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a b s t r a c t
Handling occlusion has been a challenging task in object tracking. In this paper, we propose
a multiple object tracking method in the presence of partial occlusion using salient feature
points. We ﬁrst extract the prominent feature points from each target object, and then use
a particle ﬁlter-based approach to track the feature points in image sequences based on
various attributes such as location, velocity and other descriptors. We then detect and
revise the feature points that have been tracked incorrectly. The main idea is that, even
if some feature points are not successfully tracked due to occlusion or poor imaging condition, the other correctly tracked features can collectively perform the corrections on their
behalf. Finally, we track the objects using the correctly tracked feature points through a
Hough-like approach, and the object bounding boxes are updated using the relative locations of these feature points. Experimental results demonstrate that our method is proﬁcient in providing accurate human tracking as well as appropriate occlusion handling,
compared to the existing methods.
Ó 2014 Elsevier Inc. All rights reserved.

1. Introduction
Visual object tracking has drawn increasing attention in recent years since it has been an important and complicated task
in the ﬁeld of computer vision. It has a wide range of application areas including automatic object detection, object surveillance, activity analysis, and human computer interaction [2,4,19,32]. For example, automated surveillance systems play
important roles in monitoring factories, schools, trafﬁc, hospitals, banks, and other facilities, in which the system often
includes object detection, tracking, and event analysis according to diverse requirements. Object tracking in a scene is
broadly categorized as either single or multiple object tracking. Tracking a single object or some isolated objects is comparatively simpler than tracking multiple objects in the presence of occlusion and/or poor background conditions. On the other
hand, various multi-view as well as single view approaches have been proposed to handle the tracking of occluded targets.
The multi-view approaches [8,13,17,38] use information from more than one camera to decrease hidden regions in order to
recover 3D space information. However, such a setup for capturing videos of the same scene by multiple cameras may not
always be possible in practice. The currently available single view approaches can handle isolated objects effectively, while
the tracking of multiple objects is severely hampered and may often fail, in the presence of occlusion, especially inter-object
occlusion. If a change occurs in the subject’s appearance, such as a change of object shape due to slight rotation, most
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algorithms may fail to track correctly. We address multiple object tracking in the presence of occlusion using the single view
approach.
Occlusion has been regarded as one of the main challenging tasks in visual object tracking since it leads to severe degradation of tracking accuracy. In video streams, at times some parts of objects may not be visible due to occlusion. A human
can recognize an object even though it is partially occluded. If the object is partially visible, the human brain can reconstruct
the entire object using the inference based on the visible portion of the object and the knowledge of the object’s general
structure. For example, the full body of a human is visible in Fig. 1(a), while only a portion of the body is visible in
Fig. 1(b) due to the obstacle. Despite the obstacle, a human can predict the size and shape of the object by assessing the posture of the visible parts. In the presence of occlusion, the sophisticated techniques may be needed to implement the tracking
system that analogizes the object recognition mechanism of a human. Many existing tracking methods show reliable tracking for multiple moving objects when the objects are clearly separated from each other and their colors are distinct from
those of the background. However, these tracking methods may otherwise fail and an object’s tracker may switch to another
moving object or to a location somewhere in the background. The aim of this study is ﬁnd a way to handle such a problem.
We focus on tracking multiple moving objects in image sequences when parts of the objects are occluded due to background
objects or other target objects. In our approach, a strategy similar to the aforementioned object-reconstruction mechanism of
a human is used to handle occlusion.
In this paper, we propose a salient feature point (SFP)-based method to track multiple objects with partial occlusion
handling. The proposed tracking algorithm is based on the particle ﬁltering approximation of different feature points of
the target objects. Even if some feature points are not successfully tracked due to occlusion, overlap or changes in imaging
conditions, the other correctly tracked features can collectively perform the correction for them. The overall structure of the
proposed method is shown in Fig. 2. It is composed of three steps: (1) feature descriptor construction for SFPs, (2) object
tracking through the prediction of SFPs’ locations, and (3) feature descriptor update for SFPs.
To construct a feature descriptor in Step 1, we ﬁrst represent each target object by a rectangular bounding box in a video.
Then, multiple SFPs are extracted for each target object using a corner detection algorithm, and the histogram of oriented
gradient (HOG) descriptor for each SFP is generated. To track objects in the consecutive frames in Step 2, a particle ﬁlterbased approach is employed to track the SFPs of each object by predicting their subsequent locations. We use the relative
location of each SFP to obtain information about the object’s shape. The relative locations can also help to determine if an
SFP is correctly tracked. We then identify the incorrectly tracked SFPs through outlier analysis and ﬁnd the bounding box
using correctly tracked SFPs. In Step 3, we revise the locations of the incorrectly tracked SFPs based on their previous relative
locations, and update the descriptors of the correctly tracked SFPs. Steps 2 and 3 are repeated while subsequent frames
remain, and the proposed approach is thus able to successfully track multiple objects in a scene.
The main contributions of the proposed method can be summarized as follows. (1) We present an effective method that
addresses one of the main challenging tasks in multiple moving object tracking; that is, tracking in the presence of partial

Fig. 1. Human inference in reconstructing an object in the presence of occlusion: (a) fully visible and (b) partially visible. This example shows that a human
can predict a full object (shown using bounding rectangles), even though some portions of the object are not visible.
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Fig. 2. Overall structure of the proposed object tracking method.

occlusion. Our method achieves considerable accuracy in tracking objects as shown in the experimental results. (2) Our
tracking algorithm is based on SFPs, not on the entire object, which is widely used in existing works, resulting in more reliable tracking. (3) We propose an outlier detection algorithm to ﬁnd the incorrectly tracked SFPs. (4) Our tracking algorithm is
robust since it is designed to track objects in such a way that the correctly tracked features play important roles in compensating the incorrectly tracked features and providing them with corrections.
The remainder of this paper is organized as follows. Section 2 presents the related work with discussion. Section 3 presents the preliminaries for our study, followed by the description of the proposed method in Section 4. Section 5 provides the
experimental results using three different datasets that are openly used, and ﬁnally, Section 6 concludes the paper.

2. Related work
To date, a great deal of works has been carried out on tracking moving objects, and different techniques are involved for
effective tracking including object detection, representation and tracking algorithm [37,39]. For the single view approach,
various algorithms such as Kalman ﬁlter, mean shift and particle ﬁlter, have been proposed for tracking moving objects. Even
though the Kalman ﬁlter is widely applied to object tracking applications, it requires a linear model for state dynamics which
may not be guaranteed in all scenarios [22]. Beymer and Konolige [3] proposed an algorithm to detect objects’ positions and
speeds using linear velocity models, and used a Kalman ﬁlter to estimate the location and speed during occlusion. With this
method, an occluded object is tracked as a new object after occlusion. Rowe et al. [31] presented a block-based color histogram matching algorithm for multiple object tracking using a Kalman ﬁlter, where the tracking is performed in three different steps: target detection, low-level tracking, and high-level tracking. This method requires initialization of many
parameters, which is a difﬁcult task in complex environments and may lead to tracking errors. Li et al. [23] represented
and tracked an object using its centroid and a rectangular bounding box. A new large bounding box combining the occluded
objects is generated to track the objects during occlusion. Even though this approach can acknowledge occlusion, it does not
track the occluded objects individually.
The mean shift (MS) tracking algorithm is widely used due to its simplicity and efﬁciency. In MS tracking, a target object is
usually described as a weighted [9] or feature [1] histogram of the pixels on the object or its bounding box. The object is then
searched in the video frames through template matching using different methods of vector similarity calculations such as
Bhattacharyya coefﬁcient [12] or Kullback–Leibler divergence [20]. Ning et al. [25] proposed a corrected background
weighted histogram (CBWH), where the target localization is improved by reducing the relevance of background information. However, in the presence of color similarity between object and background, this algorithm may fail to retain its robustness. Zhao et al. [41] used a 3D model for the human body and color histogram, and used a foreground and background
appearance model to track multiple humans in crowded scenes. This method is very sophisticated and thus leads to severe
computational overhead.
The particle ﬁlter (PF), also known as the sequential Monte Carlo method [14], is the most popular algorithm that generates the posterior probability density function (pdf) using the propagation rule of state density. It outperforms other algorithms, especially for solving non-linear estimation problems [30,35]. Usually, object coordinate [40], appearance [21], and
color information [26] methods are used in particle ﬁlter based algorithms. It is not easy to ﬁnd the accurate coordinate with
the object coordinate method, while appearance and color information-based approaches may fail to track if the background
contains confusing colors. For human tracking, Jin et al. [18] partitioned a human body into three parts, represented them by
a combination of a color histogram and HOG, and tracked the parts separately. The proposal does not track multiple objects,
and also does not handle occlusions. Chang and Ansari [7] used an elliptical model and gradient estimation. Although the
proposed kernel particle ﬁlter (KPF) shows better performance than traditional PF, it does not track multiple targets, nor does
it provide any mechanism to handle occlusion. Cabido et al. [5] proposed a tracking algorithm combining a particle ﬁlter with
memetic algorithms. Although it can track multiple objects, it fails to handle occlusion. Liu and Sun [24] used PF to track a
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target object that is represented by a rectangular box. Tracking performance was improved by the incremental likelihood
function which is the combination of a histogram and Bhattacharyya similarity calculation. The method offers very fast performance by sacriﬁcing accuracy. Yang et al. [36] proposed a particle ﬁltering-based method for multiple object tracking
with quasi-random sampling; however, the method cannot handle local deformations or changes in the object shape being
tracked. Cai et al. [6] presented a particle ﬁlter approach combined with a mean shift algorithm, while Okuma et al. [27] used
a boosted particle ﬁlter. Both methods use a color histogram to represent target models and are effective for human and
other non-rigid object tracking. However, a large number of particles are required for prior training. Table 1 summarizes
the typical object tracking algorithms with a brief description. We address the shortcomings of the existing approaches mentioned above for tracking multiple objects. We extract multiple SFPs from each target object and track them separately in
consecutive video frames. If any SFP of an object is not correctly tracked due to occlusion or poor background condition,
we make use of the relative locations of the other correctly tracked SFPs of the same object to estimate the correct location
of the SFP. Consequently, the proposed approach is able to successfully track multiple objects in a scene.
3. Preliminaries
3.1. Particle ﬁlter
The particle ﬁlter has attracted signiﬁcant attention due to its robustness in visual tracking. It is known as a recursive
Bayesian estimation that predicts the posterior probability of the current state using the propagation rule of state density.
Bayesian tracking recursively computes the posterior density p(xt|z1:t) of the present state based on the information of past
observations. The probability density function is estimated in two stages: prediction and update. For the ﬁrst-order Markov
process, the pdf is obtained as:

pðxt jz1:t Þ ¼ jpðzt jxt Þpðxt jz1:t1 Þ;
pðxt jz1:t1 Þ ¼

Z

ð1Þ
t1

pðxt jxt1 Þpðxt1 jz1:t1 Þdx

ð2Þ

;

where j is a normalizing constant which is independent of the current state. p(zt|xt), p(xt|z1:t1) and p(xt|xt1) are the likelihood function, the dynamic model and the temporal prior over xt, respectively. The particle ﬁlter is implemented using
a recursive Bayesian ﬁlter with Monte Carlo simulations. A conditional state density p(xt|zt) at time t is represented by a
set of samples {st(n): n = 1, . . ., N}, and each sample is assigned a weight (w(j)) by estimating the likelihood or conditional
pdf using
t1
wtðjÞ ¼ wðjÞ
pðzt ÞjxtðjÞ :

ð3Þ

The posterior pdf is updated using the weighted particles as speciﬁed in Eq. (4).

Table 1
Summary of typical object tracking algorithms with brief description.
Category

Object representation

Single/multiple
tracking

Occlusion handling

Kalman ﬁlterbased

Rectangular intensity template [3]
Color histogram [31]
Rectangular window and centroid [23]

Multiple

Handled. Objects tracked as a new object after occlusion
Handled. Too many initialization parameters needed
Handled. Overlapped objects merged as a single large object

Mean shiftbased

Weighted histogram [9]
Feature histogram [1]
Corrected background weighted
histogram [25]
3D model, color histogram, appearance
model [41]

Single

Partially handled only when an object is clearly separated from
background

Multiple

Handled. Severe computational overhead

Object coordinate [40]
Appearance model [21]
Color distribution in an elliptic region [26]
Combination of color histogram and HOG
[18]
Elliptical model [7]
Binary bounding box [5]
Rectangular region [24]

Single

Not handled
Not handled
Handled
Not handled

Particle ﬁlterbased

Color and edge histogram of a rectangular
box [36]
Color histogram [6,27]

Multiple

Not handled
Not handled
Handled. Achieving computational efﬁciency by sacriﬁcing
accuracy
Partially handled. Local changes in an object not supported
Handled. A large number of particles needed for training
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^xt ¼

N
X
wtðjÞ xtðjÞ :

ð4Þ

j¼1

The particles propagate depending on the dynamic model of the system. A particle ﬁlter is capable of dealing with
non-linear and non-Gaussian distribution by maintaining multiple hypotheses.
3.2. Corner detection
When two dominant and dissimilar edges intersect in a local vicinity of a point, the point is considered as a corner point.
In other words, the corner point is a point of a curve where the curvature is at a maximum. To extract the corner points,
various corner detection algorithms have been devised [15,34]. We use the algorithm [16] that is widely used to detect
the corner points, where the contour from a Canny edge map is extracted and the absolute value of curvature as initial corner
candidates is computed. Then, an adaptive curvature threshold is applied to remove the round corners from the initial list
and ﬁnally false corners are eliminated due to quantization noise.
3.3. HOG feature
The HOG [10] is a basic feature descriptor used in computer vision. It captures edge or gradient structures representing
local shape characteristics of objects, and is adaptive to local geometric and photometric transformations. HOG is usually
calculated in a block (or window), and is represented as normalized local histograms of image gradient orientations in a
dense grid. A gradient operator (usually Sobel) is applied to calculate the gradient orientations and magnitudes. The norm
and orientation are calculated using Eq. (5) and Eq. (6), respectively.

normðx; yÞ ¼

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
px2 ðx; yÞ þ py2 ðx; yÞ;

orientðx; yÞ ¼ arctanðpyðx; yÞ=pxðx; yÞÞ:

ð5Þ
ð6Þ

All pixels inside the window vote in the histogram bins according to the gradient orientations with its gradient magnitude. Finally, the accumulated gradient magnitude is normalized.
3.4. Bhattacharyya distance
Bhattacharyya distance is used to measure the similarity or closeness between two discrete or continuous normal distributions [12]. For two histograms H1 and H2 of equal size distribution, the distance D is calculated using the following
equation:

sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ ﬃ
Xn
H1 ðiÞH2 ðiÞ
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
;
BDðH1 ; H2 Þ ¼ 1 
P
P
i¼1
i H1 ðiÞ
i H2 ðiÞ

ð7Þ

where n is the number of histogram bins. A small distance indicates good matching between the two histograms. Usually, the
distance score ranges from 0 to 1.
4. Proposed method
4.1. Feature descriptor construction
In our work, we represent an object effectively using a set of SFPs, each of which corresponds to a signiﬁcant point in the
object. We select the SFPs using a corner detection algorithm [16] that plays an important role in representing and tracking
objects. The location and size of each target object is usually determined by a minimum rectangular bounding box that
tightly encloses the entire object. An object (O) is represented by a set of object attributes that includes the bounding box
(B), the velocity of the object (u), and a set of SFPs as depicted in Fig. 3(a). Again, each SFP consists of several feature attributes that include location (p), relative location (r), descriptor (h), velocity of the feature point (v), and some ﬂags, as shown
in Fig. 3(b).
We deﬁne four arithmetic vector operators (addition , subtraction €, multiplication , and division Ü), and two logical
operators (less-than-or-equal-to 6 and greater-than-or-equal-to P), to be used for mathematical vector expressions in this
paper. Let vector r = (r1, r2), p = (p1, p2) and l = (l1, l2). Then, the operators , €, , Ü, 6, and P are deﬁned as shown in Table 2.
The bounding box (B) of a target object includes the image coordinate l = (x, y) of the top-left corner and size s = (width,
height) of the object’s bounding box. We use l as a reference point to represent the object. The velocity (u) of an object O is
determined from the displacement of the top-left corner of the bounding box using

O  u ¼ O  Bt  l  O  Bt1  l;

ð8Þ
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SFP attributes
Location (p)

Bounding Box (B)
(a) Location (l)
(b) Size (s)

Relative Location (r)
Descriptor (h)
Velocity (v)

Velocity (u)

Flags
(a) Outlier
(b) Overlapped

Set of SFPs

(b)

(a)

Fig. 3. Data structures for representing an object and an SPF: (a) attributes of an object and (b) attributes of an SPF.

Table 2
Function of vector operators.
Operator

Function

Description


€


r=pl
r=p€l
r=pl
r=pÜl
p6l
pPl

r1 = p1 + l1, r2 = p2 + l2
r1 = p1  l1, r2 = p2  l2
r1 = p1  l1, r2 = p2  l2
r1 = p1/l1, r2 = p2/l2
p1 6 l1, p2 6 l2
p1 P l1, p2 P l2

Ü

6
P

where Bt and Bt1 are the bounding boxes of O in the tth and the (t  1)th frames, respectively. We also use a set of SFPs to
represent an object as shown in Fig. 4. Each SFP (Fj) consists of several attributes as shown in Fig. 3(b). p represents the position of the feature in the current frame. The relative location r denotes the position vector of an SFP (Fj) with respect to the
top-left corner of the bounding box using

O  F j  r ¼ O  F j  p  O  B  l;

ð9Þ

Thus, r represents the position of the SFP in the corresponding object’s bounding box. Conversely, the r of a correctly tracked
SPF can approximate the size and shape of the bounding box (we describe this in Section 4.2.2). The descriptor h characterizes the feature. We use the HOG descriptor [10], which is widely used in many computer vision algorithms, to describe a
feature. Velocity v, of a feature signiﬁes the change of its position between two consecutive frames using

O  F j  v ¼ O  F j  p  O  F j  pt1 ;

ð10Þ

where pt and pt1 are the locations of the SFP (Fj) in the tth and the (t  1)th frame, respectively. It represents the movement
of an SFP in consecutive frames.

Fig. 4. Example of representation of a target object; the center of each circle represents the location of the respective feature point. Dotted vectors show the
relative location (r) of a feature point (Fj) with respect to the top-left corner of the bounding box.
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An SFP also has two signiﬁcant ﬂags: Outlier indicates whether or not the SFP is correctly tracked, while Overlapped indicates whether the SFP falls in a location covered by more than one object.
4.2. Object tracking
Similar to other tracking algorithms, particle ﬁlter (PF)-based tracking estimates the posterior distribution of the location
of a target object in a frame based on the information from past observations. We also adopt a similar strategy to the existing
PF-based approaches for estimating the positions of the target objects in each frame of a video sequence. Tracking algorithms
usually track the object as a whole using a descriptor or template to represent it. As mentioned earlier, tracking an entire
object may lead to erroneous decisions even when there is little change in the object’s pose and/or imaging condition. Hence,
in our approach, we track each SFP of an object, and combine the tracking outputs to estimate the location of the corresponding object in a subsequent frame. We then update the attributes of the SFPs based on their current locations. Updating a feature’s attributes reﬂects its present condition, and thus helps to compensate small changes in the appearance of the feature
points from frame to frame.
4.2.1. The particles
The state of an SFP (Fj) is represented by {Fj  p, Fj  r, Fj  v, Fj  h}. To track the objects in a frame, a set Z = {zi|i = 1, 2, 3, . . ., n}
of n particles is generated from each SFP based on its current state. A particle zi of Fj of and object O is generated by
2

O  F j  zi  q ¼ O  F j  p  O  F j  v  Nð0; d Þ;

ð11Þ
2

where O  Fj  v is the velocity of Fj that is computed by its locations in the previous frames and N(0, d ) is a zero mean Gaussian distribution with variance d2. The particles generated thus enable us to estimate the probable locations of the SFPs in the
video frame. We then verify the particles using the feature descriptors. To do so, the HOG feature O  Fj  zi  h is calculated at
every location O  Fj  zi  q predicted by the particles. A weight (w) is then assigned to every particle using

O  F j  zi  w ¼ BDðO  F j  h; O  F j  zi  hÞ;

ð12Þ

where BD(X, Y) is the Bhattacharyya distance [12] representing the overlap (similarity) between the two distributions X and
Y. The weight of a particle is assigned based on the similarity between the SFP being tracked and the SFP at a location predicted by the corresponding particle. Thus, when a higher weight is assigned to a particle, it is more likely to represent the
similar SFP in the current frame.
To ﬁnalize the prediction, a common approach of traditional particle ﬁltering methods involves taking the weighted average of the predictions performed by the n particles using Eq. (4). This approach considers the contribution of all particles and
recommends an approximate location. We observed that the location obtained by the weighted average may not always give
the exact location of an SFP. Rather, it may fall somewhere between the predicted locations. Since our algorithm is based on
SFPs, we need to predict the exact location of an SFP. Otherwise, if we update the descriptor at the wrong location, the actual
SFP may not be represented. Hence, each tracker in our method selects the particle with the maximum weight among the
particles generated using Eq. (13), and this particle represents the predicted location of the SFP being tracked. This gives
a more accurate result compared to the average location suggested by all particles.

O  F j  p ¼ zk ; where k ¼ arg max wi :
i2N

ð13Þ

In Fig. 5(a), we generate an SFP near the forehead of the person in the ﬁrst frame (yellow circle). The generated particles
(yellow circles) from the feature point are shown in Fig. 5(b). The radius of the yellow1 circle indicates the weight assigned to
the corresponding particle. The red dot represents the particle with the maximum weight while the cyan dot represents the
position of the weighted average of all the particles. Hence, we can observe that predicting the location of an SFP based on
the particle with the maximum weight is more reliable than predicting the location using the weighted average.
4.2.2. Outlier analysis and bounding box update
For outlier analysis, we use the similar idea of RANSAC [11]. However, instead of multiple iterations in this method, we
apply a single iteration to detect the outliers. Every SFP of an object maintains its relative location r with respect to the topleft corner of the corresponding bounding box. Conversely, these relative locations of the SFPs can help to represent an object
by maintaining the inter-feature distance. Based on the relative location of the SFP (Fj) of an object O, we estimate the top-left
corner of the object bounding box using,

Cj ¼ O  F j  p  O  F j  r:

ð14Þ

In an ideal case, all these estimations should be directed towards a single point, which is the top-left corner of the bounding box in the frame at the hand, as shown in Fig. 6(a). On the other hand, due to imaging conditions, similarity with background and slight rotation of the object, etc., all the SFPs may not be tracked correctly. In such a situation, the predictions of
1

For interpretation of color in Fig. 5, the reader is referred to the web version of this article.
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Fig. 5. The predicted position of a feature point using the particle with maximum weight and weighted average of particles: (a) original location of an SFP in
frame 1 and (b) predicted locations of the SFP in frame 2. The ‘Red’ dot represents the particle with the maximum weight while the ‘Cyan’ dot represents the
position of the weighted average of all particles. The particle with the maximum weight represents the SFP more accurately than the weighted average of all
the particles. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

all the SFPs are unlikely to be analogous. The predictions given by the SFPs using Eq. (14), form a distribution C. At this point,
we consider the predictions of only those SFPs of which the ﬂags are set as outlier = overlapped = 0, and we use a Hough-like
approach to predict the top-left (l) of the object bounding box in the current frame.
An example of the SFPs’ estimations using Eq. (14) is shown in Fig. 6(b). Here, the predictions of all the features except F2
are close to each other. Hence, the prediction of F2 may result in tracking drift or tracking failure. For this reason, we consider
a prediction to be correct if it agrees with the other features’ predictions in C. Otherwise we treat it as an outlier according to
Deﬁnition 1.
Deﬁnition 1 (Outlier). An SFP is deﬁned as an outlier if its prediction lies outside two times the standard deviation
(considering 95% conﬁdence interval) from the mean of the distribution C. We set the outlier ﬂag of an SFP (Fj) using

O  F j  Outlier ¼



0;
1;

if ðm  2rÞ 6 C j 6 ðm  2rÞ
otherwise

ð15Þ

;

where m is the mean and r is the standard deviation of the distribution C.
The top-left corner of the bounding box (O  B  l) is then set as the mean of the predictions performed by all the correctly
tracked SFPs for which, outlier = overlapped = 0. With the top-left corner of the bounding box of an object, we need to
calculate the size of the bounding box in the current frame. At this point, the relative locations r of the SFPs can again help.
Generally, the ratio of the size of the bounding box to the relative location of a correctly tracked SFP in different frames is
expected to be almost the same. For a correctly tracked SFP (Fj), we thus have

O  B  stj ÜO  F j  rt ¼ O  B  st1 ÜO  F j  rt1 ;
t1

ð16Þ
t

t1

where O  B  s is the size of the bounding box in the (t  1)th frame. O  Fj  r and O  Fj  r
are the relative locations of an
SFP in the tth and (t  1)th frame respectively. Finally, we select the average of the predictions of the SFPs as the size of the
bounding box in the tth frame using

Fig. 6. Estimations of top-left corner of bounding box proposed by the SFPs: (a) ideal situation and (b) likely situation. The estimations may change due to
the tracking failure or the change of the features’ positions inside the bounding box.
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O  B  st ¼

N
1X
B  stj ;
N j¼1

ð17Þ

where B  st is the size of the bounding box in the tth frame and N is the number of correctly tracked SFPs.
The relative positions of the different SFPs of the target object may be changed from frame to frame. Hence, after adjusting the size of the bounding box, we keep the positions of the correctly tracked SFPs unchanged. But, the positions of the
outlier SFP need to be revised. We use a similar idea as that used in Eq. (16) to revise the position of an outlier SFP based
on its previous relative location and the size of the bounding box using

O  F j  p ¼ ðO  F j  rt1 Þ  ðO  B  st ÞÜO  B  st1  O  B  l;

ð18Þ

where O  Fj  p and O  B  l are the revised locations of the outlier feature and the top-left corner of the bounding box in the
tth frame respectively. O  Fj  rt1 is the relative location of the outlier features in the (t  1)th frame.
An example of the process of revising the position of an outlier feature is shown in Fig. 7. The SFP is located near the head
(red dot) of the person (Fig. 7(a)). In the next frame, the predicted location obtained from the particle with the maximum
weight leads to a position that is not supported by the other SFPs and thus it is declared as an outlier (Fig. 7(b)). Hence,
we revise the position of this SFP using its previous relative location (Fig. 7(c)). After revision, the feature locates to an almost
appropriate position.
4.2.3. Occlusion/overlap handling
The occurrence of overlap is a very common phenomenon, especially when tracking multiple targets. In such cases, a target may be partially or fully occluded by obstacles or other objects. If a target is partially occluded due to obstacles, the
occluded SFPs may also switch to other SFPs of the target or background. Then, an occluded SFP fails to achieve a correct
descriptor match, and thus indicates the wrong position with respect to other correctly tracked SFPs. We declare such an
SFP is an outlier (as mentioned in Section 4.2.2), and utilize the correctly tracked SFPs to handle the situation.
Again, if two or more targets appear very close or overlap in a frame, some SFPs of a target may ﬁnd the match with a
similar but different SFP of the same or different object. In such a case, the probability is high that the corresponding SFP
will be declared as an outlier. If not, we still do not rely on its descriptor, as it may represent the SFP of another object. Hence,
updating the descriptor at that location may lead to erroneous tracking of an SFP of another object. In this situation, we do
not update the descriptor of an SFP, provided its overlapped ﬂag is set. An example of an overlapped SFP is shown in Fig. 8. In
this ﬁgure, the SFP shows the best match near the shoulder of the man with the black shirt (person 2), while it originally
belongs to person 1. Hence, if we update the SFP descriptor at this location, we may track the wrong SFP in the next frames
and cause erroneous results. To handle such unwanted SFP descriptors, we deﬁne an overlapped SFP as follows.
Deﬁnition 3 (Overlapped SFP). An SFP is deﬁned as overlapped if its location lies within more than one bounding box. In this
case, the overlapped ﬂag of an SFP (Fj) of a target O is set using Eq. (19).

O  F j  Ov erlapped ¼



1; if O  F j  p 2 Bp \ Bq ; p; q 2 R and p – q and p; q 6 m
;
0; otherwise

ð19Þ

where R is a set of real numbers and m is the number of objects.
According to Eq. (11), we generate particles for an SFP based on its velocity. Calculating the velocity of an overlapped SFP
may not be accurate as the SFP may not be visible for locating its position. Hence, we modify Eq. (10) to replace the
overlapped SFP’s velocity (O  Fj  v) with object velocity (O  u).

Fig. 7. Revising the position of an outlier SFP: (a) original location of a feature shown as a red dot, (b) predicted location of the feature in the next frame and
(c) location of the feature after revision. After outlier analysis, an outlier SFP’s position is revised according to its previous relative location. (For
interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)
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Fig. 8. Example of an overlapped SFP; the SFP belongs to the person walking from the left (object 1). Updating the descriptor at this location may lead to
tracking failure in the subsequent frames.

(
O  Fj  v ¼

O  F j  pt  O  F j  pt1 ; if O  F j  ov erlapped ¼ 0
O  u;

otherwise

;

ð20Þ

As a result, if there is any change in the velocity and direction of the object during occlusion, the correctly tracked SFPs
may lead to accurate object tracking during occlusion.
4.3. Feature descriptor update
The appearances of different parts of a target object may be changed from frame to frame due to the ﬂexibility of body
parts and/or change of pose. Therefore, tracking an SFP using the initial SFP descriptor (HOG) may not always result in a good
match, and may lead to predicting incorrect feature positions in different frames. Hence, we update the SFP descriptors of the
correctly tracked SFPs with the HOG at its position in the current frame. However, an outlier SFP’s predicted location, even
after revising the position, may not be accurate. Hence, if we update the descriptor for the outlier SFPs, it may not represent
the intended SFP. Therefore, we do not update the descriptors of the outlier SFPs. In such a case, we keep its descriptor
unchanged until it ﬁnds an appropriate match with respect to other SFPs (its outlier ﬂag is reset according to Eq. (15)).
5. Experimental results
We apply the proposed algorithm to three different datasets to test its effectiveness. The parameters such as the number
of particles and the size of the HOG window are set experimentally. In our experiment, we select 20 particles for each feature
for tracking. We use a window of size 13  13 for calculating the feature descriptor (HOG) and the number of bins is ﬁxed at
18 as used in [10]. We compare the effectiveness of the proposed method with that of some well-known proposals such as KF
with occlusion handling (KFOH) [23], mean shift [9] and CBWH [25]. For performance evaluation, we use the Euclidian distance d, as shown in Eq. (21), between the location of a bounding box suggested by an algorithm and the manually marked
ground truth of each target object in a video frame.

d¼

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2
GT 2
ðx1  xGT
1 Þ þ ðy1  y1 Þ ;

ð21Þ

where (x1, y1) is the top-left corner of the bounding box of a target object tracked by a method and (xGT, yGT) is the result of
generation by the corresponding ground truth.
To evaluate the accuracy of each method, we use precision and recall as shown by Eq. (22), between the bounding box of
the ground truth and that suggested by an algorithm in each frame of a video sequence,

precision ¼

recall ¼

areaðBGT \ BAlg Þ
areaðBAlg Þ

areaðBGT \ BAlg Þ
areaðBGT Þ

;

;

ð22Þ

where BGT and BAlg are the bounding boxes that are generated by the manually marked ground truth and the algorithms,
respectively. The area represents the number of pixels inside the bounding box.
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Fig. 9. Tracking results for seven frames (2nd, 5th, 8th, 11th, 13th, 16th, and 20th) of a video sequence with high brightness: (a) KFOH [23], (b) MS [9], (c)
CBWH [25] and (d) the proposed approach. We can observe that KFOH produces a single large bounding box during occlusion. The bounding boxes
predicted by MS emphasize the background during the same period. CBWH produces elongated bounding boxes during occlusion. The proposed method
tracks both persons successfully.
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5.1. Case studies
5.1.1. Case study 1 (video streams of high brightness)
We use a dataset from PETS 2010 [29]. All algorithms perform well until the two persons overlap and some parts of the
man are occluded as shown in Fig. 9. From frame 1 to 10, two persons are correctly tracked separately. From frame 11 to 16
where there is overlap, the KFOH [23] method generates a new large window with two objects merged together (Fig. 9(a)).
The bounding boxes predicted by MS [9] tend to focus more on the background due to the lack of similarity matching of target object as shown in Fig. 9(b), producing erroneous results. After occlusion from frame 16 to 20, MS fails to split the bounding boxes of the target objects. On the other hand, CBWH [25] handles it correctly. From frame 11 to 15, a few errors are
produced by CBWH due to failure in similarity matching of the target objects (Fig. 9(c)). After occlusion in frame 16–20, both
bounding boxes recover quickly (Fig. 9(c)). Our proposed algorithm handles the occlusion problem by accurately maintaining
the position of both the bounding boxes through all the frames.
The Euclidean distance (d) from the top-left corner of the bounding box and the manually marked ground truth point for
the walking woman and man are shown in Fig. 10(a) and (b), respectively. The distance indicates that the prediction by KFOH
produces erroneous results during occlusion, while MS and CBWH perform better in the presence of occlusion, compared to
the Kalman ﬁlter based algorithm. Our proposed scheme produces fewer errors during tracking compared to the other existing methods.
Table 3 shows the tracking accuracy of the algorithms in different frames in terms of precision and recall for the woman
and man. It clearly depicts that KFOH maintains a high recall in all frames, while its precision decreases from frame 11–16
since it generates a large bounding box. KFOH combines the woman and the man to a single object during that period. MS
and CBWH maintain satisfactory precision and recall for both persons in almost all frames. However, the precision and recall
in MS indicate the slight misplacement of the bounding box from the ground truth due to inter-object occlusion from frame
13 to 16. CBWH also produces an elongated bounding box in frame 13 for both persons, leading to the low precision and
recall. The proposed scheme maintains higher precision and recall compared to other methods in all frames.
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5.1.2. Case study 2 (video streams of low brightness)
The dataset used for this study was obtained from PETS2000 [28]. The brightness of the images in the dataset is lower
than that used in case study 1 and it contains two moving persons. The images also show some cars with similar in color
to that of the people, causing a problem for robust tracking for most of the algorithms. KFOH fails during occlusion from
frame 8 to 18 (Fig. 11(a)). Even though MS successfully separates two persons after occlusion from frame 18 to 25, it fails
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Fig. 10. Euclidean distance between the top-left of the bounding box by the ground truth and that by each method: (a) for woman and (b) for man. The
distance is larger for KFOH during occlusion as it cannot track multiple objects separately during occlusion. MS and CBWH produce a few errors during
occlusion for the second object while the proposed method shows superior performance.

Table 3
Tracking accuracy of each method for woman (object 1) and man (object 2).
Frame index

KFOH

MS

CBWH

Proposed

Precision

Recall

Precision

Recall

Precision

Recall

Precision

Recall

2
5
8
11
13
16
20

1
0.9435
0.9605
0.4975
0.4114
0.3360
0.9645

1
0.9426
0.9668
0.9704
0.9257
0.9367
0.9730

0.9194
0.9102
0.8933
0.9106
0.8474
0.8875
0.9064

0.9809
0.9905
0.9756
0.9712
0.9498
0.9222
0.9761

0.9491
0.9487
0.9405
0.9304
0.8603
0.9678
0.9496

0.9590
0.95
0.9770
0.9359
0.8383
0.9770
0.9727

0.9360
0.9316
0.9440
0.9588
0.9174
0.972
0.9627

0.9761
0.9952
0.9952
0.9951
1
0.9584
0.9903

Average

0.7305

0.9593

0.8964

0.9666

0.9352

0.9443

0.9461

0.9872
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Fig. 11. Tracking results over seven frames (2nd, 8th, 10th, 12th, 15th, 18th, and 25th) of a video sequence with low brightness: (a) KFOH [23], (b) MS [9],
(c) CBWH [25] and (d) the proposed approach. KFOH fails to separate the objects during occlusion, and MS fails to effectively maintain the bounding boxes
for the respective objects during occlusion. CBWH also fails to track the person with the black jacket after a few frames. The proposed method robustly
tracks both objects during and after occlusion.

to maintain the tightness of the bounding boxes during occlusion (Fig. 11(b)), due to the strong similarity between the
woman and the car. CBWH also fails to fully track the man (wearing a black jacket) (Fig. 11(c)). It ﬁnds similar characteristics
between the other person and the car. From frame 8 to 25, CBWH fails to maintain the bounding box for the respective
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person. Our proposed scheme also ﬁnds higher similarity between the car and the woman, and some SFPs in the target object
are misplaced, moving towards the car in frame 8 to 18 in Fig. 11(d). Even in that case, based on the correctly tracked SFPs,
the incorrectly tracked SFPs (outliers) are revised to a suitable position for robust tracking.
Fig. 12 shows the Euclidian distance between the top-left corner of the bounding box by the different methods and that by
the ground truth. The deviation from the ground truth for the woman is depicted in Fig. 12(a), showing that MS, CBWH, and
KFOH produce erroneous results during the period of occlusion. Fig. 12(b) shows the deviation from the ground truth for the
man. The graph also clearly shows that CBWH produces many errors during occlusion as it starts tracking the wrong object
after a few frames. The prediction of MS produces fewer errors and tracks the person successfully. However, a few errors are
noticed during occlusion. KFOH produces a noticeable number of errors during occlusion. Fewer errors are produced by the
proposed method compared to other algorithms as shown in Fig. 12(a) and (b), which proves its robustness.
Table 4 shows the tracking accuracy of each method for the woman and the man. Although the recall of KFOH remains
high, the precision becomes low from frame 10 to 18 as it generates a large bounding box during this period. The average
precision and recall of KFOH is 0.65 and 0.92, respectively. Both precisions and recalls of MS and CBWH, respectively, become
very low in frame 15 because the bounding boxes are generated in the wrong positions. The precision and recall gradually
decrease for CBWH, as it fails to correctly track the man (object 2) after several frames. The average precision and the recall
reﬂect the tracking failure of CBWH, which are 0.59 and 0.64, respectively. The average precision and the recall of MS are
0.72 and 0.78, respectively. The overall tracking accuracy is high in terms of both precision (0.93) and recall (0.95) for the
proposed method.

5.1.3. Case study 3 (video streams with objects in similar color and size – inter-object occlusion)
The video was obtained from the ViSOR dataset [33]. It shows two persons with similar appearances in terms of color and
size, walking during inter-object occlusion. KFOH fails to track the two persons during occlusion as shown in Fig. 13(a). Both
MS and CBWH fail to maintain the bounding boxes strictly to the respective persons, as they track the wrong person after
occlusion from frame 13 to 20 (Fig. 13(b) and (c)). Our proposed scheme can track both persons robustly during occlusion.
However, the size of the bounding box, which tracks the man coming from the left side of the image, becomes narrow from
frame 6 to 20 (Fig. 13(d)), because of the diverse velocity of SFPs on the legs and the hands compared to the other SFPs on the
body. The SFPs are declared as outliers and their positions are revised based on their previous relative locations. The remaining SFPs show their ability to track the person robustly during occlusion.
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Fig. 12. Euclidean distances between the top-left of the bounding box by the ground truth and that by each method: (a) for woman and (b) for man. KFOH
produces many errors during occlusion, and MS also produces errors while tracking the woman. The distance produced by CBWH is large as it fails to fully
track the second object. The proposed method produces less distance compared to other methods.

Table 4
Tracking accuracy of each method for the woman (object 1) and the man (object 2).
Frame index

KFOH

MS

CBWH

Proposed

Precision

Recall

Precision

Recall

Precision

Recall

Precision

Recall

2
8
10
12
15
18
25

1
0.8987
0.5374
0.5398
0.3833
0.3230
0.8814

1
0.9651
0.9389
0.9417
0.9028
0.8834
0.8537

0.8900
0.8036
0.8407
0.8452
0.4144
0.5526
0.7529

0.9630
0.8620
0.9200
0.9069
0.4466
0.6434
0.7720

0.8544
0.7886
0.7621
0.7526
0.2256
0.3512
0.4457

0.9490
0.8669
0.8575
0.8324
0.2467
0.3376
0.4562

0.9509
0.9590
0.9433
0.9373
0.9023
0.9123
0.9507

0.9782
0.9445
0.9795
0.9799
0.9470
0.9349
0.9438

Average

0.6519

0.9265

0.7285

0.7877

0.5972

0.6495

0.9365

0.9582
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Fig. 13. Tracking results over seven frames (2nd, 6th, 9th, 11th, 13th, 17th and 20th) with objects of similar color and size: (a) KFOH [23], (b) MS [9], (c)
CBWH [25] and (d) the proposed approach. KFOH fails to track both persons separately during occlusion. MS and CBWH fail to track the person walking
from the left after occlusion. The proposed scheme robustly tracks both persons during and after occlusion.
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Fig. 14. Euclidean distance between the top-left of the bounding box by the ground truth and that by each method: (a) for man walking from left and (b) for
man walking from right. The distance produced by MS and CBWH is signiﬁcant for the person walking from the left as they fail to track after occlusion,
while for the person walking from the right, the distance is small. The proposed scheme produces a low number of errors in both cases.

Table 5
Tracking accuracy of each method for the man walking from left (object 1) and the man walking from right (object 2).
Frame index

KFOH

MS

CBWH

Proposed

Precision

Recall

Precision

Recall

Precision

Recall

Precision

Recall

2
6
9
11
13
17
20

0.9928
0.9588
0.9373
0.2959
0.4524
0.9194
0.9291

0.9718
0.9748
0.9402
0.9784
0.9188
0.9484
0.9557

0.8982
0.9422
0.9547
0.9285
0.8028
0.4025
0.4350

0.9476
0.9363
0.9435
0.8831
0.8037
0.4189
0.4466

0.9168
0.8717
0.8798
0.8206
0.6416
0.4329
0.4329

0.9722
0.8759
0.8788
0.7970
0.6619
0.4797
0.4733

0.9253
0.9507
0.9326
0.9577
0.9559
0.9823
1

1
0.9688
0.9569
0.9407
0.9570
0.9167
0.9056

Average

0.7837

0.9554

0.7663

0.7685

0.7138

0.7341

0.9578

0.9494

The graphs in Fig. 14 show the Euclidian distance between the top-left corner of the bounding box suggested by different methods and that by the ground truth. Fig. 14(a) indicates that, the prediction of MS and CBWH produce tracking
failure after occlusion as the distance increases rapidly. KFOH produces errors during occlusion as it fails to track the people separately. After occlusion the distance decreases since both persons are tracked correctly. In Fig. 14(b), the errors are
comparatively less for MS and CBWH because the second person is tracked correctly after occlusion. In both cases,
Fig. 14(a) and (b), the distance indicates that the error in the proposed algorithm is smaller than that in the other
algorithms.
Table 5 shows the tracking accuracy for each method in terms of precision and recall over seven frames for the man walking from the left (object 1) and the man walking from the right (object 2). KFOH produces low precision from frame 11 to 13
during occlusion, and hence the average precision becomes 0.78. Both MS and CBWH track the man walking from the right
(object 2), and hence the precision and recall remain high for both methods. However, they cannot track the man walking
from the left after occlusion (frame 17–20) and thus, the precision and the recall become zero. The overall accuracy also
decreases for MS and CBWH as shown in the table. Our proposed method successfully tracks both persons in all frames maintaining a high precision and recall for both persons.

6. Conclusion and future work
In this paper, we propose a salient feature point based algorithm for multiple object tracking in the presence of partial
object occlusion. For effective tracking, the proposed method has the following desirable characteristics. (1) An object in
our approach is represented by a rectangular bounding box that tightly encloses the SFPs of the object. For effectiveness,
our tracking algorithm is based on SFPs, not on the entire object, as is widely used in existing works. (2) Our method selects
a particle with the maximum weight instead of taking the weighted average of all particles which is also widely used in
many existing algorithms, achieving more robust tracking. (3) The incorrectly tracked feature points are detected through
the outlier analysis and revised according to their previous relative locations. Using the correctly tracked features, our
method determines the location and the size of the object bounding box. (4) To track the SFPs in the occluded part of an
object, the velocity of an overlapped SFP is replaced with the object velocity, thus achieving robust tracking in the presence
of partial occlusion as shown in the experimental results.
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The comparison and evaluation with other algorithms show the enhanced effectiveness of the proposed approach. However, the proposed scheme has some limitations. Firstly, the proposed algorithm may not successfully track feature points
with different velocities (different in either speed or direction). The different velocities, for example, occur when the speed
of the feature points in the legs and hands is faster than that of the other feature points in the body. In such a case, even if
some particles can track them correctly, we declare them as outliers, based on the majority of feature points. To handle such
situations, we need the more ﬂexible representation of objects. For future research, we plan to consider the moving camera
based application, and also to investigate the upturn from full occlusion.
In this paper, the multiple human tracking is emphasized with partial occlusion handling, but we believe that other
potential application areas, such as vehicle tracking, video surveillance, activity analysis, and human computer interaction,
can also beneﬁt by applying the proposed method.
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