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Abstract

Mean shift based feature space analysis has been shown
to be an elegant, accurate and robust technique. The el-
egance in this non-parametric algorithm is mainly due to
its simplicity in performing gradient ascent to estimate the
modes in a multidimensional data. One characteristic as-
pect of mean shift is that the mode estimation is performed
at each data point. Since it is important to describe the data
in as succinct manner as possible, it is important to focus on
modal points in the data instead of every data point. In this
paper, we attempt to tackle the mean shift problem through a
“mode centric” approach using swarm intelligence. Here,
the mode estimation is cast as a problem of goal seeking for
the swarm as it moves through the multidimensional data
space. Local maxima/minima and plateaus are avoided
through information exchange between each member of the
swarm, thereby converging at the mode values efficiently.

1. Introduction

In today’s world, information is extremely ubiquitous.
Unfortunately, this pervasiveness brings with it the need to
sift through the vast amounts of data which may or may
not be of consequence. Data analysis has thus become an
integral part of every single field of research that we have
advanced into. Despite the ever-increasing computational
prowess, analysis of a real life problem is an extremely
daunting task due to the sheer influx of information con-
tent. An important task for any knowledge system would
thus be to sieve through the vast amounts of data that is
present and to retain a representative sample that provides
the most concise and precise description of the information
that they represent.

An obstacle that most research is constantly plagued
with is known as the “Curse of Dimensionality”. Bellman
[4] defined this problem as the exponential growth of the
hyper-volume of the data space with increasing dimensions.
This increase in the volume causes data points to be ex-

tremely spread out and far apart (Sain [27], Georgescu et
al. [16]). This decrease in the density of data in very high
dimensions makes the estimation of any pattern in data ex-
tremely complex. This invariably has an important impli-
cation in developing a statistical technique, since most real
world data tend to occupy a very high dimensional space.
Thus any type of statistical analysis would invariably have
to contend with this problem.

Mean shift algorithm is one such statistical tool that had
been originally proposed by Fukunaga and Hostetler [15]
and later researched upon by Cheng [6]. But it had re-
mained largely hidden to the vision community until 2002,
when Comaniciu and Meer [9] discussed the convergence
characteristics of mean shift as an application to image seg-
mentation and as a continuity preserving filter.

Typically, the mean shift approach has an O(N2) com-
plexity in low dimensional spaces with the constant typi-
cally in the range of ∼10. But with increasing dimensions
of the data set, the computational complexity tends to be-
come exponential with respect to d, the number of dimen-
sions. One of the most expensive aspects of performing the
mean shift operation arises in the computation of the near-
est neighbors for a data point. As described by Arya et al.
[1], most algorithms that perform “exact nearest neighbor”
computation in very high dimensional space has an order of
complexity that is very close to that of a brute force search.

The problem of improving the computational efficiency
of the mean shift has been approached in multiple ways in
the past. Georgescu et al. [16] describe an approximation
algorithm to tackle this problem of multi-dimensional data
by using the Locality Sensitive Hashing (LSH) technique
developed by Indyk et al. [18]. Another possible improve-
ment of the computation burden was proposed by Yang et
al. [30], by approximating the Hessian matrix computa-
tion via a quasi-Newton method. Carreira-Perpiñán [5] de-
scribes various acceleration techniques to tackle the Gaus-
sian Mean-Shift problem efficiently. The work indicates at
least an order of magnitude speedup in computing Gaussian
Mean-Shift procedure.

In this paper we try to improve the efficiency of this



problem via a stochastic goal seeking mechanism using
swarm intelligence. This scheme is driven by the estima-
tion of the modal features present in the data, thereby mak-
ing it “mode centric”. The information exchange principle
built into the swarm, helps it to efficiently avoid local min-
ima/maxima when searching for the modes present in the
data.

2. Background Work

As discussed above, it is essential to compress the vast
amounts of data into a representative set of data samples
that provide the best description of the entire data set. This
problem of data clustering has been a much researched topic
[12][20]. One of the most commonly applied clustering
techniques is the K-means clustering [22], which has gained
significant popularity due to its low computational com-
plexity of O(nKNd), when compared to many other tech-
niques [16]. But K-means imposes a strong constraint on
the output clustering: the number of clusters, K, must be
known prior to performing the clustering. The second prob-
lem with K-means is that the clusters are computed so as to
minimize the intra cluster variance thereby creating hyper-
ellipsoidal cluster edges. Nevertheless, under the assump-
tion that the data can be represented as a mixture of Gaus-
sians, the K-means algorithm provides the best estimate for
the cluster.

The use of stochastic algorithms for data clustering has
been attacked by many researchers. In [24], Omran et al.
describe a PSO based clustering scheme that is developed
over the K-means algorithm. The authors show that the co-
herency of the PSO clusters were better than the ones ob-
tained by the standard K-means algorithm with respect to
the quantization error, inter and intra cluster distances. De-
spite the improved results that is indicated in the work, since
the algorithm is developed over a K-means framework, the
algorithm inherently requires that the number of clusters be
known prior to the clustering.

The Mean shift based approach, on the other hand, com-
putes the clusters as a function of the modes present in the
data, rather than as a function of the means of the data
tessellation. Unlike the K-means, it does not require any
knowledge about the number of groups that are present in
the data prior to clustering. The caveat is in the variable h
that defines the bandwidth of the kernel being used to com-
pute the local estimate, thereby placing a similar limiting
condition as K-means. But this problem of optimal band-
width selection has been tackled using a two pass mecha-
nism to estimate a local kernel bandwidth [7]. This mech-
anism, though robust and accurate, can prove to be compu-
tationally very expensive, especially with multidimensional
data.

Since the work by Comaniciu and Meer [9], many vari-

ants and practical applications of the mean shift approach
have appeared in research literature. Boomgaard and Weijer
[28] described the connection between mean shift analysis
and robust estimators. Fashing and Tomasi [13] showed that
the mean shift procedure can be interpreted as a bounded
quadratic optimization problem. Wang et al. [29] pro-
posed a variant by modulating the mean shift vector with
an anisotropic kernel instead of the radially symmetric ker-
nel, thereby producing better segmentation results espe-
cially across the edges of coherent regions. DeMenthon
[11] described a hierarchical mean shift mechanism to per-
form spatio-temporal video segmentation by analyzing the
7D feature vector composed of color and motion informa-
tion.

The central principle involved in the mean-shift opera-
tion is given below for completeness. The readers are di-
rected to [6] and [9] for more details. Given N data points
xi, i = 1 · · ·N in a d-dimensional space R

d, the multivari-
ate kernel density estimate obtained with the kernel K(x)
having a bandwidth parameter of h can be described as

f(x) =
1

nhd

N∑
i=1

K

(
x − xi

h

)
(1)

The mean shift vector, mh(x), can be subsequently com-
puted from the gradient of the density estimator (Eq. 1).

mh(x) =
∑N

i=1 xig
(‖x−xi

h ‖2
)

∑N
i=1 g

(‖x−xi

h ‖2
) − x (2)

where g(s) = −k′(s) and k is called the shadow of the
kernel K . The algorithm proceeds by iteratively shifting the
data point xi by the mean shift vector mh(x) until the mean
stabilizes to an estimate of the local mode of the data. This
algorithm thus performs a gradient ascent to compute the
mode of the distribution and has proven to have guaranteed
convergence properties for specific kernels [9].

As can be observed, the biggest impediment in perform-
ing the mean shift operation is the computational cost that is
incurred. Typically, the mean shift is applied to every data
point and the computational complexity could be quite steep
depending on the number of data points. This condition is
further exacerbated when performing the analysis in high
dimensional spaces, since the order of complexity would be
O(N2d) where d is the dimension of the space. One of the
main factor that drives the computational cost is the num-
ber of data points that is involved in the process. It would
be advantageous if we could perform this operation only on
a small subset of the data points, thereby improving com-
putational efficiency. The main principle of this paper is to
develop a mechanism of selecting points from the feature
space and using those points to estimate the modes intelli-
gently. This intelligent selection of data points is accom-



plished via a stochastic scheme called Particle Swarm Op-
timization (PSO) that was developed in 1995 by Kennedy
and Eberhart [21]. Unlike other evolutionary optimization
schemes such as Genetic Algorithms, the PSO is a pseudo-
optimization method inspired by the collective intelligence
of swarms of biological populations. The most important
characteristic of this method is that it is a zero-order, non-
calculus based method, which can be used to solve for con-
tinuous variables [17].

2.1. Particle Swarm Optimization

In the original formulation by Kennedy and Eberhart
[21], each particle in the population (also called the swarm)
adjusted its trajectory towards its own best position and to-
wards the best position attained by the whole group, mim-
icking the social behavior among flocks of birds [26]. The
system dynamics are governed by the following equations.

v(t+1)
i = ζ[ωv(t)

i + c1χ1(p
(t)
i − x(t)

i )

+ c2χ2(g(t) − x(t)
i )] (3)

x(t+1)
i = x(t)

i + v(t+1)
i (4)

where χ1, χ2 ∼ U [0, 1] are two Ns ×Ns diagonal matrices
of uniform random numbers with Ns being the total num-
ber of particles in the swarm. ω is the “inertia weight” that
regulates the trade-off between the global (wide-ranging)
and the local (nearby) exploratory capabilities of the swarm
[26]. x(t−1)

i is the ith particle in the swarm at the (t − 1)th

iteration and v(t−1)
i is its corresponding “velocity” com-

ponent. ζ is called the “constriction term” which controls
the influence of the velocity term to the positional term.
p(t−1)

i corresponds to the position of the best fitness value
for the ith particle while g(t−1) corresponds to the best fit-
ness value for the entire swarm.
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Figure 1. Particle system in the Particle
Swarm Optimization model for a two particle
(x(t−1)

i and x(t−1)
j ) system.

Among the three components of this dynamical equa-
tion, ωv(t−1)

i is the “inertial component”, which constrains

the velocity state estimate along the direction of v(t−1)
i . The

second component, the “cognitive term” for each particle,
c1χ1(p

(t−1)
i − x(t−1)

i ) constrains the particle motion in the
direction of its previous best value while the third compo-
nent, the “social component”, c2χ2(g(t−1) − x(t−1)

i ), di-
rects the particles towards the best value among all the ele-
ments in the swarm. The random variables χ1 and χ2 pro-
vide for the stochastic parameters for the search with c1 and
c2 as two positive weights that control each component (Eq.
1). It is interesting to note that functional optimizations in
the PSO framework can be completely accomplished via ad-
ditions and multiplications alone and is thus computation-
ally very efficient.

2.2. Problem Statement

The PSO system dynamics is very similar to the “food”
searching pattern that is seen in biological swarms. If the
modes in the mean shift procedure can be represented as po-
sitions in the feature space that represents the “food”, then
the algorithm rests on the ability of the swarm in estimating
these positions.

As with most stochastic optimization techniques, the pri-
mary necessity is in developing a fitness functional that
could be used to evaluate the “goodness” of a particle in
the swarm, so that the fitness would be high when the par-
ticle is “close to a goal” and low when it is “away from
the goal”. Another essential aspect of this fitness measure
is that the fitness should be low at the vicinity of already
estimated modes and high elsewhere, thereby forcing the
swarm to move to other locations in search of possibilities.
This “consume and move” paradigm is very similar to the
“deflection” and “stretching” mechanism developed by Par-
sopoulos and Vrahatis [25].

Intuitively, this technique tries to capture the modes in
the feature space of the data by searching at locations and
passing on the information about the best locations as en-
countered by individual members of the swarm to the oth-
ers. This mutual information sharing provides the swarm
with a greater chance of escaping the local minima. Typi-
cally a swarm is composed of particles that are way smaller
in number when compared to the input data, leading to ef-
ficient convergence patterns. In fact, this algorithm could
be easily used as an initialization mechanism in order to be
able to apply the exact mean shift at the vicinity of the esti-
mate.

3. Algorithm Details

We begin this algorithm by defining a swarm of
Ns(Ns � N) particles. Let x(t)

i , i = 1 . . .Ns be the par-

ticles in the swarm. Each particle, x(t)
i represents a point



in the d-dimensional space R
d. t denotes the current itera-

tion number. At t = 0, x(t)
i are mapped to Ns data points

drawn randomly from the input data. The velocity, v(0)
i ,

for each particle is initialized to a d-dimensional random
vector drawn from a uniform probability density function,
U [−r/2, r/2], where r is the radius estimated for the mean
shift operation.

Having thus initialized the swarm of particles to posi-
tions in the feature space, the subsequent stage of process-
ing requires the evaluation of the fitness of each particle.
Due to the unavailability of a parametric form of the fitness
functional to perform the mode search, we computed an er-
ror metric that explained the local data statistics and also
satisfied the constraints that were stated in section 2.2.

In this problem of estimating the modes, we resorted to
an error metric instead of a fitness functional, with the mode
estimation defined as a minimization of the error rather than
as a maximization of the fitness. The error metric was com-
posed by three components and can be defined as

ε
(t)
i = ρ

(t)
i ∗ (D(t)

i + G(t)
i ) (5)

and the particle having a smaller ε
(t)
i is considered to be a

particle that is closer to the mode.
The first component, ρ

(t)
i , evaluates the average “den-

sity” of all particles within the spheroid around x(t)
i within

the radius r.

ρ
(t)
i = 1

η

∑η
j=1 ‖x(t)

j − x(t)
i ‖, ‖xj

(t)‖ ≤ r (6)

where xj are composed of all the points within the spheroid
of radius r. The density thus defines the average local
spread of the data.

The second term in the fitness metric, D(t)
i , is composed

of the mean shift error term that determines how close x(t)
i

is to the mean of the data points within r. This term would
have a low value if the magnitude of the error is small and
large when the error is large. We used a “flipped” Gaussian
to handle this characteristic.

D(t)
i = 1 − exp


−

(
1
η

∑η
i=1 x(t)

j

)
− x(t)

i

r


 (7)

where x(t)
j corresponds to all the data points that are within

the radius r at the tth iteration.
The third term comes into play if a mode has been es-

timated in the previous mode seeking iteration. This term,
G(t)

i , modifies the error metric for a data point as an inverse
function of the distance to an estimated mode. Thus a point
that is “closer” to an estimated mode would have a higher
error than a point that is “further” away. Parsopoulos and
Vrahatis [25] apply a “tanh” function to apply “deflection”

and “stretching” which has a similar profile with the Gaus-
sian that has been applied here.

G(t)
i =

φ∑
k=1

exp

[
−Mk − x(t)

i

r

]
(8)

where Mk is the kth mode that has been estimated and φ
is the total number of modes that have been currently esti-
mated. The “flipped” Gaussian profile of D(t)

i provides the

normalization required to combine it with the G(t)
i without

imposing a bias towards either of the two terms.
During the iteration, the social term, p(t)

i , is updated to

a new value from x(t)
i if and only if the error has decreased

between iteration t and t − 1. The cognitive term g(t) is
always initialized to the position of the particle having the
smallest error metric through it’s entire history of iterations.
The iterative dynamical system (Eq. 3) is applied to the par-
ticles until convergence. The convergence is indicated by
the constancy of the cognitive term, g(t), over a period of
iterations that we define as “HISTORY”. The iteration is re-
peated until the change in the cognitive term is significantly
smaller than the convergence criterion (δ = 0.001).

We also implemented the repulsion mechanism [25] to
constrain the swarm to move away from an already esti-
mated point. The repulsion coefficient was provided so as to
push the particles from a previously estimated mode along
the vector connecting the particles and the mode estimated
in the given iteration. But this appeared to do more harm
than good with an increase in the estimated error and in-
crease in time complexity. It was observed that the particles
hovered at a particular position, unable to converge, due to
the repulsion effects occurring due to the presence of an al-
ready estimated mode in the vicinity.

4. Results and Analysis

The algorithm was tested on synthetic and real data. The
synthetic data was rather a simple test to understand the
convergence characteristics of the swarm approach. Two
specific applications were tested using the proposed swarm
technique. The first application involved image segmen-
tation and the second application involved the problem of
object tracking under non rigid dynamics under unknown
initial positional estimate.

4.1. Synthetic test-case

This data set denotes a simple bimodal Gaussian distri-
bution with the two modes of the distribution occurring at
[5.016, 4.962, 5.029] and [−0.0145, 0.0157, 0.0190]. The
data is composed of 2000 data points and the estimated
means of the data correspond to the mode of the data since



they are individually Gaussian. Figure 2 shows the error
variation with the number of particles used in the approxi-
mation and the time required against the number of particles
required.
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Figure 2. Variation of the (a) computational
time and (b) error against the number of par-
ticles used in the iterations.

Due to the randomness involved in the particle trajec-
tory selection, the algorithm was repeated 20 times for each
particle number. The time and error was averaged across
all the 20 runs per particle number. The error was com-
puted against the actual mode as obtained from the bimodal
Gaussian data. The blue line indicates the time taken by
the regular mean shift. It can be seen that as the num-
ber of particles increase, the time required to compute the
modes, in this simple case, also increases. 20 ∼ 30 parti-
cles were sufficient for a minimum error estimate. The con-
stants that were used in the dynamical system (Eq. 1) were
ζ = 0.5, w1 = 0.9, w2 = 0.4, c1 = 2, c2 = 2. The inertia
weight was computed as w = w1 + (w2 − w1) t

MAXITER
where MAXITER = 100. This provided a means to re-
duce the exploratory characteristics of the swarm with in-
creasing time, similar to the temperature variable in simu-
lated annealing [3]. The convergence criterion, δ, was mea-
sured across the “HISTORY” of 5 iterations of g(t).

4.2. Image segmentation

Image segmentation is one of the applications where the
mean shift provides a very intuitive solution. In the mean
shift approach the data points are clustered according to
their modes instead of their locality specific means.

In the examples shown, the RGB components of the im-
age were first projected into the LUV space prior to the
mean shift operation [8]. The input image has a dimen-
sion of 200 × 200 leading to a feature space of 40000 × 3.
The number of particles (Ns) that were used in this proce-
dure were ∼ 0.01 × N , where N is the total number of
data points. Thus the mode computation was performed at
a fraction of the total input data points, thereby being com-
putationally efficient.

It can be noted that the mode seeking characteristics of
the swarm drives the mode estimation, so that the modes are
obtained in approximately descending order of importance.
With increasing selection of the modes, smaller structures
within the images can be obtained as an output from the
PSO based mean shift operation. This is evident in figure
3 where the PSO based mean shift was used to segment the
image containing flowers (“fabric.png” in MATLAB). The
first 3 estimated modes, segment the image into three im-
portant zones - background, leaves and flowers. Addition
of the next mode into the classification provides a means
to distinguish the two sets of flowers. The next mode adds
the brown structure into the classification mechanism that is
obtained from the background and so on and so forth.

(a) (b) (c)

(d) (e)

Figure 3. (a) Original image. Segmentation
using (b) the first 3 estimated modes (c) the
first 4 estimated modes (d) the first 5 esti-
mated modes and (e) the first 6 estimated
modes

4.3. Algorithm Complexity

It is worth observing the computational time and accu-
racy of the mode estimation achieved by the PSO optimiza-
tion scheme for the image segmentation. The algorithm was
applied to the “peppers” image for varying sizes of the im-
age. The regular mean shift and the particle swarm opti-
mization based mean shift were applied to the images, and
the segments were thus computed. Each algorithm was run
twice and the time was averaged across the two runs to re-
duce any bias errors. As can be seen in figure 4, the regular
mean shift has a quadratic complexity O(N2) with respect
to the input data points. The curves for increasing the size
of the swarm shows an increase in the slope, but the signif-
icant loss in the accuracy is negligible as can be seen from
the output clusters obtained from the PSO based scheme.
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Shown in figure 5 is the segmentation of the peppers im-
age using two (Ns = 20 and Ns = 80) of the four different
particle numbers. As can be observed, the segmentation dif-
ference between the two columns is extremely close to each
other, with minor variations at around the cluster edges.

5. Tracking as a mode estimation problem

It is important to validate the scalability of a technique
across different problem domains. The PSO based domi-
nant mode estimation can be shown, in this respect, to be
easily adaptable to the problem of tracking. The field of
surveillance and tracking has a plethora of research works,
and it would be beyond the scope of this paper to give a
detailed description of the techniques currently available.
The readers are directed to the work by Bashir and Porikli
[2] where several tracking characteristics are discussed and
compared across many algorithms. Other interesting papers
also include, but are not limited to, the work by Jacquot
et al. [19] and [23], in which they describe a particle fil-
ter based system to perform color image tracking. When
handling non rigid dynamics, the tracking problem is sig-
nificantly more complex especially under scale/illumiantion
variation. In [10], Comaniciu et al. proposes an algorithm
for tracking non-rigid objects using the mean-shift based
kernel, but as described by the authors (page 567 in [10])
the approximation of the Bhattacharyya coefficient [14] is
satisfactory if the target does not change drastically from the
initial model. This condition is a valid assumption when ob-
serving the change between consecutive frames but would

(a)

(b) (c) (d)

(e) (f) (g)

Figure 5. (a) Original image. Segmentation
using (b)(e) the first 3 estimated modes (c)(f)
the first 4 estimated modes and (d)(g) the first
5 estimated modes. The two rows indicate
the segmentation using Ns = 20 and Ns = 80.

be less accurate under large temporal difference between
two frames. In this paper, we attempt to provide an accu-
rate estimate of the location of the object under large inter
frame temporal distance. This solution could be further im-
proved upon using more complex local mechanisms.

Thus, a typical description of the tracking problem con-
sists of estimating a maxima of some similarity criterion so
as to locate the object spatially. As is evident, correlation
based similarity metric would fail due to the presence of
the non rigid motion and occlusion/disocclusion of pixels
in the target image. To tackle this situation, we transformed
the problem of maximization into that of estimating the po-
sition of the dominant mode. We used the Bhattacharyya
coefficient (Eq. 9) between the model histogram and candi-
dates from the target frame as the similarity metric.

B(y) =
m∑

i=1

(
√

pi(y)qi) (9)

where pi(y) are the candidate histograms, qi is the model
histogram and i is the histogram bin under consideration.
We can observe that the Bhattacharyya coefficient computes
the cosine similarity between two histograms. Since p and
q are probability distributions (under proper normalization),
B varies from 0 to 1 which indicates no overlap to maximum



(a)

(b) (c)

(d) (e)

Figure 6. (a) Image 1 in the sequence - Red
box indicates the model object to be tracked.
Tracked object in the (b) 60th (c) 170th (d) 190th

and (e) 220th frame. The input in all three
cases is the model from the first frame alone.

overlap between the distributions respectively.
In order to map B to a set of data points, we create

data point distributions that vary with the magnitude of B.
To achieve this, we use the Cauchy cumulative distribution
function (Eq. 10) such that the number of data points varies
from 0 to κ as B varies from 0 to 1.

F (x; x0, λ, κ) = κ

(
1
2

+
1
π

arctan [λ(x − x0)]
)

(10)

with λ = 100, x0 = 1 and κ = 1000. The parameter κ
thus provides a scaling factor to control the number of sam-
ples that are selected. Thus regions in the image that have
a higher Bhattacharyya coefficient would correspond to re-
gions where the number of data points generated would be
higher. This can be easily likened to the roulette wheel
based selection where the probability of the selection of a
slot is directly proportional to the similarity metric. It is
typically observed that the concentration of the data points
would be higher in the vicinity of the model under consid-
eration. Thus finding the position of the highest concen-
tration entails the position of the model in the collection of
target candidates. Furthermore, it is essential to note that

the application of a simple threshold does not provide a so-
lution due to two reasons. They are the absence of a uni-
modal peak at the target position and the observation that
the threshold would be data specific, which might cause the
tracking to fail under incorrect threshold initialization.

To provide a brief description of the algorithm that was
applied, we tessellate each image into coarsely overlap-
ping regions and compute B between the model and the
target tessellation. The data points are generated by sam-
pling the Cauchy cdf (Eq. 10) for each tessellation. Given
the coarse overlap between the tessellations, the positions
where the concentration of data points were higher would
thus correspond to a higher probability of the existence of
the model. Applying the PSO based mean shift algorithm to
find the position of the mode (highest concentration) of the
data points, the target under consideration could be easily
tracked.

In figure 5, we used a linearized color histogram ob-
tained from the Y, U and V components of the image. The
original YUV (4:2:2) image stream, in SIF (240× 352) for-
mat, was obtained from the University of Missouri video
repository. It can be easily seen that the model (red box
in figure 5(a)) undergoes significant distortion and the es-
timated targets (blue box in figure 5(b)(c)(d)(e)) are quite
accurate, despite the fact that the input is the model from
the first frame and the tracking is on frames that are con-
siderably advanced in time. One deficiency in this current
method is that we have not added any mechanism to handle
scale variation which is being currently researched upon. A
simple solution to this would be to use the estimate obtained
from our mechanism as an initialization to other complex
algorithms that tackle the issues related to scale.

6. Comparative analysis

In both the applications above, it is observable that the
mode estimation can be accomplished in a fraction of the
original cost due to simplistic approach of using lesser num-
ber of candidates. In checking the efficiency of the algo-
rithm, it is necessary to stress upon the fact that the algo-
rithm was tested against a vanilla implementation of mean
shift. This, we believed, provided a better approach to
compare time complexities since optimizations can be per-
formed on any mechanism, making it faster. First and fore-
most, due to fact that all estimates are performed at a po-
sition in feature space independently, the entire procedure
can be modified to work in parallel.

Figure 4 indicates the approximate linear order when us-
ing particle swarm optimization which would also trans-
late to speed in the problem of tracking. Despite the
MATLAB implementation, the tracking algorithm was able
to identify the object in ∼3 seconds despite significant
non rigid dynamics. Thus an implementation using C



would provide at least an order of magnitude improve-
ment. Further comparison and results are available at
vims.cis.udel.edu/∼mani/PSO

7. Conclusion

This paper describes a swarm intelligence approach to
perform the mean shift operation. The mechanism uses Par-
ticle Swarm Optimization to constrain a random selection
of data points to move through the d-dimensional space in
search of modes of the given data. Information exchanged
between the particles of the swarm through the social and
cognitive components help the algorithm to converge to the
goal efficiently. This information passing also helps the
technique to move out of plateaus and local minima that
occur when estimating the modes. Since the algorithm is
“mode centric” rather than “data centric”, it converges very
fast to the most significant modes in the data based on their
importance. Thus it provides an important tool to obtain
a hierarchical distribution of the modes in the data. The
two applications, in image segmentation and tracking, show
the easy adaptability of the algorithm for tackling different
problem types.
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