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Abstract

Context: In many domains, engineers build simulation models (e.g., Simulink) before developing code to simulate
the behavior of complex systems (e.g., Cyber-Physical Systems). Those models are commonly heavy to simulate which
makes it difficult to execute the entire test suite. Furthermore, it is often difficult to measure white-box coverage of test
cases when employing such models. In addition, the historical data related to failures might not be available.

Objective: The objective of the approach presented in this paper is to cost-effectively select test cases without making
use of white-box coverage information or historical data related to fault detection.

Method: We propose a cost-effective approach for test case selection that relies on black-box data related to inputs
and outputs of the system. The approach defines in total six effectiveness measures and one cost measure followed by
deriving in total 21 objective combinations and integrating them within Non-Dominated Sorting Genetic Algorithm-IT
(NSGA-II). The proposed six effectiveness metrics are specific to simulation models and are based on anti-patterns and
similarity measures.

Results: We empirically evaluated our approach with these 21 combinations using six case studies by employing
mutation testing to assess the fault revealing capability. We compared our approach with Random Search (RS), two
many-objective algorithm, as well as three white-box metrics. The results demonstrated that our approach managed
to improve Random Search by up to around 28% in terms of the Hypervolume quality indicator. Similarly, black-box
metrics-based test case selection also significantly outperformed those of white-box metrics.

Conclusion:We demonstrate that test case selection is a non-trivial problem in the context of simulation models.
We also show that the proposed effectiveness metrics performed significantly better than traditional white-box metrics.
Thus, we show that black-box test selection approaches are appropriate to solve the test case selection problem within

simulation models.
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1. Introduction

Simulation models (e.g., Simulink) are commonly em-
ployed to model and simulate complex systems, such as
Cyber-Physical Systems (CPSs). In such systems, where
the software closely interacts with physical processes, sim-
ulation models are employed in early stages before the sys-
tem is implemented [1]. Simulation models permit raising
the level of abstraction of complex systems at which testing
is performed by representing relevant aspects of system be-
havior, structure, properties or the environment [2]. These
models are typically used in several domains, including the
automotive [1, 3, 4] and the vertical transport domain [5].

Testing these models can be time-consuming due to sev-
eral reasons. First, the systems being tested using simula-
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tion models are usually tested at system level, which makes
the test execution time of a test case longer compared to
unit testing [6]. Secondly, in the case of CPSs, the physical
layer is often modeled with complex mathematical mod-
els, which makes the simulation time lengthy [7]. Third,
simulation models might be tested at different test lev-
els, such as Model-, Software- and Hardware-in-the-Loop
(MiL, SiL and HiL) [7]. Specifically, the HiL test level is a
real-time simulation and it is practically infeasible to exe-
cute a large amount of test cases [7]. Fourth, simulation of
complex systems might be driven by co-simulation. This
paradigm aims at connecting different simulation tools en-
abling engineers a higher flexibility. However, exchanging
data among the different simulation tools and synchroniz-
ing the clocks leads to a higher test execution time.

The simulation cost of a simulation model depends on
several factors. First, the fidelity of the model consider-
ably influences the test suite execution cost. Having a low
fidelity model can be appropriate to test some function-
alities in early verification stages. However, if the fidelity
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of the model is very low, the model will be far from real-
ity and it will not let engineers test many properties. For
instance, based on our experience of collaborating with
electrical engine developers, with low fidelity models they
cannot model the temperature of the engines with high
precision. Thus, all functionalities related to this property
cannot be appropriately tested in some applications where
this is critical (e.g., applications of the railway domain).
Conversely, having a high fidelity model can be beneficial
as the simulation can be more realistic and thus, many
properties can be tested. Nevertheless, having a high fi-
delity model can result in the drawback of requiring too
complex mathematical models in order to model the sys-
tem, and thus, dramatically increases the simulation time.
Second, the simulation time step has an influence on
the cost of the execution of test cases [8]. The simulation
of a model is performed in a finite number of steps. A
lower simulation time step means a more realistic simu-
lation, but more steps will be required to be simulated,
increasing the simulation time. Third, the test level in
which the simulations are performed have a strong
influence on the time [7, 9, 10]. When testing complex
systems such as CPSs, several test levels are employed,
named as Model-, Software-, Processor- and Hardware-in-
the-loop (MiL, SiL, PiL and HiL). The tests are executed
in each of the levels several times. Some test levels, e.g.,
the HiL test level is a real-time simulation (further details
in Section 2.2). Executing many test cases at this level will
be very time consuming. Typically, executing test cases
at other levels, e.g., at MiL or SiL is faster, although in
several cases, if a very high fidelity model is employed, the
simulation time is lengthier than at the HiL test level. The
last part is related to the semantics of the simulation
models, which also have an impact on the simulation time
(e.g., when Functional Mock-up Units (FMUs) are used,
the simulation time is typically faster, but the generation
of these FMU-s is not always available).

In practice, when real industrial systems are employed,
the execution of test suites is lengthy. When considering
a case study from our industrial partner, where a high
fidelity co-simulation model of an elevator was used [11],
executing a simulation of 20 seconds took us around 1
minute. Besides, when testing these systems much longer
test cases are required (e.g., simulations of full office days
(i.e., 10 to 12 hours in virtual time) or worst case scenarios
of Up and Down-peak traffic in elevator systems that take
around 2 hours (in virtual time)). In another industrial
system from the satellite domain, executing 20 realistic
test cases by employing co-simulation took 29,688 seconds
(i.e., around 8.2 hours) [12].

As a result, selecting the appropriate subset of test cases
to execute the test cases in a cost-effective manner is cru-
cial. In the current state-of-the-art, several approaches
have focused on selecting test cases with the objective of
increasing white-box coverage [13, 14]. However, obtaining
information related to white-box coverage in these cases is
often a challenge. First, CPSs integrate digital cyber com-

putations with physical processes. While obtaining infor-
mation of white-box coverage related to the cyber layer
might be trivial because the model is discrete, the cov-
erage related to the physical layer might be infeasible to
obtain as their models are continuous models. Secondly,
current approaches for modeling and simulating CPSs are
acquiring the Functional Mockup Interface (FMI) stan-
dard [15]. This standard aims at interchanging different
models of different simulation tools and vendors by creat-
ing an FMU. The FMUs are executable black-box units
that do not permit measuring internal coverage. Other
approaches have taken advantage of using historical data
related to failures to make the test selection more precise
[13, 7, 16]. However, to obtain historical data related to
failures, tests need to be executed several times.

To address the above-mentioned challenges, we propose
a multi-objective test case selection approach that relies
on black-box data. We define six effectiveness measures
by identifying and analyzing four different anti-patterns
based on output signals (instability, discontinuity, growth
to infinity and output minimum and maximum difference)
and two similarity metrics (input and output-based sim-
ilarities). We integrated different objective combinations
within the Non-Dominated Sorting Algorithm-IT (NSGA-
IT), which has been successfully applied in software en-
gineering [3, 4, 17], including other test case selection ap-
proaches [13, 18, 16]. We derived different fitness functions
by using up to three objective functions in each. In all of
them we considered the Test Execution Time (TET) as the
cost measure. The maximum number of objective func-
tions was 3 because, despite NSGA-II being successfully
applied to solve software engineering problems, it suffers
from scalability issues when solving optimization problems
with more than three objectives [19]. Moreover, based on
our experience of applying multi-objective search in prac-
tice, we observed that when the number of objectives are
more than three, the practical cost (e.g., running time) can
be increased exponentially. Thus, we derived in total 21
objective combinations (six of them considering the TET
together with one of the six effectiveness measures and fif-
teen of them considering TET together with each pair of
the six effectiveness measures).

Following this, we empirically evaluated all the objec-
tive combinations within NSGA-II and RS by considering
six different case studies (one of which is an industrial case
study) and mutation testing. Furthermore, we compared
the proposed black-box metrics with three traditional
white-box metrics (i.e., Decision Coverage (DC), Con-
dition Coverage (CC) and Modified Condition/Decision
coverage(MC/DC)) and NSGA-II. These coverage met-
rics have been widely applied for test selection purposes
[20, 21, 22]. Results indicated that our approach was cost-
effective when compared to RS in 5 out of 6 case studies,
and managed to outperform RS by 26% on average using
the widely applied Hypervolume (HV) quality indicator
[17, 3, 4]. Furthermore, overall, the proposed black-box
metrics significantly outperformed the selected white-box



metrics. As for the different objective combinations, the
anti-patterns have performed significantly better than the
defined similarity measures.

This paper is an extension of our previous GECCO 2018
paper [8]. We extended the paper from the following per-
spectives:

e We propose a new black-box objective function for
test selection and include in total six more fitness com-
binations. This new objective function considers the
difference between maximum and minimum values of
each output signal of a model, and complements one of
the anti-patterns proposed in the conference version
paper [8]. Some of the derived six fitness combina-
tions have shown good performance when compared
to other combinations proposed in the original paper.
In fact, for one of the evaluation metrics and one of the
case studies, the proposed combination along with an-
other anti-pattern (i.e., growth to infinity) performed
best, having the best average values.

e We compare our approach with three traditional
white-box objective functions (CC, DC and MC/DC
Coverage). The empirical evaluation suggests that se-
lecting test cases with black-box objective functions
is better than employing white-box coverage metrics,
especially when considering the number of detected
faults.

e We include an additional evaluation metric to assess
our approach in a more comprehensive way. The met-
ric, named as Average Weighted Mutation Score and
Normalized Test Execution Time (W_MS_TET) re-
turns the average weighted mutation score and test
execution time of each of the solutions in the Pareto-
frontier, without making assumptions that effective
decision-makers exist. Overall, our approach was bet-
ter than RS and white-box metrics for this metric too.

e We include two new case studies, one of which is larger
than the case studies used in the conference version

paper.

e We include two many-objective algorithms in our eval-
uation (NSGA-IIT and MOEA /D) to solve the scala-
bility problems given by NSGA-II when dealing with
more than two objectives. The results showed that
overall, MOEA /D performed better than NSGA-IIT
and that these two algorithms performed better than
when employing the NSGA-IT and white-box metrics.
However, selecting the appropriate effectiveness mea-
sure along with the selected cost measure and NSGA-
IT was better than employing a many-objective algo-
rithm with many effectiveness measures.

e Lastly, we have significantly expanded the related
work section and have included a background section.

The rest of the paper is structured as follows. Sec-
tion 2 provides general theory related to simulation mod-
els, simulation-based testing and Pareto-based search al-
gorithms. Section 3 explains our multi-objective approach
for test case selection of simulation models. Section 4
presents the experiment design to evaluate our approach.
Results for the performed experiments and their discussion
are presented in Sections 5 and 6. Section 7 discusses the
main threats of the approach and how we tried to mitigate
them. Section 8 positions our approach with the litera-
ture. We conclude the paper and discuss future directions
in Section 9.

2. Background

2.1. Simulation models and basic notation

Simulation is referred to the process of creating a dig-
ital model to predict its performance in the real world.
Developers of CPSs heavily rely on simulation environ-
ments and Model-Based Design (MBD) work-flows, where
graphical models of their systems are employed to do rapid
prototyping [23]. CPS modeling and simulation tools (e.g.,
Simulink) are dataflow models, where each model contains
a set of blocks [23]. Each block accepts data through its
inputs and may pass output through its output ports after
performing a set of operations (e.g., mathematical, logical,
etc.). Consider the example of a simulation model depicted
in Figure 1, which includes six inputs (enable, brake, set,
speed, inc and dec) and two outputs (throt and target).
These tools permit modeling the system at different hi-
erarchical levels. For instance, in the example shown in
Figure 1, the model has two hierarchical levels. This per-
mits engineers to organize their model into different levels
according to the complexity of the different subsystems.

Let SM = (I,0) be a simulation model, where I =
{i1,42,...,in} is a subset of inputs and O = {01, 02, ...,0p }
is a subset of outputs [1]. Each input and output of the
simulation model is a signal (i.e., a function of time), which
is stored as a vector where elements are indexed by time
[1]. The simulation time (T') is divided into a set of equal
sample time steps (AT) [1]. A signal (sig) is a function
in time of a set of k£ number of observed simulation steps
(i.e., sig : {0,AT,2 x AT, ...,k x AT}). For instance, a
simulation of 10 seconds (i.e., T=10), with a sample time
of 0.05 seconds (i.e., AT = 0.05) would have a total of
10/0.05+1 (i.e., k=201) simulation steps. The lower the
sample time is, the higher the precision of the simulation.
However, the time required to simulate the system will also
be lengthier. In our study, for each model being tested, we
consider a fixed simulation sample time (i.e., the same for
all the test cases).

Let T'S = {tci,tca,...tenTe} be a test suite of NTC
number of test cases and each tc is a set of input sig-
nals (ISig) that stimulate the inputs 41 to iy of SM
(ie., tc; = {Isigj,,Isig,,...,Isigjy }) [1]. For each
test case, we can obtain the output signals (OSig) by
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Figure 1: Example of a simulation model of a Cruise Controller of a car

simulating the simulation model SM, (ie., O.tc; =
{Osigj, , Osigj,, ..., Osigj,, }). The goal of our approach is
to consider the input and output signals of each test case to
derive a new test suite (i.e., T'Ssx = {tcy,tch, .., tcyre, })
which cost-effectively tests SM such that 1 < NTCy, <
NTC. However, the search space for test selection is huge.
For example, suppose there are 100 test cases to test SM,
then there will be 2190 — 1 potential solutions for deriving
the new test suite.

2.2. Simulation-based testing

The test execution of embedded systems and CPSs fol-
low different steps and are performed at different test lev-
els. These levels, coined as Model-in-the-Lopp (MiL),
Software-in-the-Loop (SiL), Processor-in-the-Loop (PiL)
and Hardware-in-the-Loop (HiL), are typically employed
in the work-flow at the different verification and validation
stages. At the first stage, when engineers are building the
model of the CPS, the MiL test level is employed. MiL
is the basic simulation that engineers employ to analyse
the embedded software’s model with the physical plant of
the CPS [24]. At this level, the software is a model and
the computations are performed using floating-point arith-
metic to obtain the simulation results as reference values
[24]. These reference values are later used and compared
in the following simulations. When the test results are
considered satisfactory at the MiL test level, the code of
the controller is generated and the software’s model is re-
placed with an executable code (e.g., a *.dll) [24]. At
this test level, fixed-point computations are employed, as

would be done in the real target processor. At the fol-
lowing test level (i.e., PiL), the code is cross-complied and
executed on the real target processor, which communicates
with the simulation tool that simulates the physical layer
of the CPS in the computer [24]. The main objective of
this test level is to detect potential faults introduced by
the compiler [24]. In many occasions, the PiL test level is
avoided with the HiL test level directly employed. In fact,
from our interview with industrial partners, their aim is
usually to start this phase as fast as possible. At the HiL
test level, the embedded software is integrated with the
Electronic Control Unit (ECU) and all the real-time infras-
tructure (including drivers, real-time operating systems,
communications, etc.) [24]. The physical layer is encapsu-
lated and emulated in an embedded device (e.g., FPGA)
and the simulation is performed in real-time [24]. At this
level, apart from functional requirements, non-functional
requirements are also tested, as temporal constraints are
critical when testing CPSs. There are several approaches
for testing CPSs at different test levels, from MiL and SiLL
(25, 1, 26, 27, 28, 5, 11] to HiL [29, 10].

From our experience with industrial partners, it is note-
worthy that test cases are not executed at each level only
once, but several times. Furthermore, the software test-
ing phases within these systems are carried out in a scaled
way. The initial model is usually a low fidelity and sim-
ple model, but as functionalities start getting validated,
simple subsystems of the CPS model start getting substi-
tuted by more complex ones. At the HiL test level this is
similar. The ECU includes other functionalities and tasks



apart from the functionalities that are tested at the MiL
and SiL test level. At this stage, tests are executed several
times, as there are many changes required (e.g., priorities
of tasks, functionalities not tested in previous stages are
included, communication protocols, changes in the config-
uration of the operating system, etc.). Thus, at all test
levels, regression test optimization approaches play an im-
portant role.

2.3. Pareto-based search algorithms

Many software engineering problems are multi-objective
in nature, meaning that they contain multiple conflict-
ing objectives to be optimized. For this reason, in
the last few years, the use of Pareto-based multi and
many-objective search algorithms has been investigated to
solve Search-Based Software Engineering (SBSE) problems
[30, 13, 31, 32, 3, 17, 33, 19, 34]. Unlike single-objective
search algorithms, Pareto-based search algorithms produce
a set of non-dominated solutions (also known as Pareto
front), from which the user can select one or more solu-
tions based on their specific needs [17].

The NSGA-II [35] is one of the most well-known multi-
objective search algorithms. As common Genetic Algo-
rithms (GAs), NSGA-II generates an initial set of ran-
dom solutions. These solutions later evolve through a se-
ries of generations to find better solutions [19]. To this
end, new solutions (i.e., offsprings) are created by using
the crossover and mutation operators. To generate the
offsprings, parents are selected with a selection operator,
which uses Pareto optimality to give higher probability to
select non-dominated solutions [19]. To preserve solutions
forming the non-dominated solutions in the next genera-
tion, NSGA-II uses a fast non-dominated sort algorithm
(i.e., elitism) [19]. NSGA-II has been applied in many
SBSE problems (e.g., test case generation [3, 4, 36], test
case selection [13, 16], test case prioritization [37], software
effort estimation [33], etc.).

Apart from NSGA-II, other typical multi-objective al-
gorithms include SPEA2 [38] and PESA-II [39]. However,
these algorithms have shown scalability problems with
more than three objectives [19]. To solve these scalability
problems, in the last few years, many-objective algorithms
have been proposed, which are designed for more than
three objectives, including NSGA-III [40] and MOEA/D
[41].

3. Multi-Objective Test Case Selection Approach

3.1. Cost Measure: Test Execution Time

In different studies, the number of test cases has been
considered as the cost measure for minimizing the initial
test suite (e.g., [42]). However, the time it takes a test
case to be executed can differ and thus, we have consid-
ered the Test Execution Time (TET) of the entire test
suite as the cost measure to guide the search. Thus,
executing test cases with lower TET results in a lower

cost. Given a solution sk with NT'Cyy test cases, (i.e.,
TSsk = {tcy,tch, ..., tcyrc., }), the TET to execute the
test suite is given in Equation 1, where ET}., is the time
it takes to execute the i-th test case in T'Sgx. In this con-
text, it is noteworthy that as the TET we consider the
virtual time. This is because it is not trivial to obtain
the real-time that a test case takes to execute, because it
varies as the model evolves. Nevertheless, the difference
on TET among test cases are proportional to the virtual
time and thus, it is possible to consider the virtual time
as the cost measure.

NTCgg
TET.: = Z ET,, (1)

i=1
3.2. Effectiveness Measures

Six different effectiveness measures were defined, three
of them (i.e., Instability, Discontinuity and Growth to In-
finity (Figure 2)) were based on anti-patterns of simulation
models that were identified in previous studies [43, 44].
One of the anti-patterns is proposed in this paper. The
remaining two effectiveness measures are related to simi-
larity measures. Notice that these metrics are not cumu-
lative, unlike white-box metrics, where for instance, two
test cases might cover 90% of coverage but are exercising
the same paths and one test case covers only 10% but is
exercising the paths that the previous test cases are not
exercising. Thus, in terms of coverage, it would be bet-
ter to select one of the test cases exercising 90% of the
paths and the test case exercising the remaining 10% of
the paths.

3.2.1. Instability

Instability refers to the anti-pattern where an output
signal shows quick and frequent oscillations [44], as can
be shown in Figure 2a. For instance, this anti-pattern
can appear, when a state-chart controller quickly switches
between states. The presence of this anti-pattern in simu-
lation models can have an undesirable impact on physical
processes [44]. The instability of a signal output sig is
given in Equation 2, where k is the number of simulation
steps and AT is the simulation time step. The higher
the value of the function instability(sig), the higher the
instability degree of the signal.

k
instability(sig) = Z |sig(i- AT) —sig((i—1)-AT)| (2)

In our approach, to perform the test case selection by
using this anti-pattern, we obtain an instability degree
for each of the test cases in the initial test suite (i.e.,
TS). This is done by observing each output of the sim-
ulation model for each test case. However, since each
output in SM can represent a particular variable in dif-
ferent units (e.g., one output can represent vehicle speed



in km/h while another output can represent the acceler-
ation in m/s?), it is mandatory to normalize the insta-
bility of each test case. Given an SM = {I,0} with
M outputs (i.e., O = {01,02,...,00}), the instability of
a test case j in T'S is obtained with Equation 3, where
instability(Osigj,) is the instability of the i-th signal for
te; and max(instability(Osig;)) is the maximum instabil-
ity degree obtained in the i-th signal when considering all
test cases in T'S.

T CInstability(tc;) =

Z?il instability(Osig;,)
max (instability(Osig;))) - M

(3)

Similarly, given a solution sk with NTCy test cases
(ie., TSsp = {tc}, tch, ..., tcype,, }), We define the overall
instability of the test suite as the sum of the normalized
instability of each selected test case, as given in Equation
4. A higher degree of instability in the test suite means
a higher probability of finding a fault due to this anti-
pattern.

NTCgp
TSInstability(T'Ssy) = Z T'Cinstability(tc;)  (4)

i=1

3.2.2. Discontinuity

Discontinuity is an anti-pattern in which an output sig-
nal shows a short duration pulse [44], as depicted in Figure
2b. The discontinuity of an output signal can be measured
by computing its derivative function. However, since sim-
ulation time steps are not infinitesimal, derivatives cannot
be computed [44]. Matinnejad et al. proposed a function
that relies on discrete change rates [43]. Given a signal sig,
le; = |sig(i - At) — sig((i — dt) - At|/At is the left change
rate at step ¢, and le; = |sig((i+dt) - At—sig(i- At)|/At is
the right change rate at step ¢ [43, 44]. The continuity of
a signal sig can be measured following Equation 5, which
is defined as the maximum of the minimum of the left and
right change rates at each simulation step for a given set
of simulation steps [43, 44].

discontinuity(sig) = gfé}f({jia;%(min(lci, re;)))  (5)
As in the case of the instability anti-pattern, when
measuring the discontinuity degree of each test case, a
normalization process is required when more than one
output exists. Given an SM = {I,0} with M out-
puts (i.e., O = {01,09,...,00}), the discontinuity of a
test case j in TS is obtained with Equation 6, where
discontinuity(Osigj,) is the growth to infinity of the i-th
signal for tc; and maxz(discontinuity(Osig;)) is the max-
imum derivative value in the ¢-th signal when considering
all test cases in T'S.

TCDiscontinuity(tc;) =

Ziﬂil discontinuity(Osig;,)
mazx(discontinuity(Osig;))) - M

(6)

To measure the discontinuity degree of a solution sk
returned by the search algorithm, where NTCy is the
number of test cases (i.e., T'S, = {tc},tch, ....tcypo., })s
we define the overall discontinuity of the test suite as the
sum of the normalized discontinuity of each selected test
case (Equation 7). A higher degree of discontinuity in the
test suite means a higher probability of finding a fault due
to this anti-pattern.

NTCgy
TS Discontinuity(T Ssi) = Z TC Discontinuity(tc;)

- (7)

8.2.3. Growth to infinity

Another anti-pattern that can provide an effectiveness
measure when selecting test cases can be the growth to
infinity pattern. In this case, an output signal of the sim-
ulation model grows to an infinite value [43], as shown in
Figure 2c. Growth to infinity of a signal sig is measured by
obtaining its maximum absolute value in all sample steps
(Equation 8).

inf(sig) = maz|sig(i - AT)| (8)

Similar to the remaining anti-patterns, to obtain a
global growth to infinity degree of a test case, a normaliza-
tion process is required. Given an SM = {I,0} with M
outputs (i.e., O = {01,049, ...,05r}), the growth to infinity
of a test case j in T'S is obtained with Equation 9, where
inf(Osig;,) is the growth to infinity of the i-th signal for
te; and max(inf(Osig;)) is the maximum infinity value in
the i-th signal when considering all test cases in T'S.

it inf(Osig;,)
max(inf(Osig;))) - M

TCInfinity(tc;) = 9)

To measure the growth to infinity degree of a solution
sk returned by the search algorithm, where NT'Cyy, is the
number of test cases (i.e., TS, = {tc},tch, ... tcyrc,, })s
we define the overall infinity of the test suite as the sum of
the normalized infinity of each selected test case (Equation
10). A higher degree of growth to infinity in the test suite
means a higher probability of finding a fault due to this
anti-pattern.

NTC.),
TSInfinity(TSe) = Z TCInfinity(tc;) (10)

=1
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Figure 2: Anti-patterns for simulation models

3.2.4. Output minimum and mazimum difference

In this paper we propose an additional effectiveness met-
ric. In unit testing, another anti-pattern could occur if
the output values exceed certain bounds. In the case of
simulation-based testing, the output typically do not have
these bounds (e.g., when simulating the position of a car or
a drone). As an alternative, we propose effectiveness met-
ric as the difference between maximum and minimum val-
ues that the outputs of the simulation model under test can
have. This can also give a prediction of how throughly a
model has been tested, because when small parts of a sim-
ulation model are tested, the outputs typically get stabi-
lized on certain values. Furthermore, this new anti-pattern
complements the growth to infinity anti-pattern presented
in Section 3.2.3; while the growth to infinity anti-pattern
considers only the the maximum absolute value of a spe-
cific signal, our metric considers the difference of these. A
problem with the growth to infinity anti-pattern could be
that in some simulations, the output values of a specific
simulation model already begins from the maximum value.
Thus, even if the signal does not have any variation, the
anti-pattern will categorize it as an effective test case ac-
cording to the growth to infinity anti-pattern. Conversely,
in the case of this new metric, the variation is also con-
sidered. The output minimum and maximum difference of
a signal sig is measured by obtaining its maximum value
as well as its minimum value in all sample steps and sub-
tracting these values (Equation 11).

di fmaxzmin(sig) = |maxz(sig(i - AT)) — min(sig(i - AT))]
(11)

To obtain a global output minimum and maximum
difference of a test case, similarly to the previous anti-
patterns, a normalization process is required. Given an
SM = {I,0} with M outputs (i.e., O = {01,02,...,0n:}),
the output minimum and maximum difference of a test
case j in TS is obtained with Equation 12, where

difmaxmin(Osig;,) is the growth to infinity of the i-th
signal for tc; and difmazmin(inf(Osig;)) is the maxi-
mum infinity value in the ¢-th signal when considering all
test cases in T'S.

Z;‘il difmaxmin(Osig;,)

max(difmaxmin(Osig;))) - M
(12)

To measure the output minimum and maximum differ-
ence degree of a solution sk returned by the search al-
gorithm, where NTCjj, is the number of test cases (i.e.,
TSa, = {tcy,tch, ..., tcyre., }), we define the overall out-
put minimum and maximum difference of the test suite
as the sum of the normalized output minimum and max-
imum difference of each selected test case (Equation 13).
A higher degree of output minimum and maximum differ-
ence in the test suite means a higher probability of finding
a fault due to this anti-pattern.

TCdi fmaxmin(tc;) =

NTCgy
T Sdi frnaxmin(TSs) = Z TCdifmaxmin(te;)

=1

(13)

3.2.5. Input-Based Test Similarity

The existing literature has shown that a set of diverse
test cases has a higher chance to detect faults [45, 46]. For
this reason, we have defined two similarity-based objec-
tives. To measure the similarity of test cases we employed
the Euclidean distance, which is the similarity measure
proposed for simulation models in previous studies [43, 1].
Nevertheless, unlike these previous studies [43, 1], in the
context of this study, the TET of test cases might dif-
fer, which means that the input and output signals of two
test cases can have different numbers of simulation steps.
Subsequently, we have adapted the Euclidean distance be-
tween test cases to deal with this problem. Given two



signals related to a specific input or output (i.e., sig and
sig’) in two different test cases, the Euclidean distance is
measured following Equation 14. Given two different sig-
nals, min(ksig, ksig') is the number of steps of the signal
whose test case has a lower TET, mazg,,, is the maximum
value that the signal in the simulation can obtain, ming,,,
is the minimum value that the signal in the simulation can
obtain and K is the number of steps that the test case with
the highest TET in the test suite has. We consider K as
the number of steps for the longest test case for two main
reasons. First, to ensure that the distances between test
cases are normalized. Secondly, because a longer test case
might have a higher chance to detect faults, and thus, we
penalize the distance of those very short test cases. We
remark that in our study the simulation step (At) is the
same for all test cases. When considering Equation 14, a
higher distance means that two signals are more dissimilar.

VS sigli- A1) — sig ;- A

Ly
D(sig, sig’) K11 x (mazn,,, —ming,,,)
(14)
Equation 15 defines the input signal-based distance be-
tween two different test cases (T'C, and T'Cy) for a simula-
tion model with N inputs, which is the sum of the normal-
ized Euclidean distance of each input signal of both test
cases. A higher distance means that the test cases are less
similar.

N
InTCD(TC,, TCy) = Y D(Isiga,, Isigs,)

i=1

(15)

The input-based test similarity of the overall test suite
sk is given in Equation 16, where the distance between all
test case pairs in the test suite is considered. A higher
TSSimilarity means a higher chance of detecting a fault
considering the similarities of test inputs.

NTCg, NTCgy
INTSSim(TSq) = Y, (> InTCD(TC;,TCy))
i=1  j=i+1

(16)

3.2.6. Output-Based Test Similarity

The dissimilarity of a simulation model’s outputs can
also be considered when selecting test cases. The output-
based test similarity is defined like the input-based test
similarity as explained in Section 3.2.5. The only differ-
ence is that instead of considering the inputs of the Simu-
lation Model for measuring the similarity, the outputs are
considered. To this end, the Euclidean distance in Equa-
tion 14 is used to measure the distance between an output
signal of two test cases. The distance between two test
cases is considered by measuring the normalized euclidean
distance of each of the output signals in SM. For a given

solution sk, the output-based test similarity of the test
suite is measured by summing the distance between each
test case pair in sk.

3.8. Fitness Function

As mentioned in the introduction, we limited the max-
imum number of cost-effectiveness measures to three as
the NSGA-II suffers from scalability issues with more than
three objectives [19]. In all the combinations, TET was the
cost objective. By combining the six effectiveness mea-
sures, the total number of combinations was n(n-1)/2, be-
ing n six (i.e., the number of the six effectiveness mea-
sures). The maximum number of combinations among the
effectiveness measures was 15. In addition, each of the
effectiveness measures was assessed individually with the
TET as the cost measures. Thus, by summing up the 15
combinations of effectiveness measures with the six effec-
tiveness measures combined individually with the TET, in
total we derived 21 objective combinations and integrated
them within NSGA-II. Table 1 summarizes the derived
combinations considering up to three cost-effectiveness
measures. Regarding the effectiveness objectives, the first
derived by selecting one of the effectiveness objectives de-
scribed in Section 3.2. This resulted in 6 combinations.
For the remaining combinations, we employed three ob-
jectives, i.e., we combined the six selected effectiveness
measures among them and considered TET as the cost
measure. As for the crossover and mutation operators,
based on a well-known multi-objective test case selection
paper [13], we implemented a single point crossover and
bit-flip mutation.

4. Experimental Setup

4.1. Research Questions

To evaluate this approach we aimed at answering three
Research Questions (RQs) which are detailed as follows:

e RQ1 - Sanity Check: How do the selected cost-
effectiveness measures together with NSGA-II perform
when compared to Random Search (RS)? This RQ is
defined as a sanity check to verify (1) that our test
selection problem is non-trivial to solve, and (2) that
the selected cost-effectiveness measures are appropri-
ate to select test cases cost-effectively. To address
this RQ, we integrated 15 objective combinations with
both NSGA-II and RS (which is the baseline algo-
rithm for randomized algorithms [47]) and compared
the results.

e RQ2 - Comparison with white-boxr metrics:
How do the selected cost-effectiveness measures to-
gether with NSGA-II perform when compared to
white-box metrics together with NSGA-II? White-
box metrics (such as decision or condition cover-
age) have been widely employed in regression testing



Table 1: Derived 21 fitness combinations from cost-effectiveness metrics

Combination Cost Effect 1 Effect 2

cl None

c2 Growth to infinity
gi Discontinuity Input I‘ii;:iﬁ;;;lld“ty
cb MinMax

c6 Output-based similarity
c7 None

c8 Input-based similarity
c9 Growth to infinity Instability

cl0 MinMax

cll Output-based similarity
cl2 None

cl3 TET Input-based similarity MinMax

cl4 Output-based similarity
clb5 None

Sg Instability Input bﬁs;(il\/[z;mlamty
cl8 Output-based similarity
cl9 MinMax

c20 o None

o1 Output-based similarity MinMax

w1 CC

w2 DC None

w3 MC/DC

[48, 49, 13, 50]. This RQ aims at comparing our black-
box regression test selection approach with white-box
approaches. To this end, we integrated three white-
box metrics within the NSGA-IT and compared the
results of these approaches with ours.

RQ3 - Combinations Evaluation: Which of the
selected cost-effectiveness combinations perform best
when solving the black-box test case selection problem?
The second RQ is defined to identify the best objective
combination to cost-effectively select test cases within
simulation models. To tackle this RQ we compared
the performance of the 15 objective combinations ex-
plained in Section 3.3 within NSGA-IT [35].

RQ4 - Comparison with many-objective algo-
rithms: How do the selected cost-effectiveness mea-
sures together with NSGA-II perform when compared
to having all of them by employing many-objective
algorithms? It has been shown that NSGA-II is
not that good at handling more than three objec-
tives. However, there are other various algorithms
that have been shown to be better at handling more
than three objectives. Based on [51, 52] we selected
two many-objective algorithms (i.e., NSGA-III [40]
and MOEA /D [41]) and integrated them with all the
proposed cost-effectiveness measures. We figured out
that these two algorithms were the most applied for
solving many-objective software engineering problems
[52]. The objective of this RQ was to compare the se-
lected fitness combinations along with NSGA-II with
several objective functional by employing the afore-
mentioned many-objective algorithms.

RQ5 - Improvement Extent: To what extent can
NGSA-II together with the best objective combination
outperform RS? The third RQ is defined to identify
the percentage of improvement of the best objective

combination extracted from RQ2 when compared to
RS. To tackle this RQ we extracted the best objective
combination from RQ2 and compared it with RS.

4.2. Case studies

Six open source case studies modeled in Simulink of dif-
ferent sizes and complexities were employed to assess our
test case selection approach. Table 2 summarizes the key
characteristics of these Simulink models, including num-
ber of inputs and outputs and number of blocks. The Car
Window (CW) case study involves an open-source system
consisting of four car windows. The physical layer involves
the electrical and mechanical models of the four windows.
Each window is controlled by a simulink subsystem that
also involves a state machine. The Electro-Mechanical
Braking (EMB) system is an industrial open source case
study developed by Bosch [53] that combines physical and
software models, with the software model controller in-
cluding a discrete state machine and a continuous PID
controller [44]. This case study was used to assess the per-
formance of a test generation algorithm [44]. The Cruise
Controller (CC) case study was used in [1] to assess a test
case generation approach for Simulink models. This case
study only models the controller part of a system and it
does not involve any plant model. The Tiny case study
was used in [54] for assessing a search-based test data gen-
eration approach based on mutation testing and in other
studies (e.g., [55]). This is a simple case study involving
only 15 blocks. The AC Engine case study involves an AC
engine in combination with a controller that involves some
safety-critical functionalities. It has been used in previous
evaluations by the authors [9, 36, 27]. Lastly, the Two
Tanks model involves a two tanks system where a con-
troller regulates the incoming and outgoing flows of the
tanks. This case study was used for evaluation of a test
oracle generation approach in [56].



For the EMB, CC, Tiny and Two Tanks case studies,
150 test cases were randomly generated. The EMB and the
CC case studies were not compatible with Simulink Design
Verifier and thus, we could not generate test cases. On the
other hand, for the Tiny case study, the number of test
cases generated by Simulink Design Verifier was too low,
thus, we decided to randomly generate 150 test cases. For
the CW case study we employed Simulink Design Verifier
to automatically generate test cases following an MC/DC
white-box covering approach. We gave the test generator
a total of 100,000 seconds to generate test cases. After this
time, the test generator yielded a total of 133 test cases.
For the AC Engine case study, we reused 120 test cases
that were generated for a previous study [9].

4.3. BEvaluation Metrics

4.8.1. Modified Hypervolume

To assess the fault revealing capability of the selected
test cases using our approach, we employed mutation test-
ing as it has been found to be a good substitute of real
faults [57]. Since the selected case studies were modeled
in Simulink, we generated mutants considering the muta-
tion operators proposed by Hann et al. [55]. We generated
different mutants for each case study and later we executed
the generated test cases. After the test case execution we
removed some mutants from the initially derived set of
mutants. To obtain the final set of mutants we first re-
moved those mutants that were not detected by any of
the test cases to avoid the inclusion of equivalent mutants.
Secondly, we removed duplicated mutants (i.e., mutants
equivalent to one another but not to the original program),
as recommended in [58]. Lastly, we removed those mutants
that were killable by all test cases. Information related to
the number of mutants in both the initial and the final set
is available in Table 2. Notice that in Simulink, execut-
ing mutants is time consuming and for performance issues
we could not generate a large set of mutants. However,
our study is in line with other approaches where mutants
were used to assess their fault revealing capability within
Simulink models (e.g., 13 to 44 mutants [1], 30 mutants
[43]).

With the Pareto-frontier returned by the search algo-
rithm, we individually assessed each of the solutions and
obtained their mutation score and the test execution time.
With this information, we derived a new Pareto-frontier
aiming at maximizing the mutation score and minimizing
the test execution time. We then employed this Pareto-
frontier to obtain the Hypervolume (HV) quality indicator,
as recommended by Wang et al. [17]. The HV measures
the volume in the objective space by solutions in a Pareto-
frontier and it is widely used to assess Pareto-based search
algorithms [17, 3, 4]. The higher the HV is, the better the
performance of the algorithm. We obtained the HV this
way because the ultimate goal of our approach is to detect
as many faults as possible reducing the time to execute
test cases. The reference points for the HV were, 0% for
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mutation score and the time to execute the entire test suite
(in seconds) for the test execution time.

4.8.2. Average Weighted Sum of Mutation Score and Nor-
malized Test Execution Time

For the first Pareto-frontier (i.e., the one obtained af-
ter running the test selection approach), we obtained the
mutation score (MS) and normalized test execution time
of each of the solutions (W_MS_TET), and computed
the weighted sum of both of them (i.e., W_MS.TET =
0.5 X (1 — norm(TET)) + 0.5 x MS). After computing
this, we obtained the average value of the W_MS_TET
for each of the solutions in the first Pareto-frontier. This
permitted us to measure the quality of all the solutions
provided by the multi-objective search algorithms along
with the proposed fitness combinations without consider-
ing decision makers.

The test execution time of a test suite was required to be
normalized as this measure could range from hours to days.
For this reason, we normalize this metric by measuring
the TET of a specific solution (T'ETs;) with respect to
the test suite of the whole initial test suite (T'ETys) (i-e.,
norm(TETs,) = TET, /TETys).

4.4. Selected white-box metrics

We selected three white-box metrics: Condition Cov-
erage (CC), Decision Coverage (DC) and Modified Deci-
sion/Condition Coverage (MC/DC). There are two main
reasons for selecting these three metrics. The first one is
that these metrics have been widely investigated and used
in the literature [20, 21, 22, 13]. The second one is that our
case studies were modeled in MATLAB/Simulink, which
provides support for these three white-box metrics. Thus,
it was relatively easy to implement a function that could
measure the coverage of a test suite in MATLAB.

4.5. Statistical tests

Each algorithm within the selected objective combina-
tions was run 50 times to account for random variations
produced by search algorithms, as proposed by Arcuri and
Briand [47]. When experimental data was obtained, we
applied the Shapiro-Wilk test to assess whether the data
was normally distributed. Since the data was not normally
distributed, we employed the Mann-Whitney U-test to ob-
tain the statistical significance between two different com-
binations. We selected a significance level of 5%, meaning
that a p-value lower than 0.05 indicated that there was
statistical significance. We also employed the Vargha and
Delaney A1, value to assess the difference existing between
the techniques.

These statistical tests were employed to answer RQ1,
RQ2, RQ3 and RQ4. To keep the paper at a reasonable
size, all these statistical tests were included in [59]. As can
be appreciated, Tables B6, B7, B9 in [59], which answer
to the RQs 1, 2 and RQ4, contain an A1 value along with



Table 2: Key characteristics of the selected case studies

Test s .
S(tjﬁfi(; # of Blocks|# of Inputs|# of Outputs #é)::;ses‘: Gen‘era‘tion :F;::jtl:f:s inltsfl:SOf
Criterion

CW 235 15 4 133 MC/DC 250 96
EMB 315 1 1 150 40 18
CC 31 5 2 150 Random 60 20
Tiny 15 3 1 150 20 9
AC Engine 257 4 1 120 [27, 36] 20 12
'Two Tanks 498 11 7 150 Random 34 6

the p-value. A value higher than 0.5 means that the com-
bination of the black-box metric performed better than
the combination in the row (either, being RS, NSGA-II
with white-box or one of the two selected many-objective
algorithms). A value lower than 0.5 means the opposite.
When the value is 0.5, both combinations performed sim-
ilarly. Additionally, the p-value column indicates the sta-
tistical significance between both combinations according
to the Mann-Whitney U test (i.e., p-value < 0.05).

Tables B8 and B10 in [59] compared the performance of
the 21 different fitness combinations within NSGA-IT (i.e.,
answers to RQ3). Table B8 and B10 show the Alg values
obtained between the selected combinations for the HV
quality indicator and the W_MS TET. A value higher
than 0.5 means that the combination in the column per-
formed better than the combination in the row. A value
lower than 0.5 means the opposite. When the value is 0.5,
both combinations performed similarly. Additionally, the
boldface values indicate that there was statistical signifi-
cance between both combinations according to the Mann-
Whitney U test (i.e., p-value < 0.05).

4.6. Algorithm setup

The population size of NSGA-II, NSGA-III and
MOEA/D was set to 100 and the total number of fit-
ness evaluations was 25,000. We used a standard single
point crossover with a rate of 0.8 and the mutation of a
variable was done with the standard probability 1/N, be-
ing N the number of variables (i.e., number of test cases).
These parameter values were selected based on other stud-
ies related to multi-objective test case selection approaches
(e.g., [13]), guidelines [47] and other search-based test se-
lection approaches [42, 18, 7]. As for the selection opera-
tor, we used the widely used binary tournament selection
operator [4, 35]. The number of fitness evaluations for RS
were also 25,000.

5. Results and Analysis

This section reports the results obtained from the exe-
cuted experiments for the two selected evaluation metrics.
Table 3 summarizes the results from the statistical tests
that can be found in [59]. For each case study and each
evaluation metric we provide which is the best obtained
black-box fitness combination within NSGA-II. Later, we
summarize the results of this best black-box combination
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for each RQ. For RQ1, the A5 value obtained when com-
pared to the same combination but with the RS algorithm
is provided. For RQ2, we extract which of the three white-
box metrics performed best and provide the obtained A
value with respect to the best black-box combination. For
RQ3, the average A1 value with respect to the A1, value
of the remaining black-box metrics is provided. For RQ4,
we extract the many-objective algorithm that has given
the best results and compare the Ay with the black-
box combination along with the NSGA-II. A value higher
than 0.5 means that the best black-box combination along
with the NSGA-IT algorithm performed better than the
other algorithm/method being compared. A value lower
than 0.5 means the opposite. If the value is in boldface,
it means that there was statistical significance according
to the Mann-Whitney U-test (i.e., p-value < 0.05). For
those of RQ3, we consider that there is statistical signif-
icance, if in most of the cases when comparing the best
black-box combination there was statistical significance.
Although the results are discussed thoroughly in the next
sub-sections, it can be appreciated from this table that the
proposed method outperformed the remaining for all the
cases except for RQ2 within the HV quality indicator. Ad-
ditionally, despite the proposed method performed better,
there was no statistical significance for the W_MS_TET
evaluation metric when compared to RS in the AC Engine
case study. In addition, the summary distribution of these
results can be visualized in Figures 3 and 4.

5.1. Hypervolume quality indicator

In our study, we employed the HV as one of the met-
rics to measure the effectiveness of our approach. The HV
measures the volume in the objective space and it has been
widely used to assess Pareto-based search algorithms in
the context of search-based software testing [17, 60, 3, 4].
However, it is noteworthy that in our case we do not ap-
ply the HV in the traditional way, as explained in Section
4.3.1. The ultimate goal of our approach is to find as many
faults as possible in the shortest amount of time. Thus,
by considering the mutation score and the test execution
time of each solution of the Pareto-frontier, we derived a
second Pareto-frontier and obtained the HV. This way we
ensured a fair comparison between algorithms and fitness
configurations of these algorithms. Notice that the higher
the HV, the better the performance of the algorithm.

The first RQ aimed at comparing the NSGA-IT algo-
rithm with RS as a sanity check to verify that the problem



Table 3: Summary results of the each RQ with the best BB fitness combination with respect to other RQs

RQ1 RQ2 RQ3 RQ4
. . Best BB Same RS ~ Best WB ~ Average | Best Many- N

Evaluation metric combination | combination Arz combination Arz Ay objective Zlgorithm Arz
CW HV clb vs RS 1 | vs DC 0.77 0.9 vs MOEA /D 1

W_MS_TET clb vs RS 1 vs DC 0.22 0.98 vs NSGA-III 0.94
EMB HV cl5 vs RS 1 vs MC/DC 0.97 0.798 vs NSGA-III 0.92

W_MS_TET clb vs RS 1 vs DC 0.69 0.87 vs MOEA /D 1
cC HV cl vs RS 1 vs MC/DC 0.75 0.85 vs MOEA/D 1

W_MS_TET cl vs RS 1 | vs MC/DC 0.68 0.92 vs MOEA/D 1
Tiny HV clb vs RS 1 | vsCC 1 0.80 vs MOEA/D 1

W_MS_TET cl0 vs RS 1 vs CC 0.69 0.87 vs NSGA-III 0.84
AC HV clb vs RS 1 vs DC 1 0.77 vs MOEA/D 1
Engine W_MS_TET cl0 vs RS 0.57 | vs DC 1 0.79 vs MOEA /D 1
Two Tanks HV c3 vs RS 1 vs MC/DC 0 0.88 vs MOEA/D 1

W_MS_TET clb vs RS 1 vs MC/DC 0.8 0.97 vs MOEA/D 1

to solve was non-trivial. Figure 3 depicts the distribution
of the summary of the distribution for the HV indicator
for the six case studies.! As can be seen, when considering
the HV as the quality indicator of this study, the NSGA-II
along with the black-box metrics outperformed RS for all
cases in the six case studies. These results were further
corroborated by means of statistical tests, where NSGA-II
outperformed RS with statistical significance according to
the Mann-Whitney U-test (i.e., p-value < 0.05), as shown
in Table B6 reported in [59].

The second RQ compared the black-box metrics with
the white-box ones when selecting test cases of simulation
models. From the results (available in [59], and their sum-
mary in Figure 3), it can be observed that for the EMB
and the Tiny case studies, the distribution of the HV for
white-box metrics along with NSGA-II was quite large. In
the case of the EMB case study, the distribution in terms of
the HV for the white-box approaches was not that large.
However, it can be appreciated that the performance of
both DC and CC white-box metrics in terms of the HV
was quite low, although for the case of MC/DC, the per-
formance was better. The best results for the white-box
approaches in terms of the HV indicator were in the Two
Tanks case study, which outperformed the black-box fit-
ness combinations with statistical significance. In addi-
tion, in terms of the HV, the DC coverage also performed
quite well for the CW case study, which outperformed most
of the black-box fitness combinations with statistical sig-
nificance.

When considering the statistical tests for comparing
black-box with white-box metrics, for three out of six
case studies (EMB, Tiny and AC Engine), all the black-
box fitness combinations outperformed those of white-box
metrics combinations with statistical significance, as can
be seen in Table B7 in [59]. For the CC case study, all
the black-box fitness combinations outperformed both CC
and DC coverage metrics. However, for this case study,
the MC/DC outperformed six black-box metrics fitness
combinations with statistical significance, although com-

LAll the distribution figures are available in [59]
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binations c1, ¢15 and ¢19 outperformed MC/DC with sta-
tistical significance. Lastly, for the CW case study, the
black-box metrics combinations outperformed both CC
and MC/DC white-box coverage approaches with statis-
tical significance. However, CC outperformed 19 out of 21
black-box metrics with statistical significance, although,
again, c15 outperformed this white-box coverage metric
with statistical significance. Lastly, in the Two Tanks case
study, for the HV quality indicator, the white-box metrics
performed very well, outperforming the remaining black-
box metrics. Nevertheless, the extent when considering
average values were not that high (i.e., on average less
than 13.5% for the ¢3 combination.

When considering the HV indicator, for configurations
involving only one effectiveness metric and the TET as
cost metric (i.e., cl, ¢7, ¢12, c15, ¢19 and ¢20), we found
that overall, c15, which involved the instability effective-
ness metric, was the best fitness combination. The only
exceptions were cl for the CC case study and ¢19 (cruise
controller) combination for the CC case study, which
slightly outperformed c15, although without statistical sig-
nificance. In fact, c¢15 only outperformed c19 with sta-
tistical significance in one of the case studies, i.e., CW.
Additionally, for the CC case study, c15 also did not out-
perform with statistical significance combination c¢7, which
included the growth to infinity fitness combination, and in
the case of the Two Tanks case study, c15 did not out-
perform with statistical significance that of ¢12, which in-
volved the input-based similarity.

When considering all combinations (i.e., ¢l to ¢21), c15
was generally the superior combination. Moreover, c15
outperformed the remaining combinations in two of the
case studies (Tiny and CW) with statistical significance,
as it can be seen in Table B8 in [59]. It is noteworthy in this
case that overall the combinations involving only one ef-
fectiveness fitness measure outperformed the combinations
involving two effectiveness fitness measures. Conversely,
the combination c14 was generally the worst among the
selected 21 fitness combinations. This combination was
outperformed by most of the remaining combinations with
statistical significance. This metric involved both simi-
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Figure 3: Distribution of the obtained HV quality indicator for the best Black-box metric and with respect to the best algorithms of RQ1,

RQ2 and RQ4

larity measures as effectiveness fitness functions (i.e., in-
put and output-based similarity). It is noteworthy, that
generally, these metrics did not perform very well for the
HV quality indicator. Exceptionally, input-based similar-
ity performed quite well in the Two Tanks case study. In
fact, for this case study, ¢3, which involved the input-based
test similarity along with discontinuity performed best.
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RQ4 compared the NSGA-IT along with the different de-
rived fitness combinations with NSGA-IIT and MOEA/D,
which included all the effectiveness evaluation metrics.
The results showed that for the HV quality evaluation, all
the derived fitness combinations along with NSGA-II out-
performed with statistical significance both NSGA-IIT and
MOEA/D for all the case studies. Overall, MOEA/D per-
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Figure 4: Distribution of the obtained W_MS_TET quality indicator for the best Black-box metric and with respect to the best algorithms of

RQI, RQ2 and RQ4

formed better than NSGA-III, which showed, in general,
worse results for the HV evaluation metric. Furthermore,
the distribution of the results obtained by NSGA-III is
quite large.?

To answer RQ5, we extracted for each case study the
best combination of NSGA-IT and compared the average

2Refer to [59] for visualization of results.

14

improvement with respect to RS (Table 4). In four out
of six case studies, the combination c15 showed the best
performance when considering the HV quality indicator.
However, in the CC case study, cl slightly outperformed
cl5 when considering average values and c3 in the Two
Tanks case study. We compared the average improvement
with respect to the same combinations integrated within



Table 4: RQ5: Average improvement of NSGA-II with respect to RS
regarding HV metric.

Best comb. RS-comb RS-Best RS-Avg

CW c15 24.23 % 23.05 % | 24.77 %
EMB cl5 24.47 % 22.38 % 24.03 %
CC cl 27.96 % 27.30 % 27.94 %
Tiny clb 25.05 % 23.94 % 25.19 %
ACEngine clb 18.31 % 14.50 % 18.04 %
Two tanks c3 28.45 % 2783 % | 28.72 %

RS (column RS-comb in Table 4). We also compared the
best combination of NSGA-II with the best combination
of RS (Column RS-Best in Table 4). Finally, we com-
pared our approach with respect to an average value of
all the combinations of RS (Column RS-Avg in Table 4).
As shown in Table 4, for the HV quality indicator, our
approach improved RS when configured with the same fit-
ness function on average between 18.31 and 28.45%. When
considering the best results for RS, our approach improved
it on average between 14.5 and 27.83% for the HV. Lastly,
when considering the mean of all the combinations inte-
grated within RS, our approach improved it on average
between 18.04 to 28.72%.

5.2. Average Weighted Mutation Score and Normalized
Test Execution Time (W_MS_TET)

The second evaluation metric consisted of the average
mutation score and test execution time obtained by con-
sidering the entire Pareto-frontier. Unlike in the previous
metric, in this case we did not filter solutions in a second
Pareto-frontier, assuming that in practice, engineers might
not have an effective decision maker. It is worth noting the
importance of analyzing both results (i.e., mutation score
and test suite execution time) together, because a higher
mutation score might imply the selection of more test cases
and thus, longer test execution times and vice-versa.

As for the first RQ, where NSGA-II is compared with
RS, it can be appreciated from the summary boxplots in
Figure 4, as well as distribution of all the data available
in [59], that generally, NSGA-II outperformed RS in most
case studies. This can be further corroborated by means
of statistical tests, where NSGA-II outperformed RS with
statistical significance in 61 out of 126 cases, whereas RS
outperformed NSGA-II with statistical significance in 47
cases. It is noteworthy the AC Engine case study, where
RS performed better than NSGA-IT for all the cases ex-
cept the c10. In addition, for the Two Tanks case study
RS also outperformed NSGA-II in 11 out of 21 combina-
tions. When not considering these two case studies, the
fitness combinations where RS outperformed with statis-
tical significance NSGA-II at least in one case study were
c3, ¢6, c8, cll, cl12, c13, cl4, c16, c18 and c20. Inter-
estingly, all these fitness combinations included at least
one of the similarity measures (i.e., input-based or out-
put based similarity), suggesting that when selecting test
cases based on these metrics, an effective decision maker
would be required to select the appropriate solution from
the Pareto-frontier.
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Regarding RQ2, where black-box fitness combinations
are compared with white-box fitness combinations, it can
be appreciated that, for most case studies, black-box fit-
ness combinations outperformed those of white-box ones
for this metric, as appreciated in Figure 4 and [59]. How-
ever, when considering statistical tests, there were some
exceptions, as shown in Table B.9 in [59]. For the CC
case study the MC/DC metric performed quite well, but
it only outperformed with statistical significance 6 out of
21 black-box fitness combinations. In the case of the CW
case study, most of the white-box metrics outperformed
black-box combinations with statistical significance, al-
though only CC outperformed with statistical significance
cl5. Addditionally, it is noteworthy to mention that for
the Two Tanks case study, where in the HV quality evalu-
ation, the three white-box metrics performed very well, for
the W_MS_TFET evaluation metric, white-box approaches
did not perform that well.

When considering RQ3, where different black-box fit-
ness combinations are compared, again for this evaluation
metric, c15 was generally the best fitness combination. For
this evaluation metric, c15 outperformed the remaining
ones in 106 out of 120 cases with statistical significance,
as shown in Table B.10 in [59]. The cl5 fitness combi-
nation was only outperformed with statistical significance
once by cl and c10 only in the CC case study. Conversely,
when considering this metric, similar to the HV quality
indicator, c14 was the combination showing the worst per-
formance.

As for RQ4, where NSGA-II along with the derived fit-
ness combinations are compared with two many-objective
algorithms, within this evaluation metric again, generally,
NSGA-II outperformed with statistical significance both
algorithms. However, for this evaluation metric there were
some exceptions. In fact, NSGA-III performed better than
NSGA-IT in 11 out of 21 combinations in the Tiny case
study and in 17 out of 21 combinations in the CW case
study. However, in the remaining case studies, NSGA-II
performed better in all case studies, outperforming NSGA-
IIT with statistical significance. As for MOEA/D, it out-
performed NSGA-IT for 44 out of 126 fitness combina-
tions, although only 30 of them outperformed NSGA-II
with statistical significance. Conversely, NSGA-II outper-
formed MOEA/D in 76 out of 126 fitness combinations
with statistical significance. For four case studies and the
W_MS_TET evaluation metric, MOEA /D performed bet-
ter than NSGA-III, whereas in the case study of CW and
Tiny, NSGA-IIT performed better than the MOEA /D.

For answering RQ5 with this metric, similarly as in the
HV quality indicator, we extracted for each case study the
best combination of NSGA-II and compared the average
improvement with respect to RS (Table 5). In three out
of six case studies, the combination c15 showed the best
performance when considering the W_MS_TET quality
indicator (i.e., CW and EMB case studies). Conversely,
for the CC case study, cl obtained the best average vales
and for Tiny and the ACEngine case study c¢10, which



Table 5: RQ5: Average improvement of NSGA-II with respect to RS
regarding W_MS_TET metric.

Best comb. RS-comb RS-Best RS-Avg

CW clb 6.65 % 4.89 % 5.82 %
EMB cl5 5.27 % 4.79 % 5.95 %
CC cl 7.42 % 7.16 % 9.03 %
Tiny c10 7.33 % 5.66 % 7.45 %
ACEngine cl0 0.26 % -1.49 % 0.08 %
Two tanks c15 11.08 % 9.32 % 10.78 %

slightly outperformed ¢15. As in the case of the HV qual-
ity indicator, we also compared the best combination of
NSGA-IT with the same combination but used with RS,
the best combination of RS, and average values of all com-
binations of RS. For this metric, the NSGA-IT performed
exceptionally worse in the AC Engine case study than in
the others. When compared with the same combinations,
NSGA-II managed to outperform RS between 0.26 and
11.08% when considering W_MS_TET (Table 5). When
compared with the best RS combination, RS managed to
slightly outperform NSGA-II, but for the remaining case
studies, NSGA-II outperformed RS from 4.79 to 9.32%
(Table 5). Lastly, when compared with the average val-
ues obtained by RS for the W_MS_TET metric, NSGA-
IT managed to outperform RS between 0.08 and 10.78%.
When not considering the AC case studies, the lowest im-
provement extents increased to around 5%.

6. Discussion of the Results

We now summarize and discuss the results in relation
to the RQs.

RQ1 — Sanity check: The first RQ aims at compar-
ing NSGA-IT with RS to assess whether the problem to
solve is non-trivial. For the selected evaluation metrics, it
can be seen that overall NSGA-IT outperformed RS with
statistical significance. For the second evaluation metric,
ie.,, W_.MS_TET, RS outperformed in some cases NSGA-
II, especially for those combinations in which one of the
similarity measures was included as effectiveness measure.
Generally, those fitness combinations that included simi-
larity measures did not perform very well. A possible rea-
son for this could be that the Euclidean distance is not an
appropriate metric to measure distance among test cases
for the case of simulation-based testing. Nevertheless, ex-
cept for one RS combination in the ACEngine case study,
the remaining combinations also outperformed RS when
evaluating the approach with this metric. Figures in [59]
depict the obtained highest mutation scores for the solu-
tions of the Pareto-frontier. Our approach, for most of the
fitness combinations also detects all the mutants, although
there are some combinations that at some runs, they have
not scored 100% of mutation score (e.g., for some fitness
combinations in the Tiny or the CW case studies). Nev-
ertheless, these are only some marginal cases and there is
no statistical significance with respect to RS. Notice, how-
ever, that in our case, the time it takes to execute the test
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suite is much lower than RS, and this is what the HV mea-
sures, i.e., cost-effectiveness of the entire approach. Thus,
we can answer the first RQ as follows:
In our experiments, NSGA-II outperformed RS in
5 out of 6 case studies for the two selected evalu-
ation metrics. Based on the experimental results
and the statistical tests of our study we can con-
clude that the test case selection problem for sim-
ulation models is a non-trivial problem and thus,
multi-objective search algorithms are recommended
to be used.

\. J

RQ2 — Comparison with white-box metrics: The
second RQ aimed at comparing our approach with white-
box metrics as effectiveness fitness functions of the NSGA-
II. As discussed in the results section, when considering the
HV quality indicator, for most of the case studies our ap-
proach outperformed the test case selection method based
on white-box metrics with statistical significance. For this
evaluation metric, the white-box metrics performed bet-
ter than black-box metrics for the Two Tanks case study.
However, when considering average values, the difference
was not very high. In addition, for the white-box metrics
performed quite well in the CW case study, especially CC.
However, except for the Two Tanks case study, in all the
cases there was at least one of the black-box effectiveness
combinations that outperformed all the white-box metrics.
Our hypothesis behind the white-box metrics performing
well in the Two Tanks case study is that the continuous
part (i.e., the plant or the environment of the system) of
this case study is discretized (i.e., it is modeled with dis-
crete blocks), unlike the remaining case studies (with the
exception of Tiny, which is the smallest case study and
it does not have continuous subsystems). Our hypothesis
matches with the conclusion obtained by Matinnejad et
al. [26], where they argue that the original assumption
that white-box coverage is a good indicator is not appro-
priate for all simulation models as it does not account for
coverage of the continuous parts of the system.

When considering the second evaluation metric, i.e.,
W_MS_TET, generally, black-box metrics outperformed
white-box ones. For the Two Tanks case study, where
with the HV quality indicator, white-box metrics outper-
formed with statistical significance black-box metrics, all
the fitness combinations outperformed with statistical sig-
nificance CC and DC white-box metrics. MC/DC was the
one performing best for this case study, although 10 of
the black-box combinations outperformed it with statisti-
cal significance.In the CW case study, white-box metrics
generally performed quite well, although only CC outper-
formed c15 with statistical significance. c¢15 was the black-
box combination that generally performed best. When
having a closer view to these results, we noticed that when
performing the test case selection guiding the search with
white-box metrics, the number of selected test cases was
quite low. As a result, the TET of the test suites were



quite low and thus, the evaluation metrics were inflated.
However, as the white-box metrics-based test selection se-
lected very few test cases, the mutation scores were also
much lower than when selecting the test cases by using
black-box metrics. In the case of white-box fitness com-
binations, the highest mutation score of the solutions is
lower than all black-box combination metrics for all the
cases (except for the Two Tanks case study), as can be
seen in the boxplots reported in [59]. This means that
despite high test coverage is obtained, there were no solu-
tions in which all the mutants were detected. Additionally,
for both metrics, from the boxplots reported in [59] we can
find that the variance for black-box techniques was much
lower than the variance of white-box metrics. Thus, con-
sidering all these facts, we can answer the second RQ as
follows:

The results of white-box metrics were good in some
case studies for some of the selected evaluation met-
rics. These good results were, however, inflated
by the low TET of the solutions yielded by the
NSGA-II together with traditional white-box effec-
tiveness metrics. However, when considering the
mutation score, black-box metrics outperformed
white-box ones with statistical significance. Addi-
tionally, the variance obtained by black-box tech-
niques is much lower than those obtained by white-
box ones. Thus, we believe that for the context of
simulation models, selecting test cases guided by
black-box metrics is more appropriate than select-
ing them with white-box metrics.

RQ3 — Combinations Evaluation: The third RQ
aimed at obtaining the best combination among the 21
combinations. Overall, ¢15, which employs the instabil-
ity anti-pattern as fitness function was the combination
performing best for both, the HV and the W_MS_TET
metric, although other combinations, (e.g., ¢l and c10)
also performed quite well when evaluating our approach
with the proposed metrics. In fact, cl outperformed c15
in the CC case study and slightly in the AC Engine case
study for the W_MS_TET metric. A possible explanation
for this could be that c¢15 measures the instability degree
of a test case, which might be provoked by state-charts
when quickly switching between states; however, these two
case studies do not contain any state machine, and thus,
this anti-pattern might be difficult to be reproduced, un-
like the discontinuity anti-pattern, which is the objective
function included in c1. Conversely, the combinations per-
forming worse were those that included similarity metrics
(i.e., input and output-based similarity). These results
were consistent both with our conference version paper
[8], as well as with other papers where similarity metrics
are compared against anti-patterns for test case generation
of simulation models [1, 26]. In fact, the combination c14,
which included both metrics as objective functions was the
combination that overall performed worst. A possible ex-
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planation to this could be that we measured the similarity
of test cases with the Euclidean distance, as proposed in
[1]. The experiments by these authors also suggested that
when using the anti-patterns to guide their search when
generating tests, the approach was more effective when
detecting faults. Our study also supports their findings
but for the problem of test selection. A possible explana-
tion for this could be that the Euclidean distance might
not be an effective metric to measure the similarity among
test cases within simulation models, and thus, future work
can be centered on investigating other metrics. Interest-
ingly, in the case of the car window, all the combinations
that included the infinity as one effectiveness measure per-
formed badly. This might be because the outputs of the
case study, which included the position of each of the win-
dows in a car, were limited to some maximum and mini-
mum values. As a result, the test cases could not find any
situation in the system that provoked a growth to infinity
of the output values, resulting in a distortion when employ-
ing this anti-pattern for test case selection. This suggests
that it is important to analyze the case study before se-
lecting a objective function to guide the search. Overall,
we can answer the third research question as follows:

The combination c15, which integrates the instabil-
ity objective function as effectiveness measure, per-
formed the best overall. Other combinations, such
as cl and c10 also performed quite well in some
case studies. Conversely, the combinations inte-
grating similarity measures as effectiveness mea-
sures do not perform that well. Thus, generally,
employing anti-patterns as effectiveness measures
to guide the search is more appropriate than em-
ploying similarity measures. Particularly, the use
of the instability measure is the most appropriate
in general.

RQ4 — Comparison with many-objective algo-
rithms:

RQ4 aimed at answering how the NSGA-II along with
the derived fitness combinations performed when com-
pared with many-objective algorithms including all the ef-
fectiveness measures along with the TET as cost measure.
To this end, based on [51, 52] we selected the NSGA-III
and MOEA/D to compare with our approach. Overall,
based on the results for the HV quality indicator and the
W_MS_TET metric, we found that it was better to select
test cases by employing the NSGA-II and one of the se-
lected fitness combinations (refer to the answer of RQ3 to
select one of the best combinations). Although there were
some cases in which these algorithms outperformed some
of the selected fitness combinations along with the NSGA-
IT, generally, NSGA-II along with one or two effective-
ness objectives outperformed with statistical significance
the selected many-objective algorithms. Our main theory
behind these results is that the effectiveness measures are
not generally conflicting among them (even, in some cases,



there might be correlation), and as there are many ob-
jective functions within the selected many-objective algo-
rithms, these algorithms discriminate the TET objective,
while having optimal results in the most of the remaining
objective function. This leads to having long test suites
that detect all the mutants but employing a very long
TET, what leads to having low HV indicators. Further-
more, another advantage of using less objective functions
is that computationally is less expensive, as less objec-
tives need to be measured. Additionally, especially for the
NSGA-III, similar to the white-box techniques, the vari-
ance of the obtained results was quite large, which is a
non-desired effect when deploying a technique in practice.
We can thus answer this RQ as follows:

NSGA-II along with one of the derived fitness
combinations performed better than NSGA-III and
MOEA /D employing all the effectiveness measures.

RQ5 — Improvement extent:

The last RQ aimed at answering to which extent could
NSGA-IT improve RS. When considering the HV quality
indicator, the best black-box combination could outper-
form RS between around 15 to 28 % on average. When
considering the second metric, i.e., the W_MS_TET met-
ric, the improvement extent dropped to around 6 to 11%,
with the exception of the AC Engine case study, where, ex-
ceptionally, RS slightly performed better than NSGA-II.
Overall, these results are positive. When having a closer
look into why the improvement extent of W_MS_TET
were lower than those measured with the HV, we real-
ized that in the case of the W_MS_TET, there were some
solutions with the maximum mutation score, but different
TET. When considering the HV, among all these solu-
tions, only the solution with the lowest TET was selected.
In practice, this could be controlled by an efficient decision
maker, which would select a solution according to the test
execution time budget. Nevertheless, even when consid-
ering W_MS_TFET, the approach proposed in this paper
performed better than RS. Thus we can answer the fourth
RQ as follows:

The results demonstrated that our approach man-
aged to improve Random Search by between 15
to 28% when considering the HV quality in-
dicator and up to 11% when considering the
W_MS_TET metric. The lower improvement ex-
tent in W_MS_TET than in HV quality indica-
tor suggests that effective decision-makers could be
employed to further improve these results. Notice
that in practice, one of the solutions in the Pareto-
frontier provided by our approach would need to be
chosen, and thus, this deserves to be further inves-
tigated in the future.
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Concluding Remark — Guidelines:

The use of our proposed cost-effectiveness measures
along with NSGA-II significantly outperformed RS and
white-box metrics. We recommend the use of the insta-
bility measure as an effectiveness measure, or the com-
bination of this measure with one of the other three se-
lected metrics. When information of output signals are
not available and tests need to be selected, we recommend
the input-based similarity measure, as it is the only mea-
sure that does not need a pre-execution of test cases and
is more effective than RS.

7. Threats to Validity

We now summarize the identified threats of the per-
formed evaluation, which can be classified in internal va-
lidity, conclusion validity, construct validity and external
validity.

7.1. Internal validity

Internal factors such as parameters of the algorithm can
make internal validity threats arise. A potential internal
validity threat of our empirical study is related to the con-
figurations of the search algorithms (e.g., population size),
which were not changed. Another configuration might
change the performance of the obtained results. Never-
theless, we configured the algorithm considering guide-
lines related to search algorithms [47] and works includ-
ing Pareto-based search algorithms for test case selection
[13]. Another internal validity threat refers to the gener-
ated mutants. In our study we have generated different
amounts of mutants depending on the size and complexity
of the case study. It should be noted that in our context
apart from software, each mutant includes the physical
layer of the system, which is typically modeled by complex
mathematical equations. This makes the execution of the
tests time consuming. This has also happened to us in pre-
vious evaluations where Simulink models where employed
[61, 7,9, 62, 63]. However, the amount of mutants is simi-
lar to other studies were MATLAB/Simulink models were
used as study subjects [1, 61, 7, 9, 43, 64, 65, 66, 67, 55, 26].
Furthermore, we have tried to mitigate this threat by
removing duplicated mutants, as recommended by Pa-
padakis et al. [58]. Another internal validity in our study
could be how we measure the proposed anti-pattern mea-
sures. Within these metrics, in practice it is difficult to
differentiate the reason why a test case has certain level of
instability or discontinuity (e.g., two test cases can have
the same instability level but this might be provoked by
different parts of the controller of the system). Such de-
pendency might impact the experimental results, and thus,
measuring the independency of test cases could provide
better results. To reduce this threat, we combined anti-
patterns with similarity metrics to measure independency
between test cases. In the future, we plan to investigate
the impact of test case dependencies, which was out of the
scope of this paper.



7.2. Conclusion validity

A conclusion validity threat in our evaluation is related
to the random variations. We mitigated this threat by
running each algorithm 50 times and applying statistical
tests to analyze the results, as recommended by Arcuri
and Briand [47].

7.8. Construct validity

Construct validity threats exists in randomized algo-
rithms when the measures used are not comparable across
the algorithms. However, to mitigate this threat we used
the same stopping criterion for all the algorithms (i.e., we
set the total number of fitness evaluations at 25,000).

7.4. External validity

An external validity threat in all empirical evaluations
in software engineering is related to the generalization of
results. We used six case studies, which might not be
enough to generalize our findings. However, to reduce this
threat we employed simulation models of different charac-
teristics, with different sizes. Furthermore, the EMB case
study was an industrial case study developed by Bosch.
As for the size of the used case studies, according to a pre-
vious paper where 391 public Simulink models were an-
alyzed, more than half of the analyzed models had less
than 100 blocks, and around 75% of the case studies had
less than 300 blocks [23]. In our case, four of the case
studies had more than 200 blocks, being between 235 and
498 blocks, what means that their complexity in terms of
size of blocks is higher than most of the public case stud-
ies. Furthermore, four of the blocks of the CW case study
were state machines with 5 states and 21 transitions each.

8. Related Work

Test case selection has been widely investigated in the
current literature. Engstroem et al. identified 27 studies
encompassing a total of 28 techniques for regression test
selection [14], including dataflow-based, modification and
changed-based, and coverage-based techniques. Most of
these studies are focused on unit testing of software sys-
tems. Graves et al. empirically evaluated five regression
test selection techniques [20]: safe technique, data-flow
technique, minimization technique and three variants of
random test selection techniques. Different studies have
proposed approaches for regression test selection of differ-
ent object oriented languages, such as Java [68] or C++
[69]. Safe regression test selection techniques have also
been widely investigated in the literature [70, 71]. To
solve the test selection problem, other innovative tech-
niques have also been proposed, such as the use of fuzzy-
logic [72], or by using semantic differences and similarities
between old and new programs to avoid test cases that will
produce the same results [73].

Furthermore, in recent years, search-based approaches
have gained important attention in the field of test case
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selection and minimization. Harman argued the need of
multi-objective optimization for real-world scenarios [74].
To the best of our knowledge, Pareto-based search algo-
rithms were firstly used for test case selection by Yoo and
Harman for testing programs [13]. They formulated the
test case selection problem as a multi-objective problem
that was instantiated with two versions: (1) a bi-objective
formulation that combined coverage and cost and (2) a for-
mulation with three objectives, where, in addition to the
coverage and cost, historical information related to faults
was included. The same authors later extended this study
by proposing an hybrid approach for multi-objective test
case selection [75]. Since then, a large corpus of regression
test approaches proposed the use of multi-objective search
algorithms. Epitropakis et al. empirically evaluated multi-
objective algorithms for regression test prioritization [76].
Zheng et al. adapted the MOEA /D for regression test ap-
proaches [77]. Maia et al. proposed a multi-objective al-
gorithm considering several aspects related to effectiveness
functions (i.e., importance of the modified requirements,
dependence among requirements, risk of a test case) as well
as several aspects related to cost functions (i.e., test exe-
cution time, available test execution time or resources for
test execution) [78]. In the context of Software Product
Line (SPL) engineering, multi-objective algorithms have
been proposed for several problems, including test suite
minimization [79, 80] or test case prioritization [32, 37].
Other multi-objective algorithms have combined different
sophisticated techniques for regression testing, including
fuzzy-logic [81], injecting diversity in genetic algorithms
[82], using graphic cards [83] or considering latent seman-
tic indexing [84].

In contrast to most of the test case selection studies, our
proposal differs in two main points. The first one is that
we only consider information related to the inputs and out-
puts of the system, unlike most of the studies in the cur-
rent literature which take advantage of coverage, changes
or historical information. The second one is that in our
case we aim at selecting test cases to test simulation mod-
els, which commonly model systems encompassing soft-
ware with physical units, in addition to time-continuous
sources (e.g., integrators or derivatives). The inputs of
these models are signals, which are more complex inputs
than those test case inputs for unit testing.

Black-box testing has been widely investigated in soft-
ware engineering, not only for regression test optimization
approaches, but also for test generation [85, 86, 6, 87, 88].
Schroeder and Korel proposed a black-box technique for
test suite minimization considering both, inputs and out-
puts of the program [89]. Since then, black-box metrics
have been applied into multiple system applications for
test case selection, including database systems [90] or dy-
namic link library components [91] as well as different code
languages (e.g., C [92]). Compared to these studies, the
main difference of our approach is the targeted systems,
i.e., we use black-box metrics for test selection of simula-
tion models.



Similar to our study, other approaches have proposed
cost-effective methods for system level testing without
making use of coverage-based information. Pradhan et
al. proposed a multi- objective test selection method that
can be used when a limited time budget exists [18]. Their
fitness function included one cost function (i.e., time differ-
ence) and three effectiveness measures (i.e., mean priority,
mean probability and mean consequence). Our previous
work focused on testing CPS product lines at different test
levels and employed several cost-effectiveness measures in-
cluding historical data or functional and non-functional
requirements [7]. Lachmann et al. compared several black
box test case selection criteria (e.g., fault revealing history,
requirements coverage, etc.) [16]. The main difference be-
tween our approach and these approaches is that in our
case we do not use any historical data, which is only avail-
able when tests have been executed several times. As for
similarity-based test case selection, Hemmati et al. pro-
posed a model-based approach [46]. In contrast to our
study, their defined similarity measures follow a model-
based approach by considering state machines, whereas
we consider input and output signals.

Similar to this approach, Matinnejad et al. proposed
several anti-patterns as well as similarity based measures
for generating test suites to test simulation models with
state-charts [43]. In our case, rather than generating test
suites we focus on selecting test cases. To this end, we
adapted the proposed effectiveness measures in [43] to the
test case selection context. Notice however that in the
past, the definition of some measures for test suite gen-
eration has not prevented successfully re-using the same
measures in other verification and validation stages (e.g.,
in test case prioritization [93]). Besides this, our paper dif-
fers from that of [43] in several points. First, our approach
is multi-objective, aiming at increasing the effectiveness
while reducing costs. In this sense, we evaluated the per-
formance of 21 different objective combinations along with
NSGA-II. Conversely, Matinnejad et al. used a single-
objective approach to generate test suites using a simu-
lated annealing and an Adaptive Random Testing algo-
rithm [43]. Secondly, when guiding the search based on
the anti-patterns, Matinnejad et al. chose one output,
whereas in our case, we have normalized each anti-pattern
to consider all outputs of a simulation model. Similarly,
we adapted the Euclidean distance equation for different
TET measures, while in [43] all the test cases have the
same TET. Finally, their approach was focused on test-
ing Simulink models that included controllers with state-
charts. In our empirical evaluation, we included some
models that included state-charts and others that did not
include any. Overall, we believe that both approaches are
different but complementary.

9. Conclusion and Future work

In this paper we proposed a cost-effective approach to se-
lect test cases for simulation models considering only infor-
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mation related to the inputs and outputs of the system. To
this end, we have analyzed four different anti-pattern and
two similarity measures and proposed different measures
to cost-effectively select test cases. We formed in total 21
combinations and integrated them within NSGA-II. An
empirical evaluation with six different case studies showed
that our approach is cost-effective when compared to RS,
improving them in about 18 to 28% when considering the
HV quality indicator. Moreover, for the second evaluation
metric (i.e., W_MS_TET), NSGA-II outperformed RS in
5 out of 6 case studies. Furthermore, the proposed ap-
proach outperformed NSGA-II along with three traditional
white-box metrics (i.e., CC, DC and MC/DC coverage)
for most of the case studies, as well as two many-objective
algorithms (i.e., NSGA-IIT and MOEA/D). When consid-
ering the proposed combinations, the measures based on
anti-patterns performed better than both measures based
on similarities. Particularly, the instability measure gen-
erally outperformed the remaining ones.

In the future, we would like to investigate other dis-
tance metrics to measure the similarity among test cases.
To this end, we foresee adapting traditional similarity met-
rics (e.g., Hamming distance, Jaccard, etc.) to the context
of simulation-based testing. This could enable us to find
why similarity measures did not perform well in this con-
text. Furthermore, to deploy this technique in practice,
decision-makers would need to be developed and investi-
gated, as one solution from the Pareto-frontier returned
by the NSGA-II would need to be selected. Future direc-
tion will aim to develop, investigate and evaluate decision
makers for application in practice.

Material

For the sake of replicability, experimental material is
available in https://github.com/aitorarrietamarcos/
IST2019Paper.
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