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Abstract: This work investigates different constructive heuristics to initial trial solutions for Team Orienteering
Problem (TOP). The goal of TOP is to build a particular number of routes that visit some points to maximize the
sum of the score, while the route’s length does not exceeding the time budget. The initial solutions were
constructed by random generation methods, nearest neighbor greedy heuristic, randomly selection method
(random generation methods and nearest neighbor greedy heuristic) and two type of Greedy Random Adaptive
Search Procedures (GRASP) (cardinality-based criteria (greedy value) and value-based criteria (threshold
value)). These constructive heuristics were tested using few instances on benchmark datasets. Results were
compared among each other based on solutions’ quality value and diversity value. The comparison of results
concludes that the nearest neighbor greedy heuristic gain better initial solutions that balanced between

solution quality and solution diversity.
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INTRODUCTION

Orenteering Problem (OP) was taken originally from
sport skiing game of orienteering (Chao ef al., 1996) where
players will start at a point and need to visit several point
which has its own score before reach to the end in a
specific ttme. The objective 13 to maximize the total
collected scores before they reach the end pomnt within
the time. Meanwhile, the Team Orienteering Problem
(TOP) (Chao et al., 1996) or multiple tour maximum
collection problems (Butt and Cavalier, 1994) is an
Orienteering Problem (OP) where the objective 1s to
determine the route P that brings total high scores, within
timeframe of Tmax. FEach team consists of several
players, where each of them collects scores during the
same time span. Golden ef al. (1988) proved that OP 15 a
Non-deterministic Polynomial-time (NP)-hard problem.
Therefore, the exact methods could not solve this problem
i a reascnable computation time. To date, very few
researchers have attempted to tackle the TOP.

Many researches focused on applying metaheuristic
approaches to solve TOP. For example, Ke et al. (2008)

had proposed the use of sequential,
deterministic-concurrent, random-concurrent and
simultaneous  methods in  the ant  colony
optimization approach to construct candidate  solutions.

Vansteenwegen et al. (2009a) combined guided local
search and he used a greedy construction heuristic in the
construction phase. Vansteenwegen et al (2009b)
published another work that applied skewed variable
neighborhood  search  with greedy  construction
heuristic to initialize the solutions to solve the TOP.
Souffriau ef al. (2010) mtroduced path relinking approach
that hybridized with greedy random adaptive search
procedure to construct the initial solution. On another
hand, Bouly ef al. (2010) mtroduced a memetic algorithm
that use an iterative destruction/construction heuristic
and random generation procedure to 1mtialize the
population, optimal split procedure for chromosome
evaluation and local search techniques for mutation.
Recently, Muthuswamy and Lam (2011) applied discrete
particle swarm optimization algorithm that combine three
methods to generate the population. These are
score/distance, cumulative density function and random
generation procedure. This approach had shown that it
obtamed good quality solution within less than a minute
of computation time.

Some metaheuristic algorithms start with the
construction phase to solve the problems by generating
mmtial solutions. The type of method used in the
construction phase in metaheuristic algorithm plays an
important role in the effectiveness and efficiency of the
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algorithm. Random and greedy approaches are the two
main strategies used to generate initial solution. There is
a tread-off of using random approach or greedy approach
in terms of quality and diversity of the solution and
computational time. The answer of this tread-off mainly
depends on the effectiveness and efficiency of the
random and greedy algorithm itself and the metaheuristic
algorithms properties (Talbi, 2009).

Construct the initial solution using random approach
15 quick operation and diverse sampling from the entire
search space, but the metaheuristic algorithms need a
much number of iteration to converge. CUn another hand,
generating the imtial solution using greedy heuristic can
speed up the improvement search. In many cases, the
greedy heuristic can reduce the computational time
(at metaheuristic algorithm) to converge to a better quality
local optima. Unfortunately, the use of better solution as
initial solution does not always guarantee a better local
result. To the the
combination of reandom and greedy approaches cean be
used to initialize a pool of solutions that balanced
between quality and diversity of solution (Talbi, 2009).
One of the most popular metaheuristic algorithms that

optima enhance robustness,

focus on creating good quality and diverse solutions is
scatter search.

Therefore, this work investigated five constructive
heuristics. These are (1) Random generation method,
(2) Nearest neighbor greedy heuristic, (3) Random
selection method (random generation methods and
nearest neighbor greedy heuristic), (4) Greedy random
adaptive search procedure (GRASP) with cardinality-
based criteria (greedy value) and (5) Greedy random
adaptive search procedure (GRASP) with value-based
criteria (threshold value). A goal of this study 1s to study
these methods in terms of solution quality and diversity.

PRELIMINARTES

Formulation of the Team Orienteering Problem: TOP can
be defined as a set of points, V = {1,..., n} that each point
1 has specific score S. The starting point 15 1 and the
ending point is n and S, = 5 0. The traveling
time/distance between each two points (1) 18 ¢, TOP

n

consist of finding m routes that starts at pomt 1 and ends
at point n such that the total score of visited points is
maximized. Each point can be visited at most once. For
each route, the total traveling time taken to visit the points
can not exceed the fixed limit T_. The evaluation
function, f (x,) for the x sclution of TOP is formulated as
inEq. 1 (Ke et al., 2008):
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where, 8, s the score associated with peint 1, ¢ is the
traveling time between pointi and j, k is the route (k
=1,..,m)Llety,=10=1,..,n;k=1,..m)if pomt1is
visited i route k, otherwise y, = 0. Let x5 = 1
(4, j=1,...mk=1,.,m)ifedge (i,j) is visited in path
k, otherwise x; = 0. Since, ¢; = ¢, only x, (1 <]) are
defined. T.et U be a subset of V (V is a set of points
V=1,.. n.

Equation 1 is the objective function to maximize the
collected score of the visited points, which is calculated
in the routes subject to constraint (2)-(8). Constraint (2)
ensures that each route must starts at point 1 and ends at
point n. Constraint (3) ensures that if a point is visited in
a given route, 1t 13 outstripped and followed by an exact
one other visit in the same route. Constraint (4) ensures
that each pomt 1s only visited one time at most. Constraimt
(5) guarantees that each route does not exceed the time
budget T_.. Constraint (6) ensure the sub-route 1s
prohibited. Constraints (7) and (8) set the integral
requirement on each variable.

Calculations the diversity (difference value) between to
solutions: Macuera et al. (2011) considered the difference
value between the solutions to measure the diversity. The
difference value between the two solution x and y is
calculated by creating a two dimensional matrix
PointCount of size r=r, where r 18 the maximum number of
routes m either x or y (in our case the mumnber of routes in
the solution is fixed). Then the matrix will be filled up in



J. Applied Sci., 13 (6): 876-882, 2013

Table 1: Example of PointCount matrix withr=3
bl ¥a
1 1
3 1
1 2

o5

X
X3
5]

T ——

such a way that PointCount (x; ,y;), which includes the
number of pomts that matching route ith in solution x with
route jth in solution y. After finish the process above, we
compute the total number of points m the solution
either x or y, smece not all pomt should be mncluded in
the TOP solution, we compute the total of points for
both solution then we divide that by 2 (1/2), where n 1s
the total pomnt. Then find the largest PointCount value,
sum this value and eliminate the cormresponding
column and row. The process will finish when
PointCount become empty. The sum wvalue will be
subtracted from the total number of pomts and the
difference will be a measure of the difference value
between two solutions x and y.

The following example illustrates the difference

value calculation between two solutions x and y:

x (6,4,3)(2,5,13,8,10)(12,7,1,9,11)
y:(3,5,13,2,11)(4,10,1.9) (6,12, 8. 7)

The PointCount matrix will be filled as in Table 1 and
value of ris 3.

The first value (x1, y1) in the matrix in Table 1 is the
number of points that mutual between route x1 and route
v1. This operation is repeated till all the PomtCount matrix
is filled. The maximum number in the matrix will be saved,
then delete the all values in the same column and raw.
This operation 1s repeated till no more values in the matrix.
Then, the sum of the saved values 1s calculated to detect
it from the average number of points m both solutions.
For example, after fill up PointCount matrix with number
of points which mutual between paths, the value (x2, y1)
is selected as maximum value 3 in the matrix, then the
corresponding column and row will be deleted. The
same procedure is done for value (x3, y2). The only
remaining element will be (x1, ¥3) which has count of 1.
The sum of the maximum values m PointCount matrix
is 6. After that, we find the average of the total point
i both solutions by dividing that by 2, (26/2 = 13). Then
the difference value between solution x and v is given by
13-6=7.

We calculate the difference value (diversity) for each
solution x in the population P with the remaining
solutions in the P, then we find the average for each
solution corresponding other solution in the P.
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CONSTRUCTIVE HEURISTIC

To create some good solutions for an mitial
population, this work investigated five constructive
heuristics and evaluated them based on the solution
quality, diversity and computational time. These are
(1) Random generation method, (2) Nearest neighbor
greedy algorithm, (3) Select msertion methods randomly
(random generation methods and nearest neighbor greedy
heuristic), (4) Greedy random adaptive search procedure
(GRASP) with cardinality-based criteria (greedy value),
and (5) Greedy random adaptive search procedure
(GRASP) with value-based criteria (threshold value).

Random generation method: Random generation method
15 the most common heuristic that used to construct the
initial solution in many combinatorial optimization
problems. This method generates a random permutation
with wnform probability, 1.e., the generated solution might
be not feasible (Talbi, 2009).

We used this heuristic to construct the initial solution
for TOP. The member of the team starts with an empty
route that only has starting and ending point. The
remaining point that unvisited yet will be selected and
inserted in the route randomly under some conditions,
which it the selected point must be not inserted before
starting point, after ending pomt and not lead the path to
exceed the traveling time hmit T__. If the selected point
passes those conditions, it will be set as a visited point.
This procedure will be repeated till no more traveling time
in the route (team member). Then, the algorithm starts
again with new empty path that only has starting and
ending point. The whole procedure will be repeated until
all points are visited. Then, the best route will be selected
as a team member among initialed routes to complete one
solution.

Nearest neighbor greedy algorithm: Nearest neighbor
greedy algorithm 1s a very popular heuristic that was used
in many fields since its conception in early fifties
(Fix and Hodges, 1952, 1989). For example, nearest
neighbor greedy heuristic can be used to construct the
solution for traveling salesman problem. Since, the start
and end points are fixed m TOP, the new route starts with
an empty path that only has start and end points. Then,
the heuristic randomly selects point i from unvisited point
and 1nsert it in the route without violating the hard
constraints. After that, it checks the remaining unvisited
points and selects the point j that minimizes the distance
between i and j and repeat the same process with point j
and unvisited points until the traveling time m the route
reach the limit. The heuristic 1s repeated until all pomnt 1s
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visited by the route. Then, the best paths will be selected
as a team member among initialed routes to complete one
solution.

Select insertion methods randomly (random generation
methods and nearest neighbor greedy heuristic): This
heuristic starts with an empty route that only has starting
and ending pomts. Then, the heuristic select pomnt 1 from
unvisited point using random selection or nearest point to
the previous point. Then, insert it in the route without
violating the hard constraints. This process 1s repeated
until end of traveling time in the route. The heuristic 1s
repeated until all points are visited or reach the time limit.
Then, the best paths will be selected as team members
among 1mtialed paths to complete one solution.

Greedy random adaptive search procedure (GRASP):
GRASP
combimatorial problem. It 13 usually implemented

is a meta-heuristic approach to optimize
n
multi-start procedure, where each iteration consists of
construction phase and local search phase. In the former
phase, a random greedy solution is constructed. Then, the
latter phase starts with the constructed solution, will be
iteratively applied to improve the seolution untl 1t found
the local optimal solution (Feo and Resende, 1995).
However, this work concentrated on the construction
phase.

The construction phase in general, consists of
creating a list that includes the candidate points that can
be inserted in the partial solution with keeping the
feasibility. Each candidate point in the list has been
evaluated by a greedy function. Then, from the first list,
a sub-list is generated based on greedy value of the
candidate pomt. This sub-list 18 representing the
Restricted Candidate List (RCL). The RCL list play an
mnportant role m GRASP metaheuristic, because it
represents the probabilistic aspect of the algorithm. The
restricted criteria depend on two way, which it
cardmality-based criteria and value-based criteria. At each
iterationy, a random point 1s selected from RCL and inserts
it to partial solution (this step denote to the probabilistic
aspect of the heuristic). Once the point inserted to partial
solution, the RCL list 1s updated. To update RCL list, the
greedy value of the unvisited ceandidate points must be
reevaluated and update RCL list with new candidate
points (this is the adaptive aspect of the heuristic)
(Hart and Shogan, 1987; Feo and Resende, 1989).

In the TOP, the heuristic starts with an empty path
that only has starting point and end point. Then, the
heuristic check all unvisited point and determine the
feasible point and add it to candidate list. The greedy
value 13 computed for all pomts in the candidate list based
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greedy function which it: g ()y; = Syty;, where, g (1) is the
greedy value of the candidate pont 1 5 is the pomt’s
score which it already fixed in data set. t; is the traveling
time between previous point 1 and nserted pomt | and
next pomt j which it the ending point in the path. From the
candidate list, the heuristic create a RCL. The RCL 1s

created based on two conditions:

ilj

Cardinality-based criteria (greedy value): In this
case, the RCT, list is built of the p best points in terms
of greedy value from the candidate list. Where, the
parameter p denote to maximum number of points in
the RCL. The heuristic select the best 5 pomts in
terms of greedy value from the candidate list to build
the RCL. The parameter p 18 equal 5 based m the
preliminary study

Value-based criteria (threshold value): In this case,
the RCL 1s built of the pomts that have greedy value
greater or equal to the threshold value. The threshold
value 18 gt (8 naBmn), Where, g, 18 the minimum
greedy value in the candidate list. g,.... is the maximum
greedy value in the candidate list. ¢ is random value
less than 1 and greater than 0 i.e., (0001, 0.999). After
the threshold is computed, the point’s greedy values
in the candidate list are compared with the threshold
value. All the points that have greedy value greater
or equal to the threshold value, 1t added to RCL. 1e.,
the pomnti s selected from the candidate list, if
g (I) = g . +0 (g, L) the pomt 1 will be added to
RCL. Where the g (1) 15 greedy value of the point 1

After RCL list is created, the heuristic chose points
randomly from RCL list to msert it to the path. Once the
point 18 incorporated to the path, all the unvisited points
are evaluated by greedy function and create new
candidate list. Then, the RCT. list is updated based on the
new candidate list. This process repeated until no more
traveling time in the path. The heuristic 1s repeated until
all pomnt 1s visited by the paths. Then, the best paths will
be selected as team members among imtialed paths to
complete one solution.

EXPERIMENTAL RESULTS AND COMPARISON

To estimate the benefit of using the constructive
heuristic in terms of solution quality and diversity, this
worl compared five constrictive heuristics between each
other. These constructive heuristics is labelled as follow:

H1: Random generation method
H2: Nearest neighbor greedy algorithm



Table 2: Results based on solution quality value (51 independent runs)
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H2 H4 H5 H3 HL

Min. Max. Avg SD Min. Max. Avg. SD Min. Max. Avg. SD Min. Max. Avg. SD Min. Max. Avg SD
p421(Q) 519 827 68598 6069 218 314 26003 2212 237 395 32004 3024 177 283 21588 2502 146 239 18805 18.67
p431(Q) 518 717 60636 5216 256 380 20858 2539 285 400 346.04 2831 151 266 21198 2627 167 242 20088 16.36
pA41(Q) 453 647 52678 3830 270 369 31992 2400 301 458 363.82 2992 189 290 22558 2357 174 245 20662 19.57
pS.21(Q) 925 1145 10406 5548 305 465 39008 3019 390 615 495.07 5618 280 420 33309 3697 260 410 31504 30.65
p5.2r(Q) 715 985 B7L50 5387 355 520 43308 3870 425 645 525.05 4932 290 440 35008 3484 265 360 30808 2177
p5.41(Q) 575 735 66900 3820 405 SBO0 47205 39.77 435 595 51809 3342 280 450 34309 3795 250 360 30407 23.74
ps21(Q) 666 948 82344 7457 258 444 34332 3655 348 600 44184 4661 228 384 28602 2955 210 330 26136 25.63
ps31(Q) 426 852 64164 10123 288 432 37128 3466 366 522 44592 3199 198 336 25884 3392 198 324 25416 25.82
ps.41(Q) 288 504 39756 4694 270 372 32076 2345 300 432 35004 3225 162 252 20904 2186 174 282 21600 23.88
p72n(Q) 481 663 57666 4117 192 355 25174 2951 234 357 30124 3166 143 220 18594 1819 152 217 18238 16.80
P730(Q) 451 609 51696 3637 257 370 30048 2460 254 426 343.00 3316 162 239 19724 1974 144 255 19500 22.81
PTAn(Q) 429 555 49548 20.82 280 403 33648 3233 314 437 36996 2512 172 267 21376 2181 166 253 20504 19.32
Values in Max., Min. and Avg. columns are the quality of the solution
Table 3: Results baged on solution diversity value (51 independent rung)

H H4 HS H3 H1

Min. Max. Ave.  SD Min.  Max.  Avs.  SD Min Max. Aves. 8D Min. Max. Ave. 8D Min. Max. Avg.  SD
pi21(D) 108 894 480 193 036 098 062 013 003 146 079 025 001 052 031 011 008 048 021 0.09
p431(D) 105 776 416 130 054 178 109 024 064 204 152 035 008 056 033 013 008 044 024 008
pi4l(D) 116 609 322 097 100 226 164 028 122 416 263 072 016 108 051 020 008 068 034 014
ps.2r(D) 332 606 493 077 038 092 062 012 058 106 1056 027 016 058 030 010 018 006 034 0.10
ps2r(D) 184 356 272 041 038 106 073 016 005 148 098 025 006 062 036 012 001 052 026 009
p54r(D) 056 18 132 033 048 118 074 015 052 146 093 021 006 052 028 011 004 004 019 007
ps21(D) 032 346 112 073 052 132 079 016 054 107 114 027 014 062 040 012 016 052 033 008
ps31(D) 100 342 219 055 056 142 094 023 007 109 120 025 008 056 027 011 004 052 026 0.10
ps4l(D) 032 200 102 030 032 136 08 023 064 228 134 028 006 034 017 006 002 036 018 0.08
p72n(D) 036 564 144 098 002 102 054 020 003 18 111 037 002 036 013 006 002 028 013 006
p73n(D) 092 48 216 065 005 206 120 036 066 304 203 053 002 034 015 009 002 032 017 009
prAn(@) 162 48 325 081 054 222 154 046 109 452 306 066 002 066 029 014 002 005 026 0.3
Values in Max., Min. and Avg. columns are the diversity values
H3: Select sertion  methods  randomly heuristic. We report the minimum, maximum, average and

(random generation methods and nearest neighbor  standard deviation over 51 mdependent runs in Table 2
greedy heuristic) and 3 for the results with regards to quality and diversity

H4: Greedy random adaptive search procedure (GRASP)
based on cardinality-based criteria (greedy value)

HS: Greedy random adaptive search procedure (GRASP)
based on value-based criteria (threshold value)

The proposed constructive heuristics were tested on
TOP. There are four datasets used to benchmark different
approaches from Chao et al (1996). Each data sets
contain different numbers of locations: n = 100
(date set 4), n =66 (data set 5), n= 64 (data set 6) and
n = 102 (date set 7); mcluding start and end locations.
Each set containg instances with r equal to 2, 3 and 4
routes. The time budget T, differs for each data set. The
constructive heuristics were coded in Java 1.7 and
performed on Intel Pentium (R) Daul-Core 3.0 GHz CPU
persenal computer with 2 gigabyte RAM, rumming on
Windows 7 operating system (32-bit).

Three mstances from each data set were selected,
which it distributed equally between each particular data
set based on the number of route, to test the constructive
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of solution, respectively. The reason of executed 51 run as
odd number 8 to calculate the median easily. Table 2
clearly shows that the H2 got best average quality value
of the solutions comparing with other heuristic across all
instances. Moreover, Table 3 shows that H2 also got the
best average diversity value for most mstances of the
solution diversity comparing with other heuristics. H5
heuristic achieved average results better than other
heuristics in two instances which it P6.2.1 and P6.4.1.

The statistical analysis for all constructive heuristic
has been done based on Wilcoxon test. The P. Sig value
is reported for each two heuristic with the same instances.
Whereas, P. Sig value is to show the performance of each
heuristic with other heuristic is statistically significant
difference. These two values are measured for the quality
value of the solutions in Table 4 and for the diversity
value of the solutions in Table 5. We can see in Table 4
that almost all the P. Sig 1s less than 0.05 that 1s mean it’s
significant, unless H1 with H3 in some instances in
dataset 6 with p6.3.1 = 0.44 and p6.4.1= 0.592 and dataset
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Table 4: Statistical analysis of the solution quality value based Wilcoxon test (51 independent runs)

Instances H4-H2 H5-H2 H3-H2 H1-H2 H5-H4 H3-H4 H1-H4 H3-H5 H1-HS H1-H3
P4.211 P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P4.3.1 P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.010
P4.4.1 P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.001
P5.2r P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.011
P5.3r P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P5.4r P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P6.2.1 P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P6.3.1 P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.440
P6.4.1 P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.592
P7.2n P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.302
P7.3.n P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.521
P7.4.n P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.021
Table 5: Statistical analysis of the solution diversity value based Wilcoxon test (51 independent runs)

Instances H4-H2 H5-H2 H3-H2 HI1-H2 H5-H4 H3-H4 H1-H4 H3-HS HI1-HS HI1-H3
P4.2.1 P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P4.3.1 P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P4.4.1 P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P5.2r P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P5.3r P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P5.4r P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P6.2.1 P. Sig 0.002 0.085 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P6.3.1 P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.014
P6.4.1 P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.009
P7.2n P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.513
P7.3.n P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P7.4.n P. Sig 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
7 with p7.2.n= 0.302 and p7.3.n= 0.521. On other hand, REFERENCES

Table 5 shows that just two non-sigmficant of P. Sig
which it HS with H2 with instance p6.2.1 = 0.085 in dataset
6 and H1 with H3 with instance p7.2.n= 0.513 mn dataset 7.

CONCLUSION

The team orienteering problem 1s a difficult
combinatorial optimization problem and a suitable platform
to study the effectiveness of the search mechamsm. This
paper presents five heuristics to construct the initial
solutions for TOP. These constructive heuristics were
compared between each other based on the quality and
diversity, m order to select the one that balances between
the quality and diversity of solution. The performance of
each heuristic with other heuristic 13 statistically
sigmficant difference was proofed by statistical analysis
using Wilcoxon test. The advantages of the proposed
heuristics are efficient, effective and easy to implement.

The nearest neighbor greedy algorithm got the better
average value of quality and diversity. For the future
work, scatter search algorithm that give freedom to select
the constructive heuristic, nearest neighbor greedy
algorithm can be used as diversification generation
method to mitialize the trial solution.
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