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ABSTRACT

Production economics forms a very important part of an enormous range of economic theory. Port production is no exception. This paper provides a critical review of approaches to performance measurement and provides an examination of the applicability of Data Envelopment Analysis (DEA) to container port efficiency measurement. Two similar but different concepts - efficiency and productivity -- as well as their application to the port industry, are studied within this paper. The conclusion drawn from the paper is that, subject to some quite significant caveats, DEA is a potentially powerful approach to the evaluation of overall port performance and comparing the efficiency of different ports with the same production function.
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1. Introduction

Recent trends in international trade have led to the increasing importance of container transportation. This is largely because of the numerous technical and economic advantages it possesses over traditional methods of transportation.

Standing at the interface of sea and inland transportation, container ports play a pivotal role in the container transportation process. Modern ports need a significant amount of investment in order to develop and maintain both their infrastructure and superstructure. At the same time, however, modern logistics and hub-and-spoke transportation patterns have meant that ports face much fiercer competition than ever before (Cullinane and Khanna, 2000). As such, modern container ports suffer under both internal and external pressure. On the one hand, they need to exhibit management competency in the pursuit of a suitable strategy and in the allocation of scarce resources. On the other, many container ports can no longer enjoy the freedom yielded by a monopoly over the handling of cargoes within their hinterland.

Performance measurement is the normal way to handle internal and external pressures, by monitoring and benchmarking a company’s production. Productivity and efficiency are the two important concepts in this regard and are frequently utilised to measure performance. Unfortunately, over the last ten years or so, these two similar but different concepts have been used interchangeably by various commentators (Coelli et al, 1998). Accordingly, extant studies have seldom differentiated between them or systematically studied their relationship within the context of the container handling industry.

Data Envelopment Analysis (DEA) is one of the most important approaches to measuring efficiency. Since its advent in 1978 (Charnes et al, 1978), this method has been widely utilised to analyse relative efficiency, and has covered a wide area of applications and theoretical extensions (Allen et al, 1997). There have also been several applications of DEA to the sea port industry: e. g. Tongzon (2001); Valentine and Gray (2001) and Martinez-Budria et al (1999).

As the basis for further in-depth analysis, this paper aims to investigate the applicability of DEA to the container port industry. To this end, in section 2, efficiency and productivity theories are expounded and compared. Their application to the port industry is analysed in section 3. Section 4 investigates the fundamentals of DEA. In section 5, the paper examines the appropriateness of applying the DEA methodology to the port industry and caveats over its potential application are also provided. Finally, conclusions are drawn in section 6.

2. PRODUCTIVITY AND EFFICIENCY concepts

Production, which can be simply defined as a process by which inputs are combined, transformed and turned into outputs (Case and Fair, 1999), is a fundamental concept in economic theory. The inputs can normally be generalised as natural resources such as land, human resources and man-made aids to further production (like tools and machinery). Outputs, on the other hand, can be categorised into tangible products including goods and intangible products including services. Studying production is of great significance because of scarce resources and the human desire to fully utilise them.

Dyson (2001) claims that performance measurement plays an essential role in evaluating production because it can define not only the current state of the system but also its future, as shown in Figure 1. Performance measurement helps move the system in the desired direction through the effect exerted by the behavioural responses towards these performance measures that exist within the system. Mis-specified performance measures, however, will cause unintended consequences with the system moving in the wrong direction.

Figure 1: Performance Measures and Organisational Development
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Thanassoulis (2001) identifies the following information that can be obtained by performance measurement:

· The identification of good operating practices for dissemination;

· The most productive operating scale;

· The scope for efficiency savings in resources use and/or for output augmentation;

· The most suitable role model for an inefficient unit to emulate to improve its performance;

· The marginal rates of substitution between the factors of production; and

· The productivity change over time by each operating unit and by the most efficient of the operating units at each point in time.

Productivity and efficiency are the two most important concepts in measuring performance. However, these two different concepts have mistakenly been treated as the same in most of the literature. The productivity of a producer can be loosely defined as the ratio of output(s) to input(s). This definition is easily and very obviously capable of explaining any situation where there is a single output and single input. However, it is more common that production has multiple outputs and inputs, in which case productivity refers to Total Factor Productivity; a productivity measure involving all factors of production (Coelli et al, 1998). 

Efficiency can be defined as relative productivity over time or space, or both. For instance, it can be divided into intra- and inter-firm efficiency measures. The former involves measuring the use of the firm’s own production potential by computing the productivity level over time relative to a firm-specific Production Frontier, which refers to the set of maximum outputs given the different level of inputs. In contrast, the latter measures the performance of a particular firm relative to its best counterpart(s) available in the industry (Lansink et al, 2001).

The difference between efficiency and productivity can be simply illustrated, as shown in Figure 2. Points A, B and C refer to three different producers. The productivity of point A can be measured by the ratio DA/0D according to the definition of productivity where the x-axis represents inputs and the y-axis denotes outputs. 

Figure 2: Illustration of Efficiency and Productivity

Given the same input, it is quite clear that productivity can be further improved by moving from point A to point B. The new level of productivity is then given by BD/0D. Clearly, productivity can be represented, therefore, by the slope of the ray through the origin which joins the specific point under study. The efficiency of point A, on the other hand, can be measured by the ratio of the productivity of point A to that of point B, i.e., 
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The above efficiency is normally termed Technical Efficiency in economics, and includes output- and input-oriented technical efficiencies, i.e., the producer can either improve output given the same input (output-oriented, point A to B) or reduce the input given the same output (input-oriented, point A to E) by improving technology.

The heavy curve 0F in Figure 2 is the so-called production frontier. All the points on the production frontier are technically efficient, whilst all the points below or lying to the right of the efficient frontier are technically inefficient. The production frontier reflects the current state of technology in the industry. 

The ray through the origin and point C in Figure 2 is at a tangent to the production frontier, and hence defines the point of maximum possible productivity. This leads to another important concept, Scale Efficiency, which relates to a possible divergence between actual and ideal production size. 

Allocative efficiency is another important concept in the context of production economics. Unlike technical and scale efficiencies, which only consider physical quantities and technical relationships and do not address issues such as costs or profits, allocative efficiency studies the costs of production given that the information on prices and a behavioural assumption such as cost minimisation or profit maximisation is properly established. For instance, allocative efficiency in input selection occurs when a selection of inputs (e.g. materials, labour and capital) produce a given quantity of output at minimum cost given the prevailing input prices (Coelli et al., 1998, p. 5).

3. Port Performance Measurement

Performance measurement plays an important role in the development of a company (or firm, etc). As a result, all ports, without exception, use a variety of methods to examine their performance.

Ports are essentially providers of service activities, in particular for vessels, cargo and inland transport. As such, it is possible that a port may provide sound service to vessel operators on the one hand and unsatisfactory service to cargo or inland transport operators on the other. Therefore, port performance cannot normally be assessed on the basis of a single value or measure.

The multiple indicators of port performance can be found in the example of the Australian port industry (Talley, 1994). The indicators are selected from the perspective of the stevedore, the shipping line and the port authority (or port management). Evaluations are made by comparing indicator values for a given port over time as well as across ports for a given time period. The details are shown in Appendix A.

Despite the importance of port performance measurement, however, it is surprising to note that there are almost no standard methods that are accepted as applicable to every port for the measurement of its performance (Cullinane, 2002). More surprisingly, it is even harder to find standard terminology to describe port production, with different container ports using different terms to describe port production. “Measurement will always have a natural tendency to be terminal-specific” (Robinson, 1999). As reported by De Monie (1987), the measurement of port productivity has been greatly impeded by the following factors:

· The sheer number of parameters involved;

· The lack of up-to-date, factual and reliable data, collected in an accepted manner and available for dissemination

· The absence of generally agreed and acceptable definitions

· The profound influence of local factors on the data obtained

· The divergent interpretation given by various interests to identical results

Some scholars have attempted to standardise the system units in order to make it possible to compare the efficiency and productivity of different ports. Robinson (1999) reports, inter alia, four attempts in this regard. The first approach of measuring port productivity can be summarised as short- and long-term categories. In the short term, there are four distinct areas that lend themselves to quantification: the stevedoring process, gate cycles, intermodal cycles and yard operations. The long-run concerns, on the other hand, are overall throughput, terminal throughput density, berth throughput density and container storage dwell time. The second approach outlines six indicators of productivity: port accessibility, gross berth productivity, net berth productivity, gross gang productivity, net gang productivity and Net/net gang productivity. The third approach to measuring port productivity can be divided into three parts: stevedoring productivity, waterfront reliability and stevedoring reliability. Finally, the fourth approach is based on the assumption that port production can be divided into categories of seaside, marshalling yard and landside.

Talley (1994) goes further by attempting to build a single performance indicator – the shadow price of variable port throughput per profit dollar - to evaluate the performance of a port. This overcomes the drawback of multiple indicators, i.e. that examining whether port performance has improved or deteriorated becomes difficult when changes in some indicators improve performance and changes in others affect it negatively.

By analysing the above studies, it is easy to conclude that most of them focus on comparisons of terminal productivity without addressing the issue of port pricing and its comparison between different ports. This can be explained by the fact that, at the moment, most forms of financial comparability are not possible because of different methods of calculating the depreciation of assets, different methods of allocating capital costs, different taxation systems, different forms of ‘financial assistance’, etc. Similar difficulties apply to cargo handling costs, with the extra difficulty that actual costs are a matter of confidential negotiation with each client. 

4. DATA eNVELOPMENT ANALYSIS

4.1. Introduction to DEA

DEA can be roughly defined as a nonparametric method of measuring the efficiency of a Decision Making Unit (DMU) with multiple inputs and/or multiple outputs. This is achieved by constructing a single 'virtual' output to a single 'virtual' input without pre-defining a production functions. The term DEA and the CCR model were first coined in 1978 (Charnes et al, 1978) and were followed by a phenomenal expansion of DEA in terms of its theory, methodology and application over the last few decades. The great influence of the CCR paper is reflected by the fact that it had been cited over 700 times by 1999 (Forsund and Sarafoglou, 2002).

DEA is widely acclaimed as a useful technique for measuring efficiency, including production possibilities, which are deemed to be one of the common interests of Operational Research and Management Science (Charnes et al, 1994). This section does not intend to review the development of DEA thoroughly for various reasons, such as the contrast between the huge body of DEA literature and the limited space here. Another consideration is that this paper mainly focuses on the application of DEA to the container port industry, and as such, only the key issues relevant to the current research are addressed. Interested readers may refer to Seiford (1996), Sarafoglou (1998), Charnes et al (1994), and Forsund and Sarafoglou (2002) for the development of DEA.

4.2. Fundamental Concepts in DEA and the First CCR Model

As shown in Figure 3, DEA is concerned with the efficiency of the individual unit, which can be defined as the Unit of Assessment (Thanassoulis, 2001) or the Decision Making Unit (DMU) (Charnes et al, 1978) that is responsible for controlling the process of production and making decisions at various levels including daily operation, short-term tactics and long-term strategy. DEA is used to measure the relative productivity of a DMU by comparing it with other homogeneous units transforming the same group of measurable positive inputs into the same types of measurable positive outputs. The input and output data for Figure 3 can be expressed by matrixes X and Y in (1) and (2), where xij refers to the ith input data of DMU j, whereas yij is the ith output of DMU j.

Figure 3. DMU and Homogeneous Units
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The basic principle of utilising DEA to measure the efficiencies of DMUs can be conceptually explained by the following example presented in Table 1 and Figure 4.

Table 1: Single Input and Single Output

Terminal
T1
T2
T3
T4
T5
T6
T7
T8

Stevedores
10
20
30
40
50
50
60
80

Throughput
10
40
30
60
80
40
60
100

Productivity (Throughput/Stevedore)
1
2
1
1.5
1.6
0.8
1
1.25

Efficiency
50%
100%
50%
75%
80%
40%
50%
62.5%

Figure 4: Comparison of Efficiencies of Container Terminals (CCR Model)


Table 1 and Figure 4 show the production of eight container terminals. The productivity of each terminal is the ‘throughput/stevedore’ in Table 4. This is also the slope of the line connecting each point to the origin in Figure 5 and corresponds to the number of containers moved per stevedore per unit time. It is clear that T2 is the most efficient compared with the other points. As such, the line from the origin through T2 is termed the ‘production frontier’. All the other points are inefficient compared with T2 and are ‘enveloped’ by the efficient frontier. Their relative efficiencies in the context of DEA, as shown in the bottom line of Table 4, are measured by comparing their productivity with that of T2. The term ‘Data Envelopment Analysis’ stems precisely from these ‘enveloping’ and ‘enveloped’ methods.

A more scientific approach to measuring the efficiencies of DMUs with multiple inputs and outputs is the CCR model (Charnes et al, 1978).

The CCR model for the example of Figure 4 can be expressed by (3)-(6):
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Given the data X and Y in (1) and (2), the CCR model measures the maximum efficiency of each DMU by solving the fractional programming (FP) problem in (3) where the input weights v1, v2, …vm and output weights u1, u2, …un are variables to be obtained. o in (3) varies from 1 to s which means s optimisations for all s DMUs. Constraint 4 reveals that the ratio of ‘virtual output’ (
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) cannot exceed 1 for each DMU, which conforms to the economic assumption that the output cannot be more than the input in production.

The above FP (3)-(6) is equivalent to the following linear programming (LP) formulation given in equations (7)-(11) (see e.g. Cooper et al, 2000):
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It is necessary to note that the computation of the above DEA CCR model by transforming the FP model into the LP model has been of great significance for the rapid development and wide application of DEA. As a long-established mathematical method with various sophisticated computation methods and commercially available solution software, LP possesses inherent advantages that make the complicated computation both easier and more feasible.

4.3. Conceptual Explanation of other Basic DEA Models

Apart from the DEA CCR model, the BCC model and the Additive model are the other two DEA models that are widely studied and applied. The main difference between these two models and the CCR model is that the former allow variable returns-to-scale to be assumed, while the latter is limited solely to a constant returns-to-scale assumption. Accordingly, the production frontiers in these models are different. Figure 5 shows the production frontier for the same example in Table 4 but when the BCC model and the Additive model are utilised. This contrasts with the production frontier in Figure 4, where the CCR model is utilised. In Figure 5, T1, T2, T6 and T8 on the production frontier are defined as efficient and they cannot dominate each other given the condition of variable returns-to-scale. The other points ‘enveloped’ by these points are inefficient. 

Figure 5: Comparison of Efficiencies of Container Terminals (BCC and Additive Models)


The BCC model and the Additive model are identical in terms of their production frontiers. The main difference between them is the projection path to the production frontier for the inefficient DMUs. For instance, the inefficient T3 can be projected to T3I or T3O in the BCC model in terms of input or output orientation, whereas T3 will be projected to T2 in the Additive model. This different method of projection determines the different relative efficiencies for the inefficient DMUs.

The basic information derived from the above three DEA models, i.e. the CCR model, the BCC model and the Additive model, is whether or not a DMU can improve its performance relative to the set of DMUs to which it is being compared. The different set of DMUs is likely to provide different efficiency results because of the possible movement of the production frontier.

4.4. Potential Disadvantages in Utilising DEA

The lack of allowance for statistical noise is widely regarded as the most serious limitation of DEA (Ray, 2002), because this puts a great deal of pressure on users of this technique to collect data on all relevant variables and to measure them accurately. The following two issues, however, have been frequently ignored despite their importance.
The ‘virtual’ output and input in the context of DEA, as discussed earlier, are defined as the ratio of the sum of weighted outputs to the sum of weighted inputs. This definition, derived from the engineering concept of total factor productivity (Allen et al, 1997), naturally raises the question as to whether it makes sense to add different units of outputs or inputs. In other words, why is it reasonable to “add man and acre or pounds and horsepower” (Farrell, 1957)?

Unquestionably, it is obviously meaningless to simply “add man and acre”. The explanation of the weights that are attached to inputs and outputs is the only way to understand the principle underpinning DEA. As a new nonparametric method of measuring the technical efficiency of DMUs, the original objective of DEA was to measure the performance of a DMU without either using prices or specifying an explicit technological relationship between inputs and outputs. As such, it is argued that shadow prices can be used to evaluate the output bundle produced and the input bundle used (Ray, 2002) and the final ratio of weighted output to weighted input can be understood as the ratio of ‘shadow revenue’ to ‘shadow cost’. On the other hand, these weights can also be explained as the ‘rates of substitution’ or the ‘relative values of variables’ (Allen et al, 1997).

Another of the important properties of DEA is that there is no requirement for any a priori views or information regarding the assessment of the efficiency of DMUs. The weights for outputs and inputs are obtained by calculating the DEA models, rather than being given artificially. In so doing, it is believed that the data are more likely to ‘speak for themselves’ (Stolp, 1990) and objectively reflect the truth. 

It is interesting to note that this method of selection of weights has not been frequently challenged, as pointed out by Allen et al (1997): 

“The initial development of DEA by Charnes et al was followed by a rapid expansion of theory and applications without, however, challenging the fundamental basis of DEA insofar as the flexibility in the selection of weights is concerned.” 

Discussions continue over whether the weights estimated by DEA might be quite wrong or misleading because they are likely, to some extent, to be different from prior knowledge and accepted views on the relative values of the inputs or outputs. To overcome this drawback associated with DEA, five solutions are proposed:

· To incorporate prior views on the value of individual inputs and outputs

· To relate the values of certain inputs and/or outputs

· To incorporate prior views on efficient and inefficient DMUs

· The assessed efficiency needs to respect the economic notion of input/output substitution

· To enable discrimination between efficient units
5. DEA and Container Port performance

5.1 Survey of DEA applications to Port and Airport Production Performance

As reported by De Borger et al (2002), frontier models (including DEA) “have found their way to the transport sector, and studies on the productivity and efficiency of almost all transport modes are now available in the literature”. A comprehensive review of frontier studies on railroads has been conducted by Oum et al (1999). Another more detailed review of the application of frontier studies to public transit performance measurement was carried out by De Borger et al (2002).

In this section, the application of DEA to the port and airport industries is investigated in detail. Applications of DEA to the analysis of airport efficiency are reviewed because of the production similarities between airports and ports. Tables 2 and 3 summarise these applications. It is apparent that DEA has been more extensively applied in the airport sector. Among the four papers on the application of DEA to the ports industry, that of Roll and Hayuth (1993) should be treated as a theoretical exploration of applying DEA to the port sector, rather than as a genuine application. This is because no genuine data have been collected and analysed.

5.2 Lessons to be Learned from Applying DEA to Port Performance Measurement

Compared with traditional port performance measurements, the inherent DEA functions make it possible to capture the overall performance of a container terminal and compare the efficiency of different container terminals. DEA results can provide a benchmark to terminal owners and operators, so that inefficient operators can learn exactly where their shortcomings lie and how, therefore, they might improve their production. In addition, the results derived from a DEA can have many policy or managerial implications. For instance, with port privatisation becoming increasingly popular (Cullinane et al, 2002), DEA can provide an important tool to examine whether privatisation can or does really improve efficiency by comparing public ports and private ports with the same production functions (Song et al, 2001).

By combining the above theoretical discussion on DEA with what has been gleaned from the survey of DEA applications to the port and airport industries (mainly summarised in tables 2 and 3), some broad statements can be made as follows:

1. When DEA is applied, caution is necessary in choosing the DMU. It is only reasonable to compare different units with similar production functions. In other words, it would be a waste of time to compare a container port with a tanker terminal. Also, most previous studies seem to focus on production at the level of the terminal. This seems to conform to the argument of Alderton (1999) that “there is little that can be measured on a whole port basis. Most comparable data must concentrate on a terminal basis”.

2. Only the technical (in)efficiency of terminals can normally be measured by DEA, rather than any allocative (in)efficiency. This is because of different port pricing systems and policies etc. This argument is greatly supported by the fact that most previous studies focus on technical, rather than allocative efficiency. One exception can be found in Martinez-Budria et al. (1999). Since their study uses data from within the same country (Spain), it is then possible to calculate benefits and costs in a common currency and within the same economic context. No attempt has apparently been made to calculate the allocative efficiency when ports are distributed across different countries.

Table 2: The Application of DEA to Ports

Reference
Objectives of Applying DEA
Data Description
The DEA

Model (s)*
Inputs
Outputs

Roll and Hayuth (1993)
To theoretically rate the efficiency of ports
Hypothetical numerical example of 20 ports
CCR 
Manpower

Capital

Cargo uniformity
Cargo throughput

Level of service

Users’ satisfaction

Ship calls

Martinez-Budria et al (1999)
To examine the relative efficiency of ports and efficiency evolution of an individual port
26 Spanish ports using 5 observations for each port during 1993-97
BCC
Labour expenditures

Depreciation charges

Other expenditures
Total cargo moved through the docks

Revenue obtained from the rent of port facilities

Tongzon (2001)
To specify and empirically test the various factors which influence the performance and efficiency of a port
4 Australian and 12 other international container ports for the year 1996
CCR

Additive
Number of cranes

Number of container berths

Number of tugs

Terminal area

Delay time

Labour
Cargo throughput

Ship working rate

Valentine and Gray (2001)
By comparing the port efficiency, to determine whether there is a particular type of ownership and organisational structure that leads to a more efficient port
31 container ports out of the world’s top 100 container ports for the year 1998
CCR
Total length of berth

Container berth length
Number of containers

Total tons throughput

* Two or more than two DEA models are occasionally chosen by the author(s) to compare the different DEA results and their implications

Table 3: The Application of DEA to Airports

Reference
Objectives of Applying DEA
Data Description
DEA

Model(s)*
Inputs
Outputs

Gillen and Lall (1997)
To assess the performance of airports
21 of the top 30 airports in the United States for the period 1989-1993 (altogether 114 observations)
CCR


Terminal Services
Number of runways

Number of gates

Terminal area

Number of employees

Number of baggage collection belts

Number of public parking spots
Terminal Services
Number of passengers

Pounds of cargo





Movement
Number of runways

Runway area

Airport area

Number of employees
Movement
Air carrier movements

Commuter movements

De La Cruz (1999)
To examine the relative efficiency of airports
A set of experimental data corresponding to the 40 biggest Spanish airports
Revised CCR
Returns from infrastructure services

Operative returns

Final returns
Annual number of passengers

Parker (1999)
By examining the relative efficiency of ports before and after privatisation, to find out whether privatisation improves port efficiency
Stage 1. Seventeen annual data for BAA from 1978/80 to 1995/1996;

Stage 2. Twenty-two UK airports from 1988/1989 to 1996/1997, altogether 198 DMUs
CCR

BCC
Employment

Capital stock

Non-labour

Capital costs
Number of passengers

Cargo handled

Mail handled

Sarkis (2000)
To evaluate the relative efficiency of airports
44 useful observations of the top 80 air ports in the USA during 1994
CCR

BCC

SXEF

AXEF

RCCR

GTR
Operational costs

Number of airport employees

Gates

Runways
Operational revenue

Number of passengers

Aircraft movements

Cargo

Adler and Berechman (2001a), 

Adler and Golany (2001), 
Adler and Berechman (2001b)
To determine the relative efficiency or quality ranking of airports
Various West-European and other airports
BCC (+ PCA)
Landing charges

Minimum connecting times

Number of runways

Passenger terminals

Distance to city-centre
Average overall questionnaire score

3. Almost no identical input and output variables have been chosen by different authors to build into their DEA models. The choices of input and output variables are of great significance for the application of DEA because “the identification of the inputs and the outputs in the assessment of DMUs is as difficult as it is crucial” (Thanassoulis, 2001). Combining traditional production theory under the framework of microeconomics and the characteristics of port production, it is argued herein that given the condition that the data are always available (which is not true in reality), the variables containing information on human resources (such as how many stevedores and management staff, etc), natural resources and man-made resources (such as terminal area, number of cranes, number of container berths, number of tugs etc) should be built into DEA models as input variables. The output variables should include cargo flow variables (such as container throughput), the quality of customer service (such as the delay time of a ship at port etc – in contrast to the study by Tongzon (2001) where delay time is treated as an input variable). However, as one might expect, the choice of input and output variables are also influenced, in a practical sense, by data availability.

4. Almost no identical DEA models are chosen to analyse different samples. This may imply that the DEA models should be carefully chosen according to the nature of different samples or, say, different sets of DMUs. It is argued that, without apparent proof to indicate whether port production follows the economic laws of constant returns to scale or variable returns to scale, both the constant returns to scale model (corresponding to the CCR model in the context of DEA) and variable returns to scale models (corresponding to the BCC and Additive models in the context of DEA) should be considered. The advantage of considering both types of model lies in the fact that the results can provide each DMU with information on to what maximum extent it is likely to improve its performance (a projection from the inefficient point to the production frontier in the CCR model), or to what extent, it can improve its performance compared with its most similar efficient counterpart (a projection from the inefficient point to the production frontier in the BCC or Additive models). 

5. Panel data are the most suitable to be collected and analysed using a DEA model. This is the case even though DEA has been widely utilised to analyse cross-sectional data. It would be interesting to observe whether a port can improve its performance over different time periods, and to find the reasons behind such a change. It should also be emphasised that caution must be exercised in regard to the data utilised within a DEA model. As discussed in the paper, “despite years of extensive dealing with port productivity, there is still no uniform terminology and methodology to measure productivity” (Ashar, 1997). Without factual and standard data from the different ports studied, the port or terminal (in)efficiency calculated by DEA is likely to be quite biased.

6. CONCLUSIONS

Studying container port production and performance is becoming more important than ever before because of the increasingly integrated world economy and the significant contribution that container transportation makes to this process. Contemporary efforts to measure port performance can roughly be divided into productivity and efficiency measurement. The former is more widely applied in practice, and mainly includes partial productivity measures. The latter, on the other hand remains in a stage of continued theoretical development. However, several attempts have been made to apply DEA, one of the most popular techniques for efficiency measurement, to the port industry (especially container ports). In view of the importance and complexity of port production, it is of great significance to examine whether DEA is really a suitable methodology for achieving the objectives of such an analysis. For this reason, this paper has investigated the fundamentals of DEA and port production in detail and concludes that DEA is indeed a useful tool for measuring port efficiency, subject to the exercise of caution over various aspects of its use.
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Appendix A: Port Performance Indicators in Australian Ports


Description
Items

Stevedoring Performance
Measure productivity and utilisation of equipment and labour resources
From an equipment perspective
The number of ships and cargoes handled




Cargo handling rate




Container handled per crane




Units per man-shift



From a labour perspective
Number of employees




Average age of total labour force




Average hours worked per week




Idle time percentages

Shipping line performance indicators
Measure delays experienced by ships
Average delay to ships awaiting berths



Average delay to ships alongside berths

Port (authority) performance indicators
Measure port facility utilisation and throughput
Facility utilisation



Tonnage handled



Truck turntime and queuing

Source: derived from Talley (1994)

[image: image14.jpg]INTERNATIONAL
ASSOCIATION OF MARITIME
ECONOMISTS




This paper is part of the

IAME Panama 2002 Conference Proceedings

[image: image15.jpg]



The paper has been anonymously peer reviewed and accepted for presentation by the
IAME Panama 2002 International Steering Committee

The conference was held on 

13 – 15 November 2002 

in Panama

The complete conference proceedings are published in electronic format under 

http://www.eclac.cl/Transporte/perfil/iame_papers/papers.asp

For further information contact jhoffmann_eclac@yahoo.com

Source: Dyson (2000, p. 5)





Direction





Mission Statement





Objectives





Performance Measurement





System Change





Behavioural Response





Targets





A





Wrong (no) direction


Unintended consequences





B





C





x





y





0





D





E





F





Optimal Scale





DMU 1





…





…





m inputs





n outputs





DMU 2





…





…





m inputs





n outputs





.


.


.





DMU s





…





…





m inputs





n outputs








T8





T7





T6





T5





T4





T3





T2





T1





Production Frontier








T3O





T3I








T8





T7





T6





T5





T4





T3





T2





T1





Production Frontier



























































Source: Derived from Coelli et al (1998, p. 5)








2
20

_1080851418.unknown

_1080851671.unknown

_1084023397.unknown

_1091378946.unknown

_1080851686.unknown

_1080851714.unknown

_1080851439.unknown

_1080851562.unknown

_1080803456.unknown

_1080850912.unknown

_1080801929.unknown

_1080803382.unknown

_1080801805.unknown

