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Abstract – Performance evaluation of multi-target
tracking algorithms is of great practical importance in
the design and comparison of tracking systems. Re-
cently a consistent metric for performance evaluation
of multi-object filters (referred to as OSPA metric) has
been proposed. In this paper we describe how the OSPA
metric can be adapted to evaluate the performance of
multi-target tracking algorithms. The main idea is to
introduce the track label error into consideration in or-
der to capture the data association performance, in ad-
dition to the existing cardinality and localisation errors.
The paper demonstrates the proposed method by assess-
ing and comparing the performance of two particle fil-
ters for multi-target tracking.

Keywords: Multi-target tracking, performance evalu-
ation, data association, particle filters.

1 Introduction
Performance evaluation of multi-target tracking al-

gorithms is of great practical importance for system
design, tracker comparisons (e.g. in tender assess-
ments), sensor management, etc. Performance eval-
uation should be distinguished from the performance
prediction: the former is performed once the tracking
system has been developed and typically involves Monte
Carlo simulations; the latter is usually theoretical and
can be carried out even before the system has been
built.

The topic of multi-target tracker performance evalua-
tion and assessment has been studied extensively in the
past [1], [2], [3, Ch.13], [4], [5]. The general methodol-
ogy assumes that the ground truth is known for tracks.
Typically this means that a scenario of a certain level
of difficulty is constructed beforehand. Monte Carlo
runs are performed for each random output of the signal
processing and detection unit, which feeds the tracker
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with measurements. Typically the measurements are
uncertain and ambiguous due to the measurement er-
rors, modelling errors, imperfections of detection (false
detections, missed detections), etc. The output of
the tracker under assessment needs first be assigned
to truth tracks [1]. Once the assignment is made, it
is necessary to compute the measures of effectiveness
(performance metrics) describing timeliness (e.g. track
initiation delay, track overshoot), track accuracy, con-
tinuity of tracks (track swaps, track purity [3, Ch.13]),
the number and duration of false and divergent tracks,
etc. These measures of effectiveness (MoEs) are av-
eraged over Monte Carlo runs in order to provide an
assessment of expected tracker performance.

The problem a practitioner faces is twofold. The first
is how to choose the relevant MoEs and the second is
how to combine them into a single score (which is typ-
ically required in a tender process). The choice of rele-
vant MoEs is far from clear, as various authors argue in
favour of different ones. Combination of MoEs is par-
ticularly questionable from the theoretical point of view
since the selected MoEs can be correlated. For example,
a reduction in the track initiation delay is expected to
increase the number of false tracks and vice versa. An-
other important issue is the “transitive” property of the
tracker score resulting from the combination of MoEs.
This property can be explained as follows. Consider
two trackers, A and B, and suppose that tracker A out-
put is “close” (as indicated by the combined MoE) to
the ground truth. If tracker B output is “close” to that
of tracker A, can we make the conclusion that tracker
B output is also “close” to the ground truth? The an-
swer is positive only if the combined MoE possesses the
“transitive” property. It is far from clear if any combi-
nation of traditional MoEs would satisfy this property.

In order to overcome the arbitrariness in the selection
of MoEs in multi-target tracker performance evaluation,
an attempt to define mathematically rigorous metrics
for measuring distance between two sets of objects (tar-
gets) was reported in [6]. Mathematical metrics natu-



rally satisfy the transitive property for MoEs due to the
triangle inequality axiom. The starting point was the
Hausdorff metric (distance), which is a metric on sets,
but whose performance was found to be unsatisfactory
due to its insensitivity to differences in the number of
targets (cardinality). Instead Hoffman and Mahler [6]
proposed a new multi-object distance (which they re-
fer to as the multi-object Wasserstein distance) which
partly fixes the undesirable cardinality behaviour of the
Hausdorff metric. Schuhmacher et al. [7] subsequently
demonstrate a number of shortcomings of the Hoffman-
Mahler metric and propose a new consistent metric for
sets, which is suitable for multi-target filtering. This
distance, referred to as the optimal subpattern assign-
ment (OSPA) metric, is shown to completely eliminate
most of the shortcomings of the Hoffman-Mahler met-
ric. Schuhmacher et al. [7] demonstrated how to use
the OSPA metric in the multi-object estimation per-
formance evaluation. This basically concerns only two
(instantaneous) aspects of the distance: the cardinality
error and the localisation error (the distance in object
positions in the state space). For target tracking, how-
ever, we require a metric on sets of target trajectories,
where by a trajectory we mean a labeled sequences of
state vectors over time.

This paper describes how the OSPA distance can be
adapted to evaluate the performance of multi-target
tracking algorithms. The main idea is to introduce the
track label error into consideration, in addition to the
existing cardinality and localisation errors. The track
label component of the OSPA metric will effectively
capture the data association performance. In order
to demonstrate the OSPA metric for tracks, the paper
also presents a case study where two particle filters for
multi-target tracking are assessed and compared. The
paper is organised as follows. Section 2 formally intro-
duces the problem and defines the OPSA metric. Sec-
tion 3 describes how the OSPA metric can be adapted
to evaluate multi-target tracking performance. Section
4 presents a comparative case study based on OSPA
metric for tracks. The conclusions of the paper are
drawn in Section 5.

2 Background
Let X be an arbitrary non-empty set. A function

d : X × X → R+ = [0,∞) is called a metric on X if
it satisfies the following properties: identity, symmetry
and the triangle inequality [8]. If X = R

N , the function
d can be, for example, the Euclidian metric:

d(x,y) =

(

N
∑

ℓ=1

∣

∣x(ℓ) − y(ℓ)
∣

∣

p

)1/p

(1)

x,y ∈ R
N , 1 ≤ p ≤ ∞, or it can be the Mahalanobis

distance d =
√

(x − y)⊺S−1(x − y), where S is the co-
variance matrix of the difference x−y. Throughout the

paper d(x,y) will be referred to as the base distance on
the single-object state space R

N .
Consider now two sets X = {x1, . . . ,xm} and Y =

{y1, . . . ,yn}, where n, m ∈ N0 = {0, 1, . . .}. Vectors
x ∈ X and y ∈ Y are taking values from the state
space W ⊆ R

N , while sets X,Y ∈ F(W ), where F(W )
represents the set of all finite subsets of W . The OSPA
metric is defined as a distance on X = F(W ), between
sets like X and Y .

Let us introduce the cut-off distance between vectors
x,y ∈ W :

dc(x,y) = min{c, d(x,y)}, (2)

where c > 0 is a parameter referred to as the cut-off
value.

The OSPA distance of order 1 ≤ p ≤ ∞ with cut-off
c is defined for m ≤ n as follows [7]:

Dp,c(X,Y) =
[

1

n

(

min
π∈Πn

m
∑

i=1

(

dc(xi,yπ(i))
)p

+ (n − m) · cp

)]1/p

(3)

where Πn represents the set of permutations of length
m with elements taken from {1, 2, . . . , n}. For the
case m > n, the definition is simply Dp,c(X,Y) =
Dp,c(Y,X). The proof that the OSPA distance is in-
deed a metric on X = F(W ) is given in [7].

Note that we can interpret the OSPA distance as a
pth order “per-object” error, which is comprised of two
components each separately accounting for “localisa-
tion” and “cardinality” errors. If m ≤ n, these compo-
nents are given as:

eloc
p,c(X,Y) =

[

1

n
· min

π∈Πn

m
∑

i=1

(

dc(xi,yπ(i))
)p

]1/p

(4)

ecard
p,c (X,Y) =

(

(n − m) cp

n

)1/p

. (5)

Otherwise (i.e. if m > n), we have eloc
p,c(X,Y) =

eloc
p,c(Y,X) and ecard

p,c (X,Y) = ecard
p,c (Y,X). Only for

p = 1 we can write Dp,c(X,Y) = eloc
p,c(X,Y) +

ecard
p,c (X,Y).
Note that the cut-off parameter c determines the rela-

tive weighting given to the cardinality error component
against the localisation error component. Smaller val-
ues of c tend to emphasize localisation errors and vice
versa. Note that c must be in the same units as the
localisation error, that is in meters.

The problem we want to solve in this paper is how to
extend the OSPA metric to tracks. A track can be
seen as a labeled sequence of sets with zero or one
element (in the state space), describing the appear-
ance/disappearance and temporal evolution of target



dynamics over the surveillance period consisting of K
scans. A proposed solution is presented in the next
section.

3 New multi-target MoE
In this section we first define the OSPA metric for

labeled finite sets. Then we describe how this metric
can be used as a MoE for performance evaluation of
multi-target tracking.

3.1 Metric for labeled sets

Consider two labeled sets

X̃ = {(x1, s1), . . . , (xm, sm)} and

Ỹ = {(y1, t1), . . . , (yn, tn)}, (6)

where as before vectors x ∈ X and y ∈ Y are taking
values from the state space W ⊆ R

N and labels si,
(i = 1, . . . , m) and tj , (j = 1, . . . , n) are taking values in
N. For brevity we will use notation x̃ = (x, s) and ỹ =
(y, t). Effectively we now consider sets on a product
space X = R

N × N. The base distance on this set X is
defined as:

d̃(x̃, ỹ) =
(

d(x,y)p + d(s, t)p
)1/p

, (7)

where d(x,y) was introduced earlier and d(s, t) is the
base distance on the set of labels N. We adopt

d(s, t) = (1 − δ[s, t])α (8)

where δ[i, j] is the Kroneker delta, that is δ[i, j] = 1 if
i = j, and δ[i, j] = 0 otherwise. Parameter α > 0 in
(8) controls the weighting of the labeling error d(s, t) in
relation to the base distance d(x,y). It is easy to verify
that distance d̃(x̃, ỹ) defined by (7) and (8) satisfies the
mathematical properties of a metric. To prove triangu-
lar inequality, let x̃ = (x, s),ỹ = (y, t),z̃ = (z, u) be any
three elements of X = R

N × N. Then we have:

d̃(x̃, ỹ)p = d(x,y)p +
(

α(1 − δ[s, t])
)p

≤
(

d(x, z) + d(z,y)
)p

+αp
(

1 − δ[s, u] + 1 − δ[u, t]
)p

≤ d(x, z)p + αp(1 − δ[s, u])

+d(z,y)p + αp(1 − δ[u, t])

= d̃(x̃, z̃)p + d̃(z̃, ỹ)p

The OSPA metric for labeled sets is defined next with
two weighting parameters, α > 0 for labeling error and
c > 0 for cardinality error. For the case m ≤ n, let us
denote the optimal m point subpattern of the points in
Y using cut-off value of c as:

π∗ = arg min
π∈Πn

m
∑

i=1

(

dc(xi,yπ(i))
)p

, (9)

where dc(x,y) was defined1 in (2).
The OSPA for labeled sets X̃ and Ỹ such that m ≤ n

is now defined as:

Dp,c,α(X̃, Ỹ) =

[

1

n

(

m
∑

i=1

(

dc(xi,yπ∗(i))
)p

+

m
∑

i=1

αp (1 − δ[si, tπ∗(i)])

+ cp · (n − m)
)

]1/p

(10)

For the case m > n,

Dp,c,α(X̃, Ỹ) = Dp,c,α(Ỹ, X̃). (11)

The distance Dp,c,α(X̃, Ỹ) is a metric because it is
effectively the OSPA distance (which is proven to be a
metric in [7]), with a different base distance in a single-
target space, that is equation (1) replaced by (7).

The OSPA for labeled sets comprises of three compo-
nents, each separately accounting for localisation, car-
dinality and labeling errors. The localisation and car-
dinality error components are as in (4) and (5), respec-
tively. The labeling error component is given by:

elab
p,c,α(X̃, Ỹ) =

[

αp

n

m
∑

i=1

(

1 − δ[si, tπ∗(i)]
)

]1/p

(12)

for m ≤ n and elab
p,c,α(X̃, Ỹ) = elab

p,c,α(Ỹ, X̃) if m > n.
Note that the labeling error component depends on c
because the optimal subpattern π∗ in (9) is a function
of c.

3.2 OSPA metric for tracks

Here we describe how OSPA for labeled sets can be
used to evaluate the output of a multi-target tracking
system. Let us first adopt the convention that X̃ refers
to the ground truth and Ỹ to estimated tracks, pro-
duced by a tracker. The labels si for ground truth
tracks are known. The labels for estimated tracks tj ,
however, need to be determined before we can apply
the OSPA for labeled sets of Sec.3.1.

The solution to the assignment of labels to estimated
tracks has to be done globally, using all ground truth
tracks and all estimated tracks over K scans. Re-
call from the introduction that assignment of estimated
tracks to true tracks is always a preliminary step in all
tracking performance evaluation schemes. To do this
step optimally would require to minimise the total dis-
tance, both in time and in the state space, between

1One can rightly ask why π
∗ is not determined by minimisa-

tion on RN × N, thus taking into account the label mismatch.
In the next section we explain that one of the labeled sets has
an unreliable label value, determined by a heuristic. Hence we
prefer to define π

∗ on R
N .



all true and estimated tracks. Since this is practically
difficult to achieve, we resort to an approximation.

A simple way to assign labels to estimated tracks
is by using one of the existing two-dimensional as-
signment algorithms (Munkres, JVC, auction, etc) [3,
p.342]. Let a true track with label s be denoted as
Xs = (xs

ks
b
, . . . ,xs

ks
e
), where indices ks

b and ks
e, such that

1 ≤ ks
b ≤ ks

e ≤ K, denote the beginning and the end
of the track, respectively. Similarly, let an estimated
track with label t be Yt = (yt

kt
b

, . . . ,yt
kt

e
). The pairwise

cost (which is used to form the assignment matrix) of
assigning a true track s with an estimated track t can
be adopted as:

c(s, t) =















K
∑

k=1

es
k et

k ‖xs
k−yt

k‖

exp{
K
∑

k=1

es
k

et
k
}

, if
∑K

k=1 es
k et

k > 0

∞, otherwise

(13)

where eℓ
k = 1 if track ℓ ∈ {s, t} exists at time k and

zero otherwise. This heuristic favours longer duration
estimated tracks to be assigned to true tracks. If an
estimated track t has been assigned to true track s, then
its label becomes s too. Unassigned estimated tracks
are given labels different from all true track labels.

Consider an illustrative example shown in Fig.1, with
two true tracks labeled as s1 and s2 (thick black lines)
and three estimated tracks labeled as t1, t2 and t3 (thin-
ner red, purple and green lines, respectively). After the
global assignment of estimated tracks, their labels will
become t1 = s1, t2 = s2 and t3 will be assigned a num-
ber different from s1 and s2. At the point in time when
true tracks s1, s2 exist, and estimated tracks t1 and
t3 exist, the cardinality error component will be zero,
the localisation error component will be small, but the
labeling error component (12) will be α/21/p.

s1
t1

s2

t2 t3

Figure 1: Example with two true tracks labeled as s1 and
s2 (thick black lines) and three estimated tracks labeled
as t1 (red), t2 (purple) and t3 (green).

4 Demonstration of OSPA for

tracks
This section presents an evaluation of two particle fil-

ters for multi-target tracking using the described OSPA

metric for tracks.

4.1 Simulation setup

The total duration of the scenario is K = 120 scans
and consists of five targets moving along the straight
lines and crossing at 50 degrees at time k = 66, appear-
ing and disappearing at different times. The scenario
and the number of targets over time are shown in Fig.2.
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Figure 2: The scenario and the output of a single run of
the LM-JoTT particle filter: (a) target paths (thin lines
represent the ground truth; the blue circle is the ob-
server path; red dots are clutter (false) measurements);
(b) cardinality over time (red line is true, blue is the
estimate)

The measurements of target range and bearing are
available for tracking. The range measurements are
very precise (σr = 0.1m) while bearing measurements
are fairly inaccurate (i.e. σb = 5 degrees). This makes
the tracking setup very nonlinear: the measurement un-
certainty regions are arcs with ±3σ angular span of 30
degrees. Using Kalman type filters (Extended or un-
scented Kalman filter), which assume the uncertainty



regions to be ellipsoids, would be clearly inappropriate.
The clutter is uniformly distributed along the range
(from 0 to 1300 m) and bearing (±π/4 rad with re-
spect to the sensor pointing direction). The number of
clutter points per scan is Poisson distributed with the
mean value of λ = 10. The probability of detection is
pD = 0.9. The effects of finite sensor resolution were
ignored.

4.2 Tracking algorithms

Two tracking algorithms are evaluated, using identi-
cal framework for estimation and tracking. The only
difference is in the way data association is carried out.

Let each target track i at time k be represented by
two posteriors:

• the posterior probability of existence qi
k =

P(εk|Z1:k)

• the posterior pdf over the state space si
k(x) =

pi
k(x|Z1:k)

where Z1:k is the collection of all measurements (from
all targets and clutter) accumulated from scan 1 to k;
εk is the existence, a binary random variable whose
transitions are described by the transitional probability
matrix:

Π =

[

P (εk|εk−1) P (ε̄k|εk−1)
P (εk|ε̄k−1) P (ε̄k|ε̄k−1)

]

=

[

pS (1 − pS)
pB (1 − pB)

]

(14)
where pS is the probability of survival and pB is the
probability of birth. The individual target states are
four dimensional vectors, i.e. x = [x, ẋ, y, ẏ]⊺, where
(x, y) denotes a target position in 2D Cartesian plane,
and (ẋ, ẏ) its velocity. Individual target dynamic mod-
els are assumed identical, described by the transitional
density from time k − 1 to k denoted by fk|k−1(x|x

′).
The computation of qi

k and si
k(x) is carried out re-

cursively in the Bayesian framework. For this we use
the (modified) prediction and update equations of the
JoTT filter [9, Sec.14.7], which represent a general
version of the integrated PDA [10]. The prediction
equations for an existing track described by qi

k−1 and
si

k−1(x), where i = 1, . . . , nk−1, are:

qi
k|k−1 = pS · qi

k−1 (15)

si
k|k−1(x) =

∫

fk|k−1(x|x
′)si

k−1(x
′)dx′ (16)

The update equation for the probability of existence
is:

qi
k =

1 − δi
k

1 − δi
k qi

k|k−1

· qi
k|k−1 (17)

where

δi
k = pD

(

1 −
∑

z∈Zk

∫

gk(z|x) si
k|k−1(x)dx

λ c(z)

)

(18)

Here Zk = {zk,1, . . . , zk,µk
} is the collection of all mea-

surements at time k, gk(z|x) is the measurement like-
lihood and c(z) is the clutter spatial density (uniform,
see the comments at the end of Sec.4.1).

The update equation for the spatial pdf is given by:

si
k(x) =

1 − pD + pD

∑

z∈Zk

gk(z|x)
λc(z)

1 − δi
k

si
k|k−1(x) (19)

The described JoTT-like filter works only if there are
no conflicts in the assignment of measurements (being
effectively a single target tracking algorithm). In or-
der to resolve the possible conflicts in measurement-to-
track association (when targets are closed to each other)
we apply two modifications of this filter.

LM Tracking. Linear-multitarget (LM) tracking is a
very simple and effective way to resolve the conflicts in
measurement to track association [11]. The main idea is
to modify (increase) the clutter density in eqs.(18) and
(19) according to the proximity of neighbouring targets.
First let us introduce a prior target i (i = 1, . . . , nk−1)
measurement j (j = 1, . . . , µk) density:

pi
k(zk,j) =

∫

gk(zk,j |x) si
k|k−1(x)dx (20)

Then compute a priori probability that measurement
zk,j is the detection from the ith target:

P i
j ≈ pD pi

k|k−1

pi
k(zk,j)

λc(zk,j)

mk
∑

ℓ=1

pi
k
(zk,ℓ)

λc(zk,ℓ)

(21)

Finally the a priori clutter measurement density of the
jth measurement when updating track i is given by:

κi
k(zk,j) = λ c(zk,j) +

nk−1
∑

τ=1,τ 6=i

pτ
k(zk,j)

P τ
j

1 − P τ
j

. (22)

Effectively the clutter density of measurement j at tar-
get i includes the contribution from all other targets.
The update step of the JoTT uses κi

k(zk,j) of (22) in-
stead of λc(zk,j) in both (18) and (19).

Two-dimensional assignment. Here the idea is to
form an assignment cost matrix, where the cost of as-
signing measurement j = 0, 1, . . . , µk to track i is com-
puted via a modified version of (17):

C(i, j) = −
1 − δi,j

k

1 − δi
kqi

k|k−1

qi
k|k−1 (23)

where δi,j
k = pD if j = 0 (no measurement assigned)

and

δi,j
k = pD

∫

gk(zk,j |x) si
k|k−1(x)dx

λ c(zk,j)
(24)



otherwise. Once the best two-dimensional assign-
ment (2DA) is determined, and measurement j∗ ∈
{0, 1, . . . , µk} is assigned to track i, the probability
of existence of the track is updated simply as qi

k =
−C(i, j∗). The spatial pdf of track i is updated using
the appropriate term of the numerator of (19), that is:

si
k(x) =



















pD gk(zk,j∗
|x)

λ c(zk,j∗
)

si
k|k−1(x)

1−δi
k

, j∗ ∈ {1, . . . , µk}

(1−pD)si
k|k−1(x)

1−δi
k

, j∗ = 0.

(25)
The measurements which have not been used in the

update step (either P i
j was too small in the LM method

or no track was assigned in the 2DA method) initialise
new tracks with the probability of existence equal to
pB. At the end of each cycle of a tracker, the manage-
ment of tracks is carried out (those with qi

k < td are
deleted; those with qi

k > tc are reported; here td < tc).
Finally a union of the newborn tracks and the surviving
persisting tracks is formed, followed by a new cycle of
the tracker.

Due to the highly non-Gaussian shape of the likeli-
hood function g(z|x), both trackers are implemented as
particle filters [12]. In this framework each track i at
time k is specified by a set of weighted random samples
{w̃i,n

k ,xi,n
k }ν

n=1. The probability of existence and the
spatial pdf are thus represented as:

qi
k ≈

ν
∑

n=1

w̃i,n
k ≤ 1 (26)

si
k(x) ≈

ν
∑

n=1

wi,n
k δ(x − x

i,n
k ) (27)

where δ(x) is the Dirac delta function and wi,n
k =

w̃i,n
k /

∑ν
n=1 w̃i,n

k are normalised weights.

4.3 Numerical results

OSPA metric for tracks is applied on R
2 × N, that

is using only the target position in the two-dimensional
Cartesian coordinate system. The base distance was
Euclidean as in (1). The OSPA metric parameters were:
p = 1, α = 25m, c = 50m.

The filters used a nearly constant velocity motion
model with white noise acceleration [13, Sec.6.2.2]. The
sampling period was T = 2s and process noise inten-
sity 0.3 m2/s3. The number of particles per target was
ν = 5000. Fig. 3 shows the OSPA for tracks aver-
aged over 100 Monte Carlo runs of each multi-target
tracking algorithm. The two particle filters for multi-
target tracking (described above) are referred to as the
LM-JoTT-PF and the 2DA-JoTT-PF (a version of the
particle filter with the LM method for data association
has been published in [14]). Fig. 3 indicates the su-
perior performance of the the LM-JoTT-PF over the
2DA-JoTT-PF.
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Figure 3: OSPA metric for tracks (averaged over 100
Monte Carlo runs): 2DA-JoTT-PF (red solid line and
LM-JoTT-PF (blue dashed line)
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Figure 4: OSPA distance components: (a) cardinality,
(b) localisation and (c) labeling errors



Using the error components of OSPA metric we can
determine more precisely the sources of the difference in
performance. This is illustrated in Fig.4 which displays
the cardinality, localisation and labeling error compo-
nent of the total OSPA distance of Fig.3. Since p = 1,
the OSPA distance equals the sum of the three error
components.

Observe that initially (in the first 20 scans) the OSPA
distance is large mainly due to the cardinality error.
This is a consequence of the fact that both filters need a
few scans to establish the tracks. The cardinality error
of the LM-JoTT-PF returns to zero quicker, indicat-
ing that its calculations of probability of existence are
more responsive to the appearance of new targets. Af-
ter k = 20, the OSPA metric is dominated by the local-
isation error. This error component appears to be sim-
ilar in both trackers, which is to be expected since they
are both constructed on the basis of the same single-
target filter (JoTT) and the tracks in this interval are
well separated in the state space. Note also that dur-
ing this interval the OSPA distance gradually reduces
with time, reaching its minimum just before k = 66,
when the tracks cross. Crossing of tracks is reflected
in a sudden jump of OSPA metric just after k = 66,
which is attributed to the labeling error, see Fig.4.(c).
In the interval from target crossing to approximately
k = 100 (when true tracks start to disappear one by
one), the labeling error of the LM-JoTT-PF is much
smaller than the labeling error of the 2DA-JoTT-PF.
Finally after k = 100, the cardinality error again domi-
nates the OSPA distance since both trackers need a few
scans to terminate/delete the tracks. Again the LM-
JoTT-PF is more responsive to the cardinality change
due to the disappearance of targets.

5 Conclusions

The paper presented an adaptation of the OSPA met-
ric, previously defined for multi-object filtering, to mea-
sure the effectiveness of multi-target tracking systems.
The new performance evaluation metric, referred to as
the OSPA for tracks, is a consistent, intuitively reason-
able and mathematically rigorous metric for measuring
the distance between two sets of labeled objects. OSPA
for tracks has two parameters which determine the rel-
ative weighting of the cardinality and the miss-labeling
errors against the localisation error. The paper demon-
strated the application of OSPA for tracks to perfor-
mance evaluation and comparison of two multi-target
tracking particle filters. We observed that the two dif-
ferent methods of data association produced remark-
ably different errors in cardinality and labeling, while
the localisation errors appear to be similar. The evalu-
ation results obtained using the OSPA metric for tracks
appear to be in a good agreement with our intuition.
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[11] D. Mušicki, “Limits of linear multitarget tracking,” in
Proc. 7th Int. Conf. Information Fusion, 2005, pp. 205–
210.

[12] B. Ristic, S. Arulampalam, and N. Gordon, Beyond the
Kalman filter: Particle filters for tracking applications.
Artech House, 2004.

[13] Y. Bar-Shalom, X. R. Li, and T. Kirubarajan, Esti-
mation with Applications to Tracking and Navigation.
John Wiley & Sons, 2001.

[14] M. R. Morelande and D. Mušicki, “Fast multiple tar-
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