classified into three categories, i.e.
filtering-based methods [1-2], target pattern matching-based methods[3-4] and the
classification-based methods[5-6]. Typical examples of the filtering-based methods
are UKF (Unscented Kalman Filter) and PF (Particle filter). But some of these
methods are unable to process non-linear non-Gaussian scenarios, while some are
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very computationally intensive and thus not suited for situations in which the tar-
gets are expected to be tracked in real-time. Typical example of the target pattern
matching-based methods is MS (Mean Shift) which entails slight calculation burden
and is thus able to track targets in real time. However, MS needs to model the
target using a color feature alone. As a result, when the background is complicated,
target is occluded or moves fast, the performance of the algorithm is poor. Due to
these reasons, it is usually combined with other target features or tracking methods.
Yang et al. [9] proposes a method of using background subtraction to get the tar-
get, and then uses template matching to track the target. Yang’s method can track
multiple targets in indoor and outdoor scenes, but it can not segment the target
effectively in the case of occlusion. The classification-based target tracking method
must learn and train samples using some machine learning algorithm, leading to
a high computational complexity, and its performance is largely dependent on the
design of classifier and the number of samples. In order to solve the problems caused
by the rotation, scaling, illumination change and so on, SIFT feature[10] has been
introduced to yield performance gain in target tracking stability[11-12]. But the
SIFT algorithm is very computationally intensive. Performing SIFT transform on
each image or several image blocks at the same time is very time-consuming and
makes it hard to track target in real time. Erublee et al.[13]proposed a new target
tracking algorithm ORB. In addition to being rotation- and scale-invariant, it is able
to produce high-quality feature points and operates faster than SIFT by two orders
of magnitude, making it suited for the real-time situations.

By the using of the visual attention mechanism, people is able to quickly lo-
cate several highly salient targets or regions in a scene. In this way, the chosen
targets or regions would be processed first to improve information processing effi-
ciency. Furthermore, the visual system is very sensitive to a moving object. Hence,
introducing the motion saliency to target tracking and detection will provides a very
promising means of producing performance gains. Zhang et al.[14] combines motion
saliency map and particle filter to realize the stable tracking of multi targets, but
the extracted target zones are not accurate enough.

In the above context, this paper propose an ORB feature-based target tracking
algorithm. Saliency of moving edges of targets are used to segment targets from
background, ORB features are then extracted from the partitioned targets and used
for tracking and motion analysis. Experimental results demonstrate the ability of
the proposed algorithm to stably track multiple targets, reduce tracking error and
address partial occlusion of targets effectively.

2. Moving target detection

Target detection is the premise of the target tracking. Human visual system is
highly sensitive to the edge of a target, and tends to get the specific shape of the
target and analyze it via edge information [15-17]. In this section, we propose a novel
detection algorithm which referred as Moving Edge Growth to get the foreground
targets.
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2.1. Saliency of moving edge

Edge is an essential factor deciding the shape and contour of a moving target,
and also tends to be in the most prominent position in movement. In this sense, an
algorithm called Three-Frame Edge Difference is proposed to detect moving edge.
The algorithm has an advantage that it is simple to calculate, and the most im-
portant moving edge can be extracted, which greatly reduces the follow-up optical
flow computation. Since it is realizable to get relatively continuous edge via edge
detection with Canny operator [18], we figure out the binary edge images Et−1, Et
and Et+1 of the three adjacent frame images It−1, It and It+1 via Canny operator
first. Then, the binary moving edge map DEt can be calculated as:

DEt = |Et − Et−1| ∩ |Et+1 − Et| , (1)

where “∩” denotes intersection. Then the DEt is to be treated by morphological
close operation with 3×3 square structure element, which contribute to both the
fusion of edges and the elimination of small noise.

The motion saliency of the moving edge is got by LK optical flow calculation
method [19].LK is a kind of sparse optical flow estimation algorithm based on two-
frame difference, in which only a small number of discrete points are handled. Thus,
the computational cost of LK is small, so it can satisfies the real - time requirement.

It is assumed that all pixels in the w1×w1 neighborhood of an edge pixel p take the
consistent motion, i.e., velocity vector vT = (vx, vy) is a constant. Then the optical
flow constraint equations can be obtained from all pixels in the neighborhood:

Ix(p1) Iy(p1)
Ix(p2) Iy(p2)

...
...

Ix(pn2) Iy(pn2)


[
vx
vy

]
=


−It(p1)
−It(p2)

...
−It(pn2)

 , (2)

where Ix(.), Iy(.) and It(.) are the differential values in x, y and t directions
respectively. The equation (2) can be reformulated as Av = b, then the optical flow
vector v is got by the method of least squares:

v = (ATA)−1ATb (3)

Optical flow vector has two properties of intensity and direction. In general, the
bigger intensity the movement takes, the more eye attention it can attracts. We
use the magnitude |v| of the optical flow vector to represent the motion saliency
Mi,j of the moving edge point at position (i, j). After the saliency values of all edge
points are got, the motion saliency map with the same size as the source image is
got, where the saliency values of all the non- edge points have been set to 0. At the
same time, the orientation characteristic of each edge point is represented by a 3-
dimensional vector Θi,j : Θi,j = (i, j, θ), where θ represents the radian value of the
orientation.

The brief process of extracting edge saliency is shown in Fig. 1, where three
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adjacent frames (t−1th, tth and t+1th)are extracted from a video clip of a basketball
bounce. In the three frames, the basketball is falling from a high point (with a certain
rotation). First, the edge frame difference method mentioned above is used to get a
binary moving edge map, and then the LK algorithm is used to extract the optical
flow vector, so the motion saliency map is got according to the magnitudes of optical
flow vectors at every points of the moving edge map.

 
  

Fig. 1. Acquisition process of edge motion saliency

2.2. Moving targets segmentation

There are obvious edge discontinuities in the binary moving edge map DEt of
the tth frame It by the method of the Three-Frame-Edge-Difference, which make it
difficult to segment targets according to these moving edges. To solve this problem,
this paper proposes an effective strategy of “Moving Edge Growth” to process the
discontinuous edges. The following is an outline of the procedure of our strategy:

Step 1: Denote the edge points coordinate set of Et and the moving edge points
coordinate set of DEt as ZtE and ZtDE respectively. It is worth noting that values
corresponding to the coordinates in the two sets all are equal to 1. In the set ZtDE ,
initialize the element serial number k to 1. The binary edge image Et covered with
the map DEt.

Step 2: Select the kth moving edge point DEt,ik,jk from the set ZtDE , and
establish the initial queue Ψt,ik,jk = {ϕ1}. Wherein, ϕ1 is the coordinates of the
first element of the queue, and ϕ1 = (ik, jk). Set the initial value of the queue
length variable Total to be 1. The initial values of the mean saliency MSM

t,ik,jk
and
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the mean orientationMΘ
t,ik,jk

of total points in Ψt,ik,jk are set to be the saliency and
orientation of the point DEt,ik,jk respectively.

Step 3: A 3 × 3 neighborhood centered at ϕ1 is established in DEt. If there is
a point p : p /∈ ZtDE&&p ∈ ZtE&&DEt,p = 0 belongs to 8 adjacent connected points
of ϕ1, and p satisfy (4):

|SMt,p −MSM
t,ik,jk

| < Tsm&&|Θt,p −MΘ
t,ik,jk

| < Tθ , (4)

where Tsm and Tθ are thresholds, then p is considered similar to DEt,ik,jk in
motion, and put it in the end of the queue Ψt,ik,jk . Update DEt: DEt,p = 1.
Update Total : Total = Total + 1.

Step 4: Calculate the mean saliency MSM
t,ik,jk

and mean orientation MΘ
t,ik,jk

of
points corresponding to the coordinates in set Ψt,ik,jk . Delete the first element of
Ψt,ik,jk , and prepose the rest elements in sequence. Update Total : Total = Total−1.
If Total 6= 0, take out the first element ϕ1 of Ψt,ik,jk , return to Step 3. Otherwise,
implement k = k + 1, return to Step 2.

Step 5: Repeat step 2∼4 until the end of the growth.
After edge growth, the final moving edge is to be got via getting rid of noisy

points and morphological dilation. The minimum bounding rectangle is used upon
target edge to get the target block , and thus identify the target region.

3. Moving targets tracking

The overall framework of target tracking is shown in Fig. 2. The local invariant
feature descriptors are extracted from the moving target blocks got by the detection
process, and the real time association are realized by the matching of the ORB
features between blocks and templates. Meanwhile, the template matching process
update the target templates, the coordinates of the feature points and so on.

3.1. ORB features

ORB is based on FAST feature point detection[20] and BRIEF feature descrip-
tor[21].

(1) Feature point detection
Consider the intensity values of pixels on a circle centered at p with a radius of

r(usually taken as 9 pixels), if there are at least N(usually taken as 12)) consecutive
points whose intensity values satisfies I(p)−I(qi) > εd or I(qi)−I(p) > εd, then p is
taken as a keypoint. I(p) and I(qi) are intensity values of pixels p and qi respectively,
i is the serial number of the first pixel satisfies the condition, and M ≥ N .

For all the keypoints, we use Harris algorithm to sort and select the desired num-
ber of points as feature points. In order to add scale characteristics to feature points,
ORB set up an image pyramid, detecting feature points on each layer. Moreover,
ORB calculates the angle between a feature point and the centroid of the neighbor-
hood, then append the angle to each feature point as its orientation information.
For the center point p, the (a+ b) order geometric moment of its neighborhood are
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defined as:
ma,b =

∑
i,j

iajbIi,j , (5)

where Ii,j represents intensity value at (i, j). The centroid coordinates are de-
noted as:

C = (Cx, Cy) = (m10/m00,m01/m00) . (6)

Thus, the orientation information can be calculated as:

θ = arc tan (m01/m10) . (7)

(2) Feature descriptor
The ORB constructs feature point descriptor based on BRIEF algorithm[13]: n

point pairs are selected around each feature point, two points in each point pair are
compared to produce a binary bit, and the binary string of length n is used as the
descriptor of the feature point.

After processing the image with Gaussian filter, a 31× 31 neighborhood window
P centered at a feature point is set, and a pair of 5× 5 sub-windows are randomly
chosen from P as test points P (x) and P (y). The intensity values of the two testing
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points are compared to get a binary bit:

τ(P ;x,y) =

{
1 P (x) < P (y)
0 otherwise

(8)

where x and y are the coordinates of the two test points respectively. The steps
above will be repeated n times to yield an n-bit binary string as the initial descriptor
fn(P ). Since the BRIEF descriptor is not rotation-invariant, ORB endows it with
rotation invariance. The above mentioned n pairs of testing points constitute a
matrix M:

M =

[
x1, ...,xn
y1, ...,yn

]
. (9)

The neighborhood direction θ and the corresponding rotation matrix Rθ are used
to get a corrected version of M , i.e. Mθ = Rθ ×M . Afterwards, the final descriptor
is given by:

gn(P, θ) = fn(P )|(xi,yi) ∈Mθ . (10)

3.2. Adaptive template update based tracking algorithm

In the present paper, our tracking algorithm is divided into two processes: target
matching and template updating. Target matching is designed to find identical
targets and establish target associations by examining the matching status of present
targets’ ORB features and each target template in TIL. Template updating is the
real-time update of each target template during tracking, aiming at ensuring the
sustainability of target recognition.

(1) Target matching
The algorithm presented in the paper uses the feature points of a target to de-

scribe the target. Therefore, the matching of a target and a template equivalent to
the matching of their feature points.

1) Target information library:
The information of each target block includes the serial number of the target, the

feature template, the position matrix of all feature points, and the block’s top-left
coordinates and center coordinates in history frames. In this paper, the feature tem-
plate of each target is expressed as a m×n dimension matrix, where m is the count
of feature points and n is the dimension of each feature point descriptor. We use a
structure array to store all the target information to form a TIL, or TIL for short
in later sections.

2) Matching of feature points:
In this process, the matching degree is measured by Euclidean distance between

descriptors. In traditional feature points based matching algorithms, a certain fea-
ture point of a target in present frame need to find its matching point in everywhere
of the last frame. In other words, this feature point should try to match with each
feature point of each target template in the TIL, which would result in abundant
computation expense and a low efficiency. To solve this problem, we propose a “near
neighbor bilateral matching” strategy to improve the performance efficiency of the
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algorithm based on the following reason: the matching point in the last frame have
no large space displacement. Let’s assume that pi is the ith feature point of the
present target O, then the detailed process is:

The matching threshold of a descriptor is written as Tr; set a w2 × w2 search
windowWcur in the present frame with pi as the center; set a w2×w2 search window
Wpre in the previous frame at the same position as pi; the matching point of pi is
denoted as pmatch.

a. Backward searching:
The Euclidean distances between pi and the feature points which not only lie

in Wpre but also belongs to the TIL will be measured. Then, the two feature
points with the shortest distance (indicating high similarity) should be selected as
candidate feature points which denoted as p1 and p2 with distances are ξ1 and ξ2,
respectively(Fig.3(a)). If only ξ1 is lower than the threshold value Tr, then p1 is
immediately taken as the matched feature point, pmatch = p1; if both ξ1 and ξ2 are
lower than the threshold value Tr and the ratio of ξ1 to ξ2 is less than threshold
value Td, then pmatch = p1; if both ξ1 and ξ2 are lower than the threshold value Tr
but the ratio of ξ1 to ξ2 is not less than Td, then stepb should be executed.

b. Forward searching:
The points p1 and p2 search their matched feature points in the window Wcur of

the present frame, and respectively take the first two minimum distance points as
the candidate points, which are denoted by p11, p12 and p21, p22, their corresponding
matching distances are denoted by ξ11, ξ12 and ξ21, ξ22. If p11 or p12 is pi (Figure
3(b)), then pmatch = p1; similarly, if p21 or p22 is pi, then pmatch = p2; if p11 or p12

and p21 or p22 are pi (Fig. 3(c)), then pmatch should be selected according to the
principle as follows:

pmatch =

{
p2 p12 = pi&&p21 = pi&&d2 < d1

p1 otherwise
(11)

where d1 and d2, respectively stand for the spatial distances from pi to p1 , pi to
p2; if none of p11, p12, p21 and p22 is pi, then pmatch = (pm|m = arg mink∈{1,2}(ξk +
ξk1 + ξk2)).

3) Target matching:
All matched points of the present target O are extracted, each count of matched

points corresponding to a different template forms a set Z: Z = {Nϕ1 , ..., Nϕi , ..., NϕI
},

ϕi ∈ {1, ..., L}, where Nϕi
stands for the count of feature points belonging to the

ϕith target template among all the matched points, I for the total number of el-
ements in set Z, and L for the total number of templates in the TIL. Find out
the maximum of set Z, which is denoted by Nϕj , and suppose N to be the count
of feature points in the present target block, then the maximum matching ratio is
denoted by Po = Nϕj

/N . Set a threshold Tp of matching ratio, if Po > Tp, it can
be considered that the present target matches the ϕjth target of the TIL, and the
association is established accordingly; otherwise, rematch the present target with
the target templates numbered ϕ1, ..., ϕi, ..., ϕI in the TIL respectively, and make
judgment again. Fact shows that since the relative displacement for a same target
in 2 adjacent frames are small, there’s usually no need of rematching.
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Fig. 3. Backward searching and forward searching. (a) Backward searching.(b)One
of p1’s candidate points is pi in forward searching.(c) One of p1’s candidate points

and one of p2’s candidate points are pi in forward searching.

(2) Template updating
To maintain the effectiveness of the TIL during the targets tracking process, it

must be updated in real time, including the update of the existing templates as well
as the preservation of the new target templates. In this paper, we refer to [22] to
set a preservation level for every feature point in the TIL during template updating.
For example, the preservation level of jth feature point of target O can be denoted
by RO,j whose maximum value is denoted by Rmax, indicating the confidence of this
feature point belongs to the target.

1) Add new target templates:
If a target in the present frame doesn’t match any target template in the TIL,

it is considered that the target is a new target whose serial number, target block
coordinates and target template should be added into the TIL. For new targets, the
preservation levels of all feature points are all set to Rmax.

2) Update the matched target templates:
If the present target O matches the ith target template of the TIL, every matched

feature point in the ith target template should be replaced with that of the present
target, the position of the feature point in the position matrix should be updated, and
the preservation level of the point is set to Rmax; as to every unmatched feature point
in the target template, the value of its preservation level minus 1. The unmatched
feature points in the present target O should be added to the target template whose
corresponding preservation levels all should be set to Rmax, and the feature point
position matrix also need to be updated. Considering illumination change, target
deformation, noise interference, and other external factors, that the preservation
level of a feature point reduces to 0 means that this feature is not matched for a
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long time. Thus, it is deemed that this feature point cannot represent the target
any longer, and all the information of this feature point should be deleted from TIL.

3) Update of unmatched target templates:
If there still exist a target template that do not matches any target even after

the ending of matching process of the present frame, it is deemed that that target
stops, is completely covered, or has left the scene. Then, it is supposed to inspect
the center coordinates of that target in the last matching frame and previous l − 1
frames.

For each one of the l frames, the minimum distance from the center of the target
block to the four boundaries of the scene is calculated respectively, which are denoted
by dist1, ..., distt in chronological order. If the l distances decrease progressively and
distt ≤ Te, with Te as the presupposed threshold value, then it is considered that the
target has left the scene, the preservation level of all feature points of the template
remains unchanged, and the central coordinates are set to be (−1,−1) which is
simply a sign of “leave a scene” ; if distt > Te, the image patch of the present frame
at the position of the last matched target with the equal size of the last matched
target block , is still able to match the target template, then it is considered that
the target stops temporarily, and the preservation level of feature points remains
unchanged. At this moment, the center of target bounding box in tracking is the
center of the target block preserved in the TIL; otherwise, it is judged that the
target is occluded completely, the central coordinates of the target block is set to be
(−2,−2) which is simply a sign of “being occluded completely”.

This algorithm does not remove any template, which is due to taking into account
the actual situation: the target leaving the scene is likely to return. So, the template
at the time before leaving the scene is need to be retained.

3.3. Partial occlusion between targets

During multi-target tracking, because of the change of the positions of the targets,
there will be occlusions between targetsIn this paper, a method is proposed to judge
if there is occlusion according to the proportion of matched feature points among
which targets are separated according to the relative positions.

(1) Occlusion occurrence
During tracking, when different moving targets are partially occluded, a single

rectangle bounding box will be formed. As shown in Fig. 4, target 1 and target 2
are blocked at a certain moment.

 
  

Fig. 4. Partial occlusion diagram between two targets.
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The multiple target blocks that are mutually occluded will form a "cluster target
block". Occlusion judgment is based on the following reason: when it just happens,
most of feature points of the corresponding target templates can be found in the
"cluster target block". Take 2 targets for example(Fig.4), hypothetically, the set
that consist of target serial numbers and corresponding count of matching points
that the cluster target block gets from backward matching is denoted as Z: Z =
{N1, N2, Nother_1, ..., Nother_k}, where N1 and N2 are the count of points belongs
to target No. 1 and target No.2 respectively among all matched points, Nother_i, i =
1, ...., k is the count of the matched points that belongs to each of the other k targets.
For each Nj , j = 1, 2, other_1, ..., other_k in Z, let NT

j be the count of features
points in the jth template. If there are at least two different j values that meet
Tm ≤ Nj/N

T
j ≤ 1, where Tm is the ratio threshold, then it is thought that there

exists partial occlusion in the cluster target block of the present frame. Naturally
the above method can be applied to the case of multiple targets.

(2) Occlusion handling
When occlusion occurs, we do not update the target templates that are occluded

from each other because of their instable states until the occlusion is over.
In the present frame, let xcuri,j and ycuri,j be x and y coordinates of the jth feature

point of the cluster target block, which matches the ith target template. Then, xTi,j
and yTi,j represent the corresponding x and y coordinates preserved in the TIL. The
center coordinates (xcuri,c , y

cur
i,c ) of the target i in the present cluster target blocks can

be computed as: 
xcuri,c = xTi,c +

1

Ni

Ni∑
j=1

(xcuri,j − xTi,j) ,

ycuri,c = yTi,c +
1

Ni

Ni∑
j=1

(xcuri,j − xTi,j) ,

(12)

where xTi,c and yTi,c are the last center coordinates of theith target in TIL, Ni is
the count of feature points belongs to the cluster target block, which match the ith
target template.

4. Results and discussions

In order to verify the effectiveness of the proposed algorithm in targets tracking,
we test and compare it with the particle filter algorithm based on visual attention [14]
and the color feature template matching algorithm [9] on different video sequences.
The experimental environment is: PC with CoreTM-i7 CPU, 8GB of memory and
Windows7 operating system; using Matlab programming. A total of 10 video se-
quences are used for testing, whose names and their parameters are shown in Tab.
1. They include indoor and outdoor scenes, as well as rigid and nonrigid targets, and
come from:ATON project of UCSD(sequence 1, http://cvrr. ucsd. edu/aton/), KIT
(sequence 7 and sequence 9, http://i21www.ira.uka.de/image_sequences/), QMUL
(sequence 3, sequence 8 and sequence 10, http://www.eecs.qmul.ac.uk/∼andrea/sp-
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evi.html), Hanyang University (sequence 4∼ sequence 6, http://cvlab.hanyang. ac.kr/
index.html), and MATLAB computer vision toolbox(sequence 2).In these sequences,
all the ground truth of targets in sequence 3, sequence 8 and sequence 10 and the
ground truth of one of targets in sequence 4∼ sequence 6 have been given, the ground
truth of other targets are manually marked by ourselves.

Table 1. Video sequences in experiments

No. name frame size total frames
1 highway2 320×240 499

2 traffic 160×120 120
3 motinas_room160 360×288 1073

4 walking2 384×288 500

5 subway 352×288 175

6 walking 768×576 412

7 bad 512×512 50
8 motinas_room105 191×256 1077

9 dt 512×512 50
10 motinas_Chamber 360×288 1121

4.1. Detection results and analysis

To validate the proposed detection algorithm in section 2, parameters in the
algorithm is set as: the length of the neighborhood w1 = 25 pixels, threshold values
Tsm and Tθ are 0.2 and π/36 respectively.

Fig. 5 shows a sampling result of moving multi-targets detection on sequence
1(221th frame) for the purpose of comparison between frame difference method,
background subtraction method and ours.

In the figure, row 1 demonstrates the original image and ground truth target
block, from left to right;row 2 and row 3 are detection results of frame difference
method and background subtraction method respectively, where the detected target
blocks are got after filtering noise. And the background updating model used in
background subtraction method is

Bi,j,t = α× Ii,j,t + (1− α)Bi,j,t−1 (13)

where α = 0.15. As we can see that the frame difference method is prone to bring
“holes” into the interior of the targets while the background subtraction method
leading to a “tail” effect. That will cause ambiguities in the process of identify-
ing moving targets. The last row of the Fig. 5 shows the detection result derived
from our method, better performance is achieved.

We don’t compare with optical flow method and Gaussian mixture background
modeling method and so on, because of their high computational complexity. In this
paper, moving target detection is just the predecessor of the overall algorithm of the
target tracking, so from the point of view of real-time, the target detection method
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should be done simply and rapidly.

 
  

Fig. 5. Sampling results of different algorithms for target detection. The 1st row is
the original frame image and its segmentation, the 2nd , 3rd and 4th rows are the

detection and segmentation results(from left to right) of frame difference,
background subtraction, and our algorithms respectively.

4.2. Tracking results and analysis

The related parameters are set as:
The side length value w2 of the search window Wcur in the process of feature

points matching is 10 pixels, the dimension n of ORB descriptor is 256,
the matching threshold Tr of feature point is 2.5, the distance ratio threshold Td

is 0.4, the matching rate threshold Tp equals 0.6, the preservation rank Rmax is 5,
and the threshold Te of leaving scene is 15 piexels, l = 7; the threshold Tm of partial
occlusion is 0.8.

(1) Qualitative analysis
We compare our result with two previous methods: Yang et.al[9] andZhang et

al.[14] , which are referred to as YG and ZG respectively later in this paper.
Fig. 6 shows the tracking sampling result of automobile(s) in sequence 2 highway

scene, Fig. 7 shows the tracking sampling result of person(s) in sequence 3 indoor
scene, and Fig. 8 shows the tracking sampling result of walker(s) in sequence 4
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corridor scene. The bounding boxes in different colors in the figures correspond to
different targets, and the rectangular bounding boxes of dash-dotted line, solid line,
dashed line, and dotted line denote the ground truth of targets, the tracking results
achieved with the our algorithm, ZG algorithm and YG algorithm respectively; in
the three figures, the first line refers to the ground truth of each target, the second
line shows the comparison of tracking results achieved with our algorithm and the
ZG algorithm, and the third line shows the comparison of tracking results achieved
with our algorithm with the YG algorithm. It is clear that our algorithm performs
better in tracking, which is not only reflected by the accuracy of target centers, but
also by the accuracy of detection of target regions(target blocks). Figs. 9 shows
the target tracking trajectories of sequence 2(left, from1st frame to the 55th frame),
sequence 3(middle, from1st frame to the 450th frame) and sequence 4 (from the 1st
frame to the 311th frame) respectively. The colors of the trajectories correspond
with the targets in Fig. 6 to 8. The trajectories in other colors, such as the blue
line in the upper left of Fig.9 (right), refer to a tracking trajectory of another target
occurring in this period.

 
  

#37 #50#25

#50#25 #37

#37 #50#25

Fig. 6. Examples of tracking results for rigid targets in sequence 2 of outdoor
scene. The 1st row shows the ground truth segmentations, the 2nd and 3rd rows
are the results comparing our algorithm with ZG and YG algorithms respectively.

Figure 10 shows the tracking samples of 3 algorithms when moving targets are
partially occluded. The 1st row in the figure consists of the 39th and 55th frame
of original image. A pair of targets in the central-left part of the 39th frame are
occluded with one another; two pairs of targets in the middle of the 55th frame
are occluded. The second row in the figure shows the comparison of the proposed
algorithm with ZG. It can be observed that the two methods are able to track a
single target continuously. But the tracking accuracy of the proposed method is
higher than ZG. The third row in the figure shows the comparison of the proposed
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#232 #263 #439

#439#263#232

#232 #263 #439

Fig. 7. Examples of tracking results for non-rigid targets in sequence 3 of an indoor
scene. The 1st row shows the ground truth segmentations, the 2nd and 3rd rows
are the results comparing our algorithm with ZG and YG algorithms respectively.

 
  

#311#257

#311#257#12

#12

#12 #257 #311

Fig. 8. Examples of tracking results for non-rigid targets in sequence 4 of an
outdoor scene. The 1st row shows the ground truth segmentations, the 2nd and
3rd rows are the results comparing our algorithm with ZG and YG algorithms

respectively.

algorithm with YG. In the case of target occlusion, YG regards the occluded targets
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Fig. 9. Target tracking trajectories of our algorithm in sequence 2, sequence 3 and
sequence 4(from left to right).

 
  

#55

#55#39

#39

#39 #55

Fig. 10. Examples of tracking results under partial occlusion. The 1st row is the
original frame images, the 2nd and 3rd rows are the results comparing our

algorithm with ZG and YG algorithms respectively.

as a whole and then track, as shown in the large grey box in the 39th frame and
the large gray and purple boxes in the 55th frame. As a result, YG is unable to
distinguish between the targets until occlusion ends. But the proposed algorithm is
able to track the occluded targets separately.

(2) Quantitative analysis
For the purpose of analyzing the tracking effect quantitatively, we investigated

two indicators: tracking accuracy and success rate. Taking the overlap rate of target
blocks as the criteria for tracking accuracy [23], which is defined as follows:

Rt =
|rt ∩ rGTt |
|rt ∪ rGTt |

, (14)

where rt and rGTt are tracked bounding box and Ground truth bounding box,
∩ and ∪ represent the intersection and union of two regions respectively, and |.|
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Fig. 11. Tracking accuracy. From top to bottom: sequence 2, sequence 3, sequence
4, and sequence 5.

denotes the number of pixels in the region.
In the experiments, we calculate the overlap rate of each target of a frame and

then take the mean as the overlap rate of the frame. In addition, the cumulative
overlap rate of present frame is taken as its accuracy measure:

Rt =
1

t

t∑
k=1

Rt . (15)

Fig. 10 shows the tracking accuracies of sequence 2∼ sequence 5. It can be
seen that the accuracy of each algorithm tends to be stable with the development of
tracking, and our algorithm take the highest tracking accuracy. The exact values of
the tracking accuracy for all 10 sequences are given in the third column of Tab. 2.

Tab. 2 denotes the comparison of tracking successful rate on 10 sequences for
3 algorithms. Assuming that it will fail when the accuracy of tracking is less than
50% for a frame. Our algorithm works the best.
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Table 2. Comparison of tracking successful rate for 3 algorithms

No. Algorithm Accuracy
Successful Successful

tracked frames rate
Z’s 69.30% 372 74.60%

1 Y’s 74.80% 350 70.10%
Our 85.50% 405 81.20%
Z’s 65.70% 81 67.50%

2 Y’s 73.40% 89 74.20%
Our 80.40% 94 78.30%
Z’s 68.20% 851 79.30%

3 Y’s 76.10% 834 77.70%
Our 78.60% 872 81.30%
Z’s 74.20% 324 64.80%

4 Y’s 74.80% 349 69.80%
Our 78.60% 378 75.60%
Z’s 74.10% 133 76.30%

5 Y’s 76.00% 137 78.30%
Our 82.70% 151 86.30%
Z’s 77.30% 243 60.00%

6 Y’s 73.60% 288 69.90%
Our 79.80% 304 73.80%
Z’s 70.40% 27 54.00%

7 Y’s 68.20% 30 60.00%
Our 75.00% 34 68.00%
Z’s 65.50% 815 75.70%

8 Y’s 72.10% 797 74.40%
Our 78.50% 881 81.80%
Z’s 73.00% 25 50.30%

9 Y’s 80.10% 38 76.00%
Our 85.60% 39 78.00%
Z’s 74.20% 914 81.50%

10 Y’s 76.70% 869 77.50%
Our 79.90% 932 83.10%

5. Conclusion and future work

Focusing on some difficulties in target tracking, a target tracking algorithm based
on ORB feature points is put forward in this paper. The algorithm is to extract
edge motion saliency with Three-Frame Edge Difference algorithm and LK optical
flow first, then perform Moving Edge Growth algorithm to get the edge of each
motion target so as to segment target blocks. The ORB features of target blocks are
extracted, which is use to realize tracking of each target by matching it with target
templates. During tracking, TIL is updated in real time, where the updating of target
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template is to preserve the correct feature points in the template and effectively
remove the outdated feature points, so as to ensure the persistent effectiveness of
template. Experimental results show that our algorithm can achieves good tracking
robustness in real time in the case of deformation and rotation of motion targets or
partial inter-target occlusion.

However, we should also notice that our algorithm could not cope with the case
in which the target is being “split” by small background obstacles, such as when one
part of a target is on one side of obstacle, and the other part is on the other side.
In that case, the target will be determined to be two different motion targets in the
target detection phase as mentioned above. In future work we plan to solve this
problem by taking other target features into consideration, thus further improving
the robustness of target detection. In addition, how to apply the algorithm to the
target tracking in the case of active backgrounds is one of the focuses.
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