10.

13

LanNd15871984

Fukunaga K., Hostetler LD. The estimation of the gradient of a density function, with
applications in pattern recognition. IEEE Transactions on [nformation Theory 1975; 21: 32 -
40.

Cheng Y. Mean shift, mode seeking, and clustering. IEEE Transactions on Pattern
Analysis and Machine Intelligence 1995 August; 17: 790-799.

Comaniciu D, Meer P. Mean shift analysis and applications. Proceedings of Int’l Conf.
Computer Vision; 1999. p. 1197-1203.

Coméniciu D, Meer P. Mean shift: A robust approach toward feature space analysis. IEEE
Transactions on Pattern Analysis and Machine Intelligence 2002 May; 24: 603 - 619.
DeMenthon D. Spatio-temporal segmentation of video by hierarchical mean shift analysis.
Statistical Methods in Video Processing Workshop; June 1-2; Copenhagen, Denmark; 2002.
p. 1-6.

Carreira-Perpifian MA.  Fast nonparametric clustering with Gaussian blurring meanshift.
Proceedings of the 23rd Int. Conf. on Machine learning; Pennsylvania; 2006. p. 153-160.
Lerner E. Edge Detection using Mean Shift Smoothing [Online] 2005 [cited 2009 November
09]. Available from http://www.cs.bgu.ac.il/~ben—shahar/Teaching/ComputationalVision/—
StudentProjects.php

Fashing M, Tomasi C. Mean shift is a bound optimization. IEEE Transactions on Pattern
Analysis and Machine Intelligence 2005 March; 27(3): 471-474.

Padungweing P, Chiewchanwattana S, Sunat K. Resilient Mean Shift Algorithm. 13th Int.
Conf. on Systems, Signals and Image Processing; Sep 21-23; Hungary; 2006. p. 181-184.
Zhang K, Kwok JT, Tang M. Accelerated Convergence Using Dynamic Mean Shift. In the 9th
European Conference on Computer Vision (ECCV 2006); May; Graz, Austria; 2006.
p- 257-268.

Carreira-Perpiiian MA. Acceleration Strategies for Gaussian Mean-Shift Image Segmentation.
Proc. of the 2006 IEEE Computer Society Conf. on Computer Vision and Pattern
Recognition; 2006. p. 1160 — 1167.

Liying Z, Jingtao Z, Qianyu W. Mean-shift-based color segmentation of images containing
green vegetation. Computers and Electronics in Agriculture 2009; 65: 93-98.

dnslua sanszdu. ms@aulusunsy Digital Image Processing 68 Visual Basic. N3NWA:
dunaudaasumalulad (1ﬂﬂ—tﬁ.i!u); 2550.

Ynuauiond wuylwyad. Computer Graphic:dmsunisaanuuy. ngamwa: AUANSIMTHNN,
2542.



17

20.

21.

22.

23,

24.

25.

26.

71

8stmo aies. mmsmehumwi"mq‘iﬁfaﬁtﬁanu‘%nmﬁ'au’lalofuuvziuiwuaqﬁﬂixnauﬁ
wazmaiiadedugiu nenfinusUsyanimnssumdasumindia smisimnssuluih).
NFAUNWI: AMLIAINTINANENT PNAINTAUMINENAY; 2548.

WUAST MOAULLAYE. Image processing [l lAGANW]. tana1sUsznaUMITBU MAIMIFINTIH
ABNTLADS ANMLIAINTINAEANT: AMINENATIVAIUAIUNS, 2548.

WA 130atiud. Image segmentation [LulddwNW]. tanaTUsznaUMSEBY MATNIAINTIH
ADNWILADT ANIFAINTTNAEAS: UMINTNFBYBULNY; 2545,

ufgnua liadiy. nsasatuandisesuduuuiunialunainasdulasldnig
Uszanauandanead (ineiiwusUSyanidinssuadasumindia a1203ianssy
ABNIILADS). NTUNWA: ANLIAINTTUAETAS Qmamsniwﬁwmé’a; 2549.
MsuLIndutaya (aaulayi] 2550 [S1atida 1 NSNYIAN 2552]. 30 http://th.wikipedia.org-
/wiki/MSUUNNGNTDND

Tomd (Hoadsd. Taseasadaya(Data structures )titan1saanuuulusunsuaauiiomas.
nsanw: Flagatu; 2549,

Tarjan RE. Depth first search and linear graph algorithms. SIAM Journal on Computing
1972; 1(2): 146-160.

psaumuuuaniau [(paulat] 2551 [Saile 1 NSNYIAN 2552]. N hitp://202.28-
.94.55/web/320417/2548/work1/g25/ technoreportl.htm

Carreira-Perpifidn MA. Mode finding for mixtures of Gaussian distributions. IEEE Transactions
on Pattern Analysis and Machine Intelligence 2000 Nov; 22: 1318-1323.
Msianzilszansmnuastunards [eaulal] 2547 [Baidle 12 Auenou 2552 a0
http://www.geocities.com/kua_sa/Chapte2.ppt

Bunting P, Lucas R. The delineation of tree crowns in Australian mixed species forests using
hyperspectral compact airborne spectrographic imager (CASI) data. Remote Sensing of
Environment 2006; 101(2): 230-248.

Gee Ch, Bossu J, Jones G, Truchetet F. Crop/weed discrimination in perspective agronomic

images. Computers and Electronics in Agriculture 2008; 60(1): 49-59.



MANUIN



AMAUUIN N
unaNnafeumsiaranuuldInla) wasfnaw lusas
swmumsds:’quﬁmms

Tuau KST 2009 300Ul a¥INENABYIN WHIATAY3



Transport Mean Shift Algorithm

o ad o A k% \ =
YUADUITNIIAUQIENUN N QY

wile agades’, §5Am3 FeanaTann’ uaz Mse iR’

2 mad¥inginsneuiiomes Az Ingaans uiIngdsveuuny

a a a d a d a LY
3 mndrinnssuneniames audrminssumans umInendumalulagumiuns
'panida. k@windowslive.com, 2sunkra@kku.ac.th and *khamron_sunat@yahoo.com

o 1
unaaee
msugnausznayvesnInuay n15ﬂﬂnﬁ1/‘UDllﬁ

=4 o a
iunszyaumsiddy luinngduagianudily

5 & aa y o & 4 da
voua Tuaeuismsdreaundnduiuneunianioy

5, . ¥4 o 4
v 1¥ umsudilywail ed1elsamuiiosninms

. 4 Yy a4 e qvy y o A
nNNIUNYIvYo U iN'V’7THWDJ1%’!?671”ﬂ75ﬂ74uuﬂ75ﬁ7”

¥

v
TuaeuIFge unanwil IMinauensandiuaudeya
Tuusazsov Tag IMdoyanlyanuiadgadugnauass
Yo 4 o q ¥ o '
T Tao 196wy derirlimisdmananasediun Ty
¥ v .
damuiifinadudumsaiuaeuisnisdrenunay
0 9 Y o du A o v ax v
i linadwsgeaundounums 199uneuiIsmsi

. o a ] o~ 4 Y v
Aundoiay msmiauvesnsiniiFeudeiu ldgn
i 1¥lumssangudeya uazuanmudi:nawaq

J
a

¥
20 Tuaouis ﬁuﬂuavuu1$cm7wuﬂau75mi

duagedronunas navinnaasssangudoyauazns
wondmilszneuvesnmny ansomundui 16

=3 J =3 o u 4 J o a
nN7-70 IYHUJEM"Ullnllilllﬂﬂun'ﬁ&?(lﬂ'"ﬂﬁﬂlﬁll

b ] | 4
fMmddey: Tureuiinisiwauade, dJuaeuIims
o a 3 . 4 o (I
dudsadreaunds,  msvanqudeya,  Asuen

' ' dd4 a2 o
muﬂi:ﬂau‘uaqmw, duvaans oy

Abstract

Image segmentation and clustering are important
process in data analysis and the nature discovery of
the given data. To acquire the solution, the Mean
shift algorithm is the one among the first-thought
techniques. However, it's a lot of repeating action
that causes a very high computational time. In this
paper proposes the algorithm called Transport Mean
Shift algorithm (TMS). The idea is the data having
the same mode will be reduced and transported by
the same leader. The leaders are further computed
using the standard mean shift algorithm. Thus, in the
next iteration of performing, only a few leaders will
be evaluated by the algorithm. This can significantly
improve the computational time of the algorithm.
Graph connected component is the tool for clustering
and segmenting the final data. The TMS was tested
on the clustering and image segmentation problems.
The experimental results on six data set showed that
our algorithm achieves 7 — 70 times faster than the
standard mean shift algorithm.

Key Words: mean shift algorithm, Transport Mean
Shift algorithm, clustering, image segmentation,
Graph connected component
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Abstract

Image segmentation is an important process in machine leamning,
pattern recognition and video processing. Mean Shift algorithm is the
one among the powerful techniques that can automatically find the
mode of density then the segmentation easy be performed. Every
position are shifted in to the position near their mode through their
trajectory. However, there are a lot of positions which are shifted
through the same trajectory and shifted into the same mode. Thus,
reducing those positions can reduce the computational time. In this
paper, the Generalized Transport Mecan Shift algorithm (GTMS) is

proposed to remedy the problem. The idea is the data points that tend to

be shifted through the same trajectory will be transported by the same
transporter, and be excluded from the computation in the next iteration.
The transporters are, then, computed by using the standard mean shift
algorithm. The experimental result on image segmentation using well
known images showed that, our algorithm achieves 5 — 333 times faster

than the standard mean shift algorithm with low error.

Keywords: Mean Shift algorithm, Generalized Transport Mcan Shift

algorithm, image segmentation
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Algorithm1 (GTMS)
Initialization: C = false, A = true
for each x; € X do
1. Run one iteration of MS from x; to construct x*;
2. Calculate the shift distance and the trajectory vector
z=x"-x
s =|izlf*”
vi=25" /i viis aunit sajectory vector
3. Considering the convergence
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end if
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end for

5. r=1,U=V
while these are a; = true do
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7. Find the /* data that nearest to the i* data

J = argming d
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ifi# & ti#i& Y5(1- viu/ |vilul) <o then

ti=j, a; = false // assign transporter
and inactive the railer
else
9. Compute x;**’
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end if
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GTMS: A Simultaneous Mode seeking and Clustering

Panida Padungweang
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Abstract—A mode seeking algorithm not only can automatically
find mode of density of a given data but also can be used for data
clustering. However, finding the mode of all data points produce
redundant computations. In this paper, a simultancous mode
seeking and clustering which is called Generalized Transport
Mean Shift (GTMS) algorithm was proposed. An idea of
transportation was used for remedying the problem. For each
iteration, the "transporter-trailer" characteristic was assigned to
data points. The data points that tend to be shifted through the
same trajectory, by considering shift direction, will be
transported by the same transporter. Then they will be excluded
from the computation in the next iteration. The transporters
were, then, computed for finding a mode of density. The proposed
algorithm was evaluated on clustering and image segmentation
problems. The experimental results show that GTMS algorithm
outperforms existing algorithms in both accuracy and time-
consuming. It reduces redundancy computation by excluding
data points more than 90% of image segmentation data after the
second iteration only.

Keywords-Mean Shift algorithm; Generalized Transport Mean
Shift algorithm; image segmentation; clustering; mode seeking

L INTRODUCTION

Image segmentation and clustering are important processes
in machine learning and pattern recognition. It is used for
analyzing and investigating the given data nature. To acquire
the solution, automatical finding mode of density of the given
data is one of the powerful techniques. Normally the algorithm
is informed by data’s density. The local maximum of the
density surface are assumed to be the modes. All data points are
computed for finding their mode. Then, the data points which
have the same mode can be assigned as same as cluster. The
algorithm is useful for clustering [1, 2] image segmentation [3,
4] and tracking [5]. However, finding the mode of all data
points require a repeated process which is time consuming.
Thus, algorithm and its variation are extensively proposed to
overcome this difficulty.

Mean shift algorithm is one of the powerful techniques for
seeking modes of the given data. Standard mean-shift algorithm
is the iterative procedure which can automatically find the
mode of density of a data point. It begins with computing the
weight of all points by function of their distances with the
considering point. Then, compute the weighted mean point to
get the shift position. This changed iteratively through the
density raises up until the shift position is not changed, or be
changed less than the acceptable distance. It is assumed that
this position is the mode of the considering point and all data
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Khamron Sunat

Department of Computer Engineering
Mahanakorn University
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points which converts into the same mode will be also assumed
as same as cluster. However, the process of standard mean shift
algorithm is very slow through the time complexity as O(kn’m)
[6]. It is not suitable to be used, especially in the image
segmentation application in which has very high data point.
Improving the speed of the mean shift algorithm; therefore, is
very important.

The speed up techniques for mean shift algorithm were
frequently proposed. The speed up technique of the neural
network learning was applied to mean shift algorithm and
proposed in [7] which makes the acceleration more than it used
to be. Moreover, the accurate result is the same. After that, the
speed up of burring mean shift algorithm has been proposed [6]
by clustering the data in each iteration and removing the cluster
which has some data converted to its mode, Then, the next
iteration will have less data so the computing follows faster.
The proposed algorithm which finds the data cluster
representation before making burring mean shift algorithm was
proposed [8]. However, the burring mean shift algorithm can
give different result compared with the standard mean shift
algorithm. Since, the density estimation is computed by using
the current position in each iteration but the density estimation
of the standard one is usually computed by using the initial
position of the given data set. Next, the improved speed up in
mean shift algorithm for image segmentation was proposed [9].
There were four methods. Firstly, the neighborhood pixels are
grouped into the same cell, and then the mean shift algorithm
was used. The cell which is shifted in to the shifted cell in the
previous iteration will stop computing and will be assumed as
the same cluster. Secondly, the neighborhood pixel in spatial
domain which was indicated by the specific distance are
grouped into the same cluster and continued as the first method.
Both methods had excellent speed. However, the wrong
clustering result can occur even in the first step clustered the
group of points. The other two methods were to approximate
the E (Expectation) and M (Maximization) steps in each
iteration by using a subset of the data and using the quadratic
convergence technique which helped the less iteration.
However it requires high computation. So it less helped to
speed up as it should be. In many recent, Agglomerative Mean-
shift clustering via query set compression [10] was proposed.
The covering hyper ellipsoids were used to cluster data
iteratively, which leads to hierarchical clustering via the mean
shift process. The covering hyper ellipsoids need to compute
the invert of the covariant matrix which is an extra cost and
biased by data dimension. This algorithm also demonstrated the
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use benefit of nature hill climbing algorithm that many data
points are shifted though the same direction.

In this paper, Generalized Transport Mean Shift algorithm
(GTMS) is proposed. The basic idea of mean — shift algorithm
which is the shift process is presented in this algorithm.
However, instead of finding the mode of all points, GTMS
require few points called “transporter” which are representing
their “trailers”. Moreover, finding the transporters does not
require an extra cost. Since GTMS use the distance values
which must be computed in the shift process. The trailers are
the data points which are shifted in to the same mode of a
transporter. The relationship “transporter-trailer” is investigated
by considering direction of transporter’s trajectory and trailer’s
shift direction. Then the trailers are excluded for the next
iteration only the transporters are computed. In addition, a
transporter can be assigned as a trailer in a next iteration this
not only reduced the transporter to be computed but also
performs a simultaneous hierarchical clustering.

The rest of this paper is organized as follows. In section II,
we briefly explain the nature of mean shift algorithm and the
generalized transport mean shift algorithm will be mentioned
and proposed in Section III. Then, the experiment results on
real-world clustering and image segmentation problem will be
oriented in Section IV. Finally, Section V is the conclusion and
future work

II. STANDARD MEAN SHIFT ALGORITHM

Let X € R™be a data set in an m-dimensional Euclidean
space. X = (X, Xz .oy Xo) and x; = [x;, X5 ..., x,,,,]T. A prob-
ability density estimation of a given data x; is defined by

1< 2
=Sk (le-xyef)

Where K(z) is a kemel function and o is a constant
bandwidth such that ¢ > 0. A mode of the density is a position
x which Vp(x)=0. Mean shift is an iterative procedure for

seeking the mode of density estimation with repeated shifting
the position x; towards high density as

X = ) @
with

Tk (loxref )
ik (lox7ef

where K'(t) = dK/dt. Using Gaussian function K(?) = e, (2)
and (3) can be reduced [11] to

S(x) 3)

X0 =3 PG, @

and

exp(- 1 Jx” =x)/e])

¥ exp- 2 -x,) o)

pli[x) =

The algorithm terminates when the shift distance equal to
zero or less than a tolerant threshold as follows:

The clustering is performed by representing each mode of
the kernel density estimate as the cluster, and the data points
are converted to their mode. Fig. 1 shows that, data points are
shifted rising up to their mode. The solid black lines represent
the trajectory of each data points.

X — x"'“u < threshold ©)

Figure 1. The trajectory of data point by applying mean shift algorithm to 2D
dataset, the third axis denotes density of data

[II.  GERNERALIZED TRANSPORT MEAN SHIFT ALGORITHM

In general, there are many positions for which are shifted
through the same trajectory to place themselves at their mode
as an example shown in the Fig. 1. Consider Fig. 2, the i data
is shifted to the position which is closed to the original position
of the k" data at iterationz. Also, the direction of the shift
vector of i data is paralleled to the trajectory vector of the K
data. Therefore, the i" data should be considered as the
“trailer” of the k" data which is assumed to be a “transporter”
of the i data. Hence, the shifting of the /" data need not be
computed in the next iteration.

Vp(x,) =0
Vp(x,)=0
Trajectory s .
vector X, X;
| shift
X il vector
X
J
shift X
vector 0
o Xy

Figure 2. Trajectory vector of x; and shift direction of x, and x; at iterationt

Even though the ;" data at iteration 7 is also shifted to the
position near the original position of the K™ data, its mode is
different from the mode of the A" data. One of the important
ideas of this work is that, the most nearest point which is
assigned as the transporter should have the same direction of
trajectory vector as the direction of the shift vector of the
trailer.
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In order to acquire the solution, four matrixes are
introduced. First matrix is a matrix of trajectory vector of all
the data points. The second matrix stores indexes of the
transporters. The last two matrixes are logical which indicate
the convergence status and present status of the data points.
The details of each matrix are as follows:

Let Ue R™ ,u, € Ube a unit trajectory vector of the i
data at the first iteration and can be computed as

1 0
X, —X;

u, = M ™)

Let T € I'" be a transporter matrix, where ¢, € T denotes an
index of a transporter of the /" data, such that

. r 2 . r
¢ - argjmm("x,. —x/" ) if§; <a ®

i otherwise

where o is a constant threshold. &% denotes the generalized
angle between the trajectory vector (u;) and the shift vector
(v%). 8 < [0 1], is defined by

r

'_l _ v, -u,
% =30 T u',|) ©

Clearly, the vectors are parallel and has the same direction if
6=0. If 6= 1 means the vectors are still parallel but has an
opposite direction of (180 degree).

The last two matrix Cj, be a matrix of the convergence
status, ¢; € C and A,,, be a matrix of the present status, a; € A
are expressed as follows:

1 if the i* data converge
= (10)

0 otherwise

1 if the i" data should be present

a = to the next iteration

(1

0 otherwise

The Generalized Transport Mean Shift Algorithm (GTMS)
is shown in Algorithm 1. The trajectory vector is computed in
step 2 and is assigned in step 5. Step 6, 9 and 10 are normally
performed by the mean shift algorithm. However if the
transporter of the i data is found in step 8, step 9 need not be
computed which is computing exponential of all distance
values in step 6 using (5). Besides, the shift position of the i
data is assigned to ¢;. Therefore if there are many trailers found,
there are few data that needs to be computed in the next
iteration.

Algorithml (GTMS)

Initialization:
C is initialized to false.
A is initialized to true.
Initialize the value of parameter a.
for each x; € X do
1. Compute x;'
2. Calculate the shift distance and the trajectory vector
Set z=x%-x;
Set s=|z|
Set v, =7/s™*
3. Considering the convergence
if s <threshold then
¢; = true , a; = false

end if
4. Set i to be a transporter itself, £; = i
end for
5. Set =1, U=V // u, is a unit trajectory vector

while these are a; = true do
6.Calculate the distance (d;) from x7 to x, €X,1<k<n
7. Find the j data that nearest to the /" data
J = argming dj

8.Investigate the transporter

Compute &="%(1- v -u/ |[vilu])

ifi#j&t;#i& 5< o then

set f; = j, a; = false // assign transporter
and inactive trailer

else

9. Compute x;

10. Follow step 2 and 3
end if

Increate the number of iteration by setting 7= r+1.
endwhile

According to step 8, the transporter of the i is found and
assigned to ¢. This means the i data should be the same mode
as its transporter. Hierarchical clustering is simultaneously
performed in this step using matrix T. At the convergence step
the depth first search algorithm [12] is used for retrieving all
trailers of the remaining transporters. At the convergence step,
any cluster may have many transporters assigned in the same
cluster. Thus, it would be easy to perform clustering for those
transporters by using the distance threshold. The appropriate
value of threshold is a proportion of the bandwidth of a density
estimator. In this paper we use a half bandwidth to be the
desired threshold.

Although there is an additional parameter (@) in our
algorithm, this parameter makes the algorithm more flexible. It
is used for choosing a suitable transporter-trailer relationship.
Normally, « is in between [0, 1]. For @ = 0 the trailer is
transported by the transporter only the shift vector of the trailer
and the trajectory vector of the transporter are parallel. For a =
1, the angle of those vectors is in range 0 -180 degrees is
acceptable. Hence, the value of (9) is spanned in range [0,1].
However, the parameter « can be assigned out of this range. In
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the case of @ > 1, the nearest position of shift position at the i
data is always assigned to be the transporter of the /. In this
case GTMS perform the fastest. If a < 0, there is no transporter
to be assigned. In this case GTMS performs as standard mean
shift algorithm. Therefore, mean shift algorithm is considered
as a special case of the GTMS.

The value of a can be adapted in each iteration. Because of
the nature of a mode secking algorithm, the data which belongs
to a difference mode will be shifted far from each other when
the number of iteration is increased. Moreover, we also provide
a technique for adjusting a in this paper. Let a; be an initial
value and «, be a.maximum acceptable threshold at iterationz.
The value of & can be assigned as

ar _aO

a =min(a,, o, +(

)i) (12)

T

where i denotes the number of iteration. The value of « linearly
be increased from a, to a, when the number of iteration raises
up to iteration 7.

Obviously, GTMS process much faster than mean shift
algorithm, because the trailers are excluded for the next

iteration. The time complexity of the GTMS is O(nmz;q,) s

where g, <..<q, <<g, =n and g; denotes the number of

active data point at iteration i. The space complexity of the
GTMS is O(nm).

IV. EXPERIMENTAL RESULTS

The GTMS was tested on clustering and image
segmentation. In general, density estimator based algorithm
need a desired bandwidth which is still an open problem and is
beyond scope of this paper. So we select some suitable
bandwidth for comparison. The algorithms were tested on same
parameter and environment. There are two approaches of mean
shift algorithm. In our experiment, MS1 denotes the standard
mean shift algorithm as in [8]. MS2 denotes the standard mean
shift algorithm with exclude converge points for the next
iteration. GTMSI denotes the fastest GTMS by choosing a > 1
and GTMS2 denotes a GTMS with ¢y =0, a, =0.5 and 7= 10.
The tolerate threshold is set to 107 for all experiments.

A. Clustering

We conduct experiments to evaluate the accuracy of the
proposed algorithm. The algorithm was tested using real world
data set. Several data sets from UCI repository database were
selected, such as iris, soybean and blood. The bandwidth of the
density estimator was selected by repeating applied standard
mean shift algorithm with difference bandwidth until the
number of cluster produced by the algorithm equal to the real
one. Then every algorithm was performed using the same
bandwidth. The average accuracies of the clustering results are
shown in Table I and the speed up were shown in Fig. 3. We
can observe that, GTMS algorithm not only was a fast
algorithm but also achieved more accurate clustering results
than the standard mean shift algorithm, especially the GTMSI
which was the fastest algorithm. Although for blood data set,
every algorithm achieved the same accuracy result, GTMS1

performed faster than the other algorithms. For soybean data set
GTMSI archived 100% clustering accuracy with speeded up
8.31 times faster than MS1.

TABLE L. AVERAGE ACCURACY RESULTS ON 10 EXPERIMENTS OF THE
CLUSTERING
Accuracy (%)
Data set
MS1 MS2 GTMS1 GTMS2
iris 62.67 62.67 84 82

soybean 98.87 98.87 100 98.87

blood 76.47 76.47 76.47 76.47

®GTMSI vs. MS1 ®GTMSI1 vs. MS2 # GTMS2 vs. MS1 #GTMS2 vs. MS2

&
o
40.75

Average speed up (times)

iris soybean blood

Figure 3. The averages speed up on 10 experiments of GTMS algorithm
compare with MS1 and MS2, respectively.

B. Image segmentation.

The algorithms were evaluated on image segmentation
using 5 well known image data sets, (1) Hand, (2) Lena, (3)
Hawk, (4) House, and (5) vegetable [13]. A pixel of the first
four images was decomposed to a 5-dimension vector (x, y, R,
G, B). The first two dimensions were normalized to range
[1,100] in order to reduce the effect of image’s size. The last
image was decomposed as in [13], (x, y, G-R, G-B, H, S, I)
with (x, y) were normalized to range [1, 20]. The average time-
consuming on 10 experiments and the speed up of GTMS with

difference bandwidth of density estimator were shown in Table

IL °

From Table II, we can see that GTMSI achieved speed up
for 130-333 times faster than MS1 and 8-53 times faster than
MS?2, respectively. Moreover, GTMS2 which performed result
approximate to MS, achieved speed up rising to 139 and 23
times faster than MS1 and MS2, respectively. Because the
vegetable image consists of 33,908 pixels and the progression
of MS1 was very slow, we did not perform this problem.
Consider Fig. 4, for vegetable image, the number of active data
points of GTMSI in the second iteration remained only 15 data
points. This means that there were huge trailers which were
shifted to the same direction of the transporter. GTMS
algorithm excluded those points for the next iteration while MS
still computed a shift direction of those. MS2 all points
remained since there were no conversed points in this iteration.
The number of active data points of the first five iteration of all
image using different algorithm were shown in Table IIL It can
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be seen that GTMSI1 gave the fewest active data points at
iteration 5 for all images. The results of the image segmentation
were shown in Table IV. MS1 and MS2 performed the same
final results which were shown in the row of MS. Finally, we
can observe that GTMSI significantly reduced unnecessarily
computation when the iteration increases. Less than 10% of
data points of all images remained at the end of the second
iteration using GTMS|1. For Vegetable image, there were only
0.04% of data points still active at the end of the second
iteration.

V.  CONCLUSION

In this paper, we have proposed an unsupervised
simultaneous mode secking and clustering algorithm, called
GTMS, based on the idea of transportation. The data points
which are shifted through the same trajectory are transported by
the same transporter and excluded for the next iteration. The
GTMS algorithm considers the direction of the transporter and
the trailer shift vector in order to determine a reasonable
relationship. Also, GTMS is flexible by adjusting the
acceptable direction threshold (6). Mean shift algorithm can be
viewed as a special case of GTMS algorithm for o < 0.
Experimental evidences show that, GTMS not only performs
faster but also achieve more accuracy than MS for clustering.

For image segmentation, GTMS performs faster than MS1 for
3-333 times, providing a useful tool for image processing. In
addition, the active data points are rapid reduce when the
iteration increase for GTMSI. The algorithm should perform
faster than this. Particularly the last image, it speed up only
8.81 time while the data point remain only 15 from 33,908
points. We are currently exploring the ability for more faster
algorithm.

—+—MS2 —a— GTMS| —a— GTMS2

33,908 13879 435,

32376

g

19,754

active data points
~
2

15,000 11,084
10,000
5,000

2,203
0

1 2B s e el 9 10
iteration
Figure 4. The scatter plot of the number of the active data points at each

iteration for Vegetable image with bandwidth 100 is shown.

TABLE IL THE AVERAGE TIME-CONSUMING OF IMAGE SEGMENTATION ON 10 EXPERIMENTS AND THE SPEED UP OF GTMS ALGORITHM BE COMPARED WITH
MS1 AND MS2, RESPECTIVELY.
The average time (second)
Data set & MS1 MS2 GTMSI GTMS2 —
5 - . Speedup 2 peedup
Time Time Time MS1 MS2 Time MSI MS?
Hand 500 747.73 73.19 298 250.53 24.52 12.92 57.84 5.66
" 200 643.89 64.35 3.15 204.13 20.40 9.20 69.98 6.99
fna 500 304.60 49.20 1.84 165.51 26.74 6.30 48.33 7.81
200 577.83 57.29 242 238.41 23.64 6.97 82.85 8.22
Hawk 500 1442.80 134.22 432 333.81 31.05 12.05 119.73 11.14
200 1477.17 252.16 4.72 312.62 53.37 10.62 139.00 23.73
Houses 500 500.00 75.61 382 130.66 19.76 13.20 37.85 5.72
use 200 1215.16 154.81 4.15 29238 37.25 12.11 100.29 12.78
Vegetabl 100 - 5327.93 604.82 - 8.81 1822.47 - 292
e 50 - 8499.35 606.04 - 14.02 1525.82 - 5.57
TABLE 1L THE NUMBER OF ACTIVE DATA POINTS OF THE FITST FIVE ITERATION FOR THREE ALGORITHMS, THOSE ARE MS2, GTMS|1
! AND GTMS2 ARE SHOWN.
Data set o MS2 GTMS1 GTMS2
Hand 500 3100,3100,3100,3100,3100 3100,82,19,10,7 3100,1822,1352,1224,1094
Lena 500 2500,2500,2500,2500,2500 2500,211,42,17,6 2500,1556,985,720,593
Hawk 500 3750,3750,3750,3750,3750 3750,157,29,16,9 3750,1432,991,829,749
Houses 500 3750,3750,3750,3750,3750 3750,104,20,13,10 3750,2163,1254,1066,955
Vegetable 100 33908,33908,33908,33908,33879 33908,15,7,3,3 33908,23797,20194,19456,19352
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TABLE IV. THE RESULTS OF IMAGE SEGMENTATION USING BANDWIDTH AS IN TABLE III
1. Hand 2.Lena 3. Hawk 4. Houses 5. Vegetable
62x50 176x173

50x50

{1

2]

3]

(4]

(5]

(6]

75x50

75x50

Original
image
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