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Abstract 11 

 12 

The paper addresses the parametric design and multi-objective optimisation of ships under 13 

uncertainty, applying the Holistic Optimisation Design Approach. The methodology starts 14 

with the creation of a detailed parametric model that captures both the external and internal 15 

geometric characteristics of the vessel, along with the integration of a number of numerical 16 

tools, purposely developed in order to determine each variant’s performance. This allows the 17 

evaluation of a multitude of merit functions and design constraints, all part of the 18 

optimisation problem. In contrast to previous approaches, the uncertainties introduced by the 19 

physical and financial environment are incorporated in the model, providing a more realistic 20 

representation of the solution space to the decision maker. The developed methodology is 21 

applied on a case study of a Ro-Pax ship, optimised in the concept design phase with regard 22 

to the minimisation of the total resistance, required freight rate and building cost. 23 

 24 
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1 Introduction 28 

 29 

The ever-increasing complexity and competitiveness in the shipping industry has led the 30 

shipbuilding industry to push the boundaries in the field of ship design (Brett et al., 2018). 31 

Changes in the latter have been induced by the societal demand for safer and cleaner ships, 32 

followed by the introduction of new, stricter regulations. The ship design methodologies have 33 

evolved from sequential, iterative processes (Evans, 1958) to more complex ones, such as the 34 

decision- or set-based methodologies introduced by Mistree et al. (1990) and Parsons and 35 

Singer (1999), all the way to more the most recent and sophisticated holistic design approach 36 

(Papanikolaou, 2010). Andrews et al. (2018) present in great detail the latest developments in 37 

the ship design industry. The challenges faced by the designers nowadays call for a multi-38 

disciplinary, multi-objective approach to the ship design optimisation problem. 39 

 40 

Comparing the novel work of (Murphy et al., 1963) or (Nowacki et al., 1970) with today’s 41 

holistic approaches (Papanikolaou, 2018), it is evident that vast advances have been achieved 42 

in the past five decades. The main enabling factor was the introduction of computer-aided 43 

design (CAD), followed by computer-aided engineering (CAE) and the significant reduction 44 

of the computational fluid dynamics (CFD) and Finite Element Analysis (FEA) costs. They 45 

all benefited from the exponential increase of the available computational power which is still 46 

following Moore’s law (Moore, 2018). Having all that capacity in place, the main challenge 47 

is to set up a methodology that analyses the ship design problem to its components, evaluates 48 

them accurately (enough) and then synthesises their output in a comprehensive, informative, 49 



consistent, transparent and understandable way to the designer or the decision maker in 50 

general. In this paper, the authors present a flavour of such an approach, using a parametric 51 

model developed in the CAE platform used in the framework of the European Union funded 52 

HOLISHIP project (HOLISHIP, 2016-2020), integrated with techno-economic databases, 53 

calculation and optimisation modules and software tools. 54 

 55 

2 Background 56 

 57 

2.1 Ship design optimisation 58 

 59 

Papanikolaou and Nowacki present very lively the history of ship design optimisation, 60 

underlining the differences of the contemporary holistic approach related to previous methods 61 

(Papanikolaou, 2018). Its main advantage is that the multi-objective optimisation of ship 62 

design problem is solved considering simultaneously (holistically) all design aspects of the 63 

ship system and not as a collection of part (Papanikolaou, 2018). This is the approach 64 

investigated and further developed currently in the framework of the European Union funded 65 

HOLISHIP project (HOLISHIP, 2016-2020). Based on previous works by the authors (Priftis 66 

et al., 2018a, Priftis et al., 2018b), the methodology starts with the creation of a detailed 67 

parametric model that captures both the main particulars and the internal compartmentation 68 

of the vessel, along with the integration of a number of numerical tools, purposely developed 69 

in order to determine each variant’s performance. This allows the evaluation of a multitude of 70 

merit functions and design constraints, all part of the optimisation problem. The gap which 71 

the authors have identified is lack of a way to capture the inherent uncertainties introduced by 72 

the physical and financial environment and their corresponding numerical models, missing 73 



the opportunity to provide a more pragmatic representation of the solution space to the 74 

decision maker. 75 

 76 

2.2 Uncertainty 77 

 78 

2.2.1 Uncertainty in design 79 

 80 

In most engineering problems, the design parameters are known to a certain extent. In order 81 

to be more accurate, in some cases, design parameters are described by a probability function 82 

instead of a single value. Brefort and Singer (Brefort and Singer, 2018) characterise this as 83 

epistemic uncertainty that stems from many sources, including the limited information of a 84 

vessel model, the difficulty identifying precise design performance targets and the difficulty 85 

to identify the precise bounds on the validity of the analysis tools. Therefore, it becomes clear 86 

that a level of uncertainty is introduced from the process itself in the solution of the design 87 

problem. Nikolopoulos and Boulougouris (Nikolopoulos and Boulougouris, 2018) have 88 

investigated three categories of uncertainty, coming from the environment, the market and the 89 

method. The impact of uncertainty is significant, as many design characteristics are not 90 

properly defined and the response of the model is ambiguous. If these uncertainties and their 91 

effects are captured properly and early enough, the required error margin arising along the 92 

design process can be minimised. 93 

 94 

2.2.2 Robust optimisation 95 

 96 

An optimal design can be characterised as robust when its quality does not deviate much 97 

from optimality when small changes in the problem occur (Branke et al., 2008). Traditional 98 



optimisation methodologies that overlook uncertainty tend to produce non-robust, over-99 

optimised designs that do not correspond to reality. On the contrary, robust optimisation 100 

methods take input uncertainties in the design variables, as well as uncertainties within the 101 

system or model into account and try to find optimal solutions in a noisy, uncertain 102 

environment. The results of a robust optimisation end up being insensitive to variations 103 

occurring in their operating environment (Steponavice and Miettinen, 2012). Contrary to 104 

single objective optimisation problems, robustness in multi-objective optimisation is 105 

complicated, as it has to be defined for all Pareto solutions. The incorporation of uncertainty 106 

in the problem increases the number of the optimisation objectives. Consequently the 107 

decision making process becomes convoluted. 108 

 109 

There have been several studies, which investigate the effect of uncertainty on design 110 

optimisation through various approaches. One option is to minimise the expectation of the 111 

general loss in the performance of the solution (De Groot, 1970). Trosset et al. used the most 112 

conservative approach in robust optimisation, the “minmax” approach, which is the 113 

minimisation of the worst possible case for the objective function (Trosset et al., 2003). 114 

Vasile and Di Carlo combined the “minmax” approach with the use of surrogate models and 115 

inflationary differential evolution (Vasile and Di Carlo, 2015). Erfani and Utyuzhnikov 116 

introduced a tuneable robust function as an objective in the optimisation problem, which 117 

enables the control of the robustness extent by designer preferences (Erfani and Utyuzhnikov, 118 

2011). 119 

 120 

In ship design, uncertainty was first introduced utilising approaches, such as real options 121 

analysis, found in the financial sector (Erikstad and Rehn, 2015). For instance, Dixit focused 122 

on shipping applications, where several decisions related to the shipping market were 123 



evaluated (Dixit, 1989). Other applications involve the analysis of available options in 124 

shipbuilding contracts (Hoegh, 1998) and in naval ship design (Gregor, 2003). Another way 125 

to solve the optimisation problem under uncertainty is through the utilisation of probabilities. 126 

Stochastic optimisation introduces the probability distributions of design parameters, 127 

extending the deterministic optimisation problem to improve the robustness of the solutions. 128 

Applications in the marine industry include vehicle routing problems (Fagerholt et al., 2010), 129 

simulation-driven optimisation of bulk carrier design (Nikolopoulos and Boulougouris, 2018) 130 

and mission-based ship design under arctic sea ice conditions (Choi et al., 2015). 131 

 132 

3 Proposed methodology 133 

 134 

3.1 Problem definition 135 

 136 

The general optimisation problem is defined as (Equations 1, 2): 137 

 138 

min
𝐱∈X

𝐟(𝐱, 𝐲),      given 𝐲 = �̂� ∈ Y         (1) 139 

subject to gn(𝐱, �̂�) ≤ 0, n = 1, … , N     and     hm(𝐱, �̂�) = 0, m = 1, … , M    (2) 140 

 141 

Where x is the design variables vector, y is the design parameters vector, independent of the 142 

designer choice, and f, gn and hm are the optimisation objective, inequality and equality 143 

constraint functions. Many of design parameters are in fact uncertain in real-life applications 144 

and may differ from the design conditions ŷ. Therefore, the design parameters vector is 145 

assumed as a stochastic process with probability density function p(y) and expected value 146 

(mean) (Equation 3): 147 

 148 



�̅� ∶= μ(𝐲) = ∫ 𝐲p(𝐲)d𝐲
 

Y
          (3) 149 

 150 

The design variables are assigned upper and lower limits by the designer and change during 151 

the optimisation loop, while the design parameters are independent of the designer choice and 152 

are assigned a probability density function and mean value for the solution of the 153 

optimisation problem. 154 

 155 

 156 

Figure 1. Computational setups 157 

 158 

In this paper, the effort is focused on the elimination of the uncertainty effects by identifying 159 

the uncertain design parameters y throughout the design methodology and analysing their 160 

effects in the optimisation stage through the establishment of uncertainty region for the 161 

optimisation objectives f. These regions –shown in an indicative graph in Figure 1– define 162 

the limits of the attained values for each objective, depending on the uncertain parameters of 163 

the problem and they have a significant impact on the decision making phase, where the 164 

decision maker can easily identify the limits of the objective functions f for the solutions 165 

located on the Pareto front. Hence, the robustness of the selection process in identifying the 166 

optimal design is increased. 167 

 168 



 169 

Figure 2. Design optimisation procedure 170 

 171 

3.2 Input 172 

 173 



The process begins with the definition of the parametric design and continues with the 174 

construction of the ship model. The setup for surrogate models is implemented afterwards. 175 

Throughout this process the design variables, objective functions and constraints of the 176 

problem are determined. The multi-objective optimisation setup follows, for which genetic 177 

algorithms are utilised. The setup is run and the results are analysed in the multi-criteria 178 

decision making process. (Figure 2). 179 

 180 

The parametric hull is produced within CAESES® (Friendship Systems, 2018), and consists 181 

of four main parts; the main frame, aft body, fore body, and main deck. Most parts of the 182 

hull, such as the bulbous bow, the shape and fullness of key design curves (e.g. design 183 

waterline, flat of bottom, flat of side), as well as the main frame, are controlled by design 184 

parameters (e.g. fullness of bulbous bow, fullness of main deck curve, flare of the hull 185 

surface at the design waterline, etc.). The designer can choose which of these parameters are 186 

used as design variables for the particular optimisation problem. Overall, 70 design 187 

parameters affect the overall shape of the hull. Once the initial hull is defined, a Lackenby 188 

transformation is applied (Lackenby, 1950). A hydrostatic and a sectional area curve 189 

calculation are performed. These are used as input to the Lackenby transformation. By 190 

adjusting the prismatic coefficient (CP) and longitudinal centre of buoyancy (LCB) through 191 

two design parameters; the percent variation of CP (δCP) and the percent variation of LCB 192 

(δLCB), the final hull is produced. This process allows shifting sections aft and fore, while 193 

fairness optimised B-Splines are utilised (Abt and Harries, 2007). 194 

 195 

Once the final shape of the hull is created in CAESES®, an IGES file, which contains the 196 

information related to its geometry, is generated and imported to NAPA® (NAPA, 2018) to 197 

continue with the rest of the design process. A list of in-house developed macros is run to 198 



generate the complete ship model. In particular, macros that generate surfaces for the internal 199 

arrangement are run first. The position of the surfaces is linked to the design parameters 200 

mentioned in the previous paragraph (e.g. frame spacing, breadth, depth). Using these 201 

surfaces as limits, the required rooms for the definition of a complete ship model are defined. 202 

Afterwards, an internal arrangement is formed by assigning the appropriate purposes to each 203 

room (e.g. fuel tank, water ballast tank, engine room, etc.). The designer controls the values 204 

used for several design parameters related to the definition of the internal spaces, such as the 205 

height of superstructure decks and the frame spacing. 206 

 207 

Apart from the geometry, operational input is required to be set. The distance of the round 208 

trip the ship operates on, the expected lifetime of the ship, the number of port calls and time 209 

spent at port, the service speed, the wind speed, as well as the load factors for passengers and 210 

vehicles are used as input, depending on the case the optimisation needs to be solved for. In 211 

addition, financial parameters, such as the discount rate and fuel price, are specified by the 212 

designer, depending on the case study. 213 

 214 

3.3 Objectives and constraints 215 

 216 

Two different setups for the computations performed to provide results for the objectives and 217 

constraints of the problem are defined (Figure 1). The first one (“main setup”), which 218 

provides a deterministic solution, is run during the main optimisation phase. The uncertainty 219 

of the various design parameters is not taken into account and fixed values are used to get the 220 

results. The second setup (“uncertainty setup”) is identical to the first; however; random 221 

values replace the fixed ones. In order to identify the uncertainty regions for the objective 222 

functions, several scenarios are examined, where the uncertain parameters are assigned 223 



random values based on their probability distributions (Table 1). Considering that the 224 

uncertainty regions should be relatively confined and not too broad –otherwise the caption of 225 

uncertainty would be impossible– the second setup is utilised only for the designs located on 226 

the Pareto front, following the main optimisation phase, so as to reduce the overall 227 

computational time of the study. 228 

 229 

Table 1: Uncertain parameters 230 

Parameter Probability 

distribution 

Minimum 

value 

Maximum 

value 

Average 

value 

Standard 

deviation 

Diesel oil 

price ($/t) 

Normal 308.93 1058.2 721.67 200.52 

Fuel oil price 

($/t) 

Normal 188.18 759.61 488.81 149.83 

Variance Uniform 0.95 1.05 N/A N/A 

Ship speed 

(Knots) 

Uniform 25 29 N/A N/A 

Wind speed 

(Knots) 

Normal 0.00 34.50 11.08 4.79 

 231 

Information regarding the calculation of the objectives and constraints examined in the 232 

present optimisation problem is provided below. 233 

 234 

The total resistance is estimated as a sum of the calm water resistance, added wave resistance 235 

and wind resistance. 236 

 237 



The first resistance component is calculated using two methods; Holtrop & Mennen 84 238 

method (Holtrop and Mennen, 1978) and CFD through Star-CCM+® (Siemens, 2017). The 239 

former is utilised as a quick alternative to estimate the calm water resistance during the 240 

NAPA® computations, while the latter provides a more detailed estimation. 241 

 242 

According to Holtrop & Mennen 84 method, resistance is calculated as the sum of the 243 

frictional, the wave-making and wave-braking resistance, the additional pressure resistance 244 

introduced by the bulbous bow and the immersed transom, the resistance of the appendages 245 

and the model-ship correlation resistance. The dimensions of the appendages (e.g. bilge 246 

keels) are set by the designer and used as input in the calculation. The more accurate CFD 247 

calculations are done in model scale so as to keep the number of mesh cells –and 248 

consequently the computational time– low. The results are then converted to full scale, using 249 

the ITTC procedure (ITTC, 2017). The parametric hull is translated to model scale to reduce 250 

the required computational time and the required numerical input for the Star-CCM+® model 251 

setup is provided by a CAESES® feature. For instance, the model’s properties (mass, centre 252 

of gravity, moment of inertia, wetted surface), solver parameters, stopping criteria and 253 

coordinates of the volumetric mesh refinements mentioned below are calculated based on the 254 

parameters of the problem and provided as output by the developed CAESES® feature. 255 

Within Star-CCM+®, macros are used, responsible for the various actions required to define 256 

the computational setup. The process starts with the mesh generation, including the definition 257 

and formation of the necessary volumetric mesh refinements on areas close to the hull surface 258 

to refine the free water surface area. The latter is performed parametrically, depending on the 259 

parameters affecting the hull shape. Afterwards, the physical and numerical setup is defined. 260 

The method utilised is the Volume of Fluid in conjunction with the k-ε turbulence model to 261 

simulate the flow characteristics. The simulation results are obtained after setting the solver 262 



parameters and stopping criteria –controlled by parameters accessible to the user. During the 263 

post-processing phase, the results corresponding to the model are converted to full-scale to 264 

obtain the calm water resistance for the design to be optimised (Figures 3, 4). 265 

 266 

 267 

Figure 3. CFD calculation domain and mesh generation 268 

 269 

 270 

Figure 4. Wave pattern during CFD calculations in Star-CCM+® (base model) 271 

 272 



The utilisation of two methods of variable fidelity levels for the calm water resistance 273 

estimation is ultimately used as an indicative way to quantify the uncertainty levels 274 

associated with the resistance estimation. A parameter calculating the difference of the calm 275 

water resistance value between the Holtrop Mennen 84 method and the CFD calculations is 276 

introduced. The smaller the difference, the higher the confidence levels for the estimation of 277 

the calm water resistance. However, the case where both methods fail to provide an accurate 278 

result cannot be detected. 279 

 280 

The added wave resistance is calculated using the STAWAVE-1 method (Boom et al., 2013). 281 

According to this method, added wave resistance is calculated as follows (Equation 4): 282 

 283 

RAWL = 1000 ∙
1

16
∙ ρ ∙ g ∙ HW,1/3

2 ∙ B ∙ √
B

LBWL
        (4) 284 

 285 

Where ρ is the sea water density, g is the gravitational acceleration, HW,1/3 is the significant 286 

wave height, B is the ship’s breadth and LBWL is the length of the bow on the waterline to 287 

95% of maximum breadth. The significant wave height is calculated as follows: 288 

 289 

HW,1/3 = 0.21 ∙
(1.026∙V10)2

g
          (5) 290 

 291 

Weather data are used based on the operational profile of the ship (i.e. on which region the 292 

ship operates) to identify the wind speed at 10m above sea surface (V10) used in equation 5. 293 

 294 

Finally, the wind resistance is calculated according to Jensen (Jensen, 1994). The sum of the 295 

three resistance components is used to calculate the required main engine’s power. The latter 296 

is computed by applying the propulsive ηD and shaft ηS efficiency. Due to lack of propeller 297 



data at this design phase, estimation for the efficiency factors are used, proposed by 298 

Schneekluth and Bertram (1998). 299 

 300 

For the “main setup”, a mean value is used for the wind speed, which is based on historical 301 

weather data for the selected regions of operation. However, for the “uncertainty setup”, run 302 

for the designs located on the Pareto front, random wind speed values are used to calculate 303 

the added wave and wind resistance, which are based on a probability distribution according 304 

to the same historical weather data. 305 

 306 

The calculation of the lane metres is performed based on the internal arrangement. A custom 307 

NAPA® macro calculates the length of each lane in the available car decks, taking into 308 

account the limits of the relevant rooms in the ship model. 309 

 310 

Lightship is divided into three categories; the steel weight, outfitting weight, and machinery 311 

weight. The first weight group is computed using the Schneekluth and Müller-Köster 312 

methods (Papanikolaou, 2014). Outfitting and machinery weights are calculated using 313 

empirical formulae, taking as input several parameters, such as the main dimensions of the 314 

ship, as well as the main engine’s power (Papanikolaou, 2014). 315 

 316 

Even though the methods utilised for this step are empirical approaches and thus an 317 

approximation of the exact values, effort is put to get as accurate results as possible. In this 318 

context, the application of a correction factor that captures the difference between the 319 

lightweight estimation during the concept design stage and the real lightweight, which value 320 

becomes available after the construction phase, can minimise the uncertainty associated with 321 

the weight estimation during the early stages of ship design. Based on previous studies 322 



(Taggart, 2003), a range of ±6.5% around the mean lightweight value is used in the 323 

“uncertainty setup”, where the uncertainty regions for the objective functions are identified. 324 

 325 

A custom macro responsible for the deadweight analysis is run in NAPA®, generating the 326 

necessary values for the determination of the loading case examined, based on the specified 327 

operational profile. Deadweight is calculated in such way to achieve an overall displacement 328 

matching the design draught, which is part of the design variables set. An allowance of ±10% 329 

of the design draught value marks the limit the optimisation algorithm takes into account to 330 

evaluate the validity of each design variant (more information is given below in Section 4, 331 

where the constraints of the optimisation round are outlined in Table 4). 332 

 333 

Taking into account the results of the deadweight analysis, a load case is defined, where both 334 

passengers and cars are loaded to the maximum level, provided that the intact stability criteria 335 

according to the IMO A.749/A.167 guidelines are not violated (IMO, 1993). 336 

 337 

The required freight rate (RFR) is calculated using custom NAPA® macros. This value 338 

indicates the minimum rate that evens the properly discounted ship’s expenses. In this study, 339 

the RFR represents the passenger ticket in economy class. Other instances (e.g. passenger 340 

ticket in cabin, car fare, truck fare, etc.) are related to the base RFR value by introducing 341 

ratios obtained from existing shipping companies’ pricing plans. The method used to estimate 342 

the RFR has derived from the SAFEDOR project (SAFEDOR, 2005-2009). There are several 343 

groups that are calculated in order to estimate the RFR, including the building and running 344 

costs, as well as the and on board, decommissioning, passenger and vehicle earnings. The 345 

building cost depends on the parameters related to the steel, outfit and machinery weight, 346 

while the running cost is related to the operational profile of the vessel. 347 



 348 

Several uncertain parameters are associated with the estimation of the RFR. On the one hand, 349 

the fuel cost and the mean ship speed in three distinct operational phases (normal weather 350 

conditions, adverse weather conditions and navigation in port), as well as the amount of time 351 

the ship operates in each of these phases affect the operation costs. On the other hand, the 352 

load factors for passengers and vehicles in three distinct phases (low, mid and high season) 353 

affect the on board, passenger and vehicle earnings. For the deterministic solution of the 354 

problem, obtained by running the “main setup”, mean values are used for the estimation of 355 

the RFR based on historical data, while for the “uncertainty setup”; random values are 356 

assigned based on the probability distribution of each parameter. Hence, different values for 357 

the RFR are obtained which constitute its uncertainty region. 358 

 359 

The methodology incorporates two recent developments in the international maritime 360 

regulations, which are going to affect future ship designs and particularly specific ships types 361 

such as Ro-Pax ships. 362 

 363 

One major driver is the requirement for the minimisation of their Green House Gas (GHG) 364 

emission footprint, which has been expressed by introduction of the Energy Efficiency Design 365 

Index (EEDI) (IMO, 2012a, IMO, 2012c, IMO, 2012b). The EEDI relates the GHG emissions 366 

of a ship to her transportation work and is in fact an indicator of a vessel’s energy efficiency. 367 

The requirement for new ships started with some baseline values in 2013, which will be 368 

lowered successively in three steps until 2025. Furthermore, IMO has published its plan for 369 

50% reduction of its GHG emissions by 2050 in line with the Paris Agreement (Comer et al., 370 

2018). The determination of EEDI is based on a rather complicated looking (but indeed 371 

simple) formula, while it is required that the calculated value is below a reference line set by 372 



the IMO regulation for the specific ship type and size. Using custom NAPA® macros, both 373 

the attained and the required values for the three implementation phases are computed. 374 

 375 

In a parallel development, new safety regulations are being introduced, as a new generation 376 

of intact stability criteria is currently being prepared by the International Maritime 377 

Organisation (IMO) (IMO, 2018). The introduction of ships with newly developed 378 

characteristic and operation modes has challenged the assumption that the current criteria are 379 

sufficient to prove their stability. Hence, the new criteria will be performance-based and will 380 

address five modes of stability failure; parametric roll, pure loss of stability, excessive 381 

acceleration, stability under dead ship condition and surf-riding/broaching. As far as Ro-Pax 382 

ships are concerned, parametric roll is considered one of the most important modes of 383 

stability failure (Peters et al., 2011). Pure loss of stability failure mode should also be 384 

investigated, as the considerable flare found in the aft and fore parts of a Ro-Pax hull results 385 

in significant changes in the waterplane area as the ship sails through waves. These changes 386 

may result in a large roll angle or even capsize (Peters et al., 2011). Likewise, excessive 387 

acceleration failure mode should be checked in Ro-Pax cases, due to high superstructures 388 

found in such kind of ships. Hence, the draft criteria of level 1 and 2 for excessive 389 

acceleration, pure loss of stability and parametric roll failure modes according to SDC 6/5 390 

(IMO, 2018) are included in this methodology. 391 

 392 

These checks are performed using custom made programmes (or “features”, as they are called 393 

in CAESES®), taking the hull geometry as input and the results of the computations 394 

described above as output. Level 1 checks are meant to be simple and conservative, in order 395 

to quickly detect any vulnerability to each of the three failure modes. Level 2 checks are 396 

more complex, thus less conservative, taking into account more design- and operation-related 397 



aspects in order to determine whether the ship is vulnerable to either of the examined failure 398 

modes. For each failure mode, several features are developed within CAESES®, connecting 399 

various external software to evaluate certain parameters required to perform these 400 

computations. Maxsurf® Stability (Bentley Systems, 2014) is run to produce the necessary 401 

metacentric height (GM) values for various wave conditions, while Matlab® (Mathworks, 402 

2014) is used to calculate the roll amplitude, where complex equations must be solved. 403 

 404 

3.4 Use of surrogate models 405 

 406 

Some of the calculations described above require substantial computational resources, which, 407 

if run for every design variant throughout the optimisation, render the whole process 408 

extremely time-consuming. For instance, the calculation of calm water resistance in model 409 

scale for one design using CFD on High Performance Computer (HPC) facilities (2 x Intel 410 

Xeon Gold 6138 20 core 2.0GHz CPU’s, 192GB RAM) take around 30 minutes, while the 411 

level 1 and 2 checks for the IMO SGIS criteria for one design require around 15 minutes on a 412 

standard desktop computer (Intel Core i7 4790 3.60GHz CPU, 8GB RAM). In addition, a 413 

large number of design samples are needed in order to quantify the uncertainty in the design 414 

process described above. For these reasons, surrogate models are employed. Designs of 415 

experiments (DoE) are undertaken for selected design variables using the Latin Hypercube 416 

Sampling (LHS) method (McKay et al., 1979). LHS is preferred over the standard Monte-417 

Carlo method, as the former is proven more efficient than the latter in exploring the design 418 

space, producing more reasonable results (Aistleitner et al., 2012). The results are used to 419 

create response surfaces, which are used in the formal optimisation to evaluate the produced 420 

design variants. In this case, three surrogate models are created; (a) for the IMO SGIS 421 

criteria, (b) for the CFD output and (c) for the uncertainty quantification. The evaluation of 422 



these response surfaces takes a few seconds and consequently the substantial savings in 423 

computational power become apparent. 424 

 425 

All the runs required for this purpose are performed within CAESES® in collaboration with 426 

Dakota® (Sandia, 2018) software. Taking advantage of Dakota® incremental sampling 427 

feature, the number of design variants in each DoE required to build the response surface is 428 

kept to a minimum. This is achieved due to the ability to run an initial sample set, check the 429 

quality of the produced response surface and, in case the performance of the latter is 430 

inadequate, perform further sampling on the same setup to get better estimates of the mean 431 

and variance values and to obtain a more comprehensive sample coverage. 432 

 433 

The response surfaces are built using the Kriging method (Cressie, 1990) and their accuracy 434 

is checked by comparing additional variants that are not contained in the training set with the 435 

corresponding results from direct simulations. 436 

 437 

3.5 Multi-objective optimisation 438 

 439 

The formal optimisation phase is run using a selected algorithm. CAESES® provides a 440 

selection of multi-objective optimisation algorithms, including the Non-dominated Sorting 441 

Genetic Algorithm II (NSGA-II), the Multi-Objective Simulated Annealing (MOSA) 442 

algorithm and the option to connect Dakota® to CAESES® and use it as external 443 

optimisation software. The design variables and their extents, as well as the objectives of the 444 

optimisation required to be minimised are selected and the inequality and equality 445 

constraints, which check the validity of the produced variants, are set. 446 

 447 



The results of a multi-objective optimisation define the Pareto front of the non-dominated 448 

designs. For those designs an uncertainty quantification phase takes place, where DoEs are 449 

run for each design variant. The surrogate model containing information for the uncertainty 450 

quantification is evaluated to provide results for the objective functions and identify their 451 

uncertainty region. The design variables used in this case are only those associated with 452 

uncertainty and their values derive from their probability distributions. The designer selects 453 

the amount of scenarios investigated for each design variant. After the completion of the 454 

simulation runs, the standard deviation for the examined objectives is calculated. The lowest 455 

standard deviation for the objectives is the most preferable condition, since this is translated 456 

to a “sturdier”, more robust design, which performance is not affected by the change of the 457 

uncertain parameters. Hence, the sum of the standard deviation for the optimisation 458 

objectives is calculated relatively to their mean value and is taken into account during the 459 

decision making phase. As the decision maker needs to select one design, Multi Attribute 460 

Decision Making (MADM) is applied. Case scenarios are defined by the decision maker, to 461 

determine the optimal of the top solutions to the problem. In each case scenario the 462 

significance of each objective is acknowledged differently by assigning specific “weights” 463 

following the utility functions technique of decision making theory (Sen and Yang, 1998). 464 

 465 

4 Case study 466 

 467 

The methodology described above is applied on a case study of a Ro-Pax ship, optimised in 468 

the concept design phase with regard to the minimisation of the total resistance, RFR and 469 

building cost. The base model is defined taking into account an existing vessel with similar 470 

characteristics, such as the main dimensions and internal compartmentation. The values our 471 

model produces (e.g. deadweight, lane metres, lightship, required main engine power) are 472 



checked and validated by comparing them with the existing ship data. The parametric hull for 473 

the base model is presented in figures 5 and 6, while the ship model constructed in NAPA® 474 

is illustrated in figure 7. The operational profile selected for the case study is presented in 475 

table 2. 476 

 477 

 478 

Figure 5. Parametric hull geometry in CAESES® (base model) 479 

 480 

 481 

Figure 6. Parametric hull geometry in CAESES® (base model, bodyplan view) 482 

 483 



 484 

Figure 7. Ship model in NAPA® (base model) 485 

 486 

Table 2. Operational profile 487 

Roundtrip route distance (nm) 366 

Operational time (years) 25 

Number of ports 2 

Average time at port (h) 1.5 

Average operational speed (Knots) 27 

 488 

For the formal optimisation phase, NSGA-II is utilised (Deb et al., 2002). In particular, 125 489 

generations are created, having a population size of 12, each. This results in a total of 1500 490 

produced design variants. The mutation and crossover probabilities are set to 0.1 and 0.9 491 

respectively. The design variables and their range are presented in table 3, while the design 492 

constraints are presented in table 4. Four objectives are selected to be minimised in this case 493 

study: 494 

 495 

 Total resistance 496 

 RFR 497 

 Structural building cost 498 

 Calm water resistance uncertainty estimation between the two examined methods (δRCW) 499 



 500 

Each of these objectives affects the design in a different way. For instance, minimisation of 501 

the resistance would push for slender, longer hull forms. Minimisation of the structural 502 

building cost would call for more compact designs in terms of length. The RFR is an 503 

objective which takes into account many parameters, such as the building cost, operational 504 

profile and financial parameters, such as the fuel price. 505 

 506 

In addition, each objective is associated with different aspects of ship design. For instance, 507 

total resistance is related to finance and environment, as it affects the required power which is 508 

associated with both the operational costs (fuel consumption) and the compliance with 509 

environmental regulations (EEDI). Minimisation of the structural building cost would be 510 

desirable by shipyards which are responsible for the steel construction. 511 

 512 

The objectives are selected in such way to get a more in-depth understanding of how each 513 

one influence the rest, as well as how the optimal set of design variables is ultimately 514 

selected. Nevertheless, the user can omit, add or substitute any of them according to the 515 

objectives of the case study. 516 

 517 

Table 3. Design variables 518 

Design variable Min. value Max. value 

Y-extent of bilge (m) 2 4 

Z-extent of bilge (m) 2 4 

Double bottom (m) 0.76 2.00 

Number of passenger decks 4 6 

Number of Ro-Ro decks 2 3 



Design draught (m) 5 9 

δCP -0.02 0.02 

δLCB -0.02 0.02 

Number of lanes 6 10 

Length between perpendiculars (m) 150 180 

 519 

Table 4. Constraints 520 

Design constraint Value 

IMO A.749/A.167 criteria = 1 (pass) 

Excessive acceleration criteria = 1 (pass) 

Parametric roll criteria = 1 (pass) 

Pure loss of stability criteria = 1 (pass) 

“Attained/Required” EEDI ratio ≤ 1 

|DraughtDesign − DraughtLoad Case| ≤ 10% 

 521 

Taking into account the definition of the RFR calculation model described in, steel weight is 522 

used as a measure to describe the building cost. Despite the increased outfitting weight 523 

observed in passenger vessels, compared to merchant ships, the steel weight accounts for 524 

roughly 50% of the total lightship weight. In this case study, the minimisation of the steel 525 

weight is interpreted as a way to reduce the building cost. 526 

 527 

The newly introduced regulations might affect the optimal ship design. For instance, slender 528 

hull forms might be preferred when one considers minimising the attained EEDI value, due to 529 

lower resistance values and consequently lower power requirements. However, such hull 530 

forms could potentially be unfeasible solutions to a problem where the IMO Second 531 



Generation Intact Stability (SGIS) criteria are taken into consideration, due to the 532 

vulnerability of slender bodies in intact stability. 533 

 534 

For the uncertainty quantification phase which follows the NSGA-II run, 50 scenarios are 535 

checked to calculate the uncertainty regions of the total resistance, the RFR and the steel 536 

weight. 537 

 538 

As far as the decision making phase is concerned, three case scenarios are defined (Table 5) 539 

and the utility function illustrated in equation 6 is calculated to identify the best designs. 540 

Before applying the weights w, each utility function value is normalised based on the best and 541 

worst performance of the design variants in each objective. 542 

 543 

U = wRTotal
u(RTotal) + wRFRu(RFR) + wWSteel

u(WSteel) + wδRCW
u(δRCW

) + wσRT,RFR,WSteel
u(σRT,RFR,WSteel

) (6) 544 

 545 

In scenario 1, the five objectives (the four main objectives and the sum of the standard 546 

deviation deriving from the uncertainty quantification phase) are considered equally 547 

important; hence, each one is assigned a weight at saturation of 20%. On the other hand, in 548 

scenario 2, the total resistance, the RFR and the steel weight are chosen to be more significant 549 

for the decision maker (designer, operator) by assigning to them a weight of 25% each, 550 

whereas the uncertainty indicators (δRCW and σRT,RFR,WSteel) are assigned a weight of 12.5% 551 

each. Similarly, in scenario 3, the uncertainty indicators are assigned a weight of 35% each, 552 

while each of the remaining takes up 10% of the total. After obtaining the results of the main 553 

optimisation run, the data are normalised according to the scenarios. Next, the normalised 554 

data are ranked to find the optimal variant of the model. The maximum score that can be 555 



achieved after this process for each design in each case scenario is 1, whereas the lowest is 0. 556 

In all cases, a specific variant dominates in every scenario. 557 

 558 

Table 5. Case scenarios – weight at saturation 559 

Objective Scenario 1 Scenario 2 Scenario 3 

Total resistance 20% 25% 10% 

RFR 20% 25% 10% 

Steel weight 20% 25% 10% 

δRCW 20% 12.5% 35% 

σRT,RFR,WSteel 20% 12.5% 35% 

 560 

5 Discussion of results 561 

 562 

Before proceeding to the optimisation results, some essential information about the base 563 

model is presented in order to have a clear perspective of the initial hull (Tables 6, 7). 564 

 565 

Table 6. Base model design variable values 566 

Design variable Base model 

Y-extent of bilge (m) 3 

Z-extent of bilge (m) 3 

Double bottom (m) 1.5 

Number of passenger decks 5 

Number of Ro-Ro decks 2 

Design draught (m) 7.1 



δCP 0 

δLCB 0 

Number of lanes 8 

Length between perpendiculars (m) 162.85 

 567 

Table 7. Base model objective values 568 

Objective Base model 

Total resistance (KN) 1999 

RFR ($) 41.86 

Steel weight (t) 6346 

δRCW (KN) 351 

σRT,RFR,WSteel 0.417 

 569 

5.1 Surrogate models evaluation 570 

 571 

The setup of the DoEs run to generate the required response surfaces is presented in table 8. 572 

Two rounds of DoEs are run in order to exploit the incremental feature and save on 573 

computational time. 574 

 575 

Table 8. Design of experiments 576 

Purpose Designs (Round 1) Designs (Round 2) 

IMO SGIS criteria 150 150 

CFD output 150 150 

Uncertainty quantification 500 500 

 577 



The typical deviations for each response surface are presented in table 9. For illustration 578 

purposes, the accuracy of response surfaces for the CFD output and one objective examined 579 

in the uncertainty quantification phase are presented in figures 8 and 9 by comparing some 580 

designs within the analysed design space. 581 

 582 

Table 9. Response surface accuracy 583 

Purpose Typical deviation 

IMO SGIS criteria 0.92% 

CFD output 0.49% 

Uncertainty quantification 0.71% 

 584 

 585 

Figure 8. Accuracy of the response surface for the CFD output 586 
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 588 

Figure 9. Accuracy of the response surface for the uncertainty quantification 589 

 590 

5.2 Multi-objective optimisation 591 

 592 

Following the NSGA-II run and the evaluation of the results, the designs located on the 593 

Pareto front were identified and the uncertainty setup was run. The relative standard deviation 594 

for the examined objectives was calculated and the designs were ranked during the decision 595 

making phase. Three designs were identified as the best, named Des0903, Des1417 and 596 

Des1419. All three of them lie on the Pareto fronts illustrated in figures 10 and 13. Des1417 597 

ranked first in the first two scenarios, while Des0903 was first in scenario 3 ranking, which is 598 

uncertainty-oriented. On the other hand, Des1419 seems to be an all-around solution as it 599 

ranked second in all three scenarios (Table 10). Nevertheless, in the three examined 600 

scenarios, the top ranked designs are the same, which illustrates the strength of the identified 601 

Pareto front. 602 

 603 

Table 10. Scenarios rankings 604 

Scenario 1 Scenario 2 Scenario 3 

0
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Des1417 0.7918 Des1417 0.7760 Des0903 0.8927 

Des1419 0.7907 Des1419 0.7549 Des1419 0.8622 

Des0903 0.7861 Des0399 0.7334 Des1417 0.8235 

Des0399 0.7587 Des0903 0.7328 Des0860 0.8189 

Des0860 0.7568 Des0706 0.7314 Des0399 0.8091 

Des0706 0.7545 Des1084 0.7261 Des1084 0.8073 

Des1084 0.7531 Des0860 0.7258 Des0706 0.8007 

Des0505 0.7454 Des0505 0.7246 Des0565 0.7920 

Des0839 0.7384 Des0839 0.7221 Des0505 0.7870 

Des0565 0.7369 Des0422 0.7177 Des0839 0.7710 

 605 

A set of graphs containing the relation between the optimisation objectives is presented 606 

below. The Pareto front is demonstrated by a solid black line in each case. 607 

 608 

As far as the relation between the total resistance and the RFR is concerned, two groups of 609 

design variants can be identified, the main one ranging between 30 and 60 $/passenger and a 610 

smaller one in the range of 90 – 110 $/passenger. This is can be explained by the value of the 611 

total lane metres in each design variant, as the designs characterised by higher RFR values 612 

are primarily those which feature 6 or 7 lanes, while the designs with 8 or more lanes 613 

achieved lower RFR values. The optimisation algorithm pushed the design space to the 614 

region of 1600 – 2000 KN, as far as the total resistance is concerned, with most of the designs 615 

achieving such numbers for the total resistance. All three identified improved designs 616 

perform much better with regard to the resistance, while Des1419 and Des0903 achieved a 617 

value of less than 40 $/passenger for the RFR. A slight rise in the RFR can be observed as the 618 

total resistance increases (Figure 10). 619 



 620 

Similar observations can be made in the comparison between the RFR and the steel weight. 621 

Des1417 achieved the lowest value for the steel weight, while Des0930 and Des1419 have 622 

very similar responses with regard to both objectives (Figure 11). As far as the steel weight 623 

and the total resistance is concerned, Des1417 seems to be the best performer as the lowest 624 

values for both objectives among the identified improved designs were achieved (Figure 12). 625 

Finally, in figure 13, all three identified improved variants achieved low values for the δRCW, 626 

compared to the base model. 627 

 628 

It is worth mentioning that in all four graphs the steepness of the Pareto front is considerably 629 

high, which indicates the fast improvement of the designs with regard to one objective, 630 

without any significant loss in the other one. This is more evident in figures 10 and 13. 631 

 632 

 633 

Figure 10. Total resistance vs. RFR 634 
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 636 

Figure 11. RFR vs. Steel weight 637 

 638 

 639 

Figure 12. Steel weight vs. Total resistance 640 
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 642 

Figure 13. δRCW vs. RFR 643 

 644 

As far as the uncertainty levels related to the optimisation process, the results are presented in 645 

figure 14. The relative standard deviation for the examined objectives is shown for the Pareto 646 

designs and all three identified improved variants achieved among the best values for that 647 

additional objective. In fact, Des0903 was the best performer, i.e. the most robust design of 648 

the case study. 649 

 650 

 651 

Figure 14. Relative standard deviation 652 
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 653 

The design variable values and the objective responses of the three improved designs can be 654 

found in tables 11 and 12. The values can be compared with the base model information 655 

given in tables 6 and 7. 656 

 657 

Table 11. Improved designs design variable values 658 

Design variable Des0903 Des1417 Des1419 

Y-extent of bilge (m) 2.914 3.846 3.745 

Z-extent of bilge (m) 3.460 3.971 2.796 

Double bottom (m) 1.295 1.436 0.775 

Number of passenger decks 5 4 5 

Number of Ro-Ro decks 2 2 2 

Design draught (m) 5.256 5.005 5.005 

δCP -0.01667 -0.01403 -0.01497 

δLCB -0.01468 0.00364 -0.01199 

Number of lanes 8 8 8 

Length between perpendiculars (m) 163.424 164.404 160.826 

Lane metres (m) 1813 1745 1731 

 659 

Table 12. Improved designs objective values 660 

Objective Des0903 Des1417 Des1419 

Total resistance (KN) 1697 1632 1648 

RFR ($) 37.58 41.88 37.55 

Steel weight (t) 6138 5716 6070 



δRCW (KN) 4 48 19 

σRT,RFR,WSteel 0.400 0.436 0.417 

 661 

Some general observations can be made regarding the differences between the base model 662 

and the improved designs. Firstly, the number of passenger and Ro-Ro decks seems to be 663 

constant among these designs. The same applies to the number of lanes, since all of the three 664 

identified improved variants feature 8. Des903 and Des1419 feature the lowest RFR values of 665 

the three identified best designs, while their steel weight is higher than the one of Des1417. 666 

On the other hand, the former designs feature an extra passenger deck, which can be 667 

translated to a greater passenger capacity, explaining the lower RFR value. 668 

 669 

By analysing the results, it becomes clear that the selection of an optimal design is a 670 

complicated process. On the one hand, Des1417 is considered the best option when the total 671 

resistance, RFR and steel weight are declared the most significant objectives (scenario 2). 672 

However, if uncertainty is introduced to the decision making process, Des0903 ranks in the 673 

first place (scenario 3). This is a typical outcome in robust design optimisation, where the 674 

optimal design might not be the most robust. Des0903 achieved the highest consistency in its 675 

performance with regard to the examined objectives, irrelevant of the changes in the 676 

uncertain parameters, compared to the rest of the designs. On the other hand, Des1417 ranked 677 

first in a scenario where uncertainty is not taken seriously into account. 678 

 679 

The improved designs are compared with the base model below in figures 15, 16 and 17, 680 

showing the differences in the hull lines. 681 

 682 



 683 

Figure 15. Base model vs. Des0903 684 

 685 

 686 

Figure 16. Base model vs. Des1417 687 

 688 



 689 

Figure 17. Base model vs. Des1419 690 

 691 

6 Summary 692 

 693 

A method for a multi-objective robust early stage ship design optimisation under uncertainty 694 

has been presented. The method captures the effect of the uncertain parameters of the 695 

problem by examining several scenarios, during which the uncertain parameters are assigned 696 

random values according to given probability distributions and the response of the ship model 697 

is analysed. The uncertainty is measured by calculating the standard deviation of the 698 

generated values for the objectives of the optimisation problem and is included as an 699 

additional objective in the decision making process. In addition, the prediction of the calm 700 

water resistance is examined using two methods of varying fidelity levels and the difference 701 

between the results is monitored to achieve greater coherence. 702 

 703 

The flexibility of the methodology setup should be mentioned, thanks to the connectivity 704 

capabilities of CAESES®. While NAPA® is utilised to obtain some results within the 705 



process, the required output to evaluate the objective functions can be obtained by similar 706 

software platforms (e.g. Maxsurf®). In addition, the objective functions of the methodology 707 

are not limited to the ones described in this paper. For instance, the definition of a complete 708 

ship model included in the presented methodology allows the addition of damage stability in 709 

the list of the objective functions (Paterson et al., 2018a, Paterson et al., 2018b). 710 

 711 

In order to save on computational time, two measures are taken. Firstly, the uncertainty 712 

quantification takes place only for the designs located on the Pareto front, since the 713 

uncertainty regions for the objectives is expected to be relatively confined to render the 714 

capture of uncertainty possible. Secondly, surrogate models are utilised for several 715 

computations, for which the level of accuracy is checked before the formal optimisation 716 

phase begins to ensure the reliability of the produced values is satisfactory. 717 

 718 

The method is applied on a case study where a Ro-Pax vessel is optimised with regard to the 719 

total resistance, RFR and building cost (in terms of minimisation of the steel weight). The 720 

results of the study demonstrate the dilemma decision makers are confronted with in a robust 721 

optimisation problem. Two best designs are identified, one performing better with regard to 722 

the three aforementioned objectives, and one showing higher levels of robustness. The former 723 

might be the obvious solution when uncertainty is not taken into account, however, the latter 724 

can be a safer choice for the decision maker as the smaller deviations from the average 725 

performance indicates a more robust design that is not affected by the change of the uncertain 726 

parameters of the problem. 727 

 728 

Overall, the study indicates that uncertainty has a significant impact on ship design. When 729 

considered during an optimisation study, uncertainty affects the results and complicates the 730 



decision related to the selection of the optimal design. The paper highlights the need to 731 

incorporate uncertainty in the solution of the ship design optimisation problem and proposes 732 

a method to accomplish that while preventing the significant increase of the computational 733 

time. 734 
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