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ABSTRACT

In this paper, we present a novel ant-based hierarchical clustering algorithm, where ants repeatedly hop from one node to another
over a weighted directed groph of knearest neighborhood obtfained from a given dafasef. We infroduce a notion of node
pheromone, which is the surnmation of amount of pheromone on incoming arcs to a node. The node pheromone can be regarded
as a relative density measure in a local region. After a finite number of ants’ hopping, we remove nodes with a small amount of node
pheromone from the directed graph, and obtain a group of strongly connected components as clusters. We iteratively do this
removing process from a low value of threshold to a high value, yielding a hierarchy of clusters. We demonstrate the performance
of the proposed algorithm with synthetic and real data sets, comparing with traditional clustering methods. Experimental results show
the superiority of the proposed method to the fraditional methods.

= keyword : Ant-based clustering, ant-based hierarchical clustering, clustering, swarm inteligence
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$318]E 1 Ant Colony Clustering

1: procedure compute np (G)
/* Initialization Phase*/

generate_ants (#ants)
for m = 1 to lifetime do
for cach ant at each node vido
v= select_next node(p;) // see (3)
move_to(v))
end for
for each arc e;do

11

7; = update_pheromone_trail(o5, &)  // see (4) and (5)
end for
for each node v,do
16: 7 = update_node_pheromone (7;) /I see (6)
end for
end for
remove_ants()
end for
returns
21: end procedure
procedure remove_labeling(G, 7,threshold)
/* remove nodes and label nodes */
for each node v; do
ifm< threshold then remove_node(v;, G) end if
end for
SCC = label node(G)
return (SCC)
end procedure

(T2l 1) ACC ¢112|5
(Figure 1) ACC Algorithm

Aljksl= ACC ¢aels& AWeh] flsl 7heAlgh
TEE MEE vl FZEE wHES 74 A
T 125709 dHelHE o]Feid glem  [N(125,152),
N(125,152)], [N(175,152), N(125,152)], [N(125,152),
N(175,152)], [N(175,152), N(175,152)]8 F4o2 19
l@3 2ol #A43 7HAE 7 B IH=ZE 7
A ZF BB 2070k ols AT gale
Z1914 AHm] 9] £ 1022 WHE 3|5 1002 A
FrhAGtehe FAE]FAM ARk vl e 4%
A AT

(3™ 2)(a) 4712] E2{AE= FA4E AY Ho|Eet

2
for C;:Cki nlode v,do (b) ACC "E*_T'_E|§ %E‘IﬁE‘i%l éﬂl_
end ﬂ;r (Figure 2) Experiment of the ACC algorithm with
/* Main Loop */ (a) a synthetic data set and
5: fon =1 to #iteration do (b) the corresponding clustering result.
98 2014. 10
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¢38]% 2 Ant Colony Hierarchical Clustering

1: procedureACHC
7 = phi = compute_np(G)
2: sort(phi)
root = {0, 0, X}
t.add_nodes(root)

/I see Algorithm 1

/I {start, end, set of data points}
// tree for hierarchy
g.add_nodes(root) /I queue for set of leaf nodes
5: for s = 0 to h_level do /I'h_level = 99
percentile = s x step  // step = 1%
t value = phi[percentile]
SCC = remove labeling(G, , t value)
/I see Algorithm 1
add nodes(SCC, t_value)
end for
11:end procedure

procedure add nodes(C, h)
size = q.size
fori = 0 to size do
leaf = q.remove node()

16: leaf.end = h // update end threshold
D = get child clusters(leaf, C) /I' D is a set of child clusters
if (D] = 1) then /I if leaf has not been split
q.add_nodes({leaf}) // put leaf back into queue
end if
21: else if (ID| > 1) then /I if leaf has been split

L = make nodes(D, th) // make a node for each child cluster
tadd nodes(leaf, L)  // add new child nodes to this leaf
q.add_nodes(L) /I add new nodes in queue
end else if
end for
end procedure

(33 3) ACHC &1a|1&
(Figure 3) ACHC Algorithm
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4.2 Holet=(Evaluation Functions)

Abehe daEEH 7PE fAre ﬁl%é e Eat=]
¢l HDS(Hierarchical Density Shaving) &2]Z{14]3 H|
etk £ e 2EY Gl Kmeans“ BRo W
o} 2ok 47 7] sl vl el 713t S8 28 Y
G F] Aes vwsty] 13 P34 (F-Measure), T
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Fe2E 19 22 19 FEES ey 2ok
2xp(, j)xr(,j)

p(i, j)+r(i, j)
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4.3 M O[0IE{&Et(Synthetic Data Set)

A|9F3l= ACHC(Ant Colony HierarchicalClustering)<}
HDS(Hierarchical Density Shaving)®] 432Z&¢] A%S
v H7hstr] S8 1-4@ol Mg 2ol MR i HE
£ 722 A, B, CAHl 719 ¥ AHE TAHE QY dolE
A4S ARESiTh

S8 2H AE [N(110,152), N(150,152)]2] 7}$-Aler &
FolA AAE 35070 9] HiolH ZRIEE /AL BhE F
7Nel E8 228 B C= 22 [N(160,152), N(120,302)] <+
[N(160,152), N(180,302)]¢ll 41 Z}z} 1259] H| o8 EQIEE
7AW S8 AH AE F82AE B CRU BRI} b

I94b)NA a=1, B=022 A|o+slE= ACHCE AHg-
st 2B ATTFRE AZdssitt. O A3} Alb
sl ACHCE 4719 Z2H=E 23 itk 1%4 (o,
@, © 2 O 2+ 40%, 42%, 62% 2 87%) HAES
AAst d-sste FHAHY 4345 Yephdt

A orslE= ACHCOA Z82H AE F82H B9 C
Atole] AANA Hit FYXAH A AAY p BEI}
=7] Wel BoF CRT} A & Hrt 2|(5)el w} N
H7b o]t mEE U3l o 2 e EE A
3.317] Witol FE A A9 Al e kB Uk
7} 23 2EH B 2 Y AA Je =T R A
AR vy wfjFoltt.

_|_4

N

(c) (d)

(e) (f)

(3% 4) Case 1(a=1, $=0)2 ACHC &l&Znjo|od
(a)= LTI} i 3719 EHAEZ 0|F0{Z
Hlo|E{o|X (c) 40%, (d) 42%, (e) 62%, (f)
87%E HM7gt Z1io|n (b)& HBSH Z2{AH
TEAR}S}

(Figure 4) Experimental results obtained from the
ACHC of Case 1 (=1 and $=0) with
(a) a synthetic data set with a different
removing percentile of (c) 40% (d) 42%
(e) 62%, and (f) 87%, (b) and the
visualization of hierarchy of clusters

104 ] ACHC, HDSO| A% 54 vlw 3t Aol
K-Meansi= ACHC €32l 50l Fafte 2 B
o]7] 93] wer v E B o7 =3k Aot} o] A
oA 13} 7ro] HDSS| F-Z4 3} © |4 gho] AIgkahe
ACHCH HJ3le] 23 S8 A U £4bo] & ol

J%¥4(2)E HDSE F35tH 8 2E 9 57t 202
7] Wo]th. HDSE A+olls I184(c)l 7Fo] 2 F
7F2NE BHAAL U REE AASHE 1-4@e)s} 7ol
1705 g=th o]9) 7o) HDSE W7t A g oz v
U= BE UNR|A] ek A o] itk ACHCE =
T ARl 24 9] 4 dxEE A7) Wil
FH2HE ¢ & 2= HDSE F32H BY O/t &
HAE Ao YT 7h7ke] leix F82H B CE 4

=) 2~
& 4l

101



JH0] T2 A|AEIS OIS AIEH S22H =M

(1) J&4(a)2l Hlo|EE 7HX[21 ACHC, HDS, K-means
dneIE M52 £ dHlw 245 2
(Table 1) Evaluation measures of the performance
from the proposed ACHC, HDS, and
K-Means with the data set shown in fig. 4(a)

s Qg | SH2EYRA
F44

(F Measure) (Dunn (Intra Cluster
Index) Variance)
ACHC (a=1, B =0) | 0.948198 0476222 23.391024
ACHC (a=1, B =1) | 093%74 0480762 23.528282
ACHC (a=0, B =1) | 0942483 0481347 23.352591
HDS 0472604 0.245643 29.160772
K-means 0.937749 0461142 2972417

4.4 MHHOIE{ZE (Real Data Set)

o] AJAdX= UCT 714 85 A4 [19]914 42
t| o] 3 & (lris, Wisconsin, Wine, Digits)?] A Hl ] ¥
Aol gt 20 A AE AAISHL

(& 2) &4 Ho|e] 22k n= HlolE{e| ZolES Ciszt 22
AE{Q| ZOIE|F di= H[0|E] ZQIES| X #C= 2
HAEQ| &, Type2 2 Hlo|EH2 EF/

(Table 2) Summarization of experimental data sets:
N stands for number of data points, Ci for
size of each cluster, D for dimension of
data point, #C for number of cluster, and
type for input data type

o N G D | #C | Type
Iris 150 |3 x 50 4 3 Real
Wisconsin | 699 | 458, 241 9 2 Integer
363, 364, 364, 336,
Digits 3498 | 364, 335, 336, 364, 16 10 | Integer
336, 336
Wine 178 |59, 71, 48 13 3 Real

(d)

(a2l 5)(a) Iris, (b) Wisconsin, (c) Digits, (d) Wine
HO[EE Case 1 (a=1, 3=0)2 HMetst=
ACHCE &islo] AHIZA Z2{AH ZntE Al2st

(Figure 5) Hierarchy of clusters obtained from the
ACHC of Case 1 (=1 and 3=0) with (a)
Iris (b) Wisconsin (c) Digits, and (d) Wine
Data Sets.

93904 a=1, 8= 0 & AM&3te] ACHC €28
o FEXE AZTFERE : &
dolg AES] dolg +x2& {dA 24T 4 stk

32 ACHC(Ant Colony Hierarchical Clustering)<} HDS
(Hierarchical Density Shaving) &2]&o tlgt A58 H]
W3 A)F K-Means 1 A5 $54E Hol7] H3l
ACHC €385l 32 S8 2H NFE A3
H| W3t ACHCE & ¥ 2&o] BEHoT AAH7
ool ACHCE 503] AEsta 7} Aol sl &
AAFstnh. I A3 23004 B A3 Zo|Fe2E
1o¥3l ACHC ¢ gl&o] HDS Kt Azrt -5
gelgh 4= otk o] AdoA HZo] (5
T HEZES AESE ACHCY A% Asol ¢
AL BHogt

2= 0o
N E_'T/\l

=2
=

o

k)

T g
b4

o)
tlo
[

A

e

ro o

et

ol
rir
o

(Z 3) Iris, Wisconsin, Digits, Wine HIO|E{E HMetsh=
ACHC 22|52} HDS, K-means?t A2 H|W &4

(Table 3) Evaluation measures of the performance
from the proposed ACHC, HDS, and K-Means
with the data sets of IRIS, WISCONSIN, DIGITS,
and WINE.

ACHC | ACHC | ACHC

ol (&1, | (a1, B| (a0, B| HDS |K-means
B0) =1) =1)

F Measure | 0.8468 | 0.8353 | 0.8379 | 0.8905 | 0.8609

Dunn Index | 0.5028 | 0.4555 | 0.4709 | 0.7090 | 06133

Iris |Intra Cluster

Varince | 06868 | 0.6735 | 0.6780 | 07514 | 07605

# of

38 3.98 3.94 3
Clusters 3
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Ho| T Al2EIE 01

& HEN Seiae 2

ACHC | ACHC | ACHC
ol& (&1, | (a1, B| (a0, B| HDS |K-means
B0) =1) =1)

F Measure | 0.9673 | 09620 | 0.9617 | 0.8766 | 09192

Dunn Index | 0.4658 | 0.5121 | 0.5095 | 0.5929 | 05901

in |Intra Cluster
consim
Variance 5.3804 | 54390 | 5.4931 | 57632 | 53877
# of
228 2.12 2.1 2
Clusters 2

F Measure | 0.7980 | 0.8224 | 0.8316 | 0.7996 | 06888

Dunn Index | 0.2326 | 02287 | 0.2067 | 0.2383 | 03083

Digits |Intra Cl
gits |Inira Cluster| 0y e07 | 63,5327 | 63.1956 | 63.0883 | 657765

Variance
# of
11.04 12.08 12.54 12
Clusters 10
F Measure | 0.8756 | 09111 | 0.9114 | 0.7446 | 09495

Dunn Index | 0.4006 | 0.4056 | 0.4062 | 0.3765 | (3788

Wine |Intra Clus
na SUSIEH ) 2070 | 27004 | 27024 | 3.0925 | 293

Variance
Cﬁl;’;s 2.98 3 3 2 3
5.2 &

B =S AZE ] 7] A FEiEY ¥
32]%<] ACHC(Ant Colony HierarchmalClustermg) Eieul
& A et xﬂ oksl= ACHC €38|52 Iz
A REZ Solot o AzEel Fol ket Az
Nag 7o s 6“4 T FREY ¢ rEdE #
oA I FH9 o] AAsH Jir] A RIES vk
gttt wEtA k& RIS a2z sin] GE4
oS T A HEE SHT & itk o] A He
g 7We g ASH Fe2EE s ACHC ¥XEEF2
A A% 7]4ke] HDS(Hierarchical Density Shaving) %
g5 Adun o £2 A5S HoErh

dlol8 Hge] ASH 242 k= 2 ol nhet
o) WAL Al A ofef Tk Agta U
& 7129 st HlaLste] doly Jte] AS 7=
Aol vfg- B3PS Bl tone tETFe d
olHE NPT F e LTS A7 Aotk

HEE
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