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Abstract: Based on the intuition that evenly distributed test 

cases have more chance for revealing non-point pattern failure 

regions, various Adaptive Random Testing (ART) methods have 

been proposed. A large portion of this methods such as ART with 

random partitioning by localization have edge preference 

problem. This problem would decrease the performance of these 

methods. In this article the enlarged input domain approach is 

used for decreasing edge preference problem in ART with random 

partitioning by localization. Simulations have shown that failure 

detection capability of ART by localization with distance and 

enlarged input domain is comparable and usually better than that 

of other adaptive random testing approaches. 
 

Index Terms: Random testing, adaptive random testing, 

localization, enlarged input domain. 

I. INTRODUCTION 

It has been widely recognized that exhaustive testing 

(testing a program with all possible inputs) is not feasible [1]. 

With the aim of improving failure detection capability 

several different methods for selecting test cases have been 

proposed [2], [3], [4], [5], [6]. Random testing is a standard 

approach for automatic selection of test cases [7], [8]. In 

random testing test cases are selected randomly until a 

stopping condition such as detecting a failure, executing 

predefined number of test cases or ending of a time limitation 

is met. On the one hand since random testing is simple to 

perform and can be used to calculate reliability estimates, it 

has substantial practical advantages [9] on the other hand 

random testing may be ineffective on the ground that it does 

not uses of any information about the program under test 

[10]. 

As described by Chan et al in [11] typical failure patterns in 

programs are block pattern, strip pattern and point pattern. 

The block pattern (Fig. 1) in which failures are clustered in 

one or more continuous areas is the most common case. The 

strip pattern (Fig. 2) involves a contiguous area elongated in 

one dimension while quite narrow in the other. And lastly the 

point pattern (Fig. 3) which involves failures that are 

distributed in small groups in input domain.  
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     Fig. 1. block pattern               Fig. 2 strip pattern 

 
Fig. 3 point pattern 

A simple but effective improvement in random testing is 

presented in [12], [13]. On the ground that failures in 

programs are shaped according to the represented failure 

patterns, the new approach uses of the available information 

about the location of previously executed test cases and tries 

to improve the performance by decreasing number of 

executed test cases required to reveal the first failure. It is 

obvious that when the failure pattern is of block or strip type 

the chance of revealing a failure would increase by 

distributing test cases more evenly. On the ground of this 

simple idea numerous ART methods have been proposed. 

Some of ART methods such as ART through dynamic 

partitioning by localization have edge preference problem. 

Edge preference problem happens when test cases on the 

boundaries of input domain have more chance of being 

selected compared with test cases in the center part of the 

input domain. This problem would be intensified 

significantly as the input domain dimension increases. As the 

result the test cases would not be evenly distributed and the 

performance of the ART approach would decrease. 

ART through dynamic partitioning localized by distance 

integrates the concept of localization into ART through 

dynamic partitioning method. Although the localization 

concept enhances evenly distribution of test cases in ART 

through dynamic partitioning, it intensifies the edge 

preference problem. 

In this paper we investigate the effect of enlarge input 

domain for eliminating edge preference in ART through 

dynamic partitioning localized by distance. 
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Distance-based ART (D-ART) randomly selects a set of 

candidate test cases from input domain, But would only 

selects one test case for execution from the candidate set 

based on the criterion of maximizing the minimum distances 

between the candidate test cases and all of the previously 

executed test cases [13]. 

Two methods named ART by random partitioning and 

ART by bisection with no need to distance calculation have 

been proposed in [14]. The fundamental difference between 

these two methods and other ART methods is that rather than 

specifying the next test case which should be executed these 

two methods specify the region where the next test cases 

should be selected of. The main difference between these two 

methods is the partitioning scheme used. In random 

partitioning the input domain is partitioned according to the 

last previously executed test case and the biggest partition is 

selected as the next test case generation region. In ART by 

bisection the input domain is iteratively divided into equal 

sized partitions and a partition would be selected as the next 

test case generation region only if there are no executed test 

cases within that region. 

In this article Elements of the input domain are known as 

failure-causing input, if they produce incorrect outputs. The 

input domain is denoted by D. The failure rate is calculated as 

division of number of failure causing inputs by total number 

of inputs in the input domain. F-measure which is defined as 

number of test cases required for detecting the first failure is 

used as effectiveness metric. F-Measure is more prominent 

for testers and is closer to the reality since usually when a 

failure is detected, testing would normally stop and 

debugging would start. In addition F-measure reflects 

distribution of test cases in a more consistent way. 

This article is organized as follows. In section 2 ART 

Through Dynamic Partitioning by Localization with Distance 

is discussed. In section 3 the algorithm of the proposed 

method named ART through dynamic partitioning localized 

by distance and enlarge input domain is presented. In Section 

4, we present our simulation results. Finally, conclusion is 

presented in Section 5. 

II. ART THROUGH DYNAMIC PARTITIONING BY 

LOCALIZATION WITH DISTANCE 

ART through dynamic partitioning choose the next test 

case based on the idea that if the test case is selected from the 

biggest region then it would have more chance of being far 

from previously executed test cases. But as it is shown in    

Fig. 4 this approach would not always lead to the expected 

result. To overcome this problem in [15] ART through 

dynamic partitioning localized by distance have been 

proposed.  

ART through dynamic partitioning localized by distance 

would be executed in two steps, in the first step the test case 

Generation region is selected and some test cases are selected 

randomly from this test case generation region as the 

candidate set, In the second step the distance calculation with 

the goal of maximizing the minimum distance between the 

candidate test cases and nearby previously executed test 

cases is done. It is noteworthy that executed test cases are 

divided into two categories: nearby executed test cases and 

far executed test cases. In this method distance calculation 

would only be done with the nearby executed test cases. 

Nearby executed test cases are those which are located in the 

vertices of the test case generation regions, while the other 

executed test cases are classified as far executed test cases.  

 
Fig. 4 ART through dynamic partitioning [15]. 

For example in Fig. 5 there exists one nearby executed test 

case which has been shown by a black filled circle and 4 

candidate test cases shown by black filled triangle. In this 

case test case number 4 has the farthest distance to the nearby 

executed test case so it would be selected as the next test case 

for execution. 

 
Fig. 5 ART through dynamic partitioning localized by 

distance [15]. 

This method resolves the problem in Fig. 4 but causes edge 

preference to occur. As the result the performance will 

decrease. 

The main reason for edge preference is that less nearby 

previously executed test cases near the boundaries exist, So 

candidate test cases near the boundaries would have more 

chance of being selected.  

For eliminating edge preference an approach named 

enlarged input domain has been proposed in [16]. In this 

method the input domain would be enlarged by factor f in 

each dimension and test cases would be selected from the 

enlarged input domain but they would be executed only if 

they are within the original input domain. Fig. 6 shows the 

original input domain D and the enlarged input domain . 

 
Fig. 6. The original input domain enlarged by factor F in each 

dimension [16]. 
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III. PROPOSED METHOD 

In this paper we will use enlarge input domain method to 

eliminate edge preference problem in ART through dynamic 

partitioning localized by distance. Test cases would be 

selected from the enlarged input domain and would be used 

for partitioning input domain, but they will be executed only 

if they are within the original input domain.  

In this Paper domain is used to indicate the whole input 

space and region is used to indicate a part of the whole input 

domain. 

Adaptive random testing through dynamic partitioning 

localized by distance and enlarge input domain algorithm 

1. Enlarge the original input domain by factor f and 

assume vertexes as    ،   ،   و

 (   Denotes value in X axis and   Denotes 

value in Y axis in cartesian coordinates) 
2.  Initiate the subdomain linked list L with the entire input 

domain {(  ,  (  ,  

(  ,  (  } as the 

only element in it. 

3.  Remove the last element in the link list L as the test case 

generation region and set executed test cases set E to be 

empty. 

4.  Check the “Flag” of each vertex of the test case 

generation region. If “Flag” is “T”, add it to the nearby 

executed test case set “E”. Denote the number of 

elements in E as l. 

5.  Select K test cases randomly as the candidate test cases 

set c={ } and calculate the Euclidian 

distance between each element in candidate set and 

nearby executed test cases. The distance between a 

candidate test case and a nearby executed test case is 

denoted by dist( . Choose a candidate test case   

as the next test case according to the following criterion. 

 
 (1) 

6.  If  is within the original input domain then Execute it. 

If the execution caused a failure then report the failure 

and finish the algorithm. Else partition the input domain 

into four regions by the executed test case and add them 

to the list L. Sort elements in L According to the region 

size in ascending order. Go to step3. If  is not inside 

the original input domain then do not execute the test 

case and only partition the input domain by the selected 

test case into four region. For each region if it is wholly 

located outside of the original input domain then decline 

it, else add it to the list L. Sort elements in L According 

to the region size in ascending order and go to step3. 

The operation of this algorithm is illustrated in Fig. 7 and 8. 

In these figures the original input domain is shown by the 

inner dashed line and the enlarged input domain is shown by 

the outer dashed line. The test cases are selected from the 

enlarged input domain. In the first step a test case is randomly 

selected and executed then enlarged input domain is 

partitioned by the executed test case into four regions. These 

four regions are shown in Fig. 7. 

 
Fig. 7. Four region created by the first non-failure causing 

executed test case in ART through dynamic partitioning by 

localization and enlarged input domain 

In the second pass as it is shown in Fig. 8 4 candidate test 

cases are selected from the biggest region. Since candidate 

test case 4 has the maximum  distance to all of the previously 

nearby executed test cases, it has been selected as the next 

test case. 

 
Fig. 8. Four regions created by the second test case which is 

not in the input domain 

For the reason that the selected test case is outside of the 

original input domain it is not executed, but has been used for 

partitioning the enlarged input domain into four regions. 

Since 3 of   these partitions are wholly in the enlarged input 

domain they are discarded and only one partition which has 

been left is added to the partitions list. 

It is obvious that there are two nearby executed test cases 

for the third pass in this algorithm, as the result edge 

preference problem would be eliminated. 

IV. SIMULATIONS 

In this article a series of simulations in 2-dimesional and 

3-dimensional input space domains with the aim of 

measuring failure detection capability of the proposed 

approach has been conducted. The execution for each section 

was run on a lightly loaded Intel Core i5 2300 cpu. In each 

test run a failure-causing region of the specified size and 

pattern has been randomly assigned within the input domain. 

For block pattern a square has been used as failure-causing 

region. For strip pattern two points on the adjacent borders of 

the input domain has been randomly selected and have been 

connected to each other to form a strip with predefined size. 

For the point pattern 10 circular regions were randomly 

located in the input domain without overlapping each other. 

For each simulation, 5000 test runs were executed with 

failure rate 0.001 and 1,5,10,15,20,25 and 30 as the candidate 

test cases set sizes and the average of 5000 run with failure 

rate 0.001 was calculated for each candidate test cases set 

sizes. 

http://www.ijitee.org/
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In the first part of simulations the performance of the 

proposed method has been compared with that of ART 

through dynamic partitioning localized by distance in a 

2-dimensional input domain. Line with triangle shows 

random testing performance, line with diamond shows ART 

by localization performance and line with square represents 

proposed method performance. When the candidate test cases 

set size is equal to 1 the proposed method and ART through 

dynamic partitioning localized by distance behave the same 

as ART through dynamic partitioning. As it is obvious in Fig. 

9 when number of candidate test cases set size is equal to 1 

the performance of the proposed method is less than that of 

ART through dynamic partitioning localized by distance. The 

reason for this lower performance is that although  when 

candidate test cases set size is equal to one no edge preference 

problem exist, in the proposed method the input domain 

would be enlarged and this enlargement would lead to larger 

partitions, as the result the number of test cases required to 

detect the first failure would increase. 

Fig. 9. F-Measure of RT and ART through dynamic 

partitioning by localization and the proposed method in 2-D 

input domain with block failure pattern with diverse 

candidate test case set sizes 

 

As it is obvious in Fig. 9 the maximum performance in 

both methods is when the candidate test  cases  set  size  is  

equal  to  5. By increasing candidate test case set size the  

performance  of  both methods decreases  but the speed of 

performance loss in ART through dynamic partitioning 

localized by distance is faster than that of newly proposed 

method. The reason for faster performance loss in ART by 

localization is that increment in the candidate test cases set 

size intensifies edge preference but in the proposed approach 

the edge preference effect is much lower than that of ART 

through dynamic partitioning localized by distance so the 

speed of performance loss is much lower. The newly 

proposed method outperforms random testing by 27% in the 

best case when the size of candidate test cases set is equal to 

5. 

Since when number of the dimension increases to three or 

four edge preference would increase, in the second part of 

simulations we have investigated the performance of the 

proposed method in a 3-dimensional input space domain. 

 
Fig. 10. F-Measure of RT and ART through dynamic 

partitioning by localization and the proposed method in 3-D 

input domain with block failure pattern with diverse 

candidate test case set sizes 

Fig. 10 shows the result of simulation in 3-dimensional 

input domain. Line with triangle shows random testing 

performance, line with diamond shows ART by localization 

performance and line with square represent proposed method 

performance. By increment in the candidate test case set size 

the edge preference   causes a significant performance loss in 

ART through dynamic partitioning localized by distance but 

as it can be seen the performance loss in the proposed method 

is much lower. The reason for lower performance loss is the 

same as the first part of simulations. 

In the third part of simulations the performance of the 

proposed method has been compared with that of ART 

through dynamic partitioning localized by distance and pure 

random testing when failure pattern is of strip or point type.  

As it is obvious in Fig. 11 when Failure pattern is strip the 

performance of both ART through dynamic partitioning 

localized by distance and proposed method decreases. The 

reason is that in the case of strip failure pattern distributing 

test cases more evenly has less performance in improving 

failure detection capability. But as it is obvious even for strip 

pattern the performance of ART is better than that of random 

testing. As the size of candidate test cases set size increases 

the edge preference effect would increase and when 

candidate test cases set size is 30, edge preference causes 

both methods to have Less performance compare to pure 

random testing. As it is obvious since the proposed method 

eliminates edge preference, performance loss in the proposed 

method is less than that of ART through dynamic partitioning 

localized by distance. 

As it can be seen from Fig. 12 when the failure pattern is of 

point type the performance of the ART through dynamic 

partitioning localized by distance is similar and in a lot of 

cases less than that of pure random testing. This Fig shows us 

that Favorable failure patterns for ART methods are block 

and strip pattern. The point that should be considered is that 

in all cases the performance of the proposed method is less 

than that of ART through dynamic partitioning localized by 

distance and pure random testing.  
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The reason is that when the failure pattern is of point type 

ART through dynamic partitioning localized by distance 

would not lead to any increase in performance and no edge 

preference problem would exists. In this case enlarging the 

input 

 
Fig. 11. Comparison of the F-Measure of RT and ART 

through dynamic partitioning by localization and the 

proposed method in 2-D input domain with strip failure 

pattern with diverse candidate test case set sizes 

 
Fig. 12. Comparison of the F-Measure of RT and ART 

through dynamic partitioning by localization and the 

proposed method in 2-D input domain with point failure with 

diverse candidate test case set sizes. 
 

Domain would only result in a larger input domain and 

larger partitions. As the result numbers of test cases require to 

reveal first failure would increase. 

In a nutshell the simulations show that by enlarging input 

domain the edge preference problem is eliminated in ART 

through dynamic partitioning by localization. Eliminating 

edge preference improved failure detection capability of 

ART through dynamic partitioning by localization both in 

2-dimensional and 3-dimensional input domain when failure 

pattern was of point or strip type.  

The point which should be considered is that with point 

failure pattern ART methods usually do not increase 

performance. The reason is that when the failure pattern is of 

point type evenly distribution of test cases will not improve 

failure detection capability. 

V. CONCLUSION 

In this article a new method for eliminating edge 

preference problem in ART through dynamic partitioning 

localized by distance has been proposed. According to this 

combinational method before starting ART through dynamic 

partitioning localized by distance input domain would be 

enlarged by factor f in each dimension and then ART through 

dynamic partitioning localized by distance would be 

executed on the enlarged input domain.  

The performance of this combinational method has been 

compared with ART through dynamic partitioning localized 

by distance and pure random testing and it has been observed 

that as the size of candidate test cases set grows the 

performance of the both ART through dynamic partitioning 

localized by distance and proposed method decrease but this 

decrease is less in the proposed method. According to the 

empirical results since this combinational method not only 

eliminates edge preference but also gains benefit from 

adaptive random testing approach advantages. We 

recommend testers that if Adaptive random testing through 

dynamic partitioning localized by distance is suitable for 

their goal, to use Adaptive random testing through dynamic 

partitioning localized by distance and enlarged input domain. 

In our future works we would investigate the effect of 

increase or decrease of factor F in the performance of the 

method. Also we would investigate the performance of 

enlarge input domain for eliminating edge preference when it 

is combined with other adaptive random testing methods. 
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