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Abstract. Tracking multiple objects is critical to automatic video content analysis and virtual reality. The major problem is how to solve
data association problem when ambiguous observations are caused by objects in close proximity or occlusion. To tackle this problem, we propose
a boosted multiple hypotheses tracking (BMHT) algorithm for multiobject tracking. Here, on-line boosting learning is adopted to enhance
the discriminative property and enlarge search space of the generative
tracker MHT. To make the tracker be more reliable, a multi-cue integration strategy is adopted to consider diﬀerent kinds of features under the
on-line boosting framework. In this paper, we integrate both appearance
and motion pattern information. For simplicity, Haar-like features and
optical ﬂow are adopted. We test our BMHT tracker on several challenging video sequences that involve heavy occlusion and pose variations.
Experimental results show that the proposed BMHT achieves good performance.
Keywords: Multi-object Tracking, MHT, Association, Online Boosting.

1

Introduction

Object tracking is an important subject in computer vision with a wide range
of applications [24,23] such as automatic surveillance, video content analysis,
virtual reality, etc. For a visual tracking algorithm to be useful in real-world
scenarios, it should be designed to handle and overcome cases where the target’s
appearance changes over time. Signiﬁcant and rapid appearance variations due
to noise, occlusion, varying viewpoints, scale changes, background clutter and
illumination pose major challenges to any tracker. Over the years, numerous
tracking algorithms have been proposed to overcome these challenges. For a
survey of many of these algorithms, we refer the reader to [17].
Generally speaking, object tracking methods can be categorized as either
generative or discriminative. In generative tracking methods, a generative appearance model (possible with updating strategy) is used to represent target
observations explicitly. Here, the tracker searches for a potential target location that has the most similar appearance to the generative model. Popular
generative trackers include eigentracker [6], mean shift tracker [9], sparse trackers [21,20,22], and incremental tracker [15]. For multi-object tracking, the major
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problem is how to do data association between the known possible objects and
the observations [18]. To deal with this problem, many data association methods
have been proposed in the literature, such as Joint Probabilistic Data Association
Filter (JPDA) [3] and methods base on particle ﬁlter [12]. However, considering
information of future feedback and past simultaneously is usually more eﬀective
to overcome the ambiguities in tracking process, which is the main conception
of current methods, such as multiple hypotheses tracking (MHT) [10,7], MCMC
data association [18], network ﬂow graph model [19], and hierarchical association [8]. Most of the existing methods are based on the similar formulation and
conception with MHT. The eﬃcient MHT is the most classical approach for
data association in tracking by detection framework, which is widely and successfully used for point tracking in radar and sonar signal processing formerly.
It is practical in real-time tracking with moderate computational complexity,
and performs robustly for application. However, for all of the existing generative
methods, they rely on the knowledge of the foreground only. Consequently, as
the appearance of the object changes over time, a generative tracker is prone to
generate inaccurate association in many scenarios.
Instead of building a model to describe the appearance of an object, discriminative trackers formulate the tracking problem as a binary classiﬁcation
problem. In this case, the tracker ﬁnds the target location that best separates
the target from the background. Popular discriminative methods include online boosting [11], ensemble tracking [1], and online multiple instance learning
tracking [2]. In the OLB tracker [11], online boosting is adopted to select useful
features for object tracking. Its performance is aﬀected by background clutter,
and the tracker can easily drift. In addition, the online boosting tracker uses
limited features, and is diﬃcult for robust object tracking. The ensemble tracker
[1] formulates the tracking task as a pixel based binary classiﬁcation problem.
Although this method is able to diﬀerentiate between target and background,
the pixel-based representation is rather limited and thereby constrains its ability to handle heavy occlusion and clutter. In the MIL tracker [2], the multiple
instance learning method is extended to an online setting for object tracking.
While it is capable of reducing tracker drift, this method is unable to handle large
nonrigid shape deformation. The discriminative trackers [11,1,2] have achieved
a great success in visual tracking by considering the discriminative information
between foreground and background. However, most of the discriminative algorithms treat tracking as the binary classiﬁcation problem, making themselves
unsuitable for tracking multiple objects.
Inspired by the previous work, in this paper, we propose a boosted MHT for
multi-object tracking to address the above issues. The main contributions of
this work are the following two points. (1) To enhance the discriminative property of MHT for multi-object tracking, we adopt the on-line boosting learning
framework to improve the likelihood calculation within MHT, which can make
the generative tracker MHT be discriminative to distinguish the foreground and
background. Moreover, multiple measurements are generated for each object to
augment the search space of MHT, conducting more robust data association.
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Fig. 1. The framework of our proposed boosted MHT multi-object tracking method

(2) To make our tracker be more reliable, we adopt a multi-cue integration
strategy to consider diﬀerent kinds of features for the on-line boosting classiﬁer.
Here, we integrate both appearance and motion pattern information. Specially,
Haar-like features which are well known to be good at capturing geometric structures are adopted to describe the appearance, and optical ﬂow feature which is
calculated between two frames is used to model the object motion pattern. The
proposed tracker is evaluated using several challenging video sequences and excellent performances are observed both qualitatively and quantitatively.

2

Overview

The proposed object tracking framework is shown in Figure 1, which includes
two diﬀerent stages: (1) online boosting for measurement generation and similarity calculation; (2) MHT tracking framework for multi-object association. In
the ﬁrst stage, online boosting classiﬁers based on Haar-like features and optical
ﬂow feature are used to incorporate discriminative information to generate multiple measurements (detection results). Here, for each object, a speciﬁc online
boosting classiﬁer is built and updated when the states of multiple best assignment results obtained by MHT at previous frame are similar enough. In addition,
we also consider the occlusion between objects. When the distance between two
objects are close enough, patches around them are extracted as negative samples
to update corresponding classiﬁers respectively. After online boosting learning,
multiple measurements are generated for each object by clustering in corresponding search window. The second stage is the MHT framework for multiple objects
association. Given the measurements for each object, the corresponding classiﬁer conﬁdence is incorporated with dynamic similarity calculated by Kalman
ﬁlter to enhance the discriminative power of likelihood. Then, track tree clusters
in previous hypotheses are updated and k-best hypotheses are generated. After
track trees pruning, the multi-object tracking results can be obtained.
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The MHT Algorithm

Our work is based on the MHT algorithm, which is eﬃciently constructed and
implemented by Cox [10]. To make this paper self-contained, we review MHT
algorithm in this section. For details, please refer to the reference [10]. In tracking
by detection framework, new measurements can be received at every instance.
Each measurement may either (1) belong to a previously known object, (2) be
the start of a new object, (3) be a false positive. For objects that are not assigned
measurements, there is the possibility of (4) termination, or (5) continuation of
an object.
Let Z k be the set of all measurements until time k. A single object trajectory
hypothesis τj is deﬁned as a list of measurements at diﬀerent time. A speciﬁc
partition of the measurement set, named association hypothesis Θlk , where l is
index, is deﬁned as a set of hypothesis trajectories, in which an additional trajectory τ0 contains all false positives. When measurements Z(k) at time k are
received, a particular global hypothesis Θlk can be derived from certain hypothk−1
esis Θm
at time k − 1 by the speciﬁc set of assignments of the origins of all
measurements received at time k with all objects assumed by the parent hypothk−1
. Let θl (k) denotes this set of assignments which is deﬁned to consist of
esis Θm
γ measurements from known objects, v measurements from new objects, φ spurious measurements, and χ terminated objects. A constraint that one observation
originates from at most one object and one object has at most one associated
observation is imposed to reduce the size of the search space.
The probability of an association hypothesis Θlk can be calculated according
k−1
to parent hypothesis Θm
using Bayes’ rule:
k−1
P {Θlk |Z k } = 1c P {Z(k)|θl (k), Θm
, Z k−1 }
k−1
k−1
k−1
P {θl (k)|Θm , Z
}P {Θm
|Z k−1 }

(1)

where c is a normalization constant. Multi-object tracking aims to ﬁnd out the
MAP hypothesis. It is assumed that a measurement with index i obeys uniform
distribution if it is considered as a false positive, and obeys Gaussian distribution
if it is associated with trajectory object τji whose index is ji :
Δ

P {zi (k)|τji (k − 1)} = Nji [zi (k)] = N [zi (k); ẑi (k|k − 1), S ji (k)]

(2)

where ẑi (k|k − 1) denotes the predicted measurement for object τji , and S ji (k)
is the innovation covariance [14].
j
and Pχj
If the probabilities of detection and termination of object τji are PD
respectively, and the numbers of false positives and new objects are assumed
to obey Poisson distributed with densities λF and λN respectively, taking all
these settings and Eq.(2) into Eq.(1), the posterior probability of an association
hypothesis can be expressed as:
m
k
γ
P {Θlk |Z k } = 1c
[Nji [zi (k)]] i
i=1


(3)
φ v 
j δj
j 1−δj
j χj
j 1−χj
k−1
(Pχ ) (1 − Pχ )
|Z k−1 }
λF λN (PD ) (1 − PD )
P {Θm
j
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where γi , δj and χj are respectively indicator variable of measurement originating
from known object, detected object or terminated object. φ and v are the total
number of false positives and new objects respectively.
In practical application, tracks that do not compete for common measurements can be partitioned into separate clusters. The k-best hypotheses are generated directly to achieve more eﬃcient performance, which is implemented by
optimizing Murty’s algorithm [13] in O(kN 3 ). Additionally, pruning stage is
executed to reduce complexity.

4

Our Boosted MHT Algorithm

The MHT algorithm, which provides a rigid probabilistic formulation of multiobject tracking problem in tracking by detection framework, is successfully used
in radar and sonar signal processing. When this kind of methods are applied in
image patches tracking such as pedestrian, the similarity metric and the strategy
of measurement generation should be adapted to the task.
4.1

Our Formulation

The assignment likelihood calculation in classical generative methods such as
MHT depends on the knowledge of the target appearance. As the appearance
of the object changes over time, it is easy to incorrectly associate with measurements of other objects or background clutter in many scenarios. The discriminative tracker, online boosting tracker, is realized by selecting useful features to
distinguish the foreground and background for object tracking, and it can help
to deal with the problem of MHT.
In online boosting framework, a set of weak classiﬁers are initialized with
randomly selected features subset. When a new sample arrives, all weak classiﬁers are trained with respect to the importance weight of the sample, and the
weak classiﬁer with the smallest error is selected. Then the corresponding voting weight is calculated and the importance weight is updated. This process is
repeat n times to form strong classiﬁer. In each iteration, selected weak classiﬁers are excluded. Finally, The worst weak classiﬁer is replaced with a new
randomly initialized one. The strong classiﬁer can give a label conﬁdence score
for a candidate patch.
Due to considering the foreground and background distribution, the label
conﬁdence output by online boosting classiﬁer is discriminative to the patches
around speciﬁc object, which is suitable similarity metric for data association. In
our method, speciﬁc online boosting classiﬁer is built for each object. Classiﬁer
updating is conducted when the states of pruned multiple best assignment results
obtained by MHT at previous frame are similar enough. If the distance between
two objects is smaller than a threshold, they are treated as negative sample
for each other, enhancing discrimination between diﬀerent objects which may
overlap. Multiple best measurements are generated for each object by k-means
clustering in corresponding search window. The false positive density which is
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related with these generated measurements and used in posterior probability calculation in MHT, is estimated using kernel clutter intensity estimation method
proposed in [16].
The value of label conﬁdence ranges from −1 to 1. To incorporate it under
the probability framework of MHT, we scale this value to the range [0, 1] for
a particular object (namely category conﬁdence) by conﬁdence transformation.
Thus, likelihood of the assignment of an measurement in Eq.(2) can be improved
as follows:
P {zi (k)|τji (k − 1)} = (1 − α)Nji [zi (k)] + αPb {zi (k)|τji (k − 1)}

(4)

where Nji [zi (k)] is the dynamic conﬁdence of the assignment of measurement
zi (k) to object trajectory τji ; Pb {•} is the on-line boosting category conﬁdence
to the assignment. The parameter α is tradeoﬀ factor, which can be dynamically set depending on tracking situations, including isolation, inter-occlusion
and clutter. Note that the adopted boosting conﬁdence probability consider the
discriminative property of the measurement. Therefore, it is robust to calculate
the likelihood probability.

4.2

Multiple Cues Fusion

The traditional on-line boosting tracker is adopted to select useful features for
object tracking. But only one kind of feature can not represent the objects very
well, it is diﬃcult for robust multi-object tracking. Therefore, a natural way is
to use multiple cues, making object tracking more robust and accurate. In this
work, two kinds of features, Haar-like features and optical ﬂow, are employed
in our tracker. The reasons why we select these two kinds of features lie in two
folds. First, Haar-like features are the region-like features, which can describe
the appearance eﬀectively. Second, the optical ﬂow can represent the motion
pattern of object. Therefore, they are complementary to a certain extent.
For Haar-like features, we implement as similar as in on-line boosting tracker
[11]. Optical ﬂow is the pattern of apparent motion of objects in a visual scene
caused by the relative motion between an observer and the scene [5], which
is discriminative when objects move in diﬀerent direction and have obviously
diﬀerent velocity. Optical ﬂow vectors of pixels in image regions of measurements
are calculated by Lucas-Kanade algorithm, which are then split into horizontal
and vertical channels and the eﬀect of noise is reduced. The image regions of
measurements are divided into 18 pie slices. The values of each direction channel
are integrated over the domain of every slice, which are concatenated into a
feature vector with 36 dimensional.
To integrate multiple features, we construct two on-line boosting classiﬁers
using Haar-like features and optical ﬂow feature separately. Each classiﬁer is ﬁrst
used as an individual discriminative tracker, then we integrate the two trackers
into the ﬁnal one. For simplicity, the ﬁnal classiﬁer conﬁdence is calculated based
on their linear combination.
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Discussion

Based on our formulation as in Eq.(4), with diﬀerent α and diﬀerent measurements selection strategy, our tracker has diﬀerent property. When α = 0 and
only global detected measurements are considered, our algorithm reduces to the
MHT [10]. And it is on-line boosting tracker [11] if α = 1 and only the best measurements generated by each on-line classiﬁer are taken. However, our proposed
tracker should be much better than both of them. The reasons are the following:
(1) Due to embedding the discriminative property for the appearance and motion pattern modeling via on-line boosting tracker, our proposed boosted MHT
should be much better than its old version in [10]. Moreover, multiple detection
candidates are generated by k-means clustering for each object, enlarging the
search space of MHT for potential optimal association.
(2) The performance of on-line boosting tracker is aﬀected by background
clutter, and it can easily drift. That’s because the patch with the highest conﬁdence of classiﬁer is not always the target, which leads to drift. However, in our
implementation, multiple detection candidates are obtained, and input to the
MHT framework to calculate the best one using multi-cue in time window. As
a result, it can help the on-line boosting tracker solve the drift problem. Thus,
our proposed boosted MHT is much better than on-line boosting tracker [11].

5

Experimental Results

In this section, we present experimental results that validate the eﬀectiveness
of our boosted MHT method. We also conduct a thorough comparison between
our boosted MHT and state-of-the-art tracking methods.
5.1

Dataset and Baseline methods

Dataset: In out experiments, 5 surveillance video sequences from TRECVID
2011, which are taken in an airport hall, with resolution 720 × 576 and 1000
frames respectively. Each sequence contains about 20 objects (pedestrians) on
average, containing frequently occlusion of moving or static travelers with luggage are used. The ground truths of these videos are manually labeled.
Baseline Methods: We compare our boosted MHT (BMHT) with two recent and commonly used trackers. The eﬀect of online boosting algorithm [11]
is illustrated, which is denoted as OLB in the following paragraphs. MHT algorithm [10] with appearance model which is commonly incorporated in many
multi-object tracking algorithms is tested in the experiments and denoted as
MHT. We implemented these trackers using publicly available source codes or
binaries provided by the authors.
5.2

Results and Analysis

In Fig. 2 and Fig. 3, we show qualitative tracking results of these three methods
respectively on video1 and video3 in the form of sampling frames. To obtain
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Fig. 2. The qualitative tracking results on video1 for three methods: OLB (ﬁrst row),
MHT (second row) and BMHT (third row)

Fig. 3. The qualitative tracking results on video3 for three methods: OLB (ﬁrst row),
MHT (second row) and BMHT (third row)

quantitative evaluation of the overall performances of the 3 trackers on each
video sequences, we adopt the most commonly used CLEAR metrics for evaluation [4]. CLEAR metrics consist of average rate of object misses, rate of false
positives, rate of identity switches, and MOTA which evaluates the overall situation of object identities by considering misses, false positives and identity
switches together. The quantitative results are shown in Fig. 4.
From the results, we can see that BMHT consistently outperform the other
trackers in all sequences. As shown in Fig. 2, when OLB or MHT suﬀer from
drift or identity switch in frame 215, 323 and 485, our BMHT can successfully
maintain the trajectories, such as object 1, 4, 7, 8 and 9 in the third row. The
same situation also occurs in Fig. 3 in frame 113, 512, 600 and 915, such as
object 1, 9, 10, 14 and 15. The quantitative evaluation in Fig. 4 shows that
BMHT performs much better than OLB and MHT overall. The proposed method
has higher MOTA, lower miss rate and almost the same false and ID switch
rate compared with the other two methods. This is because OLB is eﬀected
by background clutter and easily drifts from the target. For OLB tracker, it
selects the best one as the tracking result and may be trapped in local minima.
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Fig. 4. The quantitative comparison for baseline methods and the proposed method

MHT is aﬀected by the ﬂuctuant appearance and motion pattern of objects and
may loss discriminative capability in some situations. The search space of MHT
is also restrict by inaccurate and insuﬃcient measurements.

6

Conclusions

We propose a boosted MHT method for multi-object tracking, which has the
advantages of both online boosting and MHT. Two kinds of features, Haar-like
features and optical ﬂow, are adopted to improve the robustness of the online
boosting method for measurements detection. Then, multiple best measurements
are input to the probabilistic framework of MHT to decide the best solution
in time window. The category conﬁdence of online boosting classiﬁer on each
measurement is integrated to likelihood calculation for more discrimination. Extensive experimental results on 5 challenging video sequences with two related
baseline methods demonstrate the eﬀectiveness of the proposed method.
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