
Boosted Markov Chain Monte Carlo Data Association for
Multiple Target Detection and Tracking

Qian Yu, Isaac Cohen, Gerard Medioni and Bo Wu
IRIS, Computer Vision Group, University of Southern California

Los Angeles, CA 90089 - 0273
{qianyu, icohen, medioni, bowu} @usc.edu

Abstract

In this paper, we present a probabilistic framework for
automatic detection and tracking of objects. We address the
data association problem by formulating the visual track-
ing as finding the best partition of a measurement graph
containing all detected moving regions. In order to incorpo-
rate model information in tracking procedure, the posterior
distribution is augmented with Adaboost image likelihood.
We adopt a MRF-based interaction to model the inter-track
exclusion. To avoid the exponential complexity, we apply
Markov Chain Monte Carlo (MCMC) method to sample the
solution space efficiently. We take data-oriented sampling
driven by an informed proposal scheme controlled by a joint
probability model combining motion, appearance and inter-
action among detected regions. Proposed data association
method is robust and efficient, capable of handling extreme
conditions with very noisy detection.

1. Introduction

Multiple targets tracking is a critical component of video
surveillance systems. Environments of interest usually con-
tain an unknown and varying number of moving targets.
Automatic detection and tracking of multiple targets in-
volves the detection of moving regions, the initialization of
tracks, the association of regions across time and the filter-
ing of erroneous detections or tracks. Instead of separating
the detection and tracking as two separate procedures, we
propose a probabilistic framework for automatic detection
and tracking of objects, which combines the detection and
tracking together. This allows object detection to make use
of temporal consistency and facilitates robust tracking of
the object. In our method, each preliminary detection de-
rived by the motion segmentation is assigned a model like-
lihood provided by a real-valued Adaboost classifier trained
offline.

In our framework, we formulate the multiple targets
tracking as an association problem, in which the purpose

is to find the best association between observations (i.e. de-
tected moving regions) and targets while maximizing the
posterior association probability. We represent the associa-
tion problem in a deferred logic way like MHT [5] where
association is defined between targets and a set of latest
observations within a sliding window. This allows the as-
sociation decision is made when enough observations are
acquired. As the size of sliding window is extending, the
scale of the problem grows exponentially. To avoid the
enumeration of association hypothesis and solve this com-
binatorial optimization problem efficiently, we propose an
Markov Chain Monte Carlo (MCMC) [1] method to sam-
ple the solution space. This MCMC sampling is driven by
an informed proposal scheme controlled by a joint proba-
bility model combining motion, appearance and interaction
among detected regions. We test our detection and track-
ing framework on videos captured on the moving platform,
Unmanned Aerial Vehicles (UAV).

Recently in [6], the authors introduced a MCMC based
sampling method to address the association of punctual ob-
servations. The posterior distribution assume a prior knowl-
edge on the detection and the targets’ behavior and consider
only dynamics likelihood. In [4], a MCMC-based particle
filter simulates the distribution of the association probabil-
ity, which allows multiple temporal associations between
observations and targets, but cannot deal with a varying
number of targets. In [7, 8], a pairwise Markov random
field (MRF) motion prior is introduced to model the inter-
action between targets, however these MRFs are built only
on the observations at the same time instant, and therefore
require good detection of moving regions.

The paper is organized as follows: We formulate the gen-
eral multiple targets tracking problem and introduce Ad-
aboost image likelihood in section 2. In section 3 we
present our MCMC data association algorithm for effi-
ciently searching for the trajectory of moving object. Sec-
tion 4 provides some experimental results UAV data set.
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2. Multiple-Target Tracking Problem

Let T ∈ Z+ denote the duration of tracking. From time
[0, T ], there are K unknown number of targets in the mon-
itored scene. Let yt = {yi

t : i = 1, ..., nt} denote the ob-
servations at time t, Y = ∪t∈{1,...,T}yt is the set of all the
observations in duration [0, T ]. The tracking problem can
be formulated as maximizing a posterior (MAP) of a parti-
tion ω = {τ0, τ1, τ2, ..., τK} given the set of observations
Y over time T such that:

ω∗ = arg max(p(ω|Y )) (1)

where τ0 is the set of false alarms, τk is the track k among
K tracks from the given partition.

We utilize a graph representation of all measurements
within the time frame [0, T ]. The partition can be explic-
itly drawn from this measurement graph (V,E), where each
measurement yi

t is represented by a node in V , and each
edge corresponds to a temporal association reflecting spatial
properties such as spatial overlap between detected regions.
We define a neighborhood in the graph (V,E) where edges
are defined between any two neighboring nodes:

N = {(yi
t1 , yj

t2
) : yi

t1 − yj
t2

< t · vmax)} (2)

where ‖·‖ is the Euclidean distance, t = |t1 − t2| ∈
[0, ..., tmax] and vmax is the maximum speed of targets.

The posterior distribution for the partition with unknown
number of targets and observations over T frames can be
modeled as:

P (ω|Y ) =
1

z

K

k=1

ψ(τk)ϕ(τk, Y )
j �=k

φ(τk, τj) (3)

where ψ(τk)is the temporal compatibility within one track,
ϕ(τk, Y ) denote the local evidence (likelihood) for one tar-
get and φ(τk, τj) is the spatial compatibility between dif-
ferent targets respectively. The posterior distribution in
Eq. 3 can be viewed as having three distinct components:
(i) ψ(τk) controlling the inner-smoothness for each track
encoded by the joint motion and appearance likelihood (ii)
ϕ(τk, Y ) incorporating a local image likelihood from model
information (iii) φ(τk, τj) encoding the interaction between
different tracks. We will now discuss each one of these in
turn.

2.1. Motion and Appearance Model

In this paper, the targets are represented by image blobs.
Once a partition ω is chosen, the tracks {τ1, ..., τK} and
false alarms τ0 are determined and for each track the as-
signed observations are determined. To make full use of the
observations for target tracking, we consider a joint proba-
bility framework for incorporating both motion and appear-
ance information. Therefore the ψ(τk) in Eq.3 can be rep-
resented as follows.

ψ(τk) =

|τk|−1

l=1

Pmotion(τk(tl+1)|τ̄k(tl))Papp(τk(tl+1|tl)) (4)

For the motion likelihood, we consider a linear kinematic
model:

xk
t+1 = Akxk

t + wk
t

yk
t = Hkxk

t + vk
t (5)

where xk
t , is the kinematic state, yk

t the measure-ment, and wk
t , vk

t are Gaussian process noise and ob-
servation noise for target k at time t. Let τ̄k(ti) de-
note the prior estimated states at time ti of τk and
P̄ti+1(τk) = AkP̂ti

(τk)(Ak)T + Qk
ti+1

denote the prior co-
variance of τk estimated at time ti. The motion likelihood
of track τk at time t can then be written as:

Pmotion(·) =
1

(2π)Ns Pti+1(τk)
exp

−eT P−1
ti+1

(τk)e

2

where e = τk(ti+1) − τ̄k(ti+1).
In order to model the appearance of each detected re-

gions while preserving localization of the features, we adopt
the appearance model proposed in [3]. This descriptor is in-
variant to 2D rigid transformations and scale change, and
tolerates small shape variations.

2.2. Interaction model

The motion and appearance likelihood models provide
the inner-smoothness constraint for each track indepen-
dently. However, without an a priori knowledge of the
number of targets, the inner-smoothness constraint will fa-
vor shorter paths, and therefore will split a trajectory into
a large number of sub-tracks. To overcome this overfitting
problem, commonly a prior knowledge on the detection and
the targets’ behavior (such as detection and false alarm rate,
termination and birth rate etc.) is assumed known [6, 9].

We propose to use an interaction model that penal-
izes object overlapping based on Markov random fields
(MRFs) [10, 8] defined on the neighborhood graph. The
joint interaction between all existing nodes over time is fac-
tored as the product of local potential functions at each
node. In this MRF, the cliques are pairs of nodes that are
connected in the graph (V,E). The interaction potential be-
tween τk and τj is defined by:

φ(τk, τj) =

|τk−1|

l=1

|τj−1|

m=1

exp(−λρ(τk(l), τj(m)) (6)

where ρ is the spatial overlap between two observation
nodes. The interacting potential is minimum when the ob-
servations have a large spatial overlap and maximum when
they do not overlap. The introduction of the inter-track ex-
clusion will prevent from splitting tracks into smaller tracks
when a good overlapping of the regions exists.

2.3. Adaboost Image likelihoods

Due to the erroneous motion segmentation, the persis-
tent false alarms may exist, especially when parallax, illu-
mination changing, inaccurate motion compensation hap-
pen. In order to reduce the false alarm by using the

The 18th International Conference on Pattern Recognition (ICPR'06)
0-7695-2521-0/06 $20.00  © 2006



model information, we introduce the likelihood ϕ(τk, Y )
in Eq.3, which models the probability of observing the im-
age Y conditioned on the τk given one possible partition,

i.e.ϕ(τk, Y ) =
|τk|∏

l=1

pmodel(yi). We build our likelihood

model using a boosted classifier. In our experiment, we
adopt the Edgelet features [11] though other simpler fea-
tures, like Haar may be used. Given a set of labeled patterns
(x, y), the AdaBoost procedure learns a weighted combina-
tion of base weak classifiers, H(x) =

∑T
i=1 αihi(x) − b,

where x is an image pattern, and hi(x) is the weak clas-
sifier chosen for the round i of boosting, and αi is the
corresponding weight.. In order to provide each mov-
ing region a likelihood instead of boolean classification,
we use a real-valued version of Adaboost algorithm [12].
Following [11], we divide the range of edgelet feature
fedgelet ∈ [0, 1] into n bins. The weak classifier can be

formulated as:hi(I) = 1
2

∑n
j=1 ln(

W j
+1+ξ

W j
−1+ξ

)δj(fedgelet(x)),

where W j
l = P (fedgelet(x) ∈ binj , y = l), δj is the im-

pulse function for bin j.
Considering the diversity of viewpoint in UAV video, we

rectify the targets’ heading when we collect positive sam-
ples and make samples’ orientation cover other degree of
freedom except heading. The positive samples are shown
in Figure1(a). Given a possible track τk, we approximate
the target’s orientation by the direction of the trajectory. By
applying the real-valued Adaboost detector on the possible
orientation, we can assign each preliminary moving blob a
likelihood which is the maximum response located in the
image blob at different scale.The first two features trained
are shown in Figure 1(b). After the images are stabilized
using an affine motion model [2], the motion segmentation
are shown in Figure 2(a) and binary Adaboost detection are
shown in Figure 2.

3. MCMC Data association Algorithm

The proposed tracking approach defined in Section 2,
formulates the tracking as a Bayesian inference, whose pur-
pose is to find the maximum a posteriori estimate (MAP)
given by Eq 1. We use a data-driven MCMC for estimat-
ing the best partition of the space Ω. The sampling will
be guided by the posterior distribution defined in Eq.3, and
convergence will be guaranteed by the Markov chain prop-
erties. Since the number of tracks is a unknown priori, we
propose to drive the sampler, in a probabilistic manner, us-
ing the measurement graph. Moreover, in order to make
the sampler more efficient, we draw samples in both tem-
poral directions: looking forward and backward in time.
This bidirectional sampling gives more flexibility and re-
duces significantly the total number of samples.

We use the following notations on the graph structure:
N(·) is the neighbor set of an observation, i.e. N(yi

t1) =

{yj
t2 , (y

i
t1 , y

j
t2) ∈ E}; Observation yj

t2 ∈ N(yi
t1) belongs to

the parent set N c(yi
t1), child set Np(yi

t1) exclusively, when
t2 < t1 or t2 > t1.

(a) Positive training samples

1st

2nd

(b) The first two features
trained

Figure 1. Edgelet Adaboost training

(a) Foreground region (b) Binary detection

Figure 2. Motion and pattern detection
Extension/Reduction: The purpose of the exten-

sion/reduction move is to extend or shorten the estimated
trajectories given a new set of observations. For the for-
ward extension, we select uniformly at random (u.a.r) a
track τk from K available tracks, τ1, ..., τK . Let τk(end)
denote the last node in the track τk. For each node y ∈
N c(τk(end)), we have the association probability p(y) =

p(y|τ̄k(end))

z p(y|τ̄k(end)) . We associate y and track τk according to
this normalized probability, and then append the new obser-
vation y to τk with a probability γ, where 0 < γ < 1.
Similarly, for a backward extension, we consider a node
y ∈ Np(τk(start)) and use reverse dynamics for estimat-
ing the association probability p(y).

The reduction move consists of randomly shortening a
track τk (u.a.r from K available tracks, τ1, ..., τK ), by se-
lecting a cutting index r u.a.r from 2, ..., |τk| − 1. In the
case of a forward reduction the track τk is shortened to
{τk(t1), ..., τk(tr)}, while in a backward reduction we con-
sider the sub-track {τk(tr), ..., τk(t|τk|)}.

Birth/Death: This move controls the creation of new
track or termination of an existing trajectory. In a birth
move, we select u.a.r a node y ∈ τ0, associate it to a new
track and increase the number of tracks K ′ = K + 1.

The birth move is always followed by a extension move.
From the node y we select the extension direction forward
or backward u.a.r to extend the track τK′ . Similarly, in a
death move we choose u.a.r a track τk and delete it. The
nodes belonging to the deleted track are added to the unas-
signed set of measurements τ0.

Split/Merge: In a split move, we u.a.r select a
track τk, and a split point ts, which is selected
according to the normalized joint probability be-
tween two consecutive connected nodes in the track:
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(1 − p(τk(ti+1)|τ̄k(ti))) /
|τk|−1∑

i=1

(1 − p(τk(ti+1)|τ̄k(ti))).

And we split τk into two new tracks τs1= {τ(t1),...,τ(ts)}
and τs2= {τ(ts+1),...,τ(t|τk|)}.

Often, due to missing detection or erroneous detection,
trajectories of objects are often fragmented. The merge
move provides the ability to link these fragmented sub-
tracks according to their joint likelihood of appearance and
motion and the interaction based on spatial overlapping.
The merge move operates on the candidate set of track pairs,
for which the start node of one track is the child node of
the end node of the other track and is defined by the set:
Ct

merge = {(τk1 , τk2) : τk2(start) ∈ N c(τk1(end))} . We
select u.a.r pairs of tracks from Ct

merge and merge the two
tracks into a new track τk = {τk1} ∪ {τk2}

Switch: In a switch move, we are probing the solution
space for better labeling of nodes that belong to multiple
tracks. We consider the following candidate set of track
pairs.

Ct
switch ={(τk1(tp), τk2(tq)) : τk1(tp) ∈ Np(τk2(tq+1)),

τk2(tq) ∈ Np(τk1(tp+1)), k1 �=k2}. (7)

We u.a.r select a candidate node from Ct
switch and define

two new tracks as:
τ ′
k1

= {τk1(t1), ..., τk1(tp), τk2(tq+1), ..., τk2(t|τk2 |)} and
τ ′
k2

= {τk2(t1), ..., τk2(tq), τk1(tp+1), ..., τk1(t|τk1 |)}.
Although the switch move can be implemented by two

times temporal and split and two times temporal moves, the
switch move is introduced to reduce the number of sam-
plings and thus accelerate the convergence.

4. Experimental Results

We have implemented the proposed association algo-
rithm as an online algorithm within a sliding window which
contains the latest 45 frames and only observations within
this sliding window are stored in the measurement graph.
The partition of the current graph is initialized with the so-
lution obtained at t − 1, i.e. ωt

init = ωt−1
best. The partition

of graph at t = 0 is initialized by a greedy criteria. The
MCMC sample was run for a total of 250 iterations.

Our training set contains 1,200 vehicle figures, which are
from UAV data set. The figures are aligned according to the
center and heading of vehicles. The samples are scaled to
have a resolution of 24x24 pixels. Our negative image set
contains 500 negative images from UAV video without ve-
hicles. The classifier used in our system has 80% detection
rate with 10−4 false alarm rate. Although more positive
samples of vehicle will lead to better Adaboost result, the
real-valued Adaboost classifier, combining with the motion
segmentation and tracking, significantly decreases the false
alarm rate in our UAV target tracking. Some illustrations of
the obtained trajectories are shown in Figure 3, where color
corresponds to object ID.

Figure 3. Tracking result.

5. Conclusions
In this paper, we propose a multiple hypothesis frame-

work to find a global optimal partition of observations in
the measurement graph. A data driven MCMC method is
used to solve this combinatorial optimization problem. The
proposal distribution utilizes a mixture model that incorpo-
rates information from the dynamics, appearance of each
player and the pattern model trained by Adaboost.
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