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ABSTRACT

In this paper, an algorithm, called ACS-OPHS, is proposed to tackle the Orienteering Problem with Hotel Selection
(OPHS). This algorithm is strongly based on the Ant Colony System (ACS); however, it differs from the ACS in the
way the paths are constructed, in tuning a parameter of the transition rule and in the pheromone trails updating
rules. The ACS-OPHS uses a bi-directional search strategy and employs a novel and fast approach to identify all
feasible intermediate hotels in an offline manner. Moreover, in the ACS-OPHS, the relative importance of
exploitation versus exploration is determined according to the progress of the algorithm in approaching to the
global optima. The ACS-OPHS is a simple and well-performing approach to solve the OPHS. Concerning the
standard benchmark instances, it outperforms the state-of-the-art algorithms in several instances and produces
competitive solutions in reasonable time. This algorithm also improves the best known results of four instances

with unknown optimal solutions.

1. Introduction

The Orienteering Problem (OP), which has attracted the attention of
many researchers, is a combinatorial optimization problem (Tsiligirides,
1984). The Orienteering Problem with Hotel Selection (OPHS) is a
variant of the OP (Divsalar et al., 2013). The OPHS is defined on a
complete graph G = (V,E) where V is the set of vertices and E denotes
the set of edges. V has two subsets including HOTELS = {H,,Hy, ...,
Hp_1} and NODES = {1, ...,n}. The score of each vertex in HOTELS is
zero, and there is no restriction on the number of times that each of these
vertices can be visited. On the other hand, each vertex in NODES has a
specific score, s; (i€ NODES), and must be visited at most once.

The goal of the OPHS is to find a tour in graph G with a maximum
score. A tour is a continuous path that must be started from Hp and
finished in H;. It must also contain a particular number of trips, D. Each
trip has its own time restriction, T; (j € {1,..., D}), that limits the subset
of NODES that can be visited along the trip. The time limit of each trip
must be satisfied regarding the Euclidean distance between the vertices.
The origin and destination of each trip must be chosen from HOTELS and
the destination of trip i(1 <i < D — 1) is the origin of trip i+ 1. More-
over, according to the definition of a feasible tour, the start-hotel of the
first trip and the end-hotel of the last trip must be Hy and Hj, respectively.

Henceforth the “intermediate hotels” term refers to the end-point of trip
1, the start-point of trip D, and the origins and destinations of the other
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trips. The word “node” refers only to a member of the NODES set while
“yertex” is used to refer to a hotel or a “node”.

There are several practical applications for the OPHS (Divsalar et al.,
2013) (Divsalar et al., 2014). Planning a multi-day tour for a tourist who
wants to visit a region during a specific number of days is one of them.
Assume a traveling salesman who has a maximum number of working
hours per day and wants to serve some requests sent from a specific area.
Since he spends a limited number of days in that area, requests must be
selected according to their associated profits. Planning a tour for this
salesman is another application of the OPHS.

In this paper, a new algorithm, called ACS-OPHS, is proposed for
solving the OPHS. This algorithm is based on the standard Ant Colony
System (ACS) (Dorigo and Gambardella, 1997); however, it differs from
the ACS in some aspects including:

e The path construction procedure: similar to the standard ACS pro-
posed for the Traveling Salesman Problem (TSP) (Dorigo and Gam-
bardella, 1997), feasible tours are built sequentially in the
construction phase of the ACS-OPHS. However, in contrast to the
standard ACS, two ant colonies, which are assumed to be located at
the origin of the first trip and the destination of the last trip, are used.
In other words, the ACS-OPHS uses a bi-directional search strategy.

e The method used to tune parameter go of the transition rule: in
contrast to the standard ACS, the value of gy is modified over the
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execution time of the ACS-OPHS to have a good compromise between
exploration and exploitation.

e Pheromone trail updating rules: since tours are constructed in two
different directions, a bi-directional strategy is employed to update
pheromone trails.

Moreover, a simple and fast offline approach is introduced for iden-
tifying the feasible intermediate hotels. Using this approach, a new point
of view on the OPHS tour construction is provided. The previous methods
suggested for the OPHS, construct a feasible tour as follows. Initially, a
feasible sequence of hotels is determined and then, nodes are inserted in
this sequence with respect to the time limitations of the trips. However,
in the ACS-OPHS, a feasible tour is easily constructed using a sequential
method. It means that trips can be constructed one after the other and the
hotel selection occurs when the time limit of a trip prevents the other
nodes from being visited.

The remainder of this paper is organized as follows: the related works
are reviewed in Section 2, and the ACS-OPHS is introduced in Section 3.
Section 4 is devoted to the experimental results. The conclusion and
future work are presented in Section 5.

2. Related works

So far, four algorithms have been suggested for the OPHS. Divsalar
et al. (2013) proposed a method based on the skewed variable neigh-
borhood search, called SVNS. The SVNS includes three phases: initiali-
zation, improvement, and re-centering. In the initialization phase, three
steps are taken to construct an initial solution. First, considering each
feasible pair of hotels as the start- and end-point of each trip, an inde-
pendent OP instance is solved with respect to the time limit of the trip. In
this way, the potential score that can be obtained within each pair of
hotels is determined. Afterwards, all feasible sequences of hotels are
produced and a number of them are selected to construct the initial so-
lution and also to use them in the improvement phase. For this purpose,
the sequences with the highest potential scores are preferred. In the
improvement phase, the vertices and hotels are shaken and the solution is
improved using a local search procedure. The focus of the local search
procedure, that contains nine operators, is to improve the order of the
visited nodes along a tour. Finally, in the re-centering phase, the solution
that is used to start the next iteration of the algorithm is selected.

In addition to the proposed SVNS, Divsalar et al. (2013) have intro-
duced 229 problem instances for the OPHS. These instances have been
designed using the standard OP instances with varying sizes. Considering
these instances, the SVNS produces high quality solutions and have an
acceptable computation time.

In 2014, Divsalar et al. (2014) proposed a memetic algorithm for the
OPHS, called MA. Since the genetic algorithm operators are only used to
improve the sequence of hotels, each chromosome presents a sequence of
hotels in a tour. The fitness of the chromosome is equal to the score
obtained along the tour. The MA has two parts: initialization and main
loop. The same as the SVNS, in the initialization part, the potential score
between each pair of hotels is determined and then the initial population
is created. Two crossover and one mutation operators are applied in the
main loop to create new solutions from the current population. Each of
these new solutions, which is called offspring, is improved using a local
search procedure. Then, concerning the current population and the
offspring, the next population is selected. It should be mentioned that, in
the MA, the sequence of hotels is improved using the crossover and
mutation operators while the local search procedure improves the order
of the nodes placed among the hotels.

Since the instances introduced in (Divsalar et al., 2013) were small in
terms of the Total Number of Feasible Sequences of hotels (TNFS), 176
new and larger instances have been designed by Divsalar et al. (2014).
The experiments indicate that the TNFS is an important property of the
OPHS instances. The difficulty of an instance has a direct relationship
with its TNFS value. Using the new instances, the main drawback of the
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SVNS has been disclosed. Although this algorithm provides even better
solutions than the MA for small instances, considering the new large
instances, the computation time of the SVNS is not acceptable at all. The
bottleneck of the SVNS is at the initialization phase when it finds all
feasible sequences of hotels. In contrast to the SVNS, the MA has a
reasonable computation time even for instances with large TNFS values.

In 2019, Toledo et al. (2020) proposed a hyper-heuristic to tackle the
OPHS. Solving the OPs, the same as the SVNS and MA, the potential
scores between each pair of hotels are determined. Then, the
hyper-heuristic creates the initial population and selects an individual
from the population using tournament selection. The selected solution is
shaken employing four feasible heuristics. At the next step, a local search
procedure containing eleven low-level heuristics is used to improve the
tour. Finally, a member of the population is replaced by the newly
generated solution. The algorithm is terminated when a stopping criteria
has been met. In fact, the proposed hyper-heuristic is based on the large
neighborhood search. This algorithm produces competitive solutions for
the standard OPHS instances in reasonable time. It should be mentioned
that ten instances have been ignored by Toledo et al. (2020) during their
experiments.

Sohrabi et al. (2019) proposed an algorithm based on the greedy
randomized adaptive search procedure, called GRASP. As opposed to the
previous algorithms, GRASP does not determine the potential score be-
tween each pair of hotels. Instead, a new approach based on dynamic
programming have been introduced for the hotel selection. GRASP has
two phases: construction and local search. In the construction phase, a
feasible solution is created. For this purpose, using the dynamic pro-
gramming idea, a feasible sequence of hotels is created. Then, two pro-
cedures are used to insert nodes among the hotels. When there is no node
left that can be added, the local search phase is started to improve the
solution. GRASP also uses the proximate optimality principle (Fleurent
and Glover, 1999). Thus, each time a node is added to the solution, a
procedure including four operators is used to improve the tour: two op-
erators to improve the order of the nodes, one operator based on the
dynamic programming idea to make better the sequence of hotels, and
another operator to improve the sequence of hotels as well as the selec-
tion of the nodes.

Using the standard instances for the Traveling Salesman Problem with
Hotel Selection (TSPHS), Sohrabi et al. (2019) have also created new 76
benchmark instances. These instances differ from the previous ones in the
way they have been created and in terms of the number of nodes. The
results of the experiments indicate that GRASP outperforms the MA
especially when the number of trips is less than six.

The Ant Colony Optimization (ACO), which takes inspiration from the
foraging behavior of ants, is a swarm intelligence algorithm. So far,
several ACO methods have been applied successfully to the OP (Liang
et al., 2002) (Ke and Feng, 2008) and its variants, including the Team
Orienteering Problem (TOP) (Ke et al., 2008), multi-objective version of
the OP (Schilde et al., 2009), Team Orienteering Problem with Time
Windows (TOPTW) (Gambardella et al., 2012), Time-Dependent Orien-
teering Problem (TD-OP) (Verbeeck et al., 2014), Time-Dependent
Orienteering Problem with Time windows (TD-OPTW) (Verbeeck et al.,
2017), and Multi-Objective Time-Dependent Orienteering Problem
(MOTDOP) (Mei et al., 2016). In most of these algorithms, solutions are
created sequentially, and each ant successively chooses nodes to be
added to the path following a unidirectional search strategy. For more
information about the variants of the OP and the other types of solution
methods applied for solving them, we refer the interested reader to
(Gunawan et al., 2016) and (Vansteenwegen and Gunawan, 2019).

From another point of view, the OPHS is a variant of routing problems
with intermediate facilities. We refer the interested reader to (Schiffer
et al., 2019) in which this type of routing problems has been described
and categorized.

Since, according to the literature, the ACO has a good background in
solving the OPs with respect to their graph based nature, in this paper,
the ACO has been successfully applied to tackle the OPHS as an example



S. Sohrabi et al.

of the routing problem with intermediate facilities.

3. Proposed algorithm

The iterative procedure of the ACS-OPHS is started by initializing the
parameters of the algorithm. In order to construct feasible tours, the ACS-
OPHS uses two colonies of ants, whose nests are located in Hy and H;
(Section 3.1). Each ant changes pheromone levels of edges within its tour
locally (Section 3.3). To improve the solution created by each ant, a local
search procedure is employed (Section 3.4). At the end of each iteration,
the global best solution is updated if the best constructed solution is
better than that. Afterwards, pheromone trails are updated globally to
amplify exploitation (Section 3.3). Then, the next iteration of the algo-
rithm is started. The ACS-OPHS is iterated until a specific stopping
criteria has been met. The pseudocode of the ACS-OPHS is shown in
Fig. 1. In the following sub-sections, each step of the ACS-OPHS is
described in more detail. We have used Ty, to show the Euclidean dis-
tance between vertex x and vertex y. Ty and s; are the time limit of trip d
and the score of node j, respectively. Moreover, as mentioned before,
HOTELS is the set of all available hotels.

3.1. Construction phase

In the ACS-OPHS, two ant colonies, called Cy and C;, with a similar
individuals number, m, are used. Nests of Cy and C; are located in Hy and
Hj, respectively. Each ant of colony Cj starts building a feasible tour from
the first trip while the tour construction procedure is begun from the last
trip by the ants of colony C;.

Assume that an ant from colony Cy, after walking along a partial tour,
is now in trip d and the last visited hotel and vertex are H; and i,
respectively. The set FV (i) of feasible vertices that can be visited after i is
defined as follows:

FV(i)={j€ UNVISITED|3H, € FEH[d|[s] : L+ T;;+ Tjs, < T, } 1)

In this definition, UNVISITED is the set of not yet visited nodes within
the current partial tour and FEH(d][s] is the set of feasible end-hotels for
trip d with H; as the origin of the trip. Additionally, L denotes the current
length of trip d. If there is no feasible node that can be visited after vertex
i, FV(i) is defined with respect to the feasible end-hotels that can be
visited after i:

FV(i)={H, € FEH[d|[s]| L+ T;n, <T.} 2

Our proposed method to construct FEH is discussed in Section 3.2.
This method follows an offline fashion, which means that FEH[d|[s] is
determined without concerning vertex i and the other vertices visited
before i.

The same definitions are valid for an ant from colony C; that after
traversing a reversed partial tour from H; is now in trip d and the last
visited hotel and vertex are H, and i, respectively.

Initializing the parameters of the ACS-OPHS: a, S, q,. p, T, m, and the stopping
criteria

while the stopping criteria has not been met
Consider two ant colonies whose nests are in Hy and H;: €, and C;
for each ant of the colonies
Move the ant from its nest and construct a feasible tour
Update pheromone trails locally
Apply the local search procedure to improve the constructed solution
Change the global best solution if a better solution has been found

Update pheromone trails globally

Fig. 1. The general structure of the ACS-OPHS.
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FV(i)={j€ UNVISITED| 3H, € FSH[d)[e] : L+ T;;+ Ty ;<Ts } 3)
or
FV(i)= {Hk € FSH[d] [e” L+Ty,< Td} 4

FSH|[d][e] represents the set of feasible start-hotels of trip d when the
destination of this trip is H,. Our proposed method to construct the FSH is
also described in Section 3.2.

Recall that i is the last visited vertex. Each ant selects the next vertex
of its partial tour by applying the following transition rule:

argmax{rg(*r]ﬁ} q < qo (exploitation)
j={ keFv() 5)

J otherwise (exploration)

Here, q, € [0,1] is a parameter that determines the importance of
exploitation versus exploration, q is a uniform random number over [0,1],
and J is a vertex that is chosen randomly using the following probabilistic
distribution:

7% % pf
~ e ke FV(D)
E TN,
ik ik (6)

Pic = ¥ervii)
0 otherwise

In other words, with probability qo, the next vertex is the member of
FV(i) with the highest value of 74 *r; otherwise, a roulette wheel pro-
cedure is used to select a vertex from FV (i). In this case, the probability of
choosing each vertex k € FV(i) is determined using equation (6).

As it can be seen in equations (5) and (6), each ant uses two kinds of
information in order to make a decision: the pheromone information
(7ir), and the heuristic information (7). In the ACS-OPHS, #;, is defined
as follows:

e = { sj/T,v,k vertex j is a node @

1/Tiy  vertexjis a hotel,

a and f, in equations (5) and (6), are the other parameters of the ACS.
They determine the relative importance of the pheromone trails and the
heuristic information.

3.2. Identifying feasible intermediate hotels

As described in the previous section, two matrices, called FSH
(Feasible Start-Hotels) and FEH (Feasible End-Hotels), are used to
construct feasible tours. The FSH and FEH are two-dimensional matrices
with h columns and D rows. FSH]i][e] is the set of feasible start-hotels for
trip i when the destination of this trip is H, and FEH([i][s] includes feasible
end-hotels of trip i when this trip is started from H;.

These matrices are constructed before the start of the main procedure
of the ACS-OPHS. In other words, initially, concerning the time limits,
the feasible start- and end-hotels of each trip are determined. Then,
regarding this information, feasible tours are constructed in the con-
struction phase at each iteration of the algorithm.

The FSH and FEH are defined using an auxiliary graph, G* = (V' ,E').
V' is the set of vertices and contains h x (D —1) + 2 nodes that are located
in D + 1 levels. Vertex v} € V' is in level i and represents H; as the start
hotel of trip i. Since the origin of trip 1 must be Hy, the first level of G* has
only one node, called v(l,. Similarly, since H; is the only feasible desti-
nation of trip D, only one node, called v?“, is in the last level of G%. The
number of nodes in each of the other D — 1 levels is equal to h. Fig. 2
demonstrates the graphical representation of the vertices in G°.

Concerning the time limits of the trips, the set of edges, E', is con-
structed as shown in Fig. 3.
i+1

Drawing an edge between le: and v indicates that there might be a
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feasible sequence of hotels in which trip i is started from H; and ends in
Hy.. There is a doubt in the existence of this sequence since concerning the
time limits of trips i 4 1 to D, it is possible that there is not any feasible
sub-sequence of hotels starting from Hy. However, there is at least one
feasible sub-sequence of hotels for trips 1 to i in which trip i ends in H.
An example with 8 hotels and 4 trips is shown in Fig. 4. As it can be seen,
concerning only the first two trips, there are three feasible sub-sequences
of hotels in which trip 2 ends in H; (dotted lines). However, there is not
any feasible sequence of hotels in which H; is the end-hotel of trip 2.

Now the FSH and FEH can be constructed. Initially, for each i and j,
FSHi)|j] and FEH[i][j] are empty. Starting from vY*!, the graph is explored,
and if edge (v, ") is visited then:

e hotel Hy is a feasible end-hotel for trip i when the origin of this trip is
H;. Thus, FEH[i][j] = FEHI[i][j] U {Hg}.

o hotel H; is a feasible start-hotel for trip i when this trip must be ended
in Hy. Thus, FSH[i|[k] = FSH[i][k] U {H;}.

In other words, this edge indicates that there is at least one feasible
sequence of hotels in which trip i starts from H; and ends in Hy. The
construction procedure of the FSH and FEH is as shown in Fig. 5.

The time complexity of the procedure utilized for constructing the
FSH and FEH is O(DH?). Recall that D and H are the number of trips and
hotels, respectively. Since these two parameters usually do not have a
very large value in the applications of the OPHS, the procedure intro-
duced in this section is not time consuming.

3.3. Pheromone trails updating rules

After creating a feasible tour, the pheromone levels of the edges in the
tour are updated locally using the following equation:

T?}ew — (1 _/))Tg‘]d + 7y (8)

p € [0, 1] is the evaporation rate. The initial value of the pheromone level

(z0)issetto 1/ > s;. The local update occurs in the direction that the
ieNODES

tour is constructed (i.e., from Hy to H; or vice versa). In other words, if
arc (i, j) is traversed by an ant of colony Cy, 7; must be updated; however,
if an ant of colony C; goes through this edge, 7;; must be changed.

As discussed in Section 3.1, each ant of both colonies construct a
feasible tour. After that, the global best solution is updated if a better
solution is found. Finally, according to the following equation, the
pheromone levels are globally updated:

ew __ old
T = (1 _p)Ti/' + pAz;

2 3 4
V-1 Vi1 Vh-1 V-1

®@ @ © @

Fig. 2. The graphical representation of the vertices inG®.
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S and S}, are the scores of the best solutions constructed by the ants of Cy
and Ci, respectively. Moreover, S, is the score of the global best solution.
With respect to the global best solution, the global update is performed in
both directions. It means that if arc (i, j) is traversed, both 7; and 7;; are
updated. However, similar to the local updating, an unidirectional
scheme is employed to change the pheromone values regarding S and
S} (i.e., updating only occurs in the direction that the solution is created).

3.4. Local search operators

Fig. 6 shows the pseudocode of the procedure that is employed to
improve a constructed tour. This procedure consists of four operators. In
the following, these operators are described in order of usage:

a) ImproveHotels-DP: following a dynamic programming strategy, this
procedure improves the sequence of hotels with respect to the nodes
visited along the tour. This local search operator has been introduced
by Sohrabi et al. (2019) for the OPHS.

b) Exchange: following the best improvement strategy, it swaps two
nodes from two different trips, whose exchange makes the most
decrease in the traveled time. This operator is iterated until no more
improvements are possible (Sohrabi et al., 2019).

c) 2-opt: this operator reduces the length of each trip as far as possible
following the best improvement strategy. The length of the trip is
reduced iteratively. At each iteration, the pair of nodes, for which
reversing the order of visited nodes among them makes the most
reduction in length, is determined. Then, accordingly, the tour is
modified (Sohrabi et al., 2019).
Insert: this operator determines the best insertion place of each un-
visited node concerning time restrictions of the trips. Then, following
the best improvement strategy, the node that makes the most increase
in the score and then leads to the least increase in the length, is
included in the tour. This operator is iterated until no more insertions
are possible.

d

(=)

4. Experimental results

According to (Dorigo and Gambardella, 1997), a, B, p, and m are set to
1, 5, 0.9, and 10, respectively. If a better solution is not found over 1000
consecutive iterations, the algorithm is stopped. The initial value of qq is
set to 0.9. During the execution of the ACS-OPHS, the value of g is
changed to establish an equilibrium between exploitation and explora-
tion. If the global best solution is not improved over 400 consecutive
iterations, the value of qq is altered to 0.2 to increase exploration. This
parameter is set to 0.9 when a new global best tour is found. This
modification encourages exploitation (i.e., searching the space around
the new global best solution).

The ACS-OPHS has been applied to 405 benchmark instances created
by Divsalar et al. (2013) (Divsalar et al., 2014) and 76 instances designed
by Sohrabi et al. (2019). The instances created by Divsalar et al. (2013)
(Divsalar et al., 2014) are divided into 17 sets regarding the number of
hotels and the number of trips. 16 problem sets are referred to as SET
X-Y, where X is the number of hotels (excluding Hy and H;) and Y is the
number of trips. 395 of the OPHS instances are included in these sets.
One other set, which is SET 4, contains ten instances with three hotels
(excluding Hy and H;) and two or three trips. The optimal solutions are
unknown for five out of ten instances in SET 4. All the instances can be
accessed from http://www.mech.kuleuven.be/en/cib/op. Using the
TSPHS instances with at most 500 customers, Sohrabi et al. (2019) have
created 76 instances. These instances are divided into five sets. The sets
are referred to as “SET X-Y-Z” where X is the number of hotels excluding
Hy and Hi, Y is the number of trips, and Z is the name of the problem
(VRP or TSP) whose instances have been used by Vansteenwegen et al.
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D
E' = (v}, vD)|vE € Level 2,Ty yy, < Ty and Ty, y, < ZT, }
1=2
ford=2to D
for each v]fi € Leveld
if3vit e Leveld —1: (v@v') € E'

E'=E' U{(v}, v vt € Leveld + 1, Tpmy, < Ta and Ty, < P T}

Fig. 3. The construction procedure of the edges inG®.

X: The incumbent solution of the local search
N: Sequence of four neighborhood structures including
N, : ImproveHotels-DP, N,: Exchange, N5: 2-opt, and N,:
Insert
i« 1
whilei < 5
X’ < Apply neighborhood structure N; on X
if X’ is better than X
i« 1
X « X
else
i=i+1
Fig. 6. The local search procedure.
\\ Cvjz ,’ 17.? U.‘;‘ Table 1
\‘ 1 O O The configurations of the PCs on which each algorithm has been run.
\\ 2 "’ 3 ” Algorithm CPU RAM
\ I} GRASP,MA Intel Core i7 with 3.5 GHz 4 GB
\ O 1 O (j ACS Intel Core {7 with 2.5 GHz 8GB
\ I HH Intel Core i7 with 3.40 GHz 16 GB
\‘ vz" v3 4
d d d feasible solutions for all OPHS instances in a reasonable time (Divsalar
et al., 2014). In the following subsections, the results associated with the
Fig. 4. Feasible sequences of hotels andG*. MA and GRASP are the values reported in (Sohrabi et al., 2019). The
results reported in (Toledo et al., 2020) have also been used to compare
(2012) to construct the TSPHS instances. the ACS-OPHS with HH. Table 1 presents the configurations of the PCs on
As described in Section 2, four algorithms have been suggested for the which the code of each algorithm has been run. It should be mentioned
OPHS until now: SVNS, MA, a hyper-heuristic that is called HH in the that all the algorithms have been implemented in C++ and have been
following subsections, and GRASP. The ACS-OPHS is compared with all run three times over each instance. Moreover, to have some additional
of these algorithms except the SVNS since the SVNS cannot construct comparisons, the ACS-OPHS is also run for 15 and 30 times on each

for each vy € Level D
if (vl vP*) e E’
FEH[D][k] = {H,}
FSH[D][1] = FSH[D][1] U {H,}
for d = D down to 2
for cach vl € Level d
if FEH[d][k] # ¢ then
for cach v]fi’l € Leveld — 1
if (v~ vi) € E'
FEH[d —1][j] = FEH[d — 1][j] U {H,}
FSH[d — 1][k] = FSH[d — 1][k] U {H;}

Fig. 5. Construction procedure of the FSH and FEH.



Table 2

The comparison of the ACS-OPHS and the other three algorithms.
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Avg. CPU Time (s)

8ap

GRASP vs. ACS15

GRASP vs. ACS

MA vs. ACS

Optimal Solutions

Instances

ACS ACS15 MA GRASP MA ACS GRASP ACS GRASP ACS ACS ACS15 MA GRASP HH ACS ACS15 MA GRASP HH

#Ins.

SET

1.9

2.41
3.20
2.46
4.17
3.94
5.06

0.82
0.67
0.56
0.68
0.52
0.56
3.08
2.97
3.05
2.61
2.44
2.55
2.17
2.15
2.35
2.52
2.29
1.71

1.86
1.84
1.70
1.94
1.81
1.88
8.54
8.99
8.91
8.23
8.56
8.43
9.04
8.31
8.69

1.70
1.77
1.70
1.91

1.81
0.34

0.24
0.29
0.76
0.29
0.31
0.33
0.25
0.31
0.23
0.54
0.60
0.67
0.38
0.47
0.81
2.72
6.15
0.60

2.82
0.43
0.76
0.41
0.46
0.39
0.96
1.24
1.32
1.30
1.43
1.40
1.24
1.63
1.39
2.95
3.78
1.24

0.24
0.29
0.76
0.29
0.30
0.33
0.25
0.24
0.29
0.51
0.88
0.51
0.39
0.35
0.60
0.75
0.91
0.40

0.25
0.34
0.76
0.29
0.35
0.33
0.30
0.37
0.65
0.91
0.94
0.68
0.51
0.47
0.68
0.87
2.10
0.52

21

28
26

14
23

28
26

27
24

35
35
5

1-2
2-3

1.19

4 (OPT)

5-3

1.19
0.87
0.9

0.34
0.31
0.31
0.39
0.72
0.61
0.67
0.65
0.88
0.56
0.71
0.92
1.87
1.82

26
26
26
11
10
12
10

24
23
23

26
27
26
12
12
11
11

26
25
26
10
11

35

1.75
1.78
7.92
7.85

35
35
22
22
22
22
22
22
22
22
22
13
9

3-4
6-4

11

7.
7.1

31.60
34.95
39.60
33.12

10-4

11
12

12-4

7.43
5.18

8.46
7.33

15-4

10-5

37

5.
5.87

35.85
40.56
34.28
37.51

8.28
7.63
9.21

12-5

10

10
10
11
10

11
10
11
10

11
10
10
10

15-5
10-6

4.22

4.5

7.80
8.45

10
10

12-6

5.08

43.62

15-6

5.43
5.28

69.63
93.73

11.09
13.92
5.78

10.13
12.97

5.42

15-8

15-10
All Ins.

24.24

30 17 38

224 241 174 231 14 138 47

400

Column “Instances” presents the name and the number of instances for each set. For this comparison, only five out of ten instances with known optimal values in SET 4 have been considered. Column “Optimal Solutions”
shows the number of instances for which each algorithm produces the optimal solutions. In the next columns, with respect to the quality of the best solutions, each pair of algorithms are compared. For example, in column
“MA vs. ACS”, it is presented that for how many of the instances in each set the ACS-OPHS provides better solutions than the MA and vice versa. Column “gap” shows the average gap of each algorithm in each set. The last

column also contains the average CPU times in each set. To compute the average CPU time of each algorithm in each set, we perform as follows. For each instance, the average time taken for each run of the algorithm is

computed. Then, the mean of these values in each set is reported as the average CPU time in that set. A similar approach is used to obtain the average gap in each set. Besides reporting these measures for each set, in the last
row of columns “gap” and “Avg. CPU Time (s)”, the average gaps and average CPU times over all 400 instances are shown. Please note that the average total execution time of the algorithms can be obtained by multiplying

these values by three except for the ACS15 for which the corresponding value must be multiplied by 15.
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instance. In the following sections, these variants of our proposed
method are called ACS15 and ACS30, respectively.

The best solution of an algorithm for an instance is the one that is
found during all specified number of runs of the algorithm on the
instance. In all the experiments, the best solutions provided by the
algorithms are compared. To compare the algorithms in terms of the
execution time, average CPU times of the runs are considered in the
following sections. To obtain the total execution time of a specific
algorithm, the average CPU time is multiplied by the number of times
the algorithm has been run. In the appendix, Tables A1 to A.22 show
the best, average, and worst solutions that the ACS-OPHS produces
over three runs on each instance. The average execution time for each
instance is also available in these tables.

4.1. The solutions of the 405 benchmark instances introduced by
(Divsalar et al. (2013) (Divsalar et al., 2014)

In Table 2, regarding the execution time and quality of solutions,
the ACS-OPHS, MA, GRASP and HH have been compared. A measure
called gap is also used that is determined for each instance as follows:

gap— optimal 1./alue — best pjq % 100
optimal value

(10)

best 4 is the value of the best solution constructed by algorithm Alg.
The ACS-OPHS outperforms the MA in terms of:

a. The number of instances for which the optimal solutions are found,

b. The number of instances for which the solutions provided by the
ACS-OPHS is better than that of the MA,

c. The average gap in each set.

The slight differences between the computation times of these two
algorithms are negligible.

According to the results, the solutions provided by GRASP have
higher quality than those of the ACS-OPHS when the number of trips is
less than six. However, the ACS-OPHS outperforms this algorithm in
SET 15-6, 15-8 and 15-10. Regarding several comparisons, Sohrabi
et al. (2019) claimed that GRASP is a better approach to solve the
OPHS than the MA if the number of trips is less than six. In most of the
sets including instances with less than six trips, there is a little dif-
ference between the average gap of the ACS-OPHS and GRASP.
Moreover, these two algorithms provide the optimal solutions for
almost the same number of instances. Thus, we elicit that the
ACS-OPHS is at least as good as GRASP.

In contrast to GRASP, ACS-OPHS can provide high quality solu-
tions for instances with even more than six trips. Moreover, the
execution time of ACS-OPHS is significantly better than that of GRASP.

Concerning the execution time of the ACS-OPHS and GRASP, to
have a fair comparison, the ACS-OPHS has also been run 15 times on
each instance. This version of the ACS-OPHS is called ACS15. As
shown in Table 2, the ACS15 outperforms GRASP in 38 instances while
there are 17 instances for which GRASP finds better solutions than the
ACS15. Moreover, the ACS15 can find the optimal tours for more in-
stances than GRASP. The superiority of the ACS15 with respect to the
average gaps especially in the sets with more than six trips is also
remarkable. According to these results, we can conclude that the
ACS15 is as powerful as GRASP and, in some cases, it performs even
significantly better than GRASP.

Unfortunately, the detailed results of the HH are not available. This
issue makes it impossible to have some comprehensive comparisons
with this algorithm. The ACS-OPHS is compared with the HH only in
terms of the average gap and the average CPU time in each set. The
average gap of the HH is better than that of the ACS-OPHS only in six
sets. It should be noted that the results of the HH for ten instances in
SET 4 are unavailable. According to (Toledo et al., 2020), the HH
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Table 3
The five instances without known optimal solutions in SET 4.
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Instances Results Avg. Execution Time of Each Run (s)

Name BKS ACS ACS15 MA GRASP ACS ACS15 MA GRASP
100-20-3-3.0phs 368 368 368 368 368 3.31 2.54 0.66 3.02
100-25-3-3.0phs 528 526 528 524 528 3.35 3.31 1.26 6.45
102-35-3-3.0phs 324 324 324 324 324 0.95 1.05 0.52 1.90
102-40-3-3.0phs 389 389 389 386 389 1.78 1.98 0.58 3.01
102-45-3-3.0phs 447 447 447 444 447 2.75 2.66 0.58 3.93

Table 4 the optimal result is at least 6.7% more than that of the MA.

Statistical tests. Considering 172 instances for which both algorithms cannot find the
Z-Test optimal tour, the following hypotheses have also been considered:
Testlh z P-value ]&?ffvi erre::;nd for H1. The quality of the solutions provided by the ACS-OPHS is higher

than that of the MA

1 0.05 Pacs—-Pua=  3.56  0.000 0.067

0.125 In this test, Hy is also rejected using the Mann-Whitney as a non-
Normality Test parametric test. A nonparametric test has been used since, according to
TestID Anderson- P-Value Anderson-Darling test, the distributions of the gaps are not normal. Using

Darling the ACS-OPHS instead of the MA, the average gap of these 172 instances

1 ACS; MA 12.354;9.084  <0.005; <0.005 is reduced from 2.04% to 1.17%.
2 ACS15; GRASP 0.476; 1.439 0.218; <0.005
Mann-Whitney Test Test 2- ACS15 vs. GRASP:
TestID «a Wilcoxon P-Value
1 0.05 24148 0.0000 Regarding the solutions produced by ACS15 and GRASP for the in-
2 0.05 488 0.0019 stances of SET 15-6, SET 15-8, and SET 15-10, the following hypotheses

produces the optimal solutions for 217 instances while our proposed
method finds the optimal tours for 224 instances.

The detailed results of the ACS-OPHS for the five instances with un-
known optimal solutions in SET 4 are shown in Table 3. The solutions
produced by the ACS-OPHS for these instances are the same as those of
GRASP. Therefore, regarding these instances, no improvement has been
achieved using the ACS-OPHS.

To validate the above comparisons, some statistical tests, which are
explained as follows, have been performed using the gap measure. The
results of these tests are shown in Table 4.

Test 1- ACS-OPHS vs. MA:

The description of the test is the same as the one considered by
Sohrabi et al. in (Sohrabi et al., 2019). This test indicates that the per-
formance of the ACS-OPHS is significantly better than that of the MA.
Initially, the following hypotheses have been considered and then the
Z-test has been used:

HO. :The proportion of the instances for which the ACS-OPHS produces
the optimal solution is less than or equal to that of the MA

H1. :The proportion of the instances for which the ACS-OPHS produces
the optimal solution is larger than that of the MA

The test results show that Hy is rejected since P-Value is less than
0.05. The proportion of the instances for which the ACS-OPHS can find

Table 5
The solutions of the 76 benchmark instances.

have been defined:

HO. When both algorithms cannot find the optimal solution, the quality
of the solution provided by ACS15 is the same as that of the GRASP

H1. When both algorithms cannot find the optimal solution, the quality
of the solution provided by the ACS15 is higher than that of the GRASP.

This test has been performed concerning 25 instances in the three sets
for which both algorithms cannot find the optimal result. Since the
Mann-Whitney test is significant at 0.0019, it can be concluded that,
considering the largest instances in terms of the TNFS value, ACS-OPHS
outperforms GRASP. However, in the other sets, the performance of these
two methods are very similar.

4.2. The solutions of the 76 benchmark instances introduced by (Sohrabi
et al. (2019)

The results of the comparison of the MA, GRASP, and ACS-OPHS are
shown in Table 5. Regarding the execution times of the algorithms, the
results of GRASP with 20 iterations (Sohrabi et al., 2019) have been used.
The properties of the instances in each set are in the first three columns.
Similar to Table 2, in the next columns, each pair of the algorithms are
compared with respect to the quality of the solutions. The last column
shows the average CPU time of each algorithm in seconds.

Similar to the MA and GRASP, the ACS-OPHS finds the optimal so-
lutions of 12 instances in SET 4-4-VRP. The number of instances for
which the ACS-OPHS provides a better solution than the MA is more than
the number of instances for which the MA finds a better solution than the
ACS-OPHS. The performance of the ACS-OPHS is better than GRASP with

SET #Hotels #Trips MA vs. ACS GRASP-20 iter vs. ACS Avg CPU Time (s)
MA ACS GRASP ACS ACS MA GRASP-20 iter

4-4-VRP 6 4 2 2 4 0 52.51 37.76 58.42
2-3-TSP 4 3 2 12 9 3 48.95 62.50 45.75
4-4-TSP 6 4 3 9 3 8 60.79 50.25 36.98
9-7-TSP 10,11 7 4 8 1 14 37.18 30.12 30.24
8-4-TSP 10 4 6 6 6 5 59.46 54.21 55.71
Total Ins. - - 17 37 23 30 51.79 46.85 45.59
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Table 6

The ACS-OPHS improves the best-known solutions of four instances.

Instances BKS ACS-OPHS results
Value Time (s) Value Time(s)
tsp225-H4-T3-S3 10590 1037.30 10620 81.59
rd100-H6-T4-S3 4490 37.46 4500 8.91
€il76-H11-T7-S3 3800 28.38 3810 5.66
€il76-H10-T4-S4 4290 32.62 4300 8.48

20 iterations especially when the number of trips is more than six (i.e.
SET 9-7-TSP). Before, the same conclusion has also been drawn regarding
the instances introduced by Divsalar et al. (2013) (Divsalar et al., 2014).

There are 20 instances for which the ACS-OPHS produces better so-
lutions than both the MA and GRASP with 20 iterations. As shown in
Table 6, the ACS-OPHS also improves the best-known results of four in-
stances with unknown optimal solutions. Previously, the best known
results of these instances have been produced by GRASP with 500 iter-
ations. Although the execution time of the ACS-OPHS is remarkably less
than this version of GRASP, the ACS-OPHS can find better results for
these instances. The solutions found by the ACS-OPHS for these instances
are available in the appendix. This is another evidence that indicates the
power of the ACS-OPHS in comparison with the state-of-the-art
algorithms.
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4.3. Effects of the two main characteristics of the ACS-OPHS

Our proposed ACS method has two main characteristics: it uses two
colonies and modifies the value of gy during the execution time. To
evaluate the influences of these properties on the quality of the solutions,
two experiments are performed using 400 instances with known optimal
solutions introduced by Divsalar et al. (2013) (Divsalar et al., 2014):

a) The effect of using two colonies:

Three versions of the ACS-OPHS are compared. In the first one, only
colony Cj is used (i.e., at each iteration of the algorithm, 20 ants start
their tours from Hy). This version is called ACS_CO0. ACS_C1 is the second
version that only uses colony C;. The third version is the original algo-
rithm. With respect to gap, these algorithms have been compared. The
results of this test are shown in Fig. 7. While the average gap over 400
instances with known optimal solutions is 0.52% for the ACS-OPHS, this
measure equals to 1.35% and 1% for ACS_CO and ACS_C1, respectively.

b) The effect of changing the value of qo:

As mentioned before, the ACS-OPHS changes the value of gy during
its execution to establish an equilibrium between exploitation and

—4—ACS —@—ACS Cl —A—ACS_C0
8
7
g 6
g 5
o 4
g
o 3
m
> 2
<
1
0
1 2 5 3 6 10 12 15 10 12 15 10 12 15 15 15
Hotel Hotels SET 4 Hotels Hotels Hotels Hotels Hotels Hotels Hotels Hotels Hotels Hotels Hotels Hotels Hotels Hotels
-2 -3 (OPT) -3 -4 -4 -4 -4 -4 -5 -5 -5 -6 -6 -6 -8 -10
trips  trips trips ~ trips  trips  trips  trips = trips  trips = trips = trips  trips = trips  trips = trips  trips
—&— ACS 025 034 076 029 035 033 03 037 065 091 094 0.68 051 047 068 087 2.1
—8—ACS Cl 059 033 6.67 045 057 117 045 050 070 261 171 124 125 098 091 110 1.79
—A&—ACS CO 029 041 1.01 045 049 054 152 140 154 183 174 202 199 146 2.61 4.06 557
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Fig. 7. Evaluating the effect of using two colonies.
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Fig. 8. The influence of changing the value ofgo.
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Table 7
The number of runs (NR) within which the best solutions are
obtained by the ACS30.

Number of instances

1< NR<S 368

5< NR<10 19

10 <NR<15 9

1I5< NR < 2
20

20 < NR < 5
25

25 < NR < 2
30

exploration. Fig. 8 presents the results of comparing the original algo-
rithm with the variant of the ACS-OPHS that does not employ this policy
(called ACS_q0). As it can be seen, the modification of this parameter has
a significant effect on the quality of the solutions especially when the
number of trips is more than five. It should be mentioned that these in-
stances are the hardest OPHS instances (Divsalar et al., 2014). For
example, as you can see, in sets such as SET 15-6 or SET 15-8, the average
gap decreases by about 50 percent using this technique.
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when it is changed from 3 to 30.

As the second experiment, with respect to the results produced by the
ACS30, we analyze the number of runs within which the best solutions
are obtained. The results of this experiment are presented in Table 7. The
best solutions are found during the first three runs for 350 out of 405
instances (i.e., 86.42% of the instances). Moreover, as shown in Table 7,
the best solutions are produced during the first five runs for 90.86% and
during the first ten runs for 95.56% of the instances. These results show
that three or five are suitable number of times for running the proposed
algorithm.

Fig. 9 shows the average standard deviation of the values of the so-
lutions produced by the ACS15 in each set. To determine these values,
initially, the standard deviation of 15 solutions found for each instance is
calculated; then, the average of these values in each set is obtained.
Although the average standard deviation is influenced by both the
number of hotels and the number of trips, it seems that the number of
trips has more impact on this measure. This is expected since when the
number of trips increases, more different solutions are produced
following the bi-directional search strategy used in the ACS-OPHS.

In Table 8, considering the average standard deviation in each set, the
ACS15 and ACS30 are compared. These results and the results of the

Table 8
4.4. Checking the stability of the ACS-OPHS The impact of increasing the number of runs on the average standard deviation in
each set.
In this section, the stability of the ACS-OPHS is studied considering Average SD
405 standard benchmark instances created by Divsalar et al. (2013)
(Divsalar et al., 2014). To this aim, the following investigations have Sets ACS15 ACS30
been done on the best solutions produced after running the ACS-OPHS 3, 1 Hotel — 2 trips 0.55 0.56
15, and 30 times on each instance. It should be noted that, ACS-OPHS, ;Eliozels -3 trips g'zg é-gg
ACSl.S,. and ACS?O refer t? these' three versions of the algorithm. . 3 Hotels _ 4 trips 1.47 Ls7
Initially, the impact of increasing the number of runs on the quality of 5 Hotels — 3 trips 115 118
the solutions is investigated. The ACS-OPHS, ACS15, and ACS30 find the 6 Hotels — 4 trips 1.81 1.80
optimal solutions for 224, 241, and 242 instances, respectively. Although 10 Hotels - 4 trips 6.17 7.08
by increasing the number of runs from 3 to 15, the optimal solutions are 10 Hotels -5 trips 6.44 714
f d for 17 inst th . 1 inst ; hich 10 Hotels - 6 trips 10.68 10.58
ound for 17 more instances, there is only one more instance for whic 12 Hotels - 4 trips 4.89 5.68
the optimal solution is produced after changing the number of runs from 12 Hotels - 5 trips 4.01 4.65
15 to 30. While there are 51 instances for which the ACS15 produces 12 Hotels — 6 trips 8.81 8.38
better solutions than the ACS-OPHS, there are only 9 instances in which 15 H"teis -4 trips 163{231 Z-Sg
the ACS30 outperforms the ACS15. In addition, the solutions produced > Hotels =5 trips . 7
X h 15 Hotels — 6 trips 6.23 6.33
by the ACS30 are better than those of the ACS-OPHS in 55 instances. 15 Hotels — 8 trips 14.14 14.02
Therefore, it can be concluded that the improvements are more 15 Hotels — 10 trips 20.82 19.21
remarkable when the number of runs is increased from 3 to 15 versus
25.00
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Fig. 9. The average standard deviation of the values of the solutions produced by the ACS15 in each set.
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previous investigations indicate that, in our proposed method, there is a
quite well equilibrium between exploration and exploitation. Consid-
ering an OPHS instance, our algorithm does not always converge to a
similar solution in all runs; however, it produces solutions that are
distributed in a good region of the feasible search space (i.e., a region that
mostly includes the optimal or near optimal solution for that instance).
When the number of trips and hotels increases and so the problem gets
harder to solve, the exploration of our algorithm is also enhanced to
amplify the probability of finding the optimal solution. However, the
exploration is not enhanced unlimitedly. Using the pheromone trails
updating rules and the local search procedure, a suitable level of
exploitation is provided, as well.

5. Conclusion

In this paper, we proposed an ACO algorithm for the OPHS. This al-
gorithm follows the standard procedure of the ACS and is denominated as
ACS-OPHS. A novel and fast approach was also introduced to identify the
feasible intermediate hotels. Using this approach in the ACS-OPHS, tours
are constructed sequentially, which is a new point of view on the tour
construction procedure for this problem. Moreover, in contrast to some
proposed methods in the literature, this idea makes the ACS-OPHS in-
dependent from solving the OPs between all the pairs of the hotels.

The experimental results show that the ACS-OPHS is a well-
performing approach to solve the OPHS. Regarding the quality of the
solutions, it outperforms the state-of-the-art algorithms in several in-
stances. It also improves the best known results of four instances with
unknown optimal solutions.

While GRASP has a weak performance when the number of trips is
more than six, the ACS-OPHS produces high quality solutions even for
the instances with large number of hotels and trips. The main drawback
of the GRASP proposed in the literature to solve the OPHS is that it is
relatively time consuming. It is worth investigating the execution time
reduction of GRASP using the sequential tour construction procedure
that have been described in this article. So, to eliminate some drawbacks
of GRASP, this algorithm can be combined with the ACS-OPHS in the
future.

The procedure introduced for identifying feasible intermediate hotels
can be adapted for solving other problems with intermediate facilities.
Future research might also focus on adapting the ACS-OPHS to solve
similar problems. As an example, if we can fix the number of trips in the
TSPHS in such a way that all the nodes can be visited, an adapted version
of the ACS-OPHS can be applied to construct a good solution.
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