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Abstract—Metamorphic testing is a technique that has shown
great potential to alleviate the test oracle problem by exploiting
the relations among the inputs and outputs of different executions
of a system. However, this approach requires multiple test
executions. In applications like Cyber-Physical Systems (CPSs),
where the test executions can be very expensive in terms of time
and resources needed, this can supose a problem. Therefore,
it is paramount to optimize the test suite to reduce the costs
of verifying the system. Test case selection is an optimization
technique which accomplishes this by selecting a subset of test
cases while aiming to preserve the effectiveness of the original
test suite as much as possible. While there are many approaches
for test case selection in the existing literature, none of them has
been proposed for the metamorphic test case selection problem,
where each metamorphic test case consists of a source and, at
least, a follow-up test case pair.

In this work, we present an evolutionary multi-objective ap-
proach for the metamorphic test case selection problem, adapting
existing multi-objective test selection techniques and proposing
new evolutionary operators and objective functions. Further-
more, we evaluate our approach with a set of metamorphic tests
developed for an industrial case study from the elevation domain.
The results suggest that our approach outperforms both Random
Search and the same metaheuristic algorithm without the new
evolutionary operators we propose.

Index Terms—Cyber-Physical Systems, Elevators, Metamor-
phic Testing, Test Selection

I. INTRODUCTION

Cyber-Physical Systems (CPSs) are heterogeneous systems
that integrate physical and software components [1], [2], [3].
Multi-elevator installations are highly configurable CPSs that
must satisfy transportation demands while providing the best
possible Quality of Service (QoS) to the passengers. For
instance, the Average Waiting Time (AWT) of the passengers
is considered to be one of the most important QoS metrics
to measure passenger satisfaction [4]. The values of such
metrics are, however, very volatile in short time frames, since
slight variations in timing can change how the elevators are
dispatched, which in turn changes the state of the installation
for the rest of the scenario. Given how many parameters this
system has and how complex it is, determining whether a test
outcome is correct or not is very difficult. This is one of the
fundamental problems in software testing, known as the oracle
problem [5]. In practice, this is often solved by employing
human oracles, i.e., manual verification by the test engineers.
However, this is an expensive solution that does not scale well.

Metamorphic testing [6] is an alternative testing technique
which can be used to alleviate the oracle problem. It consists
in defining relations among multiple test executions that the
system must hold, the so called Metamorphic Relations (MRs).
This technique has reportedly been used in many domains
with great success. Specifically in the domain of CPSs, it has
been used for testing wireless sensor networks [7], autonomous
drones [8], and self-driving cars [9], [10], among others.
Segura et al. proposed the use of metamorphic testing for
performance testing [11], [12], and Ayerdi et al. applied it
in the context of industrial elevator systems [13].

Unfortunately, testing this type of system is very costly,
even if simulation-based environments are used. In addition,
metamorphic testing requires multiple test cases to check the
output relations, which usually translates to even higher costs.
Test selection is a technique which aims to reduce the cost of
testing while maintaining the effectiveness of the test suite by
selecting a subset of the available test cases.

In this practical experience report, we present our findings
and lessons learned from applying metamorphic test selection
in an industrial case study from the elevation domain. To the
best of our knowledge, this is the first work in the literature
proposing an approach for metamorphic test selection, and also
the first to report on the usage of this technique in an industrial
case study.

We propose and evaluate an approach to metamorphic
test selection based on the NSGA-II evolutionary algorithm.
We present the problem representation, genetic operators,
and multiple possible objective functions to guide the search
towards better solutions. Then, we compare our approach
with a Random Search baseline, and we also evaluate the
effectiveness of the new genetic operators we propose. We
also compare the different possible objective function combi-
nations. We employ the test suite’s execution cost and mutation
score as metrics to determine the quality of the solutions. We
conclude that our approach is effective wrt the baselines and
that the new genetic operators we propose result in consistently
better results. We then evaluate and discuss the best objective
function combinations to obtain cost-effective test suites.

In order to facilitate further research on this topic, we
provide a replication package for our experiments, including
the source code, experimental data, and our results [14].

The rest of the paper is structured as follows: Section II



provides some background on metamorphic testing and our
case study. Section III describes our test selection approach.
Section IV presents the empirical evaluation. Section V sum-
marizes the lessons learned and some future prospects. Section
VI points out some threats to validity and how we mitigated
them. Section VII describes the related work in the literature.
Section VIII concludes the paper.

II. BACKGROUND

A. Metamorphic Testing

Metamorphic Testing (MT) [6] is a technique that consists
in checking known relations among the inputs and outputs of
two or more test executions from the system under test, the so
called Metamorphic Relations (MRs). For example, consider
the function abs(x), which computes the absolute value of x.
We can define the following simple MR:

(xf = −xs) ⇒ (abs(xf ) = abs(xs))

This MR implies that if the value of the input is negated
(xf = −xs), then the output of the function must not change
(abs(xf ) = abs(xs)). Here, xs is the source test case, and xf ,
created by negating xs, is the follow-up test case. The first
part of the implication, which determines the relation between
both test cases, is the input relation, and the assertion over the
outputs from both test cases is the output relation. MRs are
only applicable to test pairs which satisfy the input relation.

Segura et al. proposed the use of MT in order to detect
performance-related issues in the program under test [11],
[12]. For instance, rendering a larger bitmap image on a
browser is expected to result in a higher memory usage. This
type of MRs had already been suggested in earlier work [7].
In [15], a MR based on page load times is used to reveal bugs
in the Adobe Launch Tag Manager software. More recently,
Ayerdi et al. applied this concept in the elevation domain [13],
and presented an approach to identify bugs on an elevator
dispatcher by using MRs based on performance metrics.

B. Application Domain

Our application domain is a CPS provided by Orona, one
of the largest elevator companies in Europe. Elevator systems
integrate different computing units, as can be seen in Figure
1. All these computing elements are communicated through
the Controller Area Network (CAN) bus. Each elevator has its
own microprocessor, which is in charge of controlling different
aspects of the (individual) elevator (e.g., speed of the elevator,
opening and closing of the doors). In each of the floors, there
are elevator calling buttons. These can be either conventional
(in which the passenger only provides the traveling direction,
i.e., up or down), or destination-aware (in which passengers
select their destination floor). In this paper we focus on
conventional installations. There is a last computing unit called
traffic master. This microprocessor receives information of
the status of each of the elevators (e.g., floor, estimation of
the number of passengers), as well as information of each
of the calls. Based on this information, the traffic master
decides which elevator should attend each of the calls. This

Fig. 1: Illustration of the industry case study

decision is taken by the traffic dispatching algorithm, which
is the System Under Test (SUT) in this paper. The traffic
dispatching algorithm continuously evolves [16] to deal with
the inclusion of new functionalities, repairing of bugs, etc.
Therefore, carefully testing this system is paramount.

To test the traffic dispatching algorithm, simulation-based
testing is employed [16]. The first test execution level is called
Software-in-the-Loop (SiL). At this test level, Elevate1 is
employed to run the tests, which is a commercial and domain-
specific simulation tool to test elevator traffic dispatching
algorithms. The second test level is Hardware-in-the-Loop
(HiL). In this case, the SUT is embedded in the real target
processor, integrated with the real-time infrastructure (e.g.,
drivers, operating systems, communications). The remaining
computing units are real, and the physical layer of the CPS
(e.g., engines, mechanical parts) are emulated in some real-
time test benches. The last test level refers to the real elevator.
It is noteworthy that as the test levels increase, the cost
for executing tests becomes more expensive. Therefore, it is
important to detect faults early at the SiL test level, if possible.

In this paper we focus on the SiL test level. A test case
at this test level for our industrial case study involves two
files. On the one hand, the installation file, which provides all
the necessary information related to the building in which the
elevators are (e.g., number of floors, number and features of
the elevators). On the other hand, the passenger file, which
refers to the passengers traveling through the building. This
file involves a set of passengers, each with certain attributes
(e.g., the floor at which they arrive, the destination floor, the
weight of the passengers, the time they take to enter and exit

1https://elevate.helpdocsonline.com/home



the floor). With these two files, it is possible to execute a
test in the form of a simulation. Elevate returns a file, with
different output information (e.g., the time required to wait
by each passenger, the consumed energy). This information is
parsed by the metamorphic oracles to provide a test verdict.

In a previous study, it was found that metamorphic testing
was effective at detecting faults in this application domain
[13]. However, since multiple test executions are required, and
thousands of test cases exist, running the full test suite for
every new version of the system is infeasible. Therefore, test
selection approaches are required. In this paper we propose a
multi-objective test case selection approach for metamorphic
testing, specifically adapted to this application context.

C. Metamorphic Testing of Dispatching Algorithms

In this work, we evaluate metamorphic test case selection
approaches on the elevation domain case study and MRs
presented in [13].

The MRs we use employ the following performance metrics
for elevator systems:

Average Waiting Time (AWT). This is the average time
from the moment a landing call is issued until an elevator stops
to attend the call. This is among the most important metrics
for providing a good user experience [4].

Total Distance (TD). This is the sum of the distances
traversed by all the elevators of the building, measured in
floors. This metric may help reveal issues such as dispatching
multiple elevators for a single call.

Total Movements (TM). This is the count of all the
movements (i.e., engine start-ups) of all the elevators of
the building. This metric may help reveal issues such as
dispatching multiple elevators for a single call.

The MRs are based on the following Metamorphic Relation
Input Patterns (MRIPs), which define the transformations
performed to the source test cases in order to generate the
follow-up test cases.

MRIP1: Additional call. This MRIP consists in introducing
an additional passenger call to the source test case. Formally,
we can define the input relation as Cf = Cs ∪ c′, where c′

is the additional call. Since test executions are highly volatile,
the additional passenger call c′ will always arrive after the
rest of the passengers in order to ensure that the follow-up
test execution does not diverge from the source test execution
in unforeseen ways.

MRIP2: Additional elevators. This MRIP consists in
enabling one or more extra elevators for the follow-up test
case. Formally, this can be defined as Ef = Es ∪ E′, where
E′ is a non-empty set of elevators.

MRIP3: Initial position change. This MRIP consists in
changing the initial positions of the elevators without changing
their number. Formally, we can express this as Ef ̸= Es,
constrained by |Ef | = |Es|.

III. APPROACH

A. Problem formulation

We define metamorphic test selection as an optimization
problem which aims to maximize the effectiveness of a test
suite while minimizing its cost. We specifically use the muta-
tion score (MS) as the metric to determine the effectiveness
and the execution time as the cost metric for this work, al-
though different metrics could be used with our approach. The
test suite TS consists of a set of test case pairs (TCm ∈ TS),
each of which belongs to a specific MR. There is a finite set
of MRs (MRn ∈ MR), each of which has one or more test
case pairs in TS (TCm

MRn
∈ TS). In this context, the test case

pairs consist of inputs only. We assume that the test outputs
are not available yet, since the goal of the selection process
is to reduce the cost of executing the test cases. Hence, the
test selection must select a subset of the test cases TS′ ⊂ TS
while reducing the cost and maintaining a high MS as best as
possible. Only the test inputs and MRs of the test pairs are
known, so the expected cost and effectiveness of a given set
of test cases must be predicted or approximated based on that
information alone.

B. Algorithm

Given our problem formulation, we chose a multi-objective
search algorithm which will explore the search space of the
problem (selections of the metamorphic tests) based on various
features of the test inputs.

Inspired by the existing literature on test selection for
similar contexts [17], we chose the Non-dominated Sorting
Genetic Algorithm-II (NSGA-II) [18] as the metaheuristic
for our approach. This algorithm is known to not scale well
beyond three objectives, and there are other genetic algorithms
that have been developed to overcome this limitation [19],
but we do not consider it necessary to combine four or more
objective functions for this problem.

C. Genetic Operators

In this section, we describe the specific solution repre-
sentation and genetic operators we use for the metamorphic
test selection problem. Some of the mutation and crossover
operators are all based on traditional genetic operators [20].
We also define new operators based on source test case groups,
considering the fact that all the test cases within the same
source group will be very similar to each other (all the follow-
ups will have been derived from the same source test case).

1) Solution representation: We represent a metamorphic
test selection solution as a bit set indicating whether each
of the follow-up test cases has been selected or not. The
source test-cases are not part of the solution because they
can be implicitly selected based on the follow-ups: If one
or more of the follow-ups corresponding with the source test
case were selected, then the source test case must be selected
in order to evaluate the MR, and otherwise, the source test
case should not be selected because it will not be used.
This representation allows for source test cases which have
multiple follow-ups, but assumes that each follow-up test case



has a single corresponding source test case. To the best of
our knowledge, there is no metamorphic testing work which
contradicts this assumption in the existing literature.

Besides the solution representations (bit sets representing
selected follow-ups), the test selection program must keep the
set of “source groups”, i.e., a mapping of source test cases
and their corresponding follow-up test cases. This mapping is
needed in order to calculate some fitness functions, such as
the cost of executing the selected tests, and it is also used by
some of the genetic operators we use.

(1) 0 0 (1) 1 0

(0) 0 0 (1) 1 0

1

0

(a) Follow-up flip

(1) 1 0

(1) 1 0

(0) 0 00

(1) 1 10

(b) Source group flip

Fig. 2: Mutation operators

2) Mutation:
• Follow-up flip. This operator selects or deselects a single

follow-up test case from the test suite. With our solution
representation, this is equivalent to a standard bit-flip mu-
tation. Figure 2a shows a single follow-up test case being
chosen as a mutation point and getting deselected. Note that
the source test cases (bits between parentheses with blue
background) cannot be mutation points, and their values are
simply recomputed based on whether at least one of their
follow-ups is selected or not. In this example, the first source
test case becomes deselected after the mutation because
none of its follow-ups is selected.

• Source group flip. This operator selects or deselects all the
follow-up test cases corresponding with a single source test
case. In the case of selecting, one of the follow-ups is
selected first, and then every other follow-up for the source
test case has a fixed probability of being selected. Figure 2b
shows the first source test case being chosen as a mutation
point and getting selected. Once selected, every single one
of its follow-ups can be selected with a fixed probability. In
this case, its first and third follow-ups are selected, but the
second one is not.

S1 F11 F13 S2 F21 F22F12(0) 0 (1) 1 00

S1 F11 F13 S2 F21 F22F12 1 (0) 0 0

S1 F11 F13 S2 F21 F22F12(1) 0 1 (0) 0 00

S1 F11 F13 S2 F21 F22F12(1) 1 0 (1) 1 00

0

(1) 1 0

Parent 1

Parent 2

Child 1

Child 2

Fig. 3: Follow-up crossover

3) Crossover:
• Follow-up crossover. This operator performs a single-point

crossover over the follow-up test cases. With our solution
representation, this is equivalent to a standard single-point

S1 F11 F13 S2 F21 F22F12(1) 0 (1) 1 01

S1 F11 F13 S2 F21 F22F12 1 (0) 0 0

S1 F11 F13 S2 F21 F22F12(1) 0 0 (0) 0 01

S1 F11 F13 S2 F21 F22F12(1) 1 1 (1) 1 00

0

(1) 1 0

Child 1

Child 2

Parent 1

Parent 2

Fig. 4: Source group crossover

crossover. Figure 3 shows an example where the crossover
point (dotted vertical red line) is after the second follow-
up test case. Note that the source test cases (bits between
parentheses with blue background) are ignored and recom-
puted after the crossover. In this example, Child 1 ends
up having the first source test case deselected despite both
parents having it selected, because none of its follow-ups is
selected after the crossover.

• Source group crossover. This operator performs a single
point crossover over the source test-case groups. Figure 4
shows an example where the crossover point (dotted vertical
red line) is after the first source test case. Child 1 ends
up with Parent 1’s selections for source test case 1 and
Parent 2’s selections for source test case 2, while Child 2 is
constructed the other way around.
4) Multiple Operators: Since our approach uses multiple

mutation and crossover operators, a strategy for applying them
must be defined. In this case, when performing a mutation or
crossover, we simply choose one of the operators randomly
with equal probability, and then apply the chosen operator.

D. Fitness Functions

In order to guide the search algorithm towards the best
possible solutions, we define a set of fitness functions specific
to the metamorphic test selection problem. Furthermore, some
of the fitness functions are based on features of the test cases
which are specific to the domain of our case study. All of
the fitness functions other than the cost return values to be
maximized, so in our implementation their values are negated
in order to make all of them minimization objectives.
• Cost. This fitness function aims to minimize the cost of the

execution for the selected test cases. It is calculated as the
sum of the costs of the selected test cases. The objective is
to minimize this value. For the elevation domain, we employ
the following value in order to approximate the execution
time in seconds for a given test case:

Tlast − Tfirst + 60

where Tlast is the arrival time of the last passenger, and
Tfirst is the arrival time of the first passenger, both mea-
sured in seconds. This formula simply assumes that all
the passengers will be transported to their destination 60
seconds after the last call to the elevators, which was found
to be a good approximation after some preliminary tests.
A cost fitness function should be defined for any domain
(e.g. the cost of each test case could just be 1 if there is no



better approximation or if all test cases have similar costs),
but the estimated test case cost we use here is specific to
the elevation domain.

• MR Coverage. This fitness function aims to balance the
number of test case pairs selected for each of the MRs. Since
different MRs might be able to detect different types of
failures, diversifying the MRs checked is expected to result
in a higher failure detection capability. The value of this
function is specifically calculated as:

min
∀MRn∈MR

(
|TCselected

MRn
|

|TCall
MRn

|
)

where MR is the set of all MRs used in our test suite,
|TCselected

MRn
| is the count of test cases for MRn selected,

and |TCall
MRn

| is the total count of test cases for MRn. The
objective is to maximize this value. This fitness function is
domain-agnostic.

• Input Diversity. This fitness function aims to maximize the
diversity of the inputs [21]. The input diversity of a solution
TS′ is calculated as the sum of the minimum distance of
each input test case from every other input test case in the
test suite: ∑

t1∈TS′

(
min

t2∈TS′\t1
(dist(t1, t2))

)
The dist(t1, t2) function computes the euclidean distance
between t1 and t2, which are numeric vectors representing
test inputs (not test input pairs). The objective is to maximize
this value. This fitness function is domain-agnostic, but if the
test cases do not consist of numeric inputs, it may require
defining numeric features over the inputs which might be
domain-specific. In this work, we employ domain-specific
features such as elevators count, passenger count, or the
ratio of passengers going up/down from lower/middle/upper
floors in order to compute input diversity.

• Passenger Density. This fitness function aims to maximize
the passenger density of the selected test cases, given the
expectation that more dense test cases will result in more
operations from the elevator system, and therefore more
potential to reveal failures. The passenger density of a set of
test cases is calculated as the sum of the passenger counts
on each test case divided by the sum of the costs of each test
case. The objective is to maximize this value. This fitness
function is specific to the elevation domain.

• Passenger Count. This fitness function aims to maximize the
total count of passengers in the selected test cases, because
more passengers might force the elevator system to make
more complex decisions, potentially revealing more failures.
The total count of passengers is calculated as the sum of
passengers counts on each test case. The objective is to
maximize this value. This fitness function is specific to the
elevation domain.

• Passenger Distance Traveled. This fitness function aims to
maximize the total distance traveled by the passengers in the
selected test cases, since longer trips might force the elevator

TABLE I: Objective combinations derived from the proposed
fitness functions. Each combination had Cost as an additional
objective.

Combination Fitness 1 Fitness 2

c1 MR Coverage
c2 Input Diversity
c3 Passenger Density
c4 Passenger Count
c5 Passenger Distance Traveled
c6 MR Coverage Input Diversity
c7 MR Coverage Passenger Density
c8 MR Coverage Passenger Count
c9 MR Coverage Passenger Distance Traveled
c10 Input Diversity Passenger Density
c11 Input Diversity Passenger Count
c12 Input Diversity Passenger Distance Traveled
c13 Passenger Density Passenger Count
c14 Passenger Density Passenger Distance Traveled
c15 Passenger Count Passenger Distance Traveled

system to make more complex decisions, potentially reveal-
ing more failures. The total distance traveled is calculated
as the sum of travel distances from each passenger on each
test case, measured in floors. The objective is to maximize
this value. This fitness function is specific to the elevation
domain.
The maximum number of fitness functions per combination

was three, as NSGA-II does not scale well for more than
three objective functions [19]. Therefore, each combination
was configured with the Cost objective combined with one or
two additional objectives. Given our other five proposed fitness
functions, we formed 15 combinations in total, summarized in
Table I.

IV. EMPIRICAL EVALUATION

This section details our evaluation and analysis of the results
obtained from our experiments.

A. Research Questions

Based on the data obtained from our experiment and subse-
quent evaluations, we defined the following research questions
(RQs):
• RQ1 - How does our proposed approach perform when

compared with Random Search (RS)? We define this RQ
to assess the performance of our approach (NSGA-II-MET)
in the selection of cost-effective test cases, and whether it
is an improvement over RS. To answer this RQ, we pair the
15 different objective combinations with our approach and
RS and compare the results.

• RQ2 - How do the new genetic operators we propose
perform? We define this RQ to assess the effectiveness of
the source group based mutation and crossover operators
from our approach (Source group flip and Source group
crossover), and whether it is an improvement over just
using the traditional operators (Follow-up flip and Follow-
up crossover). We refer to the variant of our approach which
only uses the traditional genetic operators as NSGA-II-TR.
In order to answer this RQ, we pair each of the 15 different



objective combinations with NSGA-II-MET and NSGA-II-
TR to compare the results.

• RQ3 - Which of the different objective combinations per-
forms the best when paired with our approach? This RQ
helps us to determine the best objective combination for
selecting the most cost-effective test cases. To answer this
RQ, we report and compare the results of all 15 objective
combinations for NSGA-II-MET.

B. Experimental Set-up

1) Algorithm Configuration: NSGA-II-MET and NSGA-II-
TR were configured with populations of 100 with the total
number of fitness evaluations set to 25,000. The NSGA-II
approaches were configured with a crossover rate of 1.0, and a
mutation probability of 1/N, where N is the count of test cases.
All the other parameters were chosen based on existing work
related to multi-objective test case selection [20], [22], [23],
[24], [25]. The selection operator used was binary tournament
[18]. For a fair comparison, RS was also configured to run
25,000 fitness evaluations.

2) Evaluation Dataset: For this evaluation, we employed
the same set of test cases and mutants as the ones presented
in [13]. The metamorphic tests are based on the performance
metrics and MRIPs described in Section II-C. The test suite
consists of 140 randomly generated source test cases and
1200 follow-up test cases: 420 for MRIP1 (Additional call),
360 for MRIP2 (Additional elevators), and 420 for MRIP3
(Initial position change). These are short-scenario test cases
with an average duration of approximately 3 minutes. As for
the mutants, there are 89 mutants of Orona’s most common
dispatching algorithm, which were generated by seeding faults
based on traditional operator mutations [26]. The test suite
achieves a total mutation score of 83.1% for the provided
mutants (74 out of 89 mutants detected) [13].

The evaluation dataset consists of two separate groups of
artifacts: (1) The set of test case inputs and the list of test input
pairs for each MR, and (2) a table indicating which mutants
are killed by each test case pair. Only the data from group (1)
is used for the test selection itself, since the data from group
(2) would not be available without executing the entire test
suite. The data from (2) is used exclusively to compute the
mutation score of a subset of the test case pairs to evaluate
the effectiveness of metamorphic test selection solutions.

3) Evaluation Metrics: Pareto-based search algorithms pro-
vide more than one solution. The provided solutions are non-
dominated among themselves. For each of these solutions we
measured (1) the cost and (2) the mutation score:

Cost - The cost metric determines how expensive it is
to execute the test suite. To this end, we measure the time
required by all the test cases in the test suite to execute.

Mutation score - The mutation score is the ratio of mutants
that are killed (i.e., identified as incorrect) by a test suite. A
mutant is considered killed if at least one metamorphic test
identifies it as incorrect.

It is important to note that the Pareto-frontier provided by
the search algorithm is non-dominated based on the selected

objective functions. However, the mutation score of each of
the solutions is unknown. Therefore, with both the cost and
mutation score of each objective function we derived a sec-
ond Pareto-frontier. Similar to other multi-objective test case
selection studies [27], [25], [28], [29], with this second Pareto-
frontier, we derived the Hypervolume (HV). This metric is
a quality indicator which is often used in the assessment of
Pareto-based search algorithms [30], [31], [32]. The higher the
HV , the better the performance of the Pareto-based search
algorithm.

While the HV is a widely used metric to assess multi-
objective search algorithms [30], in order to transfer multi-
objective test case selection studies to the industry, decision
makers (DMs) are necessary. A DM takes as input a Pareto-
frontier returned by the search algorithms, and decides which
the best solution is. To this end, we implemented a time-budget
based DM. Our DM takes as input the Pareto-frontier and a
time budget, which is given by the user. With this, the DM
returns the solution that is closest to the time budget without
exceeding it. We believe that these types of DMs are of interest
for the industry. For example, in a domain analysis carried out
in an industrial set-up, they showed interest in executing as
many test cases as possible within a given time budget [33].
The time budgets are specified in percentages (i.e., a 10% of
time budget means that the 10% of the the execution cost of
the entire test suite is permitted). In the remainder of the paper,
we refer to a specific DM configuration as DM X , X being
the percentage time budget. For each DM, we measure the
mutation score obtained by the solution returned by it.

4) Statistical Tests: Since the algorithms we used are
stochastic, we run each algorithm with each objective com-
bination 50 times, as recommended by Arcuri and Briand
[34]. The results were analyzed by means of statistical tests.
Specifically we applied the Shapiro-Wilk test [35] to determine
the distribution of the data.

After determining that the data was normally distributed,
the t-test was used to assess whether there was statistical
significance between two different algorithms. We considered
there was statistical significance if the p-value was below 0.05.
In addition, we used the Vargha and Delaney Â12 test [36] to
assess the effect size of the difference between approaches.
We categorize the Â12 values as N (negligible) if d < 0.147,
S (Small) if d < 0.33, M (Medium) if d < 0.474, or L (Large)
if d >= 0.474, where d = 2 · |Â12 −0.5| [37].

C. Analysis of the Results

In this section, we present the evaluation results obtained
and we discuss the answers to the RQs.

RQ1 - How does our proposed approach perform when
compared with Random Search (RS)?

In this RQ, we compare our proposed approach (NSGA-II-
MET) with Random Search implementation (RS) as a sanity
check of our study.

Table II presents the results of the statistical comparison
between the HV results from our approach (NSGA-II-MET)
and Random Search (RS) in the “Effect size” column under



TABLE II: (RQ1 + RQ2) Statistically significant effect sizes
and average improvement of NSGA-II-MET with respect to
RS and NSGA-II-TR for the HV metric.

Combination NSGA-II-MET vs RS NSGA-II-MET vs NSGA-II-TR

Effect size Improvement Effect size Improvement

c1 L+ 52.53% - 0.32%
c2 L+ 53.05% - -0.39%
c3 L+ 41.81% L+ 14.45%
c4 L+ 69.70% L+ 2.91%
c5 L+ 71.62% M+ 1.36%
c6 L+ 50.99% - 0.10%
c7 L+ 47.99% L+ 7.24%
c8 L+ 64.87% S+ 1.22%
c9 L+ 63.74% M+ 2.07%
c10 L+ 51.57% - 0.79%
c11 L+ 66.42% L+ 2.37%
c12 L+ 66.57% L+ 1.97%
c13 L+ 60.44% L+ 4.66%
c14 L+ 60.65% L+ 5.09%
c15 L+ 70.05% L+ 2.37%

Average 59.47% 3.10%

TABLE III: (RQ1 + RQ2) - Statistically significant effect sizes
for mutation scores across different DMs.

DM 1 DM 5 DM 10 DM 15 DM 20 DM 25 DM 30 DM 35 DM 40 DM 45 DM 50 DM 55 DM 60

c1 M+ L+ L+ L+ L+ L+ L+ L+ L+ L+ L- L- L-
c2 L+ L+ L+ L+ L+ L+ L+ L+ L+ L+ - - L+
c3 L+ L+ L+ L+ L+ L+ L+ L+ L+ L+ M+ L+ L+
c4 S+ L+ L+ L+ L+ L+ L+ L+ L+ L+ L+ L+ L+

NSGA-II-MET c5 S+ L+ L+ L+ L+ L+ L+ L+ L+ L+ L+ L+ L+
vs c6 S+ L+ L+ L+ L+ L+ L+ L+ L+ L+ L- L- M-
RS c7 S+ L+ L+ L+ L+ L+ L+ L+ L+ L+ - - S+

c8 - L+ L+ L+ L+ L+ L+ L+ L+ L+ - - -
c9 N+ L+ L+ L+ L+ L+ L+ L+ L+ L+ - - -

c10 S+ L+ L+ L+ L+ L+ L+ L+ L+ L+ M- M- S-
c11 N+ L+ L+ L+ L+ L+ L+ L+ L+ L+ L+ L+ L+
c12 N+ L+ L+ L+ L+ L+ L+ L+ L+ L+ L+ L+ L+
c13 S+ L+ L+ L+ L+ L+ L+ L+ L+ L+ S+ - N+
c14 N+ L+ L+ L+ L+ L+ L+ L+ L+ L+ S+ - -
c15 S+ L+ L+ L+ L+ L+ L+ L+ L+ L+ L+ L+ -

c1 - - L+ M+ M+ S+ - - - M- L- L- L-
c2 M+ L+ M+ S+ - - - S- S- - - - -
c3 S+ - - M+ L+ L+ L+ L+ L+ L+ L+ L+ L+
c4 - - S+ L+ L+ L+ L+ M+ L+ L+ L+ L+ M+

NSGA-II-MET c5 - S+ S+ - M+ L+ L+ L+ - S+ - - -
vs c6 - - M+ S+ - - - - - - S- M- M-

NSGA-II-TR c7 - - M+ S+ - M+ L+ L+ L+ L+ L+ L+ M+
c8 - - M+ L+ - - - - - - - - S+
c9 - - L+ L+ L+ - S+ - - M+ - - -

c10 - - - - - - - - M+ - - - -
c11 - - L+ M+ M+ S+ - - - - - -
c12 - - L+ M+ L+ - - - - - - - M+
c13 - - M+ L+ M+ M+ M+ L+ M+ L+ L+ M+ L+
c14 - S+ M+ L+ L+ L+ L+ - L+ M+ M+ L+ L+
c15 - S+ - M+ L+ L+ L+ L+ M+ L+ L+ L+ M+

“NSGA-II-MET vs RS”. The results from the Â12 values show
that our approach is more effective with statistical significance
and a large effect size for every single objective function
combination.

On the other hand, the “Improvement” column besides it
shows the average improvement of our approach wrt RS. We
can observe that the improvement is approximately between
40% and 70%, with the average improvement for all the
objective function combinations being around 60%.

Using the Time Budget Decision Makers with the best
objective function combination (c15), Figure 5 reveals that RS
fails to find suitable solutions for under 45% of the maximum

cost. The efficiency is also lower for higher cost solutions
up to 60% of the cost. Table III shows a detailed view of
every possible mutation score comparisons across all objective
and DM combinations. This view reveals that RS obtains
better mutation scores for the three highest time budgets in
c1, c6 and c10, but consistently worse results for every other
objective combination. As we will later show in RQ3, these
three objective combinations are among the least effective
ones, so RS obtaining some better results with them is not
very meaningful.

Answer to RQ1: Our approach obtained significantly
better overall results than RS for every single objective
function combination.

RQ2 - How do the new genetic operators we propose
perform?

In this RQ, we compare our approach (NSGA-II-MET) with
a reduced variant where only the traditional genetic operators
are used (NSGA-II-TR).

The “Effect size” column under “NSGA-II-MET vs NSGA-
II-TR” from Table II shows that the results from our approach
with the new genetic operators dominate over the version
without them. The results show statistically significant im-
provements for 11 out of 15 objective combinations and no
statistical significance for the rest of them.

On the other hand, the “Improvement” column next to
it shows the average improvement of our approach wrt the
variant without the new genetic operators. We can observe
that the improvement is approximately between 0% and 14%,
with the average improvement for all the objective function
combinations being around 3%.

Figure 5 shows that the new genetic operators provide a
modest but consistent improvement of the mutation score for
all the time budgets with the best objective combination. The
lower rows from Table III reveal similar results from the
comparison with RS, with NSGA-II-MET dominating NSGA-
II-TR for all objective combinations except three of them:
c1, c2 and c6 in this case. Similarly to the previous case,
the results for RQ3 will reveal that these objective functions
are among the least effective ones, rendering this favorable
comparison irrelevant.

Answer to RQ2: Our approach with the new genetic
operators obtained similar or moderately better results
for all the objective function combinations, revealing
that the new operators improve the search process.

RQ3 - Which of the different objective combinations
performs the best when paired with our approach?

This RQ compares the performances of the different objec-
tive function combinations to identify the most effective ones.

Table IV shows the effect size comparison of all the
objective combinations with each other for our approach. The
results show that c4, c5 and c15 dominate the rest of the
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Fig. 6: Comparison of average mutation scores for all objective combinations.

objective function combinations, while none of them dominate
each other. Recall that these objective functions correspond
with Passenger Count (c4), Passenger Distance Traveled (c5)
and a compound of both of these objectives (c15).

The next best objective combinations are c11 and c12,
which are compounds of Input Diversity with Passenger Count
and Passenger Distance Traveled respectively. Following these,
the next best results are obtained by c8 and c9, which are com-
pounds of MR Coverage with Passenger Count and Passenger
Distance Traveled. On the other side of the spectrum, the worst
results are obtained by c2 (Input Diversity), followed by c1
(MR Coverage), c6 (MR Coverage + Input Diversity) and c10

(Input Diversity + Passenger Density).

Figure 6 shows a graph of the average mutation scores
obtained with every objective function combination for all the
decision makers. Overall, c15 is the objective combination
with the best average HV result, although c4 and c5 obtain
similar results for all the execution time budgets.

The results clearly show that the domain-specific Passenger
Count and Passenger Distance Traveled fitness functions are
the most effective, and outperform generic fitness functions
such as MR Coverage or Input diversity.



TABLE IV: (RQ3) Statistically significant HV effect size
comparison of objective combinations for NSGA-II-MET. “+”
suffix indicates better HV for the objective in the first column.

c1 c2 c3 c4 c5 c6 c7 c8 c9 c10 c11 c12 c13 c14 c15

c1 - S+ L- L- L- - L- L- L- - L- L- L- L- L-
c2 S– - L- L- L- S- L- L- L- M- L- L- L- L- L-
c3 L+ L+ - L- L- L+ S- L- L- M+ L- L- L- L- L-
c4 L+ L+ L+ - - L+ L+ L+ L+ L+ S+ M+ L+ L+ -
c5 L+ L+ L+ - - L+ L+ L+ L+ L+ S+ S+ L+ M+ -
c6 - S+ L- L- L- - L- L- L- - L- L- L- L- L-
c7 L+ L+ S+ L- L- L+ - L- L- L+ L- L- L- L- L-
c8 L+ L+ L+ L- L- L+ L+ - - L+ L- L- - M- L-
c9 L+ L+ L+ L- L- L+ L+ N+ - L+ L- L- S- S- L-

c10 - M+ M- L- L- - L- L- L- - L- L- L- L- L-
c11 L+ L+ L+ S- S- L+ L+ L+ L+ L+ - - M+ S+ M-
c12 L+ L+ L+ M- S- L+ L+ L+ L+ L+ - - M+ - M-
c13 L+ L+ L+ L- L- L+ L+ - - L+ M- M- - - L-
c14 L+ L+ L+ L- M- L+ L+ M+ S+ L+ S- - - - L-
c15 L+ L+ L+ - - L+ L+ L+ L+ L+ M+ M+ L+ L+ -

Answer to RQ3: Maximizing Passenger Count, Pas-
senger Distance Traveled, or a combination of both are
the best possible objective function combinations, while
Input Diversity and MR Coverage are the worst.

V. LESSONS LEARNED AND FUTURE PROSPECTS

Next, we describe the lessons learned from this work and
the future prospects we foresee.

Lesson 1: Effectiveness of the approach. Our experiments
have shown us that there is a lot of potential to minimize
the cost of metamorphic test suites without compromising
their fault detection capability. With our approach and the
best objective functions, on average, over 60% of the whole
test suite’s mutation score can be achieved for only 10% of
the total test execution cost, and over 90% of the mutation
score can be achieved for only 50% of the total cost. These
insights have convinced Orona of the benefits of employing
metamorphic test selection in their workflow. Metamorphic
testing itself is a new addition to Orona’s testing process, so the
test selection approach presented in this paper will be adopted
initially as the only currently implemented alternative. In the
future, new fitness functions and other potential improvements
will also be evaluated, especially because the current random
test generation approach is likely to change.

Lesson 2: Domain-specific objective functions may be
more effective. We have learned that the objective functions
used for the test selection have a high impact on the final
outcome. For our case study, the experimental results have
shown that maximizing the number of passengers and the
distance they traverse, which are domain-specific, are the best
objective functions. We must note that our elevation case
study has a somewhat special input space, since the inputs are
tasks for the systems to perform. Under this generalization, it
appears that the best objectives are maximizing count and the
total complexity of the tasks to perform, which makes sense.

On the other hand, it appears that diversifying the inputs is
not very effective in comparison, which might indicate that
simpler test cases, in this case test cases with fewer passengers
or smaller travel distances, are not very useful in general.

Lesson 3: Different objective functions depending on
time budget. The results also reveal that different objective
functions might be more effective depending on the target time
budget. Figure 6 shows that c5 (Passenger Distance Traveled)
obtains the best results up to DM 35, but beyond that point c4
(Passenger Count) becomes more effective. Overall, however,
c15 (which is a compound of c4 and c5) happens to have
the best HV metric. The difference is rather small for this
particular case, so always using c15 would be acceptable.
Nevertheless, using different objective functions for the test
selection depending on the target time budget might be more
worthwhile for other case studies. For instance, the graph
shows cases such as c3 (Passenger Density), which has a
particularly low effectiveness between DM 5 and DM 35, but
catches up with more effective objective combinations such as
c13 beyond that point.

Future prospect 1: Generalizability to other systems.
Since this work is based on a single industrial case study,
it would be interesting to analyze whether the results can
be generalized to CPSs from other domains. In particular,
we suspect that the selection of the most effective objective
functions may be domain-specific. Thus, a more thorough
evaluation with multiple case studies would be needed to
derive guidelines on how to select the best objective functions
based on the characteristics of the case study.

Future prospect 2: MR Coverage based on historical
results. Our results have shown that the MR Coverage objec-
tive is not a very effective fitness function in comparison with
other ones. However, this function merely attempts to balance
the usage of all the MRs in the test suite equally, which might
not be the best objective. As the results from the MRs for
our case study have shown, there is a great disparity between
the effectiveness of the different MRs [13]. This means that
skewing the MR Coverage objective to aim for more coverage
of the most effective MRs may be more appropriate. This is not
possible to do under our current problem formulation, since
the outcome of executing the tests is unknown. Nevertheless,
as the same MRs are used to test different versions of the
system, data on the relative effectiveness of the different MRs
would gradually become available, which would allow us to
tune the MR Coverage. An analysis on how the MR Coverage
objective can be tuned as more information becomes available
might reveal ways to greatly increase the cost-effectiveness of
the metamorphic test selection.

Future prospect 3: Online test generation. Taking the idea
of using historical results a step further, it might be possible
to obtain a better test suite by guiding the test generation
based on previous test execution results. Instead of selecting
metamorphic test cases from a large test suite, the test cases
could be generated and selected incrementally, such that the
test generation and selection process can use information from
the previous iteration. This way, for example, the MR Cover-



age can be dynamically adjusted as more metamorphic tests
are executed. Moreover, test cases that are deemed ineffective
can be discarded to minimize the cost of future usages of the
final test suite. The general idea of updating the test suite to
maximize its effectiveness while minimizing its cost is known
as the whole test suite generation approach [38].

VI. THREATS TO VALIDITY

An internal validity threat in our evaluation is related to
the generated mutants. In the field of CPSs, using mutants
is compute-intensive. Therefore, using a large set of mutants
is often not feasible [39]. However, the number of mutants
used in this study was similar to those used in other empirical
evaluations of testing CPSs [39], [40], [41]. The employed
parameters (e.g., population size) is another threat of our study.
We used the same parameters as other studies tackling the
multi-objective test case selection problem [39], [20].

A conclusion validity threat of our evaluation relates to the
non-deterministic nature of the employed search algorithms.
To deal with it, we run each algorithm 50 times. Furthermore,
we applied statistical tests to carefully analyze the results.

An external validity threat of our evaluation is related to
the generalization of the results. While it is true that we only
applied our approach into a single case study, it must also be
acknowledged that this is a complex industrial case study.

One threat to the construct validity of our experiment was
that parameters varied across the selected algorithms. We alle-
viated this threat by configuring all the algorithms to evaluate
the fitness functions 25,000 times for a fair comparison.

VII. RELATED WORK

A. Test Case Selection

The problem of test case selection is multi-objective in
nature [42]. For this reason, Pareto-based search algorithms
have been widely applied to tackle this problem. Yoo and
Harman [20] were the first to propose the use of Pareto-
based search algorithms for test case selection. Since then,
different multi-objective test case selection approaches have
been proposed for a wide range of applications, including
software-product lines [23], autonomous vehicles [43] and
java programs [44]. In our case, the targeted system is the
elevator traffic dispatching algorithm from Orona, which is
considered a CPS. In the field of CPSs, test case selection has
been applied in different areas, such as configurable CPSs [20]
and MATLAB/Simulink models [17]. These approaches are
based on the outputs from previous executions. Our approach
is different to these in various aspects. Firstly, it is designed for
selecting metamorphic test cases, for which we propose new
genetic operators. Secondly, our approach does not need any
previous test executions, as it is based solely on test inputs.
Lastly, we apply our approach to an industrial case study.

Other approaches have proposed different genetic operators
for test case selection. For instance, Panichella et al. [28] pro-
pose operators to inject diversity through the search process.
Arrieta et al. [27] propose seeding the initial population of
the search algorithm. Olsthoorn and Panichella [29] propose a

novel crossover based on linkage learning. Unlike all of these
studies, our proposed genetic operators are designed for the
selection of metamorphic tests.

B. Metamorphic Testing Cost Minimization
To the best of our knowledge, this work is the first applica-

tion of metamorphic test selection. Nevertheless, some related
work that attempts to reduce the cost of metamorphic testing
by similar means has already been presented in the literature.

Some studies have proposed different criteria to select the
most effective MRs, such as the features of the MR (e.g. output
relations that are simple equalities are generally considered
weaker) or their ability to trigger different execution paths
[45], [46], [47]. More recently, Srinivasan et al. explored
coverage and fault based criteria to prioritize MRs [48].
While this approaches can reduce the cost of metamorphic
testing, they imply completely accepting or rejecting MRs. The
possibility of generating more test cases for the most effective
MRs but still using a few test cases for less effective MRs
could potentially increase the coverage of the test suite.

As for test selection strategies, Barus et al. noted that
random testing is often adopted as the source test case selec-
tion strategy, and reported that employing Adaptive Random
Testing (ART) can enhance the effectiveness of metamorphic
testing [49]. As for white-box approaches, Alatawi et al.
proposed the use of dynamic symbolic execution (DSE) to
generate source test cases [50], whereas Saha et al. explored
using various coverage-based criteria from EvoSuite [51].
However, none of the existing works addresses the metamor-
phic test selection problem (source and follow-up test pairs).

VIII. CONCLUSION

In this work, we have evaluated the usefulness of metamor-
phic test selection in order to minimize the cost of metamor-
phic testing while maintaining its effectiveness as much as
possible. Our experience with an industrial case study from
the elevation domain has shown that there is a great potential
in this technique.

We propose a general multi-objective search-based approach
for this, and we define both generic and domain-specific
objective functions to guide the metamorphic test selection.
In our empirical evaluation, we find out that our approach
beats all the baselines. In addition, we discover that the
most effective objective functions are domain-specific metrics
that favor higher complexity scenarios in our system. Finally,
we propose future research avenues in order to improve the
generalizability of our approach, as well as to further optimize
the cost-effectiveness of metamorphic testing for CPSs.
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