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Abstract. Transport companies in many cases have to evaluate their competitiveness, comparing it with that of their 
competitors. Usually this assessment is performed through one or more indices representing facility performances, 
derived from a set of indicators relevant to problem representation. If the aim is to estimate the user evaluation for the 
service offered by a facility, the development of a synthetic index can be difficult since user’s choice is often 
characterized by significant uncertainties and it is not always governed by certain rules and rational behaviour, so that it 
could not be easily and explicitly represented by traditional mathematical techniques and models. Such uncertainties in 
the relationship between indicator values and facility attractiveness can be properly defined by explicitly specifying them 
in an approximate way using fuzzy sets theory. In this paper an innovative approach for the classification of Transport 
Facilities is proposed. The method is based on a Fuzzy Inference System and may be employed both as a 
benchmarking/ranking procedure and as a decision support tool to evaluate future scenarios as a result of facilities 
remodelling. 

1 Introduction and Background 

In a world context characterized by the lack of resources due to economic crisis and, at the same time, by a high 
competition on global scale it is increasingly important for company managers to assess reliably their corporate 
performance. 
Also transport companies, whether in public, private or mixed management, in many cases have to evaluate their 
competitiveness in comparison to their competitors. There are many possible examples: airport managers, logistics 
platform managers, container terminal operators, ferries or cruise ships ports managers, etc., have to face frequently with 
concurrent facilities. 

The ability to expand, or at least maintain their current level of business is therefore subject to continuous evaluation 
and improvement of business competitiveness. 

Many methodological approaches to this problem have been proposed in the field of Transport Facilities (TF). For 
example, in the field of road infrastructures a well-established methodology for classifying the quality of travel conditions 
of vehicles on a given road section, is based on the concept of Level of Service [1]. A similar methodology has been 
introduced by Ballis [2] to evaluate the performances of intermodal freight terminals. Several studies [3, 4, 5, 6, 7] 
propose methodologies for the benchmarking of port container terminals. From the methodological point of view they are 
usually based on the statistical analysis of data resulting from observation of a set of facilities, or on operational research 
methods such as Data Envelopment Analysis, Stochastic Frontier Analysis, multicriteria classification.  These methods 
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have the disadvantage that, to provide consistent results, require significant amount of data to calibrate model 
parameters. Moreover, to obtain an adequate representation of the problem is often indispensable to include in the model 
a considerable number of TF features: this fact leads inevitably to an increase in parameters to be calibrated. As often in 
TF field the amount of calibration data needed for classic operational research methods are not available, and, when 
available, these data are affected by imprecision and vagueness of information, in our opinion a soft computing approach 
allows to balance these deficiencies with the need to get useful information, with a degree of accuracy not very high, but 
consistent with analysis purposes.  

2 Problem Statement 

All methods described in the previous section are based on the use of a set of indicators relevant to the problem 
representation, leading to a quantification of facility performances based on one or more synthetic indices. 

The choice of these indices, and the criterion for the classification of the facility, depends on the purposes of the 
analysis. If the objective of the analysis is to evaluate company efficiency, it could be made through the evaluation of 
appropriate productivity indices, possibly combined with appropriate weights to get a synthetic efficiency index. If the 
aim is to evaluate the user rating of the facility for the offered service, therefore the ability of a given TF in attracting 
shares of transport demand, then the development of a synthetic index becomes more problematic. In fact, in this case it is 
difficult to combine the indicators, because they are often characterized by heterogeneity and vagueness. This is due 
mainly to the fact that user’s choice is characterised by significant uncertainties and it is not always governed by certain 
rules and rational behaviour, so that it can’t be easily and explicitly represented by traditional mathematical techniques 
and models. In our opinion, such uncertainties in the relationship between indicator parameters and facility attractiveness 
can be properly defined by explicitly specifying them in an approximate way by using the theoretical framework of fuzzy 
sets. 

For these reasons, in this paper it is proposed an approach to the classification of a certain class of Transport Facilities, 
based on a Fuzzy Inference System (FIS). 

The method may be employed both as a benchmarking/ranking procedure and as a decision support tool to evaluate 
future scenarios as a result of facilities remodelling. 

3 Benchmarking Through a Fuzzy Inference System 

Starting from a set of input indicators (facility features), the proposed methodology has as output one indicator that 
describes an overall attractiveness measure of a Transport Facility.  

Assuming that the attraction of a given TF, for a generic user, is related to its features, the behaviour of a human 
decision-maker that has to choose the best TF, or has to rank a group of TF, is simulated through a Fuzzy Inference 
System (FIS) [8, 9]. 

3.1 FIS input parameters 

The inputs of the FIS algorithm are the features ci with i [1, 2, …n] of a TF, the output is a Level of Attractiveness (LA) 
p of a TF. The possible values of ci and p are defined into respective bounded definition sets (ciSci ,  pSp). 

 In classical benchmarking procedures the definition sets are divided into a finite number of subsets and a value of a 
variable may belong or not to a defined subset. Given a number m of subsets (levels), in the proposed method each 
feature definition set Sci is divided into m fuzzy subsets Ii,v with v  [1, 2, … m]. In the same way, Sp is split into m fuzzy 
subsets Ov with v  [1, 2, …m]. 

In fuzzy logic a value belongs to a set with a certain degree of membership defined in the interval [0, 1], rather than to 
the set {0, 1}. Usually, each fuzzy subset is defined by a linguistic value that could be “low”, “high”, “short”, “long”, etc.  
In the current case, given m LA, the linguistic judgment corresponding to each fuzzy subset is just the corresponding LA. 
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The degree of membership to a set is defined by a membership function (MF). In this framework a value ci
* belongs to 

a subset Ii,v depending on the membership function i,v(ci) [0, 1] and, in the same way, a value p* belongs to a subset Ov 
depending on the membership function v(p) [0, 1]. The more a value belongs to a LA, the more the degree of 
membership is near to one. Given a shape for each MF, they may be identified by their typical parameters. For example a 
triangular or a trapezoidal shape can be defined by the position of the vertexes.  

If we consider, as an example, a set of airport facilities and we want to classify them according to their LA for airline 
companies, we may assume, among others, as one of feature inputs to the classification process, the number of boarding 
gates in the air terminal. If c1 is the number of boarding gates, assuming to classify airports according to 3 LA (m = 3), I1,1 

would represent the degree of membership to “Level C”, I1,2 to “Level B” and I1,3 to “Level A”, where level A means the 
level of facilities with higher power of attractiveness, and level C being the lower. For triangular membership functions 
the fuzzy subsets can be defined as depicted in Figure 1. In this way an airport with 8 gates (c1 = 8) is “level C” with a 
degree of membership equal to 1,1(8) = 0.79 and is “Level B” with a degree of membership equal to 1,2 (8) = 0.2; in 
other words, 8 boarding gates belong more to the subset “Level C” than to the subset “Level B” and do not belong to the 
subset “Level A”. 

 

 

Fig. 1 Membership functions of the feature “Number of boarding gates” 

3.2 FIS Logical Rules and Output 

Generally the number of TF relevant features n is greater than one. Then it is necessary to combine different input values 
with fuzzy logical operators like fuzzy intersection or conjunction (AND), fuzzy union or disjunction (OR) and fuzzy 
complement (NOT). In most cases the most suitable for feature aggregation is the AND operator and the general form of 
FIS rules can be summarized into m rules as follows: 

 
 

IF  c1 is I1,1  AND c2 is I2,1 AND c3 is I3,1 … AND cn is In,1 THEN p is O1 
 

…………………… 
 

IF  cm is I1,m AND c2 is I2,m AND c3 is I3,m … AND cn is In,m THEN p is Om 
 

 
The proposed model is therefore a FIS with different rules; each rule may consider all or a portion of n features 

combined with each other in the if-then statements with one type or different logical fuzzy operators. In this FIS structure, 
given the input values for a TF, after the application of an aggregation method [8] of the results of each rule and after 
defuzzification, it is possible to obtain the output value for LA.  

1.0

0.8

0.6

0.4

0.2

0.0
5 10 20 25

Level C Level B Level A

Number of boarding gates

D
eg

re
e 

of
 m

em
be

rs
hi

p



4  

The original publication is available at www.springerlink.com 

 
Citation:  
Iannucci G, Ottomanelli M, Sassanelli D (2011). A Fuzzy Logic-Based Methodology for Ranking Transport Infrastructures. In: 
Soft Computing in Industrial Applications. ADVANCES IN INTELLIGENT AND SOFT COMPUTING, vol. 96, p. 369-377, Springer 

 

3.3 Algorithm Tuning 

To obtain accurate and realistic results, the algorithm has to be calibrated. First of all, it is important a preliminary 
selection of ci relevant for the particular class of TF to be examined. Then the process involves MF shape choice, 
definition of MF feature parameters, and identification of appropriate logical rule of combination of membership degrees 
to different TF features. 

Depending on the quantity of data available fortuning or on the complexity of the phenomenon to analyze, three 
different methods of calibration can be implemented. 

 

3.3.1 Tuning by Expert Assessments 

This approach is based on performing a series of market surveys/interviews to TF members and users, to link their 
assessment on the ranking of a TF sample, to the corresponding ci

* values. 

3.3.2 Data Correlation Analysis 

The approach is based on the correlation of ci
* values for a sample of TF, with corresponding p* values. To this purpose, a 

measurable parameter has to be taken as indicator of membership to a certain LA for that type of TF. In order to minimize 
the size of calibration sample, compared to a large number of parameters to be calibrated, this procedure may be carried 
out by splitting the definition subsets into x equispaced intervals and adopting for Ii,v and Ov shapes with few definition 
parameters (triangular or trapezoidal). MF vertex exposition will undergo adjustments to suit FIS output data with 
calibration data. 

3.3.3 ANFIS Learning Procedure  

In this case a series of ci
*, relevant to the considered TFs, is correlated to the corresponding p* values by an Adaptive 

Neural Fuzzy Inference system [9]. However, this procedure requires a large amount of calibration data to be performed. 

4 Application of the methodology 

The methodology described has been implemented for the classification of Mediterranean Sea container terminals, on the 
basis of their attitude to attract container shipping companies, and thus on their container throughput per year (TEUs 
/year). 

The classification is based on 4 levels (A, B, C, D) representative, in descending order, of terminal importance and thus 
related to the number of TEUs/year handled in the terminal. The methodology for classification in this case involves the 
identification of features relevant to port classification (Table 1).  

The definition sets of each of the 8 features and of the LA indicator have been split into 4 fuzzy equispaced 
subsystems, represented by 4 MF with trapezoidal shape. An example of MF for feature1 is shown in Figure 2. Then 4 
fuzzy logic combination rules have been implemented (Table2). It may be noted that, as all the features considered in 
Table 1 contribute to increase performances and attractiveness of a terminal container, they have been combined by taking 
only AND logic operator. 

Table 1 Features relevant to maritime terminal container classification. 

I Feature (ci) Units of measure 

1 Distance of port position from Gibraltar-Suez course nautical miles 

2 Rates of TEUs sorted by road or rail % 

3 Quay length Meters 
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4 Stacking area square meters 

5 Quay cranes number of cranes 

6 Maximum water draft Meters 

7 Connected ports number of ports 

8 Connected HUB ports number of ports 

 

 

Fig. 2 Membership functions for “Distance of port position from Gibraltar-Suez course” feature. 

For algorithm calibration and validation, 18 ports have been considered (Table 3). For each of them ci
* values have 

been collected. Given the limited number of available data, the methodology of data correlation analysis showed in 
previous sections has been applied. Thus ci

* values were related, for each port, to the corresponding TEUs/year handled. 
In this case p* values are the number of TEUs handled in each port in the year 2008. The sample has been divided into 
two groups each consisting of 9 ports. Data on the ports of the first group were used for model calibration, while data 
from the second group were used to validate the model. In calibration process, MF have been tuned to obtain as output 
from the FIS model, p values comparable with those of the sample. In Table 4 are shown the results of process validation.  

Table 2 FIS logical rules 

N. Rule 

1 
IF  c1 isLevel A AND c2 isLevel A AND c3 is Level A AND c4 is Level A AND c5 isLevel 
A AND c6 is Level A AND c7 is Level A AND c8 is Level A THEN LA is “A” 

2 
IF  c1 is Level B AND c2 is Level B AND c3 is Level B AND c4 is Level B AND c5 is 
Level B AND c6 is Level B AND c7  is Level B AND c8 is Level B THEN LA is “B” 

3 
IF  c1 is Level C AND c2 is Level C AND c3 is Level C AND c4 is Level C AND c5 is 
Level C AND c6 is Level C AND c7 is Level C AND c8 is Level C THEN LA is “C” 

4 
IF  c1 is Level D AND c2 is Level D AND c3 is Level D AND c4 is Level D AND c5 is 
Level D AND c6 is Level D AND c7 is Level D AND c8 is Level D THEN LA is “D” 

 

Table 3 Data base for FIS calibration and validation 
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Valencia 140 0.56 4162 1365420 30 16 27 10 3602112 

GioiaTauro 66 0.07 3395 1700000 30 18 44 14 3467772 

Algeciras 0 0.05 9823 866132 37 17 19 10 3324310 

Port said est/west 0 0.13 2400 1242000 19 16.5 20 10 3257984 

Barcelona 209 0.61 4065 908000 17 16 40 12 2569549 

MaltaFreeport 6 0.00 2426 683000 23 17 57 14 2330000 

Genoa 350 0.92 4141 1619355 18 15 31 12 1766605 

Piraeus 178 0.39 2774 626000 14 18 39 13 1403408 

Haifa 169 0.59 1360 500000 12 14 28 11 1395900 

Alexandria/El Dekh 32 0.92 2045 571304 8 14 38 14 1259000 

Damietta 0 0.26 1050 254231 10 14.5 20 10 1236502 

Izmir 345 0.87 1050 295000 5 14.5 43 14 884000 

Mersin 339 0.90 1470 1100000 5 14 35 14 868000 

Marseille 275 1.00 2127 560000 13 14.5 41 14 847651 

Ashdod 125 1.00 2850 500000 11 15.5 26 11 827900 

Taranto 172 0.10 1500 650000 10 15 20 7 786655 

Lattakia 310 0.83 4280 500000 4 13.3 29 10 570000 

Cagliari 70 0.60 1580 435000 7 16 43 13 252837 

 
The value of LA calculated with the proposed procedure match the expected ones in 9 out of 9 cases, while the 

mean percentage error on the number of TEUs/year handled is of 38.9%. 
As expected, the small number of data used for calibration, compared with the number of features considered, leads 

to results characterized by a relevant, though not excessive, mean percentage error. However the proposed 
methodology allows to obtain the required information, namely to assign a given port to the right class, according to 
its relevant characteristics, with an high level of accuracy. In conclusion, given the complexity of the problem, and the 
lack of available data, the proposed approach can still provide useful information for the analyst, with an appropriate 
degree of accuracy. 

Table 4 Results of algorithm validation. 

Port TEUs/year  (p) Expected Level TEus/year from FIS Level from FIS 

Valencia 3602112 A 3120000 A 

Algeciras 3324310 A 4000000 A 

Barcelona 2569549 B 1960000 B 

MaltaFreeport 2330000 B 2490000 B 

Genoa 1766605 C 1370000 C 

Haifa 1395900 C 1280000 C 

Izmir 884000 C 1370000 C 

Taranto 786655 D 406000 D 

Lattakia 570000 D 406000 D 

 

5  Conclusions and further development of the research 

The proposed classification procedure is able to provide useful results for evaluating comparatively the performance of 
different TF. The approach based on fuzzy Level of Attractiveness, makes it possible to get information with a degree of 
approximation sufficient and useful for analysis purposes, even in presence of uncertainty due to the high number of 
calibration parameters and, at the same time, to a low number of calibration data. 
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Moreover, the described procedure is suitable for strategic evaluation of the effectiveness of any action aimed at 
increasing the competitiveness of a TF. In fact, for a given TF, implementing change scenarios of the numerical values of 
one or more features, it is possible to evaluate the consequent potential attractiveness. 

Future development of the research will concern application of the methodology proposed to a TF field characterized 
by the availability of enough data for model calibration with ANFIS. In this context, in order to raise as much as possible 
the size of the calibration database, time series of ci

* and p* values for each TF should be considered.  
The final goal of the research is to propose, for TF fields in which this approach would result feasible and useful, a 

benchmarking system able to produce a unique and universally accepted classification of TFs, easily updatable 
during time. 
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