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Abstract. There has heen growing interest in studying cO l11binatorinl optimiza­
tion problems by clustering strategy. with a special emphasis on the tra veling 
sa lesman problem (TSP). TSP naturally arises as a sub problem in much trans­
portation. manufacturing and logistics application. thi s problem has caught 
much attention of mathemati cians and computer scienti sts. A cluster ing ap­
proach will decompose TSP into sub gmph nnd form cluster. so it may reduce 
problem size into smaller problem. Impact of hierarchical approac h wiJI be in­
vestigated to produce a better clustel'ing strategy that tit into Euclidean TSP. 
Clustering strategy to Euclidean TSP consist of two main step. there are: clus­
tering and tour construction. Tile signilicant 01' this research is clustering ap­
pronch so lution result has error less than 10'7<- compare to best known so lution 
(TSPLlB) and there is improvement to a hierarchica l clustering algorithm in or­
der to fit in such Euclidean T SP so lution method. 
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1 Introduction 

Nature Inspired problem so lving is become popular approach in last decade. This work 
inspired by human prohlem solving and particle movement such as Brownian Motions. 
Human beings possess the natural ability of c lustering objects. Thi s is a capability to 
organize the data which is received everyday into cluster. so that they may draw impor­
tant conclusions. However making computer to solve clustering problem is quite diffi ­
cult and demanding the attentions of' computer scientist and engineers allover the 
world till now. 

The task of computeriled data clustering problem has heen approached from di­

verse domains of knowledge like graph theory. stat istics. artificial neural network and 

so on. The most popular approach in thi s direction has been the formulations of clus­

tering as an optimization problem . There has bee n growing interest in stud y ing com­

binatorial optimization problems by clustering strategy. with a spec ial emphasis on 
the traveling sa lesma n problem (TSP) [2][3][4]. TSP naturally arises as a suh problem 
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in much transportation, manufac turing and logistics application, this problem has 
caught much attent ion of mathematicians and computer scientists. 

Traveling salesman problem (TSP) is a co mbinator ial optimization task of finding 

the shortest tour of n cities given the intercity costs. In a more formal way the goa l is 
to find the least weight H am iltonian cycle in a complete graph G. The TSP problem is 

a 'NP-hard' problem [5]. An NP -hard problem is ex tre mely unlikely to have a 

polynomial algorithm to solve it optimally although it is not proved that the worst 

case exponential so lu tion running times are unavoidable. Good approx imati on algo­

rithms ca n produce so lutions that are on ly a few percent longer than an optimal solu­

tion and the time of so lvi ng the prob lem is a low-order polynomial r'unction of the 

number of ci ti es. Some approx imating algorithms produce tours whose lengths are 

close to that of the shortes t tour, but the time co mplexity is substa ntiall y higher than 
linear. 

The primary objec tive of thi s research is to investigate impact of hierarch ica l ap­
proach to produce a better hierarchica l cl ustering strategy that fit into such Euclidean 
TSP solution method. The current research in hierarch ica l clustering to so lve Euclid ean 
TSP mostly producing their best algorithm with the runnin g time near 0(1/ 

2
) while thi s 

approach is expec ted to be at most near OC//) and average final TSP sol ution is more 
than J0'7, compare to the bes t known solution. 

The rest of thi s paper will describe about motivation of this stud y regarding 

Euclidean TSP in section 2, objective this study wi ll be described in sec tion 3. Litera­

ture background will be described in sec tion 4 and sec tion 5 describes methodo logy. 

Preliminary res ult is presented in section 6 also fin al sec tion discussion and conclu­

sion wrillen in sec tion 7 and 8. 

2 Literature Background 

A clustering algorithm is expec ted to discover the nat.ural grouping that exists in a set 
of pattern . In hierarchica l clus tering, the data are not partitioned into a particular clus­
ter in a single step. Hierarch ical clustering may be represented by a two dimensional 
d iagram known as dendrogram. which illustrates the fusions or divisions made at each 
success ive stage of analysis. 

Among the most popular hierarchical clustering algorithms. BIRCH [6J can typi­
cally find a good clustering in a single scan of the data and improve the quality further 
in a few addit ional scans. It is also the first clustering algori thm that handles noise 
effectively . CURE [7] represents each cl uster by a certain number of po ints selected 
from a well-scattered sampl e and then shrinking them toward the cluster centroid by a 
specified fraction. It uses a combination of random sampling and partition c lustering to 
handle large databases. ROCK [8 ] is a robust clustering algorithm for Boolean and 
categorical data. It introduces two new concepts: a point ' s neighbors and l inks. and to 
measure the similarity/p roximity between a pair of data points. 

Haxhi musa el. al formulated a pyramid algorithm[l] for E-TSP motivated by the 
failure to ident ify an exist ing algorithm that could provide a good fit to the subjects 
data. More recen tly. hierarchica l (pyramid) algorithms have been used to model mental 
mechanisms in volved in othe r types of visual problems. The main aspects of the 
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model s are (m ulti reso lution ) pyramid archilecture and a coarse to fine process of suc­
cessive tour approximations. This algorithm was motivated by the properties of the 
human vi sual system has main idea to use agglomerative (bottom up) processes to 
reduce the size of the input by clustering the nodes into small group and top-do wn 
refinement to find an approximate Solulion. as same as Graham do in [3]. The size of 
the input (number of vert ices in the graph) is reduced so that an op timal solution can be 
found by the combinator ial search. A pyramid is used to reduce the size of the input in 
the bottom-up processes. 

In bottom-up clustering. cities are close neighbors are put into the same cluster us­
ing greedy approach. These clustered cities are considered as a single city at the re­
duced resolution. Graph pyramid strategy use MST using Bouruvka algorithm. MST is 
used as natural lower bound for TSP solution. In the case TS P with triangle inequality 
which in the case for the Euclidean TSP, MST can be used as to prove the upper 
bound. 

Graph pyramid so luti on give good approximation while is compared to TSPLlB. 
Solution error for thi s so lution tend s to linear around 12 o/r·. Time performance is quad­
ratic for thi s solution especially while number of cities more than 600. 

3 Hierarchical Approach in Clustering 

A clustering algorithm is expec ted to discover the natural grouping that exists in a set 
of pattern. In hierarchi ca l clustering. the data are not partitioned into a particular clus­
ter in a single step. Hierarc hic al clustering may be represented by a two dimensional 
diagram known as dendrogram, as shown in Figure 1. Figu re I shows dendogram 
which illustrates the r'usions or divisions made at each successive stage o f analysis. 

Among the most pop ul ar hierarchical clustering algorithms. B[RCH [6] can typi­
ca ll y find a good clustering in a single scan of the data and improve the quality further 
In a few additional scans. [t is also the first clustering algorithm that hand les noise 
effectively. CURE [7] represen ts each cluster by a ce rtain number of poillls selec ted 
from a well-scattered sample and then shrinking them toward the c luster ce ntroid by a 
speci fied fraction. 11 uses a combination of random sampling and partition clustering to 
handle large databases. ROCK [8J is a robust clustering algorithm for Boolean and 
categorical dara. It illlroduces two new concepts: a point's neighbors and links. and to 
measure the similarity/proxi mity between a pair of data points. 

An agglomerative hierarchi ca l clustering procedure produces a series of partitions 01' 
the data, C, C,,_I, ........ C 1 • The tirst C" consisls of /I single object 'clusters'. the last C 1 • 

consists of single group containing all n cases. At each particular stage the method 
joins together the two clusters which are c loses t together (most similar). Dillerences 
between methods arise because of the different ways of defining distance (or similar­
ity) between clusters. 

Number of clusters that is generated in hierarchical c lustering is automatically . In 
thi s work , it is defined a threshold R [2J . where 

R = I Area of Cluster A 

YThe number of Vertices n 
( I) 
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Thi s threshold will ac t as guidance to split one cluster to se veral and result basic 
clusters, Basic cluster ha ve Sl11a ll size number of nodes, This threshold also prevent 
cl usters over lapped one to others, 

Clustering algorithm should contains function to compute linkage distance for a set 
of clusters C and the linkage di stance function wi ll va ry depend on linkage method, 
Here is several tech nique of linkage between the clusters used in thi s study: 

1. 	 Nearest linkage: The di stance between two c lusters is the minimum distance 

(2) 


2. 	 Complete linkage: The opposite of nearest linkage, maximum distance 

cI (C I' ' C S ) = max {w (VI' ' VS )} (3) 

3. 	 Average linkage: The di stance between two clusters is mean distance between 
all possible pairs of nodes in two clusters, 

1 n, n, 

cI(C r ,Gs ) =- -LLd/stCV" ,v") (4) 
17 ,11., ;= 1 .1=1 

4. 	 Median Linkage: The distance between two clusters is their weighLed cen troids 

d (C / ' Cs ) = II\~ -V,11 2 (5) 

Where \I, is the weighted centroid of /, If / was created from clusters {J and q, 

then \~ is defined recu rsively as: 

11=---­ (6) 
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5. 	 Centroid linkage: The d istance betwee n two clusters is their ce ntroi d as ca lcu­
lated by ari th metic mea n 

(7) 

Where x is the centro id of I , by ar ith meti c mea n: 

(8) 

6. 	 Ward's linkage (Sum Square Method ): The d istance be twee n two clus ters. is 
how much the sum s4uares w ill increase when merge them 

(9) 

Where 11;. center o f clu ster 1 and II, is is num ber of points in cluster I . 

4 	 Clustering Result and Impact on Euclidean TSP 

T his research use TS P L ib [9) (70 sample problem w ith node size between 29 and 
~0"~8) and ran domi zed sample da ta to test the algori th m. A ll lin kage di stance funct ion 
show un i form result except nearest linkage . N eares t l i nkage result a chai ned effect 
c lusters and th is effect tend to worst result on Euclidean TS P, whi le other methods 
generate compact size c lusters. Nu mber of nodes per c lusters be twee n 2 - 4 nodes in 
these linkage d istance func ti on, see f igure 2 be low. 

Ward 's and comp letes linkage d istance function are promi sing method when com­
pared to T SP Lib bes t known result. T he result on average is less than 77c. T our con­
structi on that is used in thi s re search is cheapest insert ion met hod and res ull refined 
by 2-op t exchange move. T here are 75'/( samples which has co nsumed up to 50'k 
concorde runnin g time from TSP L ib usi ng 2.0 G H z Processo r. Longer running time 
is consumed by T SP Li b sample problem about 14(1r. Figure ~ show distr ibu tio n o f 
running time cons umpt ion le ve l. 

The research has adop t and develop severa l algorithm and each algorithm has com­
plex ity started from O ( II~) and the worst case is 0(11\ Clu ste r ing process is (Iivided 
into two main algorithms. linkage and cl usters generation . Complex ity o f clus ter ing 
process at the worst case is 0(11\ Tour conslructi on and improveme nt has O(II ~ log II) 

ti me complexity . The ove rall of the algorithm complex ity (or thi s work has 0(11\ 
T he clustering process has identified the bes t method to c lu ster the Euclidean TSP 

into small er w ith compac t size c lusters. Co mplete and Ward 's L inkage has shown as 
the bes t method o f all l in kage method. Both lin kage methods have good resu l t in 
runn ing time and percentage o f gap compared to TSP Li b. Some me thod has shown 
potential result and the drawback lay on ru nning time in tour conS lructi on. Several 
method result overlap c lusters and big sizt! clus tt!r such as averagt! and ce ntroi d lin k­
age method. Overl ap and big sizt! cluster have the impac t to tou r construction and 
runnin g ti llle. Bigger cl uster size result longer ru nn ing time and 4ual i ty o f tour con­
structi on. as we ll as overl ap clusters. 

Hitrnrchical Appn><,ch : 
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5 Conclusion 

There has been a long-term interes t in the field of operations re search in devi sing 
economica l procedures fo r finding so lu tions that approx imate the op tima l. and many 
sllch heurist ic tec hniques have bee n developed and compared. To ac hieve "reason­
ab le" approx imat ions to an opti mal so lution to within a few percentage poin t ~ above 
the shortest path , suc h procedures generall y need to perform on the orel er of "J ca lcu­
la ti ons (10]. Based on explanation above. the primary object i ve o f this deve lopment is 
to prod uce a better hierarchi ca l cl ustering strategy that fit into such Euclidean 
TSP so luti on method. Thi s approach has bee n succes. ful ly ac hi ved the objective 
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i .e. algorithm mOSl nearO(I1 ~) <Jnd ave rage final TSP so luti on is ahout (He compare 

to the nest known so luti on. 

Th is rese<Jrch has result contr ihuti on In terJl1 of Euc lidean TSP and manuf<Jcturing 

prohleJl1. The contrihuti on to Euclidean TSP is new solution npproach using hierar­

ch ical clustering. The res ult o f thi s re search JlllpleJl1ented to develop ment autoJl1atics 

compac t PCB Drilling mnc hine that can he applied to Small M edium Industry . The 

algorithm is co mhined to thi S m<Jc hine to estah li sh that dril ling order in shortest and 

effective ways. T ime nnd cost sav ing wi ll he resulted hy thi s machine. 

Thi s resea rch had resulted som e ne w idea <Jnd improvement in c lustering process and 

Euc lidean TSP approach. T he ohjectives of this research had heen achieved w i th several 

notes. Outcome o f thi s research had heen produced for severa l areas such as clustering 

method. heuri stics for Euclidean TSP and Implementation to manufac tur ing prohlem. 
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