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Abstract. Although it is well recognised that ontologies have an important role to 
play in data integration, the lack of established ontologies in domains of interest 
often makes ontology-based integration a difficult task. Previous research on 
ontology design methodologies shows that manual construction of ontologies is a 
complex process and it is very hard for a designer to develop a consistent ontology. 
This paper contributes a formal and semi-automated approach for the development 
of ontologies in the utility infrastructure domain. It arises from a practical 
industrial problem of integrating the vast network of underground asset records. 
These asset records are typically autonomous, i.e. owned and maintained by 
individual organisations, and are encoded in an uncoordinated way, i.e. without 
consideration of interoperability with other utility information systems. The 
proposed approach is based on formal concept analysis (FCA) which is a 
mathematical approach for abstracting from attribute-based object descriptions. 
This paper describes techniques developed to support utility ontology development, 
with a focus on resolving implicit and mismatch data. Some experiments have 
been carried out to construct a utility ontology with data from utility companies. 
Though issues addressed in the paper arise in utility ontology development, we 
anticipate that they should be interesting and relevant to other application domains.    
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1. INTRODUCTION 

In many domains, one faces the need for exchanging and sharing information that 
comes from different resources. Obtaining mapping information of the excavation site 
in street works is one such example. Every year, in excess of four million holes are dug 
in UK roads to maintain utility assets [2]. In order to avoid unnecessary holes dug in 
wrong places, it is required that information of buried utilities must be obtained before 
excavation occurs. However, the mapping information supplied by utilities is often of 
limited use. One main reason for this is that asset records are usually created and 
maintained by a range of private companies with little thought towards interoperability. 
As a result, utility data differs from one company to another not only in what is 
encoded but also how it is encoded. This data heterogeneity makes it extremely 
difficult for the excavators to synthesize an integrated view of the excavation site.   

Overcoming data heterogeneity has been an active area of research in database and 
information integration communities [3, 14]. Ontology research is another discipline 
that deals with data heterogeneity [18, 12]. The common definition of the term 
ontology is that an ontology is some formal, explicit specification of a domain of 



 

discourse. Ontology-based integration systems are usually characterised by a global 
ontology which represents a reconciled, integrated view of the underlying data sources. 
Systems taking this approach usually provide users with a uniform interface – all 
queries made to source data are expressed in terms of the global ontology, thus freeing 
them from the need to understand each individual data source. This approach looks 
straightforward but a shared ontology is required. Unfortunately, in many domains one 
faces the problems of having no accepted ontologies that can be employed in the 
integration work. The utility domain is one example of this. According to our 
investigations, little work has been attempted previously to develop utility ontologies.  
The most relevant one is the standard proposed by the FGDC [4]. However, our 
research [7] show that the knowledge encoded in FGDC standard is insufficient to 
serve as a reference ontology on which to base UK utility data integration.    

To attempt to remedy this, we investigate techniques that support ontology 
development for utility domain. In [7], we reported on how a basic ontology was 
developed manually for the water utility domain. Our experiences show that manual 
construction ontology is a time-consuming process and it is very hard for a designer to 
develop a consistent ontology. In this paper we present an alternative approach for 
utility ontology development. The method is based on formal concept analysis (FCA). 
By deriving conceptual structures based on attribute descriptions of utility asset 
features, the method supports the development of utility ontologies in a systematic and 
semi-automated manner. We discuss interesting issues when applying FCA in ontology 
development, particularly the treatment of implicit and ambiguous information. We 
report on our experiments on employing the proposed techniques to construct a sewer 
utility ontology.    

The remaining part of the paper is organized as follows. Section 2 recalls key 
notions of FCA and reviews related research. Section 3 presents our method for utility 
ontology development based on FCA. Sections 4 and 5 discuss techniques that deal 
with implicit and ambiguous information. Section 6 reports our experimental results. 
Section 6 concludes the paper and points out future research. 

2. Basic Concepts and Related Research 

2.1. Formal Concept Analysis (FCA) 

FCA was developed in the 1980s [26]. A typical task that FCA can perform is data 
analysis, making the conceptual structure of the data visible and accessible.   

 A basic notion for FCA is a formal context, which is defined as a triple K := <G, 
M, I> , where G is a set of objects, M is a set of attributes, and I  ⊆ G × M is a binary 
relation between G and M. A relation (g, m) ∈ I is read as “object g has the attribute 
M”.  A formal context can be depicted by a cross table as shown on the left side of 
Figure 1, where the elements on the left side are objects; the elements at the top are 
attributes; and the relation between them is represented by the crosses.  

A formal concept of a context K := <G, M, I> is defined as pair (A, B), where A 
⊆ G, B ⊆ M, A´= B and B´=A.  A´ is the set of attributes common to all the objects in 
A and B´ is the set of objects having the attributes in B. The extent of the concept (A, 
B) is A and its intent is B. The formal concepts of a context are ordered by the sub- and 
super-concept relation. The set of all formal concepts ordered by such relations forms a 



 

concept lattice. For example, the right side of Figure 1 shows the classic concept lattice 
corresponds to the context on the left side of Figure 1. 

 
 
 
The formal contexts we introduced above are not the ones that occur most 

frequently in applications of FCA. Most often data is encoded in form of many valued 
contexts. A many valued context K :=<G, M, W, I> consists of a set of objects G, a set 
of attributes M, a set of attribute values W, and a ternary relation I   ⊆ G × M × W. A 
relation (g, m, w) ∈ I is read as “object g has the attribute M and its value is w”. A 
many valued context can be unfolded into a one valued context through conceptual 
scaling (the reader is referred to [6] for discussion on conceptual scaling). 

2.2. Related Research 

A growing number of methods have been proposed in recent years to address the 
issues of ontology development [12, 10]. Most methods are based on the traditional 
knowledge engineering approach [5, 16, 22, 23]. These methods usually start with 
defining the domain and scope of ontologies. This is followed by a data acquisition 
process: important classes are collected; a class hierarchy is derived; and properties and 
semantic constraints are defined and attached to classes. The next step is the 
specification of ontologies in some formalisms. Finally, ontology evaluation is 
performed against pre-defined criteria.  It is recognised that developing ontologies from 
scratch with the traditional knowledge engineering approach is time consuming and 
labour intensive. Reusing and integrating existing ontologies is thus considered as part 
of ontology development process by most methods described above. However few of 
these methods address integration in detail. In [20], a method that is based on the 
integration is proposed. Other systems and frameworks that have been developed for 
supporting ontology merging or integration tasks include those described in [8, 17]. 

Fundamental operations for ontology integration are mapping discovery and 
ontology merging. Mapping discovery takes two or more ontologies as input and 
produces a mapping between elements that semantically correspond to each other. 
Most approaches rely on matching heuristics for identifying mappings, comparing 
names and the natural language definitions of two concepts and checking the closeness 
of two concepts in the concept hierarchy [15, 13]. Based on the inter-ontology 

Figure 1 A Formal Context and its Corresponding Concept Lattice 



 

mappings derived in mapping discovery, a merging process integrates the source 
ontologies and generates a concept hierarchy that embeds the knowledge encoded in 
the initial ones. However, as recognised in [25], deriving a meaningful concept 
hierarchy is a hard problem even with the ground set of inter-ontology mappings 
provided. Most methods that support the merging process are performed in an 
interactive manner with the interference of human users. In cases of large scale 
ontologies, the resulting class hierarchies generated tend to be inconsistent.  

Another branch of research studies ontology construction with formal methods. Of 
particular interest here is research on FCA.  FCA is a formal method for conceptual 
structure derivation. FCA related tools enable considerable of knowledge processing 
activities automated, particularly concept generation and hierarchy derivation. As a 
result FCA has been attracting great interest to support systematic, semi-automated 
development of ontologies.  For example, FCA has been employed to construct domain 
specific ontologies in research [11, 19]. The theory of FCA has also been adapted to 
problems of ontology or concept hierarchy merging [25, 19, 21].  

Building on advances made in [25, 21, 19], in this research we propose a FCA-
based method for utility ontology construction, with the focus on treating implicit and 
ambiguous information. Previous work publication is either implicit on how these 
problems are resolved, or only addresses particular types of these problems. For 
example, in [25] there is an interesting discussion on attribute naming conflicts, but the 
authors do not address in detail how these problems are resolved.    

3.  FCA-based Utility Ontology Integration  

With FCA theory as the backbone, we have developed a method that is designed to 
support utility ontology integration. The method supports automated concept hierarchy 
derivation and mapping identification, and it also supports ontology integration in the 
presence of implicit and ambiguous information.  Implicit information is caused by the 
fact that utility companies tend to explicitly encode asset types having specific 
attributes, but leave others unspecified. As an example in the sewer domain, a sewer 
pipe is characterised by how it conveys sewerage: either by gravity or by pressure, with 
the gravity distribution employed more often than pressurised one. Most utility 
companies explicitly specify pressurised sewer pipes, but not gravity sewer pipes. If 
not restored in FCA, this missing information can lead to an ontology that is ill-formed, 
and does not correctly capture critical concepts and semantics of the domain.  

Another challenge in applying FCA in ontology integration is to deal with 
inconsistent or ambiguous information, particularly inconsistencies/ambiguities 
existing with asset attributes. For example, different terms may be employed to refer to 
the same attribute, and attributes may be modelled at different level of detail. A simple 
example is that one utility data resource may model a sewer pipe as either main or 
lateral and another may classify it as trunk main, non-truck main, and service. These 
mismatches pose considerable difficulties in applying FCA to ontology integration.   

In this section, we present a generic framework that supports ontology integration 
with FCA. We will describe in detail the techniques that deal with implicit and 
ambiguous data in Section 4 and 5.  Figure 2 shows the main components of the FCA-
based integration framework. The process of utility ontology development consists of 
three steps: Context Formation, Context Composition, and Ontology and Mapping 



 

Derivation. Context Generation takes data and meta-data from a utility dataset as input, 
and generates a many valued context K := <G, M, W, I>, where G contains asset types, 
M contains attributes of asset types, W contains attribute values, and a ternary relation I   
⊆ G × M × W contains object attribute value relationships. The next step, Information 
Explication, restores implicit information, which will be covered in more detail in 
Section 4. The final step, Conceptual Scaling, transforms many valued contexts into 
one valued contexts, in order for classic FCA techniques to be applicable.   

Context Composition takes two contexts as input and generates an integrated 
concept lattice. A data dictionary that maintains utility asset and related terms is 
employed to disambiguate conflict attributes in context composition, which will be 
detailed in Section 5. The integrated context is then fed to a lattice generating 
component to produce a concept lattice. To prevent too many irrelevant concepts (with 
respect to the concepts in source contexts) from being generated, a pruned concept 
lattice is derived here instead of classic concept lattice of the context.  A pruned 
concept lattice is a lattice that eliminates the concepts that have empty intent and extent 
[9]. The computation of the concept lattice is done with the FCA tool Galicia [24]. 

Ontology and Mapping Derivation takes the concept lattice generated in the 
previous step as input and generates an integrated ontology as well as mappings 
between utility asset types. Each formal concept of the lattice is a candidate for an 
ontology class or relation (human interaction is required in this step for decision 
making). The edge between two concepts indicates an is-a relationship. The derived 
ontology is represented in OWL to form a formal ontology specification. This step also 
generates candidate mappings between asset types. Given a formal concept, if its extent 
contains more than one object (asset type), then it indicates a potential mapping 
between these asset types. 

 

 
 

Figure 2 FCA-based Utility Ontology Integration 



 

4.  Information Explication  

The data acquisition step (shown in Figure 2) acquires asset types from a utility dataset 
and results in a many valued context. Table 1 shows a portion of a many valued context 
we generated from a utility dataset. It explicitly specifies attributes such as pressurized, 
above_ground and abandoned, leaving those such as gravity, underground and 
operational implicit.  Figure 3 shows the corresponding concept lattice.  

 
Table 1   

 size what how position status 

sewerPipeType1 main  pressurised   

sewerPipeType2 main   above_ground  

sewerPipeType3 main sludge    

sewerPipeType4 main    abandoned 

 

 
 

 
 
To restore implicit information, we use a set of domain specific rules1, e.g., the 

rules to restore implicit information for the above context table are shown in Figure 4.  

 
 

Several methods have been suggested in this research to apply the rules to the 
contexts, and each results in a concept lattice with different structure and granularity.  

                                                           
1 Rules are collected based on domain knowledge and with the assistance of utility experts. The detail on 

the rule selections is not described here due to space limitation. 

1) if a sewer is not explicitly specified as a pressurised sewer, then it is a 
gravity sewer; 

2) if a sewer is not explicitly specified as an above ground sewer, then it is an 
underground sewer; 

3) if a sewer is not explicitly specified as an abandoned sewer, then it is an 
operational sewer; 

4) a sludge sewer is a pressurised sewer unless it is specified otherwise; 

Figure 3  Concept Lattice Before Restoring Implicit Information 

Figure 4 A Set of Rules for Restoring Implicit Information. 



 

I. This method applies all rules to each object, which results in a context with same 
number of objects and objects are updated with new attributes. For example, 
sewerPipeType1 will have following new attribute: wastewater, underground 
and operational. Table 2 shows the updated context with this method.  

 
Table 2 

 size what how position status 

sewerPipeType1 main wastewater Pressurised underground operational 

sewerPipeType2 main wastewater Gravity above_ground operational 

sewerPipeType3 main sludge Pressurised underground operational 

sewerPipeType4 main wastewater Gravity underground abandoned 

 
II. This method retains original objects, and extends the context table with new 

objects generated by applying different combination of rules. For example, by 
using the first two rules shown in Figure 3, three new objects can be derived 
from the object sewerPipeType1, which is shown in Table 3. This option is 
potentially useful for generating a lattice with the richest semantics, but the 
number of objects derived is exponential in the number of rules. The number of 
concepts is even bigger, which grows exponentially with the numbers of objects.  

 
Table 3 

 size what How Position status 

sewerPipeType1 main  Pressurised   

object1 main wastewater Pressurised   

object2 main  pressurised underground  

object3 main Wastewater pressurised underground  

 ::: :::      

 
III. The third approach, which is a balance between the first and the second 

approaches, retains original objects, but for each object, generates a new one by 
applying all rules.  The context generated with this approach is shown in Table 4.   

Table 4 

 size what how Position Status 

sewerPipeType1 main  pressurised   

object1 main wastewater pressurised Underground operational 

sewerPipeType2 main   above_ground  

object2 main wastewater gravity above_ground operational 

sewerPipeType3 main sludge    

object3 main sludge pressurised underground operational 

sewerPipeType4 main    abandoned 

object4 main wastewater gravity underground abandoned 



 

 
Figure 5 shows the concept lattice which has implicit information restored with 

approach I. Comparing with the original concept lattice shown in Figure 3, extra formal 
concepts such as ({underground}, {}) and ({gravity}, {}), are identified here, which 
capture important semantics of the application domain and will form critical 
ontological concepts. We are still investigating which approach discussed above best 
recovers these missing semantics, which is largely performed by doing ontology 
coverage analysis and some evaluation with domain users.   
 

 

5.  Attribute Disambiguation   

Context composition takes two formal contexts2 as input, and generates an integrated 
lattice. Due to the possibility of inconsistencies arising from attributes of the source 
contexts, context composition is not a simple union or disjoint union operation. To deal 
with this, we employed a utility data dictionary. The data dictionary is developed with 
techniques described in [7], and it maintains a set of terms that describes utility asset 
types, and it also encodes terminological relationships between utility terms, such as 
BT/NT (Broader Term/Narrower Term), USE/UF (Use/Used For) and RT (Related 
Term). With the assistance of the data dictionary, we are not only able to identify 
whether two attributes are equivalent (by utilising USE/UF relationships), but also able 
to generate subsumption relationships between two attributes (by utilising BT/NT 
relationships). In what follows, we describe the operations that resolve attribute 
mismatch, and we will use the context tables shown in Figure 6 to illustrate the context 
composition process. 

 

                                                           
2 Which are one valued after the conceptual scaling step. 

Figure 6 Example Source Contexts 

Figure 5  Concept Lattice After Restoring Implicit Information 



 

Given two contexts K1: =<G1, M1, I1> and K2:=<G2, M2, I2>, the integrated 
context K: =<G, M, I> is computed by first performing a disjoint union of object sets of 
two contexts, i.e., 2

*
1 GGG U= . For an object (g, n) ∈ G of K, we say that (g, n)  

originates from K1 when n=1 and from K2 when n=2.  M and I are assigned M1 and I1 
from K1 at this stage. That is 1MM ≡  and 1II ≡ . Table 5 shows the integrated 
context K after the above operations.   

Table 5 

 operational abandoned proposed recommission 

(ob1, 1) X   

(ob2, 1)   X 

(ob3, 1)  X  

(ob1,2)    

(ob2,2)    

(ob3,2)    

(ob4,2)    

 
The next step expands context K with respect to attributes of K2. For each attribute 

Ai ∈ M2 of K2, we perform a semantic mapping operation with attributes in K. 
Depending on the type of match resulted, different operations are performed:3   
I. Ai finds an equivalent attribute Aj ∈ M of K. Such an equivalent attribute may 

either be specified with the same term, or with a synonym. For example for the 
context K2 in Figure 5, if the attribute live finds an equivalent attribute operational 
in K, Ai will be unified with Aj, and context table K is expanded with existing 
relationships between Ai (or Aj after unification) and objects that originated from 
K2, as shown in Table 6.  This context expansion is highlighted with columns and 
rows having a emboldened border in the table.  

 Table 6 

 operational abandoned proposed recommission 

(ob1, 1) X   

(ob2, 1)   X 

(ob3, 1)  X  

(ob1,2)    

(ob2,2) X   

(ob3,2)    

(ob4,2)    

 

                                                           
3 In many situations, complications can occur, e.g.. an attribute may have multiple matches. The primitive 

operations described can be composed to deal with these complex cases. We will not elaborate this further 
here due to space limitations.  

 



 

II. Ai finds attribute Aj that is more generic to it. For example, the closest match for 
abandoned intact in K2 is abandoned which is a broader term to it.  In this case, 
the resulting context K is expanded with attribute Ai and existing relationships 
between Ai and objects from K2. New binary relationships (as shown with shaded 
cells) are established in K between those objects having attribute Ai from K2 and  
attributes Aj (which is originally from K1). This is shown in Table 7. The 
underlying theory is that if Ai is a sub term of Aj, then any object which has 
attribute Ai should also have attribute Aj. In our example, if a sewer pipeline is 
abandoned intact, then it is also abandoned.   

Table 7 

 operational abandoned proposed recommission abandoned intact 

(ob1, 1) X    

(ob2, 1)   X  

(ob3, 1)  X   

(ob1,2)  X  X 

(ob2,2) X    

(ob3,2)     

(ob4,2)     

 
III. Ai finds a matching attribute Aj that is more specific to it. For example, the closest 

match for the attribute proposed in K2 is proposed recommission in K which is a 
narrower term for it. In this case, the context K is expanded with Ai and existing 
relationships between Ai and objects originating from K2, as shown in Table 8.  
New binary relationships (as shown with shaded cells) are established in K 
between those objects having attribute Aj (originally from K1) and attribute Ai 
(which is originally from K2).     

Table 8 

   operational   abandoned  proposed recommission abandoned intact proposed 

(ob1, 1) X     

(ob2, 1)   X  X 

(ob3, 1)  X    

(ob1,2)  X  X  

(ob2,2) X     

(ob3,2)     X 

(ob4,2)      

 
IV. Ai finds no match in K. For example there is no semantic match in K for the 

attribute standby in K2. In this case the context K is simply expanded with Ai and 
existing relationships between Ai and objects originating from K2, as shown in 
Table 9. 



 

Table 9 

 operational abandoned proposed recommission abandoned intact proposed standby 

(ob1, 1) X      

(ob2, 1)   X  X  

(ob3, 1)  X     

(ob1,2)  X  X   

(ob2,2) X      

(ob3,2)     X  

(ob4,2)      X 

6. Experiments 

The techniques described in the previous sections have applied to real world utility data 
to build an ontology for the sewer utility domain. Data that specifies sewer pipelines 
were collected from two utility companies. From utility dataset one, 54 utility asset 
types were collected; these asset types are described with 21 attributes. From utility 
data resource two, 49 utility asset types were collected; these asset types are described 
with 16 attributes. A set of rules for restoring implicit information was collected for 
each data resource. Our preliminary experiments demonstrated that these rules overlap 
considerably between two datasets, which leads to the assumption that these rules are 
largely domain specific rather than application specific. That is, rules collected are 
applicable to utility data from different utility companies and therefore can be reused in 
future integration. However we anticipate that due to the different encoding practices 
employed by utility companies, the numbers of applicable rules will differ from one 
dataset to another. Further experiments are still required to prove these assumptions. 
The approach I (discussed in Section 4) was tested for restoring implicit information, 
and Figure 7 shows the concept lattices for two datasets with implicit information 
restored (labels are eliminated here for the reasons of confidentiality and readability). 
Work is still ongoing in testing approaches II and III.    

 

 
 
 

 
Figure 7 Concept Lattice Generated for Source Datasets 



 

The formal contexts from the two data resources were composed to generate an 
integrated context with 103 objects and 26 attributes. The disambiguation results show 
that there were 12 Type I matches, 0 Type II matches, 2 Type III matches, and 5 type 
IV matches. Multi matches existed for one attribute and it had 1 equivalence match 
(Type I) and 2 specific matches (Type III). This revealed that utility companies tend to 
use common set of attributes to describe their asset types, but diversity does exist. 
Figure 8 shows the pruned concept lattice for the integrated context.  

 

 

7. Conclusions and Future Work 

This paper presents our approach to utility ontology development for the purpose of 
providing an improved information mapping service for underground utility apparatus 
records. The research employs formal concept analysis techniques as the backbone for 
formal concept identification and hierarchy derivation, and the method can also be used 
to identify utility asset type mapping cross different utilities. Techniques have been 
proposed to resolve implicit information and ambiguous information, and preliminary 
experiments have been carried out with the aim to constructing a sewer utility ontology 
with real world utility data. The techniques have several advantages over traditional 
knowledge engineering approaches for ontology construction, the key one being that it 
supports systematic and a semi-automated method for ontology integration.  

Ongoing research is on deriving ontology concepts and the concept hierarchy from 
the integrated lattice with respect to the usefulness of ontology generated. Further work 
is required to take into account of different data modelling styles when applying 
proposed techniques. Other research we plan to perform in the future includes testing 
the techniques proposed with more utility datasets, and evaluation of the ontologies 
generated with the different approaches.  

Figure 8 Integrated Concept Lattice  
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