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I ntroduction

Combinatorial interaction testing has been address®e an important and effecti
software testing technique recently. The technicge significantly reduce the numt
of test cases. It provides an alternative methodxbaustive testing and design
experiments (DOE) by allowing a minimised set ot$e® represent the actual set of
cases. The reduction of the test cases is bas#tea@ombination of input parameters
the syster-undertest. This combination could be considered as -configuration of
different software families. Pairwise combinatoties$t suite takes the interaction of t
input parameters into consideration instead of maanameteinteractions. Evidences
showed that this test suite can detect most offabés in the sftware-under-test as
compared to higher interactions. This paper shdwesadaptation and assessmen
Dragon Fly (DF), a novel swarm intelligent optintisa algorithm, for pairwis
combinatorial test generation. The design of tige@hm is addressein the paper. The
algorithm is evaluated extensively through différerperiments and benchmarks. 7
evaluation shows the efficiency of the proposedhnapie for test suite generation ¢
the usefulness of DF optimisation algorithm fowufet investigzons.

Software quality assurance is one of the emergimapitant issues in the last decade. It aims tovele

software with minimum defects in which meets sped#évels of functionality according to reliabilignd
performance [1]. In addition, it is the tematic pattern of all actions for providing andying the ability of
a software process to build good products [2].I1db dries to improve the development process frog
requirement step until the end.

With the vastly growing of software systems andrthenfigurations, there is a chance for fault do
the combinations of these configurations especifdly high configurable software systems. While
traditional test design techniques are useft fault discovering and prevention, they may not thecate tc
take care of faults due to combinations of inpuinponents and configurations [3]. Considering ad
combinations of configuration leads to exhaustiestihg which is impossible due to ti and resource
constraints [48]. For this reason, there is a need to minimigentlimber of test cases by designing effec
test cases that have the same impact as exhatesttirey

Many sampling strategies have been proposed initdrature. For eample, equivalent partitionin
partitions the equivalent inputs of the system igtoups [7]. The aim here is to design a test Sihige
covers all of these groups by taking at least @se¢ for each of them. Another example of the sarg)
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strategy is the boundary value where the test ®iidesigned to cover the boundaries of the inplues of
the system. Combinatorial interaction testing isthaer sampling and test design technique that &ms
design a test suite to cover all of the combinatiamong the input parameters of a software system.

Evidences in the literature showed that most ef faults (due to the interaction) in software syste
could be detected with pairwise interaction, méhen the interaction is between two parametersefriput
[8, 9]. Hence, the pairwise strategies aim is tastauct pairwise test suites by searching and doyexl of
the interactions among the input parameters at mase. This could be a difficult task in case ajhty
configurable systems, which leads to combinataigdlosion and non-deterministic polynomial-time char
(NP-hard) problems [10]. To this end, different aabeuristic algorithms have been used to construct
pairwise test suites, including Particle Swarm @pgation (PSO) [11], Genetic Algorithms (GA), [12ht
Colony Algorithm (ACA) [12], and Tabu Search [13].

Dragonfly algorithm (DFA) [14] is a novel swarmtefligence optimisation technique that has been
proposed recently. The technique produced promigaglts as compared to other state of the arhiquhs
and introduces a new algorithm to solve evolutigrsyle problems. In line with the Search-basedviéne
Engineering (SBSE) practices [15], this paper asH&s use of DFA for pairwise test suite generafidre
contribution of the work is mainly twofold: firshé paper tries to asses and figure out how DFAfiisrke
test generation strategy; second, it also showsléisegn, adaptation and implementation of this raigm
for test design techniques.

The rest of this paper is organised as followstiBe 2 presents the mathematical notations anectdj
of combinatorial interaction testing. Section 3 sumnises the related works in the literature. Sactdo
shows the concepts of DFA and discusses its feati®ection 5 discusses the design concepts of the
technique, an adaptation of the algorithm and thplémentation. Section 6 contains the results ef th
evaluation process. Finally, Section 7 concludespthper.

Covering Array (Ca)

Covering array (CA) is a combinatorial math@o# object that represents the optimised set of
combinatorial test suites. The object assumesathanteractions among the features are occurriit@imv
one array. Mathematically, CA is defined as bel[@®]:

Definition 1 : In its general form, CAN ; ¢, k, v) is an N x k array over (0, . . ., v — 1) such that every
B={b,, ..., bq.i} € isi-covered and every Nxd sub-array contains all ostesubsets from v features of size
t at leasti times, where the set of column Bg{b., bg.} =2 {0, ..., k-1}.

As far as we are looking for the optimal array, Yadue ofl=1 which means that all thietuples of the
input functions occur at least once and thus thatiem become€A(N;t,k,y [17]. However, this notation
assumes that the number of features in each funistiequal, which is not the case in real appliceti Here,
the interaction strength=2 since the pairwise test suite is considerettigipaper. Normally each function
has a different number of features depending orsyiséem-under-test. To this end, mixed coveringyarr
(MCA) is used as a practical alternative, whictefined as below [18]:

Definition 2: MCA (N; t, k, (v, W, ... W), is an N x k array on v levels, where the rofgach N x t sub-
array cover and all t interactions of values fronett columns occur at least once .

For more flexibility in the notation, the ayraan be presented by MCA;, V¥) and can be used for a
fixed-level CA, such as CA\(t, V) [18]. So far, these notations have been used within guatdrial testing
literature.

Related Works

Significant efforts in the literature have ised on combinatorial interaction testing. Much enefforts
have focused on pairwise testing since it can tdtedts effectively in many practical efforts. Bealy,
pairwise strategies are trying to construct paewiest suites by searching for more pairwise icteyas to
cover within an optimised set. Using this approadifferent strategies and algorithms have been
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implemented in the literature (e.g., [9, 19, 2@ing to the complexity of the search space angthblem
nature, searching for optimum pairwise set is aereid as an NP-hard problem [21]. To this endeubfiit
strategies implemented in the literature to comstmear optimum solution. In general, there are two
approaches for this construction. Either the ssati®llow an algebraic or computational approacked
construction [22].

Algebraic approach follows some mathematicamtilations and instructions to construct the pisiew
test cases. For example, it may follow the Orthad@ray (OA) construction to form the final testite
[23]. This approach may produce optimum resultssforll size problems, however it cannot constrest t
suites for large problem. The approach has a ladomstructing test suite when there are differannber
of values between the input parameters of the sofwnder-test. Computational approach in anotaedh
is following some form of computation to constrtlag pairwise test suites. This approach is moralsiai to
construct test cases for real applications sincentore flexible with the number of parameters aallies.
Those strategies following this approach needltpaat interaction possibilities then checking twerage
of each proposed test case with the generatedim&iractions. In such a checking process, there is
significant searching efforts required in the comalborial space in order to generate the requirsdsigite
until all pair interactions have been covered. €hare two efforts for constructing test cases is th
approach: one-test-at-a-time or one-parametertiate{22]. In case of one-test-at-a-time, the atpan
generates one test case and checks its coverdgéheipair interactions. Automatic Efficient Testr@rator
(AETG) [24] and its variant (mMAETG) [25], are wédhown examples in this approach. In contrast,
strategies with one-parameter-at-a-time fashiorstzoat the test case by adding one parameteriieaaind
check for its coverage with the pair interactiansParameter Order (IPO) [26] is a well-known epdnin
this approach.

Evidences in the literature also showed tht e help of Artificial Intelligence (Al) and dmisation
methods, we can develop more flexible and optimtrategies. Two of the most common implemented
artificial intelligence based strategies are bamedenetic Algorithm (GA) [12] and Ant Colony Algthhm
(ACA) [12]. Despite giving good results both stgitss appear to suffer from heavyweight computationa
process rendering difficulties to support high orgarameters and values. For this, the search tfar o
lightweight artificial intelligence strategies i1 @ssential demand. We have also implemented [Rartic
Swarm Optimisation (PSO) [27] for test generatiod & could generate efficient test cases.

Nowadays, there are different new optimisatbgorithms developed and come out in the litemtur
These algorithms need to be assessed for differebtems to know the features and drawbacks fan e&c
them. Some of these algorithms have been asselssadya(e.g., [28, 29]). Dragonfly algorithm (DFAS
one of the new and novel algorithm developed régémat shows impressive results for few probled#) [
This paper shows the adaptation of this algorithgenerate pairwise test suites.

Dragonfly Optimisation

Dragonfly algorithm (DFA) is a novel meta-histic algorithm that has been proposed recently by
Mirjalili [14]. The algorithm inspired by the natirdynamic and static behaviour of dragonflies swag.
The dynamic swarming behaviour of the dragonflinspired by the migration behaviour and the static
inspired by the hunting behaviour. The former ahitee “migratory” and the latter called “feedinglarm.
The swarming behaviour plays the main role in tigpiration of the algorithm. The static and dynamic
behaviour of dragonfly are similar to explorationdaexploitation in the meta-heuristic optimisation
algorithms. To explore different area in the seaghce, the dragonflies divide themselves to sudrieg,
which is the static swarm that plays the role gblesation phase. These small groups of dragon#ies
flying back and forth in a small area to hunt flyibutterflies and mosquitoes. In the dynamic fhg t
dragonflies are flying in bigger swarms and in direction to play the role of exploitation phasd][IThese
behaviours of the dragonflies are flowed three npainciples with the neighbourhood which are: sapan,
alignment, and cohesion [30]. Separation refertheocollision avoidance of individuals from othémsthe
neighbourhood; alignment arranges the velocity hiagcamong individuals in the neighbourhood while t
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cohesion deals with the tendency of these individtewards the centre of mass in the neighbourt
Figure 1 shows thesmmponents of the algorithm with the inspiratiordcdigonfly behaviou
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Figure 1. The separation, alignment, and cohesiomponents of DF.

Since the objective of the swarm is to survive,deethe survival flies toward food source and ttie

distract outward enemies [14]. These other two corepts of DFA are shown in Figure
Attraction to food Distraction from enemy
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Figure 2. The attraction and distraction of C

Mathematically, these five components are represemnd modelled as follows. The separation is Gatied
base on eq.1 [14].

N
_ ‘ZX D (TN ¢ §

j=1

where the humber of neighbouring individuals dedats N, current position of the individual is destbby
X, while X; shows the position of thé" neighbouring individual. The alignment componentaculatec
base on eq.2.

N
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where the velocity of thé"heighbour is denoted ag. The cohesion is calculated using €

Ai=

N
Ej:1Xj

Ci= N

S R )

where the cuent position of the individual is denoted by X, thember of neighbourhoods are denote
N, and the position of th& peighbour is denoted by, . The attraction equation can be seen in ¢

F= D UED T (4)
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where X is the food source position and X is the curresijon of the individual. Finally, the distractiof
the enemies can be modelled as in eq.5.

where X is the enemy position and X is the current positbthe individual.

The update role of the algorithm works in ategnatic and artificial way by considering two ueda
vectors, Step vectonK) and Position vector (X). DX has an importanterah the movement direction of
the dragonflies and it is defined in eq.6:

AX.,, =(sS+aA +cC + fF +eE) +WAX................ (6)
where t is the iteration counter, (s) is the sepmraveight, ($) is the separation ofiindividual, (a) is the
alignment weight and (A) is the alignment of indival, (c) is the cohesion weight and)(& the cohesion
of the "individual, (f) is the food factor and i(Fis the food source of th& individual, (e) is the enemy
factor and (f) is the enemy position of the individual, and fipgw) is the inertia weight. These factors
need accurate running for implementation. In thésearch we follow the literature [14] to set these
parameters, (i.e., w=0.9-0.2,s=0.1,a=040c¢/,f=1,e=1)

As far as this step vector is calculated by e, wectors’ positions are calculated by eq.7 as
follows:

X = X+ Aot eveeoveeoeeeeeee e 7)

DFA takes the neighbourhood as 2D (circle), 3D ésph or nD (hyper-sphere) dimensions of the neghb
dragonflies. This condition is applicable when #éer at least one neighbour. However, when theoaiag
cannot find this neighbour, it tends to take a candvalk using the Ley flight mechanism. Here the
position is updated using the Levy update equafi®®s31] as in eq.8:

X,y = X+ LeVY(d) X X oo (8)

where (t) is the current iteration, and d is thexefision of the position vectors. g flight itself can be
obtained in the above equation by eq.9 as follows:

rxo

Le'vy(x) = 0.01x
v,

where §, r, are random numbers between [0fl]s a contact variable equals to 1.5. Bhiactor in eq.9 is
calculated by eq. 10 as follows:

Cras ﬂ)xsinE%B£ ol

™

wherel'(x) = (x-1)!

Base on the aforementioned equations and arrangeroethe DFA, the Pseudo-code of the algorithm is
summarised in Algorithm 1.
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Algorithm 1: DFA general algorithm

1 Initialize the dragonflies population X;(i =1,2,...,n)

2 Initialize step vectors AX;(i = 1,2,...,n)

3 while the end condition is not satisfied do

4 Calculate the objective values of all dragonflies

Update the food source and enemy

Update w, s,a,c¢, f, and e

Calculate S, A, C, F, and F using eq.1 to eq.5

Update neighbouring radius

if a dragonfly has at least one neighbouring dragonfly then
10 L Update velocity vector using eq.6

© @ 9 o m

11 Update position vector using eq.7

12 else
13 L Update position vector using eq.8

14 Check and correct the new positions based on the boundaries of
L variables

Algorithm Adaptation and I mplementation

The DFA is adapted in this research for pair test cases generation to assess its optimisatiicreaty
for test generation. Here, the aim is to generaéid®A where the interaction strength t=2. The dbjec
function is to cover all pairwise interaction oput parameters at least once. To end, another algorithm
is used to generate the pairwise interactions. fiflse algorithm generates these interactions irtesative
way and then put them in a list. This list is usaetdr by the DFA to computer the objective functi
Algorithm 2 shows the Pseudode of the DFA for pairwise test suite genera

The DFA starts by taking the input parameters amdes. In addition, it takes the pairwise intei@ts
list (24tuples) that must be covered totally. The outpuhefalgorithm is pairwise test suite that covers
2-tuples. The algorithm initialises a random draggsfivarm base on ttk columns and filled wittv values.
Hence, the algorithm iterates until th-tuples list gets empty. The algorithm evaluateh aeragonfly bas
on its coverage of interactions, then it choosesbés one (dBest). The algorithm then updates iz
base on the equations 1 to 5. Now, the algorithmlueses the neighbour dragonflies and update:
velocity and positions base on equations 6 ¢. However, if there is no neighbour dragonfly, gigorithm
uses the levy equations for update as in equatiorri@ally, the best dragonfly is chosen and
corresponding interactions are removed from -tuples.
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Algorithm 2: Dragonfly pairwise generation algorithm
Input: Input parameters k and values v, all pairwise combinations
list 2 — tuples
Output: A pairwise test suite

1 Generate an initial dragonfly swarm base in k£ and v

2 Iter +1

3 while 2 — tples # empty do

4 while Iter < Maz. Iter do

5 foreach dragonfly d do

6 L check coverage with 2 — tuples find best best dragonfly

” dBest”
7 Update the food source and enemy
8 Update w, s,a,c, f, and e
Calculate S, A,C, F, and E using eq.1 to eq.5

10 Update neighbouring radius
11 if a dragonfly has at least one neighbouring dragonfly then
12 Update velocity vector using eq.6
13 L Update position vector using eq.7
14 else
15 I_ Update position vector using eq.8
16 if best coverage is met by X;41 then
17 L dBest + dBest;y1
18 Add dBest to the test suite
19 Remove all the related combinations from the ¢ — tuples list

Evaluation Experiments
The evaluation and benchmarking focuses on theieficy of the generation for DFA as well as

comparison of the algorithm with otters tools armlrterpart algorithms. As far as the efficiency
considered, the size of the final generated tesis (i.e., number of rows) is reported for each aldonitand
tool. Here, the benchmarks are adopted from evelenthe literature [11, 20, 24]. The results aymparec
with the published results for Genetic AlgorithmA)G Ant Colony Algorithm (ACA), ancPSO which are
heuristic and metheuristic counterpart algorithms. In addition tlesults are also compared with, Je
[32] IPOG [33], AETG [24] and mAETG [34] which areomputational tools. The algorithms
implemented and executed on our environnmwhich consist of Laptop PC with MacOS X El Capi
10.11.5, 2.9 GHz Intel Core i5, 8GB of DDRS3. Tables2 reported these results clearly. It shoulc
mentioned that cells marked NA (not available) datie that the results are unavailable from theature.

Table-1:Comparison of DFA with Existing Published Res
Configurations AETG mAETG GA ACA IPOG Jenny TConfig PICT PSO DFA

CA (N;2,3) NA NA NA NA 11 9 10 10 9 9

CA (N;2,39) 9 9 9 9 12 13 10 13 9 9

CA (N;2,3%) 15 17 17 17 12 20 20 20 17 17
CA (N;2,5%) NA NA NA NA 50 45 48 47 4E 45
CA (N;2,10%) NA NA 157 159 176 157 170 170 17¢ 168
MCA (N;2,5' 3 2) 19 20 15 16 19 41 22 21 21 21
MCA (N;2, 65 4 3 2) 34 35 33 32 36 31 33 38 3¢ 37
MCA (N;2,7: 6 5 43 2) 45 44 42 42 44 51 49 46 4¢ 48
MCA(N;2, 10987:6'54:32: NA NA NA NA 91 98 92 101 97 98
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Table-2: 10 Parameters Variable Values Compari$@F& with Existing Tools
V IPOG Jenny TConfig PICT PSO DFA

3 20 19 17 118 17 17

31 30 31 31 29 30
5 50 45 48 47 45 45
6 68 62 64 66 62 61
7 90 83 85 88 81 83

8 117 104 114 112 109 107
9 142 129 139 139 139 141
10 176 157 170 170 170 170

Tables 1 and 2 show the best reported refults0 runs of the DFA as well as the comparisatwben
the algorithm and other tools and algorithms. Qyeiom the tables we can see that DFA generatgs te
suites with satisfactory results as compared terothsults. However, as compared to PSO, it gezeerat
better results in some cases and equivalent reisuttthers. Overall, in Table 1, GA and ACA generat
better results. However, this result is due tociiapaction method used to compress the resultsipeddoy
those algorithms. Hence, we cannot consider thosdighed results as the actual results of the Gé an
ACA. IPOG, Jenny, PICT, and TConfig are able todpie® impressive results (See Table 2). Howevesgthe
strategies are designed for specific purposes.ekample, IPOG is designed to generate test suiis w
many parameters and variables and it generatesd“goough” in most of the cases. Jenny, PICT and
TConfig are designed to generate test suites faster Taking DFA, it can generate test suitescsfftly.
However, it needs more investigation in case ofi@ignteraction strengths.

Conclusions

This paper discusses the adaptation, impleatient and evaluation of the new dragonfly algarith
(DFA) for the use of pairwise test suite generatibhe algorithm is implemented successfully forsthi
purpose. Experimental evaluation is conducted f@ &lgorithm to evaluate its efficiency against its
counterpart PSO algorithm as well as other pairwgsds. The algorithm shows impressive results ragai
other algorithms. The algorithm also showed thagit generate and optimise test cases. As compatkd
state of the art algorithm, DFA shows better resintsome benchmarks. However, more evaluation and
experiments needed to figure out clearly its efficiy. This can be observed clearly by implementirey
algorithm for higher combination strengths in thaufe.
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