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Abstract — Human is able to cluster and filter object efficiently.
Clustering problem has been approached from diverse
domains of knowledge like graph theory, statistics, artificial
neural network and so on. There has been growing interest in
studying combinatorial optimization problems by clustering
approach, with a special emphasis on the Euclidean Traveling
Salesman Problem. Classical ETSP appears as a fundamental
problem in various problem such as transportation,
manufacturing and logistics application. This study will focus
on tour construction. Most of methods focus on tour
improvement and using nearest neighborhood for tour
construction. This paper will use clustering process to
decompose ETSP into smaller sub problem. Clustering procgfs

hierarchically arrange adjacency and vertices to form clugfers. /

A threshold of edge weight is applied to split one cludicis to
several sub clusters. Using this approach the running finic can
be cut into half compared to TSPLib standard tinde. © he main
objective is to develop best clustering process to L 158 and
produce a near optimal solution within 10% of best liiwn
solution in TSPLib.

Keywords: Hierarchical Clustering, Eucifican, TSPy TourA

Construction, Adjacency E
ster multiple objects
in ‘thaking routine
t 1ike human beings

t afil demanding the
eniiieers around the

Human has a na
qulckly This capaci

in solving the problem$§
attention of computer s
world until now [1]

Clustering problem has Besnifipproached from diverse
domains of knowledge like graph theory, statistics, artificial
neural network and so on. There has been growing interest in
studying combinatorial optimization problems by clustering
strategy, with a special emphasis on the Euclidean Traveling
Salesman Problem (ETSP) [1-4]. Classical ETSP appears as
a fundamental problem in various problem such as
transportation, manufacturing and logistics application, this
problem has caught much attention of mathematicians and
computer scientists.

The rest of this paper will describe about motivation of
this study regarding Euclidean TSP in section II, objective
this study will be described in section III. Related work will
be described in section IV and section V describes
hierarchical clustering approach. Section VI and VII
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describes hierarchical clustering process and clustering
process to Euclidean TSP The impact of clustering process
will discuss in section M. Fiidhsection (i.e. section IX)

will describe conclusion.
MezVA T 1?’

oblem (ETSP) is a
of finding the shortest
of edges. In a more formal

‘ 1L
Euclidean [Iraveling malcsmaft
combinatosiil Slbbal optitiizatior
tour of n/voruces diven the éqt
way @iesoal is to i the weight Hamiltonian cycle in
a_coniSik graph TSP problem is a ‘NP-hard’
@IOBIEN -/ Qﬁlem is extremely unlikely to have
2 pOBEIORa Y al@h fi to solve it optimally although it is
ndl provedth worst case exponential solution running
ties g unawdydable. Good approximation algorithms can
produec ns that are only a few percent longer than an
aptiny (gution and the time of solving the problem is a
low * polynomial function of the number of vertices.
Seheapproximating algorithms produce tours whose lengths
Close to that of the shortest tour, but the time complexity
is substantially higher than linear.

III.

The primary objective of this study is to produce a better
hierarchical clustering strategy that fit into Euclidean TSP
solution method. The current research in hierarchical
clustering to solve ETSP mostly producmg their best
algorithm with the running time near O(n) For practlcal
industry purposes, an algorithm with running time O(x’) is
still acceptable/viable and average final ETSP solution is
maximum 10% above the best known solution . The other
supporting objectives are to develop efficient algorithm
which produce non edge crossing in planar graph; clusters
generation for large size cluster; produce Hamilton path
within and inter cluster ; inter cluster connection as initial
tour to form global tour.

OBJECTIVE OF STUDY

IV. RELATED WORK

Haxhimusa ef. af [1] formulated a pyramid algorithm for
E-TSP motivated by the failure to identify an existing
algorithm that could provide a good fit to the subjects data.
More recently, hierarchical (pyramid) algorithms have been
used to model mental mechanisms involved in other types of
visual problems. The main aspects of the models are (multi
resolution) pyramid architecture and a coarse to fine process



of successive tour approximations. This algorithm was
motivated by the properties of the human visual system has
main idea to use agglomerative (hottom up) processes to
reduce the size of the input by clustering the nodes into small
group and top-down refmement to find an approximate
solution, as same as Graham do in [5]. The size of the input
(number of vertices in the graph) is reduced so that an
optimal solution can be found by the combinatorial search. A
pyramid is used to reduce the size of the input in the hottom-
up processes.

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

Graph pyramid solution gives good approximation
compared to TSPLIB. Solution error for this solution tends to
linger around 12%. Running time performance is quadratic
for this solution especially whenever number of vertices is
more than 600.

V. HIERARCHICAL CLUSTERING APPROACH

A clustering algorithm is expected to discover the natufi
grouping that exists in a set of pattern. In hierapdii il
clustering, the data are not partitioned into a pdticilar
cluster in a single step. Hierarchical clusterind wiay  he
represented by a two dimensional diagram “iden as
dendrogram, as shown in Figure 1.
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Figure 1. Dendgram of Complete Linkage Method for Dantzigd2.tsp

Figare 1 shows dendogram which illustrates the fusions
or divisions made at each successive stage of analysis [6].
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Among the most popular hierarchical clustering
algorithms, BIRCH [7] can typically find a good clustering
in a single scan of the data and improve the quality further in
a few additional scans. It is also the first clustering algorithm
that handles noise effectively. CURE [8] represents each
cluster by a certain number of points selected from a well-
scattered sample and then shrinking them toward the cluster
centroid by a specified fraction. Tt uses a combination of
random sampling and partition clustering to handle large
databases. ROCK [9] is a robust clustering algorithm for
Boolean and categorical data. It introduces two new concepts:
a point’s neighbors and links, and to measwe the
similarity/proximity between a pair of data points.

Clustering approach divide TSP problem to sub graph or
sub clusters and reduce pzghlem size. There are many
clustering approach availlble i it should be choose a
suitable one. Hierarchigi! 1s fhe @iiilest algorithm that can
be chosen as clustering W prdich. |
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baiseen isthods ari ecause of the different ways of
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This threshold will act as guidance to split one cluster to
several and result basic clusters. Basic cluster have small size
number of nodes. This threshold also prevent clusters
overlapped one to others.

Let G=(V.EW) be a graph, G=V.E.W,) and
GA(V,E, W) be sub graph of graph G, set #. and n, are
number of vertices ¥, and ¥V, . Here is several technique of
linkage between the clusters used in this study:

A.  Nearest linkage

The distance between two clusters is the minimum
distance between two clusters. This method can cause
“chaining™ clusters. Cluster’s shape potentially overlapped to
another clusters.

d(G,,Gy) = min{ (V,.,V)}
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Figure 2. Single Linkage Distance
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B Complete linkage

This methed s cppesite of single linkage and fends to
produce compact clusters. Outliers are given mere weight
with this methed. If is generally a good chodce if the clusters
are far apart in feature space, but not good if the data are
neoisy.

d(Gy . G) =max{w (7, ¥}
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Fipnm 3. Complete Linkage Distance

O Average lnkage

The distance between two clusters is the mean distance
between all possible pairs of nodes n the fwo clusters.

d(G,, 6) —
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Figure 4. Averape Linkage Distanee
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D, Median Linkage

Used cnly for Buclidean distance. The distance huycm . ik

two  clusters iz the Euclidean distance h.. T
their weighied centroids.
d(G, .G, ||2

Where fFr iz the weighted centrodd of & If;N-ﬁa-r;m_ ﬁm@
from chisters p and g, then ed cursively ath

Figure 5. MMedian Linkape Distance

E  Centroid linkage

Used only for Fuclidean distance. The distance between
twrn chisters is the Fuclidaan distance between their cenfrodds,
as caloulated by ariflunetic mean

Where X 1is the centroid of #, by arithmetic mean:
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Fipure 6. Centrond Linkapgs Distandse

F. Ward's linkage Swm Spuare Method)

The sum sguare (Ward’s) methed is apprepriate for the
clustering of points i Foclidean space. Ward's method says
that the distance bamrem,mm-:ﬁﬁ:qtars, ¥ and #, is how much
the sum of squares will kmféaqé'ﬁmm merge them.

e

| g ?
Where [, J.".E:ﬂter Df E:]J,zstpr ¥ @ iz is number of points

n c]uster r
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Itl“thls Sy,
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g approach decempese preblem
& luster into several sub cluster. This
113'&[‘1& wﬂl ussfchnson’s algorithm and split cne cluster
thresheld.
graph for dantzigd fgp sample. The
toess start with i clusters C, €z, ..., O, whers
ers consists of one vertex only. The second step is
he closest (€, C4 ) < R (most similar using linkage
ce and less than R} pair of chisters and merge them into
a'single cluster, so that now number of clusters becomes ocne
less than the amount previeusly. Then, next steps, is fo
compute distances (similarifies) between the new cluster and
gach of the old clusters. Final step is to repeat previous step
until distance between clusters not excesd than R value. The
result using complete Iinkage for dantzigd2 tsp is shown in
Figure 1.
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VII. CLUSTERING APPROACH TO EUCLIDEAN TSP

The first step coming from clustering process to generate
small compact clusters as shown in Figure 7. Each cluster
shall be connected to adjacent clusters. In each clusters, a
middle point shall be computed. Based on global hamilton
cycle shall be formed as global cluster tour. Possibility of
mter cluster connection is shown in Figure 8. Each cluster
shall he formed Hamilton path based on two end points of
adjacent clusters. The best Hamilton path of each cluster
shall be integrated based on global cluster tour to result
global tour. Global tour shall be improved and refined to
achieve shortest final tour as shown in Figure 9. Tour
improvement tour can be applied by opt-2 exchange move.
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Figure 8. Interconnection between Cluster

VII. THE CLUSTERING PROCESS IMPACT

The selection method of linkage in hiciiithical clusterii:
is very important. In previous study, nearest |ikage i 1icd
to clusters the problem, and at current progi s (o
linkage is used such as com troid, median, war
average. Cluster index is ole ik determi

with larger size. The
en 1 paths of each
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Figure 9. Inter Cluster and Final tour of Dantzig42.tsp
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TABLE L NUMBER OF NODE PER CLUSTER OF RANDOM SAMPLES
(N=16TO N=1024)

Method Average Max Min Stddev
Nearest 6 8 3 0.96
Complete | 2 2 2 0.08
Average 2 3 2 0.12
Median 3 3 2 0.15
Centroid 3 3 2 0.15
Ward 2 2 2 0.08

Random examples with # = 16 — 1024 [2] gave results
betwesn 2 to 3 points per cluster unless nearest
linkage. While examples of problems TSP Lib give similar
results with random sample gize is still in the basic clusters
of 2 (o 4 nodes per clusted Maist linkage gives a different
result is 6 nodes per cliister., 1ulln] shows the results of
clustering (nodes per cliited) with & tniform pattern for all
the linkage methoddmscept ioared! lin

TABLE 48 Tour ﬁ}&i‘__&ﬁc}E&) DOM SAMPLES (v=100)

B | W | é@} Min Stddev
BB A’ %785 | 77402 | 2925
Coimplae :soz‘.zQy\ 86241 | 74537 | 2844
D s | s7aas | 74033 | 2834
DM Cas0v.08 | 87830 [ 73660 | 2942
W luadPy 80681 | 87630 | 74033 | 29.68
A 808.06 | 869.82 | 74537 | 3032

btatistically as shown in table II, tour length comparison
ween the previous methods (nearest linkage) with the
other methods yield about 3% shorter. Table 1 and 2 showed
that there was a significant correlation that the number of
nodes per cluster can affect the length of the tour solution.

TABLE [II.  RUNNING TIME OF RANDOM SAMPLES (3=100)
Method Average Max Min Stddev
Nearest 3.61 18.85 0.83 3.60

0.77 0.88 0.67 0.05
0.77 0.91 0.62 0.08
0.81 1.08 0.60 0.11
0.82 1.07 0.63 0.11
Ward 0.79 0.88 0.71 0.05

Table III show that the running time is consumed by a
method that is currently used is very short compared with the
previous method (nearest linkage method). Consumption
level of the munning time of current methods is between 21%
and 23% only compared to the consumption of the running
time of previous methods. In other words there are efficiency
and suitahility of the method in terms of running time

This study also compares the method to TSP Lib best
known solution and standard time. Simulation of this study
use Intel Quad Core 2.6 GHz with 2 GB Memory for



simulation and run Concorde software from TSP Lib. This
simulation is written using Matlab 12 as development tool
software.

TABLE IV. TOUR DISTANCE GAP COMPARED TO TSP LIB BEST
KNOWN SOLUTION FOR N=29 To N=1000 NODES

Method | Average Max Min Stddev
Nearest 7.08% 14.71% -0.01% 3.30%
Complete | 6.66% 14.34% -0.01% 3.11%
Average | 6.33% 16.84% 0.98% 3.51%
Median | 6.68% 18.64% 0.98% 3.49%
Centroid 6.43% 16.32% 0.98% 3.65%
Ward 6.48% 14.57% -0.01% 3.20%

All methods also are shown that tour length is not have
enough difference one to another (see table IV) but is
contradicted to table V. Complete and Ward linkage method
give best improvement compared to other method. Both
methods consume only 59% and 56% running time
compared to TSP Lib Standard time. The maxinmum running
time that is consumed by two methods is about 8 times
compared to TSP Lib Standard Time on berlin32.tsp. In that
sample (berlin32.tsp) standard time only 0.05 second whils
Complete and Ward Linkage Method consume 0.40 apd 12
second. Other methods consume running time londr i
TSP standard time. The fastest running time gt hown 0
complete linkage method almost 1% compared to & Shacorde
running time on rat375.tsp and the gap about 7%. 00 all
result for tour distance less than 7% om.average and (s
result answer the objectives. '

TABLEV. FROM TSP LIB FOR N=29 70 N=1000 N
ROM FORN=2ZYTON=10( ODES
. ‘t\;

Method Average M St
Nearest | 1378.21% 11 5270 | 4499 28%
Complete | 58.47% / P91 135.04%
Average | 116.82% 1.088 238.47%
Median | 152.12% i, 410.24%
Centroid | 167.00% | 307ed@ggl™ 115% | 459.87%

Ward 56.07% 839.34% 1.09% 139.10%

IX. CoNCLUSION

Clustering technique should be able to produce near
optimal solution. Clustering technique that used should

RUNNING TIME COMSUMING COMPAREL 1) ('t')le'URDE\ k
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consider number cluster limitation. Smaller cluster size tends
to result in more optimal to Hamilton path for each cluster.

The number of nodes of each cluster influence in running
time. The six methods presented in this study provide results
that are divided into 2 different results. Complete and Ward
linkage methods produce smaller running time with 6%
longer tour distance compared to TSP Lib. A conclusion
obtained from this study is the role of the clustering process
can accelerate the mnning time by selecting the appropriate
linkage method.

The next challenge is to minimize the final average result
by finding the appropriate method for connecting between
the clusters. The method used to connect belween the
clusters in this study is the cheapest insertion method. This
msertion method has a worgtease result up to 2 times than
the best results, so other s#lietlioilneed to be the worst case
result can be smaller.
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