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Abstract— Model transformation, in a simple definition, is a 

program that accepts a model as input and generates another 

model as output. Model transformations are the cornerstone of 

model-driven engineering (MDE), hence testing them and 

ensuring the correctness of their implementation is a critical task. 

A challenging aspect of testing model transformations is to 

generate test models that both conform to their meta-model and 

satisfy the defined constraints. There exist several solutions for 

generating test models. Epsilon Model Generation (EMG) is a 

language for generating appropriate test models. EMG uses 

random operations for producing test models, hence it is possible 

that some tests have the same structure and the same value, i.e., 

they are redundant. In this paper, we propose an approach for 

generating appropriate test models, i.e., test models which are 

valuable from the tester’s point of view. In this approach, the 

tester specifies the number of model elements that should be 

generated in the test model, as well as how they are linked. Our 

approach is based on the idea of enriching the EMG language 

with equivalence partitioning technique. The idea of partitioning 

is that testing a member in an equivalence class is as good as 

testing the whole class. We have evaluated the proposed method 

via a case study. The results show the superiority of the proposed 
approach over EMG.  

Keywords— Model-Driven Engineering; Model Transformation 

Testing; Test Model Generation; Epsilon Model Generation 

Language 

I.  INTRODUCTION 

 Models and modeling play an important role in software 
development processes. In traditional software engineering, 
models are mainly used in the design and documentation. 
However, in model-driven engineering (MDE), models are 
considered as first-class artifacts. In MDE, models are used as 
the basis for both automatic code generation and model 
transformation. The underlying structure of every model is 
described by a meta-model [1]. Models are manipulated by 
programs called “model transformation.” A model 
transformation is, in fact, a mapping between a source model 
and a target model. These transformations are defined at meta-
model level and then they are applied at the model level [2]. 

Model transformations are the heart and soul of MDE, 
hence ensuring the correctness of their implementation is a 
critical task [3, 4]. Testing a transformation requires 

appropriate data, i.e., models that conform to their meta-model 
and satisfy the corresponding constraints. Such models are 
called test models. A challenging aspect of testing model 
transformations is to generate appropriate test models [4, 5]. 
Manual generating of test models is error-prone and time-
consuming; hence, there is a need to automate the test 
generation process. There exist several approaches for 
(semi)automated generation of test models [6-9]. In the 
following, some of the most related works are investigated. 

Brottie et al. [10] have proposed an algorithm to generate 
test models based on a given meta-model, by introducing 
model fragments for partitioning input space. This approach 
produces models that conform to the meta-model; however, it 
does not consider any constraint. The main issue with this 
approach is that only conforming to the meta-model is not 
enough, since several constraints may exist, such as the ones 
that are written in Object Constraint Language (OCL) or 
partitions of the input space, which are important and could not 
be ignored. 

González and Cabot [11], have proposed a mechanism for 
generating test cases by analyzing the OCL expressions in the 
source meta-model in order to partition the input model space. 
This approach is flexible and produces valid models; however, 
it can only handle simple constraints. Simple constraints are 
those that do not involve multiple compound first-order OCL 
operations. 

Hilken et al. [12] focus on the idea of partitioning input 
space using OCL terms that are defined by the tester. This is a 
systematic approach similar to the work of Gonzalez and Cabot 
[11], however, it allows the developer to partition the source 
model space independent from the constraints that are defined 
on the source meta-model. This results in a more flexible 
manner. The approach is also implemented in USE (UML 
Satisfaction Environment) [13] as a model validator plugin1. 
This approach uses KodKod [14] to analyze the constraints. It 
should be noted that KodKod, because of using solver, has 

                                                        
1 USE is a system for the specification and validation of information 

systems based on a subset of the UML and OCL. Both USE and Model 

Validator plugin could be downloaded from the following site: 

http://sourceforge.net/projects/useocl/  

 



limitations to analyze the OCL terms and can only handle 
simple constraints. 

Popoola et al. [15] have introduced the Epsilon Model 
Generation (EMG) language. EMG is a language in Epsilon 
family and generates test models using EMG rules and Ecore2 
meta-model [16]. This language produces models randomly 
and sets values to model elements using random operations. 
This approach can generate models that both conform to the 
meta-model and satisfy complex constraints (e.g. constraints 
formulated in compound first-order OCL operations); however, 
the main problem with EMG is that random test models are not 
efficient. By producing models at random, some of the 
generated models may have the same structure (considering the 
meta-model) and they only differ in terms of the value of the 
attributes. This is what we call inefficient models in this paper. 
Models with the same structure, even if the values of their 
attributes are not the same,  have the same value for testing a 
transformation, hence,  it is wasting time to test the same 
structure while testing a transformation. 

The above-mentioned problem is the main focus of this 
paper. Therefore, there is a need to generate test models that in 
addition to conforming to the corresponding meta-model and 
satisfying complex constraints, they will be different in terms 
of the structure. 

In this paper, we proposed a novel approach for generating 
test models. The novelty of the approach is that it combines the 
idea of equivalence partitioning with EMG. This technique 
prevents generating redundant models, i.e., models which are 
the same in terms of their structure and only differ in the value 
of their attributes. Such distinctive models have value in testing 
a transformation.  To summarize, we have used EMG 
combined with equivalence partitioning that can be used to 
generate more efficient test models that satisfy complex 
constraints. 

The organization of the paper is as follows. Sec. 2 
introduces the background information about EMG language 
and Equivalence Partitioning concept. Sec. 3 describes the 
steps of proposed approach which includes an overview of the 
approach and description of its implementation shortly. Sec. 4 
evaluates the approach via a case study and finally, Sec. 5 
concludes the paper and outlines some future lines of work. 

II. BACKGROUND 

In this section, we introduce the background information 
which is required to better understand the rest of the paper. 
First, we give a quick review on the EMG, then, we elaborate 
on the Equivalence partitioning technique. 

A. The EMG language  

 EMG is a domain-specific language for generating test 
models. It presents a framework which implements the 
approach to produce random and repeatable synthetic model 
[15]. 

                                                        
2 The model used to represent models in Eclipse Modeling Framework 

(EMF) is called Ecore. 

 

The EMG framework is built on top of the Epsilon platform 
and uses Epsilon languages for generating test models. The 
framework takes as input an Ecore-based meta-model, an 
optional “seed” parameter and model generation rules that are 
written in the EMG language [17]. 

An EMG program is composed of two types of rules. 
Creation rules for producing model elements and linking rules 
for connecting them. The creation rules produce a configurable 
number of model elements which are defined by Epsilon 
Object Language (EOL). “Linking rules provide support for 
specifying groups of elements to be linked together, the 
constraints they should satisfy, and how they should be linked 
together. These rules are defined by Epsilon Pattern Language 
(EPL). Annotations are also used to add more information on 
how the rules should be executed” [15, 16].  

A simple example of an EMG program is shown in Listing 
1. This program generates the models of graph and it contains 
two creation rules that create a sample of Graph class (line 1) 
and the random number (between 2 and maxNodes) of nodes 
(lines 2 to 5) and a linking rule which linked created nodes by 
edges (lines 6 to 17). In that rule, a guard is presented for 
filtering the nodes that do not have any incoming edge (line 8), 
then the nodes are linked randomly by the edges (lines 9 to 17).  

The EMG language can produce random test models 
successfully; however, sometimes generated models are not 
efficient, hence there is a need to produce models that are 
different from each other in order to be more efficient test 
models. 

B. Equivalence Partitioning 

There are an infinite number of models that can be derived 
from a meta-model, whereas the models with different values 
of attributes are considered as distinct models. For example, a 
name attribute that is of type string may have infinite values 
and assigning each value for that name creates a different 
model. One of the problems in transformation testing is the 
difficulty of selecting a finite set of these models [4]. We use 
equivalence partitioning for resolving this problem. 
Equivalence partitioning is a software technique that partitions 
the input space such that test cases can be derived from these 
partitions [18, 19]. The key idea of using this concept is that 
the elements that belong one partition are equivalent [20].  

 1  operation Graph create () {} 

 2  $instances Sequence {2, maxNodes} 

  3  operation Node create () { 

 4  self.name= randomString( ); 

  5       } 

  6    pattern link 

 7 graph: Graph, node: Node 

  8    guard: node.incoming.size () <1{ 

  9    onmatch{ 

 10          var edge: Edge = new Edge; 

 11      edge.source= node; 

 12     edge.target= 

 13          Node.all.select (n | n.outgoing.size () <1). randomD ( ); 

 14     graph.nodes.add (node); 

 15        graph.edges.add (edge); 

  16     } 

 17     }

 

Listing 1. The EMG program to generate a Graph model [15] 



 

Fig. 1. Test model generation steps

In model transformation testing, we assume that all models 
in the same partition have the same characteristics and 
transformation programs behave them in a similar way. Based 
on this assumption, with partitioning the input space into 
equivalence classes and test one representation from each class, 
the problem of selecting test models can be solved. The key 
idea is that we need to test one model from each class because 
if one model is transformed successfully by transformation 
program, other models in the same class behave the same and it 
is not necessary to test other models. Also, if a model in a class 
does not work, none of the models in that class will work. 

III. THE PROPOSED APPROACH 

In this section, the proposed approach for generating test 
models is described. First, an overview of the approach is 
explained, and then the tool and its implementation are 
described briefly.  

A. Overview of the proposed approach 

As mentioned above, equivalence partitioning can be a 
great solution for test models selection problem. However, the 
main issue in using equivalence partitioning is how to define 
the partitions and how it can generate only one model which 
represents each partition. To solve this issue, we have proposed 
an approach to enrich EMG with equivalence partitioning for 
generating test models. EMG is a powerful language which can 
produce models that conform to their mete-model and satisfy 
complex constraints. The main problem with EMG is that it 
only generates one model in every execution of an EMG 
program.  In our approach, when the program runs, only one 
model from each partition is generated and no two test models 
belong to the same equivalence class. 

In this approach, the tester must specify the equivalence 
classes. It should be noted that the tester has some knowledge 
about the program, i.e., the transformation, and can define 
interesting models that are more efficient for testing.  

Fig. 1 shows the main steps of the proposed approach. In 
step 1, the input Ecore meta-model must be taken as input. In 
step 2, the tester specifies the number of elements that must be 
present in the generated test model. The number of model 
elements and assigning a value to their attributes are 
implemented by creation rules of EMG program. Also, the 
tester can define constraints that must be satisfied in all of the 
partitions. In step 3, the tester must specify the patterns that 

will link model elements. These patterns, which are written in 
the EPL, define the equivalence classes. In other words, the 
patterns indicate how the elements should be linked together 
and which constraints should be satisfied. According to the 
fundamentals of equivalence partitioning concept, there is no 
need to test models that are equivalent, hence, we generate one 
model from each pattern. In Step 4, by using the EMG engine, 
the test models will be generated. 

To summarize, using this approach, the tester is able to 
produce models with different structures. This approach can 
reduce the total number of models in testing and due to lesser 
number of test cases, time of testing is reduced. 

B. Implementation 

We implemented our approach as an Eclipse plugin. The 
Graphical User Interface (GUI) of the tool is implemented in 
Java. Fig. 2 shows the implemented GUI of our tool. Via the 
GUI, the user indicates the address of the following inputs: the 
EMG file, the meta-model file, and the pattern files. Then, by 
pressing “generate test models” button, the test models will be 
created and the user will be informed of the addresses of 
generated artifacts. The format of the generated model files is 
“.model” and the models are stored with the same name as their 
corresponding patterns.  

In the backend of the plugin, we use EMG module and 
EMG engine for generating test models. A Java class is 
implemented to parse the EMG file and the corresponding 
pattern files, and by creating an EMG module, test models will 
be generated. 

In our approach, random operations are used only for 
attribute assignment, and the structure of the generated models 
is created by applying patterns. As a result, some models will be 
created that are interesting for a testing based on the tester 
knowledge; hence, the tester is able to test the transformation 
efficiently. 

IV. CASE STUDY 

 The case study that is considered for evaluation of the 
proposed approach is “to generate some family models that 
conform to the Family meta-model.” The Family meta-model, 
which is shown in Fig. 3, is a well-known meta-model across 
the MDE community and it is simple to understand. This meta-
model has two classes and four associations. The Family class 
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Fig. 2. The plugin interface 

represents a family and the Member class specifies the 
members of the family, including the father, the mother, the 
daughters, and the sons. Assume that the tester wants to create 
models of Family meta-model that have 5 members. Note that 
all of the valid model structures that can be derived from this 
meta-model are considered.  

In this experiment, we apply two paths for generating test 
models. First, we use pure EMG, second, we use the approach 
and the tool that are proposed in this paper, i.e., EMG enriched 
by equivalence partitioning. We compare the output models of 
both approaches and try to show which one is more efficient. 

Case A: Generating test models with pure EMG 

For the first case, the tester writes an EMG program as is 
shown in Listing 2. The program generates sample models for 
families including 5 members:  one member as a father (lines 5 
to 14), one member as a mother (lines 15 to 25), and 3 other 
random members as sons or daughters (lines 26 to 48). 

In a family with 5 members, four distinct structures are 
possible. Every structure has one member as a father and one 
member as a mother. The three remaining members can have 4 
possible states:  

DDD:    3 members as daughters 

DDS:    2 members as daughters and 1 member as a son 

DSS:    1 member as a daughter and 2 members as sons 

SSS:     3 members as sons 

Because of four possible states, we should run the program 
at least 4 times to see whether or not four different results will 
be generated. Whereas EMG language generates models 
randomly, we ran the program 40 times which are divided into 
10 groups. The results are shown in Table 1. We consider the 
best-generated group of models for evaluation. The best group 
is the group that covers 3 out of 4 partitions, as indicated by 
group 3 in Table 1 and is shown in Fig. 4. This is the best 
group because of its maximum coverage. 

 

Fig. 3. Family meta-model 

 
  1 pre {var D = 0, var n = 5} 

  2     operation Family create () {self.Lastname = "Family";} 

  3     $instances n 

  4     operation Member create () {} 

  5     $number 1 

  6     pattern FFamily 

  7     f:Family, m: Member  

  8      { 

  9       onmatch { 

  10          f.father = m; 

  11                    m.firstname="Father_"+ 

  12                     nextString("LETTER_LOWER",6); 

  13                    }  

  14  } 

  15    $number 1 

  16    pattern MFamily 

  17    f: Family, m: Member 

  18    guard: m.firstname == null 

  19   { 

  20        onmatch { 

  21                      f.mother = m; 

  22                     m.firstname="Mother_"+ 

  23                    nextString ("LETTER_LOWER", 6); 

  24    } 

  25   } 

  26    $number Sequence{0, n-2} 

  27    pattern DFamily 

  28    f:Family, m :Member 

  29    guard: m.firstname == null 

  30   { 

  31      onmatch { 

  32                       f.daughters.add(m); 

  33                      m.firstname="Daughter_"+   

  34                      nextString("LETTER_LOWER", 6); 

  35                      D++; 

  36        } 

  37    } 

  38    $number (n-D-2) 

  39    pattern SFamily 

  40    f: Family, m: Member 

  41    guard: m.firstname == null      

  42   {    

  43        onmatch { 

  44                                f.sons.add (m); 

  45           m.firstname="Son_"+ 

  46          nextCapitalisedString ("LETTER_LOWER", 5) ; 

  47          } 

  48   } 

Listing 2. The EMG program for generating random test models 



Table 1. 10 groups of test models generated by EMG language 

group 
Equivalence Classes 

DDD DDS DSS SSS 

1 2 2 0 0 

2 0 3 1 0 

3 1 2 1 0 

4 3 1 0 0 

5 2 0 2 0 

6 2 0 2 0 

7 2 1 1 0 

8 3 0 1 0 

9 3 1 0 0 

10 4 0 0 0 

 
Fig. 4. The generated test models by EMG program 

According to the models that are generated in group 3 of 
Table 1, three of the generated models have different structures 
and one of the models has a similar structure to others (it is in 
the same equivalence class with generated models). In Fig. 4, 
model 1, model 2 and model 4 have different structures but 
model 3 has the same structure as model 2. 

The limitation on EMG pattern annotation is the reason 

that it never generates models with no daughter and this 

partition is always empty. In fact, the EMG pattern matching 

annotation does not work with 0 (line 26 in Listing 2). It does 

not matter how many times the program is run.  

Case B: Generating test models with the proposed approach 

Now, we use the implemented plugin for generating test 
models. The tester, by detecting all possible states of the 
Family model structure, can define the patterns for all of these 
states and run the program using the plugin. As it is shown in 
Fig. 5, only four test models are generated, and with those four 
test models, all the input space is covered well. According to 
the generated models, all of four models have different 
structures and no model with the same structures have been 
generated. 

In summary, by specifying all possible states of a family 
with 5 members, the tester can partition the input space to 
equivalence classes and test only one representation from each 
class, whereas, by using EMG, the tester run program 40 times 
and lose one model structure finally. The above two cases 
show the superiority of the proposed approach over EMG. 

V. CONCLUSION 

In this paper, we proposed a new approach for generating 
test models by enriching the EMG language with equivalence 
partitioning technique. The equivalence partitioning was used 
for providing the ability to generate models with different 
structures while covering all the input space. We implemented 
our approach as an Eclipse plugin on top of EMG. The tool 
accepts EMG file as well as patterns written in EPL which 
specify the partitions. Using this approach, the total number of 
generated models in testing will be reduced while covering the 
requirements. Due to a lesser number of test cases, time of 
testing will be reduced. 

As future work, we aim to reduce the tester activities by 
defining the patterns automatically. Also, instead of writing in 
the EMG program, the number of elements and objects in 
models can be received via the user interface. 
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