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Abstract—This paper presents a novel weight assignment
model for a rank constrained continuous formulation of multi-
frame multi-target data association problem. The new weight
assignment model explicitly estimates the joint probability of the
target perceivability, the target state and measurement, within a
Bayesian framework with continuous update when new measure-
ments are available. The knowledge on target perceivability state
at every time step also provides a new pruning criterion for re-
ducing the space of all possible track associations. Experiments on
synthetic data under different operating conditions demonstrate
the effectiveness of the proposed weight assignment model for
multi-target tracking problem. It also presents good qualitative
tracking performance on real-world video data.

I. INTRODUCTION

Target perceivability is a fundamental concept for multi-
frame multi-target tracking problem. A target is perceivable
if it exists and generates a measurement. A target is non-
perceivable if it either does not exist anymore (e.g., it leaves
the field of view in a video-based tracking scenario), or can
not be detected by the sensor used. Knowing the perceivability
state of a target can help making decisions on whether to
associate a particular measurement to an existing track or
not. In a cluttered environment, low perceivability of a target
probably indicates that the measurement is a false alarm for a
track hypothesis. Conversely, a target with high perceivability
provides high confidence in assigning a measurement to a
track. In the tracking scenario, however, the state of target
perceivability is unknown, so are the associations between
measurements and tracks. Therefore, the target perceivability
has to be estimated together with the data association between
measurements and tracks. This is a highly challenging task
for multi-target multi-frame tracking problem, due to frequent
occlusions among targets, arrival and departure of targets from
the scene, and the presence of detection errors and noise.
The problem is further complicated when there are not many
distinguishing features among the targets (either because of
sensor limitations or because the targets are similar to each
other). These scenarios commonly occur in applications such
as out-door surveillance.

Let Z(i) = {z1(i), z2(i), . . . , zki(i)} be the set of mea-
surements at time i, 1 ≤ i ≤ T . ki changes with i, indicating
the number of measurements varies for different time steps.
A track is defined as a non-empty set of measurements τ =
{za(i1), zb(i2), . . . , zm(ik)} such that for all i, |τ ∩Z(i)| ≤ 1.
In other words, any measurement at time i can belong to one
track at most. Data association is the problem of finding a

partition, ω = τ1 ∪ τ2 ∪ . . . τm, of ∩Ti=1Z(i), such that each
track is either a set of all the measurements of a single target
or it is a set of clutter measurements.

Instead of making data association decisions whenever the
new measurements become available, a successful strategy is
to defer the decision and assign a target label to an aged
measurement after observing subsequent measurements [1].
Our method of continuous formulation of the multi-frame data
association problem (DAP) utilizes this strategy [2] — data
association is performed after measurements from a fixed-
size sliding window are all available. A graph is built from
all the measurements in the sliding window, with vertices
representing track hypothesis and edges indicating whether two
connecting vertices share a common measurement. The data
association problem is then converted to a problem of finding
the maximum weighted stable set of the graph. We propose to
incorporate the target perceivability when assigning weights to
track hypothesis for our continuous formulation of the DAP.

In order to allow continuous update of the target perceiv-
ability and the weight of the graph, we adopt a Bayesian
sequential estimation for the joint probability of target perceiv-
ability, state and measurement. Graph weights are defined as
the log of the joint probability. Therefore, target perceivability
is integrated into the decision of data association, and its value
in turn affects the results of DAP. Modelling perceivability
explicitly has one extra benefit for our approach that finds
the maximum weighted stable sets — it provides a new
criterion for pruning the search space for association. A target
hypothesis with very low perceivability can be discarded and
no long considered in the data association process. Experi-
ments on both synthetic and real sequences demonstrate the
effectiveness of our perceivability embedded weight model for
data association problem.

II. RELATED WORK

One of the best known examples of true look-ahead al-
gorithm is the multiple hypothesis tracker (MHT) [1]. MHT
maintains a set of hypotheses for each track assignment until
the hypothesis with the highest posterior can be determined.
This algorithm suffers from combinatorial explosion as the
number of hypotheses to be maintained grows exponential
over time. Efficient implementations and approximations of
MHT have been proposed (see [3] for a survey). A large class
of these algorithms tries to solve the multidimensional (S-D)
assignment problem in a slididng window of fixed temporal
scope. The problem is known to be NP-hard when S > 2, i.e.,



if the window covers more than two frames. Lagrangian and
linear relaxations are often employed for practical applications,
such as [4], [5], [6]. A disadvantage of using relaxations of
a general integer program is that the solution does not utilize
the combinatorial structure and the associated polyhedra of the
problem in hand. In contrast, our work for the DAP attempts
to solve an equivalent combinatorial problem of finding the
maximum weighted stable set in a graph instead of relaxing a
general integer programming problem.

Our embedding of target perceivability for the DAP is
mainly inspired by the work of Li and Li [7] and Chenouard,
Bloch and Olivo-Marin [8]. In the work of [7], the concept of
target perceivability is introduced and a recursive estimation
of target perceivability is derived based on hidden Markov
models (HMMs). The application of perceivability in tracking
is thoroughly tested for the task of probabilistic track con-
firmation and termination under various operation conditions.
The work has been focused on single target tracking. Our work
extends the concept of target perceivability into the multi-target
tracking problem, and integrate it seamlessly into a continuous
formulation of data association problem.

The work by Chenouard, Bloch and Olivo-Marin [8]
presents a Bayesian model that is suitable for tracking multiple
particles in microscopy image sequences. With an integrated
target existence model, their approach is able to realize the
tracking decisions through a single optimization process. Our
work shares the same spirit for incorporating target perceivabil-
ity for data association decision. We also follow their Bayesian
model for joint estimation of perceivability and target state
and measurements. The difference is that our data association
approach is a semi-definite program based on multidimensional
assignment; the work of [8] uses track trees to represent and
maintain the solution space of this MHT approach. Both our
work and theirs demonstrate the potential benefit of explicit
modeling of target perceivability for multi-target tracking in
highly cluttered environment.

There are many other works that address the existence
or perceivability of targets in tracking. For example, the in-
teractive multiple-model probabilistic data association (IMM-
PDA) [9], in which nonperceivability is modeled as having
zero probability of detection; the work in [10] models the prob-
ability of track existence as a hidden Markov chain, without
considering the possibility that a target may not be detected
even it exists. Our work, as well as the works of [8], considers
four situations in the target state model: a perceivable target
being detected (true positive) or not detected (false negative),
a non-perceivable target being detected (false positive) or not
detected (true negative).

III. CONTINUOUS FORMULATION OF MULTI-FRAME
MULTI-TARGET DATA ASSOCIATION

We review our continuous formulation of multi-frame data
association for multi-target tracking [2] in this section. We
formulate the data association for multi-frame multi-target
tracking based on the multidimensional (S-D) assignment
problem in a sliding window of fixed temporal scope. For
a sliding window of size S, we construct a hyper-graph
G = (V,E), such that V1, V2, . . . , VS partitions V . Each set
Vi ∈ V consists of ki+ 1 vertices v0(i), v1(i), . . . , vki(i) such

that ∀a > 0, the vertex va(i) ∈ Vi is a true measurement
za(i) ∈ Z(i). Therefore, vertices of G, va(i), and the cor-
responding measurements za(i) will be used interchangeably
without causing confusion. v0(i) for any i, represents a dummy
measurement in order to handle occlusions, missed detections,
false alarms, track initiations and track terminations. A track
hypothesis τ corresponds to an edge e, e ∈ E in the graph G,
where E ⊆ V1×V2×. . . VS−{(v0(1), v0(2), . . . , v0(S))}, each
edge e is an S-dimensional vector. Fig. 1 shows an example
hyper-graph. The three edges (tracks) in Fig. 1 represents three
types of tracks. τ1 is a track where the target is not observed in
the second frame, thus v0(2) ∈ τ1. τ2 is a continuation of an
existing track. τ3 shows a hypothesis of a new target arriving
at frame S.

Fig. 1. A sample hyper-graphG for DAP. Each edge represents a distinct track
hypothesis. τ1 is a hypothesis that target corresponding to the measurement
z1(2) is not detected in the second scan (in other words, z1(2) is a virtual
detection). τ2 is a track of an observable target for frame 1 to S. τ3 is a
hypothesis that a new target arrives in the frame S

Given the constructed hyper-graph, a feasible solution of
DAP is a set of edges ω = {τ1, τ2, . . . , τl} such that for every
measurement j, 1 ≤ j ≤ ki and every time step i, 1 ≤ i ≤ S,
there exists a unique edge τ ∈ ω, for which τ(j) = zj(i). Each
true measurement can only exist in exactly one track. Suppose
each edge is assigned a weight w(τ). An optimal solution of
the DAP is a feasible solution ω∗ such that

∑
τ∈ω∗ w(τ) ≥∑

τ∈ω w(τ), where ω represents all feasible sets. The objective
function we seek to maximize is therefore the sum of weights
of all the tracks in a feasible solution.

A. A Maximum Stable Set Problem

The DAP problem is then converted into a problem of
finding a maximum vertex cover (stable set) of the graph.
Construct another graph G′ = (V ′, E′), where each vertex
of the graph corresponds to a track hypothesis (i.e., an edge
of graph G). An edge exists between two vertices if and
only if the corresponding tracks share a common true mea-
surement. Formally, V ′ = E = {τ1, τ2, . . . , τ|E|} and E′ =
{(τa, τb)|∃(i, j), 1 ≤ i ≤ S, 1 ≤ j, τa(i) = τb(i) = zj(i)}.
The weight of vertex in G′ is equal to the weight of the
corresponding track hypothesis.

Since a stable set is a set of vertices in a graph, no two of
which are adjacent. A maximum weighted stable set is a stable
set for which the sum of weights of its vertices is the largest
among all the stable sets of the graph. We have shown that
the solution of DAP is equivalent to the maximum weighted
stable sets of G′ [2].



B. Continuous Formulation

In order to solve the problem of finding the maximum
stable set of graph G′, we have proposed a continuous for-
mulation of maximum stable sets for a weighted graph. Given
a graph G = (V,E), finding the maximum weighted stable set
is max{w(A)|A ⊆ V, (i, j) /∈ E,∀i, j ∈ A}.

A well known semi-definite relaxation of the problem is
given as:

Maximize W •Y
subject to yij = 0,∀(i, j) ∈ E, trace(Y) = 0,Y � 0

(1)

where W =
√
w
√
w
T , Y is a symmetric matrix of size

|V |×|V |, W•Y is the matrix inner product, and the constraint
Y � 0 requires Y be positive semi-definite.

Our continuous formulation restricts the above semi-
definite program (SDP) to the matrices Y of rank at most
1 or 2. For rank 1, we can write Y = yyT for some y ∈ Rn.
It leads to the following non-linear program (which we call
NLP1):

Maximize (
√
w
T
y)2

subject to y ∈ Rn, ‖y′‖2 = 1, yiyj = 0,∀(i, j) ∈ E
(2)

Let Sy be a set of vertices i ∈ V for which yi 6= 0, i.e.,
Sy = {i ∈ V |yi 6= 0}. It is proved by [2] and [11] that

Theorem 1 For y′ ∈ Rn, such that ‖y′‖2 = 1, y′ is a local
maximizer of NLP1 if and only if Sy′ is a maximal stable set
of G.
Theorem 2 The optimal value of NLP1 is equal to the weight
of a maximum stable set of graph G. Also, y∗ is a global
maximizer of NLP1 if and only if Sy∗ is a maximum weighted
stable set of G.

Similar results hold for matrix Y of rank at most 2. We can
write Y = xxT + yyT for some (x, y) ∈ Rn. Therefore, the
stable set can be found in two steps. First, solve NLP1 with an
continuous optimization technique. Second, extract the set Sy
induced by the solution. We used an augmented Lagrangian
algorithm based heuristic [11], [12] to solve the SDP. The
augmented Lagrangian relaxation of NLP1 is given as follows
(which we call NLP2):

Maximize (
√
w
T
y)2 + (λ− σ

2
c(y))c(y)

subject to y ∈ Rn, ‖y‖2 = 1
(3)

where λ = (λij)ij∈E , σ > 0 is a fixed penalty parameter,
and c(y) = (yiyj)ij∈E are the edge constraints.

The augmented Lagrangian algorithm iteratively minimizes
NLP2 with respect to y while keeping the other two parameters
(λ and σ) fixed, which are updated between iterations. For
minimization of NLP2 w.r.t. y in each iteration, we use a strong
Wolfe-Powell line search and a gradient based limited memory
BFGS technique [13].

C. Solution Space Pruning

Gating techniques are applied in order to prune the unlikely
tracks and increase efficiency of the solution. We have used
three gating techniques so far. The first gating test is the Ma-
halanobis distance between the measurement and the target’s
predicted state. A new hypothesis is created only when this
distance falls within a predefine validation region. The second
gating test uses a parameter for maximum absence of a target
measurement. If a target is not observed for more than the
duration of this parameter, the track is considered terminated
and is no longer used in the data association. The third gating
test prunes all the track hypothesis that have negative weights.
This is because the tracks with negative weights cannot be part
of a maximal solution.

IV. TARGET PERCEIVABILITY BASED TRACK WEIGHT
ASSIGNMENT

An important component in our continuous formulation
of the multi-frame multi-target data association problem is
the track weight assignment. In this section, we present our
new method for target perceivability based weight estimation.
Inspired by the work of Li and Li [7] and Chenouard, Bloch
and Olivo-Marin [8], we apply the concept of target perceiv-
ability to explicitly account for the probability of a target’s
existence and the probability of it being observed (i.e., generate
measurements). The benefits of integrating perceivability for
multi-target tracking are a more precise and complete model
for the underlying target movements, and a mechanism for
automating the decision of track termination.

The perceivability of a target depends upon the association
between tracks and targets, and vice versa. Similar to the work
by Chenouard, Bloch and Olivo-Marin [8], the problem of
joint estimation of perceivability and association is largely
alleviated in our continuous formulation of the S-D assign-
ment problem since each track is independently evaluated and
assigned a weight. We thus estimate the target perceivability
independently for each target in every candidate track.

A. Joint Model of Target Perceivability, State, and Measure-
ment

Target perceivability is modeled as a first-order homo-
geneous Markov chain with known transition probabilities
πij , i, j ∈ {0, 1}.

π00 = p(s0(k + 1)|s0(k)), π10 = p(s0(k + 1)|s1(k)) (4)

Here we assume a two-state model of perceivability. A
target is perceivable at time k if it can generate measurements,
denoted by s1(k). A target is nonperceivable if it does not exist
physically or can not be detected (either being occluded or
degrades) at time k, denoted by s0(k). Thus, we can compute
the probability of target perceivability state si(k) based on its
state at time k − 1 as:

p(si(k)) =
∑

j∈{0,1}

πjip(s
j(k − 1)) (5)

For a given target m, the joint probability of perceivability,
state and measurement up to time k is:

χm(k) =
∑

i∈{0,1}

p(xm(k), zm(k), sim(k)) (6)



Now we describe how to compute χm(k). Following the
Bayesian model in [8], the joint probability (E.q. 6) can be
factorized as:
χm(k) = p(xm(k − 1), zm(k − 1))

•
∑

i∈{0,1}

[p(xm(k), zm(k)|sim(k),xm(k − 1), zm(k − 1)

• p(sim(k)|xm(k − 1), zm(k − 1))]

= χm(k − 1)
∑

i∈{0,1}

ξim(k)λim(k|k − 1)

(7)

ξim(k) , p(xm(k), zm(k)|sim(k),xm(k− 1), zm(k− 1) is the
conditional joint probability of state and measurement.

λim(k|k−1) , p(sim(k)|xm(k−1), zm(k−1)) is the predicted
probability of perceivability state conditioned on past history
of state and measurement.

The predicted conditional probability of perceivability state
can be further factorized as:

λim(k|k − 1) =∑
j∈{0,1}

p(sim(k)|sjm(k − 1),xm(k − 1), zm(k − 1))

• p(sjm(k − 1)|xm(k − 1), zm(k − 1))

=
∑

j∈{0,1}

πjiλ
j
m(k − 1|k − 1)

(8)

where λjm(k−1|k−1) , p(sjm(k−1)|xm(k−1), zm(k−1))
is the updated conditional probability. Using Bayes’ rule, we
also have the relationship between the predicted conditional
probability of perceivability and the updated conditional prob-
ability as

λjm(k|k) =
ξjm(k)χm(k − 1)

χm(k)
λjm(k|k − 1) (9)

Based on the above equations (7, 8, 9), we have an
iterative procedure for continuously updating the joint prob-
ability χm(k) when new measurements are available, shown
in Algorithm 1.

Algorithm 1 Sequential calculation of Joint Probability of
target m’s state, measurements and perceivability.
Input: χm(1), λim(1|1), i = {0, 1}, zm(k)
Output: χm(k), k = 2, . . . ,K.

for k = 2 to K do
for i = 0 to 1 do

λim(k|k − 1)←
∑
j∈{0,1} πjiλ

j
m(k − 1|k − 1)

end for
for i = 0 to 1 do

compute ξim(k)
end for
χm(k) = χm(k − 1)

∑
i∈{0,1} ξ

i
m(k)λim(k|k − 1)

for i = 0 to 1 do
λim(k|k) =

ξim(k)χm(k−1)
χm(k) λim(k|k − 1)

end for
end for

B. Track Weight Assignment

For each track hypothesis τm, its weight is defined as the
log of the joint probability χm(k) over the sliding window
1, . . . , S:

w(τm) = L(τm) =

S∑
k=1

ln(χm(k)) (10)

According to Algorithm 1, there are two key elements
for the continuous update of χm(k): the conditional joint
probability ξim(k) and the perceivability state. The computation
of ξim(k) depends on the underlying dynamic system model.
We now explain how to compute χm(k) given a target model.

Target Dynamic Model: We assume the following dynamic
and measurement model for target m:

xm(k + 1) = Fmxm(k) + wm(k)

zm(k) = Hmxm(k) + vm(k)

where wm(k) and vm(k) are zero-mean white Gaussian
noise variables with covariances Qm(k) and Rm(k) respec-
tively. Each observation of the target state is measured with
a detection probability pd. False alarms and new targets are
assumed to arrive in a Poisson process with parameters of
λf and λn. We also assume a uniformly distributed spatial
density df and dn for the location of false alarms and new
track initializations.

For linear dynamic model, the target state and the resid-
ual covariance can be estimated based on Kalman Filter at
each time step k: x̄(k) = Fmx(k − 1) + wm(k), U(k) =
H(k)P (k)H(k)T +R. (P (k) is the covariance of the target’s
state at time k.) The likelihood g(zm(k), τ) is computed
according to three conditions [14]:

g(zm(k), τ) =


1− Pd if m = 0 (a miss)
λndn
λfdf

if zm(k) initiates the track
pdp(zm(k)|τ)

λfdf
otherwise

(11)

p(zm(k)|τ) =
e−0.5[zm(k)−x̄(k)]TU(k)−1[zm(k)−x̄(k)]√

(2π)n|U(k)|

Note that for the above estimation, we assume that the
system only observes the target’s location. Our approach,
however, is a general method and can be applied to any
observation and dynamic model.

Computation of ξim(k): Unlike the computation of measure-
ment likelihood g(zm(k), τ), which always assume that target
is perceivable, the computation of ξim(k) can take four formats
depending on the perceivability and the detection type [8].
When target m is perceivable, we have

ξ1
m(k) =p(zm(k)|s1

m(k),xm(k), zm(k − 1))

· p(xm(k)|s1
m(k),xm(k − 1), zm(k − 1))

(12)

Note that
p(zm(k)|s1

m(k),xm(k), zm(k − 1)) = g(zm(k), τ), and



p(xm(k)|s1
m(k),xm(k − 1), zm(k − 1)) is in fact a target

state evolution process, which is denoted by f(xm(k)|xm(k−
1), zm(k−1)) (we will use f(•|•) hereafter for brevity without
causing confusions). We have

ξ1
m(k) = g(zm(k), τ) · f(•|•)

=


1− pd if zm(k) is virtual
λndn
λfdf

· f(•|•) if zm(k) initiates track
pdp(zm(k)|τ)

λfdf
· f(•|•) otherwise

(13)

When the target is non-perceivable, any real measurement
will be considered a false positive. For a virtual detection for
a non-perceivable target, we will use ξ0

m(k) = 1 [8].

ξ0
m(k) =

{
pFD(zm(k)) if zm(k) is real

1 if zm(k) is virtual
(14)

Perceivability initialization and transition: Under our as-
sumption of Poisson process for new target arrival and false
alarm detection with parameters λn and λf respectively, we
model the initial probability of target perceivability as:

λ0
m(1|1) =

pFD(zm(k))

pFD(zm(k)) + pND(zm(k))

λ1
m(1|1) =

pND(zm(k))

pFD(zm(k)) + pND(zm(k))

where pFD(zm(k)) is the probability of zm(k) being a
false alarm at time k, and pND(zm(k)) is the probability of
zm(k) being a new target at time k. We have

pFD(zm(k)) = λfe
−λf

pND(zm(k)) = λne
−λn

Intuitively, when pFD(zm(k)) >> pND(zm(k)), the real
measurement has a high probability originating from noise,
thus the target has high probability of being non-perceivable.
On the contrary, when pND(zm(k)) >> pFD(zm(k)), the
detection has a high probability originating from a real target,
thus the target is highly perceivable.

We set the perceivability state transition model as

π00 = π11 = 0.95, π01 = π10 = 0.05

C. Solution Space Pruning with Perceivability

The use of target perceivability provides a natural way
of automating the track termination decision. By providing a
termination threshold for target perceivability λstop, any track
with perceivability λ1

m(k) < λstop will be pruned and no
longer examined for the future track association process. For
different datasets, this parameter can stay almost the same. On
the contrary, the second pruning technique (maximum absence
of a target measurement) we described in Sect. III-C requires
the adjustment for different data sets. In the experiments, we
use a termination threshold of λstop = 10−7.

Fig. 2. Trajectories of targets in the synthetic sequences. Left: initial number
of targets is 15. Right: initial number of targets is 25.

V. EXPERIMENTS

We present quantitative and qualitative evaluation of track-
ing performance of the proposed approach using both synthetic
data and real sequences, and compare our results with that of
our earlier work [2].

A. Quantitative Evaluation

For a side-by-side comparison with [2], we follow their
experimental setup for quantitative evaluation, and evaluate
the tracking performance under three different operating condi-
tions: target density, detection probability, and false alarm rate.
The synthetic data were generated with a modified Point Set
Motion Generator (PSMG) [15]. PSMG provides controls over
the size of image space, number of points, number of frames,
mean and variance of initial velocity, mean and variance of the
change in velocity, probability of occlusion, and probability of
false alarms, etc. Fig. 2 shows two data sets generated with a
image space of size 300× 300, and a length of 50 frames.

We follow the choice of [2] and use two metrics [16] to
evaluate the tracker performance: 1) normalized correct as-
sociations (NCA) and 2) incorrect-to-correct association ratio
(ICAR). Suppose ω∗ is the true solution. For any ω in the
solution space, the set of all associations in ω is defined as
SA(ω) =

⋃
τ∈ω{(τ(i), τ(j))|1 ≤ i < j ≤ S ∧ τ(i) 6=

z0(i) ∧ τ(j) 6= z0(j) ∧ ∀k, i < k < j, τ(k) = z0(k)}. The
set of correct association CA(ω) in ω with respect to ω∗ is
defined as CA(ω) = SA(ω)∩SA(ω∗). The NCA is defined as
the ratio between the number of correct associations and the
number of true associations, i.e., NCA(ω) = |CA(ω)|

|SA(ω∗)| . The

ICAR is defined as ICAR(ω) = |SA(ω)|−|CA(ω)|
|CA(ω)| .

For each testing scenario, we evaluate the data association
performance for two cases: 1) our proposed track weight
assignment using the joint probability of target perceivability,
state and measurement and 2) track weight assignment using
the likelihood without perceivability [2]. Three search space
pruning techniques are applied in both cases, two of which
are common: the Mahalanobis distance gating and the positive
weight gating (see Sect.III-C). In case 1, the third pruning
criterion is the estimated target perceivability. Correspondingly,
in case 2, a maximum absence of a target measurement is
used for terminating tracks in data association. We compute the
two performance metrics averaged over 10 random sequences
generated with the same parameter set. The sliding window
size is 5 for all the experiments.



Fig. 3. Tracking performance evaluated in NCA (top row) and ICAR (bottom row) for three experimental conditions. The plots are shown in solid red for
perceivability embedded weight and dashed blue for likelihood based weight. Standard deviations for 10 random runs are shown as vertical bars.

Fig. 3 summarizes the three experiments conducted on the
synthetic data. In the first experiment, we evaluate the tracking
performance with respect to the initial number of targets, N ,
in sequences. N varies from 5 to 30. The other parameters are
set as: detection probability pd = 0.9, the expected number
of false alarms per frame λf = 1, the expected number of
new target per frame λn = 0.5. Also, the maximum number
of active target is bounded by N , not including false alarms
and terminated tracks. The maximum duration of successive
absence of a target is set as 4. The comparison (Fig. 3 left
column) shows that perceivability embedded weight model
gives slightly better performance in terms of both NCA and
ICAR. In the second experiment (Fig. 3 middle column),
we evaluate the two metrics with respect to the detection
probability pd, which varies from 0.1 to 1 with a step size
of 0.1. Both approaches are fairly robust to the varying pd.
Perceivability embedded weight model gives slightly better
performance in NCA. In this experiment, the number of initial
target is 10, and all other parameters were the same as the
previous experiment. In the third experiment, we fix pd = 0.9,
and vary the expected false alarms per frame λf from 1 to
15 with a step size of 1. The results are shown in the right
column of Fig. 3.

In all experiments, the deviations over 10 random runs for
the perceivability embedded weight model are similar to that of
the likelihood based weight model. The above results illustrate
that target perceivability embedded weight model gives slightly
better performance in terms of NCA and ICAR. Future work
should study how the initial estimation of target perceivability
and the transition probability affect the track estimation for

multi-target tracking problem.

B. Qualitative Results

For all the experiments on real-world videos, we have the
following parameters for our target perceivability embedded
weight model for DAP: pd = 0.9, λn = 1, λf = 10, λstop =
10−7. The default gating value for Mahalanobis distance is
empirically chosen as 100.

In the first experiment, we tested our approach on a
real video sequence with high target density and occasional
occlusions. It features birds flying in groups. The birds are
detected by background subtraction and their centroids were
used as features points for tracking. Fig. 4 shows the results of
the tracking. The top-left image draws all the trajectories on the
first image. Each trajectory is color-coded, indicating different
targets. The rest of the images show the tracking result for
the selected frames, each target is again color-coded. Visual
inspection of the color-coded tracks shows that the birds are
successfully tracked.

The second testing sequence is from the VIRAT
dataset [17]. We use the centroids of the ground truth an-
notations of objects (vehicle and human) as observations,
which contain both static and moving targets, and perform
data association to form tracks for each target. Evenly sampled
frames from the sequence with tracking results are shown in
Fig. 5. Fig. 6 shows the ground truth trajectories and estimated
trajectories of the centroids of the targets’ bounding boxes
superimposed on the first frame. Each target is represented
with a unique color. Note that not all targets appear on the



Fig. 5. Tracking results for a VIRAT sequence. Frames are sampled uniformly from original sequence every 30 frames and are displayed in row-wise order.
Different targets are represented with bounding boxes in different colors. Best viewed when zoomed in.

Fig. 6. Target centroid trajectories superimposed on the first frame of the VIRAT sequence. Left is the ground truth. Right is the data association estimation
result. Different targets are represented by different colors. Best viewed when zoomed in.

first frame. Although the same target can have different IDs in
the ground truth and the estimation, the estimated trajectories
are the same as the ground truth labeling, demonstrating the
effectiveness of our approach at data association for multiple
targets.

The third testing sequence features a 70-frame long traffic
scenario at an intersection. Fig. 7 shows uniformly sampled
frames from this sequence. Moving vehicles are detected
using our in-house technique. Then all the centroids of the
detected bounding boxes are fed into our algorithm. Two
typical scenarios for multiple target tracking are observed: 1)
a new target ID is assigned correctly when a new target is
detected; 2) false alarms are rejected correctly and are not
part of a correct target trajectory. Our method demonstrates
fairly good performance on this video.

VI. CONCLUSION

Target perceivability is a fundamental concept for multi-
target tracking problem. This work is an improvement of
our work of continuous formulation of the multi-frame data

association problem. It proposes a target perceivability em-
bedded track weight model for the semi-definite program
of the maximum weighted stable set problem. The explicit
model of target perceivability also provides a new means of
pruning the search space for data association. Compared to the
previous track likelihood based weight model, our new model
gives slightly better performance evaluated with normalized
correct associations and incorrect-to-correct association ratio
for multi-frame multi-target track problem for synthetic data,
and demonstrates good qualitative performance on real-world
sequence.
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