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Abstract—Adaptive random testing (ART) aims at enhancing
the testing effectiveness of random testing (RT) by more evenly
spreading test cases over the input domain. Many ART methods
have been proposed, based on various, different notions. For
example, distance-based ART (DART) makes use of the concept of
distance to implement ART, attempting to generate new test cases
that are far away from previously executed ones. The Euclidean
distance has been a popular choice of distance metric, used in
DART to evaluate the differences between test cases. However,
is the Euclidean distance the most suitable choice for DART?
To answer this question, we conducted a series of simulations to
investigate the impact that the Euclidean distance, and its many
variations, has on the testing effectiveness of DART. The results
show that when the dimensionality of the input domain is low,
the Euclidean distance may indeed be a good choice. However,
when the dimensionality is high, it appears to be less suitable.

Index Terms—adaptive random testing, Euclidean distance,
dissimilarity metrics

I. INTRODUCTION

Software testing is an important technique for evaluating
and improving software quality. One basic approach involves
randomly generating test cases from the input domain (i.e.,
the set of all possible program inputs): This is called random
testing (RT) [1]. Although RT has been widely applied to many
applications such as database systems [2], it is still the focus
of many questions over its testing effectiveness [3].

Many studies have investigated on how to enhance the
effectiveness of RT, including in terms its ability to detect
failures. Adaptive random testing (ART) [4], for example,
aims to enhance RT’s testing effectiveness by more evenly
spreading test cases over the input domain, thus generating
test cases with greater diversity [5]. Based on various different
notions and intuitions, a number of approaches have been
proposed to implement the principles of ART. Distance-based
ART (DART) [6]-[8], for example, is an ART implementation
based on the concept of distance. DART selects an element
from among several candidates as the next test case such that
it is the farthest away from the previously executed test cases.

The Euclidean distance is a special case of Minkowski p-
distance (where p is equal to 2) [9], and is a commonly
used metric to evaluate the difference between two points.
The Euclidean distance has also been extensively used for
the evaluation of test cases in software testing, including for
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DART. Although both simple and popular, to date, no studies
have specifically examined whether or not the Euclidean
distance is the most suitable for DART.

To answer this question, in this paper we report on a series
of simulation studies conducted to investigate the impact of d-
ifferent versions of Minkowski p-distance (including Euclidean
distance) on the testing effectiveness of DART. The simulation
results show that when the input domain is of low dimen-
sionality, then different p values for Minkowski p-distance
have minimal differences in terms of fault detection capability,
indicating that the Euclidean distance may be a good choice for
DART. However, for higher dimension input domains, DART
with lower p values provides better performance, which means
that the Euclidean distance is not suitable.

The rest of this paper is organized as follows: Section II
introduces some background information. Section III presents
the simulation studies, including discussion of the results.
Section IV addresses the threats to validity, and, finally,
Section V concludes the paper.

II. BACKGROUND

In this section, we present some background information
about ART and the Minkowski p-distance [9].

A. Adaptive Random Testing

Adaptive random testing (ART) [4] enhances RT by attempt-
ing to ensure a more even spread of test cases over the input
domain. This is motivated by observations of the contiguity
of failure regions — the set of all inputs that cause a software
failure, also known as the failure-causing inputs. If failure
regions are contiguous, then non-failure regions should also
be contiguous [10]. Therefore, if a test input ¢; is a non-
failure-causing input, then its neighbours are also unlikely
to cause a failure. Thus, candidate test inputs that are far
away from ¢; may have a higher probability of causing failure
than ¢;’s neighbours. Because there are many ways to achieve
an even spread of test cases, according to various notions,
many different ART algorithms have been proposed [4]. Using
the notion of distance, for example, Distance-based ART
(DART) [6]-[8] has been introduced. In this paper, we focus
on one implementation of DART, the fixed-size-candidate-set
version of ART (FSCS-ART) [6].
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FSCS-ART makes use of two sets of test cases: the can-
didate set (denoted C); and the executed set (denoted E). C
contains k test inputs that are randomly generated from the
input domain. F contains those previously executed test cases
that did not reveal any failures. The test case selection criterion
of FSCS-ART is defined as follows: A candidate ¢ € C, is
chosen as the next test case such that it satisfies, V¢ € C,
Ve € F,

(€))

in dist > min dist(c’
min dis (c,e) > min dis (c,e)

where dist(c, e) measures the distance (difference) between ¢
and e.

B. Minkowski p-Distance

The Minkowski p-distance between N-dimensional points
x = (21,22, -+ ,zn) and y = (y1,Y2, -+ ,yn) is defined as:

N 1/p
distp(z,y) = <z |zs — in”>
i=1

Obviously, p is a constant that must be fixed in advance.
When p = 2, for example, Minkowski p-distance becomes the
Euclidean distance; when p = 1, it becomes the Manhattan
distance. In this paper, we examine different p values as
different variations of Minkowski p-distance (including the
Euclidean distance).

2

III. SIMULATIONS

In this section, we report on a series of simulation studies
to investigate how different p values of Minkowski p-distance
influence ART, and thus answer the research question of
whether or not the Euclidean distance is most suitable.

A. Simulations Setup

The studies involved simulations of faulty programs under
different scenarios. Generally speaking, a faulty program has
two basic features: the failure rate and the failure pattern.
The failure rate, denoted 6, can be defined as the ratio of the
number of failure-causing inputs to the number of all possible
inputs. The failure pattern refers to the shapes of the failure
regions together with their distributions over the input domain.
Both the failure rate and pattern are fixed after coding, but
unknown before testing. Therefore, the failure rate and pattern
were predefined in the simulations, but the failure regions were
located randomly within the input domain. When a test case
was chosen from inside a failure region, then a failure was
considered to have been detected.

Without loss of generality, we considered a d-dimensional
unit input domain D (of size of 1.0, D = [0,1.0)%) in our
simulations: D {(x1,22,-+ ,24)|0 < z; < 1.0,4
1,2,---,d}. Following previous studies [11], we considered
three different failure patterns: block; strip; and point. The
block pattern simulations involved a single hypercube failure
region (such as a square in a two-dimensional input domain).
For the strip pattern, we randomly selected d adjacent edges
of the input domain, randomly choosing a point on each edge.
After that, we translated each of d points to generate another
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point on the adjacent, and then connected these 2d points
to construct the strip pattern with the desired area/volume.
The point patterns involved 25 equally-sized, non-overlapping
hypercubes. The values of each parameter were assigned as
follows:

o Dimension d: 1, 2, 3, 4, 5, 7, and 10.

¢ Failure rate 6: 0.01, 0.005, 0.001, and 0.0005.

« Failure pattern: block, strip, and point patterns.

o Parameter p for Minkowski p-distance: 0.1, 0.3, 0.5, 0.8,

1.0, 2.0, 4.0, 7.0, and 10.0.

Because of the randomness in ART, we ran each simulation
3000 times, and report the average result.

B. Evaluation Metrics

The F-measure is a popular metric for evaluating ART. It
is defined as the expected number of test case executions
required to detect the first failure [6]. We used the F-measure
as the evaluation metric in this study, with Fgr and Fygr
denoting the F-measure of RT and ART, respectively; and ART
F-ratio denoting the ratio of Fjgr to Fgry (which shows the
improvement of ART over RT). The smaller the ART the F-
ratio is, the better the ART performance is.

C. Results

Tables I to IIT show the ART F-ratio simulation results for
block, strip, and point patterns, respectively. In the tables,
the third column shows the ART F-ratio values, and the bold
typeface indicates the minimum value on each row. From these
tables, we have the following observations:

(1) Different p values may lead to different performances
for ART, and there is no p value that is always best, regardless
of dimensions, failure rates, and failure patterns.

(2) For the block patterns, when the dimension d is small
(such as d = 1,2,3,4), then the differences among the ART
F-ratios for different p values seem small, regardless of failure
rates — the maximum difference is about 0.15. However, this
changes when d is greater than or equal to 5: As the p values
increase, FSCS-ART generally has worse performance, with
the differences becoming larger. FSCS-ART with p = 0.1
has the best performance overall, and the maximum difference
reaches more than 4.50.

(3) For the strip patterns, the differences among the ART F-
ratios are very small for different p values, regardless of failure
rates, dimensions, and p values. When d = 1, the ART F-ratio
values are about 0.55. For other values of d, however, the ART
F-ratio values are around 1.0, which means that FSCS-ART
has similar performance to RT.

(4) The observations for the point patterns are similar to
those for block patterns, i.e., when d is small, the ART F-
ratio differences are small. However, when d becomes larger,
the differences also become larger. Similarly, FSCS-ART with
p = 0.1 performs best overall.

In answer to the research question, although it is evident
that FSCS-ART with Euclidean distance (i.e., p = 2.0)
may sometimes have the best ART F-ratio values, overall, it
generally does not provide the best performance.
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TABLE I
ART F-RATIO RESULTS FOR Block Patterns

. . . Parameter Value (p) for Minkowski p-distance Maximum
Failure Rate (0) | D @ =0T Tp=03 [ p=05] p=08 | p=10 | p=20 | p=40 | p=70 | p=10.0| Difference

d=1 0.5594 0.5647 0.5631 0.5611 0.5668 0.5722 0.5769 0.5703 0.5611 0.0175

d=2 0.7298 0.7008 0.6945 0.6801 0.6733 0.6747 0.6552 0.6696 0.6850 0.0746

d=3 0.8439 0.8210 0.8304 0.8173 0.8477 0.8194 0.8700 0.8449 0.8628 0.0527

6 = 0.01 d=14 0.9743 1.0123 1.0093 1.0162 1.0474 1.0753 1.1148 1.1121 1.1365 0.1622

d=5 1.0182 1.1512 1.1986 1.2384 1.2729 1.3221 1.3790 1.4325 1.4407 0.4225

d=17 1.0103 1.4817 1.6441 1.7014 1.8171 2.0206 2.2130 2.3450 2.5064 1.4961

d=10 1.0020 1.9997 2.2764 2.6761 29121 3.8455 4.8611 5.1685 5.5783 4.5763

d=1 0.5658 0.5711 0.5629 0.5646 0.5639 0.5641 0.5586 0.5557 0.5563 0.0154

d=2 0.7020 0.6818 0.6630 0.6659 0.6624 0.6547 0.6532 0.6710 0.6548 0.0488

d=3 0.8538 0.8051 0.8133 0.8111 0.8040 0.8077 0.8133 0.8378 0.8286 0.0498

6 = 0.005 d=4 0.9896 0.9797 0.9590 0.9830 0.9531 1.0043 1.0394 1.0460 1.0468 0.0937

d=5 0.9946 1.1178 1.1358 1.1741 1.1746 1.2438 1.3289 1.3225 1.3326 0.3380

d=17 1.0142 1.4449 1.4864 1.6470 1.7013 1.8852 2.0327 2.2013 2.2167 1.2025

d=10 1.0086 1.9591 2.2498 2.5468 2.8178 3.5806 4.3353 4.8331 4.8433 3.8347

d=1 0.5671 0.5625 0.5581 0.5664 0.5586 0.5511 0.5627 0.5681 0.5580 0.0170

d=2 0.7135 0.6607 0.6523 0.6502 0.6278 0.6357 0.6400 0.6438 0.6395 0.0857

d=3 0.8370 0.7620 0.7538 0.7500 0.7569 0.7462 0.7764 0.7625 0.7645 0.0908

6 = 0.001 d=4 0.9666 0.8920 0.8698 0.8734 0.8948 0.8963 0.9156 0.9143 0.9456 0.0968

d=5 0.9924 1.0575 1.0641 1.0358 1.0573 1.0844 1.1284 1.1627 1.1857 0.1933

d=7 0.9887 1.3094 1.4226 1.4586 1.4698 1.6005 1.7031 1.8143 1.8237 0.8350

d=10 1.0057 1.8615 2.0482 2.3533 2.4071 2.8741 3.1375 3.5314 3.5589 2.5532

d=1 0.5679 0.5550 0.5532 0.5599 0.5496 0.5540 0.5565 0.5635 0.5513 0.0183

d=2 0.7040 0.6479 0.6430 0.6354 0.6397 0.6313 0.6335 0.6360 0.6352 0.0727

d=3 0.8336 0.7731 0.7490 0.7427 0.7434 0.7495 0.7646 0.7458 0.7779 0.0909

6 = 0.0005 d=4 0.9570 0.8969 0.8882 0.8518 0.8647 0.8924 0.8685 0.8872 0.8976 0.1052

d=5 0.9980 1.0189 1.0382 1.0124 1.0219 1.0663 1.0710 1.1304 1.1192 0.1324

d=17 1.0335 1.2940 1.2941 1.3784 1.4238 1.5039 1.6939 1.6559 1.7420 0.7085

d=10 0.9725 1.8123 1.9529 2.1555 2.2908 2.7049 3.0199 3.1290 3.2155 2.2430

TABLE 11
ART F-RATIO RESULTS FOR Strip Patterns

. . . Parameter Value (p) for Minkowski p-distance Maximum
Failure Rate (0) | D @ =0T Tp=03p=05p=08 [ p=10 ] p=20 ] p=40 | p=70 | p=10.0 | Difference

d=1 0.5594 0.5647 0.5631 0.5611 0.5668 0.5722 0.5769 0.5703 0.5611 0.0175

d=2 0.9793 0.9359 0.9422 0.9495 0.9008 0.9392 09117 0.9156 09117 0.0785

d=3 0.9701 0.9738 0.9432 0.9522 0.9655 0.9639 0.9818 0.9904 1.0005 0.0573

6 = 0.01 d=4 0.9606 0.9870 0.9436 0.9531 0.9679 0.9733 1.0164 1.0094 1.0160 0.0728

d=5 1.0224 1.0232 0.9691 0.9813 0.9975 1.0162 1.0051 1.0092 0.9902 0.0541

d=17 1.0407 1.0160 1.0131 1.0153 0.9945 1.0185 1.0217 1.0265 1.0340 0.0462

d=10 1.0314 1.0487 1.0035 1.0426 1.0005 1.0068 1.0196 1.0097 1.0159 0.0482

d=1 0.5658 0.5711 0.5629 0.5646 0.5639 0.5641 0.5586 0.5557 0.5563 0.0154

d=2 1.0254 0.9484 0.9460 0.9604 0.9297 0.9175 0.9279 0.9499 0.9225 0.1079

d=3 1.0000 0.9846 0.9550 0.9682 0.9820 0.9404 0.9886 0.9879 1.0019 0.0615

6 = 0.005 d=4 0.9822 1.0309 0.9553 0.9894 0.9280 0.9830 0.9668 0.9687 1.0079 0.1029

d=5 1.0227 1.0264 0.9637 1.0019 0.9827 1.0210 0.9934 1.0085 0.9907 0.0627

d=7 1.0117 1.0169 1.0136 1.0069 0.9908 1.0395 1.0433 1.0338 1.0211 0.0525

d=10 1.0005 1.0034 1.0124 0.9861 1.0155 1.0265 1.0136 1.0151 1.0275 0.0414

d=1 0.5671 0.5625 0.5581 0.5664 0.5586 0.5511 0.5627 0.5681 0.5580 0.0170

d=2 0.9808 0.9775 1.0009 0.9682 0.9720 0.9624 0.9768 0.9465 0.9692 0.0544

d=3 0.9932 1.0037 0.9653 0.9763 1.0103 0.9514 0.9771 0.9731 0.9981 0.0589

6 = 0.001 d=14 1.0153 1.0125 1.0279 1.0234 0.9605 0.9982 0.9974 0.9891 0.9858 0.0674

d=5 0.9965 1.0234 0.9959 0.9816 0.9819 0.9791 1.0249 1.0028 1.0027 0.0458

d=17 0.9901 1.0131 0.9808 0.9901 1.0122 0.9910 0.9978 0.9925 0.9955 0.0323

d=10 0.9919 0.9797 0.9854 0.9927 1.0307 1.0083 1.0280 0.9905 1.0233 0.0510

d=1 0.5679 0.5550 0.5532 0.5599 0.5496 0.5540 0.5565 0.5635 0.5513 0.0183

d=2 0.9861 0.9717 0.9725 0.9642 0.9489 0.9770 0.9519 0.9839 0.9764 0.0372

d=3 1.0124 0.9757 1.0049 0.9900 0.9842 0.9978 0.9853 0.9727 1.0024 0.0397

6 = 0.0005 d=4 1.0162 1.0111 1.0215 0.9964 0.9877 1.0038 0.9729 0.9937 0.9904 0.0486

d=5 0.9696 0.9981 0.9945 0.9812 1.0043 1.0236 0.9728 0.9985 0.9930 0.0540

da=7 1.0195 1.0132 1.0014 0.9911 0.9971 1.0019 1.0186 1.0100 0.9921 0.0284

d=10 0.9691 0.9780 0.9930 0.9900 0.9663 1.0054 1.0332 0.9783 1.0090 0.0669

D. Discussion for the input domains with low dimensions. However, when

d is higher (i.e., d > 5), the Euclidean distance appears less
suitable for FSCS-ART, and the Minkowski p-distance with
p = 0.1 is recommended instead. The main reason for this may
be explained as follows: When the dimensionality of the input

When the input domain’s dimensionality d is small (i.e.,
d < 4), the Euclidean distance (p = 2.0) has comparable
performance to other distance measures for FSCS-ART. There-
fore, it is recommended that the Euclidean distance be used
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TABLE III
ART F-RATIO RESULTS FOR Point Patterns

. . Parameter Value (p) for Minkowski p-distance Maximum
Failure Rate (0) | D! @ =0T Tp=03 T p=05] p=08 [ p=10 [ p=20 | p=40 | p=70 | p=T10.0| Difference
d=1 0.9324 0.9663 0.9597 0.9603 0.9942 0.9296 0.9495 0.9924 0.9561 0.0646
d=2 0.9647 0.9981 0.9858 0.9557 0.9702 0.9808 1.0080 1.0151 0.9926 0.0594
d=3 1.0415 1.0597 1.0757 1.0750 1.1192 1.1133 1.1334 1.1463 1.1247 0.1048
0 =0.01 d=14 1.1168 1.1365 1.1410 12162 1.2912 12612 1.3367 1.3844 1.2959 0.2676
d=5 1.2404 1.2654 1.3258 1.3505 1.4086 1.5037 1.6161 1.6747 1.6086 0.4343
d=7 1.3714 1.5063 1.6317 1.7218 1.8910 2.0724 2.3453 2.3897 2.3848 1.0183
d =10 1.4599 1.7130 1.8225 2.0203 22290 25126 2.7860 2.8485 3.0207 1.5608
d=1 0.9249 0.9291 0.9448 0.9788 0.9379 0.9641 0.9093 0.9813 0.9696 0.0720
d=2 0.9428 0.9730 0.9550 0.9577 0.9698 0.9802 1.0028 0.9907 1.0055 0.0627
d=3 1.0219 1.0067 1.0268 1.0909 1.0865 1.0624 1.0855 1.026 1.0748 0.0842
0 = 0.005 d=14 1.0595 1.1073 1.1466 1.1479 1.1926 1.2410 1.2249 1.2386 1.2315 0.1815
d=5 1.1955 1.2468 1.2738 13111 1.3252 1.4541 1.5274 1.4947 15182 0.3319
d=7 1.3749 1.4661 1.5935 1.7034 1.7919 2.1001 2.2169 2.2896 2.2309 0.9147
d=10 1.4586 1.7295 1.9214 22186 23513 27447 3.0603 3.2049 3.1867 1.7463
d=1 0.9302 0.9696 0.9918 0.9426 0.9287 0.9497 0.9554 0.9044 0.9396 0.0874
d=2 0.9654 0.9553 0.9742 0.9402 0.9769 0.9879 0.9489 0.9613 0.9552 0.0477
d=3 1.0262 1.0105 1.0095 0.9985 1.0350 1.0315 1.0294 1.0245 1.0589 0.0604
0 = 0.001 d=14 1.0702 1.0522 1.0722 1.0846 1.1127 1.1151 1.1302 1.1803 1.1970 0.1448
d=5 1.1413 1.1490 1.1596 1.1853 1.2495 1.3160 1.2906 1.3632 1.3904 0.2491
d=17 1.2939 1.3739 14752 1.5904 1.6031 1.7366 1.7977 1.9401 2.0524 0.7585
d=10 1.5568 1.7987 1.9511 2.2569 2.3851 2.8527 3.2365 3.5006 3.5081 1.9513
d=1 0.9577 0.9447 0.9629 0.9049 0.9497 0.9261 0.9934 0.9640 00161 0.0885
d=2 0.9404 0.9896 0.9802 0.9829 0.9877 0.9542 1.0199 0.9994 1.0120 0.0795
d=3 1.0175 0.9805 1.0080 1.0039 1.0079 1.0383 1.0015 1.0144 1.0239 0.0578
0 = 0.0005 d=14 1.0535 1.0744 1.0721 1.0476 1.0716 1.0756 1.1039 1.1500 1.1231 0.1024
d=5 11175 1.1192 1.1584 1.2029 1.2249 1.2526 1.2806 1.2671 1.2792 0.1631
d=7 1.2449 1.3615 1.4013 1.4707 1.5443 1.6941 1.8029 1.8599 1.8777 0.6328
d=10 1.5357 1.7421 1.9525 22141 2.3266 27114 3.0086 33180 33415 1.8058

domain is high, the Euclidean distance cannot successfully
describe the differences between test inputs.

IV. THREATS TO VALIDITY

The main threat to the validity of our study relates to the
design of the simulations: We only used four failure rates, three
failure patterns, seven dimensions, and nine p values for the
Minkowski p-distance. Furthermore, the study only included
simulations, and no experiments with real-life programs. We
therefore acknowledge that additional experiments, including
both simulations and real-life programs, will need to be
conducted in the future.

Another threat to validity relates to the selection of DART
implementation. There are many versions of DART, including
restricted random testing (RRT) [7] and Markov Chain Monte
Carlo based ART (MCMC-ART) [8], therefore, it will be
interesting to investigate the impact of different distance
measures on other DART implementations.

V. CONCLUSION

In this study, we conducted simulations to investigate the
impact of the Minkowski p-distance on the testing effective-
ness of ART, and hence answer whether or not the Euclidean
distance is most suitable for ART. The simulation results show
that Euclidean distance (p = 2.0) is a good choice for input
domains with low numbers of dimensions, but that lower p
values may be better for high dimensional input domains.
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