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ABSTRACT

As an enhancement of Random Testing (RT), Adaptive
Random Testing (ART) has been well studied, which aims at
achieving well-performing distribution of random test cases.
Previous studies have indicated that ART can effectively
enhance the failure-detection ability of RT, and many imple-
mentations of ART have been proposed based on different
notations. Among them, Restricted Random Testing (RRT) is
a popular version of ART, which generates test cases outside
the exclusion regions (i.e., the constructed regions that are
located around the executed but no failure-causing inputs).
As we know, there are many factors that may influence the
performance of RRT such as the size and shape of exclusion
region. In this paper, we conducted a series of simulations
to investigate the impact that the type of exclusion region
has on the testing effectiveness of RRT, i.e., Which type of
exclusion region is better for RRT? The results show that
when the failure-causing inputs cluster into a few failure re-
gions or a large predominant failure region exists within the
input domain, the uniform exclusion region is a good choice
for RRT. However, when the failure region is less compact,
it appears to be less suitable, because the irregular exclusion
region has much better performances.
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1 INTRODUCTION

Software testing is an essential part of the software develop-
ment process, meanwhile providing important contributions
to software quality assurance. Random Testing (RT) [11],
one fundamental approach, generates test cases in a random
manner from the input domain (i.e., the set of all possible
program inputs). Although RT has been used extensively in
industry and academia [2, 9, 12], its testing effectiveness is
an ongoing controversy [10].

Many new strategies have been proposed to enhance the
effectiveness of RT. For example, Adaptive random testing
(ART) [6] increases the diversity of test cases by distributing
them evenly across the input domain. A version of ART,
namely Restricted Random Testing (RRT) [5], exploits an
exclusion strategy to enhance the failure detection capability
of RT. More specifically, the corresponding ezclusion region
(ER) is created for each ezecuted test cases which have been
executed but not find failures. Subsequent test cases are then
drawn from outside these ERs. RRT ensures a minimum
distance among all test cases, thereby achieving an even
spreading of test cases.

In general, the uniform ER is commonly used for the RRT
method, e.g., circular and spherical in 2D and 3D input
space, respectively. As we know, the performance of RRT
is heavily dependent on the ER, such as the size and shape
of exclusion region, and there are many variations of the
ER. Although it seems to be consensus on the choice of
ER [4, 5], to date, no studies have specifically explored which
type of exclusion region is better for RRT. To answer this
question, in this paper, we conducted a series of simulations
to investigate the impact of the ER and its many variations
on the testing effectiveness of RRT. The results show that
when the failure-causing inputs cluster into a few failure
regions or a large predominant failure region exists within
the input domain, the uniform ER is a good choice for RRT,
but that irregular ERs may be better for the failure region
with low compactness.

The rest of this paper is organized as follows: some back-
ground information is shown in Section 2. Section 3 presents
the setting of the experiments; while Section 4 involves the
discussions of the results. Finally, Section 5 summarizes the
paper.

2 BACKGROUND

In this section, we present some background information
about ART [6, 8] and the RRT [5].
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2.1 Adaptive random testing

ART [6, 8] aims to enhance the failure detection capability
of RT by incorporating the additional mechanism that the
test cases should have an even distribution. ART skillfully
utilizes the observation of the continuity of the failure region.
If the failure region is contiguous, it can be concluded that
non-failure-regions should also be contiguous. Therefore, if a
test case t; is not a failure-causing input, then the test cases
near t; are less likely to trigger failures than that far away
from ¢;. In other words, test cases far from the executed test
cases should have a high probability of detecting a failure.
Many different ART algorithms have been proposed [8] due
to various notions and intuitions of even spreading, and RRT
is one of the implementations of ART.

2.2 Restricted random testing

When testing through the RRT method [5], the test cases
are generated following the exclusion strategy, except that
the first test case is randomly selected from the whole input
domain. More specifically, according to each executed test
case, RRT creates its ER, and the next test case is forbidden
to be selected from any ER. By employing the exclusion
mechanism, RRT can guarantee a minimum distance between
all test cases, that is, the radius of the ER.

The ER has a necessary impact on the performance of
the RRT. Intuitively, RRT with various types of ER should
have distinctive performances under different failure patterns.
However, to date, no studies have specifically explored which
type of exclusion region is better for RRT. Aiming at exam-
ining the effect of different ERs on the effectiveness of RRT,
in this paper, we conducted a series of experiments.

3 EXPERIMENTAL STUDIES

In this section, we report on a series of simulations to
investigate how different ERs influence the performance of
RRT and thus answer the research question of which type of
exclusion region is better for RRT. The detailed design and
settings of the experiments are described as follows.

3.1 Experiments Objects

In this paper, the variations of ER is the independent
variable for the experimental studies. We selected two uniform
ERs: the circle and square exclusion region (abbreviated as
CER and SER respectively), which have been widely adopted
in previous research [1, 5]. In addition, we complemented a
rectangle exclusion region (denoted by RER) with different
compactness. The a (o > 1) is to describe the compactness
of RER. In other words, the ratio among edge lengths of the
rectangular region can be described as 1 : a, where « is set as
2 and 80. Intuitively, the smaller « is, the more compact the
RER. Incidentally, the SER can be considered as the special
case of RER (i.e, a =1).

3.2 Experiments Setup

The studies attempt to mimic faulty programs in different
situations. Generally, there are two basic features for a faulty
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program, including the failure rate and failure pattern [3].
The failure rate, normally denoted by 6, refers to the ratio
of the number of failure-causing inputs to the number of all
possible inputs. In addition, the shape of the failure region
together with its distribution over the input domain is called
failure pattern. In our simulations, 6 and failure patterns
were predefined, and then the failure regions were randomly
placed in the input domain. By the way, the size of exclusion
region is not focus of this paper, thus, the exclusion ratio
was uniformly set to 75%. If a point is selected from inside
any failure region, a failure is said to be detected. For a
d-dimensional input domain D, without loss of generality,
we assume that D = {(z1,z2, -+ ,z4)[0 < x; < 1.0,4 =
1,2,---,d}, abbreviated as [0,1.0)?. Following the previous
studies [7], we simulated the following four different failure
patterns (FPs).

FP-I: The first failure pattern was set as the block pat-
tern, which involved a single square/hypercubic failure
region. The 6 was set as 0.75, 0.5, 0.25, 0.1, 0.075,
0.05, 0.025, 0.01, 0.0075, 0.005, 0.0025, 0.001, 0.00075,
0.0005, 0.00025, 0.0001, 0.000075, and 0.00005.

FP-II: The second failure pattern to be simulated is
a single rectangular (strip) failure region randomly
placed inside a two-dimensional input domain. Similar
to RER, the ¢ describes the compactness of failure
region, where ¢ is set as 1, 4, 7, 10, 20, 30, 40, 50, 60,
70, 80, 90, and 100. In addition, # was set as 0.005, and
0.001.

FP-III: The third failure pattern was set as a number of
square regions (denoted by Ri, Ra,---, Rg) with the
equal size. B is set as 1, 4, 7, 10, 20, 30, 40, 50, 60, 70,
80, 90, and 100, respectively, and 6 was set as 0.005
and 0.001.

FP-IV: In the fourth failure pattern, a number of square
regions are randomly placed inside a two-dimensional
input domain, but there exists a predominant region.
Suppose that there are 8 failure regions, denoted by
Ri1, Ra2,- -+, Rga, respectively. For one failure region R,
we set |Ri| = w -0 - |D|, where w = 0.3,0.5, and
0.8. For all the other failure regions, we set |R;| =
(pi/ 2512 pj) - (1 —w)-0-|D|, where p; is randomly
selected from [0, 1) according to uniform distribution,
i=2,3,---,0, and |D| denotes the size of the input
domain. The number of failure regions S is set as 1, 4,
7, 10, 20, 30, 40, 50, 60, 70, 80, 90, and 100, respectively.
Similar to third failure pattern, 6 was set as 0.005 and
0.001.

3.3 Evaluation Metrics

To evaluate and compare the failure-detection effectiveness
of RRT under different ERs, we used the F-measure as the
evaluation metric in this study, which also follows previous
studies on ART [8]. The F-measure refers to the expected
number of test cases required to find the first software failure.
Meanwhile, Frr and Fagrr denotes the F-measure of RT and
ART respectively. Finally, we used ART F-ratio to denote
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Figure 1: ART F-ratio results of RRT with different ERs on three failure patterns

the ratio of Farr to Frr, which measures the F-measure
improvement of ART over RT. Obviously, a smaller F-ratio
means better ART performance. Because of the randomness
in ART, we ran each simulation 3000 times, and report the
average result.

4 RESULTS

Due to the page limitation, only those results for some
specific simulation settings were provided in this section®.

4.1 FP-I

The simulation results regarding Experiment FP-I are
reported in Figure 2(a), where x-axis represents 6 in the
logarithmic scale, and y-axis stands for the F-ratio. From the
results of Figure 2(a), we can make the following observations:

(1) As the failure rate decreases, CER and high compact-
ness RER (i.e., « = 1,2) perform better. However, this
tendency is not evident for low compactness RER (i.e.,
o = 80).

Overall, CER and SER usually can obtain satisfactory
results on a single square failure region, which means
that the block pattern is a favorable condition for the
uniform ERs. However, the CER has a slightly better
performance compared to SER.

As for the RER and its variations, we can observe that
the performance of RRT gradually deteriorates along
with the compactness decreases.

~

3)

4.2 FP-I1

Figure 1(b) shows the results of F-ratio for FP-II. As shown

in Figure 1(b), we can observe that:

(1) Although using different ERs, the failure-detection
effectiveness of RRT is also affected by the compactness
of the failure region. More specifically, when the failure
region is less compact, CER and high compactness

!Readers may look up a complete set of results, which are available at
https://github.com/huangrubing/SAC2021_RRT.
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RER has poorer performances; On the contrary, low
compactness RER gradually has better performance.
In particular, low compactness RER performances best
among ERs when § > 20, with the differences becoming
larger.

In contrast to the observations of FP-I, for the RER
and its variations, the performance of RRT gradually
improves with the compactness of ER decreases.

Interestingly, low compactness RER obtains much better
results than traditional ERs (i.e., CER and SER), when the
failure region is less compact. Next, we will provide underlying
reasons for this phenomenon. As mentioned in Section 2.2, R-
RT ensures the minimum distance between test cases through
the ER, thus achieving even test case distribution. However,
this way of selecting test cases does not take dimensionality
into consideration. The failure region becomes narrower when
it is less compact, which means that some parameters may be
less sensitive to failures than other parameters, even no relat-
ed to failures. Therefore, besides the direct distance between
test cases, the difference in each dimension is also important
to measure the diversity of test cases. On the other hand, a
low compactness RER prevents subsequent test cases from
high similarity to previously executed test cases in certain
dimensions, resulting in good failure-detection performance.

4.3 FP-III

The simulation results for FP-III are given in Figure 1(c),
from which we can observe that when using the uniform ER,
the F-measure of RRT becomes larger as the increase of the
number of failure regions. As for low compactness RER, RRT
has similar failure-detection capabilities to RT under any .
However, when the number of failure regions is small (such
as, 1 < B8 < 20), the uniform ER get a better performance
than low RER with a = 80.
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4.4 FP-IV

Figure 2 reports the simulation results of RRT under
different failure regions. The following observations we can
observe are:

(1) In general, for the uniform ER or the high compactness
RER, the F-measure of RRT depends on the number
of failure regions and the size of predominant failure
region. Overall, the CER and SER can get good F-
measures. For low compactness RER, RRT has similar
or slightly better performances than RT, regardless of
w and f.

For the RER, the low compactness of ER provides neg-
ative contributions to the failure-detection effectiveness
of RRT. In other words, the smaller compactness the
RER is, the less the RRT performance is.

To conclude: CER and SER achieve good results in most
failure patterns, except for the single rectangle failure region.
More specifically, when the failure-causing inputs cluster into
a few failure regions or a large predominant failure region ex-
ists within the input domain, the CER and high compactness
RER (including SER) take advantage in failure-detection;
while for the RER, the less compactness, the worse the testing
effectiveness. The case changes when the failure pattern is
a single rectangle failure region: The low compactness RER
has much better performance than the uniform ER, espe-
cially for low compactness of the failure region. Moreover,
the difference is becoming larger as the compactness of the
failure region decreases.

~

5 CONCLUSION

In this study, we conducted a series of simulations to
investigate the impact of the exclusion regions (ERs) on the
testing effectiveness of RRT, and hence answer which type
of exclusion region is better for RRT. The results show that
when the failure-causing inputs cluster into a few failure
regions or a large predominant failure region exists within
the input domain, the uniform ER is a good choice for RRT,
but that irregular ER may be better for narrow failure region.
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