
© 2018. This manuscript version is made available under the CCBY-NC-ND 4.0 license 
http://creativecommons.org/licenses/by-nc-nd/4.0/ 

 

 

 

 

 

 

 

 

 

 

 



Accepted Manuscript

Title: A discrete water cycle algorithm for solving the
symmetric and asymmetric traveling salesman problem

Author: Eneko Osaba Javier Del Ser Ali Sadollah Miren
Nekane Bilbao David Camacho

PII: S1568-4946(18)30381-8
DOI: https://doi.org/doi:10.1016/j.asoc.2018.06.047
Reference: ASOC 4963

To appear in: Applied Soft Computing

Received date: 20-11-2017
Revised date: 11-5-2018
Accepted date: 29-6-2018

Please cite this article as: Eneko Osaba, Javier Del Ser, Ali Sadollah, Miren Nekane
Bilbao, David Camacho, A discrete water cycle algorithm for solving the symmetric
and asymmetric traveling salesman problem, <![CDATA[Applied Soft Computing
Journal]]> (2018), https://doi.org/10.1016/j.asoc.2018.06.047

This is a PDF file of an unedited manuscript that has been accepted for publication.
As a service to our customers we are providing this early version of the manuscript.
The manuscript will undergo copyediting, typesetting, and review of the resulting proof
before it is published in its final form. Please note that during the production process
errors may be discovered which could affect the content, and all legal disclaimers that
apply to the journal pertain.

https://doi.org/doi:10.1016/j.asoc.2018.06.047
https://doi.org/10.1016/j.asoc.2018.06.047


Page 1 of 34

Acc
ep

te
d 

M
an

us
cr

ip
t

A Discrete Water Cycle Algorithm for Solving the
Symmetric and Asymmetric Traveling Salesman Problem

Eneko Osabaa,∗, Javier Del Sera,b,c, Ali Sadollahd,
Miren Nekane Bilbaob, and David Camachoe

aTECNALIA Research and Innovation, 48160 Derio, Spain
bUniversity of the Basque Country (UPV/EHU), 48013 Bilbao, Spain

cBasque Center for Applied Mathematics (BCAM), 48009 Bilbao, Spain
dDepartment of Mechanical Engineering, Sharif University of Technology, 11365-11155 Tehran, Iran

eEscuela Politecnica Superior, Universidad Autonoma de Madrid, 28049 Madrid, Spain

Abstract

The Water Cycle Algorithm (WCA) is a nature-inspired meta-heuristic recently con-
tributed to the community in 2012, which finds its motivation in the natural surface
runoff phase in water cycle process and on how streams and rivers flow into the sea.
This method has been so far successfully applied to many engineering applications,
spread over a wide variety of application fields. In this paper an enhanced discrete
version of the WCA (coined as DWCA) is proposed for solving the Symmetric and
Asymmetric Traveling Salesman Problem. Aimed at proving that the developed ap-
proach is a promising approximation method for solving this family of optimization
problems, the designed solver has been tested over 33 problem datasets, comparing the
obtained outcomes with the ones got by six different algorithmic counterparts from the
related literature: Genetic Algorithm, Island-based Genetic Algorithm, Evolutionary
Simulated Annealing, Bat Algorithm, Firefly Algorithm and Imperialist Competitive
Algorithm. Furthermore, the statistical significance of the performance gaps found in
this benchmark is validated based on the results from non-parametric tests, not only
in terms of optimality but also in regards to convergence speed. We conclude that
the proposed DWCA approach outperforms – with statistical significance – any other
optimization technique in the benchmark in terms of both computation metrics.
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1. Introduction1

Routing problems are among the most studied paradigms in operations research2

and optimization. The reason for their importance and attractiveness is twofold: their3

complexity, which makes such problems difficult to solve even for simplistic optimiza-4

tion metrics and medium-sized datasets; and its inherently practical nature and social5

interest, which spans the applicability of routing algorithms to scenarios not only re-6

lated to business and logistics, but also of utility in leisure and tourism, among others.7

Indeed, the formulation of routing problems often draws inspiration from real-world8

logistic situations, hence solving a routing problem usually implies a straightforward9

business and/or social benefit. However, solving these problems efficiently remains a10

challenge for the scientific community due to their NP-hard nature, which motivates11

the adoption of very diverse technical approaches to address this optimization task in a12

computationally affordable fashion. The problem gets even more involved when bear-13

ing in mind the rich literature in regards to different formulations of routing problems,14

among which the so-called Traveling Salesman Problem (TSP, [48]) and the Vehicle15

Routing Problem (VRP, [14]) can be considered, arguably, as the most studied ones.16

In this context, many different optimization methods have been hitherto contributed17

by the research community to deal with routing problems. The most studied and used18

schemes are exact methods [45, 46], heuristics, and meta-heuristics. This paper is19

focused in the latter category, whose reported optimization techniques have demon-20

strated a notable efficiency in solving efficiently routing problems, particularly in the21

last decade. Some examples of such techniques are Tabu Search (TS, [27]) and Sim-22

ulated Annealing (SA, [42]) as local search-based methods, and Genetic Algorithm23

(GA, [28, 18]), Ant Colony Optimization (ACO, [8, 83]) or Particle Swarm Opti-24

mization (PSO, [41, 73]) as the most well-known population-based global optimizers.25

Despite the existence of these classical methods, the modification and application of26

new solvers to routing problems is on the spotlight of the scientific community. As27

a consequence of this ever-growing general interest in optimization methods, many28

successful meta-heuristic algorithms have been proposed in the last decade, such as29

the league championship algorithm [40], the Imperialist Competitive Algorithm (ICA,30

[6]), Cuckoo Search (CS, [79]), or the Firefly Algorithm (FA, [77, 84]), among others.31

In line with this research trend, this paper focuses on a recently proposed nature-32

inspired meta-heuristic algorithm, coined as the Water Cycle Algorithm (WCA, [20]).33

The search process of WCA finds its motivation in the surface runoff phase in water34

cycle process in nature, and by the physical mechanisms by which streams and rivers35

flow into the sea. As such, a population of streams forms swarms in WCA flowing36

into the rivers and sea. Movements from streams to rivers and from rivers to the sea,37

or even the fact that some streams may directly flow into the sea, provide an indirect38

drift towards the best solution. The WCA attempts at modeling the entire water cycle39

process, yet in practice its standard version mostly simulates the surface runoff phe-40

nomenon. Therefore, considering other phases in water cycle, there would be room for41

further modifications in this matter.42

We next provide an outlook on the state of the art around WCA, TSP and applica-43

tions so as to best contextualize the novel ingredients of the present study.44

2
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1.1. Literature Review and Motivation on WCA and TSP45

There are several applications of WCA in the literature for engineering purposes.46

To mention a few, Haddad et al. [33] utilized the WCA for finding the optimal opera-47

tion regime of reservoir systems. Their obtained optimization results demonstrated the48

high efficiency and reliability of the WCA for tackling reservoir operation problems.49

Ghaffarzadeh [26] utilized the WCA as a stabilizer for the optimal design of power50

systems. Baghipour et al. [7] used the WCA for finding an optimal number, location,51

and size of multiple types of distributed generation units in distribution system. Kong52

et al. [44] proposed an enhanced WCA (EWCA) for solving multi-reservoir systems53

with complex constraints.54

More recently, the WCA has been applied to urban traffic management for finding55

optimal scheduling of traffic light considering traffic congestions in traffic networks56

along with other optimizers [25]. The WCA showed lower traffic congestion espe-57

cially for larger traffic networks compared with the reported optimization methods. In58

energy, the WCA was utilized for extracting the optimal parameter setting of triple-59

junction solar cells (TJSC) operating under various irradiance and temperature levels60

[67]. Newly, a Gaussian bare-bones WCA (GBWCA) has been developed by Heidari61

and his colleagues [34]. The proposed algorithm has been applied to optimal reactive62

power dispatch problem. Resistive losses and voltage deviations were the objectives63

in reactive power dispatch problem. The proposed WCA outperformed some state-of-64

the-art optimization methods.65

Besides application-oriented contributions, many variants of the standard WCA66

have been extensively proposed since this algorithm was first proposed. For instance,67

Guney and Basbug [31] proposed quantized WCA (QWCA), and applied this modified68

solver for the synthesis of antenna array patterns. The internal quantization mechanism69

of QWCA was utilized to achieve digital values matching to the discrete values of70

the phase shifter instead of the simple rounding up/down routines after optimization.71

Praepanichawat et al. [65] proposed hybrid version of WCA by combining the WCA72

with artificial bee colony for optimally solving allocation problems. Recently, Guo73

and Li [32] utilized and combined the ER-WCA for parameter estimation of Newtons74

rings. The experimental results evinced that the efficiency of their proposed approach75

was much higher than that of fractional Fourier transform based methods. Pahnehkolaei76

et al. [63] derived and included a local optimization operator coined as gradient-based77

approach in the standard WCA. The idea exploited the concept of moving individuals78

along the steepest direction slope under a certain criterion. The proposed gradient-79

based WCA (GWCA) was employed to obtain the optimal gains of a backstepping80

controller for chaos suppression problems.81

On another note, the TSP has been central in many optimization benchmarks ever82

since the mid past century [16], and has as such been resorted frequently to empirically83

validate the performance of new discrete optimization algorithms and combinatorial84

optimizers. Indeed, various state-of-the-art optimizers have hitherto been applied to the85

TSP such as the aforementioned GA [29, 59], TS [21, 43] or SA [53, 1], withstanding86

to date as the optimization alternatives of choice in practical TSP scenarios [85, 49, 75].87

ACO and PSO have also been widely applied to the TSP [30, 55, 54]. The TSP has also88

been used as a globally accepted optimization benchmark for recently proposed nature-89

inspired approaches such as the BA [61], FA [37], CS [62], and ICA [5]. Furthermore,90

3
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it is interesting to mention hybrid approaches developed and tested with the TSP. The91

work presented in [68] is an example of a hybrid method encompassing ACO and92

gradient search. Likewise, in [52] a hybrid method based on PSO, ACO and the 3-Opt93

algorithm was presented. Other examples blend together SA and local search operators94

[86], or concepts drawn from GA, SA, PSO and ACO into a single TSP solver [13].95

The comprehensive surveys presented in [4] and [35] are highly recommended material96

for readers interested in further information about the TSP and related solvers.97

An interesting point, which must be regarded as one of the key contributions of this98

work, is the discretization of the WCA so as to undertake combinatorial optimization99

problems. The naı̈ve version of WCA was originally conceived to address continuous-100

variable problems. Subsequently, WCA has been adapted to discrete problems in some101

few works. Intuitively, the discretization strategy is a crucial design step for the final102

performance of the designed optimization algorithm. In [24], for example, a discrete103

version of WCA is presented for solving a manufacturing rescheduling problem al-104

lowing for new job insertion under two conflicting objectives: 1) the total flow of the105

system, and 2) its stability. In this work discretization was accomplished by just per-106

forming a exchange of solution parts between streams, rivers and sea triggered by a107

uniformly distributed binary variable. Recently, in [76] a binary encoded WCA is pro-108

posed for dealing with the construction of Bayesian network structures. Despite the109

nature of the problem tackled, this work also endows the WCA with some novel dis-110

crete operators for computing the position of candidate solutions. All in all, research111

on discrete versions of the WCA have not grown at the same pace than its continuous112

variable counterpart.113

In line with the last cited work on binary-encoded WCA, transfer functions are of-114

ten used in the literature for the discretization of continuous optimization problems.115

Being v-shape and s-shape two of the most widely known alternatives [57], these func-116

tions permit to convert continuous optimization methods to binary approaches, respect-117

ing the original search algorithm of the technique at hand. These functions have been118

used frequently in the literature for this purpose, such as [69] in which the perfor-119

mance of eight different functions is tested using the Gravitational Search Algorithm120

and PSO as example metaheuristics. Another interesting application was reported in121

[58], in which a v-shaped function is employed for implementing a Binary Bat Algo-122

rithm. The same function is used for the binary variant of the Dragonfly Algorithm123

proposed in [56]. Likewise, in [70] the non-unicost set covering problem is solved by124

using a Cuckoo Search method and a Black Hole optimization technique. For these125

approaches transfers functions are also utilized for efficiently handling the binary na-126

ture of the problem. The same problem is also tackled using a Firefly Algorithm with127

transfer function in [15].128

Alternatively to transfer functions, in this work we embrace the well-known path129

representation [47] for encoding solutions to both TSP and ATSP. Each solution is130

encoded as a permutation of numbers, which represents the order in which nodes are131

visited. This encoding approach is the most used in the literature for solving TSP132

and ATSP, and its natural representation of paths allows for the development of search133

operators well-suited to such problems (e.g. permutation, swapping) as the ones that134

described in forthcoming sections.135

As can be inferred from the literature reviewed above, WCA has been applied to136

4
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a wide variety of optimization problems, in which it has shown to perform better than137

some of the most renowned meta-heuristic solvers. Based on these empirical findings,138

WCA has emerged as a nature-inspired method that efficiently balances exploration and139

exploitation, encompassing both cooperative mechanisms and local search operations140

at an affordable computational effort. Although WCA has been used in problems stem-141

ming from different disciplines (as has been evinced above), this heuristic algorithm142

has not been applied to routing problems to date. All its computational advantages,143

along with the lack of research and the flourishing interest in this technique shown by144

the community are the main reasons for the work described in this manuscript. Ad-145

ditionally, WCA is easy to implement and is controlled by a reasonable number of146

parameters. These properties ease the derivation and inclusion of the herein proposed147

novel inclination mechanism into the nave WCA search procedure, which improves148

further its search capability.149

1.2. Contribution150

Bearing the above state of the art in mind, there is no precedent study on the adapta-151

tion of WCA for TSP problems, nor has this advance technique been profusely explored152

for discrete optimization problems. This paper covers this lack of research by elaborat-153

ing on a novel discrete version of the WCA (denoted hereafter as DWCA) for solving154

both classical (TSP) and asymmetric (ATSP) formulations of this routing problem. The155

main goal of the research work presented in this manuscript is to gauge whether the156

proposed DWCA is a promising approach for solving both the TSP and the ATSP. To157

this end, results obtained by the proposed DWCA will be compared to those obtained158

by three different classical techniques: GA, evolutionary SA (ESA) [81], and an Is-159

land based Genetic Algorithm (IGA) [2]. Furthermore, the performance of the DWCA160

is also compared with the discrete versions of three modern bio-inspired approaches:161

FA, BA and ICA. All these three techniques have demonstrated a notable performance162

in recent years, grasping the interest of the scientific community. This comparison163

builds upon and extends significantly the findings reported recently in [61]. Exper-164

iments have been conducted over 33 TSP-ATSP datasets extracted from the related165

literature and available publicly. With the aim of obtaining fair and objective conclu-166

sions, the statistical significance of the observed performance gaps will be analyzed by167

means of two different statistical tests along with the conventional methodology based168

on descriptive performance statistics. As the obtained results clearly show, the pro-169

posed DWCA dominates over the rest of heuristics included in the benchmark for the170

majority of simulated TSP/ATSP datasets, not only in terms of the optimality of the171

produced routes, but also in what refers to its computational efficiency under the same172

termination criterion.173

The remaining of this manuscript is organized as follows. For the sake of com-174

pleteness Section 2 formulates mathematically both TSP and ATSP problems, whereas175

Sections 3 and 4 describe the standard WCA and the proposed discrete version of the176

WCA, respectively. Numerical results obtained by reported optimizers and the pro-177

posed DWCA are tabulated and discussed in Sections 5 and 6. Finally, conclusions and178

further works are outlined in Section 7.179

5
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2. Problem Statement180

The TSP and ATSP can be represented as a complete graph G .
= (V,A), where181

V .
= {v1, v2, . . . , vN} denotes the group of vertex that represent the nodes of the graph,182

and A .
= {(vi, vj) : vi, vj ∈ V × V, i, j ∈ {1, . . . , N} × {1, . . . , N}, i 6= j} is the set183

of edges connecting every pair of nodes in V . Furthermore, each edge has an associated184

weight dij ∈ R+, standing for the traveling cost thorough this arc. In the symmetric185

version of the problem dij = dji, meaning that the cost of going from one node to186

another is the same as its reverse trip. Despite the eventual existence of some edges in187

which dij = dji, ATSP refers to the case where dij 6= dji for at least one edge in A.188

The optimization problem characterizing both the TSP and ATSP hinges on the
discovery of a route that visits every node once and only once, that is, a Hamiltonian
cycle in the graph G, whose total cost (aggregated over all vertex in V that compose
the route) is minimum. Posed formally, this generic optimization problem can be for-
mulated as

minimize
X

f(X) =
N∑
i=1

N∑
j=1
i6=j

dijxij (1a)

subject to
∑N

j=1
i6=j

xij = 1, ∀j ∈ {1, . . . , N}, (1b)∑N

i=1
i6=j

xij = 1, ∀i ∈ {1, . . . , N}, (1c)∑
i∈S
j∈S
i6=j

xij ≥ 1, ∀S ⊂ V, (1d)

where X
.
= [xij ] is a N × N binary matrix whose entry xij ∈ {0, 1} takes value189

1 if edge (i, j) is used in the solution. With all this notation in mind, the objective190

function represented in Expression (1a) is the sum of weights associated to all the arcs191

contained in the solution, i.e., the total cost of the route represented by X. Expressions192

(1b) and (1c) indicate that each node has to be visited only once. Finally, (1d) ensures193

the absence of sub-tours, and forces that any subset of nodes S has to be abandoned at194

least one time. This restriction is essential to avoid cycles along the route.195

3. Water Cycle Algorithm196

The WCA solver mimics the phenomena of flowing rivers and streams toward the
sea and derived by the observation of water cycle process in nature. Assumed that
raining or precipitation occurs, a P -sized initial population of design variables (i.e.
a population of streams) is generated at random. The best individual (i.e. the best
stream) in terms of minimal cost (for minimization problem) is selected to represent
the sea [20]. Then, a number of good streams (that is, those whose cost function values
are close to the current best record) are elected as rivers, while the rest of streams do not
change and just flow into the rivers and sea. Hence, in a N -dimensional optimization

6
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problem, a stream is a 1×N array defined as

xp = [xp1, x
p
2, x

p
3, . . . , x

p
N ] (candidate), (2)

where p ∈ {1, . . . , P}, and N is the number of design variables (problem dimension).197

As anticipated above, an initial population of streams represented by a P × N matrix198

is first generated. Then, a Psr-sized subset Psr ⊆ P
.
= {1, . . . , P} from the best199

individuals are selected to be the sea (one single sea given by the stream featuring the200

best fitness value) and rivers (the rest of streams in the aforementioned subset). The201

remaining population Pstr
.
= P − Psr represents streams that may flow into rivers or202

directly to the sea, with cardinality Pstr
.
= P − Psr.203

Judging by the value of flow intensity, each river absorbs water from the streams.
The amount of water entering a river and/or the sea, hence, varies from stream to
stream. In addition, rivers flow to the sea which is the most downhill location. The
designated streams flowing into each river and sea are given by

NSp =

⌊
Cp∑

p∈Nsr
Cp
·Nstr

⌋
, p ∈ Psr (3)

where Cp = f(xp)−minp′∈Pstr
f(xp

′
) ∀p ∈ Psr, and NSn is the number of streams

which flow to the specific rivers and sea. As can be seen in nature, streams are created
from the water of raining and join each other to generate new rivers. Some streams may
even flow directly to the sea. All rivers and streams end up in the sea that corresponds
to the current best solution. Let us assume that there are P streams of which Psr − 1
are selected as rivers, and one is selected as the sea (e.g. the candidate in the psea-th
position within the population). For the exploitation phase in the WCA search process,
new positions for streams pstr ∈ Pstr and rivers pr ∈ Psr − {ps} evolve as:

xpstr (t+ 1) = xpstr (t) + Uniform(0, C) ·
(
xλ(pstr)(t)− xpstr (t)

)
, (4)

xpr (t+ 1) = xpr (t) + Uniform(0, C) · (xpsea(t)− xpr (t)) , (5)

where t stands for the iteration index (i.e. generation), λ : Pstr 7→ Psr is a mapping204

function from streams to rivers and sea, and Uniform(0, C) denotes a realization of205

an uniformly distributed random variable between zero and the real-valued parameter206

C ∈ [1, 2]. If the solution given by a stream is better than its connecting river, the207

positions of river and stream are exchanged (i.e., the stream becomes a river and the208

river becomes a stream). A similar exchange should be applied for a river and the sea.209

Figure 1 represents a possible exchange of a stream which becomes the best solution210

among other streams and its river.211

The evaporation process operator also is introduced to avoid premature conver-
gence to local optima during the exploitation phase of the search process. Basically,
evaporation causes sea water to evaporate as rivers/streams flow to the sea. This leads
to new incoming precipitations. Therefore, the algorithm should check whether the
river/stream is close enough to the sea to make the evaporation process occur. In par-
ticular the seminal definition of the WCA solver proposes to implement evaporation
and raining whenever the Euclidean distance between the sea and the river/stream at

7
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Figure 1: Exchange of the position of the river and the stream. The star symbol represents the river, whereas
black circles stand for the best stream.

hand is less than a predefined distance dmax or, alternatively, at a minimum fixed rate
Rev ∈ [0, 1]. Evaporation consists of an adaptive decrease of the value of dmax along
iterations. A large value for dmax prevents extra searches and small values encourage
the search intensity near the sea. Therefore, dmax controls the search intensity near the
sea (i.e., best obtained solution); indeed, the evaporation operator is responsible for the
search exploration. Without loss of generality in regards to other progression laws, this
decrease of dmax can be done as

dmax(t+ 1) = dmax(t)− (dmax(t)/T ) , (6)

where t ∈ {1, . . . , T} and T denotes the maximum number of iterations. After the
evaporation condition, the raining process is applied and new streams are formed in
different locations similarly to the well-known mutation operator in GA. Hence, in the
newly generated sub-population the best stream will play a role as a new river and
other streams move toward their new river. This condition will also hold for streams
that directly flow into the sea. Locations of the newly formed streams are computed as

xpn = Uniform(LBn, UBn), (7)

where xpn denotes the n-th variable of the stream p to be formed, and (LBn, UBn)212

are the lower and upper bounds defined for xpn in the statement of the given problem,213

respectively. The newly formed stream is considered as a river flowing into the sea.214

The rest of new streams are assumed to either flow into rivers or directly into the sea.215

For further clarifying the overall process, Algorithm 1 describes the steps of WCA in216

a formal fashion, where it is assumed that the sea is replaced with the newly formed217

river upon evaporation and raining. Finally, the schematic view of the base WCA is218

illustrated on Figure 2219

4. Proposed Discrete Water Cycle Algorithm (DWCA) for the TSP/ATSP220

As can be inferred from the above explanation, the original WCA solver was mainly221

intended for continuous optimization problems. Therefore, this heuristic technique222

must be adapted in order to address combinatorial optimization problems such as the223

TSP and ATSP tackled in this paper.224

8
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Algorithm 1: Standard WCA algorithm
Data: Parameters P (population size), Psr (number of rivers and sea), dmax

(maximum distance for evaporation), Rev (minimum rate for evaporation), C
(amplitude for the position update), T (maximum number of generations), f(x)
(fitness function), {(LBn, UBn)}Nn=1 (lower and upper bounds for the
optimization variables)

Result: Optimal solution x∗, minimum fitness value f(x∗)
1 Randomly initialize the initial population considering {(LBn, UBn)}Nn=1, and select

streams (subset Pstr), rivers (corr. Pr) and sea taking into account the value of Psr

2 Calculate the cost value Cp of each stream p ∈ Pstr , and determine the designated
streams that flow into rivers and sea using Expression (3)

3 Set t = 1 (iteration number)
4 while t ≤ T or termination criterion met do
5 Update the location of streams with respect to their river/sea as per Expression (4)
6 Update the location of streams with respect to the sea as per Expression (5)
7 If the stream/river has a better fitness metric than its counterpart, exchange roles
8 for p ∈ Pr ∪ Pstr do
9 if Distance(xp(t),xpsea(t)) < dmax(t) or Uniform(0, 1) < Rev then

10 Decrease the value of dmax as per Expression (6)
11 Replace the sea with a new stream/river with location given by (7)
12 break
13 end
14 end
15 Recompute costs, subsets Pstr and Psr , and the best individual (sea) using the

updated streams/rivers
16 Set t = t+ 1

17 end
18 The best solution and its fitness are given by the psea-th candidate (namely, the sea).

Figure 2: Schematic diagram illustrating the baseline WCA search procedure.

When dealing with these particular problem datasets, solutions representing routes225

can be encoded by following very diverse strategies. As has been mentioned before,226

in this work the frequently utilized path encoding has been selected: each solution is227

9
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encoded as a permutation of numbers representing the order in which the nodes V are228

visited. For example, in a given 12-node dataset of the TSP a feasible solution can be229

encoded as x = [11, 2, 7, 6, 9, 0, 10, 8, 1, 3, 5, 4], i.e. node 11 is visited first, followed230

by nodes 2, 7 and so forth. Each individual of the population in the WCA embraces231

this encoding approach to represent a complete and feasible solution for the TSP and232

ATSP. Furthermore, the objective function used, which is also important for calculating233

the nature of each stream, is the total cost of a complete route give in Expression (1a).234

Arguably, the most difficult aspect when adapting the WCA to the considered prob-
lems is to design heuristic operators resembling how streams flow into rivers and sea,
while ensuring that they contribute effectively to the search problem under study. To
this end, in the proposed DWCA the measure of distance between the streams and their
corresponding rivers or sea is selected to be the well-known Hamming distance be-
tween the two compared individuals (routes). The Hamming distance is given by the
number of non-corresponding elements in the sequence of both individuals, e.g. if the
following vectors represent two feasible routes:

xp = [9, 7, 3, 4, 1, 5, 0, 2, 6, 8],

xp
′

= [8, 7, 3, 4, 1, 5, 0, 9, 6, 2],

their Hamming Distance DH(xp,xp
′
) would be equal to 3. Once the distance between235

the two individuals has been computed, the movement of the stream or river must be236

performed. In DWCA two well-known movement operators have been used depending237

on the distance between the river/stream and the sea, or the stream and its correspond-238

ing river:239

• Insertion: this is one of the most frequently used functions for solving combinatorial240

optimization problems of different nature. Specifically, it selects and extracts one241

randomly chosen node from the route. Afterwards, this node is re-inserted again in242

the route in a randomly selected position.243

• 2-opt: This operator first proposed in [51] has been extensively applied in different244

kinds of routing problems such as the TSP and the VRP [74, 9]. The main design245

principle behind this operator is to randomly eliminate two arcs within the existing246

route, in order to create two new arcs, avoiding the generation of sub-tours.247

Therefore, following the aforementioned behavior of Hamming Distance and the
rules of the standard WCA, the movement performed by each stream pstr ∈ Pstr to its
corresponding river or sea λ(pstr at each generation t ∈ {1, . . . , T} can be defined as:

xpstr (t+1)=Ψ
(
xpstr (t),min

{
N,
⌊
Uniform(0, C)·DH(xpstr (t),xλ(pstr)(t))

⌋})
, (8)

where Ψ(x,M) denotes the movement function that can be either the above explained248

insertion or 2-opt operators, parametrized with the number of times M this operator249

is applied to route x. The best route among all M movements performed over x is250

selected as the output of the operator. The same rationale holds for the movement of251

a stream or a river directly flowing into the sea, which is set identically as the one252

explained above by replacing xλ(pstr)(t) with xpsea(t).253
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In addition, one of the main improvements of the developed discrete version of
the WCA respect to its standard version is its ability to implement different movement
policies depending on the distance between the individuals. Specifically, every time
a river or stream is ready to perform a movement, its so-called inclination ξ(x,x′)
is computed as the ratio between the distance from the stream/river x to its desig-
nated river/sea x′ and its maximum given by N (i.e. the size of the problem). For a
stream/river x leading to river/sea x′, this yields

ξ(x,x′) =
DH(xpstr (t),xλ(pstr)(t))

N
, (9)

By assuming that the bigger the distance DH(·, ·) is, the higher the inclination254

ξ(·, ·) should be, a fast move should be enforced with a higher probability if the incli-255

nation is high. Conversely, if the distance is small the inclination decreases, which sug-256

gests that the stream is potentially in a promising area of the solution space. Thus, this257

individual should performs a slow move with higher probability. Due to the nature of258

the considered movement functions, insertion can be regarded as a slow move, whereas259

2-opt can be deemed a fast move. Therefore, 2-opt will be adopted as the selected260

movement function with probability ξ(·, ·), and insertion with probability 1 − ξ(·, ·).261

This simple but effective improvement permits the streams to crawl the space of so-262

lutions in different ways along the execution, exploring different neighborhood struc-263

tures. The main idea behind this improvement is to enhance the exploration ability of264

the DWCA method, with the ultimate aim at reaching routes of higher quality. Figure265

3 illustrates this innovative concept schematically.266

Figure 3: Schematic example of the proposed inclination mechanism.

The last aspect to detail is the evaporation condition and raining procedures. In this267

sense, the philosophy of both processes remains in the same way as the basic concept268

used in the WCA. Once the evaporation condition is satisfied, the raining process is269

executed. As in the basic version of the WCA, this procedure acts similarly to mutation270

operator in GA. More specifically, the raining process of the developed DWCA is a271

number R of consecutive random insertion movements. The overall algorithmic flow272
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of the proposed DWCA approach is schematically shown in Figure 4 and described in273

Algorithm 2.

Start

t = 0 t ≤ T?
Yes

No

End

Yes

No

Best solution given by sea

Stream
movement

C, DH (·, ·), ξ(·, ·)

River
movement

dmax

Evaporation

Evaporation
conditions met?

R

Raining

C, DH (·, ·), ξ(·, ·)

t = t+ 1
Initialization

Pstr , P

Evaluation

Evaluation

Expr. (1a)

Expr. (1a)

Figure 4: Block diagram representing the overall processing flow of the proposed DWCA solver.

Algorithm 2: Proposed DWCA algorithm
Data: Graph G representing the TSP/ATSP instance, parameters P (population size),

Psr (number of rivers and sea), dmax (maximum distance for evaporation), Rev

(minimum rate for evaporation), C (amplitude for the position update), T
(maximum number of generations), R (number of repetitions for raining phase)

Result: Optimal solution x∗, minimum fitness value f(x∗)
1 Randomly initialize the initial population with permutations of the set {1, . . . , N}, and

select streams (subset Pstr), rivers (corr. Pr) and sea taking into account Psr

2 Calculate the cost value Cp of each stream p ∈ Pstr with f(x) (fitness of a route) as
per (1a), and designate streams that flow into rivers and sea using Expression (3)

3 Set t = 1 (iteration number)
4 while t ≤ T or termination criterion met do
5 Update the location of streams x with respect to their river/sea x′ as per Expression

(8) using 2-opt as Ψ(·, ·) (with probability ξ(·, ·)) or insertion otherwise
6 If the stream/river has a better fitness metric than its counterpart, exchange roles
7 for p ∈ Pr ∪ Pstr do
8 if DH(xp(t),xpsea(t)) < dmax(t) or Uniform(0, 1) < Rev then
9 Decrease the value of dmax as per Expression (6)

10 Replace xpsea(t) with a new stream/river with location given by
incrementally performing R insertion movements onto xpsea(t)

11 break
12 end
13 end
14 Recompute Pstr and Psr using the updated streams/rivers
15 end
16 The best solution and its fitness are given by the best in {xpsea(t)}Tt=1 (the best sea).

274
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5. Experimental Setup275

The performance of the proposed DWCA approach has been gauged over 33 well-276

known and contrasted TSP/ATSP datasets. More concretely, 19 datasets have been277

used for the TSP and 14 benchmarks have been investigated for the ATSP, all extracted278

from the renowned TSPLIB repository [66] often used in routing based studies. The279

size of the considered datasets is between 17 and 264 nodes. Results obtained by the280

developed technique over these problem datasets are compared to those achieved by281

three classical search techniques from the literature – namely, GA, ESA and IGA –,282

as well as to recently proposed nature-inspired algorithms based on the BA, FA, and283

ICA heuristics. Before proceeding with further configuration details of the performed284

experiments, the basic principles of each approach used in the benchmark are next285

summarized:286

• Evolutionary Simulated Annealing (ESA): SA is one of the most used local search287

method in the literature, and is based on the physical principles explaining the metal288

cooling process. For the sake of fairness, an evolutionary version of the SA is used289

(ESA [81]) so as to consider a population-based method roughly similar to the rest290

of considered solvers.291

• Genetic Algorithm (GA): this solver emulates the genetic process of living organ-292

isms and the laws ruling the evolution of species to yield one of the most utilized293

heuristic methods for solving optimization problems [36]. In order to overcome294

the drawbacks of the standard GA, a parallel GA (PGA) was first proposed in [64],295

which provides substantial gains in performance. Three different parallel GA cate-296

gories can be found in the literature [3], namely, Panmitic model, Fine Grain, and297

Island Model. The last category consisting on multiple populations which evolve in-298

dependently, exchanging individuals at certain moments during their evolution. This299

is the parallel GA adopted in this benchmark, which will be hereafter referred to as300

IGA.301

• Firefly Algorithm: FA was proposed in [77] hinging on the flashing behavior of fire-302

flies, which acts as a signal system to attract other fireflies. This meta-heuristic opti-303

mization algorithm has been also applied to a wide range of optimization fields and304

problems since its proposal, with extensive surveys [23, 22] evincing the momentum305

gained by this solver within the community.306

• Bat Algorithm: BA [78] is based on the echolocation capability of microbats, which307

are able to find their prey and discriminate different kinds of insects even in complete308

darkness. Similarly to FA, BA is also a successful meta-heuristic, which has scored309

a promising performance in a variety of optimization problems [80, 12].310

• Imperialist Competitive Algorithm: this optimizer finds its roots in the concept of311

imperialism, dividing the whole population in independent empires [6]. Individu-312

als of the empire are divided into two categories depending on their roles inside the313

population: imperialist states (i.e. the best country within the empire) and colonies.314

Thus, colonies make their movements on the space of solutions based on the im-315

perialist state of their corresponding empire. At the same time, empires fight to316
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each other aimed at conquering the weakest colonies of the rest of empires. Several317

application scenarios have so far resorted to ICA, such as [39, 38].318

At this point it is important to mention that results obtained by all the comparison319

techniques (GA, IGA, ESA, FA, BA, and ICA) have been drawn from the recently pub-320

lished work in [61]. For this reason, and because of the different computers used for321

running each technique, the computational effort is evaluated by inspecting the conver-322

gence rate of each technique (namely, the number of function evaluations needed for323

converging under a given stopping criterion for the search process), instead of measur-324

ing the runtime. As proven in several studies, this is a fair, implementation-agnostic325

methodology to compare techniques that have been run in different computing plat-326

forms [72, 10]. Furthermore, 20 independent runs have been executed for each (prob-327

lem, technique) combination so as to provide statistically reliable insights on the per-328

formance of every technique over each problem instance. Furthermore, two different329

statistical tests are utilized to verify whether the performance gaps discovered among330

the considered techniques are statistically relevant.331

Based on the good practices described in [60], similar parameters and functions332

have been used in all heuristics included in the benchmark. The goal is to determine333

which technique produces better results using the same stopping condition: each run334

finishes when there are N +
∑N
k=1 generations without improvements in the best so-335

lution found, where N is the size of the problem [61]. This termination criterion is the336

same used for the rest of the methods used in the experimentation. Table 1 summarizes337

the parameters configured for GA, IGA and ESA. It can be observed that ESA counts338

with two different successor functions, meaning that every individual has its own ran-339

domly assigned successor function. A similar procedure has been considered in GA340

with the crossover function, and in PGA and IGA with the mutation function. Finally,341

the guidelines given in [50, 82] have been followed for the parameter setting of FA,342

BA and ICA. Furthermore, the same population size (namely, P = 48 individuals) has343

been used also for DWCA, FA, BA and ICA. The Hamming distance function DH(·, ·)344

has been used for the movement phase in all considered solvers.

GA IGA ESA
Parameter Value Parameter Value Parameter Value

Population size 50 Population size 4 subpob. of 13 individuals Population size 50
Crossover function OX Crossover functions OX & OBX Successor functions 2-opt & Insertion
Mutation functions Insertion & 3-opt Mutation functions Insertion & 3-opt Temperature −sup∆f/ln(p)
Cross. prob. 0.95 Cross. prob. [0.95, 0.9, 0.8, 0.75] Cooling constant 0.95
Mut. prob. 0.25 Mut. prob. [0.05, 0.1, 0.2, 0.25]
Selection func. Binary tournament Selection func. Binary tournament
Survivor func. Binary tournament Survivor func. Binary tournament

Migration Strat. Best-Replace-Worst [11]

Table 1: Parameter setting of GA, IGA and ESA for the TSP and ATSP. OX: Order Crossover ([17]). OBX:
Order Based Crossover ([71]). −sup∆f is the difference in the objective function of the best and the worse
individuals of the initial population, and p = 0.95.

345

Regarding DWCA, the number of rivers and sea Psr has been established to 10 in-346

dividuals (approximately 20% of the entire population), leading to a number of streams347

equal toPstr = 38. Values of dmax andR have been set to 5% and Uniform(0, b0.5Nc)348

with respect to the problem size N of every simulated instance, respectively. These349
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parameters have been set empirically after the repetition of several experiments and350

performing a sensitivity analysis. All tests conducted with DWCA have been carried351

out on an Intel Core i7-7600U laptop, with 2.80 GHz and a 16 GB RAM. On the other352

hand, tests performed with the other six techniques were run on an Intel Xeon E5 2650353

v3 computer, with 2.30 GHz and 32 GB RAM. Java was used as the programming354

language for all simulations.355

Before proceeding with the analysis of the results, it should be highlighted that the356

main objective of this benchmark is not to find the optimum solution to these prob-357

lems, but instead to prove that the designed DWCA solver can be adapted to tackle358

routing problems and hence, to provide empirical evidences of the potential of this359

meta-heuristic to address other combinatorial optimization problems.360

6. Results and Discussion361

The discussion begins with Table 2, which shows the optimization results obtained362

by DWCA, GA, IGA and ESA. Average and best results, standard deviation, and con-363

vergence behavior are provided for each (problem, technique) combination, with the364

best solution and the best average results across all heuristics highlighted in bold. Rel-365

ative differences between the best result found and the optima are also depicted. Also366

is included in the table the mean generation number tconv for which the stopping cri-367

terion was met for every technique and problem instance. Furthermore, and for the368

sake of the completeness of the study, the runtimes rt presented by the DWCA are369

also presented (in seconds). Specifically, the runtime shown in both computers above370

described is depicted for each instance (Intel Core i7-7600U - Intel Xeon E5 2650371

v3). As previously mentioned, and since the performed experiments have been con-372

ducted in different computers, a comparison based on the runtime will not be made in373

this research. Instead, the convergence behavior will be used for the evaluation of the374

computational effort.375

Different conclusions can be extracted from the obtained outcomes. First, DWCA376

dominates GA, IGA and ESA in 84.84% of the simulated problem datasets (28 out377

of 33). Specifically, DWCA scored better results in 84.21% of the TSP datasets, and378

in 85.71% of the ATSP datasets. Method by method, DWCA outperforms GA in 31379

of the 33 simulated cases, and IGA and ESA in 29 of the 33 datasets. These results380

are supported by the statistical tests discussed later in this section. Important is to381

highlight the robustness featured by the proposed DWCA solver over the simulated382

problem datasets. A deeper look at Table 2 reveals that the standard deviations of the383

results attained by the proposed discrete method are lower than the ones reached by384

the rest of the algorithms. This noted fact suggests that the quality of the solutions385

obtained by the DWCA is more stable, promoting DWCA as a more reliable solver in386

addition to its better performance in terms of optimality. This issue is crucial in case387

the method is used for solving complex real-world problems for which several runs are388

not computationally affordable. Finally, analyzing the convergence behavior shown389

by each technique (quantified by tconv), it is concluded that in this aspect DWCA also390

outperforms the rest of methods in more than 90% of the simulated cases. This behavior391

is also a practical advantage, since better results are obtained at a lower number of392

function evaluations.393
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Instance DWCA GA IGA ESA
Avg Best Std tconv rt Avg Best Std tconv Avg Best Std tconv Avg Best Std tconv

Name Optima TSP
Oliver30 420 420.0 420 (+0.0%) 0.0 1.8 0.2 - 0.4 422.8 420 (+0.0%) 3.4 25.4 421.5 420 (+0.0%) 2.1 22.7 420.0 420 (+0.0%) 0.0 23.9
Eilon50 425 427.5 425 (+0.0%) 1.4 7.2 0.8 - 2.7 427.6 426 (+0.2%) 5.8 90.4 427.0 425 (+0.0%) 2.2 90.5 427.4 427 (+0.4%) 1.7 94.3
Eil51 426 428.4 426 (+0.0%) 2.0 8.0 0.7 - 2.9 440.8 427 (+0.2%) 7.3 88.8 434.4 426 (+0.0%) 4.5 89.7 431.6 426 (+0.0%) 2.9 85.9
Berlin52 7542 7542.0 7542 (+0.0%) 0.0 15.7 0.9 - 2.8 7542.0 7542 (+0.0%) 0.0 130.6 7542.0 7542 (+0.0%) 0.0 118.3 7542.0 7542 (+0.0%) 0.0 128.2
St70 675 678.6 675 (+0.0%) 2.2 90.4 2.9 - 9.7 709.8 675 (+0.0%) 5.7 220.9 690.2 675 (+0.0%) 9.8 234.7 682.1 675 (+0.0%) 3.9 216.0
Eilon75 535 545.4 535 (+0.0%) 4.8 98.8 4.4 - 12.9 565.6 550 (+2.8%) 14.2 269.1 552.4 544 (+1.6%) 7.6 283.1 550.2 545 (+1.8%) 3.9 273.2
Eil76 538 547.9 543 (+0.9%) 3.3 116.9 3.7 - 13.0 565.4 545 (+1.3%) 9.8 284.3 557.7 545 (+1.3%) 6.8 276.1 553.7 546 (+1.4%) 4.2 262.8
KroA100 21282 21348.1 21282 (+0.0%) 47.9 473.4 10.7 - 34.1 21812.4 21350 (+0.3%) 420.8 742.7 21731.8 21345 (+0.2%) 340.7 795.4 21481.7 21282 (+0.0%) 150.1 784.8
KroB100 22140 22450.7 22178 (+0.1%) 164.4 605.0 8.9 - 32.6 22687.4 22176 (+0.1%) 407.7 753.4 22712.6 22208 (+0.3%) 312.8 731.6 22602.2 22202 (+0.2%) 210.2 729.8
KroC100 20749 20934.7 20769 (+<0.1%) 124.6 555.4 11.7 - 34.7 21510.4 20861 (+0.5%) 390.2 738.2 21298.7 20830 (+0.4%) 290.7 746.1 21170.4 20749 (+0.0%) 188.7 726.3
KroD100 21294 21529.6 21361 (+0.3%) 113.9 526.7 10.4 - 38.2 22184.6 21492 (+0.9%) 405.0 673.4 21696.9 21582 (+1.3%) 408.9 685.0 21726.5 21500 (+0.9%) 156.9 689.4
KroE100 22068 22246.2 22130 (+0.3%) 66.1 657.6 10.0 - 38.6 22741.3 22150 (+0.3%) 306.0 813.4 22721.9 22110 (+0.2%) 368.0 800.9 22499.7 22099 (+0.1%) 171.4 791.7
Eil101 629 645.9 639 (+1.5%) 2.9 602.2 13.3 - 42.3 673.8 655 (+4.1%) 12.5 613.7 660.7 650 (+3.3%) 7.5 604.3 658.4 650 (+3.3%) 4.4 598.1
Pr107 44303 44647.1 44442 (+0.3%) 117.6 602.1 15.7 - 53.7 45619.6 44392 (+0.2%) 1395.4 679.0 44902.5 44428 (+0.2%) 660.3 683.0 44821.5 44413 (+0.2%) 179.3 661.9
Pr124 59030 59338.9 59030 (+0.0%) 163.6 1885.8 29.5 - 86.3 59901.0 59030 (+0.0%) 562.6 1528.4 59912.8 59072 (+<0.1%) 532.1 1512.4 59593.6 59030 (+0.0%) 367.8 1446.9
Pr136 96772 98761.4 97488 (+0.7%) 741.2 2381.4 35.6 - 136.3 100472.4 98432 (+1.7%) 1225.6 2412.0 99932.7 98532 (+1.8%) 1301.2 2320.9 99858.3 98499 (+1.7%) 655.7 2318.2
Pr144 58537 58734.6 58537 (+0.0%) 167.2 3773.4 45.5 - 145.0 60591.4 58599 (+0.1%) 2342.8 3746.3 58893.0 58581 (+<0.1%) 1012.4 3837.6 58807.3 58574 (+<0.1%) 220.9 3678.4
Pr152 73682 74202.6 73682 (+0.0%) 309.3 4049.5 54.2 - 191.5 75658.3 74520 (+1.1%) 910.8 3782.4 75126.7 74249 (+0.7%) 1005.7 3631.2 74969.5 74172 (+0.6%) 498.9 3853.9
Pr264 49135 49528.6 49310 (+0.3%) 1302.7 5963.7 72.3 - 312.7 52499.8 51712 (+5.2%) 932.4 6081.3 52290.0 51653 (+5.1%) 782.7 6208.0 52198.5 51603 (+7.2%) 426.1 6096.4
Name Optima ATSP
br17 39 39.0 39 (+0.0%) 0.0 0.5 0.1 - 0.1 39.0 39 (+0.0%) 0.0 0.4 39.0 39 (+0.0%) 0.0 0.3 39.0 39 (+0.0%) 0.0 0.3
ftv33 1286 1308.7 1286 (+0.0%) 20.5 9.5 0.4 - 1.8 1409.4 1290 (+0.3%) 81.2 15.7 1402.7 1286 (+0.0%) 99.7 15.3 1322.5 1286 (+0.0%) 24.5 13.9
ftv35 1473 1485.8 1473 (+0.0%) 9.7 14.1 0.6 - 2.2 1597.2 1490 (+1.1%) 78.4 15.2 1589.0 1498 (+1.6%) 82.1 14.8 1490.3 1473 (+0.0%) 29.5 14.1
ftv38 1530 1549.0 1530 (+0.0%) 16.9 16.8 1.0 - 3.2 1670.4 1565 (+2.2%) 67.4 23.6 1650.1 1560 (+1.9%) 72.1 24.1 1568.8 1530 (+0.0%) 21.0 23.4
p43 5620 5620.0 5620 (+0.0%) 0.0 8.3 0.9 - 3.0 5625.2 5620 (+0.0%) 5.4 15.8 5620.0 5620 (+0.0%) 0.0 13.2 5620.0 5620 (+0.0%) 0.0 13.8
ftv44 1613 1665.0 1613 (+0.0%) 24.1 23.8 1.6 - 4.9 1780.0 1649 (+2.2%) 94.7 48.4 1800.3 1645 (+2.0%) 120.7 42.8 1718.9 1645 (+2.0%) 39.2 45.0
ftv47 1776 1827.8 1776 (+0.0%) 32.6 26.0 1.7 - 5.6 1963.1 1820 (+2.4%) 89.6 49.3 1957.4 1822 (+2.2%) 118.4 47.3 1879.8 1795 (+1.0%) 52.7 46.6
ry48p 14422 14517.8 14429 (+<0.1%) 53.9 24.3 1.8 - 6.8 14992.1 14545 (+0.8%) 340.7 19.7 14892.0 14530 (+0.7%) 201.8 20.4 14598.0 14485 (+0.4%) 108.7 19.1
ft53 6905 7199.4 6971 (+0.9%) 134.4 32.2 2.7 - 10.8 7568.4 7270 (+5.2%) 358.7 66.8 7445.2 7076 (+2.4%) 430.0 65.1 7314.7 6990 (+1.2%) 157.8 65.2
ftv55 1608 1691.4 1608 (+0.0%) 35.8 32.5 3.4 - 12.5 1871.1 1700 (+5.7%) 132.1 75.8 1970.8 1742 (+8.3%) 120.1 69.7 1822.6 1725 (+7.2%) 70.1 75.1
ftv64 1839 1961.0 1900 (+3.3%) 33.3 67.1 5.8 - 21.5 2205.7 2014 (+9.5%) 127.4 96.9 2262.1 2080 (+13.1%) 152.1 96.7 2072.3 1955 (+6.3%) 65.0 93.4
ftv70 1950 2126.2 2014 (+3.2%) 51.6 88.1 6.7 - 29.1 2315.8 2184 (+12.0%) 140.7 142.7 2351.7 2135 (+9.4%) 134.2 149.1 2312.6 2200 (+12.8%) 67.2 146.7
ft70 38673 40111.1 39669 (+2.5%) 252.5 82.2 6.9 - 29.7 40400.7 39407 (+1.9%) 620.4 149.7 40672.4 39241 (+1.4%) 781.8 142.7 40551.4 39650 (+2.5%) 467.2 136.9
kro124p 36230 39252.8 37412 (+3.2%) 713.8 468.1 34.0 - 132.3 42250.3 39265 (+8.3%) 1825.4 419.7 42101.9 39099 (+7.9%) 1072.4 429.7 42132.0 40019 (+10.4%) 1250.7 451.0

Table 2: Obtained optimization results using DWCA, GA, IGA, and ESA for TSP and ATSP datasets.

Instance DWCA BA FA ICA
Avg Best Std tconv rt Avg Best Std tconv Avg Best Std tconv Avg Best Std tconv

Name Optima TSP
Oliver30 420 420.0 420 (+0.0%) 0.0 1.8 0.2 - 0.4 420.0 420 (+0.0%) 0.0 2.1 420.0 420 (+0.0%) 0.0 3.4 420.0 420 (+0.0%) 0.0 3.9
Eilon50 425 427.5 425 (+0.0%) 1.4 7.2 0.8 - 2.7 427.4 425 (+0.0%) 1.3 22.8 427.2 425 (+0.0%) 1.8 17.9 427.9 425 (+0.0%) 2.1 18.0
Eil51 426 428.4 426 (+0.0%) 2.0 8.0 0.7 - 2.9 428.1 426 (+0.0%) 1.6 15.3 430.8 426 (+0.0%) 2.3 18.2 432.3 426 (+0.0%) 3.1 17.8
Berlin52 7542 7542.0 7542 (+0.0%) 0.0 15.7 2.9 - 2.8 7542.0 7542 (+0.0%) 0.0 20.0 7542.0 7542 (+0.0%) 0.0 23.8 7542.0 7542 (+0.0%) 0.0 24.5
St70 675 678.6 675 (+0.0%) 2.2 90.4 2.9 - 9.7 679.1 675 (+0.0%) 2.8 72.6 685.3 675 (+0.0%) 4.0 74.3 684.7 675 (+0.0%) 3.7 73.8
Eilon75 535 545.4 535 (+0.0%) 4.8 98.8 4.4 - 12.9 547.4 535 (+0.0%) 3.9 116.5 543.6 535 (+0.0%) 5.3 173.8 551.7 537 (+0.3%) 6.8 169.8
Eil76 538 547.9 543 (+0.9%) 3.3 116.9 3.7 - 13.0 548.1 539 (+0.1%) 3.8 91.5 556.8 543 (+0.9%) 4.9 167.1 557.6 544 (+1.1%) 5.8 168.5
KroA100 21282 21348.1 21282 (+0.0%) 47.9 473.4 10.7 - 34.1 21445.3 21282 (+0.0%) 116.5 738.8 21483.6 21282 (+0.0%) 163.7 809.4 21500.3 21282 (+0.0%) 183.4 820.2
KroB100 22140 22450.7 22178 (+0.1%) 164.4 605.0 8.9 - 32.6 22506.4 22140 (+0.0%) 221.3 461.0 22604.8 22183 (+0.1%) 243.9 820.3 22599.7 22180 (+0.1%) 244.9 816.8
KroC100 20749 20934.7 20769 (+<0.1%) 124.6 555.4 11.7 - 34.7 21050.0 20749 (+0.0%) 164.7 872.2 21096.3 20756 (+<0.1%) 148.3 818.6 21103.9 20756 (+<0.1%) 161.1 820.0
KroD100 21294 21529.6 21361 (+0.3%) 113.9 526.7 10.4 - 38.2 21593.4 21294 (+0.0%) 141.6 600.3 21683.8 21408 (+0.5%) 163.7 843.5 21666.8 21399 (+0.4%) 174.0 840.2
KroE100 22068 22246.2 22130 (+0.3%) 66.1 657.6 10.0 - 38.6 22349.6 22068 (+0.0%) 169.6 602.9 22413.0 22079 (+<0.1%) 183.0 883.1 22453.3 22083 (+<0.1%) 196.9 881.3
Eil101 629 645.9 639 (+1.5%) 2.9 602.2 13.3 - 42.3 646.4 634 (+0.7%) 4.9 512.7 659.0 643 (+2.2%) 8.1 618.2 663.8 644 (+2.3%) 9.6 622.1
Pr107 44303 44647.1 44442 (+0.3%) 117.6 602.1 15.7 - 53.7 44793.8 44303 (+0.0%) 232.4 679.0 44790.4 44303 (+0.0%) 227.3 725.0 44803.3 44303 (+0.0%) 302.7 721.4
Pr124 59030 59338.9 59030 (+0.0%) 163.6 1885.8 29.5 - 86.3 59412.1 59030 (+0.0%) 265.9 1602.5 59404.3 59030 (+0.0%) 257.9 1603.0 59436.9 59030 (+0.0%) 299.4 1612.4
Pr136 96772 98761.4 97488 (+0.7%) 741.2 2381.4 35.6 - 136.3 99351.2 97547 (+0.8%) 707.2 2866.6 99683.7 97716 (+0.9%) 831.3 2769.9 99583.7 97736 (+0.9%) 848.9 2775.2
Pr144 58537 58734.6 58537 (+0.0%) 167.2 3773.4 42.2- 145.0 58876.2 58537 (+0.0%) 295.6 4361.1 58993.3 58546 (+<0.1%) 300.1 4131.1 59070.9 58563 (+<0.1%) 323.0 4122.7
Pr152 73682 74202.6 73682 (+0.0%) 309.3 4049.5 54.2 - 191.5 74676.9 73921 (+0.3%) 426.5 4853.1 74934.3 74033 (+0.4%) 483.7 4811.1 74886.7 74052 (+0.5%) 513.9 4794.8
Pr264 49135 49528.6 48310 (+0.3%) 1302.7 5963.7 72.3 - 312.7 50908.3 49756 (+1.2%) 887.0 6375.4 51837.0 50491 (+2.7%) 760.8 6733.0 51943.6 50553 (+2.8%) 863.7 6721.0
Name Optima ATSP
br17 39 39.0 39 (+0.0%) 0.0 0.5 0.1 - 0.1 39.0 39 (+0.0%) 0.0 0.3 39.0 39 (+0.0%) 0.0 0.3 39.0 39 (+0.0%) 0.0 0.3
ftv33 1286 1308.7 1286 (+0.0%) 20.5 9.5 0.4 - 1.8 1318.1 1286 (+0.0%) 25.7 14.6 1320.9 1286 (+0.0%) 21.9 14.7 1324.6 1286 (+0.0%) 28.3 15.1
ftv35 1473 1485.8 1473 (+0.0%) 9.7 14.1 0.6 - 2.2 1493.7 1473 (+0.0%) 8.0 12.7 1498.8 1473 (+0.0%) 10.4 16.2 1490.6 1473 (+0.0%) 11.9 15.2
ftv38 1530 1549.0 1530 (+0.0%) 16.9 16.8 1.0 - 3.2 1562.0 1530 (+0.0%) 13.7 25.5 1560.4 1530 (+0.0%) 14.6 26.5 1565.6 1530 (+0.0%) 15.8 27.1
p43 5620 5620.0 5620 (+0.0%) 0.0 8.3 0.9 - 3.0 5620.0 5620 (+0.0%) 0.0 11.8 5620.0 5620 (+0.0%) 0.0 15.3 5620.0 5620 (+0.0%) 0.0 14.7
ftv44 1613 1665.0 1613 (+0.0%) 24.1 23.8 1.6 - 4.9 1683.7 1613 (+0.0%) 27.2 41.8 1690.8 1620 (+0.4%) 32.3 47.2 1694.3 1622 (+0.5%) 54.0 46.9
ftv47 1776 1827.8 1776 (+0.0%) 32.6 26.0 1.7 - 5.6 1863.6 1796 (+1.1%) 39.3 47.8 1858.3 1795 (+1.0%) 63.4 46.8 1873.0 1799 (+1.2%) 70.1 45.9
ry48p 14422 14517.8 14429 (+<0.1%) 53.9 24.3 1.8 - 6.8 14544.8 14422 (+0.0%) 79.7 42.1 14694.4 14453 (+0.2%) 94.7 54.0 14689.8 14463 (+0.2%) 73.6 53.4
ft53 6905 7199.4 6971 (+0.9%) 134.4 32.2 2.7 - 10.8 7294.1 7001 (+1.3%) 196.9 61.6 7302.0 6993 (+1.2%) 186.4 70.8 7320.1 7002 (+1.4%) 200.3 69.4
ftv55 1608 1691.4 1608 (+0.0%) 35.8 32.5 3.4 - 12.5 1737.5 1608 (+0.0%) 50.5 71.8 1790.6 1628 (+1.2%) 64.0 76.0 1801.4 1630 (+1.3%) 83.0 78.4
ftv64 1839 1961.0 1900 (+3.3%) 33.3 67.1 5.8 - 21.5 1999.2 1879 (+2.1%) 68.2 89.8 2041.6 1903 (+3.4%) 73.4 99.4 2040.8 1900 (+3.3%) 81.3 99.8
ftv70 1950 2126.2 2014 (+3.2%) 51.6 88.1 6.7 - 29.1 2233.2 2111 (+8.2%) 48.8 134.9 2290.8 2173 (+11.4%) 60.0 155.9 2322.6 2167 (+11.1%) 63.3 152.6
ft70 38673 40111.1 39669 (+2.5%) 252.5 82.2 6.9 - 29.7 40309.7 39901 (+3.1%) 131.5 136.7 40694.8 39668 (+2.5%) 494.6 142.8 40699.7 39660 (+2.5%) 534.9 140.0
kro124p 36230 39252.8 37412 (+3.2%) 713.8 468.1 34.0 - 132.3 39213.7 37538 (+3.6%) 438.5 451.0 41637.5 39438 (+8.8%) 1094.7 461.5 41608.3 39400 (+8.7%) 1116.8 456.6

Table 3: Obtained optimization results using DWCA, BA, FA, and ICA for TSP and ATSP datasets.

The discussion follows with Table 3, where the results obtained by ICA, BA and FA394

are shown along with those achieved by the proposed DWCA. Similar conclusions can395

be drawn from this second result set; in this case, DWCA also outstands as the solver396

with best results. Specifically, it shows the best performance in 73.68% of the TSP397

datasets (14 out of 19), with significantly worse results only in 3 datasets. In regards398

to ATSP datasets, DWCA obtained better results in 78.57% of the cases, showing the399

same performance in 2 datasets, and worse performance just in one single case. Over-400

all, DWCA outperforms the rest of the alternatives in 75.75% of the datasets (25 out401
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of 33), being surpassed only in 12.12% of the cases. When comparing among every402

pair of techniques, DWCA outperformed BA in 78.78% of the datasets, FA in 81.81%403

of the cases, and ICA in 29 of the 33 datasets. On the other hand, DWCA has been404

surpassed by BA only in 3 datasets, and by FA just in 2 of the cases. Furthermore, the405

ICA never occurred to outperform DWCA. Conclusions about the robustness and the406

convergence of DWCA hold as in the previous experimentation.

TSP ATSP
Algorithm Ranking Algorithm Ranking

DWCA 1.5789 DWCA 1.4643
BA 2.3684 BA 2.4643

ESA 4.2632 ESA 4.2857
GA 6.5526 GA 6.1429
IGA 5.6316 IGA 5.6786
FA 3.5000 FA 3.6786

ICA 4.1053 ICA 4.2857

Table 4: Average rankings returned by the Friedman’s non-parametric test for the results’ quality.

407

Following the guidelines in [19], two different tests have been carried out to re-408

solve the statistical relevance of the reported performance gaps. To begin with, the409

Friedman’s non-parametric test for multiple comparison allows proving if there are sig-410

nificant differences in the results obtained by all reported methods. Table 4 displays the411

mean ranking returned by this nonparametric test for each of the compared algorithms412

and problems (the lower the rank, the better the performance). Thus, for the TSP the413

Friedman statistic (distributed according to χ2 with 6 degrees of freedom) was equal414

to 73.415. Furthermore, the confidence interval has been set to 99%, being 16.812 the415

critical point in a χ2 distribution with 6 degrees of freedom. Since 73.415 > 16.812, it416

can be concluded that there are significant differences among the results, thus DWCA417

can be regarded as the method having the lowest rank. Regarding ATSP datasets, and418

taking into account also the results shown in Table 4, the Friedman statistic test for this419

problem family is 49.393. Since 49.39 > 16.812, the same conclusion follows as for420

the TSP problem portfolio.421

The second statistical test is the Holm’s post-hoc test. For correctly conducting422

this test, DWCA has been set as the control algorithm. Table 5 gathers the unadjusted423

and adjusted p-values obtained through the application of Holm’s post-hoc procedure.424

From these p-values it can be concluded that DWCA is significantly better than GA,425

IGA, ESA, FA, and ICA for both TSP and ATSP at a 95% confidence level. Finally,426

the DWCA is better than the BA for both TSP and ATSP, but not significantly from the427

statistical point of view.428

In order to delve further into the comparison among DWCA and BA, an addi-429

tional statistical analysis has been made in terms of convergence behavior. The analysis430

aims at exploring whether the lack of significance in terms of optimality between both431

solvers spans to their convergence behavior, in other words, whether both solvers per-432

form statistically similarly in terms of convergence speed and optimality. To this end,433

both non-parametric Friedman and post-hoc Holm’s tests have been conducted over434

the recorded values of tconv for every problem instance and DWCA and BA. In this435

sense, the obtained Friedman statistic (Table 6.a) has been 25.136. Under a confidence436

interval of 99% (with 9.210 as the critical point in a χ2 distribution with 2 degrees of437

17



Page 18 of 34

Acc
ep

te
d 

M
an

us
cr

ip
t

TSP ATSP
Algorithm Unadjusted p Adjusted p Algorithm Unadjusted p Adjusted p

GA 0 0 GA 0 0
IGA 0 0 IGA 0 0
ESA 0.000128 0.000513 ESA 0.000549 0.002197
ICA 0.000313 0.000938 ICA 0.000549 0.002197
FA 0.006127 0.012253 FA 0.006689 0.013378
BA 0.259992 0.259992 BA 0.220671 0.220671

Table 5: Unadjusted and adjusted p-values obtained as a result of the application of Holm’s post-hoc proce-
dure using DWCA as the control algorithm.

freedom), it can be said that there are significant differences, thus the DWCA is the438

technique with the lowest rank. This interesting result is also buttressed by the results439

depicted in Table 6.b, where the Holm’s test proves that DWCA is significantly better440

than both BA and FA optimizers (all p-values are lower than 0.05).

Algorithm Ranking
DWCA 1.4242

BA 1.9242
FA 2.6515

Algorithm Unadjusted p Adjusted p
FA 0.000001 0.000001
BA 0.042254 0.042254

(a) (b)

Table 6: (a) Average rankings returned by the Friedman’s non-parametric test for the convergence behavior
analysis; (b) unadjusted and adjusted p-values obtained as a result of the application of Holm’s post-hoc
procedure using DWCA as the control algorithm for the convergence behavior analysis.

441

Finally, and with the aim of seeking completeness of this research, the convergence442

behavior of all seven methods are directly compared in the following Figure 5 for the443

TSP, and Figure 6 for the ATSP. These figures support the analysis described in this444

section, which concludes that the DWCA presents a promising performance also in445

this aspect.446

Figure 5: Convergence behavior shown by all the methods for the TSP.

As a final conclusion, all the above results evince that the proposed DWCA solver447

outperforms the other six methods in terms of quality, robustness, and convergence448
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Figure 6: Convergence behavior shown by all the approaches for the ATSP.

of the routes found for every problem instance, dominance supported by two different449

statistical tests in almost all simulated cases. Thus, the proposed DWCA can be deemed450

as a promising search method for solving practical TSP and ATSP scenarios.451

7. Conclusions and Future Research Lines452

This manuscript has presented a discrete version of the so-called Water Cycle Al-453

gorithm suited for solving two well-known optimization problems: the symmetric454

and Asymmetric Traveling Salesman Problem (resp. TSP and ATSP). The proposed455

DWCA solver maintains the inspiration in the hydrological phenomena underlying456

the original WCA, yet incorporates novel ingredients for efficiently undertaking the457

considered routing problems: 1) the use of the Hamming distance as the measure to458

compute the difference between routes found during the search process; 2) an adaptive459

modification of the movement function depending on the estimated inclination of the460

stream/river with respect to its assigned river/sea; and 3) an insertion-based mutation461

operator that emulates the evaporation and raining process in the discrete solution space462

spanned by a permutation encoding strategy. To empirically assess the performance of463

the proposed approach, 33 datasets of the renowned TSPLIB library have been utilized464

as a benchmark baseline, over which the performance of six different meta-heuristics465

from the literature (ESA, GA, IGA, BA, FA and ICA) and that of DWCA have been466

compared to each other in terms of both convergence rate and optimality. In overall,467

the developed discrete WCA (DWCA) has shown better performance than the rest of468

solvers, not only in regards to the quality of the produced results, but also in the speed469

at which they are obtained and its statistical robustness and stability over different ex-470

ecutions of every method. The significance of these conclusions has been positively471

reinforced by both the non-parametric Friedman test and the post-hoc Holm’s test.472

Several research lines stem directly from the findings reported in this work. Other473

combinatorial optimization problems could benefit from the adaptations to the origi-474

nal WCA reported in this study; in this context, discrete problems such as the multi-475

dimensional bin packing problem or the selective pick-up and delivery problem will476

be under study due to the plethora of studies reported in the literature dealing with477
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meta-heuristics adapted to such cases. Likewise, efforts will be invested in the longer478

term towards furnishing a solid comparison of the proposed approach to different exact479

methods and commercial solvers available for the TSP/ATSP, using alternative scores480

and metrics such as the number of explored solutions or the convergence behavior. Al-481

though this family of solvers are different in concept from the designed DWCA, this482

comparison will be of utmost utility for gaining insight into the potentiality of DWCA483

for its use in practical scenarios and commercial deployments. Furthermore, in this484

work, the DWCA has been compared with search based techniques with similar phi-485

losophy and characteristics. Additional comparisons are planned for the near future486

with methods of different nature, such as constructive heuristics (e.g. ACO).487
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Highlights 

• An improved discrete Water Cycle Algorithm is presented for the TSP and ATSP. 
• This version includes inclination feature, enhancing exploration and exploitation. 
• 33 datasets of the TSP/ATSP have been used for the experimentation. 
• Results have been compared with six different techniques. 
• Friedman's and Holm’s post hoc statistical tests have been conducted. 

 

*Highlights (for review)
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