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Abstract: Newbuilding dry-docking is a part of the shipbuilding manufacturing process, common
for vessels built on slipways. The subject of this research is steel-built vessels intended for non-
restricted sea-going navigation. Based on former experience, the necessity of the dry-docking projects
measurement has been noted as a managerial tool for performance estimation and project comparison.
The dry-docking project is a complex task which includes the first self-propelled sea passage and
the transfer of the manufacturing process to a remote place. The dry-docking result is a surveyed
and coated vessel ready for sea trials and five-year service until the next dry-docking. This paper
deals with a model which enables process measurement using the analytic hierarchy process (AHP)
method for qualitative data related to the dry-docking places and data envelopment analysis (DEA)
for quantitative data related to the vessels’ technical and cost data. The modelled data are collected
from the completed dry-dockings, and the twenty-nine studied vessels represent the decision-making
units (DMU) used in two-step process measurement calculations. The obtained results can distinguish
the efficient DMUs, which create an efficient frontier as benchmarks or “the best practice units” in the
given DMU set. For the non-efficient DMUs, the efficiency score and rate of improvements needed to
reach the efficient frontier will be calculated, and the sources of inefficiency will be recognized.

Keywords: shipbuilding; process measurement; multi-criteria decision making; data envelopment
analysis; analytic hierarchy process

1. Introduction

This paper introduces the newbuilding dry-docking performance measurement model
as a process efficiency indicator, and consequently, a helpful decision tool for operations
management. This model includes efficiency ranking using quantitative and qualita-
tive data.

Newbuilding dry-docking is a part of the shipbuilding process, which is situated at
the end of the process when the vessel is substantially completed, outfitted and seaworthy.
The vessels described in this paper were built on the slipway, longitudinally launched,
and berthed on the outfitting pier for final outfitting and commissioning. All the studied
vessels have steel as their building material and are sea-going with unrestricted navigation.
A vessel is subjected to dry-docking when substantially completed and seaworthy.

The dry-docking operation commences with the vessel transfer from the shipbuilding
shipyard to the repair shipyard which has dry-dock facilities. The subjected vessel is then
lifted up from the water in order to enable working activities. The dry-docking consists of
the various activities related to the ship’s outer shell works and inspections, such as fouling
scraping, steelwork (includes launching supporting structure chipping), high pressure
washing, spot sand blasting as well as sand sweeping, and a coating system application
which includes antifouling coating application. The appendages and equipment checks
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are related to propeller shaft wear-down measurement and sealing check, as well as
rudder stock bearings and jumping bar clearances measurement. The dry-docking is
also the opportunity to fit the underwater sensors such as speed log, echo sounder and
draught sensors. During the dry-docking, the vessel is subjected to final ship systems
commissioning and testing in order to be ready for sea trials after dry-docking completion.
The dry-docking operation is completed when the vessel is afloat again, released by the
dry-dock facility, and free to sail away.

The dry-docking period could be also an opportunity to complete some unresolved
jobs remaining from the shipbuilding shipyard. Therefore, the number of crew members
could be increased during the dry-docking, consequently increasing expenses. It needs
to be emphasized that working activities in shipyards are more effective than the same
activities in the dry-dock due to transport, logistics and accommodation cost increase.

The result of the newbuilding dry-docking is a seaworthy vessel with a surveyed,
clean and coated outer shell prepared to proceed to the sea trials, particularly the speed
and manoeuvring trials, and after the vessel’s delivery to the buyers, is ready for a five-year
service before the subsequent dry-docking.

The vessels’ dry-dockings studied in this paper were carried out with two types of
vessels in an almost equal stage of completion. They were dry-docked in four different
dry-docks in different seasons. The dry-docking duration is a variable parameter. These
conditions have an impact on the dry-docking result. The dry-docking/vessel’s data were
collected on site, at the dry-docking location. One of the authors of this study observed all
twenty-nine studied dry-dockings in the capacity of superintendent.

From the managerial point of view, to measure the success and set the targets of a
particular vessel dry-docking and to determine “the best practice vessel(s)” among the
dry-docked vessels sample is a complex mission. To overcome the target setting problem,
the dry-docking project for each particular vessel has to be simplified and described as a
process with its inputs and outputs.

The analysis of the already completed dry-dockings is the base for the “ex post”
decision making, locating the best practice vessels, and giving the data for forecasting the
behaviour of the vessels to be dry-docked in the future in order to make their dry-dockings
improved in a successful and efficient manner.

The capability to transform the inputs into outputs is called efficiency. A decision-
making unit (DMU) represents each entity included in the analysis. Any DMU capable of
reaching more output with an equal quantity of inputs or to reach the same output with
less input is considered more efficient. In the context of this paper, the vessel is to be taken
as a DMU.

In addition to the studied vessels, the dry-docking places are going to be evaluated by
their characteristics depending on meteorological and logistics conditions, as well as the
working conditions and damages which occurred during dry-dock operations.

The purpose of this paper was to create a dry-docking performance measurement
model as the managerial tool for the best technical performance identification among the
present DMUs. This model could also be used as a forecasting tool for future vessels’
dry-dockings.

The model used will exploits analytic hierarchy process (AHP) method in ranking the
alternatives based on the set decision criteria. AHP deals with the qualitative data linked
to the dry-docking facilities, whereas the data envelopment analysis (DEA) methodology
is the main performance measurement method using qualitative data. DEA uses non-
parametric data (only the relation within the same data category is needed). There is no
need to express the explicit relation between the process inputs and outputs. The inputs
and outputs are chosen at the discretion of the expert/researcher, and the DEA calculates
the weights of the input/output parameters in order to reach the maximum efficiency
scores for each DMU.
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2. Literature Review and Methodology

The various decision-making examples are going to be presented in the literature
review. This will be followed by the brief methodology introduction.

2.1. Literature Review

The findings from the literature review show the necessity of research which measures
the dry-docking project efficiency, sorts out the efficient ones, and establishes the peers for
the inefficient ones considering the vessel’s technical and cost parameters, as well as the
managerial opinion on the considered projects.

Kaune [1] wrote an exhaustive description of the dry-docking operations commencing
with the dry-dock preparation, the vessels entering dry-dock, working activities progress,
the completion of dry-dock jobs, and a vessel’s departure from dry-dock. House [2]
made a comprehensive description of the dry-dock types and dry-docking operations. In
the literature studying the dry-docking process measurement and target setting, there is
Naffisah et al. [3], using the artificial neural network in order to obtain a mathematical
model of dry-docking maintenance duration estimation, considering the volume and type
of activities to be carried out during the dry-docking. The data mining method was used
by Surjandari et al. [4] for dry-docking duration estimation. The dry-docking duration
estimation model using the numerical ant-colony decision tree algorithm was introduced
by Surjandari et al. [5]. Apostolidis et al. [6] developed the dry-docking cost estimation
based on the equation model which expresses the dry-docking cost as a relation among
the ship’s type, size and age parameters. The relation between the vessel’s data such
as deadweight, age and type, and dry-docking time and labour was researched by Dev
and Saha [7]. The necessity of a vessel’s dry-docking aiming to reach the vessel’s top
performance in relation to the maximum speed and minimum fuel consumption was
described by Koboević et al. [8]. The assessment of the key performance indicators for the
Bay of Bengal shipbuilding industry has been introduced by Gavalas et al. [9]. To assess
the performance and competitiveness of the active shipyards in this area, this study used
three MCDM (multi-criteria decision making) methods, the fuzzy DEMATEL (decision-
making trial and evaluation laboratory), the fuzzy ANP (analytic network process), and
the MOORA (multi-objective optimization on the basis of ratio analysis).

An analysis covering twelve Chinese repair shipyards using the DEA method was
carried out by Yang et al. [10]. This research consisted of two complementary parts
where the first one studied ship repair facilities comparison and the second one added
staff data to the first comparison data set. Establishing performance targets as well as
efficiency measurement using the DEA method on a set of repair shipyards engaged in
ferry fleet repair was introduced by Mayo et al. [11]. The DEA methodology was used
by Rabar et al. [12] on a quantitative data set for the dry-docking efficiency assessment.
The results pointed to benchmarks for the dry-docking performance and the guidelines
to future dry-docking improvements on the researched data set. The use of the AHP
method in ship repair can be found in Mous [13], analysing Korean repair shipyards’
competitiveness among other repair shipyards world-wide.

An integrated DEA/AHP method literature survey revealed two comprehensive
reviews done by Ho [14] and Ho et al. [15]. Among the other methods, the integrated
AHP/DEA method has been mentioned in a limited number of papers studying manu-
facturing, supplier selection and efficiency measurement. Sinuany-Stern et al. [16] and
Feng et al. [17] gave the indication that DEA performance could be improved by inte-
grating the DEA/AHP ranking model. The search for the DEA/AHP method dealing
with dry-docking performance gave no results. The DEA/AHP method use can be found
in other engineering fields such as manufacturing plant layout optimization studied by
Yang and Kuo [18] and Arunyanart and Pruekthaisong [19]. For the manufacturing plant
layout optimization purposes, the AHP method was used for qualitative data ranking
and the DEA method for layout efficiency calculations. Korpela et al. [20] introduced the
integrated DEA/AHP model for warehouse operator selection, using AHP for customer
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preferences ranking and DEA for warehouse operators cost and service effectiveness scores.
Sevkli et al. [21] and Zhang et al. [22] used the DEA and AHP methods for supplier se-
lection, combining qualitative and quantitative data. Park and Lee [23] introduced the
combined DEA/AHP approach in supplier selection and stepwise benchmarking. The DEA
was deployed for efficiency measurement, while AHP was used for importance assessment.
The sewer pipeline failure risk assessment using the DEA/AHP methodology combined
with the Geospatial Information System resulted in the model developed by Ghavami
et al. [24]. The DEA was used for quantitative data calculation and AHP was used for
experts’ judgement analysis. In the shipping business, Chen, A., and Zheng, P. [25] intro-
duced the DEA/AHP ship-targeting model for ship supervision which merged decision
makers’ subjective judgments and qualitative data.

Sueyoshi et al. [26] studied the audit prioritization model based on the DEA/AHP
method. In the created model, the managerial opinion was used as qualitative data, and the
business data were used as quantitative data for the organization systematic assessment.

Wang et al. [27] introduced the integrated DEA/AHP method in order to overcome
the AHP limitations in dealing with a high number of alternatives (hundreds or thousands)
and used the advantage of the DEA method to carry out the calculations with a high
number of alternatives in bridge structures assessment.

The literature review resulted in no paper on the dry-docking/newbuilding perfor-
mance and/or efficiency measurement based on the DEA/AHP integration. There is
an obvious research gap in such project manufacturing processes, and this paper could
participate in filling this gap.

2.2. DEA Methodology

The data envelopment analysis (DEA) methodology was originally proposed by
Charnes et al. [28]. DEA is a linear programming-based non-parametric technique which
evaluates the relative efficiency of the operating entities, called decision-making units
(DMUs) that possess a homogenous set of empirical data divided into inputs and outputs.
Through the DEA calculations based on existing DMUs, an efficient frontier is established
containing the efficient DMUs with an efficiency score equal to 1 and considered best practice
units. Other DMUs, with an efficiency score less than 1, lie outside the efficient frontier and
are considered inefficient. The degree of inefficiency is calculated in relation to the distance
between the inefficient DMU and the efficient frontier and attributed to input excesses as
well as to output shortfalls.

There are two basic models that are used for efficiency calculation purposes in
this paper—the CCR (named after Charnes, Cooper and Rhodes) model proposed by
Charnes et al. [28], and the BCC (named after Banker, Charnes and Cooper) model pro-
posed by Banker et al. [29]. The returns to scale upon which the model is built could be
assumed to be either constant (CCR model) or variable (BCC model).

The DEA model could be oriented to input reduction or to output augmentation. This
paper will deal with the output-oriented models, which corresponds to the management
intention to reduce dry-docking expenses. The DMU efficiency could be expressed as the
ratio between outputs and inputs:

efficiency DMU =
∑s

r=1 uryr

∑m
i=1 vixi

, (1)

where: yr = output r, ur = output r weight, xi = input i vi = input i weight.
DEA is basically used for relative efficiency measurement and evaluation, benchmark-

ing, target setting and identifying the best practice. The main value-added potential of the
DEA methodology is in the simplified display of the underperforming DMUs, its ability to
point the peers as potential efficiency improvement targets, and calculate the inefficient
DMUs projections to the efficient frontier in order to quantify the improvements needed to
reach the efficient frontier for each particular inefficient DMU.
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In accordance with Cooper et al. [30], a set of n DMUs is considered(
DMUj, j = 1, 2, . . . , n

)
, and each of them produces s outputs using m inputs. Let the

xj =
{

xij, i = 1, 2, . . . , m
}

represent the input vector, and yj =
{

yrj, r = 1, 2, . . . , s
}

the
output vector of DMUj. The data set is determined by the input matrix X =

(
xij, i = 1, 2,

. . . , m, j = 1, 2, . . . , n), and output matrix Y =
(
yrj, r = 1, 2, . . . , s, j = 1, 2, . . . , n

)
.

The DEA model basic principle lies in the efficiency assessment of DMUo, o ∈
{1, 2, . . . , n}, and consists of seeking for virtual DMUs with inputs and outputs defined
as the linear combination of inputs and outputs of the remaining DMUs in a given DMU
set, namely Xµ and Yµ, µ = (µ1, µ2, . . . , µn), where µ > 0 corresponds to the proportions
contributed by efficient DMUs to the projections of DMU o onto an efficient frontier. Seek-
ing the virtual DMU could be generally formulated as a standard linear programming
problem:

Output oriented model:
max
η,µ

η (2)

subject to:
Xµ ≤ xo (3)

ηyo −Yµ ≤ 0 (4)

µ ≥ 0 (5)

eµ = 1 (6)

while e is a row vector with all elements equal to 1. The virtual DMU needs to be better (at
least not worse) than DOo.

The constraints (2) to (5) create the DEA CCR model, and the DEA BCC model is
created using constraints (2) to (6). The Equations (7) and (8) express the input excesses
and the output shortfalls, i.e., “slack” vectors:

t− = xo − Xµ (7)

t+ = Yµ− ηyo (8)

where the efficiency θ is expressed as

θ =
1
η

. (9)

A DMUo is considered efficient if the optimal solution (η∗, λ∗, t−∗, t+∗), as a result of
maximizing η and minimizing sum of t−∗ and t+∗, reaches θ∗ = 1 and t−∗ = 0, t+∗ = 0,
otherwise it is not efficient.

The CCR efficiency θ∗CCR is called technical efficiency, and the BCC efficiency θ∗BCC is
called pure technical efficiency. Technical efficiency (CCR) is a measure of inputs transforma-
tion into outputs, relative to the maximum potential calculated which creates the efficiency
frontier. The pure technical efficiency (BCC) measures the local efficiency and solely
represents the managerial capabilities to organize the process carried out in each DMU.

The advantages of the DEA methodology are: (i) it is a non-parametric approach;
(ii) its inputs and outputs could be chosen according to researcher and/or process demands;
(iii) the model’s adaptability to the management strategy (orientation to input reduction
or output augmentation); (iv) the model’s adaptability in relation to the return to scale
(constant or variable); and (v) that expert opinion on input and output weights is not
necessary because the model itself assigns the best set of weights to each observed DMU,
and thus avoids the subjective assessment and contributes to the objectivity of analysis.
The DEA limitations are: (i) sensitivity to missing data; (ii) extreme data readings; and (iii)
data collection errors. The advantages and limitations were referred to in the literature by
Coelli et al. [31], Moritmer [32], Coelli et al. [33], Kahraman [34], Velasques and Hester [35],
Aruldoss et al. [36], as well as Korhonen and Wallenius [37].
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According to Banker et al. [38], the number of DMUs researched has to be at least
three times higher than the sum of inputs and outputs in order to obtain proper DMUs
discrimination. Using the DEA method follows the recommendation regarding data
preparation, as recommended by Sarkis [39] and Dyson et al. [40]. Undesirable outputs
are treated as recommended by Gollany et al. [41], Lovell [42] and Liu [43]. The general
formulation of the DEA model follows the recommendations of Cook et al. [44]. The DEA
calculation is carried out by DEASolverPro7 software package.

2.3. AHP Methodology

The AHP is a multi-criteria decision making (MCDM) method developed by Saaty [45].
It is intended to decompose a complex MCDM problem into a hierarchy structure, and then
assess the relative importance of decision criteria by pairwise comparison. In the next step,
the decision alternatives are compared to each particular criterion, determining an overall
priority for each decision alternative. The final result is an overall ranking of the decision
alternatives. This method incorporates the decision makers’ knowledge/experience in
AHP evaluation. The AHP method comprises decomposition, comparative subjective
judgment and synthesis.

According to Saaty [46] and interpretation of [27], let C1, . . . , Cm be m decision criteria
and W = (w1, . . . , wm)

T is their normalized relative importance weight vector as a result
of the pairwise comparison, fulfilling the condition ∑ m

j=1wj = 1 and wj ≥ 0 for j = 1, . . . , m.
The pairwise comparison among the m decision criteria could be carried out by collecting
expert opinions or by the decision maker’s opinion. The pairwise comparison levels are
divided into scales numbered from 1 to 9, where 1 means equal importance, 3 means
moderate importance, 5 means strong importance, 7 means very strong importance, and
9 means extreme importance of one over the other. Scales numbered 2, 4, 6 and 8 imply
intermediate values. For the inverse comparison, the reciprocal values were used. The
result is an m × m pairwise comparison matrix in the following form:

A =
(
aij
)

m×m =

C1
C2
...

Cm


a11 a12 · · · a1m
a21 a22 · · · a2m
...

... · · ·
...

am1 am2 · · · amm

 (10)

where aij represents a quantified judgement on wi/wj with aii = 1 and aij = 1/aji for
i, j = 1, . . . , m. The matrix A =

(
aij
)

m×m is consistent in a case of fulfilment of the
following condition: aij = aikakj for any i, j, k = 1, . . . , m. From the pairwise comparison
matrix A, the weight vector W is determined by the equation:

AW = λmaxW (11)

where λmax is the maximum eigenvalue of A. There is a possibility that a decision maker is
not able to make the consistent pairwise comparisons. Pairwise comparison matrix A needs
to possess an acceptable consistency level, named consistency ratio (CR), and checked by
the following equation:

CR =

(λmax−n)
(n−1)

RI
, (12)

where RI represents the random inconsistency index and n represents the number of
alternatives. The RI for pairwise comparison index of the fourth, fifth, and sixth order
are 0.85, 1.12 and 1.15, respectively, according to Saaty [47]. If the CR ≤ 0.1, the pairwise
comparison matrix is thought to have an acceptable level of consistency in accordance
to [45,46].

The decision alternatives are being compared according to the pairwise principle with
each decision criterion in the same way as criteria. Upon completing the calculations, the
weights of the decision criteria and the weights of decision alternatives with respect to
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each criterion are recorded. In the next calculation step, the overall weight of each decision
alternative with respect to the decision goal can be generated using the simple additive
weighting (SAW) method as per Hwang and Yoon [48], described in the following equation:

wAi =
m

∑
j=1

wijwj, i = 1, . . . , n (13)

where the wj (j = 1, . . . , m) are the decision criteria weights, the wij (i = 1, . . . , n) are the
decision alternatives weights in respect to criterion j, and wAi (i = 1, . . . , n) are the overall
weights of decision alternatives. The best alternative is the one with the best overall weight
wAi with respect to the decision goal. The AHP calculation will be carried out by AHP-OS
software developed by Goepel [49].

3. Experimental Investigation and Results

This study covers a set of twenty-nine sea-going merchant vessels intended for unre-
stricted navigation and built in the same shipyard. All of the studied vessels were made
of shipbuilding grade steel, built on a slipway and longitudinally launched into the sea.
After launching, the vessels were outfitted and commissioned while berthed on the out-
fitting piers. At the stage of substantial completion and seaworthiness, the vessels were
transferred to the repair shipyard for dry-docking purposes, by their own propulsion or,
very seldom, by towing.

3.1. DEA Model Presentation

The studied vessels sets were marked from DMU01 to DMU29 and consisted of
13 (from DMU15 to DMU27) chemical tankers and 16 roll-on/roll-off (RO–RO) vessels
(from DMU01 to DMU14 and DMU28 and DMU29) of different sizes. The vessels were
evaluated by their data which included: Gross tonnage, underwater hull area, scope of
the steelwork job, dry-dock rent and services costs, steelwork/coating costs, crew number,
crew cost, vessel transfer cost, delays cost and dry-docking duration. The vessels’ data set
is homogenous and represented with figures ready for quantitative analysis.

This study also covered the four repair shipyards. They have different dry-docking
facilities (floating dry-docks and engraved dry-docks). In order to reach these facilities,
between one and three days of steaming are necessary. The repair shipyards/dry-docks
were assessed against the following criteria: meteorological criterion, transfer/logistic
criterion, hull damage criterion, dry-dock working conditions, dry-docking price level, and
the vessel’s waiting time, which occurred before the dry-docking commencement.

The proposed performance measurement model was shown in Figure 1.
The performance measurement model was shown in a block diagram form. The data

sets were divided in two groups: the quantitative data intended to use in DEA models,
and the qualitative data for AHP model evaluation. The DEA models were going to be
used for the vessels’ dry-docking performance measurement, and AHP model was going
to be used for dry-docking facilities ranking using several criteria against the dry-docks as
alternatives.

The DEA data preparation step includes the dry-docking data in order to create
homogenous data sets for all the studied vessels. It was concluded that there was no
missing data, and all data were collected in the same manner. Inputs and outputs were set
upon their nature—technical data (area, volume) were set as inputs, and cost data were
set as outputs. The input data were prepared in a manner to avoid the uncontrollable
inputs. The output data were scaled in form of their reciprocals in order to follow the
DEA principle that inputs tend to decrease, and outputs tend to increase, as per [40–44].
The DEA model was output oriented, according to the managerial intention to reduce
dry-docking expenses.
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Figure 1. Performance measurement model.

3.2. DEA Calculations, the First Step

The first step DEA calculation was carried out with inputs: steelwork scope and gross
tonnage quotient, marked as (I)CUTGT, which encourages less steelwork with greater gross
tonnage, and the vessel’s underwater part area subjected to coating multiplied by the time
spent afloat after launching was marked as (I)AREATIME. The outputs were: dry-dock rent
and services cost, marked as (O)DDOCK, and the cost of steelwork and coating activities
during dry-docking, marked as (O)WORK. These outputs were scaled by putting their
reciprocals into the DEA calculation. This DEA calculation resulted in the dry-docking
efficiency score for every DMU. This efficiency score was based on the DMUs technical and
cost data.

As a first step, the DEA calculation data descriptive statistics are shown in Table 1.

Table 1. The first step-DEA calculation data (before scaling) descriptive statistics.

Inputs Outputs

(I)CUTGT (I)AREATIME (O)DDOCK (O)WORK

Max. Value 6.546 31607 32.430 52.137
Min. Value 2.610 9778 15.844 15.808

Average Value 4.660 19584 23.452 32.941
St. Deviation 1.480 6206 5.141 10.572

Source: author’s calculation.

The calculation was carried out by the output oriented CCR (CCR-O) and BCC (BCC-O)
models. There are seven efficient DMUs in CCR-O model, and they were: DMU05, DMU06,
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DMU08, DMU17, DMU19, DMU21 and DMU22, and they represent the benchmarks for
the inefficient DMUs. These efficient DMUs create the CCR efficient frontier and are peers
for inefficient DMUs improvements. The CCR-O efficient DMUs are samples of the best
overall performance in transforming inputs into outputs, and they are technically efficient.
The BCC-O model results show the nine efficient DMUs. These are all the CCR-O efficient
DMUs plus DMU14 and DMU26. They create the BCC efficient frontier and show the local
efficiency as well as the managerial capability to organize the process. The efficiency scores
obtained are shown in Figure 2.
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Figure 2. CCR-O and BCC-O efficiency scores, the first step.

The CCR-O and BCC-O models’ results represent efficiency in the input–output
transformation for the twenty-nine subjected vessels in relation to the chosen inputs and
outputs. The results obtained in the first DEA step calculation were inputs for the second
step DEA calculations.

In the first step, the input/output selection is focused on the dry-docking only, which
means that technical data such as compensated gross tonnage, under water part area and
scope steelwork as inputs are put into relationship with dry-dock and work costs as outputs.
Therefore, it could be concluded that the first step calculation determines the efficiency
occurring during dry-dock only, not including the wider picture of the dry-docking project.

3.3. Dry-Docking Facilities Evaluation, the AHP Method

Dry-docking facilities have different criteria (Cj) which needs to be considered for their
evaluation. Namely, there could be a difference in transfer and logistics conditions, and
meteorological conditions could also impact the dry-docking performance and increase
its cost. There are working conditions that need to be additionally considered, such as
vessel/dry-dock clearance and hull damages, because some facilities are more prone to
damage the vessel’s hull, mainly in the form of indents and scratches. The waiting time
spent on the anchor before the dry-docking commencement needs to be evaluated as well.
The price levels were put into consideration. There were four facilities, which represent
alternatives (Ai) and they are marked as A, B, C, and D. The AHP hierarchy is shown in
Figure 3.
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Following the AHP hierarchy, the results were obtained, as shown in Table 2.

Table 2. AHP evaluation results.

Decision Goal Criteria Global Priority of Criteria
Alternatives

Dry-Dock A Dry-Dock B Dry-Dock C Dry-Dock D

Optimal
Dry-Docking

Facility

Meteo. 0.398 0.200 0.200 0.078 0.522
Logistics 0.078 0.561 0.271 0.115 0.052
Damage 0.255 0.053 0.549 0.297 0.102

Work. 0.153 0.282 0.579 0.081 0.057
Prilce 0.051 0.102 0.058 0.331 0.509

Anchor 0.065 0.069 0.171 0.359 0.401

Alternative Overall Weight 0.190 0.343 0.168 0.299

Source: author’s calculation.

The alternatives were evaluated against the pre-set criteria. Table 2 shows: (i) a
list of criteria with their global priorities as criteria pairwise comparison result; (ii) the
alternatives with their weights against each particular criterion; and (iii) the alternatives’
overall weights as the AHP process result. According to the AHP comparison process
carried out, the dry-dock facilities ranking is the following (with scores/normalized scores
in brackets): Dry-dock B (0.343/1); Dry-dock D (0.299/0.872); Dry-dock A (0.190/0.554);
and Dry-dock C (0.168/0.490). These ranking results will be used in the second step DEA
calculation.

3.4. DEA Calculations, the Second Step

The second step DEA calculation used dry-docking and process data with three inputs:
combined input consisting of dry-docking duration in days divided by dry-dock facility
ranking according to AHP, marked (I)AHPDAY, created in order to encourage shorter
dry-docking periods and higher AHP rating. The second combined input consisted of
CCR-O and BCC-O models efficiency scores from DEA first step calculation, marked (I)EFF,
which were scaled and multiplied. The crew number enlisted on board of the vessel versus
optimal crew number was marked (I)CREWRATIO. The outputs were: crew cost marked
(O)CREW and costs which included: the cost of vessel transfer including crew and waiting
time on the anchor, as well as the cost of the enlisted crew due to the vessel’s delay in
dry-dock, and marked (O)TRANSF. The outputs were scaled by taking their reciprocals
in order to follow the rule that outputs in DEA models tend to increase. The data set
descriptive statistics are shown in Table 3.
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Table 3. The second step—DEA calculation data descriptive statistics.

(I)AHPDAY (I)EFF (O)CREWRATIO (O)CREW (O)TRANSF

Max. Value 83.333 3.630 2.169 91.065 88.511
Min. Value 23.324 1.000 1.096 32.241 4.518

Average Value 43.376 1.845 1.563 60.878 20.955
St. Deviation 17.220 0.938 0.302 15.945 18.310

Source: author’s calculation.

In the second step of the DEA calculation, the CCR-O and BCC-O models were used.
It could be noted that the CCR-O model calculation found six efficient DMUs and the
BCC-O model calculation found eight efficient DMUs. The CCR-O-efficient DMUs were:
DMU04, DMU08, DMU09, DMU15, DMU18, and DMU21. The BCC-O efficient DMUs
were all the CCR-O efficient DMUs plus DMO06 and DMU14. Both models’ efficiency
scores were compared for each DMU and shown in Figure 4.
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3.5. Overall Calculations Results

Overall calculation results of descriptive statistics covering both steps of the developed
DEA dry-docking performance measuring model are shown in Table 4. It could be noted
that the DEA models used were good in “filtering” the DMUs. Namely, there were seven
and six efficient DMUs out of 29 DMUs for CCR-O models. For the BCC-O models, there
were nine and eight efficient DMUs for the first and second DEA calculation step. The
average and minimum efficiency scores show that both steps discriminated the DMUs in a
proper way, and consequently, the sources of inefficiency could be identified.

The efficiency scores obtained using the developed model, followed by the DMUs
information related to vessel’s type and dry-docking place including an average efficiency
score, are presented in Table 5. The presented data show the benchmark DMUs. The
efficiency scores are presented by the DMU and DEA calculation step.
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Table 4. Calculations results of the descriptive statistics: the first and second step of the DEA, in addition to CCR-O and
BCC-O models.

DEA, the First Step DEA, the Second Step

DEA Model CCR-O BCC-O CCR-O BCC-O

Total no. of DMU 29 29 29 29
No. of Efficient DMU 7 9 6 8

No. of Inefficient DMU 22 20 23 21
Efficiency Mean Value 0.7746 0.8262 0.6735 0.7215

Efficiency Standard Deviation 0.1849 0.1687 0.2367 0.2190
Maximum Efficiency Score 1 1 1 1
Minimum Efficiency Score 0.4634 0.5330 0.2380 0.3540

No. of DMUs with Efficiency Under Mean score (%) 14 (48%) 13 (45%) 15 (52%) 15 (52%)

Table 5. Overall calculation results.

DEA First Step DEA Second Step DEA

DMU Type Dock CCR-O BCC-O CCR-O BCC-O Average
Efficiency

DMU01 RO B 0.5871 0.6095 0.8495 0.9177 0.7409
DMU02 RO A 0.5609 0.6159 0.2380 0.3792 0.4485
DMU03 RO B 0.5341 0.6327 0.7043 0.7060 0.6443
DMU04 RO A 0.7335 0.7703 1 1 0.8760
DMU05 RO C 1 1 0.7679 0.8252 0.8983
DMU06 RO C 1 1 0.6836 1.0000 0.9209
DMU07 RO B 0.5029 0.5478 0.4819 0.5402 0.5182
DMU08 RO B 1 1 1 1 1
DMU09 RO B 0.6855 0.7566 1 1 0.8605
DMU10 RO B 0.5179 0.5786 0.4231 0.5216 0.5103
DMU11 RO B 0.8482 0.8482 0.7464 0.7605 0.8009
DMU12 RO B 0.8517 0.8613 0.8187 0.8279 0.8399
DMU13 RO B 0.8233 0.8566 0.5643 0.5999 0.7110
DMU14 RO B 0.7621 1 0.9911 1 0.9383
DMU15 CT A 0.8941 0.8983 1 1 0.9481
DMU16 CT C 0.7331 0.7339 0.4535 0.4812 0.6004
DMU17 CT A 1 1 0.8384 0.8640 0.9256
DMU18 CT A 0.9907 0.9971 1 1 0.9969
DMU19 CT A 1 1 0.6473 0.6546 0.8255
DMU20 CT A 0.7951 0.8034 0.4941 0.5484 0.6603
DMU21 CT A 1 1 1 1 1
DMU22 CT C 1 1 0.5875 0.5882 0.7939
DMU23 CT A + B 0.9515 0.9515 0.4550 0.4863 0.7111
DMU24 CT C 0.5328 0.5330 0.2598 0.3540 0.4199
DMU25 CT B 0.7771 0.7781 0.5564 0.5959 0.6768
DMU26 CT B 0.6813 1 0.3979 0.4515 0.6327
DMU27 CT D 0.7350 0.9825 0.3983 0.4204 0.6341
DMU28 RO B 0.5031 0.5635 0.6073 0.6673 0.5853
DMU29 RO A 0.4634 0.6398 0.5665 0.7325 0.6005

The calculation data follow the logic established in the developed model shown in
Figure 1. The first step calculations are based on the data related to the vessels’ gross
tonnage, and scope of steelwork and coating works. The outputs are expressed in cost,
which depends on the scope of work, dry-docking duration and place of dry-docking.
The second step calculations deal with the factors depending on the chosen dry-dock and
scope of unresolved work not directly linked to the dry-docking, and the cost of delays
which occurred before the dry-docking commencement and during the dry-docking. The
efficiency scores obtained from the first step calculations and dry-dock facilities ranking are
inputs for the second stage calculation. The average efficiency score obtained by calculating
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the four DEA models could be a guideline to the dry-docking project efficiency assessment.
In this particular case, the overall efficient DMUs are DMU08 and DMU21, and they are
benchmarks for all the other considered DMUs. The exception is DMU23, which was
dry-docked in two dry-docks due to dry-dock business difficulties, and this DMU was
excluded for dry-dock facilities ranking. Despite this, the model recognized it as quite
highly efficient (0.9515 and 0.9515) in the technical performance, and of low efficiency in
the part of the process that includes delays, transfer and crew costs (0.4550 and 0.4863) due
to dry-dock change and related delays, and time-related costs.

The dry-docking facilities ranking with descriptive statistics, considering data from
Tables 2 and 5, is presented in Table 6.

Table 6. Dry-dock facilities ranking.

Dry-Dock A B C D

AHP Normalized Score 0.554 1 0.490 0.872

DEA

Average Efficiency 0.8090 0.7276 0.7267 0.6341
Standard Deviation 0.1953 0.1540 0.2131 N/A

Maximum Score 1 1 0.9209 0.6341
Minimum Score 0.4485 0.5103 0.4199 0.6341

Vessels
Average Dry-dock Duration in Days 9.11 9.85 12.00 13.00

Total Delays on Anchor in Days 6 2 0 0
No. of Vessels 9 13 5 1

It could be noted that dry-dock A has got the highest average efficiency score, the
shortest average dry-docking duration, the most of the delays on the anchor—six days in
total—and the third AHP ranking. It could be concluded that dry-dock A is most efficient
on average, but the delays downgrade it. Dry-dock B has the best AHP ranking, the
second average efficiency score, its efficiency has the lowest standard deviation, and its
delays on the anchor are two days in total for thirteen dry-docked vessels. According to
Table 2, dry-dock B has got the best rating in damage (less damage) and working condition
categories and second-best rating in meteorological and logistics conditions.

The efficient DMUs create the efficient frontier, and they are best practice units in
the given set of data. The efficient DMUs do not have any data to be improved in their
data sets, which is not the case with the inefficient ones. The inefficient DMUs requiring
improvements increase as their distance from the efficient frontier increases. This is shown
in Figures 5 and 6, where the relative improvements of the outputs and inputs are shown
for the two DEA steps. Upon reaching the improved values of the inputs and outputs, the
inefficient DMUs would become efficient. The DMUs improvement analysis is a helpful
tool in searching for the inefficiency sources. The efficient DMUs were omitted from
Figures 5 and 6, because their relative required improvement is zero. Figure 5 represents
the DEA CCR-O model, as their first step shows the improvements mainly needed for
the dry-dock rent and services (DDOCK) as well as the steelwork and coating activities
(WORK) costs. The dry-dock rent and service costs are place and time dependent, which
emphasizes the fact that a shorter dry-docking period is favourable.

Figure 6 shows the DEA CCR-O model, the second step, which includes the effi-
ciency scores from the first DEA calculation step as well as the dry-docking facilities AHP
evaluation and ranking.
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Figure 6. DEA CCR-O step 2 model: relative improvements for the inefficient DMUs.

The ratio between the actual and optimal crew number (CREW RATIO), the crew cost
(CREW) and the cost which considers the vessel transfer and delays cost (TRANSF) are
noted as the most influential factors for improvement. The inefficiency sources were found
in the crew ratio/crew cost category, because this cost category could be avoided/reduced
by decreasing the scope of the delayed works before the dry-docking project commence-
ment while the vessel was in the shipyard. The transfer and delays cost could be reduced
by avoiding the unnecessary delays on anchoring, reducing dry-dock waiting time, mini-
mizing the delays in the dry-docking period by better dry-docking activities organization,
and avoiding the dry-docking facilities in adverse weather seasons in order to reduce
time delays.

4. Discussion

This paper introduces the dry-docking performance measurement model adjusted for
the newbuilding vessels. For the model creation purpose, the DEA and AHP multi-criteria
decision-making methods were employed. The DEA method deals with quantitative data,
and the AHP method uses qualitative data. The introduced model consists of two DEA
calculation steps.
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The first step uses vessel technical data such as gross tonnage, outer shell area to be
treated in dry-dock, and the scope of steelwork activities as inputs. The outputs are set as
dry-dock rent/services and the costs are related to the steelwork and coating works. The
results of the first step DEA calculation are efficiency scores for all DMUs and the rate of
improvements for the inefficient DMUs, which are all based on input/output data.

The second step DEA calculation uses data related to logistics, vessels’ transfer, and
efficiency scores from the first step calculation, and the scope of the unresolved works in
relation to the number of the crew members enlisted. This calculation also includes the
dry-docking facilities AHP evaluation and ranking. The outputs consist of the costs related
to the enlisted crew and transfer/delays during the dry-docking project. The second step
DEA calculation ultimately assess the overall studied process performance. This results
in efficiency scores for the DMUs, and in relative improvements needed for reaching the
efficient frontier for the inefficient DMUs.

The performance measurement model recognized the sources of inefficiency, which
could be the time-dependent variables such as various types of delays where the time
period increased and the work scope remains the same. The delays could be categorized
to organization-related and weather-related delays. There is also space for improvement
in the scope of steelwork activities and in the reduction in the unresolved works from the
shipyard. It should be emphasized that the introduced DEA/AHP model could indicate
the inefficient DMUs, and the amounts of inefficiencies with proposals’ inputs and/or
outputs which need to be improved. For the recognition of inefficiency sources and their
causes, the knowledge of the studied process is of paramount importance.

The introduced two-step DEA/AHP model could be a helpful managerial tool for
measuring the dry-docking performance. This model has been tested on twenty-nine
vessels/DMUs, and new DMUs can be added into the existing DMU set. If the new DMU
is efficient, it can shift the efficient frontier, and make a new efficiency ranking, which gives
an option for continuous improvement. In the case where the new DMU is not efficient,
it will be compared with the existing data set, and improvements in order to reach the
efficient frontier will be calculated.

This model is a combination of two reliable and proven methodologies used for effi-
ciency measurement based on qualitative and quantitative data related to the newbuilding
dry-docking. The model results in the DMUs’ performance measurement, establishing the
efficient frontiers and calculating the improvement reached for the inefficient DMUs in
order to reach the efficient frontier for both calculation steps. Consequently, the sources of
inefficiency were detected, both in the technical and organizational part of the studied pro-
cess. If a new DMU is added into the model established with the present data set/DMUs,
it could cause changes in efficiency results. In case the new DMU is efficient, it will become
a new benchmark and shift the efficient frontier. This could lead to a continuous improve-
ment process. On the other hand, if the DMU is inefficient, the calculations of necessary
improvements will be carried out, and the sources of inefficiency examined.

This research could be continued by using the network slack-based-measurement
(Network SBM) DEA models.
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