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1 INTRODUCTION  
 
All activities related to the rail tracks maintenance are handled in order to respect a balance 
between safety and economic aspects. The ideal solution is the intervention on railway 
network at the right moment (“on condition”), to reduce the costs in comparison with the 
periodical maintenance criteria made at fixed periods and then to optimise the Life Cycle 
Costs (LCC) of infrastructure components. 
This ambitious and complex target implies the adoption of special techniques to carry out the 
continuous monitoring of all railway infrastructures. Nowadays, automatic diagnostic vehicles 
are available to record all the main parameters of railway infrastructure. For example, 
ROGER systems produced by MERMEC allow carrying out the monitoring of track 
infrastructure every 50 cm of the surveyed track, creating a very large amount of data. 
Because of this quantity, data are not easily analysed by operators and need a very complex 
processing before applying some knowledge rules over them. Besides, another aspect 
contributes to complicate the problem related to the optimisation of maintenance works: 
different track sections can behave differently under same loading effects. 
The aim of the work described in this paper is to create an intelligent system able to classify a 
section of a railway line depending on its quality indexes. This system is developed in order 
to foresee the future track behavior. This way, the complex problem of railway maintenance is 
approached with the logic “WWW” (Whether, When, Where), creating a decisional tool able 
to help the track infrastructure managers to take operative choices.  
 
 
2 THE DECISION SUPPORT SYSTEM 
 
The problem of maintenance planning is considered crucial in the specific technical literature 
and its improvement as fruitful in costs reduction. In this paper an Expert System is presented, 
to help both analysts and decision-makers in planning the rail track maintenance.  
Expert Systems are tools emulating the behaviour of a human expert within a well-defined, 
narrow domain of knowledge (Liebowitz, 1995). They are also so-called knowledge based, 

OSPITE
218



since their performances basically depend on the use of  knowledge and experience of human 
experts. (Borri et al., forthcoming). 

 

Figure 1. Architecture of an Expert System (by Leung, Chuah, and Rao Tummala) 

Essentially, the modules required to carry out an Expert System are the knowledge base, the 
inferential engine and the working memory according to the following scheme. 
The working memory is the “historical” memory: it interacts with the knowledge base, from 
which it selects the most relevant references and possibly integrates them by new notions.  
The inference engine is the control framework of the system; it works with the facts 
contained in the working memory and with the knowledge of the domain of interest. In an 
Expert System, the inference engine is therefore the part assigned to the information 
processing. 
Among the modules of a knowledge-based system, the knowledge base holds a crucial role. 
The expert’s knowledge is gathered and formalized in it, so that can be easily used by the 
inference engine. Objects description, facts, rules, relationships, information about general 
cases and possible exceptions are included; generally, everything that allows the expert 
finding the solution of a complex problem in a specific domain (Barbanente et al., 
forthcoming). It must be therefore complete, valid and careful. 
The system is then completed by the so-called “user interface”; it allows the user interacting 
with the system; this interface is used also by the system, to ask to the user questions required 
for continuation of the algorithm. 
In some cases, there is in the system also the explanation module, to help the interaction 
between System Manager and the system itself. The explanation module gives information 
about the reasons leading to a certain result during data processing.  
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3 THE PROPOSED EXPERT SYSTEM 
 
The assessment of railway safety by measurement of track geometry has been already  
investigated (see for example Zwiel and Oberlechner, 2001; Jovanovic, 2001; Zoeteman, 
2001). Also applications for supporting decisions about intervention on rail tracks have been 
developed (GILDA, SIGMA, etc…), as well as applications allowing a complete maintenance 
planning (ECOTRACK). These applications are based on the Binary Logic, so decisions 
result from the (un) truthfulness of boolean propositions. In this paper we use a different 
approach, based on the Fuzzy Logic, to the maintenance planning; we propose an Expert 
System based on a set of rules if...then, to help the maintenance manager in analysing the 
system and choosing the best maintenance policy. 
Building up the knowledge base of the proposed Expert System, it is evident that two groups 
of data encompass the main factors influencing the human experts’ decision: 
− data related to the geometric quality, like alignment, longitudinal level, cross-level, gauge, 

rail wear and rail corrugation; 
− information  related to the structural quality and resulting from experience,  simple visual 

inspections conditions and assembly of single rail components. 
Although the first ones are easily measurable, it is difficult to combine them with the second 
ones, which are often evaluated subjectively. Moreover, crisp values of geometrical data  do 
not allow a flexible planning. On the contrary, it is well known that human experts do not 
think in terms of crisp number, but in terms of approximate or linguistic values: usually for 
example  they do not say/think “the Standard Deviation of the gauge is 2.9” but “the Standard 
Deviation of the gauge is too large”. However, human experts seem to be able to make 
choices based on this kind of information, even failing more precise information. Therefore 
use of the Fuzzy Logic in handling the parameters, which the decisional process is based on, 
seems the right choice. In fact, the Fuzzy Logic allows not only arithmetic calculations with 
approximate values, but also managing variables defined by linguistic attributes. 
The real world has a strong complexity, due to the presence of several decision-makers, 
different relationships, lack of information, strife, approximate reasoning, personal 
perceptions and emotions.  It is not always possible to assign a precise value to a certain 
proposition, without taking the risk of neglecting the uncertainty embedded in real situations. 
Assigning precise values to factors influencing the considered phenomenon, inadequacy of 
information is neglected and it is assumed that the model is completely coherent, without 
ambiguity, to reality (Zimmermann, 1991). Actually, complexity is inconsistent with high 
precision (Zadeh, 1973).  Fuzzy logic allows including in the Expert System rules belonging 
to the ordinary sense, but often used in professional practice (Schon, 1993). 

3.1 Building the Expert System  
The aim of the proposed Expert System is the simulation of the decision process, in a human 
decision-maker in charge of the maintenance planning, through a set of a linguistic 
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propositions like:  
IF x is s  THEN y is t 

where x and y are linguistic variables, whilst s e t are their possible values. 
Using the data coming from the measurement systems of the track and taking into account the 
budget constraints, decision makers have to choose what type of work to carry out and at what 
time. The standard data collected by rail track checking are: alignment, longitudinal level, 
cross-level, gauge, rail wear and rail corrugation as for geometrical quality; conditions and 
assembly of single rail components as for structural quality. 
Due to the large amount of data, statistical quality control is used in decisional processes. 
Then, the decision is taken on the basis of the standard deviation (S.D.) of data, putting one or 
more precise thresholds for each data. In this paper, these precise thresholds have been 
substituted by a linguistic expression whose values are SMALL, MEDIUM, BIG for 
geometrical attributes; POOR, MEDIUM, GOOD for qualitative attributes. The fuzzy 
numbers corresponding to the values of geometrical attributes are reproduced in table 1, while 
qualitative attributes are decided by visual inspection. 

Table 1. – Fuzzy values of attributes 
 
S.D. of: 

SMALL MEDIUM BIG 

alignment  (0, 0, 1.45) (0.5, 1.45, 2.9) (1.5, 2.9, 2.9) 
longitudinal level  (0, 0, 1.2) (0, 1.2, 2.4) (1.2, 2.4, 2.4) 
cross-level (0, 0, 0.5) (0, 0.5, 1) (0.5, 1, 1) 
gauge (0, 0, 1.2) (0, 1.2, 2) (1.2, 2.4, 2.4) 
rail wear  (0, 0, 0.5) (0, 0.5, 1) (0.5, 1, 1) 
rail corrugation (0, 0, 0.04) (0, 0.04, 0.08) (0.04, 0.08, 0.08)  

 
The output of the fuzzy rules related to these attributes results in the time to carry out the 
maintenance works provided for. The system architecture is depicted in the fig. 2. 

 Figure 2. Architecture of proposed Expert System 

The rules in the knowledge basis are implemented whenever the Information Management 
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Module provides the Decision Module with the input. Then, through the implemented rules, 
the possible delay is determined. In fig. 3 there are reported the output values. 
The decision-maker, while the system is running, can ask information about considered data 
and possibly correct them. 
 

 
Figure 3. Values of output (week of possible delay in maintenance) 

 

4 CONCLUSIONS 
 
The considered Expert System has the peculiarity that the maintenance thresholds do not 
provide with crisp intervention time, but it can be somewhat elastically adapted to the 
decision-maker’s requests. In this first paper on this subject, we consider tentative 
membership functions, which will be calibrated using neural networks in next studies. The 
proposed System seems to be able to handle qualitative values of structural quality and also 
satisfies easily budget constraints.  
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