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Abstract - In testing software components, 
choosing appropriate test-cases is a difficult 
task. Not only input data must be identified 
that results in different behavior of the compo-
nent under test, but also the resultant high 
number of test-cases must be handled. This 
work describes a method for selecting test 
input data by dividing the input parameter 
value domains into equivalence classes and 
reducing the number of resultant test-cases by 
applying a pair-wise coverage of parameters 
values. That way, a minimal number of test-
cases can be generated that already provides 
coverage of standard test methods to a high 
degree and finds a significant number of er-
rors. The described method was implemented 
and used for automating the testing of automo-
tive systems. 

Keywords: Software-intensive systems, robust 
testing, classification trees method, test genera-
tion, test suite reduction 

1. Motivation 
The most reliable method to ensure the quality 
of a piece of software is to proof the correct-
ness of source code, e.g. through formal verifi-
cation [10, 9]. Unfortunately, this approach is 
mostly too time consuming for a whole system. 
Only crucial parts of a system can be verified 
this way. In practice, only the use of test-cases 
are a way to improve the quality of a software-
intensive system [8]. The optimal scenario is to 
test all possible input values and all their com-
binations. The outcome is compared to the 
expected output. That way, it is guaranteed to 
identify all errors. Unfortunately, this approach 
is not realistic due to the high number of test-
cases and the very limited time and test budg-

ets. So, the challenge is to choose a smaller set 
of most important test-cases, that means find-
ing the right input data. It can be found that 
even when testing simple components, impor-
tant test-cases are overlooked [11]. Classifying 
the input parameter’s value domains helps to 
identify all relevant input data [12, 11]. The 
classification tree method is a systematic ap-
proach to find equivalence classes utilizing 
aspects of parameter value domains [13, 12, 
14]. In the following, we will introduce a 
method, how to get the minimal set of test 
cases out of a classification tree. 

2. Classification Tree Method 
The process of constructing a classification 
tree starts with defining the component under 
test, which means identifying the input pa-
rameters as well as the expected output. Possi-
ble internal states of components are also re-
garded as explicit input parameters. Next, all 
relevant aspects of the input parameters are 
collected. An aspect is considered as relevant if 
it is assumed that it influences the behavior of 
the component. The aspects should be ordered 
appropriately before application. 

Classifications divide the input parameters’ 
value domains in equivalence classes [13, 12, 
14]. A class name describes the common prop-
erty of class-members. A classification is 
named after the distinguishing property. The 
process of defining classes and subclasses pro-
ceeds until all aspects are applied and no fur-
ther refinements are possible. A classification 
should divide a class in at least two subclasses 
to be considered useful.  

A classification tree is a tree-structured, formal 
description of input parameters and computa-

 



tion output [11]. It consists alternating of 
classes and classifications. Additionally, the 
classification tree method supports assigning 
attributes to classes and classifications. That 
way, specific values, constraints and condi-
tions can be defined: Assertions can be defined 
to ignore branches in the latter evaluation of 
the tree [11]. Conditions are used to set pa-
rameter values with respect to different (auxil-
iary) variables. Attributes can be overridden 
similarly to the concept of object-oriented pro-
gramming; the required hierarchy is defined by 
the tree-structure [11].  

So far, the construction of a classification tree 
is a manual task, because semantic interpreta-
tion is needed. Consequently, resultant trees 
vary in many ways, depending on which classi-
fications are used and in which order. An ex-
ample of a classification tree, enriched with 
attributes, is depicted in Figure 1. 

3. Generating Test-Cases 
The method for reading off test-cases starts at 
the root node of a classification tree and pro-
ceeds down to leaf nodes. When handling a 
classification, it must be decided which case 
should be considered. For instance, at the clas-
sification “Number of Figures”, either “zero”, 
“one” or “more than one” has to be chosen to 
continue constructing a path to a leaf node. In 
contrast, when handling a class, several classi-

fications lead to different leaf nodes. The dif-
ferent classifications must be processed simul-
taneously. For each classification of a class, 
one leaf node is chosen. Theoretically, there 
can be an arbitrary number of chosen leaf 
nodes since the classification tree method is 
recursive in the respect that the tree consists 
alternating of classifications and classes. 
Figure 2 shows how choosing the leaf nodes 
leads to defining test-cases. 
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Figure 1. Classification tree enriched with attributes 

After choosing the leaf nodes for a single test-
case, their attributes, either self-defined or 
inherited, must be processed to set input pa-
rameters and auxiliary variables. Auxiliary 
variables are used to evaluate expressions in 
conditions and formulas, which put together 
the parameter values. The return values and 
object’s internal final state are defined in the 
same manner. The set of test-cases shown in 
Table 1 is defined by the tree in Figure 2. 

As mentioned above, a classification tree is a 
formal description of parameters, and attributes 
add semantic descriptions about parameters 
values. Thus, that enables computers to gener-
ate test-cases automatically. Nevertheless, it is 
worthy to investigate the method more closely 
in terms of applicability. One major drawback 
lies in the fact that it produces an vast number 
of test-cases. Reduction algorithms, such as 
Robust Testing, should be applied to decrease 
the number of test-cases. The output is a con-

 



densed set of test-cases with have a high prob-
ability to find errors. Both algorithms, con-
structing equivalence classes for value do-
mains and applying robust testing afterwards, 
can be seen as filters for finding the important 
test-cases out of an humongous set.  

The need for reduction becomes obvious when 
looking at a more complex but still very simple 
example. In the following example, a tele-
phone switch with two terminal telephones 
should be tested. Both telephones can be pro-
vided by three vendors each producing three 

models. The switch, which manages between 
the two telephones, can also be provided by 
three vendors, each having three models. Then, 
the connection between the telephones and the 
switch can be of different types. In this exam-
ple, eight different types of connection are 
listed. A possible classification tree is depicted 
in Figure 3.  

Number of
Figures

median

0 1 >1

error list = [5]

list = pre + mid + post

median = 5

Number of
Elements in List

even odd
mid = [5]

Are Figures Around
Middle Identical?

yes no
mid = [5,5] Assert(sorted = „all identical“)

If (sorted = backwards) mid = [6,5]
else mid = [5,6]

Sorting of the
List

forward backward unsortedall identical
pre = [1,2,3]
post = [7,8,9]

pre = [9,8,7]
post = [3,2,1]

pre = [5,5]
post = [5,5]

pre = [7,3,9]
post = [4,2,8]

list = mid + post + pre

Test-Case 1

Test-Case 2

Test-Case 3

Test-Case 4

 
Figure 2. Reading off test-cases 

The method for generating the test-cases has to 
choose five leaf nodes simultaneously, since 
five classifications are defined in parallel. The 
test-case generation comes up with 
9×9×9×8×8=46,656 test-cases. Clearly, the 
complexity and the number of test-cases in-
crease rapidly when the number of possible 
configurations per component becomes 
greater. Roughly, the number of test-cases 
grows exponentially [15]. In general, if all 
parameters have the same number of parameter 
values, the number of test-cases is defined by 

. 
At some point, it is impossible to apply all test-
cases. In the following we present a method to 
reduce the number of test-cases systematically 
to 81.  

( ) parametersofnumberparameterpervaluesofnumber

Table 1. Set of test-cases 
No Median Pre Mid Post List 
1 Error - - - [] 
2 5 - - - [5] 
3 5 [1,2,3] [5,5] [7,8,9] [1,2,3,5,5,7,8,9] 
4 5 [1,2,3] [5,6] [7,8,9] [1,2,3,5,6,7,8,9] 
5 5 [1,2,3] [5] [7,8,9] [1,2,3,5,7,8,9] 
6 5 [9,8,7] [5,5] [3,2,1] [9,8,7,5,5,3,2,1] 
7 5 [9,8,7] [6,5] [3,2,1] [9,8,7,6,5,3,2,1] 
8 5 [9,8,7] [5] [3,2,1] [9,8,7,5,3,2,1] 
9 5 [5,5] [5,5] [5,5] [5,5,5,5,5,5] 

10 5 [5,5] [5] [5,5] [5,5,5,5,5] 
11 5 [7,3,9] [5,5] [4,2,8] [7,3,9,5,5,4,2,8] 
12 5 [7,3,9] [6,5] [4,2,8] [7,3,9,5,6,4,2,8] 
13 5 [7,3,9] [5] [4,2,8] [7,3,9,5,4,2,8] 

 



4. Method to get the minimal set 
of test cases 

When reducing the number of test-cases, it is 
important to use a standardized and recognized 
approaches rather than omitting arbitrary test-
cases. Furthermore, in general, the neglected 
test-cases should have a minor chance of re-
vealing errors. To ensure both, we chose a 
pair-wise coverage of parameters. 

The algorithm is known as robust testing [7, 1]. 
It uses the theory of mutually orthogonal Latin 
squares, which are constructed using Galois 
fields. Based of the set of orthogonal Latin 
squares – a set of squared matrices – a com-
bined matrix can be computed. The entries of 
this matrix are tuples from which test-cases 
can be directly deducted. The procedure guar-
antees finding errors, which are caused by the 

combination of values of two parameter [7]. 
Errors that rely on the occurrence of more than 
two certain parameter values are less likely and 
not necessarily found by this algorithm [7]. 
Consequently, robust testing generates test-
cases that usually have a higher probability to 
reveal to errors.  
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Figure 3. More complex classification tree (simplified visualization) 

The introductory complex example in Figure 3 
showed clearly that the classification tree pro-
duces an unmanageable amount of test-cases. 
When applying a pair-wise coverage of pa-
rameters, the robust testing algorithm chooses 
a feasible amount of test-cases. In order to 
apply the robust testing algorithm in combina-
tion with the classification tree, parameters and 
parameter values have to be determined first. 
Then, the list of parameters is sorted according 
to the number of parameter values. The two 
parameters with the highest number of parame-
ter values determine the dimension of the Latin 
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Figure 4. Classification tree with dependencies among parameters 

 



squares. The number of parameters determine 
the number of required Latin squares, pre-
cisely, if k parameters were found, then k-2 
Latin squares are to be generated. Thus, it only 
makes sense to apply robust testing to three or 
more parameters. In case of two parameters, 
robust testing returns an exhaustive test. The 
number of Latin squares and their dimension 
are the algorithm’s only required input parame-
ters.  

Going back to the complex example in Figure 
3, five parameters can be determined, namely: 
telephone 1; telephone 2; switch; connection 
between telephone 1 and switch; and connec-
tion between telephone 2 and switch. The val-
ues of these parameters are determined at the 
leaves. For instance, telephone 1 can be real-
ized with model A1, A2 etc. to C2 and C3. The 
connection between telephone 1 and the switch 
can be realized with fiber optics, copper cable 
(analog), copper cable (ISDN) and so forth. 
The first three parameters in the list (the two 
telephones and the switch) can have nine dif-
ferent configurations each. The two connec-
tions can be configured in eight different ways. 
Consequently, there are 5-2=3 Latin squares 
needed, each having a dimension of 9×9. Thus, 
robust testing generates 9×9=81 test-cases. In 
contrast, an exhaustive test would require 
9×9×9×8×8=46,656 test-cases. That means, 
less than 0.2% of the test-cases are needed to 
guarantee a pair-wise coverage. Experience [5, 

4, 2] showed that in many cases the productiv-
ity in terms of finding errors could be in-
creased by the factor of two or better when 
applying robust testing rather than choosing 
test-cases manually. Robust testing shows a 
quadratic growth in the number of test-cases, 
which clearly scales much better than the ex-
ponential growth of an exhaustive test. 

Robust testing is applied after reading off the 
parameters and their possible values from the 
classification tree. Dependencies among pa-
rameters must be resolved since this is a pre-
requisite for the robust testing algorithm. De-
pendent parameters are resolved by generating 
a so-called hybrid parameter. A hybrid pa-
rameter has tuples for values. Each tuple con-
sists of the parameter values that the numerous 
dependent parameters represent in this special 
test-case.  

Resolving dependencies among parameters is a 
non-trivial task. It takes effort to determine the 
hybrid parameter. This is due to the fact, that 
the classification tree strongly supports de-
pendencies between parameters by defining 
classifications in parallel. The following ex-
ample visualizes resolving the dependencies. 
Figure 4 shows a classification tree in which 
parameter values are overridden (parameter a 
and b), value domains change (parameter a and 
b), additional parameters are added (parameter 
c and d) and dependencies between classifica-
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Figure 5. Class diagram, derived from the previous classification tree 

 



tions are defined (“If” and “Assert”).  

For visualization purposes it might be useful to 
convert the classification tree into an UML 
diagram. Figure 5 shows an UML class dia-
gram which was derived from the classification 
tree in Figure 4. Since value domains are in-
herited from upper classes, changes in the 
value domain can be realized by adding a new 
subclass and overriding a parameter’s value 
domain (e.g. class C overrides parameter a of 
class B). Similarly, additional parameters can 
be added (e.g. through classes D, F and G). 
Abstract classes can define value domains and 
declare additional parameters, but additional 
information for defining all parameter values 
depending on other parameter values requires 
refinements by subclasses.  

Based on the given class diagram, the neces-
sary hybrid parameter can be created [5]. 
Hereby, for non-abstract classes all combina-
tions of parameter values are considered in 
form of tuples, which describe the parameters’ 
values. For instance, Figure 5 generates the in 
Table 2 listed hybrid parameter values. It is 
obvious that generating the hybrid parameter 
results in a high number of parameter values. 
This simple example already generates twelve 
parameter values. 

Remark: For demonstrational purposes, the 
hybrid parameter of the discussed example 
covers the total classification tree. In this case, 
robust testing is not applicable since there is 
only one parameters - the hybrid parameter. If 
the tree that generates the hybrid parameter is a 
sub-tree of bigger classification tree with other 
parameters, then the hybrid parameter would 
replace parameters a, b, c and d, and would be 

covered pair-wise with the residual parameters 
in the tree. Robust testing would be applicable. 

Table 2. Values of the hybrid parameter 
Hybrid 

parameter 
value # 

Generating 
class 

Parameter 
a 

Parameter 
b 

Parameter 
c 

Parameter 
d 

1 Class A 1 1   
2  1 2   
 Class B abstract class 
 Class C abstract class 

3 Class E 3 4   
4  3 5   
5 Class F 3 3  1 
6  3 3  2 
7 Class D 2 3 1  
8  2 3 2  
9 Class G 2 3 1 1 

10  2 3 2 1 
11  2 3 1 2 
12  2 3 2 2 

5. Discussion 
The above-seen enormous reduction of test-
cases to 0.2% clearly raises the question 
whether applying a pair-wise coverage is suffi-
cient testing. Obviously, robust testing does 
not test all possibilities, but usually there is not 
enough time to perform a full test. The main 
issue is to systematically reduce the number of 
test-cases by maintaining a high probability to 
find errors. An often posed question is whether 
important errors are overseen. Indeed, it is not 
guaranteed to find all or even all severe errors, 
but if testers would know in advance which 
test-cases perform better, then these could be 
applied and a systematic reduction would not 
be needed. Robust testing bases on the assump-
tion that it is more important to find errors that 
are caused by the combination of two parame-
ters rather than the combination of three or 
more parameters. Combinations of two pa-
rameters lead to errors more often. If combina-
tions of more than two parameter values 
should also be tested, then robust testing can 
be extended to provide coverage of three or 
more parameters, but again with the cost of 
more test-cases. 

Robust testing is an acknowledged and suc-
cessfully applied method for test-case reduc-
tion. Application has shown that a pair-wise 
coverage showed very good results in terms of 
finding many errors [3]. In average, robust 
testing provides a good coverage of standard 
test-procedures like block coverage (93%), 

 



decision coverage (83%), c-use coverage 
(76%) and p-use coverage (73%) [2]. 
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